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With the continued global warming, quantifying the risks of human and social-economic exposure to extremely high temperatures is very essential. The simulated extreme high-temperature days (EHTDs) with a maximum temperature higher than 35°C (38°C, 40°C) in Southern China during 1980–1999 and 2080–2099 are analyzed using the NEX-GDDP dataset. By comparing the climatology of the two scenario periods, the multi-model ensemble mean patterns show that EHTDs will greatly increase at the end of the 21st century, and its center at 35°C is projected to shift to Guangxi from Jiangxi. Model diversities are fairly small, and the spread increases with T-level rises. EOF analysis shows that the 100-years warming will impact the southern part greater than the northern part. Trend patterns exhibit comparable results to models, but with a relatively large spread. The population and economy exposure to extremely high temperatures are calculated, showing that they both will experience a large increase in future projected decades. In historical decades, the growth of population and Gross Domestic Product have dominated the increasing exposure risks, but these effects weaken with the T-level increases. In future decades, climate change plays a leading role in affecting the exposure, and its effect strengthens with the T-level increases. For historical to future changes, the dominant contributor to population exposure changes is the climate factor (74%), while substantially 90% contribution to economy exposure changes is dominated by the combined effects of climate and economy growth.
Keywords: extreme heat, CMIP5 scenarios, southern China, NEX-GDDP, exposure risks
1 INTRODUCTION
Global climate change is already being associated with increases in the incidence of severe and extreme weather, heavy flooding, and wildfires—phenomena that threaten homes, dams, transportation networks, and other facets of human infrastructure, and it has been a social, economical, and environmental matter of great concern across the world. A sustained warming climate has been shown to exacerbate and trigger certain climate extremes (Easterling et al., 2000), such as heat waves with greater intensity, longer-lasting time, and/or higher frequency (Karl and Trenberth, 2003; Meehl and Tebaldi, 2004), and such extreme events have been known to produce notable impacts on human mortality, regional economies, and ecosystems (Meehl and Tebaldi, 2004). In addition, the societal infrastructure is becoming more sensitive to weather and climate extremes, which would be exacerbated by climate change (Easterling et al., 2000). Developing countries with limited abilities to adapt to these changes are likely to suffer more from the economic impacts of climate change, as well as being the least able to adapt to new climatic conditions, and are expected to suffer disproportionately.
Temperatures are increasing on a global scale revealed by multisource observational data and scenarios simulated data (Sillmann et al., 2013; Blumberg, 2014; Zuo et al., 2015; Zhao and Zhou, 2019; Xu et al., 2020), but at the regional level, the story gets complicated. Owing to different responses to internal variability and anthropogenic influence, climate extreme changes have distinct regional characteristics (Zhao and Zhou, 2019). It is known that extremely hot summers have been increasingly reported in China, and far-reaching social-economic impacts have been caused by such events (Sun et al., 2014). There have been studies on extreme temperature across China using observational data (Ding et al., 2010; Ye et al., 2013; Yin et al., 2014; Pi et al., 2020), and simulated data under both historical and future scenarios (Yang et al., 2014; Dong et al., 2015; Yang et al., 2015; Huang et al., 2016; Wang et al., 2016; Li et al., 2019). In future projections, East Asia manifests severer warming than the global mean under the 1.5°C/2°C warming level (Hu et al., 2017; Lin et al., 2018; Zhao and Zhou, 2019). The fraction of land area with extremely hot summers in China is believed to increase much greater than for the global land surface as a whole (Leng et al., 2016). Chou et al. (2019) found that during 2000–2015, the increasing trend in droughts has shifted gradually from north to south, and the increasing trend in extreme precipitation has shifted gradually from south to north.
Two major downscaling methods, dynamical and statistical, have been developed since the pioneering work of Giorgi (1990). For the regional study, the dynamical downscaling approach, using limited-area regional climate models (RCMs) nested to GCMs, provides a physical-based approximation on finer scales (Bao and Wen, 2017). Zhu et al. (2020) conducted dynamic downscaling to produce a regional dataset that incorporated the period 1986–2100 for central Asia and found it significantly improves the simulation for the mean and extreme climate over central Asia. Statistical downscaling method, on the other hand, plays an important role in performing longer (up to more than 100 years) downscaling work for much larger domains (Bao and Wen, 2017), which is used in the production of NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset that is used in this study.
The Southern China Region mainly comprised of five provinces of Guangdong (GD), Guangxi (GX), Fujian (FJ), Jiangxi (JX), Hunan (HN), and two special administrative regions of Hongkong and Macao, has witnessed rapid economic development and rapid expansion of urban land, which has led to huge urban areas that population and economy highly gather around. The five provinces and two special administrative regions hold more than 300 million people right now. Provinces in Southern China are generally wetter with warmer temperatures than northern regions. Winter is very short, which runs from January to March, but typically very cold with relatively higher humidity. The rainy season lasts from April through September, when temperatures and humidity peak. Along the southeastern coast, in Fujian and Guangdong, the typhoon season lasts from July through September, causing huge losses due to its impacts such as floods, mudflows, and landslides.
The recently published development plan of the Guangdong-Hong Kong-Macao Greater Bay Area (GDHKMC Bay Area) refers to the Chinese government’s scheme to link the cities of Hong Kong, Macau, and nine cities in Guangdong province into an integrated economic and business hub. The Greater Bay Area, taken as a whole, forms the world’s largest mega-city at 66 million people, and 2.0 trillion dollars Gross Domestic Product (GDP, data source: CGTN). In the background of accelerating the building of the Belt and Road, Southern China will be one of the extremely important core regions.
For thermal health hazards, to determine thermal stress, several factors, including air temperature, wind velocity, water vapor pressure, short- and long-wave radiant fluxes, physiological strain, behavior, and the autonomous human thermoregulatory system, need to be considered (Pappenberger et al., 2015). There are more than 100 indices used to assess thermal health hazards. A universal thermal climate index (UTCI) provided by ERA5-HEAT dataset (Napoli et al., 2020) which describes how the human body experiences atmospheric conditions, specifically air temperature, humidity, ventilation, and radiation, is introduced to present the past and current human thermal stress and discomfort in outdoor conditions (See detail in Supplementary Figure 1).
Under a warmer climate system, how will climate change affect the risks of social-economic exposure to extreme high-temperature, especially in the world’s largest mega-city of the Greater Bay Area where population and business gather around? This is a topic that matters a lot. Therefore, it is necessary to understand how much risk of such extreme events that human and social-ecosystem will suffer in the foreseeable future, and try to figure out what people can do to reduce the risk. Based on this, the objective of this work is to quantify projected changes of extremely high temperature from the last 20 years in the 20th century to the last 20 years in the 21st century within Southern China, using the historical scenario and the high-emissions “RCP8.5” global warming scenario simulated daily maximum temperature by climate models. The climatological changes and trend changes are analyzed, and model diversities are also validated. The population and economy exposures are calculated, and possible causes of related changes are discussed.
2 DATA AND METHODS
The study focuses on Southern China Region that is defined as an area of 106°–122°E and 20°–30°N. Two comparable periods of historical 1980–1999 and RCP8.5 warming scenario 2080–2099 are specially analyzed. There is no universal definition of an extreme high-temperature day (EHTD), which varies in different studies. In this work, we use a simple thresholding method and adopt three temperature levels (T-levels) of daily maximum temperature above 35°, 38°, and 40°C. The annual EHTDs at these three levels during the historical period of 1980–1999 and RCP8.5 scenario (Riahi et al., 2011) period of 2080–2099 are calculated using the daily maximum temperature data.
We used two main datasets: 1) The daily maximum temperature data from the NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset; 2) The spatial explicit socioeconomic data including population density and GDP data (with a spatial resolution of [image: image], and temporal resolution of 10 years) are obtained from the International Institute for Applied System Analysis (IIASA) GGI Scenario Database Version 2.0.
The NEX-GDDP dataset comprises downscaled climate scenarios for the globe that are derived from the General Circulation Model (GCM) runs conducted under the Coupled Model Intercomparison Project phase 5 (CMIP5) and across two of the four greenhouse gas emissions scenarios known as Representative Concentration Pathways (RCPs). The bias-correction spatial disaggregation (BCSD) method (Wood et al., 2004; Thrasher et al., 2012) was used to generate this dataset on the basis of 21 CMIP5 model simulations (Thrasher et al., 2013), with a global spatial resolution of [image: image] (approximately 25 km in the mid-latitudes), covering the periods 1950–2005 (historical run) and 2006–2100 (RCP4.5 and RCP8.5 runs). NEX-GDDP significantly reduces the biases in the climatology of daily minimum and maximum temperatures in terms of the spatial distribution and extremes across China (Bao and Wen, 2017). As a new-generation statistically downscaled climate dataset, NEX-GDDP offers considerable improvements over CMIP5 GCM hindcasts and projections at regional-to-local scales, with an unchanged global long-term increment (Bao and Wen, 2017).
The GGI (Greenhouse Gas Initiative) scenario database documents the results of a set of greenhouse gas emission scenarios that were created using the IIASA Integrated Assessment Modeling Framework and previously documented in a special issue of the Technological Forecasting and Social Change, including three “baseline” scenarios of different socioeconomic and technological developments, A2r, B1, and B2. The A2r scenario in IIASA-GGI represents a major numerical revision that reflects the most recent long-term demographic outlook with a corresponding lowering of future world population growth.
The population density and GDP data used in this work are based on the A2r scenario. Meanwhile, many scenario assumptions and outcomes of the RCP8.5 including demographic and economic trends or assumptions about technological change are based upon or derived directly from the A2r scenario (Riahi et al., 2007, 2011). That is why we chose RCP8.5 projections in the NEX-GDDP dataset in this work. They can well match with each other when we consider the future population and economy exposure to extremely high temperatures.
The population and economy exposure to extremely high temperatures are defined as the product of decadal mean EHTDs times the population density and GDP data. As is known, a matrix for a specified time of such datasets including population density and GDP data can reflect the mean state of the variable in the previous decade (10 years). So the decades of 1980–1989 (referred as 1980s), 1990–1999 (1990s), 2080–2089 (2080s), and 2090–2099 (2090s) are calculated respectively. Take the 1980s as an example, the population exposure to extremely high temperature equals the product of the population density in 1990 times 1980–1989 mean EHTDs, with a unit of people[image: image]day per [image: image]. The population exposure to extremely high temperature can be defined as E, and the population density as p, the EHTDs as T, then it can be calculated using the following equation [image: image]. The change of E can be written as [image: image]. So for the total change of exposure [image: image], there are three contributor items: the climate change factor [image: image], the population change factor [image: image], and the combined effect of these two factors [image: image]. The contribution rates of these items are defined as [image: image], [image: image], and [image: image] respectively.
To quantitatively evaluate the models’ diversities in representing the period mean state, the Taylor diagram (Taylor, 2001), which can provide a visual framework for comparing model simulation results to Multi-model ensemble (MME) mean, is used. In addition, the Inter-model EOF analysis method (Li and Xie, 2012; Cao et al., 2015) is introduced to capture the major patterns of model diversities in representing the 100-years changes of EHTDs at three T-levels. All trends throughout the article are calculated using the linear ordinary least-square method.
3 RESULTS
3.1 Climatological Change of EHTDs and Model Diversities
The multiannual mean EHTDs at T-35°C, T-38°C, and T-40°C levels averaged over the historical period of 1980–1999, and the RCP8.5 scenario period 2080–2099 within Southern China, based on Multi-model ensemble (MME) mean of all 21 models in NEX-GDDP dataset, are presented in Figure 1.
[image: Figure 1]FIGURE 1 | All 21 models (in NEX-GDDP dataset) MME mean EHTDs at different T-levels averaged over historical period of 1980–1999, and RCP8.5 period of 2080–2099, within Southern China Region. To gain better visibility, the patterns in the figures are the results of dividing a factor shown on the bottom into the real variable data.
For the historical scenario period 1980–1999 (a1, b1, and c1), it is evident that the EHTDs at each level mainly occur in Jiangxi province, where the T-35°C EHTDs cover more than half a month per year, about 2 days in one year reach the T-38°C level, and days above 40°C hardly exist. By contrast, for the RCP8.5 scenario period of 2080–2099 (a2, b2, and c2), there is a great increase of EHTDs at all three levels, indicating the direct effect of global warming at a scenario of comparatively high greenhouse gas emissions. Based on this high emission scenario, people in Southern China will on average suffer about 2–4 months above 35°C per year, about 1 month above 38°C per year, and half a month above 40°C per year, in the last 20 years of the 21st century. What is noteworthy is that the T-35°C EHTDs max value center is projected to shift to the Pan-Beibu Gulf region, covering the land area of Guangxi province, Leizhou Peninsula. Meanwhile, the T-38°C and the T-40°C EHTDs max value centers still locate in Jiangxi province, although the max value center in Guangxi province also can be significant in some way.
Model diversity in reproducing a climate state has been always a noteworthy problem. To quantify these diversities, Taylor Diagrams are introduced in Figure 2 to show the model biases apart from MME mean (marked as REF on the x-axis) in simulating the EHTDs at different levels averaged over the historical period of 1980–1999, and RCP8.5 period of 2080–2099, within Southern China Region. In these two diagrams, the angular distance from the x-axis denotes the pattern-correlation coefficient between each model output and MME mean. That is, the distance between each simulation and MME mean quantifies the degree of coincidence of EHTDs simulated by the models against the MME mean. The centered root-mean square error (RMSE) between the model-simulated and MME mean patterns are proportional to the distance to the point on the x-axis identified as “REF.” Models simulating patterns of climatology (period mean) that agree well with the MME mean will lie nearest the “REF” point.
[image: Figure 2]FIGURE 2 | Taylor diagram showing model biases apart from MME mean (marked as REF) in simulating the EHTDs at different levels averaged over historical period of 1980–1999, and RCP8.5 period of 2080–2099.
For the historical 1980–1999 period mean (illustrated in Figure 2), patterns of T-35°C EHTDs simulated by 21 models (marked as blue circles) show relatively small diversities from the MME mean, with very high pattern-correlation coefficients ranging from 0.9869 (ACCESS1-0) to 0.9974 (BNU-ESM), and standard deviations ratios ranging from 0.7250 (GFDL-CM3) to 1.2776 (MPI-ESM-MR). When the temperature level rises to T-38°C, the model diversities become more significant, showing pattern-correlation coefficients ranging from 0.8114 (MIROC-ESM) to 0.9864 (CSIRO-Mk3-6-0), and standard deviations ratios ranging from 0.3769 (MIROC-ESM) to 1.5809 (GFDL-ESM2G). Furthermore, at T-40°C EHTDs, the pattern-correlation coefficients range from 0.3771 (MIROC-ESM) to 0.9541 (GFDL-ESM2G), and standard deviation ratios range from 0.1401 (MIROC-ESM) to 2.5430 (GFDL-ESM2G).
Then it comes to RCP8.5 scenario 2080–2099 period mean (illustrated in Figure 2), which shows that almost all models projected EHTDs patterns at all three T-levels highly correlate to the MME mean pattern, with pattern-correlation coefficients above 0.80 at T-35°C level, the pattern-correlation coefficients range from 0.8950 (inmcm4) to 0.9958 (BNU-ESM), and standard deviations ratios range from 0.4737 (inmcm4) to 1.3491 (MIROC-ESM), indicating that most models show pretty good agreement with the MME mean pattern. Then at T-38°C level, the model diversities are enlarged, with pattern-correlation coefficients ranging from 0.8518 (MIROC5) to 0.9799 (CCSM4), and standard deviation ratios ranging from 0.1393 (inmcm4) to 2.0309 (MIROC-ESM). Finally at T-40°C level, the pattern-correlation coefficients range from 0.8650 (MRI-CGCM3) to 0.9835 (NorESM1-M), and standard deviation ratios range from 0.0794 (inmcm4) to 2.8961 (MIROC-ESM).
Thus, Figure 2 mainly presents model diversities in simulating the climatological mean EHTDs during the historical period 1980–1999 and RCP8.5 scenario period 2080–2099, based on the MME mean pattern. We can conclude that in both periods for most models, the model diversities apart from MME mean are fairly small (with relatively high pattern-correlation coefficients and standard deviations ratios closing to 1.0), and with the T-level of EHTDs rises from 35°C to 38°C, and to 40°C, the diversities of these models are enlarged. To further quantify the climatological 100-years changes (2080–2099 mean minus 1980–1999 mean) at three T-levels, an inter-model EOF analysis method is introduced, as is shown in Figure 3 and Figure 4. Traditional EOF analysis (or PCA) is performed using the raw climatological mean EHTDs changes data calculated from model outputs, and each data is a three-dimensional matrix, in which the x-axis denotes longitude, the y-axis denotes latitude, and the third dimension denotes not time but “Model number.” All EOF patterns and PCs are normalized through multiplying or dividing by the square root of eigenvalues.
[image: Figure 3]FIGURE 3 | The spatial patterns of the first EOF mode at three different T-levels by performing Inter-model EOF analysis on a 100-years change of the EHTDs between historical 1980–1999 period and RCP8.5 2080–2099 period. To gain better visibility, the patterns in the figures are the results of dividing a factor shown on the bottom into the real variable data.
[image: Figure 4]FIGURE 4 | The PCs of the first EOF mode at three different T-levels corresponding to Figure 3.
Figure 3 shows the spatial patterns of the first mode captured by inter-model EOF analysis for three T-level EHTDs of 35°, 38°, and 40°C, with the explained variance ratios of 98.3, 95.1, and 94.7%, respectively. Generally speaking, all models show regional warming patterns as a common feature. At T-35°C level, the first principal component (illustrated in Figure 3A) represents a south–north pattern, indicating that the 100-years warming will impact the southern part (about 25°N southward) greater than the northern part, especially in northern Guangdong, entire Guangxi, and Pan-Beibu Gulf region including the Leizhou Peninsula, southern Guangxi, which means that people in these regions will suffer 100 and more days above 35°C at the end of the current century. At T-38°C level, the first principal components (illustrated in Figure 3B) represent a warming pattern with generally two centers of Jiangxi and Guangxi provinces, where people will experience 50 more days above 38°C at the end of the current century. While for T-40°C level (illustrated in Figure 3C), the pattern indicates that Jiangxi province will keep hold of the leading position of extreme high-temperature days occurring, and 20 more days of temperature above 40°C will appear in places such as Jiangxi, Hunan provinces, causing serious harm to human health.
The corresponding PCs of EOF patterns shown in Figure 3 are presented in Figure 4, in which the bar charts are used for 21 models at three T-levels. As we used the raw climatological mean EHTDs changes data calculated from model outputs to perform inter-model EOF analysis, the PCs are unsurprisingly positive for all models. As to the three EOF patterns in Figure 3, the significance of the corresponding mode can be quantified through the amplitude of PCs. There are two points that should be noticed in this figure: 1) For most models (15 of 21, BNU-ESM, CanESM2, CCSM4, CESM1-BGC, CNRM-CM5, GFDL-CM3, GFDL-ESM2G, GFDL-ESM2M, inmcm4, IPSL-CM5A-LR, MIROC5, MPI-ESM-LR, MPI-ESM-MR, MRI-CGCM3, and NorESM1-M) the amplitude decreases with the T-level rises, while there are 5 models (ACCESS1-0, CSIRO-Mk3-6-0, IPSL-CM5A-MR, MIROC-ESM, and MIROC-ESM-CHEM) showing the opposite trend, and the rest 1 model (bcc-csm1-1) has no such trend; 2) There is no remarkable difference between the sequences of models based on the amplitudes of PC#1 at three T-levels, which means that the amplitude differences between T-levels for a particular model are generally smaller than the differences between models at a particular T-level.
3.2 Historical and Future Projected Trends of the EHTDs
Trends are very important in climate research and are ubiquitous in the climate system, even in a fully coupled model. To improve climate prediction and diagnosis using models, linear trend analysis is performed on the EHTDs at three T-levels in Southern China Region during the historical scenario period 1980–1999 and RCP8.5 scenario period 2080–2099, which is the last 20 years of the 20th century and the 21st century respectively. The local linear trends calculated from the MME mean EHTDs data are shown in Figure 5, and the regional mean linear trends of each model simulation are listed in Supplementary Table 1.
[image: Figure 5]FIGURE 5 | Local linear trends of MME mean EHTDs at three T-levels during historical period of 1980–1999, and RCP8.5 period of 2080–2099. To gain better visibility, the patterns in the figures are the results of dividing a factor shown on the bottom into the real variable data.
For historical scenario period 1980–1999 shown in Figure 5 a1, b1, and c1, similar features are captured, showing that the EHTDs increasing mainly occurs in Jiangxi province, with trends of about 1.0 (0.5, 0.1) days per decade at T-levels of 35°C (38°C, 40°C), compared with the regional mean results of 0.37 (0.07, 0.01) days per decade. When the time comes to the last 20 years of the 21st century under the RCP8.5 scenario, however, the trend patterns (illustrated in Figure 5 a2, b2, and c2) are projected to change a lot. One typical feature is the significant increase of EHTDs in Guangxi and Guangdong provinces, especially in the Pan-Beibu Gulf region, and the disappearance of the warming center featured by the historical scenario in Jiangxi province, although there can be seen that the T-40°C level pattern shows a multicenter structure. The projected increase of EHTDs in these warming centers is about 18.0 (10.0, 4.0) days per decade, compared with the regional mean results of 9.46 (5.09, 2.05) days per decade, at T-levels of 35°C (38°C, 40°C).
Supplementary Table 1 and Taylor Diagrams of local trend patterns (not shown) simulated by 21 models can tell us that the diversities are quite large with either positive or negative values, especially for the historical scenario period 1980–1999 in which regional mean trends range from −1.09 (MIROC5) to 2.84 (MPI-ESM-MR) at T−35°C level, from −0.12 (MIROC5) to 0.48 (IPSL-CM5A-MR) at T-38°C level, and from −0.01 (CNRM-CM5) to 0.09 (IPSL-CM5A-MR) at T-40°C level. For the RCP8.5 scenario period 2080–2099, by comparison, the regional mean trends feature overall positive at three T-levels except for a few models such as GFDL-ESM2M, MIROC at T-35°C level, GFDL-ESM2M at T-38°C level, and CNRM-CM5, GFDL-ESM2M, and GFDL-ESM2G at T-40°C level.
By the combined consideration Figure 5 and Supplementary Table 1, we can conclude that the EHTDs increase mainly in Jiangxi province during 1980–1999, while at the end of the 21st century, models projected that the warming center will shift to Guangxi and western Guangdong, where people will suffer more hot days with max temperatures above 35°C in a year, indicating huge risks of human health and economic activity in these regions.
3.3 Population and Economy Exposure to Extremely High Temperature
The above analysis on the projected changes of extreme high-temperature days within Southern China is designed to quantify the future risk of demography and economics with the global climate warming caused by increasing concentrations of greenhouse gases produced due to human activity such as fossil fuel burning and deforestation. Historical and projected population density and GDP (measured at Market Exchange Rates), based on the A2r scenario data from the IIASA GGI Scenario Database Version 2.0, provide data every 10 years from 1990 through 2100.
Supplementary Figures 2 and 3 show the patterns and changes of population density and GDP between 1990 and 2000 and 100-years later 2090 and 2100. In 1990 and 2000 (Supplementary Figure 2a1 and a2), the population density in Southern China mainly ranges from 200 to 500 people (regional mean 270 in 1990, and 300 in 2000) per square kilometer, except that in Pearl River Delta, Chongqing, Changsha, western Taiwan with more than 500 people per square kilometer, and except some areas in Guangxi, Jiangxi Provinces with less than 200 people per square kilometer. By comparison, 100 years later, in 2090 and 2100 (Supplementary Figure 2b1 and b2), the Matthew Effect in population migration boosted by rapid urbanization is undoubtedly revealed, which is more evident by combining the patterns of 100-years changes (2090 minus 1990, and 2100 minus 2000) as illustrated in Supplementary Figure 2c1 and c2. Despite the overall growth of population (regional mean 361 people per square km in 2090, and 377 people per square km in 2100), these figures clearly show that more people will migrate from Fujian, Jiangxi, Guangxi provinces to Guangdong and Hunan provinces, at the end of the 21st century. Similar features can be captured in GDP patterns and changes in Supplementary Figure 3. The Southern China Region has been experiencing a dramatic increase in GDP, in which the regional mean GDP changes from 2.70 thousand US$1990 per hectare (ha, or [image: image] [image: image]) in 1990 and 4.32 in 2000, to 68.97 in 2090 and 75.26 in 2100, indicating an increase of about 20 times. In general, the GDP in this region keeps a sustained growth with the social-economic development, while at the same time, the most rapid GDP growth mainly occurs in areas that hold a bigger population, especially in big cities and coastal areas.
To study heat hazards concerning human health and economic activities, the exposure risks changes from the reference period to a projected period are of great importance. Furthermore, what factors cause such changes should be quantitatively analyzed. Thus, the population exposure and economy exposure to extremely high temperatures for three temperature levels are calculated and analyzed. Figures 6–8 separately present the population and economy exposure to extremely high temperature larger than 35°C (38°C, 40°C) for historical decades of the 1980s, 1990s, and projected exposures under RCP8.5 climate scenario and A2r population scenario for future decades of the 2080s and 2090s. Through comparative analysis of the population and GDP exposure to extremely high temperatures during these four decades, both exposure risks have experienced a large increase. Regional mean results show that population exposure changes from 1.14 thousand people[image: image]day per [image: image] in the 1980s to 1.40 in the 1990s, 24.16 in the 2080s, and 29.54 in the 2090s. Meanwhile, the GDP exposure changes from 3.70 thousand US$1990[image: image]days per ha in the 1980s to 10.55 in the 1990s, 4,375.78 in the 2080s, and 5,561.08 in the 2090s.
[image: Figure 6]FIGURE 6 | Population and economy exposure to temperature larger than 35°C for historical decades of the 1980s, the 1990s, and projected exposures under RCP8.5 climate scenario and A2r population scenario for future decades of the 2080s and the 2090s. The colorbar for population exposure has a unit of thousand people[image: image]day per [image: image], while for economy exposure the unit is thousand US$1990[image: image]days per ha. To gain better visibility, the patterns in the figures are the results of dividing a factor shown on the bottom into the real variable data.
[image: Figure 7]FIGURE 7 | Same as Figure 6, but for exposure to temperature larger than 38°C.
[image: Figure 8]FIGURE 8 | Same as Figure 6, but for exposure to temperature larger than 40°C.
3.4 Possible Driving Processes of Exposure Changes
According to the definition of the population and economy exposure to extremely high temperatures, the projected changes of exposure risks can be caused by different factors. Not only the climate factors (i.e., EHTDs), but also the population size, population migration, and economy fluctuations will impact these changes, as well as the combined effect by two or more factors. How do these effects contribute to the total exposure changes? This section will present some results.
For regional mean, the perturbation method is used to analyze the relative contribution of each factor. The results are shown in Table 1 and Table 2, which show analysis of factors affecting changes in population and economy exposure to extremely high temperature in Southern China.
TABLE 1 | Analysis of factors affecting changes in population exposure to extremely high temperature in Southern China.
[image: Table 1]TABLE 2 | Analysis of factors affecting changes in economy exposure to extremely high temperature in Southern China.
[image: Table 2]First, in Table 1, considering the extreme temperature larger than 35°C, during historical decades, population exposure changes from the 1980s to the 1990s are mainly caused by the population growth (accounting for 52%), followed by the EHTDs increase (43%). During projected decades, from the 2080s to the 2090s, the EHTDs increase explains 78% of the population exposure changes. For the 100-years changes, from the 1980s to the 2080s (and from the 1990s to the 2090s), the population growth has slowed down, and the population exposure changes are both dominated by the climate change factor, accounting for 74 and 79% contribution. When considering the T-38°C and T-40°C levels population exposure, similar conclusions can be summarized, except for the historical decadal change from the 1980s to the 1990s, in which the climate change factor accounts for 73 and 81 percent of the exposure changes, much larger than other factors.
The relative contribution of relevant factors resulting in the changes of economy exposure to extremely high temperature can also be analyzed following the same line, as is shown in Table 2. For T-35°C level, historical decadal change from the 1980s to the 1990s is mainly resulted from the economy growth (80%), followed by the climate factor (12%) and the combined effect (7%), while the projected decadal change from the 2080s to the 2090s is mainly controlled by climate factor (62%), followed by the economy factor (32%) and the combined effect (6%). The 100 years change of exposure from the 1980s to the 2080s and from the 1990s to the 2090s are both dominated by the combined effect of climate and economic factors (91 and 89%). When considering the T-38°C and T-40°C levels economy exposure, the relative contributions of climate and economy factors have changed for decadal change in both historical and projected periods. For higher T-level, in historical decades from the 1980s to the 1990s, the effect of climate factor increases (12%, to 34%, to 44% for T-35°, 38°, and 40°C respectively) while the effect of economy factor decreases (80%, to 46%, to 30%), and in future projected decades, the effect of climate factor increases (62%, to 76%, to 79%) while the effect of economy factor decreases (32%, to 17%, to 14%). There is no distinct effect of T-levels on the percentage (substantially higher than 90%) of the total exposure change for 100 years change.
4 SUMMARY AND DISCUSSION
4.1 Summary
To quantify the future risks of human and economic exposure to extremely high temperature within Southern China, the yearly extreme high-temperature days (EHTDs) during historical scenario period 1980–1999 and RCP8.5 scenario period 2080–2099 calculated from daily maximum temperature data obtained from the NEX-GDDP dataset including 21 CMIP5 models outputs are analyzed from two aspects of climatological changes and trend changes. Taylor Diagrams and inter-model EOF analysis methods are used to quantify the model diversities in simulating historical and projected climatological mean states. The corresponding population and GDP densities of A2r scenario data from the IIASA GGI Scenario Database Version 2.0 are also used to calculate the population and economy exposure to extremely high temperatures, and the possible physical processes are discussed according to the results of factor analysis.
For climatological mean state, by comparing the historical period and RCP8.5 scenario period, the multi-model ensemble mean patterns show that EHTDs will experience a large increase at the end of the 21st century, and the T-35°C EHTDs center is projected to shift to Pan-Beibu Gulf region from Jiangxi province, but not for the T-38°C and T-40°C centers. Taylor diagrams presenting model diversities in simulating the climatological mean EHTDs show that model diversities apart from MME mean are fairly small, and the diversities increase with the T-level of EHTDs rises. Inter-Model EOF analysis shows that principal mode of EHTDs change at T-35°C level represents a south-north pattern, indicating that the 100-years warming will impact the southern part (about 25° N southward) greater than the northern part, while for T-38°C level, the first principal mode represents a warming pattern with generally two max value centers of Jiangxi and Guangxi provinces, and for T-40°C level, the pattern indicates that Jiangxi will still be the core region where extreme high-temperature day arises. For trend changes, the EHTDs increase mainly in Jiangxi province during historical decades, while models projected that the warming center will shift to Guangxi and western Guangdong, where people will suffer more extremely hot days, indicating large risks of human health and economic activity in these regions.
Using population and GDP densities of A2r scenario data, the population and economy exposure to extremely high temperatures are calculated. Results show that both these two exposure risks have experienced a large increase in the future projected decades. In historical decades, the growth of population and GDP have dominated the increasing exposure risks, but these effects weaken with the T-level increases. However, in future decades, climate change plays a leading role in affecting the exposure, and its effect strengthens with the T-level increases. It is worth noting that, for the exposure change from historical decades to future decades, the dominant contributor to population exposure changes is the climate factor (74%), followed by the combined contribution (25%), while substantially higher than 90% contribution to economy exposure changes is provided by the combined effects of climate and economy growth.
4.2 Discussion
This study provides a quantitative evaluation of future projected population and economy exposure risks to extremely high temperatures in Southern China under a scenario of comparatively high greenhouse gas emissions. In the foreseeable future, with rapid urbanization and economic growth, Southern China will attract more people and businesses, and maintain sustained and fast economic growth and social development. So this study can help the public to better understand the future risks, and help policymakers to take actions in advance to reduce the possible risks, and prompt people to pay more attention to risk management.
Similar analysis can be performed using the globally downscaled climate dataset in other regions with different meteorological and social-economic situations. Meanwhile, there are some limitations in the current work. First, the heat hazard for human health is preferably quantified in humidity-related temperature indices (Kovats and Hajat, 2008), such as wet-bulb temperature (Sherwood and Huber, 2010) or heat index (Anderson et al., 2013). In the study region of this work, humidity diversities are significant, especially along the coastal regions. How the humidity diversities influence the temperature level relating to human and economic exposure needs to be studied in detail using other datasets. Second, the up-to-date model outputs of CMIP6 models have been released, so what figure the new dataset will show to us needs to be studied, and the consistencies and discrepancies in CMIP5 and CMIP6 results also need to be addressed.
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The capability to reproduce tropical cyclones (TCs) realistically is important for climate models. A recent study proposed a method for quantitative evaluation of climate model simulations of TC track characteristics in a specific basin, which can be used to rank multiple climate models based on their performance. As an extension of this method, we propose a more comprehensive method here to evaluate the capability of climate models in simulating multi-faceted characteristics of global TCs. Compared with the original method, the new method considers the capability of climate models in simulating not only TC tracks but also TC intensity and frequency. Moreover, the new method is applicable to the global domain. In this study, we apply this method to evaluate the performance of eight climate models that participated in phase 5 of the Coupled Model Intercomparison Project. It is found that, for the overall performance of global TC simulations, the CSIRO Mk3.6.0 model performs the best, followed by GFDL CM3, MPI-ESM-LR, and MRI-CGCM3 models. Moreover, the capability of each of these models in simulating global TCs differs substantially over different ocean basins.
Keywords: tropical cyclone track, intensity and frequency, climate model performance, quantitative evaluation algorithm, CMIP5
INTRODUCTION
Tropical cyclones (TCs) are among the most devastating natural disasters on Earth (e.g., Tonkin et al., 1997; Henderson-Sellers et al., 1998; Pielke et al., 2008; Peduzzi et al., 2012; Rappaport, 2014). In recent years, numerical models have become an important tool for investigating TC activities. With improvements in numerical models such as increased resolution, optimized dynamic framework, and parameterization schemes, great achievements have been made in studying TC activities. Nevertheless, the performance of global climate models for simulating multiple features of TCs (such as TC genesis location, intensity, and track) remains unsatisfactory (Emanuel et al., 2008; LaRow et al., 2008; Caron et al., 2010; Zhao and Held, 2010; Manganello et al., 2012; Tory et al., 2020; Zhang et al., 2021). In addition, because of the feedback effect of TC activities on atmospheric circulation, the simulated atmospheric circulation results will also be affected if models have poor ability to simulate TC activities (Chen et al., 2019). Therefore, it is very important to evaluate the ability of climate models on simulating TC activities. Due to the lack of metrics for quantitatively evaluating the performance of global climate models for TC simulation, it is hard to compare different global climate models and comprehensively evaluate their improvements.
Currently, the following methods are used to evaluate the performance of numerical models in simulating multiple features of TC activities. One is the statistical analysis method, for comparing spatial distributions of TC occurrence frequency. Differences or correlation coefficients between model simulations and observations are commonly calculated using this method (Zhou, 2012; Zhou and Xu, 2017). The second method is to use the correlation coefficient, root mean square error, or Taylor diagrams (Taylor, 2001) to quantize the difference of the large-scale environmental fields related to TC genesis (e.g., 500-hPa geopotential height and the genesis potential index) between simulations and observations (Song et al., 2015). The third is to classify TC tracks and compare the differences of TC track category between simulations and observations. The results are then used to determine model performance in simulating TC occurrence frequency and TC track (Strazzo et al., 2013; Shaevitz et al., 2014; Kossin et al., 2016).
To a certain extent, the abovementioned methods can be used to evaluate model performance in terms of TC simulations. However, these methods all have some weaknesses. First, most methods only account for one or two features of TCs. For example, only TC occurrence frequency or TC track classification is considered by some methods. Second, no quantitative metrics have been proposed to evaluate model performance in simulating TCs, and evaluation of model performance is limited to qualitative analysis. To address these issues mentioned above, Shen et al. (2018) proposed an index to quantitatively evaluate the performance of climate models in simulating density and geographical properties of the TC track. However, their method needs to be improved in several aspects because: (1) it only considers model performance in simulating the TC track and does not examine other aspects of TC characteristics (e.g., intensity); and (2) it only evaluates model performance in a single ocean and cannot provide a picture for global TC simulations. The objective of the present study is to supplement these aspects to expand the objective method proposed by Shen et al. (2018); then we can better evaluate the skill of climate models regarding TC simulation. The new method proposed in this study will be used to evaluate model performance of global TC simulations. It not only accounts for TC track density and track pattern as in Shen et al. (2018) but also considers TC intensity, monthly variation of TC frequency and differences in model capability between different oceans.
Data used in the present study and the evaluation method are introduced in Data and Method. Results are discussed in Results, followed by a summary in Conclusion.
DATA AND METHOD
Data
The data used in the present study include the TC best-track dataset provided by the International Best Track Archive for Climate Stewardship (IBTrACS) (Knapp et al., 2010) and the TC tracks simulated by eight global climate models of phase 5 of the Coupled Model Intercomparison Project (CMIP5) (Taylor, 2001). The observational dataset of the IBTrACS v03r10 for the period 1980–2005 is used to provide information on TC genesis time, latitude, longitude, and wind speed at the TC center at 6-h interval. The CMIP5 simulations are from CanESM2 (resolution: 2.8°×2.9°), CSIRO Mk3.6.0 (1.9°×1.9°), GFDL CM3 (2.5°×2.0°), GFDL-ESM2M (2.5°×2.0°), HadGEM2 (1.9°×1.2°), MIROC5 (1.4°×1.4°), MPI-ESM-LR (1.9°×1.9°), and MRI-CGCM3 (1.1°×1.2°), which have a relatively large number of simulated TCs among multiple CMIP5 climate models. Using the tracking algorithm proposed by Camargo and Zebiak (2002), which is based on TC characteristics, the simulated TC tracks are derived from the large-scale environmental fields in the CMIP5 historical experiments. For these climate model results, different thresholds are used for different model resolutions. Details and specific information about the eight models and the simulated TC track data can be found in Camargo (2013). The global TCs mentioned in the present study include TCs over six areas with the largest number of TC genesis, that is, the West Pacific Ocean (WP), the East Pacific Ocean (EP), the South Pacific Ocean (SP), the North Atlantic Ocean (NA), the North Indian Ocean (NI), and the South Indian Ocean (SI). These oceans are divided based on the official standard of the IBTrACS Basin Map. Slightly different to that used in IBTrACS, the region around Australia is not treated as a single area for TC genesis in this study. Instead, it is divided into SI and SP with the boundary located along 140°E (Figure 1A).
[image: Figure 1]FIGURE 1 | Distributions of logarithmic TC track density weighted by destructive potential based on (A) IBTrACS and (B–I) eight CMIP5 model simulations. The red line in (A) represents the division of areas.
Method
The method used is an extension of the method proposed by Shen et al. (2018). It includes the following three indexes: the index of TC track density weighted by TC destructive potential (WTD), the index of geographical properties of the TC track (GPT), and the index of monthly variation of TC frequency proportion (MVF). Detailed calculation of GPT can be found in Results of Shen et al. (2018). This index is used to evaluate the model simulation of geographical properties of the TC track. Note that the algorithm for calculating WTD in this study is the same as the basic algorithm for calculating the TC track density simulation index (DSI) in Shen et al. (2018), except that the weighting of TC destructive potential is considered when calculating the TC track density (see Eqs 1, 2).
Evaluation Index for TC Track Density Weighted by Destructive Potential
The selected areas are first divided into R×L grid boxes with horizontal resolution of 2°×2°, where R represents the number of grids along the meridional direction and L represents the number of grid along the latitudinal direction. TC records at 6-h interval are taken as independent samples. For any specific grid box, the number of TC track density is increased by one every time a TC center appears in the grid box. Based on this method, a large amount of TC records can form a map of TC track density, and the annual-mean TC track density can then be obtained. Different from the annual-mean TC track density used in Shen et al. (2018), the TC track density weighted by destructive potential is used in the present study to evaluate model performance. As suggested by Emanuel (2005), TC destructive potential can be estimated by integrating the cube of maximum wind speed over its lifetime (i.e., the power dissipation index; PDI). For each TC record, when the TC center is located in a grid box, the TC track density weighted by destructive potential (i.e., PDI-weighted TC track density) in the grid box is increased by the cube of the maximum wind speed rather than by 1. Finally, the weighted TC track density is calculated.
Unlike Shen et al. (2018) that used the DSI, we use the destructive potential as the weighting factor to calculate the weighted TC track density index (i.e., WTD). Our method considers not only the model capability for simulating TC duration and frequency, but also the model performance for TC intensity simulation; and the latter is more important for evaluating the model simulation of TC damage.
The algorithm for calculating the WTD simulated by a model in a grid box can be expressed by:
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where g denotes the gth grid in the area of concern, o represents the observation, s indicates the simulation, and Ds,g represents simulation of the PDI-weighted TC track density in the grid box. The weighted TC track density can be calculated by:
[image: image]
where x is o (observation) or s (simulation), i denotes the ith recording time of a TC, j indicates the jth TC, n represents the total number of times a TC occurs in a grid box, c is the total number of TCs that occur in the grid box, and Vi,j represents 10-m wind speed at the TC center. Note that the WTD has a larger magnitude due to the consideration of the destructive potential in its calculation; thus, the logarithm of WTD is used for comparison between observations and simulations. The sum of WTD in all grid boxes within a specific area divided by the number of valid grid boxes in the area yields the final WTD value for the area. The valid grid box mentioned here is defined as a grid box in which there exists at least one observed or simulated TC exposure. The detailed definition of valid grid boxes can be found in PDI-Weighted TC Track Density of Shen et al. (2018). For a specific area, the value of WTD is between 0 and 1, and the larger the value of WTD, the closer the model simulation is to the observation. In addition, it should be noted that the absolute values of the WTD scores are meaningless. The simulation performance of a model is judged by the relative values of the skill scores obtained from multiple climate models, but not the absolute values.
Evaluation Index for Geographical Properties of the TC Track
We use a mass moment of five variables, that is, the latitude and longitude of TC centroid and the variances of TC centroid along the zonal, meridional, and diagonal directions, to describe geographical properties of a TC (Camargo et al., 2007; Nakamura et al., 2009; Shen et al., 2018). The k-means clustering method is implemented to classify the observed TC tracks. Note that the slight difference between the present study and Shen et al. (2018) is that the number of clusters in each individual area is not empirically determined but based on an objective metric derived from the silhouette value. This is because many researchers attempted to classify TC tracks in the two areas of the WP and NA, but not in the other areas (e.g., NI, SI, SP, and EP). In this study, the silhouette coefficient (Peter, 1987) is used to determine the number of TC track clusters in each area (Camargo et al., 2007). The silhouette coefficient combines the cohesion and separation of the cluster to evaluate the effect of clustering. The calculation is as follows:
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For the sample point corresponding to the jth TC, the average value of the distance between this point and all other points in the same cluster A is calculated and denoted as aj, which is used to quantify the degree of cohesion in a cluster. Another cluster B outside point j is then selected, and the average distance between j and all points in B is calculated. This procedure is repeated for all clusters, and the nearest average distance denoted by bj can then be identified. The cluster corresponding to bj is the neighbor class of j, which can be used to quantify the degree of separation between clusters. The silhouette coefficient of all sample points can be calculated, and the average value is the overall silhouette coefficient of the current cluster, which measures the coherence of clustering. The silhouette value Sj is between −1 and 1. The larger the value, the better the clustering effect, that is, the distinction between different classes is obvious; and the negative value indicates the points that may be classified incorrectly. The optimal classification number requires that for a large average value of Sj, the number of negative Sj value should be small. Previous studies used it to determine the number of TC track clusters, and reliable classification results were obtained (Camargo et al., 2007).
After the number of TC track clusters is determined by the silhouette coefficient, the k-means clustering method is used to classify TC tracks in each area, and the GPT algorithm proposed by Shen et al. (2018), Eq. 2) can then be used to evaluate model performance on the simulation of the TC track based on TC track classification.
Evaluation Index of Monthly Variation of TC Frequency Proportion
In addition to the WTD and GPT, the MVF is also an important index to evaluate the model performance on TC simulation. Based on the algorithm for root mean square error (RMSE) calculation, the MVF can be expressed by:
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where m indicates the month, Fs,m represents the proportion of simulated TCs in the month m to the total number of simulated TCs in the entire year, and Fo,m is the ratio of observed TCs in the month m to the total number of observed TCs throughout the year.
Note that it is the TC frequency proportion rather than the TC frequency itself that is used in Eq. 4. This is because the model performance of TC frequency has already been considered in the TC-weighted track density (i.e., WTD), and the evaluation of the number of simulated TCs should be removed from the MVF to avoid redundant evaluation of the same TC feature. In this case, all three indexes (i.e., WTD, GPT, and MVF) independently assess different aspects of TC characteristics.
Comprehensive Evaluation Index
In order to simultaneously consider the simulated TC-weighted track density, geographical properties of TC track, and monthly variation of TC frequency proportion, the comprehensive evaluation index (CEI) for the performance of climate model on the simulation of multiple characteristics of TCs in a specific area is calculated as follows:
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The subscript z represents one specific area. The PDI in each area or across the globe can be derived from the observational data (the sum of PDI values of all TCs in an area or across the globe). Then, the proportion of the PDI in each area to the global value can be obtained. Taking the ratio of PDI in each area as the weight of the CEIz for performance evaluation in each area, the CEI on multiple regions can be acquired.
Overview of Calculation Procedure
The calculation of the new evaluation index includes the following steps.
1. Calculate spatial distribution of TC-weighted track density in each area based on observations and model simulations.
2. Use Eq. 1 to calculate WTD for the weighted track density simulation of climate models in each selected area.
3. The classification number of observed TC tracks in multiple areas can be determined by Eq. 3 according to their own characteristics. The k-means clustering method is then applied to divide them into different classes, and the proportions of various classes of observed TC track in a certain area to the total number of TCs in that area can then be obtained.
4. According to TC track clusters derived from observations, TC tracks simulated by climate models are also classified to the same track classes, and the proportion of each class of TCs to total simulated TCs is calculated.
5. Use Eq. 2 in Shen et al. (2018) to calculate the GPT of climate models used over multiple areas.
6. Calculate monthly TC genesis frequency in each area from observations and simulations and obtain their proportions to the total number of TCs in the entire year.
7. Use Eq. 4 to calculate the MVF for climate models in different areas.
8. Use Eq. 5 to calculate the CEIz of climate models in each area.
9. Calculate the PDI of TCs in each area from observations; obtain the ratio of PDI in each area to the global PDI; multiply the CEIz of the climate model in each area by the PDI ratio in that area to obtain the global CEI for each climate model.
10. Sort the magnitude of CEI, and identify the model that can best simulate multiple features of TC activities.
RESULTS
PDI-Weighted TC Track Density
Figure 1 shows distributions of TC track density weighted by destructive potential in logarithmic scale in 2°×2° grid boxes over various areas. For observed TCs, the weighted track density is the largest in the WP and EP close to the land (i.e., the eastern coast of Eurasia and the western coast of North America) and the second largest in Western Australia and western NA, while the values are relatively small in the SP and NI. Compared to the other latitudes, the TC-weighted track density is the largest near 15 N/S. This is because TCs tend to reach their maximum intensity near 15 N/S during their life cycles. There are large differences in the spatial distribution of PDI-weighted TC track density between simulations and observations (Figure 1). This indicates that besides the significant underestimation of TC intensity, these climate models exhibit relatively low skills in reproducing the observed spatial distribution characteristics.
In the WP region, the CSIRO Mk3.6.0 model performs the best, and the GFDL CM3 is the second best. The CanESM2 and MIROC5 yield the worst results in this study. The WTD evaluation scores listed in Table 1 also show that among these models, the CSIRO Mk3.6.0 model has the highest score of 0.623, followed by the GFDL CM3 and HadGEM2 with 0.531 and 0.510, respectively, and the CandESM2 and MIROC5 have the lowest scores of 0.347 and 0.33, respectively. In the NA area, the eight CMIP5 models all yield poor results, and none of the simulations is close to the observations. Even worse, several models can hardly simulate any TC (such as the CanESM2, CSIRO Mk3.6.0, and HadESM2). Relatively speaking, the results of GFDL CM3 and MPI-ESM-LR are slightly better. Correspondingly, the scores of these two models are also the highest at 0.379 and 0.392, respectively, while the scores of the aforementioned three models that can hardly simulate any TC have relatively low scores of 0.142, 0.174, and 0.177, respectively. In the EP area, although the numbers of TCs simulated by the GFDL CM3 and MRI-CGCM3 are relatively large, there are many fictitious TCs in the western part of the EP. Compared with TC underestimation, the fictitious TCs in this area severely lower the score. As a result, the scores of these two models are not the highest (0.540 and 0.545, respectively). In the EP area, the MIROC5 and MPI-ESM-LR have the highest scores of 0.580 and 0.582 respectively, followed by the GFDL_ESM2M of 0.555. In the SP area, the CSIRO Mk3.6.0 model performs the best with the highest score of 0.667, and the GFDL_ESM2M is the worst at 0.497. In the NI area, the MPI-ESM-LR has the highest score of 0.522, and the GFDL_ESM2M has the lowest score of 0.323. In the SI area, the MRI-CGCM3 has the highest score of 0.693, closely followed by the HadESM2 (0.683); and the MIROC5 has the lowest score of 0.503.
TABLE 1 | Index of TC track density weighted by TC destructive potential for eight CMIP5 climate models in different areas and globe (WTD).
[image: Table 1]The distributions of TC-weighted track density simulated by individual models and their corresponding WTD scores indicate that the WTD score can effectively reflect the performance of these models in terms of TC track density and intensity. Results show that there exist large differences between different models for TC simulation in different areas. For example, the CSIRO Mk3.6.0 model can better simulate TCs in the WP, whereas it does the worst in the NA. It is worth noting that the algorithm for WTD calculation involves the identification of effective grid boxes, and the number of effective grids boxes are related to observations and simulations of the selected models in each area. Therefore, the scoring method in this study determines the performance of an individual model based on the WTD magnitude of its simulation relative to that of the other models in the same area. Thus, it makes no sense to compare absolute values of WTD between simulations in different areas. The proportions of PDI in individual regions to global total PDI (Figure 2) determined from observations are used as weighting factors of WTD scores in various areas to obtain the overall performance score for each model in each area (Table 1). In term of WTD scores, the MPI-ESM-LR demonstrates the best comprehensive performance (0.512), followed by the GFDL CM3, CSIRO Mk3.6.0, and MRI-CGCM3 (0.508, 0.507, 0.504). The CanESM2 performs the worst (0.410).
[image: Figure 2]FIGURE 2 | Changes in mean silhouette values for observed TCs in different areas (A,C,E,G,I, and K), and the number of negative silhouette values (B,D,F,H, and J) with the cluster number of TC track.
Simulation on Geographical Properties of TC Track
The average silhouette coefficients of characteristic TC track vectors in each area under different cluster numbers and the curves of the number of samples with silhouette coefficient less than 0 can be calculated using Eq. 3. Results are shown in Figure 2. According to the principle that the optimal cluster number corresponds to large average silhouette coefficient and to the smallest number of samples with silhouette coefficient less than 0, the optimal classification numbers of TC tracks in each area are obtained, which are 2 in the WP, EP, SP, SI, and NI, and 3 in the NA. Consistent with the setting in Shen et al. (2018), the weights of the three elements associated with the variance in different directions (i.e., zonal, meridional, and diagonal directions) and the other two elements associated with the centroid (i.e., latitude and longitude of the TC centroid) are set to 1/9 and 1/3 to weaken the effects of TC track pattern, length, and direction represented by the variances. Based on the number of clusters determined above, the k-means clustering method is applied to classify the observed TCs, and the initial center point of k-means cluster is randomly selected. The TC track classification in each area is obtained after repeated clustering. According to the latitude and longitude of multiple TC tracks of different track clusters, the average tracks for different classes of TC tracks in each area are obtained and displayed in Figure 3.
[image: Figure 3]FIGURE 3 | Distributions of mean tracks for various TC track clusters in different regions based on IBTrACS best-track data. The deep red line indicates the divisions of individual areas, and the color curves indicate the average tracks of TCs of different track clusters. The number in brackets indicates the PDI value in a specific area (units: 1013 m3 s−2) and its ratio to global total PDI.
The divisions of regions according to the IBTrACS standard are marked by lines in deep red color (Figure 3). Different color curves represent the average TC tracks of different clusters. In using the k-means clustering method, classification is based on internal similarity of the samples. Figure 3 shows that in each area, the observed TC track clusters obtained based on TC genesis position and track characteristics (e.g., length, pattern, and direction) demonstrate obvious differences. In the evaluation of model performance on the simulation of TC track classification, we compare the proportions of various TC track clusters simulated by the model with that of observations. According to the cluster centers of various TC track classes in different areas obtained from the observations, we calculate the Euclidean distances between multiple TC track vectors simulated by the eight models and individual cluster centers. The TC tracks are classified according to the shortest distance principle. Based on the classification results of TC tracks simulated by each model in different areas, the proportion of the number of TCs of various classes in an area simulated by the models to the total number of TCs in the area can be obtained. Using Eq. 2 in Shen et al. (2018), the GPT scores of each model in different areas and over the globe are calculated (Table 2). The closer the GPT value is to one, the closer the classification ratio of each track class simulated by this model is to the observations. In addition, the score has nothing to do with the number of simulated TCs, since it is solely determined by the TC track classification ratio.
TABLE 2 | Index of geographical properties of TC track for eight CMIP5 models in different areas and globe (GPT).
[image: Table 2]Table 2 shows clearly that in the WP, except for the MIROC5 and MPI-ESM-LR that have obvious lower scores for TC track classification, the scores of all the other models are very close. In other words, for the two clusters of TC tracks in the WP, although the numbers of TCs simulated by these models are significantly lower than the observation, most models can simulate the observed TC track classification ratio. In the EP, the GPT score of the MIROC5 model is the highest of 0.985, followed by the MRI-CGCM3 of 0.964. In the NA, the best model for the simulation of TC track classes is the GFDL_ESM2M (GPT of 0.964). Although the CanESM2 and CSIRO Mk3.6.0 models only simulate very few numbers of TCs in the NA, their performances are better than the MRI-CGCM3, which is the worst (GPT of 0.876). In the SP, the MIROC5 model is the best (GPT of 0.993), followed by the MPI-ESM-LR and MRI_CGCM43 models. In the SI, the HadGEM2 model yields the best simulation (0.994), followed by the CanESM2 model (0.988). In the NI, the CSIRO Mk3.6.0 model has the highest score of 0.991, followed by the MIROC5 model (0.987), and the CanESM2 model performs the worst (0.845). The GPT scores weighted by PDI in individual areas show that for the eight climate models, the CanESM2 model gives the best overall simulation of the TC track classification around the globe (0.961), and the MPI-ESM-LR model is the worst (0.911; Table 2).
Monthly Variation in the Proportion of TC Frequency
Figure 4 displays monthly variation of the ratio of TC frequency in each month to annual-mean TC frequency averaged over 1980–2005 for both observations and model simulations. The black curve in each panel represents observation, and color curves are model simulation results. Generally, these models have simulated the basic trend of monthly variation in TC frequency proportion in the six ocean areas. For example, in the Northern Hemisphere, TCs occur more frequently around August, except for the NI, where the two TC frequency peaks occur in May and October, respectively. In the Southern Hemisphere, TCs occur more frequently around January. Nevertheless, there are still differences between model simulations and observations. Compared with the other areas, the simulations in the WP, SP, and SI are better. All the models fail to simulate the peak values in July and August in the EP; and the simulated peaks occur in September and October instead. The differences between simulations and observations are more significant in the NA and NI than in the other areas.
[image: Figure 4]FIGURE 4 | Variation in the proportion of monthly mean TC frequency to annual-mean TC frequency averaged over the period 1980–2015 in the six areas from observations and model simulations. The abscissa is month, and the ordinate is TC frequency proportion. The black curve represents observations, and the other curves represent the results of the eight CMIP5 models.
To quantitatively compare the model performance on simulating monthly variation of TC frequency proportion, we calculate the score for TC monthly frequency proportion. Table 3 shows that the scores in the WP, SP, and SI overall are higher than those in the other areas. This result is consistent with that shown in Figure 4. In the WP, the MVF is the highest for the CSIRO Mk3.6.0 model (0.971), and the second highest is the GFDL CM3 (0.963). In the EP, MVF values are similar for the MRI-CGCM3, MPI-ESM-LR, MIROC5, and GFDL_ESM2M, all showing relatively good simulations. In the SP, the CanESM2 has the highest MVF (0.979). In the NA, the MPI-ESM-LR (0.944) and GFDL_ESM2M (0.941) have relatively high values. In the NI, the CSIRO Mk3.6.0 model (0.944) and GFDL CM3 (0.943) have the highest MVF. In the SI, the GFDL CM3 has the highest MVF (0.988). Comparison of individual models shows that the CanESM2 performs the best in the SP and the second best in the NI. The CSIRO Mk3.6.0 model and GFDL CM3 both perform well in the SI and WP, while the GFDL_ESM2M and HadGEM2 perform well in the SP and SI. The MPI-ESM-LR performs the best in the SP, and the second best in the WP. The MRI-CGCM3 performs well in the SI. In summary, from the perspective of simulating monthly variation of TC frequency proportion, these models perform better in the SP and SI than in the other areas in the Southern Hemisphere; in the Northern Hemisphere, the simulations are the best in the WP. Considering the comprehensive results over all regions across the globe, the overall score is the best (0.932) for the CSIRO Mk3.6.0, followed by the GFDL CM3, GFDL_ESM2M, and MPI-ESM-LR, whose MVF scores are all of 0.930. The overall performance of the HadGEM2 (0.917) and MRI-CGCM3 (0.914) are relatively poor. Overall, there is no large difference in MVF among the various models.
TABLE 3 | Index of monthly variation of TC frequency proportion for eight CMIP5 models in different areas and globe (MVF).
[image: Table 3]Comprehensive Index
Values of the CEI obtained using Eq. 4 are listed in Table 4. Comprehensively considering the simulation of each model in terms of TC-weighted track density, TC track classification, and monthly variation in TC frequency proportion, it can be seen that in the WP the CSIRO Mk3.6.0 simulation is the best (0.597), the GFDL CM3 and HadGEM2 perform the second best (0.499 and 0.478, respectively), and the MIROC5 is the worst (0.287). In the NA, the simulations of the MPI-ESM-LR and GFDL CM3 are relatively good with the values of 0.349 and 0.315, respectively, and the other models are not ideal (all lower than 0.240). In the EP, the MIROC5 performs the best (0.532), followed by the MPI-ESM-LR and MRI-CGCM3 (0.484 and 0.492, respectively), which have similar scores. The HadGEM2 simulation is poor (0.389). In the SP, the CSIRO Mk3.6.0 and MIROC5 models demonstrate almost the same capability in terms of comprehensive simulation of TC-weighted track density, TC track classification, and monthly frequency proportion (both 0.611). Following the CSIRO Mk3.6.0 and MIROC5 models, the MPI-ESM-LR also shows relatively good capability (0.605). In the NI, the MIROC5 performs relatively well (0.438), followed by the MPI-ESM-LR and MRI-CGCM3 (0.427 and 0.425, respectively). In the SI, the HadGEM2 shows the best capability (0.658), while the MRI-CGCM3 and CSIRO Mk3.6.0 models are the second best (0.622 and 0.615, respectively). The global CEI score of each model is obtained using the PDI-weighted average of CEI scores in each area. As shown in Table 4, there are relatively small differences in global CEI scores (<0.1) despite the relatively large CEI differences in some areas (e.g., >0.3 in the WP) among the eight models. The four models with top CEI scores are the CSIRO Mk3.6.0 model, GFDL CM3, MPI-ESM-LR, and MRI-CGCM3 (0.443, 0.437, 0.434, and 0.433, respectively). The performances of the MIROC5 and CanESM2 are relatively poor (0.363 and 0.365, respectively).
TABLE 4 | Comprehensive evaluation index (CEI) for the eight CMIP5 models in different areas and globe.
[image: Table 4]Many previous studies have found that the model spatial resolution contributes significantly to model performance in simulating TC (e.g., Zhao et al., 2009; Murakami et al., 2015; Roberts et al., 2020; Tory et al., 2020). The above results also show that the models with relatively high horizontal resolution have relatively high scores. However, based on the model selected here, the correlation coefficient between the global CEI scores and the model resolution is not significant at the 90% confidence level. Moreover, the model with the highest resolution (i.e., MRI-CGCM3) does not have the highest score in simulating TCs. This maybe the fact that these CMIP5 climate models are all with spatial resolution of 1.1–2.5°, which are still too coarse to properly identify TC, so an increase in model resolution does not yield to a significant improvement in the performance of these models. In addition, dynamic cores of climate models and physical parameterization scheme will also affect the final simulation effect of TC (Zhang et al., 2021).
CONCLUSION
Different from the recent quantitative method to evaluate the capability of climate models in terms of TC simulation (Shen et al., 2018), the new method proposed in this study not only considers the capability of climate models for simulating density and geographical properties of TC tracks but also accounts for TC intensity and monthly variation characteristics of TC frequency. Moreover, the new method is applicable to TCs in regional oceans and over the globe. Specifically, compared with the method proposed by Shen et al. (2018), the new method has been optimized from three aspects. First, the method of Shen et al. (2018) can only assess the capability of climate models in simulating limited features of TC track, while the new method considers the TC destructive potential (the cube of the wind speed) in the calculation of TC track density, which actually implicitly considers TC intensity. Second, in terms of TC frequency simulation, a new evaluation component is added to consider the simulation of monthly variation of TC frequency. Third, the evaluation method for the WNP TCs in the previous study (Shen et al., 2018) is expanded to the global scale. Moreover, in the evaluation of the model capability for simulating global TC track classes, an objective approach (i.e., silhouette coefficient) is implemented to obtain the classification number of TC tracks in each ocean area. This number is later used in the k-means clustering. Furthermore, in calculating the score of model capability in TC simulation in each area, we do not consider the importance of each area equally. Instead, the PDI over the individual area is used as weighting coefficient to obtain the score for global simulation. This is because the PDI can reflect the destructive potential of TC, and we pay more attention to the regions with stronger potential damage by the TC.
After the optimization of the evaluation method in the above three aspects, this method is applied to the IBTrACS best-track data and TC simulations of eight CMIP5 models. Results of model simulations and observations are compared to obtain the ranking of model capability in simulating TC track density weighted by destructive potential, TC track classification, and monthly variation of TC frequency proportion. Large differences are found among model simulations of the above 3 TC features. In addition, the capabilities of the eight models are different in different areas. In the WP, the CSIRO Mk3.6.0 model performs the best; in the NA, the MPI-ESM-LR performs the best; in the EP, the MIROC5 is the best; in the SP, the CSIRO Mk3.6.0 and MIROC5 demonstrate the same capability, yet the CSIRO Mk3.6.0 model performs better in the simulation of TC-weighted track density and monthly variation of TC frequency proportion, while the MIROC5 performs better in simulating TC track classes. In the SI, the HadGEM2 performs the best. For the simulation over multiple areas across the globe, the CSIRO Mk3.6.0 model performs better overall, followed by the GFDL CM3, MPI-ESM-LR, and MRI-CGCM3.
he purposes of the present study are to optimize and to expand the objective method proposed in Shen et al. (2018) and to make it more effectively reflect the capability of climate models in terms of simulating TCs. The model capability in simulating multiple characteristics of TCs is comprehensively considered. The new method is applied to obtain performance scores of the eight CMIP5 models in six study areas. Obviously, the performances of these models are different in different areas. Therefore, when selecting models for follow-up research, appropriate climate models with better simulation capability should be selected based on the region of concern. Once the CMIP6 model outputs have been released fully, especially those variables used to identify TC tracks, we will use the newly proposed method to evaluate the performances of CMIP6 models.
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Based on observation data supplied by the Chinese Meteorological Administration (CMA) and reanalysis datasets provided by the ECMWF, the multiscale causes of persistent heavy rainfall events (PHREs) that occurred from 1979 to 2018 during Meiyu periods over the middle and lower reaches of the Yangtze River (MLYR) are investigated. During Meiyu periods, precipitation shows obvious interannual variabilities. In PHRE years, the contribution rate of persistent heavy rainfall to the total precipitation is approximately 57%. Precipitation also shows significant synoptic-scale (less than 10 days) characteristics. Through the quantitative diagnosis of interactions among background-scale (greater than 30 days), quasi-biweekly-scale (10–30-days), and synoptic-scale variables, the possible causes of PHREs are explored. The results reveal that the difference in precipitation intensity between PHRE years and non-PHRE years is determined by the background water vapor, background wind and synoptic-scale wind conditions. In PHRE years, the prevailing background southwesterly winds from lower latitudes provide more background water vapor, and more mean kinetic energy is converted to perturbation energy. Moreover, the active synoptic-scale oscillations from higher latitudes and the convergence of Rossby wave disturbance energy over the MLYR could also cause the occurrence and maintenance of PHREs during Meiyu periods. The multiscale causes and corresponding circulation patterns in 2020 PHREs are similar to PHREs years.
Keywords: middle and lower reaches of the yangtze river (MLYR), meiyu precipitation, multiscale diagnosis, persistent heavy rainfall events (PHREs), wave activity fluxes
INTRODUCTION
Persistent heavy rainfall events (PHREs) and the subsequent associated disasters tend to cause catastrophic losses of property, agriculture and human lives. Several extensive flooding events have been attributed to PHREs in the history of China, such as the floods that occurred in the Yangtze River basin in 1991, 1998, and 2016 (Zhu et al., 2003; Mao and Wu 2006; Shao et al., 2018); these floods were concentrated in the middle and lower reaches of the Yangtze River (MLYR) during the typical Meiyu periods (defined by the CMA). PHREs pose a daunting challenge to flood forecasting due to their suddenness, frequency, and destructiveness. Therefore, to ensure disaster prevention and mitigation strategies, there is an urgent need to explore the causes of PHREs and improve the prediction capability for PHREs (Chen et al., 2017; Ding et al., 2020).
Meiyu is a result of interactions between the East Asian summer monsoon system and the Eurasian mid-high-latitude circulation (Ding, 2007; Zhang et al., 2018). The summer atmospheric circulation anomaly plays a critical role in the distribution and intensity of Meiyu (Yin et al., 2014). Persistent heavy rainfalls are more likely to occur when synoptic-scale and mesoscale systems recur in the same region or move along the same path under a stable circulation pattern (Ding, 1994). Additionally, rainfall forms more frequently when the Northwest Pacific Subtropical high, the South China Sea (SCS) monsoon surge, mid-high-latitude cold air and the Tibetan Plateau mesoscale convective system are in active phases at the same time (Zhang et al., 2002; Chen and Zhai, 2014a, b; Li et al., 2019). Furthermore, the sequential warm and cold Meiyu fronts regulated by the North Atlantic Oscillation (NAO) may also lead to extreme PHREs (Wang et al., 2018; Liu et al., 2020).
The intensity and extent of the water vapor transported by the East Asian monsoon also play an essential role in regulating PHREs (Zhang, 2001; Xue et al., 2003; Yuan et al., 2017). Some studies Tao and Chen (1987), Ding (1994), Simmonds et al. (1997), Jiang et al. (2008) have revealed that water vapor transportation over China in summer is dominant in the meridional direction and originates from the SCS. Based on this, further studies have shown that, during a PHRE, water vapor transport is controlled by the Somali cross-equatorial jet, by the cross-equatorial flow near the Bay of Bengal and the Indonesian archipelago, and by the Northwest Pacific Subtropical high (Chow et al., 2008; Sun et al., 2016).
It has been documented extensively in the literature that the precipitation that occurs during Meiyu periods over the MLYR is also modulated by low-frequency circulation oscillations, which have significant intraseasonal oscillation (ISO) characteristics (Lau and Li, 1984; Yang and Li, 2003; Ding and Wang, 2008; Mao et al., 2010; Yang et al., 2010; Yao et al., 2012). The low-frequency variations and propagation of circulation systems at mid-high latitudes as well as at low latitudes impact the low-frequency variations in PHREs Mao and Wu (2006), Chen et al. (2015), while higher-frequency disturbances are also closely related to regional rainfall (Huang et al., 2016; Yao and Huang, 2016). Synoptic-scale wave trains spreading southeast from high latitudes can prevent summer monsoon from advancing northward and thus serve to maintain the rainband (Wang et al., 2021). At low latitudes, synoptic-scale perturbations can also influence the intensity of precipitation by modulating the development of tropical circulation systems (Reed and Recker, 1971; Zong and Wu, 2015).
Summer precipitation in the MLYR, as represented by Meiyu, is a multiscale phenomenon with complex multiscale interactions (Weng et al., 2008; Ding et al., 2020). Recent studies have focused on the effects of East Asian summer monsoon systems on Meiyu at a single spatial or temporal scale, such as intraseasonal oscillations (Yang, 2009; Li et al., 2015; Yan et al., 2019). In contrast, few studies have been conducted to address the influencing mechanisms of multiscale interactions. To better understand the mechanism of PHREs, this study quantitatively explores the interactions among background-scale, quasi-biweekly-scale, and synoptic-scale conditions and their relationships with extreme precipitation through the diagnosis of water vapor and energy sources with the hope that the result will be helpful for precipitation predictions during Meiyu periods.
DATA AND METHODS
Data
We used the ERA5 (resolution: 0.25 × 0.25°) and ERA-interim (resolution: 1 × 1) daily reanalysis datasets Dee et al. (2011) provided by the European Centre for Medium-Range Weather Forecasts (ECMWF). Among them, the ERA5 high-resolution data were used for quantitative diagnosis of the whole layer water vapor flux convergence in the MLYR, and the latter were used for the analysis of the circulation patterns, etc. These datasets include sea-level pressure (SLP), geopotential height, wind, and specific humidity data. Daily precipitation data from 2,474 stations administered by the CMA were also utilized (available online at http://data.cma.cn/). The domain of MLYR is defined as 28°–32.5°N, 110°–122°E, which includes 157 CMA stations and is shown in Figure 1. The period of each dataset covers 40 years (1979–2018), from June to July. Additionally, the basic monitoring data of the Meiyu (including the onset/retreat date, intensity, and precipitation) were obtained from the National Climate Center of China.
[image: Figure 1]FIGURE 1 | Distribution of CMA stations over the MLYR.
For the analysis of PHREs in 2020 Meiyu period, the CMA daily precipitation data was used to select PHREs; ERA5 (resolution: 0.25 × 0.25) datasets were used for calculating the precipitation rate; since ERA-interim data stopped updating on August 31, 2019, we used ERA5 (resolution: 1 × 1) data to explore the corresponding atmospheric activities.
Definition of PHREs During the Meiyu Period
PHRE indicators are mostly defined by the magnitude of precipitation observed by a single observation station or by the total precipitation intensity measured in the region (Bao, 2007; Chen and Zhai, 2013; Ren et al., 2013). Since the maintenance and movement of a synoptic system have important impacts on the rainfall process, the rainband coincidence degree (CRB) is considered in the definition standard (Wang et al., 2014; Sun et al., 2018). Considering both the precipitation intensity and rainband movement, the following definition criteria are used in this paper.
1) During a Meiyu period, the number of stations where the daily precipitation is greater than 50 mm should account for more than 4% of the number of effective stations. Moreover, these stations should be adjacent (the distance between each station should be less than 350 km).
2) The regional average daily precipitation should reach the sum of the climatic mean and half a standard deviation, which is greater than or equal to 8.89 mm.
3) Among the stations with daily precipitation amounts ≥50 mm, at least one station should have had ≥50 mm of precipitation on the previous day; otherwise, the overlap (CRB) of the heavy-rain areas in the adjacent 2 days should exceed 20%. The CRB is defined in this paper as follows:
[image: image]
where [image: image] represents the number of stations where the precipitation amounts of both the first and second day are larger than 11.91 mm (the sum of the climatic mean and a standard deviation); [image: image] represents the number of stations that satisfy this condition on the first day; and [image: image] represents the number of stations that satisfy this condition on the second day. If all three conditions mentioned above are met for two or more days after the target day, the whole process is considered a PHRE.
Multiscale Diagnostic Method of Precipitation
To reveal the multiscale interactions, some variables were decomposed into three terms as follows (Hsu and Li, 2011; Yao et al., 2019):
[image: image]
where[image: image] is the background condition with a time scale greater than 30 days. A Lanczos low-frequency filter was employed to produce [image: image]. [image: image] represents the perturbations on the 10–30-days time scale; this value is the result of the 10–30-days Butterworth bandpass filter. [image: image] represents synoptic disturbances with a time scale less than 10 days and was extracted by applying the Lanczos high-frequency (<10 days) filter.
The water vapor flux convergence of the whole layer approximately equals the precipitation rate, which can be written as follows:
[image: image]
where[image: image] is the precipitation rate, [image: image] is the gravitational acceleration, [image: image] is the surface pressure, [image: image] is the specific humidity, and [image: image] is the horizontal wind. Subsequently, the precipitation rate is decomposed into nine items, and the contribution of each item to the precipitation can be calculated quantitatively.
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Barotropic Energy Conversion
Based on Kosaka and Nakamura's work (2006), the energy conversion between the background and synoptic circulations is calculated as follows:
[image: image]
where [image: image] and [image: image] indicate the zonal and meridional components of the horizontal mean flow, respectively. In this study, we define the mean flow as the 40-years (1979–2018) climatological mean during the Meiyu periods, while [image: image]and [image: image] indicate synoptic-scale disturbance (<10 days).
Wave Activity Flux
We calculated the wave activity flux (WAF) to depict the wave activity pattern (Takaya and Nakamura, 2001; Miao et al., 2019) using the following formula:
[image: image]
where [image: image] is the perturbed stream function on the synoptic scale, U is the horizontal mean flow with U and V as the zonal and meridional components, respectively, [image: image] is the Coriolis parameter, and [image: image] represents the static stability parameter and is defined by [image: image]. The term [image: image] represents the potential temperature, and [image: image] denotes the specific volume. The WAF vector is parallel to the group velocity of the Rossby wave in the WKB (Wentzel-Kramers-Brillouin) approximation. When the WAF vectors converge, the wave energy accumulates, and this condition is conducive to enhancing the disturbance; the wave energy disperses when the WAF vectors diverge.
RESULTS
Climatic Characteristics of PHREs
The power spectrum of the 3-days running-mean daily precipitation data (Figure 2A) was analyzed to obtain the dominant precipitation periods during the Meiyu periods over the MLYR. The results show that the precipitation during these periods has remarkably high-frequency oscillations with periods of 3–10 days, while the second-most significant periods is 10–30 days. By calculating the contributions of the rainfall components at different scales to the precipitation anomalies, the annual mean-variance contribution of the 3–10-days component is 44% (Figure 2B); this value is significantly larger than those of the quasi-biweekly (10–30-days) component and the background component.
[image: Figure 2]FIGURE 2 | (A) Power spectrum analysis of precipitation from June to July of 1979-2018 (units: W2 m−4). The red dashed line is the red noise spectrum, and the blue (green) dashed line indicates values above the 95% (5%) confidence level (B) Variance contributions of precipitation components at different time scales to precipitation anomalies (red, synoptic scale; blue, quasi-biweekly scale; green, background scale).
Based on the definition provided in Definition of PHREs during the Meiyu Period, 37PHREs that occurred during Meiyu periods were selected, with an average duration of 4.35 days. Climatically, the PHREs were concentrated in June-July, with a high incidence from mid-June to mid-July (Figure 3A). It is worth noting that the variation in total precipitation during the Meiyu period corresponds well to the PHREs (Figure 3B). The total precipitation tends to be higher in years when PHREs are frequent and persistent, such as 1983, 1991, 1996, 1998, and 1999. All these years were typical flood years in the MLYR. In addition, interannual variations in precipitation were more evident before 2000, especially in the 1990s; this is consistent with the findings of Huang et al. (2011) and Liang and Ding (2017). The observed increases in the total precipitation were mainly attributed to extreme events (Zhai et al., 1999), revealing the linkage between PHREs and flooding. For the subsequent analysis, years with PHRE precipitation amounts greater than 1.5 standard deviations of the persistent heavy rainfall average are defined as PHRE years, while years without PHREs are called non-PHRE years (Table 1).
[image: Figure 3]FIGURE 3 | (A) Distributions of PHREs (red marks) and typical Meiyu periods (blue marks) over the MLYR during 1979-2018 (B) The accumulated precipitation that occurs during PHREs (solid red bars, units: mm) and Meiyu periods (solid blue bars, units: mm).
TABLE 1 | PHRE years and non-PHRE years.
[image: Table 1]Multiscale Analysis of Interannual Variations in PHREs
Precipitation is the product of interactions between circulation and water vapor. Horizontal convergence and ascending motion are required when water vapor is transported from a source region to the MLYR during rainfall events. In this section, the contributions of multiscale interactions to precipitation are quantitatively diagnosed based on the method described in Multiscale Diagnostic Method of Precipitation while considering the differences between PHRE years and non-PHRE years.
The convergence of the whole-layer integral water vapor flux is calculated based on Eq. 3 and then multiplied by 86,400; thus, the convergence has the same unit as the precipitation (mm/day). The lead-lag composite analysis provided in Figure 4A shows that the convergence is consistent with the evolution of PHREs. Therefore, we decompose the vapor flux convergence into nine items according to Eq. 4. This decomposition reveals that the background water vapor and synoptic-scale disturbances contribute the most to PHREs (Figure 4B). Similarly, by decomposing the Meiyu precipitation, it is determined that the precipitation produced by background water vapor and synoptic-scale disturbances contributes the most in terms of both PHRE years and non-PHRE years (Figure 4C). Notably, both PHREs and their interannual variabilities mainly depend on[image: image] and. [image: image]. Hence, we consider that persistent heavy rainfall is closely related to the background water vapor field, background wind field and synoptic-scale wind field. Figure 5 shows the composites of background fields and synoptic-scale fields for PHREs to illustrate the impact of the aforementioned two items on the precipitation. From the distributions of the background water vapor and background wind (Figure 5A), it is found that the MLYR is located in the area where abundant water vapor is available. Also, the prevalent southwest background winds conveying water vapor from the Bay of Bengal to the region, providing a favorable environment for the occurrence of extreme events. To explore the characteristics of the synoptic-scale field, Figure 5B presents the distributions of the disturbance kinetic energy and synoptic-scale wind field. It can be clearly seen that the disturbance energy is mainly concentrated over the MLYR, indicating vigorous synoptic-scale disturbances exists over this region. Meanwhile, there is a pronounced synoptic-scale cyclone above the MLYR, which is conducive to the horizontal convergence and ascending motion of water vapor. Therefore, the background fields and synoptic-scale fields are favorable for enhancing the probability of PHREs occurrence.
[image: Figure 4]FIGURE 4 | (A) The precipitation totals calculated by the vertical integral of the vapor flux convergence and observed precipitation (dashed line) (units: mm/d) averaged over the MLYR during PHREs with durations of −15 to 15 days, for which day 0 represents all PHRE days (B) The nine items calculated by the vertical integral of the vapor flux convergence during PHREs (units: mm/d) (C) the nine items calculated in PHRE years (red slant), non-PHRE years (blue dots), and the differences between these years (solid blue bars) (units: mm/d). The horizontal axes in Figures 4B, C show the interactions between wind and specific humidity at different time scales, as shown in Eqs 2, 3, and 4.
[image: Figure 5]FIGURE 5 | (A) The distributions of background specific humidity at 850 hPa (shadings; units: g/kg; dots are the areas with statistical significance exceeding the 95% level) and background wind (vectors; unit: m/s; only locally statistically significant (>95%) vectors are shown) and (B) the disturbance kinetic energy at 850 hPa (shadings; units: m2 s−2; dots are the areas with statistical significance exceeding the 95% level) and [image: image] (vectors; units: m/s; only locally statistically significant (>95%) vectors are shown) during PHREs.
From what has been discussed above, it seems to verify that the background fields and synoptic-scale disturbances play an essential role in the PHREs in MLYR. Then, we will discuss whether they also affect the interannual variabilities of PHREs (showed in Figure 4C).
By applying a composite analysis, the different spatial features of the background water vapor and background wind fields between PHRE years and non-PHRE years were further analyzed (Figure 6). In PHRE years, the southwesterly wind anomaly of the anomalous anticyclonic activity induces ample water vapor transport from the SCS to the MLYR (Figures 6A, C), providing a warm and wet environment for extreme precipitation. This suggests that the background water vapor and circulation conditions appear to be more favorable in PHRE years. Opposite characteristics are seen in non-PHRE years (Figure 6B), compared to PHRE years, the most remarkable feature is that the negative water vapor anomaly in the MLYR is coupled with a cyclonic circulation anomaly over the western Pacific. This indicates that the background water vapor in non-PHRE years is insufficient to induce rainfall, also, the background circulation hinders the water vapor transport from lower latitudes.
[image: Figure 6]FIGURE 6 | The distributions of background specific humidity at 850 hPa (shadings; units: g/kg; dots are the areas with statistical significance exceeding the 95% level) and background wind (vectors; units: m/s; only locally statistically significant (>95%) vectors are shown) anomalies in (A) PHRE years and in (B) non-PHRE years as well as (C) the differences between the two during Meiyu periods.
Eq. 5 is used to diagnose the conversion between the mean kinetic energy and synoptic-scale perturbation energy. A positive (negative) CK term represents that the synoptic-scale winds gain (loss) energy from the mean flows. Figures 7A, B show that the CK term is positive along the MLYR in both PHRE years and non-PHRE years, indicating that low-level mean flows convert kinetic energy to synoptic-scale perturbation energy, thus promoting the occurrence and development of circulation disturbances in this region. However, the mean flows give more kinetic energy to perturbation energy during PHRE years (Figure 7C), therefore, the energy conversion is comparatively vigorous in PHRE years, which favors the intensification of synoptic-scale disturbances that associated with PHREs. Thus, assuming consistent background water vapor and circulation conditions, the increase in available energy gained from the mean flows in PHRE years may be prone to induce PHREs.
[image: Figure 7]FIGURE 7 | The distributions of barotropic energy conversion at 850 hPa in (A) PHRE years (B) non-PHRE years, and (C) the differences between the two during the Meiyu period (units: m2 s−3).
In the above analysis, the differences in energy conversion were discussed; what about the differences in the propagation of synoptic-scale disturbances? In addition to using the CK term to describe the perturbations, we take the center of the MLYR (30°N, 115°E) as the base point and use the one-point lag correlation method (Figure 8) to describe the propagation patterns of synoptic-scale disturbances. As determined from the distributions of the correlation coefficients, the synoptic-scale fluctuations are mainly located in the subtropical region and migrate through North Africa and the Tibetan Plateau, before then arriving in the MLYR region and finally moving toward the Northwest Pacific. For PHRE years shown in Figure 8A–E, it is worth noting that from day −2 to day 0, the positive center gradually strengthens and moves eastward, reaching a maximum over the MLYR, and then slowly moves into the sea. This fluctuation widely covers the mid-latitudes, with its pattern remaining relatively intact until +2 days, reflecting the activity and durability of synoptic-scale disturbances. In non-PHRE years (Figure 8F–J), although the wave train also obviously propagates eastward, its pattern is unclear, and the duration of the upstream wave is relatively short. Overall, the propagation of synoptic-scale disturbances differs significantly between PHRE years and non-PHRE years. The prolonged stagnation of disturbances in PHRE years may lead to the extreme maintenance of precipitation in the MLYR.
[image: Figure 8]FIGURE 8 | One-point lag correlation of 300 hPa [image: image] at the base point (30°N, 115°E) from day −2 to day +2 during Meiyu periods in PHRE years (A–E) and non-PHRE years (F–J). Areas with absolute values less than 0.2 are omitted. The dots show the areas with Monte Carlo (Ebisuzaki, 1996) significances exceeding the 95% level.
Numerous studies have shown that precipitation anomalies in the MLYR are closely related to the southeastward-propagating mid-latitude wave train (MLWT) (Fujinami and Yasunari, 2009; Liu et al., 2020; Ouyang and Liu, 2020). To further illustrate the role of high-frequency wave train in the anomalous circulation associated with PHREs, we calculated the wave activity flux (WAF) according to the method described in Wave Activity Flux. As shown, the dispersion modes of wave disturbances in PHRE years and non-PHRE years are clearly different. For PHRE years (Figure 9A), the wave disturbance over Eurasia is in an active state, with the convergence and dispersion centers aligned in the subtropical zone along 30°N. Wave trains originating from the northeast and northwest routes propagate simultaneously and convey synoptic-scale wave energy. The energy converges over the MLYR, and this convergence is conducive to the strengthening of synoptic-scale disturbances (Tam and Li, 2006). However, in non-PHRE years (Figure 9B), the wave disturbance is much weaker at mid-latitudes, with no apparent convergence or divergence in the upstream region. Moreover, a slight disturbance energy divergence exists over the MLYR.
[image: Figure 9]FIGURE 9 | The distributions of the WAF at 300 hPa (vectors; units: m2 s−2) and the WAF divergence (shadings; units: m s−2) during Meiyu periods in (A) PHRE years and (B) non-PHRE years.
To directly describe the relationships among background water vapor, synoptic-scale disturbances, and PHREs, the regionally averaged background specific humidity over the MLYR was selected to represent the water vapor conditions. The average convergence (divergence) of the WAF denotes the strengthening (weakening) of the synoptic-scale disturbances in this region. Figure 10 shows composites of the variables mentioned above in PHRE years and non-PHRE years, from which we can observe the close relationship between the two variables and PHREs. Compared with non-PHRE years, water vapor is slightly increased in PHRE years. However, the wave disturbance energy accumulation over the MLYR in PHRE years is significantly stronger than that in non-PHRE years, providing favorable conditions for the occurrence and maintenance of precipitation during Meiyu periods, especially during PHREs.
[image: Figure 10]FIGURE 10 | Precipitation (units: mm/d), background specific humidity at 850 hPa (units: g/kg), and divergence of the WAF at 300 hPa (units: 10−6 m/s2) averaged over the MLYR. The yellow bars and blue bars denote PHRE years and non-PHRE years, respectively.
Multiscale Analysis of 2020 PHREs
In 2020, the MLYR suffered a long-persisting Meiyu period. The accumulated precipitation (758.7 mm) broke its record since 1961 and caused catastrophic flooding and death in China. According to the definition in Definition of PHREs during the Meiyu Period , during the Meiyu period of 2020, four PHREs occurred in the MLYR (Table 2), and the accumulated precipitation reached 385.0 mm, accounting for approximately 51% of the total precipitation in the Meiyu period. The spectral analysis shows that the Meiyu rainfall has significant peaks at synoptic (<10 days) scales (Figure 11A). The peaks are significantly larger than the red-noise spectral level, suggesting that the major rainfall events in MLYR during the Meiyu period in 2020 are closely associated with the synoptic-scale disturbances.
TABLE 2 | Duration of 2020 PHREs in Meiyu period.
[image: Table 2][image: Figure 11]FIGURE 11 | (A) Same as Figure 2A but for the power spectrum analysis of precipitation from May to August of 2020 (B) Same as Figure 4B but for the 2020 PHREs.
To understand the multiscale interactions of the PHREs in the 2020 Meiyu period, we also decompose the water vapor flux convergence into nine items according to Eq. 4 (Figure 11B). The results indicate that the [image: image] and [image: image] items are the main contributors of PHREs in the 2020 Meiyu period, which is consistent with the conclusions on the climatic characteristics of PHREs in Multiscale Analysis of Interannual Variations in PHREs. The spatial characteristics of the background water vapor, background circulation and synoptic-scale disturbances in Figure 12 confirm the diagnostic results. Moreover, compared with the climatic features (Figure 5), the background southwesterly flow is more prevalent and the synoptic-scale disturbance center is enhanced in 2020 PHREs.
[image: Figure 12]FIGURE 12 | As in Figure 5 but for the composites of 2020 PHREs.
CONCLUSION AND DISCUSSION
The present study provides a multiscale analysis of PHREs over the MLYR during Meiyu periods. In the observations, significant interannual variations occurred in precipitation in the MLYR. Persistent heavy rainfall accounted for approximately 57% of the total precipitation during Meiyu periods.
The precipitation characteristics in PHRE years (with PHRE precipitation greater than 1.5 standard deviations of the persistent heavy rainfall) and non-PHRE years were further analyzed. The results of the power spectrum analysis show that Meiyu precipitation has significant synoptic-scale characteristics (<10 days). The diagnostic analysis of the precipitation rate indicates that the interannual variations in precipitation during Meiyu periods, that is, the variability in PHREs, depends mainly on the background water vapor and circulation conditions as well as synoptic-scale disturbances.
In the lower troposphere, abundant background water vapor is accompanied by prevailing background southwesterly winds, while synoptic-scale disturbances gain available energy from the mean flow and thus serve to enhance the circulation anomalies. In the upper troposphere, synoptic-scale disturbances propagate persistently eastward over the Eurasian continent, and the wave energy converges, contributing primarily to the anomalous circulations associated with PHREs.
Similar to the climatic characteristics, the 2020 Meiyu rainfall also exhibits significant high-frequency (<10 days) oscillation, and the PHREs are mainly modulated by background fields and synoptic-scale disturbances. Moreover, their contribution to extreme precipitation is relatively more pronounced.
The above studies mainly determined the relationships between PHREs and atmospheric circulations at different time scales in the MLYR through multiscale diagnosis methods; however, there are still some shortcomings. For example, the durations of different PHREs may be long or short, and, for a 3-days rainstorm and a 7-days rainstorm, the circulation patterns may have different dominant periods. In the previous multiscale analysis, only two prominent items ([image: image] and [image: image]) were considered. However, quasi-biweekly-scale disturbances may also be important as can be seen in Figures 2, 4, 12. Therefore, in our follow-up work, we will examine the longer PHREs (e.g., >5 days) and shorter PHREs (3–5 days) separately. Also, we will diagnose the contributions of circulation at different scales, especially the quasi-biweekly-scale, in these two types of PHREs. In addition, significant interdecadal differences exist in PHREs in the MLYR, and the mechanisms behind these differences still need further discussion.
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The effects of sea surface temperature (SST) anomaly in the tropical Indian Ocean (IO) on summer rainfall over central Asia (CA) are investigated using NCEP/NCAR reanalysis circulation data, Hadley Centre SST data, and GPCC gridded precipitation data for 1971–2016. Results show that the SST anomalies over the whole tropical IO play important roles in modulating summer rainfall over southeast CA via the subtropical westerly jet. When the SSTs in the tropical IO are in positive phases, the south Asian monsoon is weakened, which reduces summer rainfall in the Indian monsoon regions corresponding to less release of latent heat. There is an anomalous anticyclone over the Indian Peninsula and an anomalous cyclone in the upper troposphere over CA, corresponding to a shift of the subtropical westerly jet farther south over CA. The southward shift of westerly jet would be responded to anomalous cyclone at 500 hPa over CA and water vapor transported into CA through two steps from the Arabian Sea, above both contribute to more summer rainfall over CA.
Keywords: SST anomaly, Indian Ocean, subtropical westerly jet, summer rainfall, Central Asia
INTRODUCTION
In the last century the global mean surface air temperature has increased with a warming amplitude of about 0.74 ± 0.18°C (IPCC 2007). Under the background of global warming there have been significant changes in global and regional climate (Nicholson et al., 1998; Dai et al., 2004). Global warming allows the atmosphere to hold more water vapor and accelerates the hydrological cycle, which can result in more frequent and serious extreme events (Katz and Brown 1992; Sheffield and Wood, 2008). Global warming has different effects on rainfall in different regions and the Eurasian continent has received less rainfall in the last few decades (Ma and Fu 2007). The total global rainfall has increased but the rainfall in arid lands has shown a declining trend (Hulme, 1996). Central Asia (CA) is one of the largest arid and semiarid areas in the world, and its surface air temperature has shown a rapid and strongly increasing trend of twice the average warming rate over the whole Northern Hemisphere (Chen et al., 2009). Previous studies have argued that CA maybe highly sensitive to global warming (Smith et al., 2000; Huxman and Smith 2001).
Rainfall is rather rare over CA, but the ecosystems, economy and society are extremely vulnerable to the variations of rainfall. So many studies have been focused on changes of rainfall over CA. The annual rainfall has shown an increasing trend in the last few decades (Huang et al., 2013; Hu et al., 2017), and as measured by the Palmer drought severity index (PDSL) the CA has become wetter since the 1980s (Hu et al., 2018). In eastern CA, rainfall in the Xinjiang province of China has experienced significant decadal changes that differ from the changes in east China (Shi et al., 2002). Huang et al. (2014) and Zhao and Zhang (2016) report that results from multi-CMIP5 models suggest that the projected rainfall will increase in CA in the second half of the 21st century, especially in eastern CA.
What has caused the change in rainfall over CA in recent decades? Some studies attempted to explore this question in terms of atmospheric circulation anomalies. Zhao et al. (2018) suggested that variation in the axis of the western Asian (40°–80°E) subtropical westerly jet plays an important role in changes in summer rainfall over CA. Water vapor over the tropical Indian Ocean (IO) is closely related to rainfall over CA (Mason and Goddard 2001; Oliver et al., 2012). However the drivers of such an atmospheric pattern are still unclear. The tropical oceans have a very important effect on global climate and have become increasingly warmer during the past 100 years, especially the tropical IO (Zeng et al., 2001; Zhou et al., 2004). The Indian Ocean Basin Mode (IOBM) is the first leading mode of annual IO surface sea temperatures (SSTs) variability (Lau and Weng 1999; Ashok et al., 2001), and corresponds to positive or negative SST anomalies over the whole IO. The IOBM reaches its peak in spring and can persist into summer (Yulaeva and Wallace 1994; Klein et al., 1999). It can drive changes in the position of the subtropical westerly jet and strengthen the South Asia high, which contribute to summer rainfall anomalies in East Asian monsoon regions (Alexander et al., 2002; Du et al., 2009; Huang et al., 2011).
These studies made it clear that positive or negative anomalies of SSTs over the whole tropical IO can influence the climate in Asian monsoon regions. A few studies have pointed out that the SSTs in the tropical IO are closely related to the rainfall over CA. Zhou et al. (2015) reported that SST anomalies in the tropical IO in March correlate well with summer rainfall in eastern CA. Our previous study pointed out that SSTs in the tropical IO can influence the summer rainfall over CA by influencing the water vapor transport from the IO (Zhao and Zhang, 2016), but the focus is on the projection of rainfall. So in the current study we explore two questions: 1) What pattern of SST anomalies in the tropical IO is closely related to rainfall over CA? 2) What is a possible mechanism linking SST anomalies in the tropical IO to the summer rainfall over CA?
Accordingly, the manuscript is arranged as follows: the study region, data and method are introduced in section Study Region, Data and Method. In section Results, we first present the correlations of the first and second leading modes of SST anomalies in the tropical IO with summer rainfall over CA; we then describe the anomalous circulation systems related to summer rainfall over CA; finally, the possible mechanism for the influence of the SST anomalies in the tropical IO on summer rainfall over CA is revealed. Section Conclusions and Discussion summarizes the main conclusions and discusses the short comings of this contribution and the need for further work.
STUDY REGION, DATA AND METHOD
Region
Covering an area over 4 × 106 km2 across Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and Uzbekistan and part of northwest China, CA is the largest inland arid region in the world; its climate is mainly controlled by westerlies (Huang et al., 2015). The variability of terrain and landform is very complex, so the distribution of mean summer rainfall shows obvious regional features (Figure 1A). More rainfall occurs over the mountains and plateau, such as the Tianshan Mountains, Altai Mountains and Pamir Plateau, where the summer rainfall is more than 100 mm. In addition, the rainfall is also more than 100 mm in northern parts of Kazakhstan. The Tarim Basin in northwest China, Turkmenistan and Uzbekistan receive rather low summer rainfall below 50 mm. So these regions are mainly deserts. Under the background of global warming, summer rainfall over CA exhibits an obvious increasing trend that is especially significant in the Tianshan Mountains and Pamir Plateau (Figure 1B). The SSTs also present a significant warming trend over the whole tropical IO (Figure 1C).
[image: Figure 1]FIGURE 1 | (A) Distribution of mean summer rainfall over CA during 1971–2016, (B) linear trend of summer rainfall over CA during 1971–2016, (C) as (B) but for SSTs in the tropical IO. Dotted regions show significance at [image: image] level.
Data
In the current study, gridded rainfall data derived from the latest version of Global Precipitation Climatology Center (GPCC) are used for the analysis (Schneider et al., 2014). This is a monthly land-surface rainfall dataset based on 75,000 meteorological stations that has been widely used to discuss climate change because of its good quality control. Hu et al. (2017) suggested that the GPCC dataset had very high accuracy when compared with the observed rainfall data over CA and found that GPCC monthly rainfall is closely related to observational rainfall with a correlation coefficient of 0.9. The GPCC rainfall dataset we use has a spatial resolution of 0.5° × 0.5° and covers the period 1891–2016.
The National Centers for Environment Prediction (NCEP)–National Center for Atmospheric Research (NCAR) reanalysis dataset (Kalnay et al., 1996) with spatial resolution of 2.5° × 2.5° from 1948 to the present is used to reveal the large-scale atmospheric circulation patterns. Observational SST data at a resolution of 1° × 1° are from the Hadley Centre Sea Temperature dataset covering the period from 1870 to the present (Rayner, 2003). In the current study, we mainly consider the period 1971–2016 and concentrate on the analysis of the results averaged over the boreal summer months (June–August).
METHODS
The South Asian summer monsoon index (SASMI) (Webster and Yang, 1992) is defined in terms of the zonal wind shear between 850 and 200 hPa averaged over South Asia (0°–20°N, 40°–110°E):
[image: image]
The Pearson correlation coefficient and simple linear regression are used in this study. The t-test is used to test the significance of both the correlation coefficient and simple linear regression as follows:
[image: image]
where r is the correlation coefficient between two time series, n is the sample size for the time series and in this study n = 46. When [image: image](critical value, [image: image] it indicates the correlation coefficient is significant at level ([image: image]).
RESULTS
Correlation Between Sea Surface Temperatures in the Tropical Indian Ocean and Summer rainfall Over Central Asia
Figure 2A displays the first and second leading EOF modes of the SST anomalies in the domain 10°S–25°N, 40°–100°E. The first leading eigenvector explains 59.8% of the total variance. It is clear that the SST anomalies show either warming or cooling across the whole tropical IO. The principal component corresponding to the leading mode of EOF1 (PC1) shows significant inter-annual and inter-decadal variations (Figure 2C). During 1971–1986, the SST anomalies show cooling across the whole tropical IO, while during 1987–2016 the SST anomalies show warming across the whole tropical IO. So we define the normalized PC1 as the IOBM index (IOBMI). The second leading eigenvector explains 8.9% of the total variance, and the SST anomalies in the tropical IO have opposite phases in the Arabian Sea and Bay of Bengal (Figure 2B). The principal component corresponding to the leading mode of EOF2 (PC2) also shows significant inter-annual and inter-decadal variations (Figure 2D). During 1972–1984, the SST anomalies in the tropical IO show warming in the Arabian Sea and cooling in the Bay of Bengal, while the anomalies are of the opposite signs during 1985–2016. So we define the normalized PC2 as the IOD index (IODI).
[image: Figure 2]FIGURE 2 | The first two leading EOF modes of summer SST anomalies in tropical IO during 1971–2016 in (A) and (B). The normalized principal component (PC) corresponding to the leading mode of EOF1 (C) and EOF2 (D).
Figure 3A displays the correlations between the IOBMI and summer rainfall over CA. It is clear that the IOBMI is strongly related to summer rainfall over CA, especially in southeast central Asia, over the Tianshan Mountains and Pamir Plateau, where the summer rainfall shows a significant increasing trend (Figure 1B). The SSTs show warming across the entire tropical IO corresponding to more summer rainfall over southeast CA. Figure 3B shows the correlations between the IODI and summer rainfall over CA. When the positive anomalies of SSTs occur in the Bay of Bengal and negative anomalies of SSTs occur in the Arabian Sea, which can cause the summer rainfall in northern Xinjiang increasing.
[image: Figure 3]FIGURE 3 | Correlation of (A) IOBMI and (B) IODI with summer rainfall over CA; dotted regions show significance at [image: image] level. (C) Time series of the CARI and IOBMI during 1971–2016.
It is clear that the first leading EOF modes of the SST anomalies dominants the spatial distribution of SST anomalies in the tropical IO and plays more important role in influencing summer rainfall over CA. So in the following analysis we focus on the effects of SST anomalies across the entire tropical IO on summer rainfall over CA. According to Figure 3A the significant area of correlations between the IOBMI and summer rainfall mainly are concentrated on two regions, 65°–80°E, 35°–45°N and parts of northern Xinjiang, respectively, the farmer is more than the latter. So in this study we choose the domain of 65°–80°E, 35°–45°N as key area. Furthermore, the index of central Asia rainfall (CARI) is defined by the normalized rainfall averaged over 65°–80°E, 35°–45°N during 1971–2016. The years with the normalized CARI exceeding +/−0.5 standard deviation are defined as the strong/weak CARI years. Figure 3C displays the time series of the IBOMI and CARI during 1971–2016. The IBOMI correlates well with the CARI and the correlation coefficient is 0.46, significance at [image: image]level. After removing the long term linear trends in the two time series, the correlation coefficient between the IBOMI and CARI is 0.42, significance at [image: image]level. This suggests that they are closely related at both inter-annual and decadal time scales.
Atmospheric Circulation Systems Related to Anomalous Summer rainfall Over Central Asia
Firstly we examine the large-scale circulation systems that can influence summer rainfall over CA. Figure 4A shows the summer 200-hPa zonal wind regressed against the CARI. It is clear the summer rainfall over CA correlates well with zonal winds at 200 hPa in the domain 25°–55°N, 40°–80°E. When the zonal wind anomalies are of opposite sign in the domains 25°–40°N, 40°–80°E, 40°–55°N, 40°–80°E, there are anomalies in summer rainfall. When the CARI is in strong years, the zonal winds at 200 hPa in the domain 25°–40°N, 40°–80°E strengthen and those in the domain 40°–55°N, 40°–80°Eweaken; this corresponds to a southward shift of the subtropical westerly jet (Figure 4B). When the CARI is in weak years, the zonal wind anomalies reverse in sign and the subtropical westerly jet shifts to the north (Figure 4C).
[image: Figure 4]FIGURE 4 | (A) Regression of 200-hPa zonal wind against the CARI during 1971–2016, (B) composite distribution of 200-hPa zonal wind anomalies in strong CARI years, (C) as (B), but in weak CARI years. The shaded regions denote the climatological axis of the subtropical westerly jet (where wind speeds are larger than 25 ms−1, dotted regions show significance at [image: image] level.
Figure 5A shows the summer 500-hPa winds regressed against the CARI. It is clear the summer rainfall over CA is closely related to an anomalous cyclone or anticyclone over CA. Previous studies have indicated that cyclone or trough at 500 hPa is one of the key circulation systems influencing summer rainfall over CA (Yang and Zhang 2007; Zhang et al., 2012). When the CARI is in strong years, there is an anomalous cyclone over CA. The anomalous southerly winds on the eastern side of the cyclone prevail over eastern CA, and the regions receive more summer rainfall (Figure 5A). On the contrary, when the CARI is in weak years, an anomalous anticyclone controls CA, and the rainfall is hard to occur (Figure 5C).
[image: Figure 5]FIGURE 5 | (A) Regression of 500-hPa winds against the CARI during 1971–2016, (B) composite distribution of 500-hPa winds anomalies in strong CARI years, (C) as (B), but in weak CARI years. Shaded regions show significance at [image: image] level.
In addition, water vapor also plays an important role in influencing summer rainfall over CA. The sources of water vapor are related to different anomalies of summer rainfall over CA. So we need to examine the source and transport path related to the summer rainfall over CA. Figure 6A displays the spatial distribution of the summer vertically integrated (surface to 500 hPa) water vapor flux averaged from 1971 to 2016. It is clear the CA is located in the far inland region of the Eurasian continent with very limited water vapor, generally the water vapor over the Indian Ocean cannot directly transport into the CA. Figure 6B shows the regression of the summer water vapor flux vertically integrated from the surface to 500 hPa against the CARI. The summer rainfall over CA is closely related to the cyclone in CA and anticyclone in the Indian Peninsula. When the CARI is in strong years, the anomalous anticyclone over the Indian Peninsula transports water vapor from the Arabian Sea to middle latitude regions in a first step, and then the anomalous cyclone over CA carries the water vapor into CA (Figure 6C). In addition it is clear that the negative divergences of water vapor flux well match the positive summer rainfall in chosen key area. Oliver et al. (2012) used observations to show that the tropical IO is a key source of water vapor related to summer rainfall over CA. When the CARI is in weak years, the anomalous circulation pattern does not favor the transport of water vapor from the IO to CA (Figure 6D).
[image: Figure 6]FIGURE 6 | (A) The spatial distribution of the summer vertically integrated (surface to 500 hPa) water vapor flux averaged from 1971 to 2016, (B) regression of summer vertically integrated (surface to 500 hPa) water vapor flux against the CARI during 1971–2016, shaded regions show significance at [image: image] level, (C) composite distribution of water vapor flux anomalies (vector) and corresponding to divergence (shadow) in strong CARI years, (D) as (C) but in weak CARI years.
Possible Mechanism Linking Sea Surface Temperature Anomalies in the Tropical Indian Ocean and Summer rainfall Over Central Asia
In the above analysis, we have identified the close relationship between SST anomalies across the entire tropical IO and summer rainfall over southeast CA, and the circulation systems that are mainly responsible for influencing summer rainfall. The next task is to determine how the SST anomalies across the entire tropical IO influences summer rainfall. Previous studies have suggested that the subtropical westerly jet plays a key role in influencing summer rainfall over CA (Zhao et al., 2018). The position and intensity of the subtropical westerly jet can influence the formation and location of the cyclone and blocking high, which are important circulation systems associated with summer rainfall (Gao and Tao, 1991). So does SST anomalies in the tropical IO affects summer rainfall over CA by moving the subtropical westerly jet? To answer the question, we first investigate the relation between the SST anomalies in the tropical IO and the subtropical westerly jet over CA. Figure 7A shows the summer 200-hPa wind and zonal wind regressed against the IOBMI. Composite analysis (data not shown) indicates that when the IOBMI is in a positive phase, there is an anomalous cyclone over CA, which strengthens (weakens) zonal winds in the domain 25°–40°N, 40°–80°E, (40°–55°N, 40°–80°E). This is also suggested in Figure 4B, where the subtropical westerly jet shifts farther south and more summer rainfall occurs over CA. The index of jet position (JPI) is defined by the normalized difference in the regionally averaged summer 200-hPa zonal wind between the area bounded by 25°–40°N, 50°–80°Eand the area bounded by 40°–55°N, 50°–80°E, during 1971–2016. Figure 7B displays the time series of the IOBMI and JPI; they are closely correlated with a correlation coefficient of 0.48 (significance at the[image: image]level).
[image: Figure 7]FIGURE 7 | (A) Regression of 200-hPa zonal wind (contours) and winds (vectors) against the IOBMI during 1971–2016; Shaded regions show significance at [image: image] level. (B) Time series of the IOBMI and JPI during 1971–2016.
Why SST anomalies across the entire tropical IO can shift the position of the tropical westerly jet over CA? Figure 8A shows the regression of the summer 850-hPa wind against the IOBMI. When the IOBMI is in a positive phase, there is an anomalous anticyclone over the Indian Peninsula. On one hand the south Asian summer monsoon weakens and Figure 8B indicates the correlation coefficient between the IOBMI and SASMI is –0.69, which is significant at the[image: image]level. Numerical experiments confirm that the large scale circulation is sensitive to latent heat release. When the latent heat anomaly is negative, an anomalous cyclone develops over the upper level northwest of the heat source (Gill, 1980). In summer the latent heat release from monsoon rainfall in the Indian Peninsula signicantly affects regional and global circulation (Lawrence and Webster, 2001). The weakened summer monsoon characteristic of positive IOBMI gives less rainfall over the Indian Peninsula (Figure 8C), so the latent heat release is also weakened (Figure 8D). Thus positive anomalies of SSTs across the entire tropical IO can cause an anomalous cyclone over the northwest upper level of the Indian Peninsula. Figure 7A is consistent with these results and indicates that the SST anomalies in the tropical IO modulate the position of the subtropical westerly jet. On other hand the anticyclone over the Indian Peninsula also strengthens northward transport of water vapor from the Arabian Sea along 60°E, where the terrain height is below 1500 m. Figure6B shows that when more summer rainfall occurs over CA, the water vapor is also transported from the IO along 60°E, which suggests that this region is a key path of water vapor associated with summer rainfall over CA.
[image: Figure 8]FIGURE 8 | (A) Regression of 850-hPa wind against the IOBMI during 1971–2016, shaded regions show significance at [image: image] level. (B) Time series of the IOBMI and SASMI during 1971–2016. (C) as (A), but for summer rainfall, (D) as (A), but for surface latent heat.
In order to examine whether the jet position can influence the mid-level wind and water vapor, Figure9 displays the regressions of 500-hPa wind and water vapor flux against the JPI. It is clear that when the JPI is in a positive phase there is an anomalous cyclone over CA and southerly winds control southeast CA, which favors increased summer rainfall (Figure 9A). Meanwhile an anomalous anticyclone over the Indian Peninsula transports water vapor from the Arabian Sea to middle latitude regions and a cyclone over CA relays the water vapor into CA. The key path of water vapor transport is also located along 60°E (Figure 9B), which confirms the conclusions obtained from Figure 7 and Figure 8. So the JPI is closely related to CARI with a correlation coefficient of 0.72 (Figure 9C).
[image: Figure 9]FIGURE 9 | Regression of (A) 500-hPa winds and (B) water vapor flux vertically integrated from the surface to 500-hPa against the JPI during 1971–2016, shaded regions show significance at [image: image] level. (C) Time series of the JPI and CARI during 1971–2016.
CONCLUSIONS AND DISCUSSION
Under the background of global warming, summer rainfall shows a significant increasing trend over the mountains and plateaus known as the “water tower” in CA (Chen et al., 2016). So it is interesting to investigate why these regions in CA receive more summer rainfall. Our analysis suggests that the SST anomalies across the entire tropical IO may contribute to increased summer rainfall in the Tianshan Mountains, Pamir Plateau and western parts of the Tarim Basin. The subtropical westerly jet and cyclone play important roles in influencing summer rainfall over CA. A southward shift of the subtropical westerly jet and an anomalous cyclone over CA favor increased summer rainfall over CA. In addition, water vapor from the tropical IO is also closely related to summer rainfall over CA. Different from the situation in the monsoon regions, water vapor from the tropical IO is transported into CA in two steps. In the first step, an anomalous anticyclone over the Indian Peninsula transports abundant water vapor from the Arabian Sea to middle latitude regions (about 30°N) along 60°E, where the terrain height is less than 1,500 m; in the second step, the anomalous cyclone over CA relays the water vapor to regions farther north and into CA from middle latitude regions.
Correlation analysis indicates that SST warming across the entire tropical IO corresponds to more summer rainfall over CA. When the SSTs in the tropical IO are warmer than normal, they weaken the south Asian summer monsoon and strengthen northward transport of water vapor along 60°E. The weakened summer monsoon reduces the release of latent heat in the Indian Peninsula, and according to a Gill-type response to tropical heating, a low-level anticyclone and upper level cyclone appear on the northwest flank of the heating source (roughly over the Indian monsoon region). Indeed our work shows such features in Figure 7A. The anomalous cyclone over CA strengthens westerly winds in the region40°–80°E, 25°–40°N, which reflects a southward shift of the westerly jet shift. Further analysis indicates that when the westerly jet is located farther south (below 40°N), CA is controlled by an anomalous cyclone, allowing more water vapor to reach CA and favoring increased summer rainfall. So we can confirm that the SST anomalies across the whole tropical IO influences summer rainfall by modulating the subtropical westerly jet over CA.
The mechanisms related to the summer rainfall over CA are known to be quite complex. We have shown a possible mechanism linking the SSTs in the tropical IO and the summer rainfall over CA, but the underlying physical mechanisms are still open questions. Firstly, previous studies have indicated that the shift of the subtropical westerly jet is closely related to SSTs in the Indian Ocean, Pacific and North Atlantic (Du et al., 2016; Zhao et al., 2018; Mei et al., 2019). Our correlation results are in agreement with these studies; the correlation between the JPI and SSTs in these tropical oceans is significant (Figure 10A). Our previous simulated experiments have distinguished between the contributions of SST warming in the IO and east Pacific to CA summer rainfall (Zhao and Zhang, 2016). The results from our previous study indicate that the SST warming in the tropical IO is a key factor and the effects of SSTs warming in east Pacific on summer rainfall over CA are independent. In contrast, the effects of SST anomalies in the North Atlantic on summer rainfall over CA are dependent. Figure 10B displays the regression of 200-hPa wind against the regional mean SSTs over the domain 10°–30°N, 90°–30°W. It is clear that the SST anomalies in the North Atlantic can excite zonal wave trains at middle latitude in upper troposphere along westerlies. Two anomalous cyclones generate over central Asia and eastern Asia, respectively, and cause the two subtropical westerly jets southward shift. The latter has been confirmed by numerical simulation (Mei et al., 2019). Then what are the concurrent effects of SST anomalies in the tropical IO and Atlantic on the subtropical westerly jet and rainfall over CA? More statistical and numerical studies are needed. Secondly, in the current study we do not discuss the decadal time-scale, recent study indicated under the background of different decadal time-scale, the relationships between the subtropical westerly jet and tropical SSTs showed obvious differences (Yin and Zhang 2021). So in next work we also need to focus on decadal time-scale. Thirdly, Wang et al. (2018) found the weakened south Asian summer monsoon in coupled models can be attributed mainly to the antecedent cold SST in the northern Indian Ocean and these cold SST biases develop in winter, reach the peak in spring, and persist until summer. In order to furthermore confirm the effects of SST anomalies in the Indian Ocean on CA summer rainfall, we need to examine their relationships via using different SST data and atmospheric circulation data in future work.
[image: Figure 10]FIGURE 10 | (A) Correlation of the JPI and SSTs in the tropical oceans, dotted regions show significance at [image: image] level. (B) Regression of 200 hPa wind against the regional mean SSTs over the domain 10–30°N, 90–30°W during 1971–2016, shaded regions show significance at [image: image] level.
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Based on the outputs of the global climate models (GCMs) HadGEM2-ES, NorESM1-M and MPI-ESM-LR from Coupled Model Intercomparison Project Phase 5 (CMIP5) and the downscaling results with the regional climate model (RCM) REMO, the ability of the climate models to reproduce the extreme precipitation in China during the current period (1986–2005) is evaluated. Then, the future extreme precipitation in the mid (2036–2065) and the late 21st century (2066–2095) is projected under the RCP8.5 scenario. The results show that the RCM simulations have great improvements compared with the GCMs, and the ensemble mean of the RCM results (ensR) outperforms each single RCM simulation. The annual precipitation of the RCM simulations is more consistent with the observation than that of the GCMs, with the overestimation of the peak precipitation reduced, and the ensR further reduces the bias. For the extreme precipitation, the RCM simulations significantly decrease the underestimation of intensity in the GCMs. The RCM simulations and the ensR can greatly improve the simulations of Rx5day and CWD compared with the GCMs, decreasing the wet bias in North China and Northwest China. In the future, the consecutive dry days (CDD) will decrease in the northern arid regions, especially in North China and Northeast China. However, the southern regions will experience longer dry period. Both the amount and the intensity of precipitation will increase in various regions of China. The number of wet days will decrease in the south and increase in the north area. The significantly greater Rx5day and R95t indicate more intensive extreme precipitation in the future, and the intensity in the late 21st century will be stronger than that in the middle. Attribution analysis indicates that the extreme precipitation indices especially the R95t have significant positive temporal and spatial correlations with the water vapor flux.
Keywords: precipitation extremes, regional climate model, dynamical downscaling, ensemble projection, different GCMs, CORDEX-EA-II
INTRODUCTION
More and more carbon has been released into the atmosphere with the global development, and it increases the greenhouse effect which leads to more extreme climate (Lashof and Ahuja, 1990; Matthews et al., 2009; Peters et al., 2013). The extreme precipitation is one of the most severe extreme climate disasters that damage the nature and society, and both its intensity and frequency demonstrate increasing trends (Donat et al., 2016; Qin et al., 2021). In order to effectively respond to the stronger extreme precipitation in the future, we need to understand its variation trend and explore the reasons for the changes. At present, climate models have been widely used to study the extreme precipitation change, including global climate model (GCM) and regional climate model (RCM) (Gao and Zhang, 2020, Gao et al., 2018, Huang et al., 2020).
GCMs play an important role in exploring the future changes of extreme precipitation on a global scale. Donat et al. (2016) found that the extreme precipitation in arid and humid regions shows evident increase in both the observation and the 26 GCMs. In addition, the extreme daily precipitation will continuously increase in the rest of this century according to the model projections. Based on 21 GCMs, Wang et al. (2020) found that an increase of 0.5°C in temperature will lead the extreme precipitation to double. Wu et al. (2020) applied 28 GCMs to study the changes of temperature and precipitation in Shanghai. They found that both the number of days and the intensity of heavy precipitation show increasing trends with less uncertainty. However, the GCMs used in the previous studies have low resolutions, which cannot accurately simulate the complex regional climates and cannot provide detailed spatio-temporal variation information of precipitation (Zhang and Wang, 2018). In comparison, high-resolution RCMs perform better than GCMs in simulating extreme precipitation and reduce the underestimation of extreme precipitation in the GCMs (Li et al., 2018; Liu et al., 2018).
RCMs have higher resolutions than GCMs and can contain detailed terrain, vegetation and other underlying surface information, so they can accurately demonstrate regional climate characteristics and have been widely used to study extreme precipitation changes (Xu and Xu, 2016, Yang et al., 2016, Zhang et al., 2020). At present, the RCM simulations under the framework of Coordinated Regional Climate Downscaling Experiment Phase II (CORDEX-II) have been widely used for climate projections, but single RCM driven by single GCM is used in most studies (Chen et al., 2018; Lu et al., 2019). Due to the uncertainty of a single RCM, evident differences exist among different models, which has a great adverse effect on the projection of future climate changes. In order to reduce the uncertainty, multi-GCMs-driven RCM simulations and ensemble methods are adopted to obtain more reliable projections of extreme precipitation changes (Yu et al., 2019; Zhou et al., 2019).
Under CORDEX East Asia Phase I framework, several researches have been conducted in terms of the simulation and projection of extreme precipitation of East Asia. Gu et al. (2018) applied four RCMs at 50 km resolution driven by one GCM and found that model ensemble performs better than a single RCM and the annual precipitation will increase in most region apart from Tibetan Plateau. Park and Min (2018) used five 50 km-resolution RCMs driven by one GCM and found that the increase of extreme precipitation in the future is due to the increase of moderate-heavy rainfall events. Under CORDEX East Asia Phase II framework, there are also several research related to the simulation of climate extremes over China. Chen and Gao (2019) found that precipitation will increase in the winter, but mixture of increasing and decreasing in the summer by using one RCM driven by one GCM. Yu et al. (2019) used three RCMs driven by ERA-interim Reanalysis data and find that RCMs can only well simulate the seasonal cycle of precipitation in the north area. Han et al. (2021) found that the extreme precipitation will be more in the east Asia and the consecutive dry days (CDD) will be enhanced in South China by using 15 setup of 50 km/25 km RCMs under CORDEX East Asia Phase I/II framework. Jiang et al. (2020) applied two 25 km resolution RCMs driven by one GCMs to project the extreme precipitation in the future warming climate and also found that annual precipitation and extreme precipitation intensity will increase in most areas. Wu et al. (2020) found that there will be more extreme precipitation in future under global warming of 1.5°C–4°C after applied four GCMs to drive 25 km-resolution RegCM4. While the projection of extreme precipitation through the whole 21st century by using multiple GCMs to drive one RCM under CORDEX East Asia Phase II framework are still insufficient.
Up to now, the CORDEX project has entered the second phase in East Asia. The specified simulation domain in East Asia has been reduced and the resolution of RCMs has been enhanced from 50 to 25 km. The RCMs’ ability to simulate extreme precipitation will be improved when the resolution is increased from 50 to 60 km to about 25 km (Shi et al., 2017; Bucchignani et al., 2018; Xu et al., 2018; Fu et al., 2021). However, there are still few works on the multi-GCMs dynamical downscaling ensemble projection of extreme precipitation in China under CORDEX East Asia Phase II framework. This research uses three GCMs from CMIP5 to drive the high resolution RCM of REMO to simulate and project the extreme precipitation in china. The simulation domain is consistent with the CORDEX East Asia II domain, and the resolution of the RCM is 25 km. Based on the evaluation of the RCMs’ performance in simulating the extreme precipitation during the historical period, the extreme precipitation in the entire 21st century is projected with a multi-GCMs dynamical downscaling ensemble under the RCP8.5 scenario, and the reasons for the extreme precipitation changes are also explored.
DATA AND METHODS
Observational Data and Model Data
This research uses the CN05.1 dataset as the observational data (Wu and Gao, 2013). The CN05.1 dataset is a gridded dataset with a resolution of 0.25° × 0.25° interpolated from more than 2,400 stations in China. This dataset contains daily average, maximum and minimum temperature and precipitation in the period of 1961–2007. It has been widely used for model verification and evaluation (Yu et al., 2019).
The simulated precipitation data are from the GCMs HadGEM2-ES, NorESM1-M and MPI-ESM-LR and the regional model REMO driven by these GCMs. It includes the current period (1986–2005) and the future period (2036–2065 and 2066–2095) under the RCP8.5 scenario. All the RCMs are download from the website (https://esg-dn1.nsc.liu.se/projects/esgf-liu/).
The resolution for HadGEM2-ES, NorESM1-M and MPI-ESM-LR are respectively 1.875° × 1.25°, 1.8725° × 2.5° and 1.875° × 1.875°. These three CMIP5 GCMs are selected as these GCMs have better performance on climate simulation especially for the simulation of mean and extreme precipitation (Chen and Sun, 2015; Jiang et al., 2015). And the availability of 6-hourly datasets of GCMs is also exist in consideration.
The RCM REMO is developed on the basis of the numerical weather forecast model of German Climate Center. The resolution is 0.22° × 0.22° under the CORDEX-EA-II framework. The performance of REMO driven by reanalysis data in the simulation of large scale circulation over East Asia, the distribution of annual and seasonal precipitation climatology over China had been evaluated (Zhang et al., 2005; Xu et al., 2016; Xu et al., 2018; Remedio et al., 2019; Pang et al., 2021). It was found that REMO can reproduce the mean climatology of large scale circulation, annual and seasonal precipitation well, even though it has a wet bias for the most of China and dry bias for the Southern China in Summer. It give us confidence for the projection of mean and extreme precipitation in future warming climate by using REMO driven by CMIP5 GCMs.
To facilitate the comparison and the calculation, the RCM data are interpolated to the CN05.1 grid points. The study area is divided into eight sub-regions to analyze the models’ simulation capabilities (Hui et al., 2018a; Hui et al., 2018b; Jiang et al., 2020) including northwest (NW, 35°–45°N, 78°–99°E), Tibetan Plateau (TP, 28°–35°N, 80°–99°E), eastern northwest (ENW, 34°–42°N, 99°–110°E), southwest (SW, 24°–34°N, 99°–110°E), northeast (NE, 42°–52°N, 115°–132°E), north (N, 35°–42°N, 110°–122.5°E), southeast (SE, 27°–35°N, 110°–122.5°E) and south (S, 21°–27°N, 110°–120°E).
Analytical Methods
The simulation ability of each model is evaluated in the historical period (1986–2005) in eight regions of China by analyzing the average precipitation and the extreme indices. On the basis of the model evaluation, the future change of extreme precipitation under the RCP8.5 scenario is investigated with an ensemble mean of the RCMs, and the relationships between the future changes in the circulation indicators and the extreme indices are explored. The extreme indices are selected from the 27 indices defined by the Expert Team on Climate Change Detection and Indices (ETCCDI) (Sillmann et al., 2013). They have been widely used in evaluating the extreme climate change in China and have been proved to be effective by numerous studies (Li et al., 2018; Li et al., 2020; Wu et al., 2020). The introduction of the extreme indices can be seen in Table 1.
TABLE 1 | Definitions of extreme precipitation indices.
[image: Table 1]In order to accurately assess the simulation capabilities of various climate models, The root mean square errors (RMSEs) between the model data and the observation data are calculated to accurately assess the models’ simulation capabilities. According to Gleckler et al. (2008), the simulation ability of a model relative to the average ability of several models is calculated as follows:
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where [image: image] represents the median RMSE of the models, and [image: image] is defined as a relative RMSE, which represents the relative capability of the model.
RESULTS
Evaluation of Historical Simulation
Mean Climatology
In order to evaluate the models’ ability to reproduce the historical precipitation, the biases between the model and the observation during the historical period (1986–2005) for the annual, summer, and winter precipitation are shown in Figure 1. Figure 2 shows the RMSE’ of each model in each region.
[image: Figure 1]FIGURE 1 | The spatial distributions of the observed annual average (A), summer (B) and winter (C) precipitation, the biases of the global climate model (GCM) simulations (D–L), the biases of the regional climate model (RCM) simulations (M–U) and the biases of the RCM ensemble (V–X).
[image: Figure 2]FIGURE 2 | The relative root mean square error (RMSE’) of the annual (ANN), summer (JJA) and winter (DJF) precipitation in eight sub-regions from the GCMs, the RCM simulations and the RCM ensemble. Negative values indicate better performances.
The observed precipitation shows diverse distributions in China, with more precipitation in the southeast and less in the northwest. The annual precipitation is overestimated by the GCMs in most areas (Figures 1D–L). Specifically, NCC and MPI produce large positive biases in mid-western China and negative biases in the south and northwest areas. HadGEM2 overestimates the precipitation in most areas especially the northwest areas, and underestimation only exists in the southeast. The RMSE’ (Figure 2) indicates that the GCMs perform poorly in most regions. The first three rows of Figure 2 present the RMSE’ of the GCMs in each region. A negative value indicates that the RMSE is smaller than the median RMSE and the simulation effect is better than half of the models. A positive value indicates that the RMSE is larger than the median. The NCC model performs poorly in all the regions especially in the ENW, SW and N areas. MPI performs well in a few areas, and shows poor skill in the ENW, SW, NE and N areas. The regions with higher RMSE’ in NCC and MPI are consistent with the results in Figure 1. The simulation results of HadGEM2 are better than the other two GCMs. The biases in all the GCMs are reduced by the downscaling. The large wet biases in mid-western China in NCC and MPI are reduced, and the simulation in the regions with large RMSE’ is significantly improved by the dynamical downscaling, especially for MPI. However, the improvement of the downscaling is limited for HadGEM2 which performs relatively well. The ensemble mean collects the advantages of all the three RCM simulations, with good performance in all the sub-regions except the Tibet Plateau. The ensemble annual mean precipitation has smaller errors relative to the observation in each region.
In summer, the RMSE’ is high in all the three GCMs, especially MPI and NCC (Figure 2, rows 8–10). The GCMs generally simulate too much precipitation while the RCMs too less, especially in eastern and southern China. Great overestimations are produced by NCC and MPI in mid-western China, and by HadGEM2 in the northwest and the Tibet Plateau. After dynamical downscaling, the biases in the mid-western areas in NCC and MPI are reduced. However, the downscaling shows dry biases, which may be due to the underestimation of specific humidity and water vapor flux (Qin et al., 2021). In summer, the downscaling greatly decreases the RMSE’ in most regions, especially in the north. However, in the southern region with complex terrain and climate, the RCM does not show clear improvement. In winter, HadGEM2 performs well in most regions except southeastern and southern China. When the RCM driven by GCM, the bias partly come from the driving GCM, and partly come from the RCM itself. Take the simulation of winter precipitation from REMO/HadGEM2 as a example, the bias of the overestimation over South China maybe mainly come from HadGEM2-ES as the bias is quite small over this region when REMO driven by Reanalysis data (Xu et al., 2016), while over the edge of Tibetan Plateau, the overestimation of REMO/HadGEM2 is quite bigger than HadGEM2-ES, and the overestimation of REMO over this region also exist when it was driven by Reanalysis (Xu et al., 2016; Xu et al., 2018), possible because the underestimation of surface air temperature and thus leading to increasing the amount of atmospheric water vapor transported onto the TP (Xu et al., 2018). Both NCC and MPI have large negative biases in the southern region, which are reduced by the RCM. In terms of RMSE’, HadGEM2 with good performance is not obviously improved after downscaling. The large errors of NCC and MPI in southern and southeastern China are significantly corrected, with the RMSE’ notably reduced. The ensemble mean of the RCM simulations further reduces the biases in some regions in summer and winter, and the RMSE’ is also significantly decreased. However, the downscaling improvement is not evident for the GCMs with lower RMSE’.
Seasonal Cycle
Figure 3 shows the seasonal cycle of precipitation in each sub-region to evaluate the models’ ability in simulating the precipitation peak and variation characteristics. Table 2 shows the RMSE and the correlation coefficient between the simulated and the observed seasonal cycle. The observed precipitation peak occurs in July in most regions except the south and the southeast with the peak in June. The GCMs produce large biases of peak precipitation which can be found in all the regions. Specifically, HadGEM2 exhibits unobvious precipitation peak in the NW region, but produces significantly excessive precipitation from May to August. In some areas, the peak is clearly advanced or delayed by the GCMs. For example, the precipitation peak is advanced to May by NCC in the NW region and to June in the SW region. In the SW and S regions, the seasonal cycles in the GCMs are all unsatisfactory. The RCMs significantly improve the GCMs’ simulations with the precipitation peak value reduced, especially for HadGEM2 in the NW region and NCC in the ENW region. Table 2 shows that the RMSE in HadGEM2 is reduced from 1.357 to 0.352 mm/day in the NW region after downscaling, and that in NCC is reduced from 2.063 to 0.751 mm/day in the ENW region. The RCM simulations are more consistent with the observations than the GCMs in most regions. The RCM simulations partially correct the precipitation peak time in the GCMs. The precipitation peak in the SW region in NCC is corrected from June to July by the downscaling, but the improvement is limited. Table 2 shows that the RMSEs are reduced by the RCM in most sub-regions, but the improvement for the correlation is not evident.
[image: Figure 3]FIGURE 3 | Monthly cycle of precipitation in the eight sub-regions from the simulations and the observations.
TABLE 2 | The RMSEs and the correlation coefficients between the simulation and the observation for the seasonal cycle of precipitation in the eight sub-regions.
[image: Table 2]The ensemble mean of the RCM simulations not only reduces the overestimation of precipitation but also demonstrates the precipitation curve more consistent with the observation. The precipitation peak in the ensemble mean appears in July in the N region, with the value of 4 mm/day that is consistent with the observation. The ensemble mean also well captures the precipitation curve in other months and most sub-regions, indicating a significant improvement of the ensemble mean over the GCMs and the single RCM simulations. As shown in Table 2, the RCM ensemble mean performs better than at least one of the three RCMs in terms of both RMSE and correlation coefficient. Therefore, the RCM ensemble mean has an obvious improvement over the GCMs and the three RCM simulations.
Frequency of Precipitation Intensity
Figure 4 shows the frequencies of daily precipitation in different sub-regions. Generally, the frequency of light rain (1–5 mm day-1) is higher than 60% in the NW, TP, ENW sub-regions where have less heavy (20–50 mm day-1) and extreme precipitation (>50 mm day-1). More heavy and extreme precipitation are simulated in the east China like SE and S sub-regions. Obviously, there are some differences in the ability of the GCMs and RCMs to simulate precipitation. The RCM-simulated frequencies of precipitation are Closer to CN05.1 in the SE sub-region while GCM-simulated less extreme precipitation (>50 mm day-1) and more light rain. In the NW, TP, ENW, and SW, the RCMs simulate less light rain than observation and GCMs. In general, the RCM simulations produce more extreme precipitation than the GCMs. The better simulation of heavy precipitation by the RCMs may own to its higher resolution and better representation of cumulus process, while the RCM tend to overestimate the frequency of extreme precipitation in which daily intensity higher than 50 mm day-1 over most of sub-regions.
[image: Figure 4]FIGURE 4 | The frequencies of daily precipitation from the simulations and the observation in the eight sub-regions over China. The blue bar and the red bar represent the ensemble mean of GCMs and the RCMs simulations, respectively.
Extreme Indices
Figure 5 shows the observed spatial distributions of the extreme precipitation indices during 1986–2005 and the difference between each model and the observation. Figure 6 further illustrates the relative error of each model in the eight sub-regions. The observation shows that the indices of CWD, Rx5day and R95t exhibit a decreasing distribution from southeast to northwest, while the CDD on the contrary. This distribution is associated with the wetter condition in the southeast and it is consistent with the previous research (Xu et al., 2016). However, biases exist in each simulation. The GCMs underestimate most of the indices in the southeast and overestimate them in the northwest. Specifically, the Rx5day is significantly overestimated in the northern regions, while the CDD is underestimated in most regions, especially in NCC and MPI. R95t is well reproduced in most regions, but it is also underestimated in the southern areas. In general, the bias of R95t in the GCMs is relatively small.
[image: Figure 5]FIGURE 5 | The spatial distribution of the extreme precipitation indices in the observation (A–D), and the deviation between each simulation and the observation. Rows 2–4 illustrate the deviation in the GCMs, rows 5–7 show the deviation in the RCM simulations, and row eight shows the deviation in the ensemble mean.
[image: Figure 6]FIGURE 6 | The RMSE’ of the extreme indices for the three GCMs, the three RCM simulations and the RCM ensemble mean in the eight sub-regions. The number with blue color indicates a relatively better model result.
In the RCM simulations, the CWD is significantly improved by REMO over HadGEM2 and NCC. The overestimation in the GCMs is evidently reduced by the downscaling across the country, but underestimation is produced over the Tibet Plateau. For the Rx5day, REMO greatly reduces the overestimation in the northern and western regions of China in MPI. However, the RCM shows unobvious improvement for the CDD and the R95t. The limited improvement of R95t in the RCM is due to the small error between the GCM and the observation. For the CDD, the RCM reduces the biases in the southwest region and also shows improvements in other regions.
The RMSE’ (Figure 6) indicates that the GCMs simulate the CDD well in N, SE, and S regions while perform poorly in SW. The R95t is well simulated by HadGEM2 and NCC in most sub-regions, while MPI underperforms in SE and SW regions, especially SE region. NCC and HadGEM2 show poor skill in simulating CWD in all the eight sub-regions, and NCC and MPI reproduce Rx5day unsatisfactorily in ENW and SW regions. The RCM simulations exhibit significant improvement over the GCMs in producing the extreme indices. For the Rx5day, the RMSE’ in MPI in the ENW area is reduced from 0.55 to −0.41 by the downscaling. This confirms the great improvement of the downscaling over the GCM. For the CDD and the R95t, the GCMs have low RMSE’ in most regions, especially for R95t. The downscaling has limited improvement even regression in the regions where the GCMs perform well, but the RMSE’ is generally low. GCMs and the RCM show quite different biases for R95t and CWD, possibly due to the enhancement of resolution and representation of physical process. Due to the relatively lower resolution and the defect for the representation of cumulus parameterization, the overestimation of rain days especially for the light rainfall days the underestimation of daily intensity are the common problems of CMIP5 GCMs (Jiang, et al., 2015; Chen and Sun, 2015). While the enhancement of RCMs especially for the RCM higher than 25 km might lead to opposite bias, i.e. the overestimation of daily intensity and underestimation of wet days (Shi et al., 2017; Jiang et al., 2020), thus leading to opposite bias of R95t and CWD with the driving GCMs. In the ensemble mean, a great improvement on the CWD is found compared with the single RCM simulations, especially in the north and the southeast. For the Rx5day, the ensemble performs well in all the regions, especially in Northeast China and northern China where the GCM results are greatly improved. In addition, the ensemble further improves the single RCM simulations in all the regions.
Projection of Future Climate
Mean Climatology
Figure 7 describes the changes in the annual precipitation, the wet days, and the daily precipitation intensity during 2036–2065 (2050s) and 2066–2095 (2080s) under the RCP8.5 scenario. The RCM ensemble demonstrates an increase of about 5% in the annual precipitation in each region during 2036–2065. The increase in the NW region reaches nearly 20%, with a consistent increase in all the simulations, indicating that the future increase in precipitation in the northwest region is highly reliable. The RCM ensemble shows slight change in summer precipitation relative to that in the historical period (1986–2005). This may be due to the complex climate in summer and the underestimation of water vapor flux by the RCM. The winter precipitation is projected to increase in all the regions, especially the N, NE, ENW, and NW regions where the increase gets above 20%. This indicates that there will be more precipitation in the future in winter, and the increase tendency is reliable. In a word, the precipitation will generally increase in the future, especially in winter. The annual number of wet days will be obviously reduced in the southern region in the ensemble, and all the models project fewer wet days in the SW region. In the northern region, the RCM ensemble mean projects an increase in the number of wet days, especially in the NW region. In summer, the number of wet days is projected to decrease by all the models, especially in the SW region. The number of winter wet days will generally decrease in the southern areas while increase in the northern areas. In terms of the annual precipitation intensity, all the models demonstrate a great increase of about 10%, especially in the SE and S regions. In summer, the change of daily rainfall intensity ranges between ±5% in different regions. The winter rainfall intensity shows a relatively large increase of above 40% over all the regions except the NE region in the HadGEM2 simulation. This indicates a high probability of precipitation intensification in various regions in the future.
[image: Figure 7]FIGURE 7 | The future changes of annual (ANN), summer (JJA) and winter (DJF) precipitation, precipitation intensity and number of wet days in each model during 2036–2065 and 2066–2095.
During 2066–2095, the change and uncertainty in the precipitation is greater than that in the mid 21st century, especially in winter. The decrease of the number of wet days in southern China is more obvious in the late 21st century. The annual average precipitation intensity will generally increase, but the winter precipitation intensity will decrease compared with that in the mid 21st century. Over all, there will be more heavy precipitation in the late 21st century. The summer precipitation won’t change too much compared with that in the historical period, but the number of wet days will significantly decrease. The southern wet areas will experience more drought days, but the arid and semi-arid areas in the north will be more humid. In winter, the precipitation will increase obviously, with the precipitation in the 2080s more than that in the 2050s.
Frequency of Precipitation Intensity
The changes in frequencies of daily precipitation intensity in the eight sub-regions in the future period of 2066–2095 under the RCP8.5 scenario are shown in Figure 8. We can see that there will be less light rain (1–5 mm day-1) in the future, GCMs in all sub-regions will decrease for about 3% while RCMs decrease less than GCMs. The rain intensity greater than 50 mm day-1 will increase and RCMs increases more than GCMs. RCMs and GCMs all predict increasing trend of extreme precipitation which means the result of more extreme precipitation in the future is reliable. But in the NW and TP sub-regions, the increase for rain intensity greater than 50 mm day-1 is relatively less than other regions.
[image: Figure 8]FIGURE 8 | Changes in frequencies of daily precipitation in the eight sub-regions under the RCP8.5 scenario in the historical period and the future period of 2066–2095. The blue bar and the red bar represent the ensemble mean of GCMs and the RCMs simulations, respectively.
Extreme Indices
Figure 9 demonstrate the future changes in the extreme indices. The RCM ensemble mean shows that the Rx5day will increase in most sub-regions except the eastern northwest. While GCMs are showing a growth trend in all regions. This is consistent with the increase of precipitation in the future and indicates that the future precipitation will be stronger. The R95t will increase in all sub-regions Whether it is GCMs or RCMs. Spatially, the increase of R95t weakens gradually from the southeast to the northwest. The CWD predicted by RCMs showed a decrease in almost all regions. GCMs are predicted to increase in most regions except in the TP and part of the SW. It may be caused by the excessive wet days simulated by GCMs. The CDD will increase in the south while decrease in the north, which is in accordance with the projection of increasing precipitation in the north in the future. However, there will be longer CDD in the RCM simulation than GCMs. Generally speaking, under the background of increasing precipitation in the future, the wet extreme indices will increase in most regions except a few areas and different extreme indices demonstrate different change patterns.
[image: Figure 9]FIGURE 9 | Changes in the extreme indices in the future period of 2066–2095 (2080s) relative to the historical period.
Figure 10 describes the regional average changes of the extreme indices in the future. The ensemble mean Rx5day and R95t generally increase throughout the country. Both GCMs and RCMs have this trend. For Rx5day, the growth at the late 21st century is greater than that in the middle of the 21st century. Except for the ENW region, where the ensemble mean of RCMs show a decreasing trend, the rest of the region, the ensemble mean of GCMs and the RCMs all show an increasing tendency. The R95t will increase in all the regions in the mid 21st century, It indicates that there will be more rainstorms in the future, especially in the south China, and R95t gets even larger in the late 21st century. The CDD increases obviously in southern China and decreases in the northern China in the mid 21st century and GCMs decrease more than RCMs. In the late 21st century, the drop of CDD will weaken in the northern regions while strengthen in the southern regions. The CWD decreases in most regions in the mid 21st century, but in the late 21st century, GCMs show an increasing trend in most sub-regions. In general, the drought in the northern regions will be alleviated with the increasing precipitation, and extreme precipitation will increase in various regions.
[image: Figure 10]FIGURE 10 | The changes in the extreme indices in the mid 21st century (2036–2065, 2050s) and the late 21st century (2066–2095, 2080s) relative to the historical period in the eight sub-regions.
The water vapor flux and the water vapor flux divergence are analyzed to investigate the factors affecting the precipitation changes (Figure 11). Under the RCP8.5 scenario, the atmospheric water content will be higher during 2066–2095 than that in the historical period. The increase of water vapor flux is more obvious in the northeast areas and some southern coastal areas. This pattern is found in all the three simulations, which is consistent with the pattern of precipitation growth in the future. Meanwhile, the water vapor flux divergence is negative in the northwestern region, which indicates the accumulation of water vapor and thus more rain. This is consistent with the conclusion that the western region will be wetter, with the drought alleviated.
[image: Figure 11]FIGURE 11 | The changes in the water vapor flux and the water vapor flux divergence at 850 hPa in the future period of 2066–2095 relative to the historical period from the downscaling simulations driven by different GCMs.
Figure 12 illustrates the scatter plots of the extreme precipitation indices against the circulation elements as well as the linear regressions. The correlation coefficients passing the 0.05 significance test are asterisked. The extreme indices are highly sensitive to the annual precipitation, especially the Rx5day, with the correlation coefficients in all the simulations passing the significance test (Figure 12A). This reveals that the change of extreme precipitation in the future is highly related to the precipitation amount. Most indices are highly correlated with the water vapor flux, and the R95t has the highest correlation that passes the significance test in all the three RCM simulations (Figure 12F). This indicates that the change of water vapor will obviously affect the change of precipitation, especially the extreme precipitation. However, the correlations between the extreme indices and the wind are not significant.
[image: Figure 12]FIGURE 12 | Scatter plots of the extreme precipitation indices against the annual precipitation, the water vapor flux and the wind accompanied with the linear regressions. The correlation coefficients passing the 0.05 significance test are asterisked.
Figure 12 shows that the future changes of extreme indices are closely related to the annual precipitation and the water vapor flux by calculating the temporal regression correlation. In order to explore the spatial characteristic of the climate change in China, it is necessary to study the spatial correlations between the extreme indices and the circulation factors. The correlation coefficients between the changes in the extreme indices and the changes in the water vapor flux, the zonal wind and the meridional wind during 2066–2095 relative to the historical period are presented in Table 3. The values in bold pass the 0.01 significant test. The results show that the change of R95t is closely related to the change of the circulation factors especially the water vapor flux, with the correlations all passing the 0.01 significance test. The change of Rx5day is negatively correlated with the change of meridional wind and the correlations are significant. In general, there are high correlations between the changes in the extreme indices and the changes in the circulation factors, especially the R95t. It indicates that the future climate change will be profoundly affected by the circulation, and the spatial distribution of the future changes in China is credible.
TABLE 3 | Correlation coefficients between the changes in the extreme indices and the changes in the water vapor flux and the wind from the three downscaling simulations.
[image: Table 3]CONCLUSION AND DISCUSSION
Based on the downscaling with the RCM of REMO driven by the GCMs of HadGEM2-ES, NorESM1-M and MPI-ESM-LR under the CORDEX-EA-II framework, the extreme precipitation change in China in the mid and the late 21st century is projected under the RCP8.5 scenario. First, the simulations of different models are evaluated during 1986–2005. Then, the extreme precipitation in the mid (2035–2066) and the late (2066–2095) 21st century is analyzed. Finally, the relationship between the extreme precipitation indices and the circulation factors are investigated.
The results show that the high resolution RCM can significantly improve the GCM simulations. The RCM simulations reduce the RMSE’ of precipitation and the overestimation of precipitation peak in summer in the GCMs. However, the improvement of the RCM is limited in the areas with small errors. The annual precipitation in the RCM ensemble has smaller errors than the summer and winter precipitation in all the eight sub-regions. Thus, it can be concluded that the RCM ensemble can integrate the improvement of each single RCM over the GCMs and better reproduce the spatial distribution characteristics of the annual precipitation. For the extreme precipitation, the RCM evidently improves the GCM simulations. Regarding the extreme precipitation indices, the RCM simulations exhibit great improvements for the Rx5day and the CWD by significantly reducing the errors. The improvement for the Rx5day is mainly demonstrated in the northern and the northeastern regions, and the positive bias of CWD is reduced in most areas in China. For the R95t and the CDD, the improvements of RCM are limited due to the good performance of the GCMs.
There will be more precipitation in China in the future, and the drought in the northern regions will be alleviated, especially in the ENW and the N sub-regions. There will be more dry days and less wet days in the southern regions, especially in the SE and the SW sub-regions. However, extreme precipitation events would be more frequent in the future over various regions, which is mainly featured by the significant increase of Rx5day and R95t. With the decrease of rainy days and the increase of precipitation intensity, the southern regions will experience more frequent rainstorm disasters in the future. The attribution analyses reveal that the increasing water vapor flux will result in the increase of future precipitation extremes, and the accumulated water vapor leads to the drought relief in the northern regions. Most of the extreme indices are well correlated with the circulation factors. In particular, the R95t has significantly positive spatial-temporal correlations with the water vapor flux and negative spatial correlations with the wind.
Since multiple GCMs are used to drive the high resolution RCM and the RCM ensemble is adopted to project the future extreme precipitation in this study, the projection results are more reliable with smaller uncertainty. However, there is still much room for improvement. First, we use the CN05.1 grid data whose accuracy is affected by the number of observational stations in each region, so the bias can be large where the observation stations are sparse. The observation will be more reliable if different observational datasets are employed. Second, the resolution of the RCM used in this study is 25 km, but a higher resolution is required, such as convection-permitting scale, i.e. resolution higher than 4 km, to project the future extreme precipitation more accurately. Third, the ensemble of multiple GCMs dynamical downscaling is applied to reduce the uncertainty in the future climate projection. However, the uncertainty reduction is limited since only three GCMs are used for the ensemble projection, and more GCMs dynamical downscaling as well as more RCMs are needed for the future study. Fourth, the coupling of regional atmosphere model with an ocean model is needed to resolve the air-sea coupling process and to better reproduce the East Asia climate and thus enhance the confidence of future climate change (Zou et al., 2016; Zou and Zhou, 2016; Zou and Zhou, 2017). Finally, the future extreme precipitation is projected only under the RCP8.5 scenario without the other scenarios considered, resulting in an incomprehensive presentation of the future extreme precipitation change. Therefore, more scenarios should be contained in the future work.
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Strong earthquakes are a major cause of natural disasters and may also be related to heavy rainfall events. Both phenomena have received considerable attention in seismology and meteorology, two relatively independent disciplines, but we do not yet know whether there is a connection between them. We investigated the characteristics of daily rainfall over seismic areas in China. Our statistical analyses showed that there is a strong correlation between strong earthquakes (Ms ≥ 6.0) and rainfall over the seismic area, with 74.9% of earthquakes in China accompanied by seismic epicenter rainfall and 86.6% by seismic area rainfall. The statistics also showed that the daily precipitation over the seismic area, including the epicenter, was mainly light rain, with only a few instances of torrential or storm rain, with 80% of the rainfall events lasting two or more days. The maximum cumulative precipitation corresponded well with the strong earthquakes occurring over steep terrain, such as the Taiwan central mountains and the eastern Tibetan Plateau. The earthquake area rainfall had a higher frequency than the 30-years climatological average and was dominated by earthquake events in the wet season. The WRF-ARW numerical simulation of seismic local rainfall during the devastating Ms 8.0 Wenchuan earthquake in May 2008 showed that the geothermal heat from the earthquake strengthened the local convergence of moisture and vertical motion near the epicenter and the upward transport of the sensible heat flux, which favored seismic rainfall. The results of this study show that rainfall in the seismic area is closely related to strong earthquakes and can be triggered and enhanced by geothermal heat.
Keywords: seismic rainfall, epicenter rainfall, geothermal heating, strong earthquake, numerical simulation
INTRODUCTION
Earthquakes and rainfall are two different natural phenomena, but there are some linkages between their mechanisms. Many climate and weather phenomena, including violent cyclonic storms, arise from air–sea interactions. Earthquakes are caused by collisions between the Earth’s tectonic plates. Large amounts of heat energy are produced by these collisions and warm the Earth’s crust around the epicenter. Land surface temperature anomalies have been observed before earthquakes and have been used in earthquake prediction studies (Bhardwaj et al., 2017). Tectonics is also affected by weather phenomenon. Storms and typhoons may lead to microseismic events (Wang et al., 2018), which can also be triggered by rainfall (Hainzl et al., 2006). The atmospheric anomalies observed in earthquake events include high air temperatures (Alvan et al., 2014), low pressures associated with blocking (Mansouri Daneshvar et al., 2015), cloud and aerosol anomalies (Guo and Wang, 2008), and an increase in carbon-bearing gases (Cui et al., 2016). Although most of these studies are based on single case studies in individual regions, they provide clues to the relationship between the Earth’s atmosphere and earthquakes.
Studies using long time series of data have shown some evidence of local thermal and precipitation abnormalities before earthquakes. For example, the concept of a thermal vortex, referring to a zone of anomalously high soil temperatures, has been used to predict earthquakes in mainland China (Tang and Gao, 1995). Similarly, most strong earthquakes in southern California are preceded by a drought–flood pattern consisting of a few years of drought (below-normal precipitation) terminated by one or more consecutive seasons of heavy (above-normal) rainfall (Huang, et al., 1979). Kraft et al. (2006) found that seismicity had a significant correlation with rainfall and groundwater levels. The highest seismic activity in the summer months always corresponded with the highest annual precipitation. Statistical studies have also shown that the accumulated rainfall (surface latent heat flux) was >10 mm (>50 W m−2) over 3–23 days prior to the main shock of major earthquakes in the Middle East (Mansouri Daneshvar et al., 2014). Many episodes of heavy rainfall have occurred during strong earthquakes in Taiwan Island and mainland China, including the Ms 7.6 Chi-Chi earthquake on September 21, 1999, the Ms 7.2 Xingtai earthquake on March 22, 1966, the Ms 7.8 Tangshan earthquake on July 28, 1976 and the Ms 8.0 Wenchuan earthquake on May 12, 2008. A strong earthquake plus torrential rain leads to an increase risk of disaster.
There is much evidence to suggest a close relationship between earthquakes and local rainfall, but the physical mechanisms require further exploration. We statistically analyzed the frequency of rainfall, the rainfall start time, rainfall duration and seismic daily precipitation for strong earthquakes in mainland China and Taiwan. We then carried out a diagnostic analysis and numerical simulation for the catastrophic Ms 8.0 Wenchuan earthquake on May 12, 2008 to try to explain the influence of strong earthquakes on local rainfall. This topic is a crossover between the atmospheric sciences and tectonics. Our preliminary results suggest that the release of tectonic heat may have a major role in seismic rainfall.
DATA AND METHODS
Data
We used the China Unified Earthquake Catalog Network dataset (1970–2018) from the China Earthquake Data Center (CEDC) of China Earthquake Administration (https://data.earthquake.cn/gcywfl/index.html), the China Ground-Based Daily Meteorological Elements dataset (V3.0) (1970–2018) from the National Meteorological Information Center, China Meteorological Administration and daily precipitation data from 21 rain gauges over Taiwan island from the National Central Weather Bureau in the same time period. We also used the National Centers for Environmental Prediction (NCEP) final operational global analysis (FNL) dataset, which is available every 6 h with a (1 ° × 1 °) horizontal resolution and 26 vertical pressure levels from 1,000 to 10 hPa (http://rda.ucar.edu/datasets/ds083.2/). This product is generated by the Global Data Assimilation System, which continuously collects real-time observational data from the Global Telecommunications System.
Methods
We analyzed daily precipitation data over the seismic area during the earthquake period. The earthquake time range was defined by the adjacent five days—that is, the outbreak day and the 2 days before and 2 days after the outbreak day. We called this 5-day range the influential period. Earthquakes with a magnitude ≥6.0 on the Richter scale were defined as strong earthquakes. There were a total of 262 strong earthquake events in China in the time period 1970–2018 based on the CEDC/CEA datasets. Aftershocks and seaquakes were removed from the data.
Two categories of precipitation in the influential period were used in statistical and diagnostic analysis: the epicenter rainfall and the seismic area rainfall. The rainfall at the station nearest to the epicenter was used to represent the epicenter rainfall. Some of the seismic events occurred in the central and western Tibetan Plateau, where there is only a sparse distribution of meteorological stations. In these cases, the nearest station was defined as a station <100 km from the epicenter for an Ms ≥ 6.0 earthquake, <200 km for an Ms ≥ 7.0 earthquake and <400 km for an Ms ≥ 8.0 earthquake. Considering the different impact radius of earthquakes with different magnitudes, for the definition of seismic area rainfall, the epicenter was taken as the center of a circle and the meteorological observational station with the maximum rainfall within a radius of 100 km for an Ms ≥ 6.0 earthquake, 200 km for an Ms ≥ 7.0 earthquake and 400 km for an Ms ≥ 8.0 earthquake was used to represent the seismic area rainfall. Figure 1 shows a schematic diagram of the seismic epicenter and area rainfall for Ms ≥ 7.0 earthquakes. According to the above definition, the epicenter rainfall is included in the seismic area rainfall.
[image: Figure 1]FIGURE 1 | Schematic diagram of the seismic epicenter rainfall and seismic area rainfall for an Ms ≥ 7.0 earthquake. The red dot represents the epicenter and the three gray dashed circles denote the influence area for Ms ≥ 6.0, Ms ≥ 7.0 and Ms ≥ 8.0 earthquakes, respectively. The black stars show the locations of the meteorological stations and the daily precipitation (units: mm) is overlaid in gold numbers.
The 24 h accumulated precipitation on the day of the earthquake and 2 days before and after the earthquake was recorded and denoted as Pr (−2d), Pr (−1d), Pr (0d), Pr (+1d) and Pr (+2d), respectively. The daily rainfall categories were defined by the China National Standard GB/T 28592-2012 as light rain (0.1–9.9 mm), moderate rain (10.0–24.9 mm), heavy rain (25.0–49.9 mm), torrential rain (50.0–99.9 mm), heavy torrential rain (100.0–249.9 mm) and extraordinary storm rain (≥250.0 mm). Each year was divided into dry (October–April) and wet (May–September) seasons based on the seasonal characteristics of the East Asian monsoon and associated rain belt.
A numerical simulation was also carried out on the devastating Ms 8.0 Wenchuan earthquake on May 12, 2008 using the Advanced Research Weather Research and Forecasting model version 4.0 (WRF-ARW V4.0) to determine the relation between the earthquake and local rainfall. WRF-ARW is a fully compressible Euler non-hydrostatic model with a hybrid terrain-following vertical coordinate scheme. We used the third-order Runge–Kutta scheme for integration with a smaller time step for the gravity wave mode (Skamarock et al., 2019). Triple two-way interactive nested domain grids centered on (31°N, 103°E) are designed. All three domains were integrated from 00:00 UTC on May 12, 2008 to 00:00 UTC on May 14, 2008. The initial and boundary conditions were interpolated from the NCEP FNL datasets with a spatial resolution 1° and 6 h temporal resolution. The resolutions of the static terrain data were 10′, 5′ and 2′ for the three nested mesh domains and the grid resolutions were 18.5, 9.3 and 3.7 km, respectively. The model top was set at 50 hPa and the vertical resolution was 35 sigma levels. Besides, the WRF single moment 6-class (WSM6) microphysics parameterization scheme (Hong and Lim, 2006), Kain-Fritsch cumulus parameterization (Kain, 2004), and Yonsei university (YSU) planetary boundary layer scheme (Hong et al., 2006) are used.
DAILY RAINFALL PROPERTIES OVER THE SEISMIC AREA
There were 262 strong earthquakes (Ms ≥ 6.0) in the study area between 1970 and 2018. Figure 2 shows the spatial distribution of the earthquakes and the corresponding weather stations. A total of 105 (40.1%) earthquakes occurred on Taiwan island and 157 (59.9%) in mainland China. A total of 119 (45.4%) earthquakes occurred in the wet season (May–September) and 143 (54.5%) in the dry season (October–April).
[image: Figure 2]FIGURE 2 | Spatial distribution of strong earthquakes (Ms ≥ 6.0; red dots) and the corresponding meteorological stations (black dots) in China.
Figure 2 shows that the meteorological stations were densely distributed in the seismic area or near the epicenter, except in some sparsely inhabited parts of the Tibetan Plateau. Statistical results show that the average distance are 37.2, 42.1 and 59.5 km between the meteorological stations and the epicenter of 6.0 ≤ Ms ≤ 6.9, 7.0 ≤ Ms ≤ 7.9 and Ms ≥ 8.0 earthquakes, respectively.
Figure 3 shows the distribution of rainfall over the seismic area (including the epicenter) during the influential period for the Ms 7.8 Tangshan earthquake on July 28, 1976. The daily precipitation was mainly light rain at the epicenter, but was much heavier over the seismic area.
[image: Figure 3]FIGURE 3 | Rainfall in the influential period of the Tangshan Ms 7.8 earthquake. The red star represents the epicenter and the colored dots denote different grades of precipitation (units: mm).
Rainfall Frequency
A total of 223 earthquakes among the sample of 262 earthquakes met the criterion defined in Data and Methods and the remaining 39 earthquakes were excluded because there was no weather station within the seismic area. Seismic area rainfall was recorded on at least 1 day of the influential period for 193 earthquakes (86.6%) and seismic epicenter rainfall was recorded in the influential period for 167 earthquakes (74.9%). This suggests a strong connection between strong earthquakes and precipitation over the seismic area, including the epicenter.
Rainfall Occurrence Time and Duration
For the beginning day of rainfall relative to the earthquake occurrence during the influential period, statistics show that there were 89 Pr (−2d), 31 Pr (−1d), 23 Pr (0d), 9 Pr (+1d) and 15 Pr (+2d) epicenter rainfall samples, respectively. And there were 895 Pr (−2d), 270 Pr (−1d), 275 Pr (0d), 206 Pr (+1d) and 97 Pr (+2d) seismic area rainfall samples, respectively. It can be concluded that 71.8% (53.3% + 18.5%) of the epicenter rainfall and 66.8% (51.3% + 15.5%) of seismic area rainfall occurred before strong earthquakes, which suggests that rainfall over the seismic area is indicative of the occurrence of strong earthquakes and it may be related to the geothermal releasing.
In terms of the rainfall duration, that is the number of rainy days for a specific strong earthquake event, 26, 42, 30, 31 and 38 cases had five rainy days, four rainy days, three rainy days, two rainy days and one rainy day over the seismic epicenter, respectively. For the seismic area rainfall, the case numbers for five rainy days, four rainy days, three rainy days, two rainy days and one rainy day are 308, 342, 366, 404 and 323, respectively. Thus, 77.2% of the epicenter rainfall and 81.5% of the seismic area rainfall lasted for two or more days during the 5-days influential period that we defined.
Temporal Distribution of Precipitation
Most of the epicenter precipitation in the influential period fell as light rain (Figure 4). Heavy rainfall in the region of the epicenter and beyond tended to occur during or after earthquakes. The proportion of heavy torrential rain was highest 2 days after the earthquakes, whereas the highest proportion of extraordinary storms occurred 1 day after the earthquakes. Heavy torrential rain and extraordinary storms never occurred before the earthquakes during the study period.
[image: Figure 4]FIGURE 4 | Grade of daily precipitation (units: mm) for epicenter rainfall in the influential period.
The trend of daily precipitation in the seismic area during the influential period (Figure 5) was similar to that of epicenter rainfall. The rainfall over the seismic area was mainly light or moderate, with average proportions of 74.6 and 14.3% in the influential period, respectively. Higher grades of precipitation in seismic area rainfall tended to occur 1 day after an earthquake and the proportion of heavy torrential rain reached a maximum of 1.3% 2 days after an earthquake.
[image: Figure 5]FIGURE 5 | Grade of daily precipitation (units: mm) for seismic area rainfall in the influential period.
Spatial Distribution of Precipitation
The spatial distribution of the 5-day accumulated precipitation near the epicenter (Figure 6A) shows that the earthquakes in Taiwan island were accompanied by the heaviest precipitation, with some earthquake events accompanied by daily precipitation ≥250 mm. The highest precipitation in mainland China occurred on the eastern side of the Tibetan Plateau, which is a north–south zone in terms of seismology, and the precipitation had similar features to that over Taiwan Island. Precipitation was highest on the northeast side of the Sichuan basin. The highest cumulative precipitation corresponds well to the steepest terrain along the seismic belt. The steep terrain may strengthen the rainfall associated with earthquakes.
[image: Figure 6]FIGURE 6 | Spatial distribution of strong earthquakes (gray dots) in China and the corresponding 5-day accumulated precipitation (colored dots, units: mm) in the influential period (A) near the epicenter and (B) in the seismic area.
CLIMATOLOGICAL ANOMALIES IN PRECIPITATION OVER THE SEISMIC AREAS
We analyzed the climatological anomalies in precipitation over the seismic area from 1971 to 2000. The climatological state of precipitation was calculated over the seismic area for each strong earthquake and therefore the average precipitation frequency was dependent on the proportion of weather stations within the radius of influence. We then calculated the anomalies in the frequency of precipitation in the year of the earthquake relative to the 30-years average (Table 1).
TABLE 1 | Climatological anomalies in rainfall frequency over the seismic area.
[image: Table 1]We compared the rainfall frequency for each of the 223 strong earthquakes in the 49-years study period with the 30-years climatological average. A total of 129 (57.8%) earthquake events had more frequent rainfall and 86 (38.6%) had less frequent rainfall. This means that rainfall was more likely to occur during strong earthquake events (Ms ≥ 6.0) from the perspective of climatological anomalies (Table 1). Furthermore, implied by the wet season and dry season comparison analysis results in Table 1, strong earthquakes in the wet season are more likely to trigger rainfall events than that in the dry season.
NUMERICAL SIMULATION OF RAINFALL ASSOCIATED WITH THE WENCHUAN EARTHQUAKE
The devastating Ms 8.0 Wenchuan earthquake of May 12, 2008 occurred in a region where the steep terrain of the eastern edge of the Tibetan Plateau is in Sichuan province. The catastrophic earthquake caused enormous economic losses and claimed many human lives (Chen, 2009). The dataset for the seismic area rainfall is based on weather observations. Using the NCEP reanalysis datasets, Shi et al. (2010) confirmed that temperature and precipitation anomalies were present before the earthquake and that the daily anomaly centers were around the epicenter. Based on the observational dataset from 142 automatic rain gauge stations in Sichuan province, Min and Xu (2008) showed that the mean daily air temperature in the most severely affected counties in the seismic area were higher than the 30-years climatological average, except on rainy days.
The land surface temperature is a crucial factor in demonstrating the impact of earthquakes on the Earth’s atmosphere (Zhao et al., 2019). Figure 7 clearly shows a diurnal variation in the surface and 850 hPa temperatures over the seismic area (31–34°N, 103–106°E), with the highest at 06:00 h UTC and the lowest at 00:00 h UTC. The 850 hPa temperature shows a similar variation trend with the surface temperature and both are generally warmer than the 30-years mean. This suggests that the surface of the epicenter and the lower region of the air column are warmer around the time of the earthquake, consistent with previous studies (Min and Xu, 2008; Shi et al., 2010).
[image: Figure 7]FIGURE 7 | Mean distribution of temperature (units: K) in the seismic area around the earthquake. The blue dashed line denotes the occurrence time of the earthquake.
An analysis of the atmospheric circulation field before the earthquake (Figure 8) shows that there is a clear zone of convergence of the water vapor flux over the seismic area 24 h before the earthquake and that this is coordinated with vertical upward motion, which is strongest near the epicenter (Figure 8A). The convergence zone of the water vapor flux and vertical upward motion is maintained and enhanced at the time of the outbreak of the earthquake (Figure 8B). Warming of the ground and lower atmosphere near the epicenter of the earthquake (Figure 7) favors this vertical motion, and convergence of the water vapor enhances the water supply (Figure 8). This leads to rainfall over the epicenter and seismic area. As a result of the lack of real-time observational data over the seismic area and the coarse resolution of the NCEP FNL datasets, this hypothesis needs further verification with a high-resolution numerical simulation.
[image: Figure 8]FIGURE 8 | Divergence of the water vapor flux (shading, units: 10–8 g hPa−1 cm−2 s−1) and vertical velocity (red dashed lines, units: Pa s−1) at 700 hPa derived from the NCEP FNL datasets for (A) 06:00 UTC on May 11, 2008 and (B) 06:00 UTC on May 12, 2008. The blue plus signs and blue lines indicate the Tibetan Plateau and the black dot is the epicenter of the earthquake.
A comparison of the 48-h accumulated precipitation of the control simulation with the observations (Figure 9) showed that the spatial distribution of the simulated precipitation was consistent with the observations. The model reproduced the area of heavy rainfall with precipitation ≥50 mm near the epicenter, although the modeled range of the strongest precipitation was larger and more dispersed than the observations (Figure 9). This main be caused by the different resolutions of the numerical model and the weather stations besides the initial conditions and model bias. Considering the sparse distribution of weather stations and the errors in the interpolation process, we selected the equitable threat score (ETS), which is commonly used in both operational and research verifications of precipitation, to quantitatively evaluate the simulation results. The definition and calculation formula are as follows (Gandin and Murphy, 1992).
[image: Figure 9]FIGURE 9 | The 48-h accumulated precipitation (units: mm) from 00:00 UTC on May 12 to 00:00 UTC on May 14, 2008 for (A) the observations and (B) the control simulation.
The ETS score can eliminate the number impact of statistical stations as threat scores, with its score ranging from −1/3 to one; an ideal ETS score is 1. We used the 1,043 grid within D03 in the calculation and the precipitation was divided into four magnitude groups of 0.1, 10, 25 and 50 mm. The corresponding ETS scores were 0.62, 0.42, 0.25 and 0.17 for precipitation over 0.1, 10, 25 and 50 mm, respectively. This indicates that the model can reasonably simulate precipitation over the seismic region.
We conducted three groups of six sensitive experiments to simulate the impact of abnormal heating arising from earthquakes on rainfall over the seismic area. We changed the surrounding temperature, including the surface skin temperature (TSK), the soil temperature (TSLB; in four layers 10, 30, 60 and 100 cm below the ground surface) and the soil temperature of the lower boundary (TMN; 2 m below the ground surface). The spatial distribution of TSK, TLSB and TMN in the influential period of the earthquake showed that the epicenter corresponded to higher temperatures.
Shi et al. (2010) reported that the climatological anomaly of the daily average air temperature was about 3–5 K around the Wenchuan area on May 12, 2008. The values of TSK, TSLB and TMN in our simulation domain were in the range 259.4–303.6 K, 260.2–306.8 K and 253.6–303.6 K, respectively. To better characterize the heterogeneous impact of the release of geothermal energy on the variation in land surface temperature, we multiplied the original values of TSK, TSLB and TMN in each domain by 0.5, 1.0 and 1.5% as perturbations and then added or subtracted these values from the initial TSK, TSLB and TMN field to generate a new initial field. If the temperature increased or decreased by 1.5%, then the maximum change in temperature was about 4.6 K, which was close to the observational results (Shi et al., 2010). Table 2 gives detailed descriptions of these six experiments.
TABLE 2 | Description of the sensitivity experiments.
[image: Table 2]Figure 10 shows the 48-h accumulated precipitation for the TMP+1.5 and TMP−1.5 sensitivity experiments and their difference between the CTL experiments. Compared with the control simulation (Figure 9B), the range of the torrential rain clearly increased near the epicenter in the TMP+1.5 simulation, whereas it decreased in the TMP−1.5 simulation. There was a similar variation trend in the other four sensitivity experiments (figure omitted). Specifically, after increasing the temperature of TSK, TSLB and TMN, the scope of the torrential rain increased, and vice versa. The higher the temperature, the larger the precipitation range is. The following analyses of the mechanism focus on the TMP+1.5 and TMP−1.5 sensitivity experiments. Not all of the grid points in the whole simulated domain showed the same trend of accumulated precipitation because this is also related to the topography and properties of the land surface (Figures 10A,B), but their influence is negligible (Figures 10C,D).
[image: Figure 10]FIGURE 10 | The 48-h accumulated precipitation (units: mm) from 00:00 UTC on May 12 to 00:00 UTC on May 14, 2008 for (A) the TMP+1.5 experiment, (B) the TMP−1.5 experiment, (C) the difference between the CTL and TMP+1.5 experiments and (D) the difference between the CTL and TMP−1.5 experiments. The black dots represent the epicenter of the earthquake and the green dashed rectangle represents the area near the epicenter.
The simulated results show that the range of larger sensible heat flux area (>150 W m−2) in TMP+1.5 experiment was significantly increased compared with the control simulation (Figures 11A,B,D), whereas it was significantly decreased in the TMP−1.5 experiment (Figures 11A,C,E). The latent heat flux showed similar variation characteristics (figure omitted). The outbreak of an earthquake can release geothermal energy, which increases the upward transport of the sensible heat and latent heat fluxes from the land surface to the lower troposphere. The simulated wind circulation showed that ascending motion was widely distributed around the epicenter (Figure 12A). Simulations with an increase in temperature from a geothermal heat source could favor ascent around the epicenter of the earthquake (Figure 12B), whereas decreasing temperatures could restrain upward motion and even result in descent over the epicenter (Figure 12C).
[image: Figure 11]FIGURE 11 | The 48-h average surface sensible heat flux (units: W m−2) from 00:00 UTC on May 12 to 00:00 UTC on May 14, 2008 for (A) the CTL experiment, (B) the TMP+1.5 experiment, (C) the TMP−1.5 experiment, (D) the difference between the CTL and TMP+1.5 experiments and (E) the difference between the CTL and TMP−1.5 experiments. The black dot represents the epicenter of the earthquake.
[image: Figure 12]FIGURE 12 | West–east-oriented vertical cross-section of the simulated wind circulation (stream, units: m s−1) along the epicenter at latitude 31.01° N for 18:00 UTC on May 12, 2008 for (A) the CTL experiment, (B) the TMP+1.5 experiment and (C) the TMP−1.5 experiment. The green dashed line denotes the epicenter of the earthquake at longitude 103.42° E; the gray shaded area represents the topography and the red solid lines are the contours of zero vertical velocity (units: m s−1).
The water vapor flux divergence field and the vertical velocity at 500 hPa show the area of convergence of the water vapor flux and upward motion (Figures 13A–C) and correspond to the simulated area of heavy precipitation (Figure 10). The warmer temperatures of the ground and lower troposphere favored vertical motion and a stronger moisture flux convergence, increasing rainfall over the seismic area (Figure 10D) and vice versa (Figure 10E).
[image: Figure 13]FIGURE 13 | The 48-h average water vapor flux (vectors, units: 10–3 g hPa−1 cm−1 s−1), divergence of water vapor flux (shading, units: 10–8 g hPa−1 cm−2 s−1), vertical velocity (blue lines, units: 10–2 m s−1) at 500 hPa from 00:00 UTC on May 12 to 00:00 UTC on May 14, 2008 for (A) the CTL experiment, (B) the TMP+1.5 experiment, (C) the TMP−1.5 experiment, (D) the difference between the CTL and TMP+1.5 experiments and (E) the difference between the CTL and TMP−1.5 experiments. The black dots denote the epicenter of the earthquake.
CONCLUSIONS AND FUTURE WORK
We found that earthquakes may lead to both epicenter and seismic area rainfall. We investigated the daily precipitation during the influential period over the epicenter and seismic area of strong earthquakes (Ms ≥ 6.0). We found that the rainfall over the seismic area within 5 days of an earthquake was closely related to strong earthquake events. A total of 74.9% the earthquake events in China were accompanied by epicenter rainfall and 86.6% by seismic area rainfall. The rainfall had a long duration, with 77.2% the epicenter rainfall and 81.5% of the seismic area rainfall lasting at least 2 days. The precipitation near the epicenter of strong earthquakes and over the seismic area was mainly light rain, although torrential or storm force rain was also seen. Higher cumulative precipitation corresponded well with strong earthquakes occurring in areas with steep terrain or on Taiwan Island. The seismic area rainfall had a higher frequency than the climatological rainfall, especially which associated with earthquakes in the wet season.
Our case study shows that the release of geothermal energy can strengthen the upward transport of the sensible and latent heat fluxes and that ascending motion near the epicenter of earthquakes increases the convergence of the water vapor flux, favoring rainfall over the seismic area. We determined preliminary statistics for the frequency of rainfall in Taiwan and mainland China. It showed that 82.8% of seismic epicenter rainfall and 91.5% of seismic area local rainfall occurs in Taiwan while 67.0% of seismic epicenter rainfall and 81.7% of seismic area local rainfall occurs in mainland China. This could be studied further by considering more sub-regions.
This is an interesting crossover topic between the solid Earth and atmosphere sciences. Further work should be carried out to explore the mechanism for the impact of geothermal outbreaks on local rainfall.
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Strong Eastern-Pacific type El Niño (EP-El Niño) events have significant impacts on the decaying-summer precipitation over East Asia (EA). It has been demonstrated that frequency of strong EP-El Niños will increase and associated precipitation will become more severe and complex under future high emission scenarios. In this study, using simulations of CMIP5 and CMIP6, changes of the summer precipitation pattern related to strong EP-El Niño during its decay phase and the possible mechanism as responding to high emission scenarios are examined. Precipitation anomaly patterns over EA of strong EP events show a large inter-model spread in historical simulations between the CMIP models where CMIP6 is not superior to CMIP5. Under high emission scenarios, changes of summer precipitation anomalies related to strong EP events tend to increase over the southern EA and decrease around the northern EA from CMIP5, while there is an overall increase in the whole EA from CMIP6. The common change is featured by the increase of precipitation over southeastern China under high emission scenarios. This could be mainly attributed to the anticyclonic circulation from the South China Sea to the western North Pacific as a delayed response to more frequent strong EP-El Niños, which favors an increase in water vapor fluxes converging into the southeastern China.
Keywords: strong EP-El Niño events, east-asian summer precipitation, high emission scenarios, anticyclonic circulation, moisture budget
1 INTRODUCTION
As a major factor of global warming, the change of CO2 concentration has received a number of attentions nowadays. IPCC AR5 pointed out that global mean surface air temperature (SAT) as well as sea surface temperature (SST) has been rising since industrialization, and the projected temperature tends to rise under future scenarios with different amplitudes of increases. The high temperatures and heat waves would become more severe under higher emission scenarios but with regional differences. The warmer air contains more water vapor according to the Clausius-Clapeyron equation, which would affect the global water cycle through the variation of moisture and the change of water vapor transport induced by the circulation anomaly (Richard and Brian, 2008; O’Gorman et al., 2010; Balcerak and Ernie, 2013).
In general, higher CO2 concentration tends to produce more global precipitation and regional extreme events. Compared with the representative concentration pathway (RCP) 4.5 experiment, the extreme precipitation may increase from 7 to 11% in the RCP8.5 experiment but varies with different areas and the certain areas tend to suffer from more floods or droughts (Lau et al., 2013; Li et al., 2018). It can be also projected that the precipitation variability tends to be more evident over China (Hu et al., 2017). Based on a set of SSP5-85 experiments from CMIP6, more summer precipitation tends to appear over most parts of South Asia, especially the semiarid regions (Almazroui et al., 2020). The summer precipitation anomaly over East Asia (EA) is closely connected with the location and intensity variation of the western Pacific subtropical high (WPSH), which can be further connected with synergic effects between Indian and tropical Pacific Oceans (Qian and Guan, 2018). The Hadley circulation is simulated to slightly northward expansion in response to high emission scenarios (Vallis et al., 2015), which may influence the shift of WPSH, as well as the circulation and precipitation anomalies at mid-high latitudes.
El Niño-Southern Oscillation (ENSO), as the most prominent mode of interannual climate variability in tropics, plays an important role in a series of anomalous climate events. Besides the effect on climate anomalies, ENSO has been well proved to generate extreme precipitation events (Gershunov, 1998; Cai et al., 2015). Although El Niño usually reaches its peak during wintertime and decays afterwards, SST anomaly signal can impact the precipitation anomaly in the following summer. Based on gauged data in China, the precipitation anomaly can be observed to increase over the Yangtze-Huaihe River valley during strong El Niño events in the following summer (Jin et al., 1999; Zhang et al., 1999; Wang and Feng, 2011). For example, following the strong El Niño events, the Yangtze-Huaihe River valley suffered from the catastrophic floods in the summer of 1998 and 2016.
Nitta (1987) and Huang and Li (1988) put forward an important atmospheric teleconnection pattern named Pacific-Japan (PJ) pattern or the East Asia-Pacific (EAP) teleconnection pattern, the associated convections around the Philippines and Japan are important to the eastern Asian climate. It has been proved that the positive phase of the EAP pattern is beneficial for the increasing number of typhoons that come to the land (Huang and Wang, 2010). Prior studies indicated that during strong El Niño events, the anomalous Walker circulation intensifies combined with the anomalous divergence over Maritime Continent (MC), which leads to the enhanced anticyclonic anomaly driven by the Gill-type response and also influences on WPSH (Qian and Guan, 2017). Climate variabilities induced by the regular and supper El Niño events tend to be nonlinear, which makes research more challenging. In general, the mechanisms behind the precipitation anomaly connected with the strong Eastern-Pacific type (EP) events could be complex and contributed to by many factors.
Several possible mechanisms have been proposed about how the El Niño events influence the Western North Pacific Anti-cyclone (WNPAC) and precipitation anomalies over East Asia. The anomalous anticyclone over Western North Pacific (WNP) has been widely seen to act as the critical bridge between climate anomaly over mid-latitudes and the tropical SSTA. Generally, El Niño can modulate the WNPAC during its decaying phase by impacting both the WNP local air-sea interactions through the wind-evaporation-SST feedback (Wang et al., 2000) and the remote effect from ENSO-associated moist enthalpy advection and Rossby wave (Wu et al., 2017). Besides, the El Niño-induced Indian Ocean (IO) anomaly might persist into the following summer and contribute to the maintenance of WNPAC, namely, the so-called IO capacitor effect (Yang et al., 2007; Xie et al., 2009). Moreover, recent studies proposed that in strong El Niño events, an ENSO combination mode can be derived from the nonlinear interactions between ENSO and the tropical seasonal cycle (Stuecker et al., 2013), which has been argued to play a critical role in the genesis and maintenance of WNPAC (Stuecker et al., 2015), thus contributing to the pronounced summer rainfall events in the Yangtze River basin (Zhang et al., 2016).
The ENSO could induce the global extreme weather through the nonlinear interactions from various atmospheric teleconnections. It has been proved that the change of SSTA over tropical Pacific Oceans has influence on the intensity and frequency of ENSO events. In response to higher emission scenarios, the SST would increase but with regional differences (Vecchi and Soden, 2007; Liu et al., 2017), and the walker circulation could be weakened, corresponding to the increase of SSTA for tropical Pacific, especially over the tropical eastern Pacific (EP) (Liu et al., 2005; Vecchi et al., 2006; Xie et al., 2010). It has been observed that the El Niño with the maximum warming over the eastern-equatorial Pacific, called Eastern-Pacific type El Niño (EP-El Niño), tends to be stronger than the other types. Furthermore, the EP-El Niño events show the more significant impact on the precipitation anomaly over EA, for example, the catastrophic floods in 1998 and 2016, it is valuable and necessary to figure out how the EP-El Niño events change in the future emission scenarios, and investigate the associated precipitation anomaly as well as the possible mechanisms. Further studies demonstrated that the variability of SSTA connected with EP-ENSO would increase in response to the higher emission levels, which leads to the more frequent EP-El Niño events (Cai et al., 2015; Cai et al., 2018). The recent study shows that the high CO2 concentration level could generate the most prominent SST warming over the eastern tropical Pacific, and the associated summer extreme precipitation tends to increase over the south EA (Huang et al., 2021). According to the to the Clausius-Clapeyron relationship, saturation vapor pressure increases nearly exponentially with increasing temperature, therefore, the increased water vapor responding to the temperature variability is larger under a warmer climate, and thus the cataclysmic events connected with ENSO would occur more frequently with rising CO2 concentration (Hu et al., 2021). However, the interactions between the extreme events and ENSO remain as an open question due to the larger inter-model uncertainty as the model simulations show (Cai et al., 2015).
Since the precipitation anomaly over East Asia is contributed to by various of physical mechanisms, combined with the lack of research into physical processes, the model simulations for the precipitation over EA as well as the relevant circulation anomalies, especially during summertime, are still imperfect (He and Zhou, 2014). For the future scenarios, the uncertainties from the emission levels and climate models act as important resources of future simulation uncertainty (Sun and Ding, 2010). The lasted CMIP6 can produce the models with higher resolution and is designed with the improved dynamical processes, including the improved parameterizations for cloud microphysical processes and the better design of physical processes in the earth system such as biogeochemical cycles and ice sheets, furthermore, a set of new Shared Socioeconomic Pathways (SSPs) emission scenarios are applied in CMIP6 (Eyring et al., 2019). In this study, the model performance for the summer precipitation anomaly over EA during strong EP events from CMIP5 and CMIP6 are estimated, and based on the representative models, the changes of precipitation anomaly during strong EP events in response to different emission scenarios, as well as the possible mechanisms behind the changes of precipitation anomaly in response to high emission scenarios are investigated.
2 MODELS AND EXPERIMENTS
The models used in this study are from CMIP5 and CMIP6. For CMIP5, we applied the monthly outputs from 27 model simulations, and 20 models are used for CMIP6 (Table 1). For both of CMIP5 and CMIP6, the historical experiments are applied as a control run. Note that the experimental designs for the historical experiments are different for the two datasets, which may lead to the inconsistent results (Nie et al., 2019). For the future emission scenario, a set of Representative Concentration Pathway (RCP) experiments are applied in CMIP5, specifically, they are RCP2.6, RCP4.5, and RCP8.5 experiments, representing the low, moderate, and the extreme emission scenario, respectively. For CMIP6, a set of Shared Socioeconomic Path (SSP) experiments are used in this study. The SSPs describe the future socioeconomic development without the interventions of climate change or climate policies and is combined with the different radiative forcings which are similar to CMIP5 (O’Neill et al., 2016). The different emission experiments are SSP1-26, SSP2-45, and SSP5-85, respectively, representing the low, medium, and high level of CO2 concentrations. As the previous studies show, the model simulations are imperfect for the results of precipitation over EA, especially during summertime, CMIP6 generally produces the models with finer resolution and the better dynamical processes.
TABLE 1 | The models applied in this study.
[image: Table 1]3 METHODS
It has been observed that the strong EP-El Niño produce the anomalous precipitation around the Yangtze-Huaihe River Valley (YHRV) in the following summer, while it is usually hard to capture the features of precipitation anomalies over EA well in the models, especially in the following summer. To start with, the model simulations for precipitation anomaly during strong EP-El Niño events are estimated by comparing with the observational results, and the results for only the well-performed models are considered. The spatial correlation coefficient for domain (22–35°N, 112–122°E) and the root mean square error (RMSE) over the region (27–30°N, 112–118°E) between model simulations in the historical experiment and the observational results are calculated.
The Nino3 index can be used to effectively identify EP events, it is defined as the standardized regional averaged winter (DJF) SSTA over the Nino3 region: 90°W-150°W, 5°N-5°S. Since the background climate state would be significantly influenced by different emission scenarios, especially at high CO2 level, the Nino3 index for both CMIP5 and CMIP6 are quadratically de-trended to remove the impact from the distinct emission scenarios. The strong EP event is defined as the year the Nino3 index is greater than 1.5 standard deviation.
In reference to Huang et al. (2006), the East Asia-Pacific (EAP) teleconnection index is defined as:
[image: image]
Where U′ represents the standardized zonal wind anomaly at 850 hPa, and A is the regional average for domain (10–20°N, 150–130°W), B represents domain (27.5–35°N, 120–150°E), and C is for (45–52.5°N, 130–160°E).
The different terms in moisture budget can contribute to the distinction of precipitation anomalies. The moisture tendency equation can be written as:
[image: image]
Where q represents the specific humidity, V is the horizontal wind vector, p stands for the pressure, ω denotes the vertical pressure velocity, L and Q represent the latent heat of condensation and the atmospheric apparent moisture sink, respectively. The [image: image] represents specific humidity tendency, on the right side of the equation, [image: image] is the horizontal advection of specific humidity, and [image: image] represents the vertical transport of moisture. In response to high CO2 concentration during strong EP events, the water vapor transport could be influenced by the change of climate state, or the anomaly induced by ENSO events, therefore each term on the right side of the equation can be decomposed into the influences relevant to the climate change between historical and high emission scenarios and the anomaly during strong EP events. The horizontal and vertical terms in Eq. 1) can be decomposed as:
[image: image]
Specifically, for both of the horizontal and vertical moisture transports, the first terms ([image: image] and [image: image], where [image: image] represents the increment) represent the contributions from the change of circulation anomaly (u, v, and [image: image] wind) during strong EP events (()E) between RCP8.5 (()f) and historical experiments (()p) and the water vapor for historical state, the second terms ([image: image] and [image: image]) are for the combination of circulation anomaly during strong EP events in historical experiment and the moisture change responding to RCP8.5 experiment. The third terms ([image: image] and [image: image]) stand for the combination for the change of circulation anomaly during strong EP events and the water vapor change for climate state. The fourth terms ([image: image] and [image: image]) represent the combination of the effects from circulation in historical experiment and the change of moisture anomaly in RCP8.5 experiment during strong EP events. The fifth terms ([image: image] and [image: image]) are the combination of the circulation change for climate state and the moisture anomaly during strong EP events in the historical experiment. As for the last terms ([image: image] and [image: image]), they represent the circulation change for climate mean state in two experiments and the change of moisture anomaly during strong EP events under the high emission scenario.
4 THE PRECIPITATION ANOMALY DURING STRONG EP EVENTS
4.1 The Model Performance for the Precipitation Anomalies in CMIP5 and CMIP6
During the historical experiment, the features of precipitation anomalies are quite inconsistent with the observations as most of the model results depict (Figure 1). In reference to the model selection criteria, the models with the spatial correlation coefficient greater than 0.4 and RMSE less than 2.0 are chosen as the representative models for CMIP5. As for the CMIP6, the simulation results show the larger contrasting precipitation anomaly compared with observation (Figure 2), to guarantee the representation of the selected models, the criteria are adjusted slightly. The spatial correlation coefficient greater than 0.4 and RMSE less than 2.0 are chosen as the representative models for CMIP6. For both datasets, there are 5 models selected as the representative models as Table 2 shows.
[image: Figure 1]FIGURE 1 | The distributions of precipitation anomaly (mm/day) during strong EP events in the following summer over East Asia for the historical experiments in CMIP5 models, their MME and corresponding observation.
[image: Figure 2]FIGURE 2 | Same as Figure 1, but for the CMIP6 models.
TABLE 2 | The selected representative models.
[image: Table 2]It has been demonstrated that the CMIP6 models have the relatively higher capability in producing the climate variabilities over mid and high latitudes of Asia than CMIP5 models, while there seems to be no substantial improvement for summer precipitation anomaly during strong EP events over East Asia in CMIP6. Although the higher resolution and the improved physical process are designed in CMIP6, the slightly different external forcings could lead to the inconsistent results between CMIP5 and CMIP6. Specifically, the variation of the distribution for the greenhouse gas (GHG) concentration in CMIP6 is different from CMIP5 (Meinshausen et al., 2017), furthermore, the model simulations in CMIP6 exhibit the higher sensitivity to GHG compared with CMIP5. Although the higher climate sensitivity in CMIP6 could improve the capacity for the extreme events, it may also cause the large biases and the inter-model uncertainty as the precipitation anomalies during strong EP events show (Nie et al., 2019; Almazroui et al., 2020). Here we should also notice that the future emission scenarios are different for CMIP5 and CMIP6, for example, in CMIP6 the influence from SSPs should also be considered, which could contribute to the large uncertainty for CMIP6. As the model performance in CMIP5 is generally better than CMIP6 for the precipitation anomaly during strong EP events, we mainly focus on the results from CMIP5 in this study.
4.2 The Changes of Precipitation Anomaly in Response to Different Emission Scenarios
The change of precipitation anomaly can be examined by taking the difference between the precipitation anomaly for the future emission scenario and historical experiments. For the three CO2 levels, the changes of the precipitation anomaly exhibit the dipole pattern with negative values over the Northern East Asia (NEA) and positive values over the Southern East Asia (SEA) for CMIP5, while it is obvious that the changes for the three emission levels show quite contrasting results in CMIP6 (Figure 3).
[image: Figure 3]FIGURE 3 | The changes for the precipitation anomalies (mm/day) during strong EP events in the following summer for the different RCPs experiments in CMIP5 (A. RCP2.6, B. RCP4.5, C. RCP8.5) and SSPs experiments in CMIP6 (D. SSP1-26, E. SSP2-45, F. SSP5-85).
It has been proved that the frequency of strong EP events tends to grow under higher emission scenarios. Here we further investigate the changes of strong EP events as well as the precipitation anomalies in response to different emission scenarios. To estimate the changes of precipitation anomaly quantitatively, the regional mean values over NEA and SEA are calculated, and the features of frequency and intensity for the strong EP events are estimated. As Figure 4 shows, the frequency and intensity for the strong EP events increase with the higher emission scenarios, and both show the most significant increase responding to RCP8.5 experiment in CMIP5, while the feature of increase of strong EP events with higher emission can hardly be seen in CMIP6. Despite that the trend features are not significant over SEA for the two datasets, the precipitation anomaly increases most significantly in response to RCP8.5 experiment in CMIP5. For NEA, the large discrepancy exists between CMIP5 and CMIP6. In general, the precipitation anomalies decrease for the three CO2 emission levels in CMIP5, while the results for CMIP6 depict the positive values, and we can also notice that the precipitation anomaly decreases with the higher CO2 levels regardless the noticeable bias exists between the two datasets. Taking the model performance into account, we can infer that the change of precipitation anomaly tends to be more remarkable with rising emission concentrations.
[image: Figure 4]FIGURE 4 | The changes of the intensities (A,B) and frequencies (C,D) for strong EP events, and the precipitation anomalies over southern East Asia (22–26°N, 115–120°E) and northern East Asia (28–32°N, 112–120°E) (E,F) responding to the different emission scenarios in CMIP5 and CMIP6.
During strong EP events in response to the highest CO2 level, the multi-model ensemble mean from CMIP5 produces the significant anomalous precipitation over SEA and the anomalous decrease exits around NEA, and we can see that the rainfall belt shifts southward compared with the historical result (Figure 5). The CMIP6 shows the wide range of inter-model uncertainty, for multi-model ensemble mean, the precipitation anomaly increases over the south and east of EA, and the dipole pattern shown in CMIP5 is not significant (Figure 6).
[image: Figure 5]FIGURE 5 | The changes of the precipitation anomaly (mm/day) during strong EP events in the following summer between the RCP8.5 and historical experiments for CMIP5 (RCP8.5-historical, the yellow curve is constituted with the maximum precipitation anomaly during strong EP events in historical experiment).
[image: Figure 6]FIGURE 6 | The changes of the precipitation anomaly (mm/day) during strong EP events in the following summer between the SSP5-85 and historical experiments for CMIP6 (SSP5-85-historical, the yellow curve is constituted with the maximum precipitation anomaly during strong EP events in historical experiment).
5 THE POSSIBLE MECHANISMS BEHIND THE CHANGES OF PRECIPITATION ANOMALY IN RESPONSE TO HIGH EMISSION SCENARIO DURING STRONG EP EVENTS
5.1 The Changes of the Relevant Circulation Anomaly
The reasons leading to the precipitation anomaly over EA is complex, and the change of East Asia summer monsoon (EASM) is crucial and needs to be taken into concentration. Under high emission scenario, the change of 850 hPa wind anomaly exhibited a tripolar pattern over EA, with the cyclonic circulation anomaly over SEA and an anticyclonic change around Bohai Sea, and a cyclonic anomaly to the north in CMIP5 Figure 7A). We can see that the change pattern is similar to the circulation anomaly connected with East Asia-Pacific (EAP) teleconnection. According to Huang et al. (2006), the EAP index (EAPI) is calculated to further estimate the change of EAP. In CMIP5, the change of EAPI is 0.56; that is to say, the EAP shows the positive pattern in response to RCP8.5 experiment during strong EP events. It has been pointed out that the positive phase of EAP tends to enhance the convection over the south of EA and produce the increase of precipitation around the southern and northern East Asia while decreasing the precipitation in the middle region (Huang et al., 1988; Xiao et al., 2002), which is consistent with the change of precipitation anomaly responding to RCP8.5 experiment as the results show. As we can see that the change of precipitation anomalies is inconsistent between CMIP5 and CMIP6, the corresponding change of 850 hPa wind anomalies also shows the large discrepancy, where the cyclonic anomaly prevails over the East Asia land areas in CMIP6. In CMIP5, the change of 850 hPa moisture flux anomaly exhibits the negative value over SEA, and it decreases around the Yangtze-Huaihe River valley, which is beneficial to increased rainfall over SEA (Figure 8A). It can be inferred that the precipitation could increase over the SEA since both CMIP5 and CMIP6 produce the circulation anomalies which are beneficial to the increased precipitation anomaly over the SEA, while the relatively large inconsistence is depicted around the NEA.
[image: Figure 7]FIGURE 7 | The changes of the 850 hPa U, V wind anomaly (m/s) during strong EP events in the following summer for CMIP5 (A. RCP8.5-historical) and CMIP6 (B. SSP5-85-historical) MME results, with the red vectors exceeding the 95% confidence level. Letters “A” and “C” represent the changes of anticyclone anomaly and cyclone anomaly, respectively.
[image: Figure 8]FIGURE 8 | The changes of the 850 hPa moisture flux divergence anomaly (shadings, g/(m2 · s)) and moisture transport anomaly (vectors) during strong EP events in the following summer for CMIP5 (A. RCP8.5-historical) and CMIP6 (B. SSP5-85-historical) MME results.
The intensity and location of western Pacific subtropical highs (WPSH) are crucial for the location as well as the intensity of precipitation anomalies over EA in summer. Since the high emission scenario has a noticeable impact on the air temperature, as well as the geopotential height, here the change of 500 hPa stream function anomaly is investigated to figure out the change of WPSH. As Figure 9A shows, in CMIP5, the positive center of the stream function is located over the south of EA in historical experiment, which reflects the southward shift of WPSH as well as the rainfall center during strong EP events. In response to the RCP8.5 experiment, the positive center appears around The Philippines, it can be inferred that the southward shift of the precipitation anomaly is contributed to by the change of WPSH. While in CMIP6, the increasing CO2 seems to have no significant effect on the shift of the WPSH anomaly. Owning to the amount of heat transport, the change of SSTA is crucial for the change of convection and the connected circulations, especially over the tropical regions. The prevailing decrease of SSTA shows over the most parts of tropical Pacific Ocean as CMIP5 shows (Figure 9G), and may weaken the convection over the tropical regions, as well as the downdraft around the Philippines. Since the mechanisms associated with the change of WNPAC have been explained by various previous studies, the change of WNPAC as a result of both CMIP5 and CMIP6 can generate the change of precipitation anomaly over EA. It has been proved that the high emission scenario would lead to more frequent strong EP events; that is to say, the increased SSTA emerges over the eastern tropical Pacific in winter, while the SSTA decreases during the following summer. It has been confirmed that compared with the regular EP events, the SSTA in the equatorial central and eastern Pacific increases more significantly and lasts even longer during strong EP events (Lei and Xu. 2016), and the projected faster mean warming over the Maritime Continent (MC) than the central Pacific as well as the increased frequency of extreme El Niño events are conducive to the development of the extreme La Nina events (Cai et al., 2015). Although a large discrepancy is shown between CMIP5 and CMIP6, we can also see the decrease of SSTA in most parts of tropical Pacific Oceans as Figure 9 depicts. The outgoing long-wave radiation (OLR) anomaly at the top of the atmosphere can reflect the state of convection. In CMIP5, the change of OLR increases over most parts of the tropical Pacific Ocean, while it decreases around the Philippines. Furthermore, we can see that the vertical velocity at 500 hPa is enhanced enhances over SEA; that is to say, the convection enhances over the most parts of SEA, and is favorable for the positive precipitation anomaly around this area. In CMIP6, the change of convection is not remarkable leading to the inconsistence between the two datasets. As the difference of precipitation anomaly during strong EP events between CMIP6 and the observational result is large, we mainly focus on the results from CMIP5 in this study. It can be inferred that the decrease of SSTA over the tropical Pacific Ocean weakens the convection in the tropics, and on the other hand, the downdraft also weakens in the subtropical regions. To further estimate the change of vertical motion anomaly from the tropical to subtropical areas, the change of zonal mean vertical wind anomaly is investigated. Under high emission scenarios, the updraft wind over the tropical regions and the downdraft in the subtropics weaken as expected. Here the meridional mean of vertical wind over 10–20°N is also calculated, and the result shows the intensified updraft in the subtropical regions, which is probably caused by the weakened circulation anomaly in the tropical regions connected with the decrease of SSTA (Figure 10).
[image: Figure 9]FIGURE 9 | The changes of the 850 hPa stream function anomaly (kg/s), the 500 hPa vertical velocity anomaly (kg/s), the OLR anomaly (W/m2), and the SSTA (D, °C) during strong EP events in the following summer for CMIP5 (A, C, E, G. RCP8.5-historical) and CMIP6 (B, D, F, H. SSP5-85-historical) MME results.
[image: Figure 10]FIGURE 10 | The changes of the (A) zonal mean (120–180°E) and (B) meridional mean (10–20°N) vertical wind anomaly (m/s) during strong EP events in the following summer (vectors are for the changes of wind anomaly, and the shadings are for the anomalies in historical experiment).
5.2 The Changes of the Moisture Budget
In reference to the section of methods, the water vapor transports contributed to the formation of precipitation are analyzed. Figure 11 shows the vertically integrated moisture budget from 1000 to 500 hPa for each term in CMIP5. We can see that the first and fourth terms exhibit the relatively more remarkable contribution. The first term has the significant effect on the negative contribution for most parts of land regions, and the fourth term plays an important role in the positive contribution of precipitation. The regional mean values over SEA and NEA are calculated to estimate each term quantitatively (Figure 12). As the results show, the combination effect from the horizontal circulation in the historical experiment and the change of moisture anomaly between two experiments could lead to the increased precipitation over SEA, while the term combined with the change of horizontal circulation anomaly and the water vapor for historical state may contribute to the negative moisture transport for NEA. It can be inferred that in the following summer, the change of moisture anomaly or the thermal effect is more crucial for the formation of precipitation anomalies over SEA.
[image: Figure 11]FIGURE 11 | The MME changes of the moisture budget for different terms (A) [image: image], (B) [image: image], (C) [image: image], (D) [image: image], (E) [image: image], (F) [image: image], (G) [image: image], (H) [image: image], (I) [image: image], (J) [image: image], (K) [image: image], (L) [image: image].
[image: Figure 12]FIGURE 12 | The regional averaged moisture budget for each term (adv1-1, [image: image], adv1-2, [image: image], adv1-3, [image: image], adv2-1- [image: image], adv2-2, [image: image], adv2-3, [image: image], ver1-1, [image: image], ver1-2, [image: image], ver1-3, [image: image], ver2-1, [image: image], ver2-2, [image: image], ver3-2, [image: image]) over SEA (A) and NEA (B) in CMIP5 for the following summer.
6 SUMMARY AND DISCUSSIONS
The CO2 concentration is observed to rise since the industrialization began. The increase of CO2 concentration not only leads to global warming but possibly has an impact on climate variability. The precipitation anomaly over EA is proved to be influenced by various factors and is a challenging issue. EP events have a significant impact on the precipitation anomaly over EA, therefore it is necessary to investigate the precipitation anomaly associated with the EP events responding to the future emission scenarios. It has been observed that the frequency and intensity of strong EP events tend to increase under future high emission scenarios, and the associated precipitation anomaly would become more severe and complex in the following summer. Based on a set of RCPs and SSPs experiments from CMIP5 and CMIP6, the precipitation anomaly pattern related to strong EP events during its decay phase and the possible mechanism were explored, the results in this study can be concluded as follows:
The model simulations for the precipitation anomaly during strong EP events in the following summer show the relatively large inconsistencies between the observational result and historical experiment in CMIP5 and CMIP6. In general, the result for CMIP6 could be not as satisfying as CMIP5. Although the improvements of model resolution and dynamical process have been added to CMIP6, the higher climate sensitivity in CMIP6 could also cause the large biases and the inter-model uncertainty, especially over East Asia as the results show, where the precipitation anomaly is influenced by various factors. The models available for CMIP5 and CMIP6 are considered in this study. However, considering that the experimental designs are inconsistent for CMIP5 and CMIP6, in addition, the model capacities for both CMIP5 and CMIP6 were estimated, and the well-performed models are different in CMIP5 and CMIP6. The representative models should give the more precise results, therefore the selected models are different between two datasets, though the different models may lead to different results.
The frequency of strong EP events and the change of precipitation anomalies over SEA tend to increase with higher CO2 concentrations. In response to high emission scenarios, the precipitation anomaly associated with the strong EP events increases over SEA while it decreases around NEA in the following summer, and the anomalous precipitation moves southward compared with the historical experiment as shown in CMIP5. The results for CMIP6 show the large inter-model uncertainty but the positive precipitation anomaly can also be seen in SEA.
During strong EP events in the following summer, the 850 hPa wind shows the cyclonic anomaly over SEA, and the positive EAP pattern is also beneficial to the anomalous precipitation over SEA and the anomalous decrease in precipitation in NEA as the change of precipitation anomaly shows. The possible connections between El Niño and the anticyclone anomaly around The Philippines have been discussed from the previous studies, and the WNPAC is demonstrated to be crucial for the precipitation anomaly in East-Asian regions (Zhang et al., 1999; Wang et al., 2000; Xie et al., 2009). It is worth noting that for both CMIP5 and CMIP6, the SSTA depicts the remarkable negative value over most parts of tropical Pacific Ocean areas, which could be related to the weakened convection in the tropics and the downdraft around subtropical regions, leading to the southward shift to WPSH as well as the precipitation anomaly in the following summer as the results in CMIP5 and CMIP6 show. The change of moisture budget indicates the important contribution of the thermal effect on the increase of precipitation anomaly over SEA, and the change of circulation anomaly is unfavorable for the formation of precipitation in NEA.
It is obvious that the large uncertainty exists over the model simulations in CMIP6, for both the change of precipitation anomaly and the connected mechanisms, also, the model capacity for the precipitation anomaly during strong EP events seems to be no improvement for CMIP6. However, there is a possibility that the results may be produced more exactly with experimental design for CMIP6, since the CMIP6 take the different shared economic paths with distinct economic developments into account, which could produce the more comprehensive results, while the uncertainty of future emission and the multifactorial assessment could also drive the large inter-model spread as the results show. It can also be noticed that during strong EP events in the following summer the SSTA decreases over most parts of tropical Pacific Ocean, especially over the eastern equatorial Pacific. It is pointed out that the increased frequency of extreme El Niño events is in turn conducive to the occurrence of extreme La Nina events. This can be understood as the process of the shoaling tropical Pacific thermocline following the extreme El Niño, which increases the upper ocean vertical temperature gradient and produces the stronger discharged state, and is favorable for the increased frequency of extreme La Nina (Jin, 1997; Cai et al., 2015). However, owing to the complex physical mechanisms and the imperfect model simulations, the connected reasons still need further study.
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In this study, we used the cumulative distribution function transform to conduct a bias correction for simulations from different regional climate models (RCMs) driven by one global climate model (HadGEM2-ES). We divided the historical period into two time-frames, i.e., the calibration period and the validation period. These two periods are 1986–1998 and 1999–2011, respectively. We then choose the period from 1986 to 2005 as the calibration period. The data for the future 2006–2098 were revised and used to explore future climate change under the RCP8.5 scenario. The difference before and after bias correction were compared. The results show that the cumulative distribution function transform method can improve the simulation accuracy of RCM in terms of the average precipitation and seasonal precipitation can improve in north arid regions. For extreme precipitation and different rainfall levels, the root mean squared errors of most indexes are reduced by about 60–80% in China, and the correlation coefficients are close to 1. For future precipitation, the bias correction method could reduce the overestimation of RCM simulations, but cannot change trends of precipitation variation. Compared with the simulations before bias correction, the predicted future precipitation indicates some differences in different regions. After correction, the spread of the precipitation and the most extreme precipitation indexes was smaller than those before correction. The predicted future daily precipitation intensity was also smaller. The reduction of drought days in the arid areas is more than before the correction, and the increase days of R50 in the southern regions is larger than before the correction.
Keywords: regional climate models, bias correction, extreme precipitation, future climate projections, ensemble projection
INTRODUCTION
With global warming, the number of extreme precipitation events has continued to increase around the world (Donat et al., 2016). In China, extreme precipitation events have occurred frequently in recent years and caused numerous losses in terms of lives and property. Therefore, a better understanding of future variation trends in extreme precipitation is important. To effectively predict extreme precipitation events, researchers usually study future precipitation changes by using climate models, including global climate models (GCMs) and regional climate models (RCMs).
Some previous studies have used GCMs to predict climate change (Leng et al., 2020; Wang et al., 2020; Zhang et al., 2020b). However, due to the relatively low resolution of GCMs, there are large biases compared with observations, and it is difficult to accurately predict precipitation at a smaller regional scale (Zhang et al., 2017; Chen et al., 2018; Yu et al., 2018). In particular, China is located in East Asia and affected by the East Asian monsoon, and it has a unique terrain with numerous mountains, resulting in a complex and changeable climate. Therefore, there is uncertainty about GCMs climate prediction in China (Hui et al., 2018a; Hui et al., 2018b). Several studies have shown that high-resolution data can improve the precipitation simulation (Shi et al., 2017; Bucchignani et al., 2018; Xu et al., 2018; Fu et al., 2021). Therefore, the dynamic downscaling method is always used to obtain future precipitation trends at a regional scale more accurately.
Currently, RCMs have high resolution and are frequently used to simulate precipitation changes at a regional scale. Previous studies have shown that after dynamic downscaling, RCMs can effectively capture regional precipitation characteristics (Jiang et al., 2020; Tong et al., 2020; Fu et al., 2021; Qin et al., 2021). Fu et al. (2021) found that the Regional Climate Model version 4 (RegCM4) performs better than GCMs in simulating spatial details when studying climate change on the Tibetan Plateau (TP) and its surrounding areas and that the simulations from the RegCM4 are more consistent than those of GCMs. To project extreme precipitation between 2041 and 2060 in eastern China, Dong et al. (2020) applied the results from two GCMs to drive the weather research and forecasting model as part of the Providing Regional Climates for Impacts Studies (PRECIS). The results showed that RCMs after downscaling show better performance than GCMs in simulating extreme precipitation. Xiang-ling et al., 2020 used the results from one GCM to drive the RegCM4.4 to study extreme precipitation in Xinjiang, and the results showed that the RegCM4.4 could reproduce the spatial distribution of extreme precipitation in Xinjiang. Hui et al. (2018a) used two GCMs to drive two RCMs and predicted future precipitation, and found that extreme precipitation events will continue to increase. Bao et al. (2015) found that as the resolution increases, the simulated precipitation is more accurate when using one GCM to drive the weather research and forecasting model.
The regional climate data after dynamic downscaling are accompanied by certain systematic errors. Thus, it is necessary to conduct error correction. There are two main error sources. First, the errors in the GCMs are transferred to the RCMs after dynamic downscaling. Second, RCMs have systematic errors in themselves. These errors lead to a large bias of extreme precipitation indexes. Several studies have shown that when the improvement from optimizing the model parameterization schemes is limited, using the bias correction method to correct RCM results with dynamic downscaling could reduce systematic errors. For example, Zhou et al. (2014) found that after bias correction, the proportion of grid points where simulated daily precipitation deviations from the observation exceeded 100% was reduced to 1%. In addition, the spatial correlation of extreme indexes between the simulations and the observations was significantly improved. Tong et al. (2020) employed two correction methods, quantile mapping, and quantile delta mapping, to revise RCM results, and found that the quantile delta mapping performed relatively better. Both bias correction methods effectively improved the reliability of predicting future precipitation. Wang et al. (2019) applied a single dynamic downscaling method and a hybrid statistical-dynamical downscaling method to simulate the temperature in the coastal areas of Finland. The results demonstrated that the simulated temperature from the hybrid statistical-dynamical method is more accurate than dynamic downscaling results. Wu et al. (2021) used the cumulative distribution function transform (CDF-t) method to correct GCM results and found that the CDF-t improved the results from GCM simulations, with more precipitation days and a lower amount of precipitation. By using daily precipitation and temperature observations from 1961 to 2005, Yang et al. (2019) evaluated four bias correction methods, i.e., the bias-correction and spatial downscaling, bias-correction and climate imprint, bias correction constructed analogs with quantile mapping reordering, and CDF-t. These results suggested that all four methods performed well in improving the accuracy of climate models for simulating extreme precipitation.
In previous studies on error correction, some studies have sought to revise GCMs (Yang et al., 2018; Zhang et al., 2020a), and others have undertaken to correct one RCM driven by the data from one GCM (Wang et al., 2019). However, less attention has been paid to bias correction for multi-RCMs driven by GCM with CDF-t. To date, there have been few analyses on whether the correction effects are affected by different RCMs. In this study, the CDF-t method was used to correct the model data during a historical period in the past (1999–2011) and in the future, during the middle (2036–2065) and late (2066–2095) 21st century. One GCM (HadGEM2-ES) drives three different RCMs, with REMO, RegCM4, and PRECIS applied in this research. We use these data to study the performances of each model in terms of extreme indexes and average precipitation before and after the correction in the historical period, and we employ the revised RCMs to predict future extreme precipitation changes in China.
The remainder of this paper is organized as follows. Data and Methods briefly introduces the data and methods. Results provides the characteristics of the simulated historical precipitation and predicted future precipitation. Finally, Conclusion and Discussion presents the conclusions and discussion.
DATA AND METHODS
The observation data used in this study are from the CN05.1 dataset. The CN05.1 dataset is a gridded dataset from more than 2,400 stations in China and contains historical meteorological data such as precipitation and temperature from 1961 to 2011, with a horizontal resolution of 0.25°(Wu and Gao, 2013). At present, this data set is widely used for model validation.
The RCMs used in this study are the REMO, the PRECIS, and the RegCM4, with a horizontal resolution of 25 km under the CORDEX-EA-II frame work. The data from the HadGEM2-ES are used to drive the REMO (HdRO), PRECIS (HdPE), and the RegCM4 (HdRE). HadGEM2-ES has good performance for simulating the climate in East Asia (Chen and Sun, 2015; Jiang et al., 2015). REMO can be download from https://esg-dn1.nsc.liu.se/projects/esgf-liu/.
The performance of RCMs used in this research was driven by reanalysis data in the simulation of precipitation over China, and the distribution of mean and extreme precipitation was evaluated. Some studies (Xu and Richard, 2004; Wang et al., 2012) have found that PRECIS driven by reanalysis dataset can better simulate climate change on the ground, especially extreme precipitation and seasonal changes. However, PRECIS simulates more precipitation in China, especially in the southern region. REMO is driven by reanalysis data and has also been evaluated in previous studies (Zhang, et al., 2005; Xu et al., 2016; Xu et al., 2018; Remedio et al., 2019; Pang et al., 2021). REMO can reproduce the mean climatology well, such as annual and seasonal precipitation. Even though it has a wet bias for most of China and a dry bias for Southern China in Summer. The seasonal mean precipitation simulated by RegCM4 which is driven by reanalysis data also performs well (Gao et al., 2016; Yu et al., 2019), although the annual precipitation simulated by RegCM4 in Northeast China is still relatively large. All the RCMs driven by reanalysis data have performed well when simulating precipitation to date, meaning we can project the mean and extreme precipitation in the future by using these three regional climate models (i.e., RegCM4, PRECIS, and REMO) driven by CMIP5 GCMs.
The GCMs that provide the driving field have performed relatively well in previous studies for simulating the precipitation in China. The RCMs used in this study have a high resolution and are based on the Coordinated Regional climate Downscaling Experiment, which provides better results for simulating precipitation in East Asia. To analyze the simulation performances of models, The study area was divided into eight sub-regions (Hui et al., 2018a, Hui et al., 2018b; Jiang et al., 2020) including northwest (NW, 35°–45°N, 78°–99°E), Tibetan Plateau (TP, 28°–35°N, 80°–99°E), eastern northwest (ENW, 34°–42°N,99°–110°E), southwest (SW, 24°–34°N, 99°–110°E), northeast (NE, 42°–52°N, 115°–132°E), north (N, 35°–42°N, 110°–122.5°E), southeast (SE, 27°–35°N, 110°–122.5°E), and south (S, 21°–27°N, 110°–120°E).
Due to the systematic errors of the simulated precipitation, the bias correction method CDF-t is required to correct the errors. This method was first used by Michelangeli and showed a good data correction effect (Michelangeli et al., 2009). It was later used in many other studies to correct precipitation data and showed outperformance (Gao et al., 2016; Wu et al., 2018; Yang et al., 2018; Yang et al., 2019). This method assumes a function T that makes the simulated CDF close to the observed CDF in the historical period. This method also assumes that the function T is still valid for the simulated future CDF, and it is applied to the simulated future CDF to revise RCM simulations.
RESULTS
Evaluation of Historical Precipitation
Before using model data to predict future extreme precipitation, it is necessary to use observation data to evaluate the performances of RCMs and bias correction methods for simulating precipitation. This section shows the improvement of the bias correction method for simulating several precipitation indexes compared with the RCMs.
Mean Precipitation in the Historical Period
To evaluate the corrected precipitation, we compare the simulated annual precipitation from each model before and after correction with the observations during 1999–2011 (Figure 1). The spatial distribution of observed annual precipitation (Figure 1A) in the historical period (1999–2011) shows more precipitation in the south and less precipitation in the north. In terms of the three RCMs (REMO, PRECIS, RegCM4) (Figures 1B–E) driven by HadGEM2-ES, the precipitation is underestimated in the southern humid regions, and it has a general trend of overestimation at the national scale. Some research has found that the annual precipitation on the eastern edge of the Qinghai-Tibet Plateau has been overestimated by HadGEM2-ES, and for the southwest border of China. The HadGEM2-ES is more likely to overestimate the precipitation in Northeast China. After dynamical downscaling, the biases from HadGEM2-ES are taken into the RegCM4 and the RegCM4 further aggravates the bias of annual precipitation in Northeast China. The other studies on GCM and RCM assessments had the same conclusion (Flato et al., 2013; Bao et al., 2015). Some studies (Gao et al., 2016; Yu et al., 2019) also used a reanalysis dataset called “perfect boundary condition” to drive RegCM4, and the annual precipitation simulated by RegCM4 in Northeast China is still relatively large. The reasons for this could be due to the positive vorticity deviation in the lower levels of Northeast China (Hui et al., 2018a), or they could be related to the deficiency of parameterization scheme of physical processes. The ensemble-average precipitation of RCMs (ENS) presents underestimation in the south and the northwest, and overestimation in other regions, especially in parts of the TP. The deviations of the results from three RCMs driven by GCM may be caused by the GCM themselves. In addition, systematic errors in the RCMs can lead to simulation biases.
[image: Figure 1]FIGURE 1 | Spatial distributions of the observational annual precipitation (A) and biases between observations and simulations from RCMs before correction (B–E) and after correction (F–I).
In order to correct the above systematic errors, the bias correction method, CDF-t, is used, and the corrected results are evaluated with the observations (Figures 1F–I). In general, the corrected data of the RCMs are closer to the observations than before correction. After correction, the biases between the simulations of each RCM and the observations are between ±0.4 mm∙day−1 compared with ±3.2 mm∙day−1 before correction, the biases are significantly reduced.
Figure 2 shows the seasonal cycle of precipitation (mm day−1) from the RCM simulations and the ENS before and after correction during the historical period (1999–2011). There are large biases between simulations of each model and the observations in the TP, SE, and S, while the biases in the N region are relatively small. Before the correction, for the peak values of the average monthly precipitation, the biases between the RCM simulations and the observations are large. In addition, the maximum monthly precipitation occurs in different months. For example, in the S region (Figure 2H), only RegCM4 and the observations peak simultaneously in June, while the months with the peak values of the simulations from other models are different from that of the observations. This finding may be related to the complexity of precipitation characteristics in the southern regions. The corrected RCM results are improved. Firstly, the excessive-high peaks of simulated precipitation are reduced. For example, in the N region (Figure 2F), the precipitation peak of the RegCM4 before correction is about 6.5 mm∙day−1, higher than the observed peak of about 4 mm∙day−1. After correction, the precipitation peak value is closer to the observations.
[image: Figure 2]FIGURE 2 | Seasonal cycle of monthly precipitation for the simulations and observations in eight sub-regions (A–H). The dashed lines with a box indicate the corrected simulations, and the solid lines with a circle denote the simulations before correction. The X-axes are the months, and the Y-axes represent the precipitation amount.
We also calculated the root mean squared errors (RMSEs) between the observations and the simulations from the five models before and after correction in the eight sub-regions. The results suggest that the bias of the corrected RCM simulations is significantly reduced. Especially in the NW and TP regions, all simulations have been significantly improved, with the RMSE reduced. After the bias correction, the HdRE simulations have been improved in all regions, indicating that the correction effect on HdRE simulations is significant. For the other models, the correction effect is not as significant as that of the HdRE, but there are also obvious improvements in some regions. The corrected ENS shows that the RMSE decreases significantly in the arid and semi-arid areas but the improvement is not significant for the humid areas where the precipitation characteristics are complex. In terms of the correlation coefficients, since the correlation coefficients between the simulations and the observations are relatively high before correction, the improvement by the CDF-t method is relatively limited. However, the correlation coefficients for most model simulations in the NW and TP regions have been significantly improved. Therefore, it can be concluded that the data correction has a limited improvement in the relatively small RMSE and relatively high correlation coefficients, and the improvement effect is different for different RCMs. However, the NW and TP regions have significant improvements in both the RMSE and correlation coefficients.
Figure 3 shows the precipitation probability distribution of each ENS before and after correction. It can be seen that before correction in the western arid areas, the precipitation probability of the ENS has large underestimations for precipitation of 1–5 mm but significant overestimations for precipitation greater than 5 mm. For heavy rain greater than 50 mm in humid areas, there are overestimations. After correction, the precipitation probability at most precipitation levels in the most studied area is extremely close to the observed values, demonstrating that the CDF-t method can effectively correct precipitation biases simulated by the RCMs.
[image: Figure 3]FIGURE 3 | Precipitation probability distributions of the observations and simulations in eight sub-regions of China before and after correction (A–H). Blue and red columns represent the simulations before and after correction, respectively. Green columns indicate the observed values.
Historical Extreme Precipitation
As well as the mean precipitation, it is crucial to assess the simulation performances of each RCM on extreme precipitation. Figures 4, 5 show the biases of the 11 precipitation indexes between the observation and the ensemble mean for the five RCMs before and after correction. The precipitation indexes are the Rx5day, the Rx1day, the R95p, the R25, the R50, the SDII, the CDD, the CWD, the light rain, the medium rain, and the heavy rain, as shown in Table 1. For Rx5day, Rx1day, and R95p, the spatial distributions of observations show more extreme precipitation in the south and less in the north. In addition, the results of the ensemble mean before correction show an overall overestimation, but an underestimation in southern China and some areas of northwestern China. The Rx1day is severely overestimated by about 40 mm in southern coastal areas, but it is underestimated in parts of the northwest areas. The Rx5day is underestimated in parts of the south and northeast areas. However, the R95p is seriously overestimated. After correction, the biases of the R95p are reduced to ±15 mm in west China, much lower than before correction (±120 mm). The biases in east China are reduced to ±30 mm. The biases of the Rx1day are reduced to ±5 mm after correction in west China and ±10 mm in east China. Biases of the Rx5day are also reduced from ±56 mm to ±28 mm. Therefore, RCMs have been significantly improved in simulating extreme precipitation after correction.
[image: Figure 4]FIGURE 4 | The spatial distributions of observed extreme precipitation indexes (A,D,G,J,M). The spatial distributions of the biases of the extreme precipitation indexes between observations and simulations before (B,E,H,K,N) and after correction (C,F,I,L,O). The extreme precipitation indexes include the SDII (A–C), the light rain (D–F), the medium rain (G–I), the heavy rain (J–L), and the R50 (M–O).
[image: Figure 5]FIGURE 5 | Same as Figure 4, but for the extreme precipitation indexes of the R95p (A–C), the CDD (D–F), the CWD (G–I), the R25 (J–L), the Rx5day (M–O), and the Rx1day (P–R).
TABLE 1 | Definitions of extreme precipitation indexes.
[image: Table 1]In terms of the indexes R25, R50, light rain, medium rain, heavy rain, and SDII, there are large improvements after correction. The bias of light rain days is reduced from ±40 days to ±15 days after correction. The bias of medium rain days is reduced from ±24 days to about ±6 days, especially in the TP areas. Moreover, the bias of heavy rain days is reduced from ±12 days to about ±3 days, and the bias for R50 also have been reduced. The biases correction effect of the CDD and CWD are not as large as the other indexes. In addition, the CDD is underestimated in the northern arid areas, and overestimated in the southern areas, with no significant difference before and after correction. Moreover, the CWD is significantly underestimated for the TP.
Figures 6, 7 present the RMSEs of the extreme precipitation indexes and their reduction ratio after correction. After correction, the errors of different indices in each sub-region have been reduced. In general, most of the indices have improved less in eastern China than in western China. This could be because climate change in eastern China is complicated and it is difficult to achieve the expected results and reduce errors through bias correction methods. For CDD and CWD, the overall reduction in each region is less than that of other indices, and the same trend can also be found in the correlation coefficient. In terms of the correlation coefficients (Figure 8), The correlation coefficients of CDD and CWD are smaller than those of other indexes. The correlation coefficients of the CDD and CWD are between 0.6 and 0.8. However, the correlation coefficients of other indexes are quite close to 1, indicating that the data correction method brings a significant improvement in the spatial correlation. The improvement of CDF-t on the RMSE and CORR of CDD and CWD is not as great as other indices. Maybe the ability of CDF-t to correct drizzle needs to be improved (Yang et al., 2019). As a driving model, HadGEM2 has an overestimation of the wet days in China (Jiang et al., 2020). The overestimation of GCM may also be transmitted to the RCM, which leads to the error that CDD and CWD are higher and cause lower CORR. However, the CDF-t’s ability to improve drizzle is not strong, which leads to lower CORR and RMSE improvement after correction than other indices. The fact that only limited (or no) improvements are found for CDD is consistent with the theoretical analysis of Dosio (2016). They also found that indices based on the duration of events are hardly affected by bias adjustment because bias adjustment does not alter the temporal structure of the original data.
[image: Figure 6]FIGURE 6 | RMSE of mean precipitation (A–C), extreme precipitation (D–F), drought indexes (G,H) and precipitation days (I–M) before and after correction in eight sub-regions and China.
[image: Figure 7]FIGURE 7 | The reduction ratios of the RMSE of mean precipitation (A–C), extreme precipitation (D–F), drought indexes (G,H) and precipitation days (I–M) by using bias correction methodology (CDF-t).
[image: Figure 8]FIGURE 8 | Correlation coefficients of 13 precipitation indexes before and after correction. The letters “rev” indicates the revised simulations, and the letters “org” denote the simulations before correction.
To analyze the consistency of the simulated extreme precipitation indexes among the RCMs, Figure 9 provides the standard deviations of the simulated indexes before and after correction in eight sub-regions of China during the historical period. These extreme precipitation indexes are simulated by different RCMs (difRCM) driven by the same GCM. We can see that the revised historical simulation results are more consistent in most regions between different indices. Therefore, the correction method can improve the simulation effect.
[image: Figure 9]FIGURE 9 | Standard deviations of extreme precipitation indexes from different RCMs driven by the same GCM (difRCM) in eight sub-regions before (rev) and after correction (org).
Prediction of Future Precipitation
In the previous section, the simulation errors of average and extreme precipitation in the historical period before and after correction were analyzed. The results demonstrate that bias correction is beneficial to improving the simulation results, with relatively smaller errors compared with a single dynamical downscaling. We then chose the period from 1986 to 2005 as the calibration period, and the data for the future were revised. We used the simulations after bias correction to predict future precipitation and found that the method was credible.
Projection of Future Mean Precipitation
Figure 10 show the variations of precipitation in the late 21st century compared with the historical period. The ensemble mean precipitation (Figures 10G,H) indicates that the precipitation slightly decreases in parts of the south and inland areas. The future precipitation trends are similar before and after correction. However, the range of precipitation reduction in inland areas of China after the correction is smaller than before the correction. In the TP area, the precipitation after the correction is more than that before the correction. Overall, the future precipitation in China shows an increasing trend.
[image: Figure 10]FIGURE 10 | Change rates of precipitation in the late 21st century compared with the historical period before (B,D,F,H) and after correction (A,C,E,G).
Future Extreme Precipitation
Figure 11 shows the changes of 11 extreme precipitation indexes (Rx5day, Rx1day, R95p, R25, R50, SDII, CDD, CWD, light rain, medium rain, and heavy rain) in the late 21st century. The Rx5day, the Rx1day, the R95p, and SDII all show increasing trends in the late 21st century in most parts of China both before and after correction, with more increases in the south and relatively less increase in the north. The Rx1day shows no significant difference in future changes before (Figure 11B) and after correction (Figure 11A). For the Rx5day in most regions after correction, the predicted precipitation slightly decreases compared to before the correction. For R95p, the future precipitation growth in the S is bigger after correction (Figure 11E) than before correction (Figure 11F). The SDII in the southern region predicted by the revised ensemble mean precipitation (Figure 11K) is lower than that before correction (Figure 11I).
[image: Figure 11]FIGURE 11 | Future changes of 11 indexes from the ensemble mean precipitation of RCMs in the late of the 21st century compared with the historical period before (B,D,F,H,J,L,N,P,R,T,V) and after correction (A,C,E,G,I,K,M,O,Q,S,U).
The drought indexes used in this study are CWD and CDD. The CDD indicates that the main future changes will be that drought days decrease in arid areas but increase in humid areas. In addition, the number of drought reduction days in the northern arid regions were less before correction (Figure 11H) than after correction (Figure 11G). The future changes of CWD show that in the central region and the fringe areas of the TP, the number of consecutive precipitation days decreases compared with the historical period. Note that in the central region, the area with the decreased CWD is smaller after correction (Figure 11I) than before correction (Figure 11J). However, in general, the number of drought days will decrease in the future in northern arid areas, and the drought situation in the south will be severe.
In this study, the indexes indicating precipitation days with different precipitation levels include the R25, the R50, the light rain, the medium rain, and the heavy rain. The future precipitation days of light rain decrease in the south and increase in the north. The precipitation days of medium rain show the same trend as the light rain. However, the precipitation days of heavy rain generally increase in China, with a decrease only in some areas along the southern coast. Both the R25 and the R50 show an overall increase. However, the predicted results are different before and after correction for these indexes. The corrected light rain days in the western region are more than before correction. For the medium rain, the reduced number of days in the southern region is more after correction, but the area with the increased projections in the TP is smaller than that before correction.
To quantitatively characterize the future climate change in each region, we calculated the changes in future precipitation in eight sub-regions. Figure 12 shows the changes of 11 extreme indexes before and after correction in eight sub-regions of China in the late 21st century. During the late 21st century, from Figures 12A–D, it can be found that extreme indexes, Rx1day, Rx5day, R95p, and SDII show increasing trends before and after correction in each sub-region, especially in the south. For the drought indexes, the CDD changes in the NW and TP areas are different (Figure 12E), and the reduction of the simulated CDD after correction is greater than that before correction. The results of the ensemble mean precipitation indicate that in the TP region, the CDD decreases by about 3 days before correction and about 8 days after correction. For different precipitation levels, the precipitation days of light rain and medium rain generally increase in the north and decrease in the south. The precipitation days of the R50 increase significantly in all regions. The precipitation days with different precipitation levels have the same change trend in all regions before and after correction. However, the precipitation days of heavy rain in the southern region increases significantly compared to that before correction.
[image: Figure 12]FIGURE 12 | Change ratios of extreme precipitation (A–D), drought indexes (E,F) and precipitation days (G–K) in the late 21st century (2066–2095).
Figure 13 shows the interannual variations of the observed precipitation and the simulations before and after correction from 1986 to 2098. The results show that most of the simulated indexes after correction are closer to the observations in the historical period (1986–2005), while there are large biases before correction. This finding reflects the effectiveness of the correction method. Moreover, the change range of the simulations reduces after correction compared with that before correction, suggesting that the correction method can reduce systematic errors. The interannual variations of the various simulations before and after correction show that the precipitation has an increasing trend. Moreover, the interannual variation trend of the precipitation days is not significant, but the SDII has an obvious increasing trend. This situation suggests that the precipitation and the SDII will continue to increase in the future. For the extreme precipitation indexes, Rx5day, Rx1day, and R95p all show increasing trends. In terms of the future precipitation days with different precipitation levels (light rain, medium rain, heavy rain, and R50), the precipitation days change of light rain is not significant, the precipitation days of medium rain have not significant change trends, and the precipitation days of heavy rain and R50 will increase significantly. For the CDD and CWD, the biases of the ensemble mean after correction are large, which is consistent with the result that the CDF-t method performs poorly in verifying the CDD and CWD.
[image: Figure 13]FIGURE 13 | Interannual variations of mean precipitation (A–C), extreme precipitation (K–M), drought indexes (I,J) and precipitation days (D–H). The red shaded areas are the change range of simulations after correction, and the blue shaded areas present the change range of simulations before correction.
Figure 14 presents the standard deviation of the simulated indexes from the difRCM before and after correction in eight sub-regions. The projections from the difRCM have a relatively higher consistency in predicting future climate change after correction, but compared with the historical simulation, the consistency is relatively poor. For different precipitation levels, the predicted precipitation days of heavy rain, R50, and R25, difRCM does not perform well in the S region after correction. In terms of the Rx5day, Rx1day, and R95p, the projections from the difRCM after correction are generally consistent in most regions.
[image: Figure 14]FIGURE 14 | Same as Figure 9, but for the late 21st century.
CONCLUSION AND DISCUSSION
In this study, the CDF-t method was used to conduct a bias correction for the simulations from three RCMs (PRECIS, RegCM4, and REMO) driven by the HadGEM2-ES. We have divided the historical period into two different periods, i.e., the calibration period and the validation period. These two periods are 1986–1998 and 1999–2011, respectively. We then choose the period from 1986 to 2005 as the calibration period, and the data for the future 2006–2098 period was revised. After verifying the corrected historical simulations with the observations, the future precipitation changes in eight sub-regions of China were predicted and the differences of consistency of estimates before and after correction were analyzed.
In the historical period (1999–2011), the biases between the observations and simulations reduce greatly after correction, reflecting the effectiveness of the correction method in reducing systematic errors. The RCM simulations improve significantly after correction, with the simulated precipitation biases ranging between ±0.4 mm∙day−1. Compared with ±3.2 mm∙day−1 before correction, the biases were significantly decreased. After correction, the seasonal cycle of precipitation significantly reduced RMSE in arid and semi-arid regions compared with before correction. The precipitation probabilities of each precipitation level was consistent with the observations. Moreover, biases and correlation coefficients of all extreme precipitation indexes were improved. However, the improvements for the CDD and CWD are not as significant as other indexes. The consistency of the difRCM of model data was good after correction.
The average precipitation and extreme precipitation will increase in the future. However, after correction, the predicted precipitation indices will reduce compared with the projections before correction, even though the increasing trend remains unchanged. The average precipitation and the daily precipitation intensity show an increasing tendency in the future. The increasing tendency in extreme precipitation is greater than the average precipitation. Meanwhile, the future precipitation days of heavy rain and R50 will increase significantly. Moreover, drought events in southern China will increase, and extreme precipitation events will also increase, while the drought in northern arid areas will decrease. There are also some differences in the predicted ensemble mean precipitation before and after correction. Specifically, the predicted future precipitation intensity and extreme precipitation events in the southern region after correction are lower than the results before correction, and the reduction of the drought in the north is greater than the results before correction. For the projections of heavy rain, the increase in the southern region is also greater than before correction. The prediction consistency between each model after the correction was better than before the correction.
Despite these findings, there are still several questions remaining in relation to this study. Firstly, only the RCP8.5 scenario was selected for the climate change study. Thus, the future climate change analysis may not be comprehensive enough, and the RCP4.5 or RCP2.6 scenarios should be added to future studies. Secondly, only one bias correction method was used to correct the RCM data. Hence, different correction methods will be adopted in further study. Finally, the climate models selected in this study are not enough, which limits the increase in accuracy of the ensemble projections. In the future, more climate models can be selected to predict future climate change.
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Understanding the precipitation variability and extreme precipitation over arid Central Asia (CA) has largely been hampered by the lack of daily precipitation observations. The gridded precipitation datasets over CA are large discrepancies. Here, three gauge-based gridded daily precipitation products from Asian Precipitation Highly-Resolved Observational Data Integration Towards Evaluation (APHRODITE), Global Precipitation Climatology Center (GPCC), and Climate Prediction Center Based Analysis of Global Daily Precipitation (CPC_global) were assessed and compared with 49 rain gauge daily observations precipitation (OBS) from January 1985 to December 2015 using different time-scales over CA and different climate regimes, specifically Northern CA with temperate continental climate (NCA), Southwestern CA with dry arid desert climate (SWCA), and Southeastern CA with Mediterranean continental climate (SECA). Four accuracy indices [correlation coefficient (R), Bias, root mean square error (RMSE), and relative bias (RBias)] were employed to evaluate the performance of the three products in depicting the spatiotemporal features of precipitation variation over CA at multiple time scales (including daily, monthly, seasonal, and yearly). The mean annual and daily precipitation of OBS and three gridded products exhibit the trend of a gradual precipitation decreased from SECA to NCA and SWCA. The best overall performance was obtained for APHRODITE and GPCC for daily and annual time-scale, whereas CPC shows noticeable underestimation precipitation in SECA. The monthly precipitation depicted distinct features with a bimodal pattern with a peak in March and another in December, include the SECA and SWCA regions. In contrast, precipitation was concentrated in summer with the peak in July over the NCA region. At monthly scale terms, APHRODITE was more accurate in the wet seasons (winter and spring months) in SWCA and SECA. Additionally, GPCC has fairly better capability in summer months in NCA. Considering the spatial distribution, the bias variability was largerly in mountainous areas than in the plains. Temporally, the bias largerly in the dry seasons than in the wet seasons. At the interannual variability scale, GPCC was capable of qualitatively increasing the CA (NCA and SECA) precipitation during the last 21 years, while APHRODITE underestimated the trends. The CPC overestimated the precipitation trends over all regions. This study can serve as a reference for selecting daily precipitation products with low densities of stations, complex topographies, and similar climatic regions.
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INTRODUCTION
Precipitation is an important component in hydrology and climate systems, and plays a vital role in driving land surface-atmosphere interactions (Yao et al., 2019; Tan et al., 2020). Accurate and reliable precipitation dataset on fine spatio-temporal resolutions is essential for water resources-related applications such as simulation hydrology and meteorology, prevention the extreme weather events, and mitigation natural hazards (Zhang et al., 2012; Schneider et al., 2016; Deng et al., 2017; Wu et al., 2019; He et al., 2020). A rain gauge is the most intuitive method of precipitation observation. Unfortunately, due to sparseness and unevenness distribution of in-situ observation, or the discontinuity in recording sequences, they do not provide a reliable spatiotemporal representation of precipitation (Gruber and Levizzani, 2008). This is specifically the case over complex regions where there is insufficient raingauge available and rainfall is distinguished by complex patterns especially over desert, mountainous terrain, and sparsely populated areas (Rana and McGregor, 2015; Yao et al., 2019). In this context, Gridded datasets are useful alternatives to ground observations and are widely used owing to their high resolution and open access (Serreze and Hurst, 2000; Silva et al., 2007; Pai et al., 2014; Guo et al., 2015a). Nevertheless, the multiple gridded precipitation datasets have pros and cons, so it is necessary to validate the applicability of products before further utilization (Henn et al., 2018; Sun et al., 2018; Tan et al., 2020).
With the development of instruments and techniques, gridded precipitation products have been generated based on in-situ observations and utilized different interpolation techniques, satellite estimates, numerical simulations, or a combination of these.They can be divided into three main categories: (1) the gauge-based data sets including the Climate Research Unit (CRU) (Harris et al., 2014), Global Precipitation Climatology Center (GPCC) (Ziese et al., 2018), CPC Gauge Based Analysis of Global Daily Precipitation (CPC_Global) (Chen et al., 2008), and University of Delaware (UDEL). (2) The satellite-based gridded datasets include Precipitation Estimation from Remotely Sensed Imagery Using Artificial Neural Networks (PERSIANN) (Sorooshian et al., 2000), CPC morphing technique (CMORPH) (Joyce et al., 2004), Global Satellite Mapping of Precipitation Moving Vector with Kalman filter (GSMaP_MVK) (Kubota et al., 2007), the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) (Huffman et al., 2007), and Multi-Source Weighted-Ensemble Precipitation (MSWEP) (Beck et al., 2017); (3) Reanalysis gridded products derived from physical and dynamical models, such as the National Center for Environmental Prediction (NCEP)/National Center for Atmospheric Research (NCAR) versions 1 and 2 (Kalnay et al., 1996; Kanamitsu et al., 2002), the European Centre for Medium-Range Weather Forecasts (ECMWF) systems (ERA-40 and ERA-Interim) (Uppala et al., 2005; Dee et al., 2011), Modern-Era Retrospective Analysis for Research and Application system (MERRA) (Rienecker et al., 2011) , and the Japanese 55-years Reanalysis (JRA55) (Ebita et al., 2011) and so on. Many studies have been conducted to assess the reliability of these datasets by comparing them with observed data (Dorigo et al., 2015; Henn et al., 2018; Ziese et al., 2018), and gridded precipitation products have been widely used in several aspects (Worqlul et al., 2015; Gao et al., 2018; Ahmed et al., 2019; Lemma et al., 2019).
Central Asia (CA) occupies the inland of the Eurasian continent, has more than 93% of the total ground as arid region (Yu et al., 2020), the development of society and economy is more sensitive than in humid regions (Huang et al., 2016). The climate of CA characterized by sharp temperature differences, intensive evaporation, and scarce precipitation (Lioubimtseva and Henebry, 2009; Zhang et al., 2017; Guan et al., 2019). As one of the world’s most arid areas are often regarded as primarily controlled by the midlatitude westerly at the continental scales (Dai and Wang, 2017). Given that CA features special geographical location and complex topography, this region is dominated by complex climate regimes. Precipitation is the principal source of the water resources in CA is limited to wet season rainfall and winter snow (Yao et al., 2020). Thus, changes precipitation over CA will alter regional hydrological cycles and influence on ecosystem and crucial for development of glaciers and accumulated snow (Lu et al., 2021). Hence, for a better understanding regulation of water resources in CA, it is crucial that one has good spatial and temporal precipitation datasets available. Some studies have documented that CA experienced a rapid warming trends (Chen et al., 2008), and accompanied with increased summer precipitation over the past half-century (Yao et al., 2016; Peng and Zhou, 2018). The frequency and intensity of extreme precipitation over CA increased significantly (Zhang et al., 2017; Yao et al., 2020). The precipitation variation over CA is significantly influenced by the Asian subtropical westerly jet, North Atlantic Oscillation (NAO), Arctic Oscillation (AO), El Niño-Southern Oscillation (ENSO), and Pacific Decadal Oscillation (PDO) (Aizen et al., 2001; Bothe et al., 2012; Tan and Shao, 2017; Wei et al., 2017; Chen et al., 2018). CA has a complex topography that also causes precipitation to present different regimes and most regions are sparsely populated deserts and mountain terrain with low density of rain gauges. This presents significant challenges in investigating spatial-temporal distribution and intensity of precipitation. it is important to systematically evaluate the daily precipitation products over CA.
A few studies have been carried out regarding the gridded precipitation products to detect climatic variations at local and regional scales. Using reanalyses, direct observations, and the output of climate model simulation driven by a global reanalysis, their abilities to represent the CA precipitation climate were compared (mean spatial distribution, seasonal cycle, and amplitude of interannual variability) (Schiemann et al., 2008). The results based on monthly gridded precipitation from the CRU analyzed the precipitation variability and regional difference over the CA during 1930–2009 (Chen et al., 2011). Guo et al. (2015b) used the TRMM v.7 dataset and compared it to the Asian Precipitation Highly Resolved Observational Data Integration Towards Evaluation (APHRODITE) for the period of 2004–2006. The comparison showed that TRMM significantly overestimated precipitation. Furthermore, both the satellite-only and gauge products exhibited poor performance in CA. Hu et al. (2017) evaluated reanalysis and spatially interpolated and remotely sensed precipitation datasets in CA, and found that MERRA dataset were more accurate than ERA-Interim and Climate Forecast System Reanalysis (CFSR) datasets, although they all overestimated the observed precipitation in CA. Song and Bai, 2016 used observational data and four gridded datasets (CRU, GPCC, MERRA, and TRMM) to describe regional and seasonal differences in precipitation climate characteristics over CA. Lai et al. (2020) investigated the fidelity of the APHRODITE in represent extreme precipitation over CA. Yang et al. (2020) using the daily MSWEP-V2.2 dataset from 1979 to 2016 across CA analyzed the spatiotemporal variability of the precipitation concentration and diversity. Lu (2021) While most evaluations have been conducted focus mainly on large temporal scales precipitation estimates. However, there is a need to investigate precipitation at daily resolution and consider specific geographic regions and different climatic status.
In the present study, three gauge-based gridded daily precipitation products (GPCC, APHRODITE, and CPC_global) were selected for assessing precipitation across CA and its sub-regions. First, we examined precipitation spatial characteristics between 1985 and 2005 based on 49 gauge site data over CA and three climatic zones. Then, the applicability of the three precipitation gridded products was systematically evaluated using multiple statistical analysis based on daily, monthly, seasonal, and annual time scales against observed data in the CA.
MATERIALS AND METHODS
Study Area
In this study, CA extending from 35° N to 55° N and from 45° E to 87° E, and covers five countries: Kazakhstan, Kyrgyzstan, Tajikistan, Uzbekistan, and Turkmenistan (Figure 1). The geomorphological features include high mountains and flat basins, with the elevations ranging from −132 m to about 7,500 m. Overall, CA is geographically high in the southeast and low in the northwest (Guo et al., 2017; Yang et al., 2020). The climate of CA is experiencing sharp differences in temperature, heterogeneous precipitation, and intense evaporation. Thus, it is sensitive and vulnerable to variations in climate change (Lioubimtseva and Henebry, 2009; De Beurs et al., 2018; Zhu et al., 2020). The annual precipitation can reach on 1,000 mm in the moutains areas in the southeastern CA, and the arid and desert climates with annual precipitation generally below 300 mm in the low areas in the northwestern CA (Lai et al., 2020; Lu et al., 2021).
[image: Figure 1]FIGURE 1 | Location of the topography and geographical position (A), and the rain gauges in different climatic zones (B) over CA (Df domain northern of the Kazakhstan (48°−54°N, 61°−86°E), BW domain southwestern of the Kazakhstan, Uzbekistan, Turkmenistan (35°−48°N, 54°−68°E), Ds mainly distributed in Kyrgyzstan and Tajikistan (37°−43°N, 68°−77°E).
According to the Köppen climate classification method (Chen and Chen, 2013. http://hanschen.org/koppen), we classified CA into three sub-regions (Figure 1B): temperate continental climate (Dfa) in the north (NCA), dry arid desert climate (BWk) in the southwest (SWCA), and Mediterranean continental like climate (Dsb) in the southeast (SECA). The total annual precipitation of CA is concentrated in cold seasons (Dai and Wang, 2017). Generally speaking, the CA is a typical region with complex rainfall conditions that deserves systematical evaluation the gridded daily precipitation products.
Data
Meteorological Stations Data
Global Historical Climatology Network-Daily (GHCN-D) is a composite of climate records from several sources (Menne et al., 2012). Some of the data provided here are based on data exchanged under the World Meteorological Organization (WMO) World Weather Watch Program according to WMO Resolution (Cg-XII). Thus, GHCN-D is the world’s largest collection of daily climatological data. GHCN-D includes over 40 meteorological elements (e.g., temperature daily maximum/minimum, precipitation, snowfall, and evaporation wind movement) and undergoes strict quality control (Durre et al., 2008; Durre et al., 2010). Daily meteorological observed precipitation data from a total of 568 stations covering the CA were obtained (ftp://ftp.ncdc.noaa.gov/pub/data). Given the observed data limited by the fall of the former Soviet Union since 1991, excluded the stations which records did not cover the period of January 1985 to December 2005, Furthermore, we selected the stations with observations data available for at least 90% of the number of days in any annual period during 1985–2005. Based on the two steps, after strict quality control and carefully checking by manually. As a result, 49 observation rain gauge sites were obtained, which are located in the CA. A total of 79.6% of the stations had complete data. The locations of the observed precipitation stations are shown in Figure 1B. Among them, 12, 19, and 18 sites were selected from the NCA, SWCA, and SECA subregions, respectively. These data are referred to as OBS in the following sections. The mean, maximum, standard deviation and the percentage of missing data of the OBS at different stations during 1985–2005 are listed in Table 1.
TABLE 1 | Geographical locations and altitudes of the 49 rain gauge stations used in this study.
[image: Table 1]Gridded Daily Precipitation Datasets
In this study, three gauge-based gridded daily precipitation products of APHRODITE, GPCC, and CPC_Global were selected to assess their performance in CA. The gauge-based gridded daily precipitation datasets in this study and their spatial and temporal resolutions and coverage are listed in Table 2. The subsection depicts the main features of the three gridded products, including their data sources, interpolation methods, and an assessment of errors.
1) APHRODITE: This product (Yatagai et al., 2009, 2012) uses the sufficient rain gauge observations of the entire Asian continent from 1951 to 2007 as the reference data set, after an initial quality control, improved Angular-Distance-Weighting interpolation, and improvement sphere map scheme, to build 0.25° × 0.25° and 0.5° × 0.5° gridded precipitation datasets. In this study, the 0.5° daily precipitation estimates from V11, covering 34°N–84°N and 15°E–165°W (APHRODITE_RU) were used. These data are referred to as APHRODITE in the following sections.
2) GPCC: This dataset, which is derived by the World Climate Research Program (WCRP), is based on a combination of observations from almost over 85,000 stations globally and has been compiled based on data from the Global Telecommunication System (GTS) (Xie and Arkin, 1997; Chen et al., 2002; Huffman et al., 2007; Becker et al., 2013).
3) CPC_Global: Global daily precipitation datasets from the CPC were developed by the American National Oceanic and Atmospheric Administration (NOAA), which provides daily 0.5° × 0.5° gridded precipitation data derived from the GTS gauge network (Fan and Van den Dool, 2008). An optimal interpolation was applied in the CPC.
TABLE 2 | Information of three Gauge-Based precipitation products.
[image: Table 2]The daily gridded data of APHRODITE, GPCC, and CPC from January 1, 1985 to December 31, 2005 were obtained in this study.
METHODOLOGY
To evaluate the performance accuracy of gridded products in estimating the spatial and temporal variability of daily precipitation, four statistical metrics, correlation (R), root mean square error (RMSE), Bias, and relative bias (RBias) were used to measure the quantification of gridded precipitation products (Ghajarnia et al., 2015). Among them, R represents the linear correlation between OBS and the three gridded precipitation products. RMSE is sensitive to extreme error and can reflect the accuracy of gridded products, where RMSE values close to zero indicate smaller errors. Bias and RBias reflect the deviation between gridded products and rain gauge precipitation, describing the tendency of gridded precipitation to be over- or under-estimated as compared to observed precipitation. The formula for the statistical metrics mentioned above are listed in Table 3.
TABLE 3 | Summary of statistic metrics used to evaluate the gridded precipitation products.
[image: Table 3]RESULTS
Precipitation Climatology Based on Rain Gauge Observations
The spatial features of mean annual and seasonal precipitation from the 49 rain gauge measurements over CA during 1985–2005 have been presented in Figure 2. Mean annual precipitation exhibit the trend of a gradual precipitation decreased from southeastern to northwestern CA regions with precipitation hotspots located in SECA (more than 360 mm) and NCA (range of 200–300 mm).The area with the lowest average annual precipitation (less than 200 mm) expanded over the SWCA, which has an arid climate pattern and consists of desert areas (Figure 2A).
[image: Figure 2]FIGURE 2 | Spatial distribution of mean annual and seasonal precipitation in gauge-observation stations over the Central Asia during 1985−2005. (A), Annual; (B), Spring; (C), Summer; (D), Autumn; (E), Winter. unit: mm.
Figures 2B–E illustrate the spatial pattern of mean OBS seasonal precipitation over CA. In spring and winter, Areas with abundant precipitation are mainly distributed in the SECA (Figures 2B,E).The area-averaged precipitation was 99.6 and 86.4 mm, respectively. In contrast, less precipitation was observed in NCA during the cold seasons. The highest precipitation in the past 21 years over NCA concentrate in summer. In general, the annual and seasonal evolution of the OBS precipitation across CA were characterized by two major features: (1) mean annual precipitation decreased from the southeast to the north and southwest parts of the CA; and (2) there was more precipitation in the cold seasons (spring and winter) than in the warm seasons (summer and autumn). These two features of precipitation based on data from 49 rain gauges are consistent with those documented in the literature (Chen et al., 2009).
Evaluation of Gridded Daily Precipitation Products Against Rain Gauge Observations
Figure 3 shows the spatial distribution of OBS, APHRODITE, GPCC, and CPC mean daily precipitation during 1985–2005 over CA. The OBS and three gridded products interpolated into each site displayed in (Figure 3A,B1–B3), and the gridded precipitation presented in (Figure 3C1–C3). All these three products accurately reproduced the spatial distribution of mean daily precipitation.
[image: Figure 3]FIGURE 3 | Spatial patterns of daily mean precipitation for gauge-observed and three gauge-based gridded products in the CA during 1985−2005. (A), OBS; (B1 And C1) APHRODITE; (B2 And C2), GPCC; (B3 And C3), CPC. unit: mm/day.
The spatial pattern of mean daily OBS precipitation (Figure 3A) was similar to the mean annual precipitation, presented an apparent decrease trend of precipitation from the southeast to north of CA. With the large mean daily precipitation in SECA (whithin 1–2 mm/ day), followed by NCA (whithin 0.6–0.8 mm/ day), and was the lowest in SWCA (less than 0.6 mm/ day). All three products captured the spatial distribution of mean daily precipitation characyeristics well, while CPC underestimated daily precipitation in the SECA area (Figure 3B3). The precipitation of five sites both in NCA and SWCA, and fifteen sites in SECA from CPC was lower than that of OBS. CPC had more sites where precipitation was underestimated as compared to APHRODITE and GPCC. Figures 3C1–C3 show the spatial distribution of gridded daily precipitation derived from APHRODITE, GPCC and CPC reflected the same features. However, GPCC showed more rainy in the NCA than APHRODITE and CPC. CPC showed that precipitation is scarce in SECA as compared to the other two products.
Figure 4 shows the density-colored scatterplots of 49 OBS mean daily precipitation versus three interpolated gridded products over the entire CA and subareas from 1985 to 2005 at daily scale. The correlation coefficients (R) derived from the three gridded products and OBS over the entire area and subareas were above 0.83, GPCC and APHRODITE more agreement with the OBS. The regression coefficient between GPCC and OBS was the highest, and almost coincided with the 1:1 line. In addition, the RMSE of GPCC displayed a lower value (0.28 mm/ day) and positive bias. APHRODITE also fitted well with OBS daily precipitation, while CPC showed worse performance with significantly underestimated values (RBias = −24.39%). Both APHRODITE and GPCC are performance better than CPC, as these has high Rs value (0.978 and 0.969) and low RMSEs value (0.24 mm/day and 0.28 mm/ day). CPC performs poorest as it exhibits the lowest R (0.84) and highest RMSE and RBias of 0.49 mm/ day and –24.39%, respectively. In the semi-arid climatic region (NCA, Figure 4B), all three products underestimated OBS daily precipitation, and the RBias were −12.39%, −3.02%, and −15.89% for APHRODITE, GPCC and CPC, respectively. RMSE values for APHRODITE, GPCC, and CPC were 0.57 mm/ day, 0.49 mm/ day, and 0.56 mm/ day, respectively. GPCC was obviously superior than other two precipitation products for higher R and lower RMSE. Based on the statistical index, APHRODITE performs best among the three products in SWCA region. GPCC ranks second with smaller Bias (Figure 4C). Figure 4D shows that the APHRODITE products had high accuracy with largest R (0.986) and lowest RMSE (0.42 mm/ day) at the daily scale in SECA region. The performance of GPCC was comparable than that of CPC, with the slightly better R and RMSE value. In general, CPC underestimated the daily precipitation over the whole CA. Based on RMSE that the error of CPC is larger than that of both APHRODITE and GPCC, the accuracy of CPC in daily scale is significantly lower than other two products.
[image: Figure 4]FIGURE 4 | Scatter plots of OBS daily precipitation versus APHRODITE (yellow circle), GPCC (green pentagon), CPC(blue triangle) over CA (A) and sub-regions (B–D) from January 11,985 to December 31, 2005. (B) represent in the NCA; (C) represent in the SWCA; (D) represent in the SECA.The black dotted lines are the 1:1 line, and the yellow, green, and blue solid lines represents the linear regression fitting lines for APHRODITE, GPCC, and CPC, respectively.
Figure 5 shows the spatial distribution of the four statistical metrics for APHRODITE, GPCC, and CPC products against with OBS over the CA from 1985 to 2005. Figures 5A–C show the spatial distribution of R derived from three interpolated gauge-based gridded precipitation datasets in each individual station. All three gridded products displayed a strong correlation, with R values higher than 0.8 accounting for 83.7, 83.7, and 65.3% of all stations for APHRODITE, GPCC and CPC, respectively. Figure 5A shows the higher R values of APHRODITE located in the SWCA and SECA. Figures 5B,C indicates the R values of GPCC (CPC) in NCA and SECA were marginally higher than those in the SWCA. Figures 5D–F show the spatial distribution of RMSE in each individual sites. The mean RMSE values of APHRODITE, GPCC, and CPC over the entire CA were 1.46 mm/ day, 1.5 mm/ day, and 1.73 mm/ day, respectively. The RMSE values of APHRODITE were higher than those of GPCC and CPC in the NCA. In the arid desert climatic zone (SWCA), the RMSEs were the lowest, the number of stations marked by blue (higher than 1.5 mm/ day) of CPC (Figure 5F) over SECA were more than that of APHRODITE and GPCC, which indicates that RMSE values of CPC were higher than those of APHRODITE and GPCC. The spatial distribution of Bias for each pair of products were depict in Figures 5G–I. Approximately 59.2% of the stations showed positive bias for APHRODITE and GPCC against OBS CPC underestimated daily precipitation over almost all the regions, 95.9% of the stations showed negative bias of CPC across the entire CA. The last column in Figure 5 shows the spatial distribution of RBias between gridded products versus OBS. Better performance in terms of RBias values at the range of −10 to 10% that was mainly distributed in SECA (SWCA) for the APHRODITE (GPCC) products. In general, both APHRODITE and GPCC products shows positive deviation in most regions, while CPC present large negative deiation over almost all the CA.
[image: Figure 5]FIGURE 5 | Spatial distribution of statistical metrics for three gridded daily precipitation products over the CA from 1985 to 2005. (Each row is APHRODITE, GPCC, and CPC. Each column is R, RMSE, Bias, and RBias. (A), (D), (G), and (J) for APHRODITE; (B), (E), (H), and (K) for GPCC; (C), (F), (I), and (L) for CPC).
Annual and Seasonal Cycle
The monthly change of regional precipitation for OBS and three interpolated products from 1985 to 2005 over CA and each sub-regions were given in Figure 6. It is clearly indicate that there are seasonal differences in each climatic zones. Figure 6A shows the precipitation in the entire CA is concentrated in spring and winter from March to May and from November to December, respectively. In SWCA (Figure 6C) and SECA (Figure 6D), a similar monthly precipitation pattern was illustrated as in CA, corresponding to the double peak precipitation type. On the contrary, monthly precipitation is concentrated in summer from May to August in NCA (Figure 6B), corresponding to the single peak type, where the maximum value occurred in July (43 mm/ month).
[image: Figure 6]FIGURE 6 | The annual cycle of the OBS (gray columnar), APHRODITE (yellow circled line), GPCC (Green pentagonal line), and CPC (Blue line with triangles) precipitation over the CA (A) and sub-regions (B), NCA; (C), SWCA; (D), SECA during 1985−2005. (The numbers in the upper left corner of each sub-figures represent the regional average precipitation in spring, summer, autumn and winter calculated by each product, respectively.)
Monthly precipitation obtained from all three gridded precipitation products was consistent with the variation of OBS in each region. In NCA (Figure 6B), the monthly precipitation estimated by the three interpolated gridded products reasonably described the actual observations while GPCC was the closest. In general, variations of monthly precipitation from three products were similar to the OBS, and the estimates of monthly precipitation from APHRODITE and GPCC were closer to OBS has better performance. while the CPC product underestimated the precipitation obtained from gauge measurements and showed poor performance.
The statistical metrics (R, RMSE, Bias, and RBias) are computed from gridded products against with OBS over CA and its sub-regions during 1985–2005. The specific results are shown in Figure 7. In terms of R, all three products showed strong correlations with OBS over CA at monthly scale, with the values ranges from 0.8 to 1 (Figure 7A). The RMSE was high from March to April and October to December, and low from June to September (Figure 7D). This is consistent with the monthly precipitation over CA, though CPC performed worse than APHRODITE and GPCC. As for Bias (Figure 7I), the results show that APHRODITE underestimated the precipitation, except in July. The GPCC overestimated the monthly precipitation from April to July. CPC had a large error and poor performance. Figures 7B,F,J,N illustrates that the agreement between OBS monthly precipitation and the three gridded products was higher over the NCA. The results of RMSE and Bias show that GPCC had a lower error and better performance than APHRODITE and CPC. APHRODITE and CPC underestimated and had the worst performance for precipitation during the rainy season (from June to August). In the mainly arid desert SWCA area, with respect to RMSE (Figure 7G), the three gridded products showed low errors in scarce precipitation months (from June to September), and APHRODITE had lower error than GPCC and CPC. APHRODITE and GPCC showed better performance than CPC, as reflected by the results of Bias (Figure 7K) and RBias (Figure 7K), and CPC had the highest negative deviation with the ranges from −22.9% to −13.7%. Based on the R values over the SECA region (Figure 7C), the three gridded products had relatively higher correlations in most months (except July and August). APHRODITE had lower RMSE values than GPCC and CPC at the monthly scale, APHRODITE and GPCC underestimated the precipitation during the rainy months and overestimated precipitation in the scarce precipitation months (from June to September), and CPC tended to underestimate precipitation. APHRODITE and GPCC showed better performance than CPC, as reflected by the results of RBias.
[image: Figure 7]FIGURE 7 | The statistics metrics of average precipitation comparing the OBS with APHRODITE (yellow), GPCC (green) and CPC (blue) at monthly scale for the different regions. (A), (E), (I), and (M) for CA; (B), (F), (J), and (N) for NCA; (C), (G), (K), and (O) for SWCA; (D), (H), (L), and (P) for SECA.
For CA and each sub-region, the results for statistic metrics of the three gridded products versus OBS precipitation at seasonal scale, sorted from bad to good performance was supplied in Figure 8. It can be seen that all three gridded products had higher correlations (>0.87, statistically significant at the 99% confidence level), and the R values of APHRODITE and GPCC were larger than that of CPC across CA in all seasons. The RMSE values of APHRODITE were lower than those of GPCC and CPC, Bias and RBias of GPCC were positive and the values were lower than those of APHRODITE and CPC across CA in Spring, Summer, and Winter. In all seasons, the GPCC product has a lower error and good performance than APHRODITE and CPC over NCA. In Spring, GPCC overestimated precipitation, and APHRODITE and CPC underestimations. The RBias values of APHRODITE, GPCC, and CPC were −9.68%, 0.6%, and −15.41%, respectively. The three gridded products underestimated precipitation in Summer, Autumn, and Winter. The RMSE of GPCC was less than that of APHRODITE and CPC in summer over SWCA (0.21 mm/ day for GPCC, 0.23 mm/ day for APHRODITE, and 0.26 mm/ day for CPC). APHRODITE performed better than GPCC and CPC during Spring, Autumn, and Winter seasons. Additionally, GPCC overestimated precipitation, and both APHRODITE and CPC were underestimated precipitation in all seasons over the SWCA area. APHRODITE and GPCC performed better than CPC in all seasons over SECA. Precipitation in the SECA region was overestimated by APHRODITE during Summer (RBias of 13.45%) and underestimated in other seasons. The GPCC product overestimated precipitation in Spring and Summer (RBias for Spring was 2.07% and for summer was 12.73%).
[image: Figure 8]FIGURE 8 | statistic metrics of daily precipitation between OBS and three gridded products over the CA and subregion at seasonal scale.
Validation the Capacity of Three Precipitation Products at Annual Scale
Figure 9 shows the time series of the interannual variability of precipitation derived from OBS and gridded products over CA and three sub-regions period of 1985–2005. The amplitude in terms of the interannual variability for three gridded precipitation products are basically consistent with OBS, but they had apperent differences in the magnitude and trends over whole CA and each sub-regions. Both GPCC and APHRODITE has a similar trend with OBS in each region, while GPCC performs outstand.
[image: Figure 9]FIGURE 9 | Annual precipitation variations for OBS (red line with square), APHRODITE (yellow circled line), GPCC (green pentagonal line), and CPC (blue line with triangles) in the CA (A), NCA (B), SWCA (C), and SECA (D) from 1985 to 2005 ( unit:mm ).
The dispersion of boxplots of the statistical metrics for three gridded precipitation products over CA and sub-areas during 1985–2005 were illustrated in Figure 10. APHRODITE showed largest R (within 0.93–0.99) and smallest RMSE (varied from 0.15 to 0.36 mm/ day, with the medians value at 0.23 mm/ day), which indicated that APHRODITE performed best among the three gridded products over the entire CA (Figures 10A,E). GPCC and CPC showed relatively large error based on RMSE, whoes values of GPCC and CPC varied from 0.16 to 0.49 mm/ day and from 0.26 to 0.76 mm/ day, respectively. For the perspective of RBias, APHRODITE and CPC were underestimated the annual precipitation while GPCC overestimated with the 0.74% medians of RBias (Figure 10I) over the entire CA.
[image: Figure 10]FIGURE 10 | Boxplots of the statistical metrics derive APHRODITE (yellow), GPCC (green) and CPC (blue) daily precipitation from OBS in the CA (A), (E), and (I); NCA (B), (F), and (J); SWCA (C), (G), and (K); SECA (D), (H), and (L). (Two dots in bottom and top for each box represent minimum and maximum value, respectively. Three lines from bottom to top represent 25th percentile, 50th percentile and 75th percentile, respectively. The inside box represent the mean values. ).
The second row shows the boxblots of statistical metrics from three precipitation products at annual scale over NCA (Figures 10B,F,J). Figure 10B shows thes R values of GPCC were higher than those of APHRODITE and CPC. The RMSE values of GPCC were lower than that of APHRODITE and CPC, the medians RMSE of GPCC, APHRODITE, and GPCC were 0.47 mm/ day, 0.54 mm/ day, 0.54 mm/day, respectively. (Figure 10F). The medians RBias values was −12.19% for APHRODITE, −2.79% for GPCC, and −15.88% for CPC. The large deviations are derived from OBS precipitation data and APHRODITE and CPC products. Figures 10C,G,K shows the results for R, RMSE, and RBias in the SWCA sub-area. APHRODITE accurately estimated precipitation, as reflected by a higher R (0.8–0.97 with medians value of 0.92), lower RMSE (0.19–0.44 mm/ day with a medians value of 0.29 mm/ day), and lower RBias (−11.7–2.29% with a medians value of −4.58%). GPCC performed better as the mean RBias values were lower (−3.02–17.63% with a medians value of 3.96%), which overestimated precipitation at the annual scale. In contrast, CPC showed the worst performance with lower R (0.53–0.96 with a medians value of 0.86), higher RMSE (0.21–0.69 mm/ day with a medians value of 0.39 mm/ day), and lower RBias (−0.15–34.42% with a mean value of −18.87%) over the SWCA area. Figures 10D,H,L shows the R, RMSE, and Bias of the three products in the SECA region. As shown in Figure 10D, the mean R values of both APHRODITE and GPCC precipitation gridded products were higher that of CPC (the medians R values were 0.98 for APHRODITE, 0.97 for GPCC, and 0.93 for CPC). Figure 10H shows that the mean RMSE value of APHRODITE was lower than those of GPCC and CPC (medians values were 0.39 mm/ day for APHRODITE, 0.51 mm/ day for GPCC, and 1.04 mm/ day for CPC). Figure 10L shows that the medians RBias value of APHRODITE was lower than those of GPCC and CPC (medians value of APHRODITE was −2.1%, of GPCC was 1.48%, and of CPC was −21.12%). APHRODITE and CPC underestimated the precipitation over SECA region.
To clarify the gauge-based gridded precipitation data in reproduce the spatial patten of the interannual variability, Figure 11 depicts the spatial distribution of the annual precipitation linear trends over CA and subregions during 1985–2005. As shown in Figure 11A, the OBS precipitation displayed widespread significant increasing trends across the entire region of CA with 85.71% of stations having a rate of 20.01 mm/10a (Figure 11A). The annual precipitation for NCA, SWCA, and SECA sub-regions of CA showed rising trends at 83.33, 89.47, and 83.33% of the stations, with rates of 18.7 mm/10a, 5.9 mm/10a, and 36 mm/10 a, respectively.
[image: Figure 11]FIGURE 11 | Spatial distribution of the annual precipitation trend of OBS (A), APHRODITE (B1), GPCC (C1) and CPC (D1) over the CA from 1985 to 2005 (the black dots represent trends were significant at the 0.05 level ).
Figures 11B1,C1,D1 displays three interpolated gridded precipitation products for each site for the period 1985–2005. The annual precipitation trends of APHRODITE were generally lower than those of GPCC and CPC (the trend of APHRODITE was 6.95 mm/10 a, of GPCC was 17.33 mm/10 a, and of CPC was 33.11 mm/10 a) over the whole CA. The GPCC product tendencies were in agreement with the OBS, while the APHRODITE underestimated and CPC significantly overestimated the precipitation trends for rain gauges over CA. In the NCA (Figure 11B1), the annual precipitation displayed increasing trends at 14.5 mm/10 a, 15.7 mm/10 a, and 23.4 mm/10a for APHRODITE, GPCC, and CPC, respectively. This indicates that APHRODITE and GPCC underestimated the precipitation trends, while the CPC product overestimated precipitation trends in the entire NCA. In the SWCA (Figure 11C1), APHRODITE generally matched the precipitation trends over 21 years of OBS (OBS = 5.9 mm/10 a, APHRODITE = 5.6 mm/10 a). GPCC and CPC overestimated the trends of precipitation (OBS = 7.4 mm/10 a, APHRODITE = 23.4 mm/10 a). In the SECA with higher elevation regions (Figure 11D1), APHRODITE underestimated the trends of annual precipitation, while CPC significantly overestimated (annual precipitation trend for APHRODITE was 12.8 mm/10 a and for CPC was 52.7 mm/10 a). The GPCC results were in agreement with OBS at a rate of 37.4 mm/10 a. Figures 11B2,C2,D2 shows the gridded distribution of annual precipitation trends of APHRODITE, GPCC, and CPC. The distribution of APHRODITE and GPCC was similar, though APHRODITE exhibited a decreasing trend in most parts of the SECA than GPCC. CPC showed an increasing trend in most regions of the CA, and overestimated the interannual variability for the underestimation of the climatology.
CONCLUSION AND DISCUSSION
In this study, we systematical evaluated three gridded daily precipitation products (APHRODITE, GPCC, and CPC) by compared against with 49 rain gauge observations (OBS) employed four statistical metrics (R, Bias, RMSE, and RBias) in the period of 1985–2005 over CA, a region with complex climate conditions and topographic. The major conclusions are summarized as follows.
Based on the map of the köppen climatic classification divided the entire CA into three sub-regions, which is a temperate continental climate (Dfa) zone in the Northern CA (NCA), dry arid desert climate (BWk) zone in the Southwestern CA (SWCA), and the Mediterranean continental climate (Dsb) zone in the Southeastern CA (SECA). Overall, the three products can reproduce the mean climatology, annual cycle, and interannual variability of precipitation with OBS. The spatial distribution pattern of mean annual and daily precipitation decreased from the SECA to the NCA and SWCA, and the precipitation was highest in winter and spring and lower in summer over CA, SECA, and SWCA. On the contrary, the precipitation was mainly concentrated in the summer across NCA.
Considering the different time scales (daily, monthly, seasonal, and yearly), APHRODITE and GPCC has a fairly well performance than CPC. In terms of daily scale, the statistical results of R indicated that all three datasets had higher correlations with OBS in CA and each sub-region. According to the RMSE and Bias, GPCC performs best among three products with the lowest RMSE (0.28 mm/ day) and positive lowest RBias (0.71%). APHRODITE ranks second, CPC performs worst in the whole CA. The statistical metrics of GPCC (APHRODITE) to evaluated daily precipitation in the NCA (SECA and SWCA) is obviously superior than that in southern parts of CA (NCA). Since there exhibits different variation distribution in annual cycle precipitation over CA, the statistical metrics are display similar amplitudes with monthly precipitation. APHRODITE shows the better performance in CA, SWCA, and SECA regions with higher R and lower RMSE, and performs well in dry seasons than wet seasons. GPCC exhibits more accurary in wet months in NCA. CPC quantitatively underestimated the magnitude of precipitation over most regions of CA for all months. The bias in variability was larger in mountainous areas than in plain areas. The interannual variability reveal that APHRODITE and GPCC has capable of qualitatively changing the precipitation of CA, whereas CPC is not reliable.
All gridded products are associated with uncertain, the algorithm error, and influenced by limited number of stations to interpolate schemes. The multiple scales characteristics and errors of the APHRODITE, GPCC, and CPC products were quantitatively and qualitatively evaluated over CA the results provides interesting insights into daily precipitation estimation in data scarce regions, and benefit to many scientific studies and applications in CA.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Materials, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
DT analyzed the results, and wrote the manuscript. JY conceived the work, reviewed and edited the manuscript. JC and JL made the contribution to the methodology, visualization and Investigation. YZ, WM, and LY reviewed and approved the manuscript.
FUNDING
This work was funded by the National Natural Science Foundation of China (U1903113, 42171038), Sichuan Science and Technology Program (2020JDJQ0050). Climate Change Special Project of China Meteorological Administration (CCSF202028).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
The authors would like to express their gratitude to all the providers of precipitation products.
REFERENCES
 Ahmed, K., Shahid, S., Wang, X., Nawaz, N., and Najeebullah, K. (2019). Evaluation of gridded precipitation datasets over arid regions of Pakistan. Water 11 (2), 210. doi:10.3390/w11020210
 Aizen, E. M., Aizen, V. B., Melack, J. M., Nakamura, T., and Ohta, T. (2001). Precipitation and atmospheric circulation patterns at mid-latitudes of Asia. Int. J. Climatol. 21, 535–556. doi:10.1002/joc.626
 Beck, H. E., van Dijk, A. I. J. M., Levizzani, V., Schellekens, J., Miralles, D. G., Martens, B., et al. (2017). MSWEP: 3-hourly 0.25° global gridded precipitation (1979-2015) by merging gauge, satellite, and reanalysis data. Hydrol. Earth Syst. Sci. 21 (1), 589–615. doi:10.5194/hess-21-589-2017
 Becker, A., Finger, P., Meyer-Christoffer, A., Rudolf, B., Schamm, K., Schneider, U., et al. (2013). A description of the global land-surface precipitation data products of the Global Precipitation Climatology Centre with sample applications including centennial (trend) analysis from 1901–present. Earth Syst. Sci. Data 5, 71–99. doi:10.5194/essd-5-71-2013
 Bothe, O., Fraedrich, K., and Zhu, X. (2012). Precipitation climate of central Asia and the large-scale atmospheric circulation. Theor. Appl. Climatol. 108, 345–354. doi:10.1007/s00704-011-0537-2
 Chen, D., and Chen, H. W. (2013). Using the Köppen classification to quantify climate variation and change: An example for 1901-2010. Environ. Dev. 6, 69–79. doi:10.1016/j.envdev.2013.03.007
 Chen, F., Huang, W., Jin, L., Chen, J., and Wang, J. (2011). Spatiotemporal precipitation variations in the arid central Asia in the context of global warming. Sci. China Earth Sci. 54, 1812–1821. doi:10.1007/s11430-011-4333-8
 Chen, F. H., Chen, J. H., and Huang, W. (2009). A discussion on the westerly-dominated climate model in mid-latitude Asia during the modern interglacial period. Earth Sci. Front. 16, 23–32. 
 Chen, M., Xie, P., Janowiak, J. E., and Arkin, P. A. (2002). Global land precipitation: a 50-year monthly analysis based on gauge observations. J. Hydrometeor. 3, 249–266. doi:10.1175/1525-7541(2002)003<0249:GLPAYM>2.0.CO;2
 Chen, M. P., Xie, P., and Co-authors, (2008). CPC Unified Gauge-based Analysis of Global Daily Precipiation, Western Pacific Geophysics Meeting. Australia: Cairns. 29 July - 1 August, 2008. 
 Chen, X., Wang, S. S., Hu, Z. Y., Zhou, Q. M., and Hu, Q. (2018). Spatiotemporal characteristics of seasonal precipitation and their relationships with ENSO in Central Asia during 1901-2013. J. Geogr. Sci. 28 (9), 1341–1368. doi:10.1007/s11442-018-1529-2
 Dai, X.-G., and Wang, P. (2017). A new classification of large-scale climate regimes around the Tibetan Plateau based on seasonal circulation patterns. Adv. Clim. Change Res. 8, 26–36. doi:10.1016/j.accre.2017.01.001
 De Beurs, K. M., Henebry, G. M., Owsley, B. C., and Sokolik, I. N. (2018). Large scale climate oscillation impacts on temperature, precipitation and land surface phenology in Central Asia. Environ. Res. Lett. 13, 065018. doi:10.1088/1748-9326/aac4d0
 Dee, D. P., Uppala, S. M., Simmons, A. J., Berrisford, P., Poli, P., Kobayashi, S., et al. (2011). The ERA-Interim reanalysis: Configuration and performance of the data assimilation system. Q.J.R. Meteorol. Soc. 137 (656), 553–597. doi:10.1002/qj.828
 Deng, X., Nie, S., Deng, W., and Cao, W. (2017). Statistical evaluation of the performance of gridded monthly precipitation products from reanalysis data, satellite estimates, and merged analyses over China. Theor. Appl. Climatol 132 (1–2), 621–637. doi:10.1007/s00704-017-2105-x
 Dorigo, W. A., Gruber, A., De Jeu, R. A. M., Wagner, W., Stacke, T., Loew, A., et al. (2015). Evaluation of the ESA CCI soil moisture product using ground-based observations. Remote Sensing Environ. 162, 380–395. doi:10.1016/j.rse.2014.07.023
 Durre, I., Menne, M. J., Gleason, B. E., Houston, T. G., and Vose, R. S. (2010). Comprehensive Automated Quality Assurance of Daily Surface Observations. J. Appl. Meteorol. Climatol. 49, 1615–1633. doi:10.1175/2010JAMC2375.1
 Durre, I., Menne, M. J., and Vose, R. S. (2008). Strategies for evaluating quality assurance procedures. J. Appl. Meteorol. Climatol. 47, 1785–1791. doi:10.1175/2007JAMC1706.1
 Ebita, A., Kobayashi, S., Ota, Y., Moriya, M., Kumabe, R., Onogi, K., et al. (2011). The Japanese 55-year Reanalysis "JRA-55": An Interim Report. SOLA 7, 149–152. doi:10.2151/sola.2011-038
 Fan, Y., and Van den Dool, H. (2008). A global monthly land surface air temperature analysis for 1948–present. J. Geophys. Res. Atmos. 113, 1–18. doi:10.1029/2007JD008470
 Gao, X. C., Zhu, Q., Yang, Z. Y., and Wang, H. (2018). Evaluation and Hydrological Application of CMADS against TRMM 3B42V7, PERSIANN-CDR, NCEP-CFSR, and gauge-based datasets in Xiang River Basin of China. Water 10 (9), 24. doi:10.3390/w10091225
 Ghajarnia, N., Liaghat, A., and Arasteh, D. (2015). Comparison and evaluation of high resolution precipitation estimation products in Urmia Basin-Iran. Atmos. Res. 158-159 (50–65), 50–65. doi:10.1016/j.atmosres.2015.02.010
 Gruber, A., and Levizzani, V. (2008). Assessment of Global Precipitation Products, A project of the World Climate Research Programme Global Energy and Water Cycle Experiment (GEWEX) radiation panel. WCRP Rep. No.128 , WMO/TD No. 1430(50 pp.)
 Guan, X. F., Yang, L. M., Zhang, Y. X., and Li, J. G. (2019). Spatial distribution, temporal variation, and transport characteristics of atmospheric water vapor over Central Asia and the arid region of China. Global Planet. Change 172, 159–178. doi:10.1016/j.gloplacha.2018.06.007
 Guo, H., Bao, A., Ndayisaba, F., Liu, T., Kurban, A., and De Maeyer, P. (2017). Systematical Evaluation of Satellite Precipitation Estimates Over Central Asia Using an Improved Error-Component Procedure. J. Geophys. Res. Atmos. 122 (10), 906–910. doi:10.1002/2017JD026877
 Guo, H., Chen, S., Bao, A., Hu, J., Gebregiorgis, A., Xue, X., et al. (2015b). Inter-comparison of high-resolution satellite precipitation products over Central Asia. Remote Sensing 7 (6), 7181–7211. doi:10.3390/rs70607181
 Guo, H., Chen, S., Bao, A., Hu, J., Yang, B., and Stepanian, P. (2015a). Comprehensive Evaluation of High-Resolution Satellite-Based Precipitation Products over China. Atmosphere 7 (1), 6. doi:10.3390/atmos7010006
 Harris, I., Jones, P. D., Osborn, T. J., and Lister, D. H. (2014). Updated high-resolution grids of monthly climatic observations - the CRU TS3.10 Dataset. Int. J. Climatol. 34 (3), 623–642. doi:10.1002/joc.3711
 He, X., Pan, M., Wei, Z., Wood, E. F., and Sheffield, J. (2020). A global drought and flood catalogue from 1950 to 2016. B. Am. Meteorol. Soc. 101, E508–E535. doi:10.1175/bams-d-18-0269.1
 Henn, B., Newman, A. J., Livneh, B., Daly, C., and Lundquist, J. D. (2018). An assessment of differences in gridded precipitation datasets in complex terrain. J. Hydrol. 556, 1205–1219. doi:10.1016/j.jhydrol.2017.03.008
 Hu, Z., Zhou, Q., Chen, X., Qian, C., Wang, S., and Li, J. (2017). Variations and changes of annual precipitation in Central Asia over the last century. Int. J. Climatol 37 (S1), 157–170. doi:10.1002/joc.4988
 Huang, J., Ji, M., Xie, Y., Wang, S., He, Y., and Ran, J. (2016). Global semi-arid climate change over last 60 years. Clim. Dyn. 46, 1131–1150. doi:10.1007/s00382-0150263608
 Huffman, G. J., Bolvin, D. T., Nelkin, E. J., Wolff, D. B., Adler, R. F., Gu, G., et al. (2007). The TRMM Multisatellite Precipitation Analysis (TMPA): Quasi-global, multiyear, combined-sensor precipitation estimates at fine scales. J. Hydrometeorology 8 (1), 38–55. doi:10.1175/jhm560.1
 Joyce, R. J., Janowiak, J. E., Arkin, P. A., and Xie, P. (2004). CMORPH: A Method that Produces Global Precipitation Estimates from Passive Microwave and Infrared Data at High Spatial and Temporal Resolution. J. Hydrometeor 5, 487–503. doi:10.1175/1525-7541(2004)005<0487:camtpg>2.0.co;2
 Kalnay, E., Kanamitsu, M., Kistler, R., Collins, W., Deaven, D., Gandin, L., et al. (1996). The NCEP/NCAR 40-year reanalysis project. Bull. Amer. Meteorol. Soc. 77, 437–471. doi:10.1175/1520-0477(1996)077<0437:tnyrp>2.0.co;2
 Kanamitsu, M., Ebisuzaki, W., Woollen, J., Yang, S.-K., Hnilo, J. J., Fiorino, M., et al. (2002). NCEP-DOE AMIP-II reanalysis (R-2). Bull. Amer. Meteorol. Soc. 83, 1631–1644. doi:10.1175/bams-83-11-1631
 Kubota, T., Shige, S., Hashizume, H., Aonashi, K., Takahashi, N., Seto, S., et al. (2007). Global precipitation map using satellite-borne microwave radiometers by the GSMap project: Production and validation. IEEE Trans. Geosci. Remote Sensing 45 (7), 2259–2275. doi:10.1109/Tgrs.2007.895337
 Lai, S., Xie, Z., Bueh, C., and Gong, Y. (2020). Fidelity of the APHRODITE dataset in representing extreme precipitation over Central Asia. Adv. Atmos. Sci. 37 (12), 1405–1416. doi:10.1007/s00376-020-0098-3
 Lemma, E., Upadhyaya, S., and Ramsankaran, R. (2019). Investigating the performance of satellite and reanalysis rainfall products at monthly timescales across different rainfall regimes of Ethiopia. Int. J. Remote Sensing 40 (10), 4019–4042. doi:10.1080/01431161.2018.1558373
 Lioubimtseva, E., and Henebry, G. M. (2009). Climate and environmental change in arid Central Asia: Impacts, vulnerability, and adaptations. J. Arid Environments 73, 963–977. doi:10.1016/j.jaridenv.2009.04.022
 Lu, X. Y., Tang, G. Q., Liu, X. C., Wang, X. Q., and Wei, M. (2021). The potential and uncertainty of triple collocation in assessing satellite precipitation products in Central Asia. Atmos. Res. 252, 105452. doi:10.1016/j.atmosres.2021.105452
 Menne, M. J., Durre, I., Vose, R. S., Gleason, B. E., and Houston, T. G. (2012). An overview of the Global Historical Climatology Network-Daily database. J. Atmos. Oceanic Technol. 29, 897–910. doi:10.1175/JTECH-D-11-00103.1
 Pai, D. S., Sridhar, L., Rajeevan, M., Sreejith, O. P., Satbhai, N. S., and Mukhopadyay, B. (2014). Development of a new high spatial resolution (0. 25° × 0. 25°) long period (1901–2010) daily gridded rainfall data set over India and its comparison with existing data sets over the region. Mausam 65 (1), 1–18. 
 Peng, D., Zhou, T., Zhang, L., and Wu, B. (2018). Human contribution to the increasing summer precipitation in Central Asia from 1961 to 2013. J. Clim. 31, 8005–8021. doi:10.1175/JCLI-D-17-0843.1
 Rana, S., McGregor, J., and Renwick, J. (2015). Precipitation seasonality over the Indian subcontinent: an evaluation of gauge, reanalyses, and satellite retrievals. J.Hydrometeorol. 16, 631–651. doi:10.1175/jhm-d-14-0106.1
 Rienecker, M. M., Suarez, M. J., Gelaro, R., Todling, R., Bacmeister, J., Liu, E., et al. (2011). MERRA: NASA's Modern-Era Retrospective Analysis for Research and Applications. J. Clim. 24 (14), 3624–3648. doi:10.1175/JCLI-D-11-00015.1
 Schiemann, R., Lüthi, D., Vidale, P. L., and Schär, C. (2008). The precipitation climate of Central Asia-intercomparison of observational and numerical data sources in a remote semiarid region. Int. J. Climatol. 28, 295–314. doi:10.1002/joc.1532
 Schneider, U., Ziese, M., Meyer-Christoffer, A., Finger, P., Rustemeier, E., and Becker, A. (2016). The new portfolio of global precipitation data products of the Global Precipitation Climatology Centre suitable to assess and quantify the global water cycle and resources. Proc. IAHS 374, 29–34. doi:10.5194/piahs-374-29-2016
 Serreze, M. C., and Hurst, C. M. (2000). Representation of mean Arctic precipitation from NCEP-NCAR and ERA reanalyses. J. Clim. 13, 182–201. doi:10.1175/1520-0442(2000)013<0182:romapf>2.0.co;2
 Silva, V. B. S., Kousky, V. E., Shi, W., and Higgins, R. W. (2007). An improved gridded historical daily precipitation analysis for Brazil. J. Hydrometeorol 8, 847–861. doi:10.1175/jhm598.1
 Song, S., and Bai, J. (2016). Increasing Winter Precipitation over Arid Central Asia under Global Warming. Atmosphere 7 (10), 139. doi:10.3390/atmos7100139
 Sorooshian, S., Hsu, K.-L., Gao, X., Gupta, H. V., Imam, B., and Braithwaite, D. (2000). Evaluation of PERSIANN system satellite-based estimates of tropical rainfall. Bull. Amer. Meteorol. Soc. 81 (9), 2035–2046. doi:10.1175/1520-0477(2000)081<2035:eopsse>2.3.co;2
 Sun, Q., Miao, C., Duan, Q., Ashouri, H., Sorooshian, S., and Hsu, K. L. (2018). A Review of Global Precipitation Data Sets: Data Sources, Estimation, and Intercomparisons. Rev. Geophys. 56, 79–107. doi:10.1002/2017RG000574
 Tan, X., Ma, Z., He, K., Han, X., Ji, Q., and He, Y. (2020). Evaluations on gridded precipitation products spanning more than half a century over the Tibetan Plateau and its surroundings. J. Hydrol. 582, 124455. doi:10.1016/j.jhydrol.2019.124455
 Tan, X., and Shao, D. (2017). Precipitation trends and teleconnections identified using quantile regressions over Xinjiang, China. Int. J. Climatol. 37, 1510–1525. doi:10.1002/joc.4794
 Uppala, S. M. (2005). The ERA-40 reanalysis. Quart J. Roy Meteorol. Soc 131, 2961–3012. 
 Wei, W., Zhang, R., Wen, M., and Yang, S. (2017). Relationship between the Asian westerly jet stream and summer rainfall over Central Asia and north China: Roles of the Indian monsoon and the South Asian high. J. Clim. 30, 537–552. doi:10.1175/JCLI-D-15-0814.1
 Worqlul, A. W., Collick, A. S., Tilahun, S. A., Langan, S., Rientjes, T. H. M., and Steenhuis, T. S. (2015). Comparing TRMM 3B42, CFSR and Ground-Based Rainfall Estimates as Input for Hydrological Models, in Data Scarce Regions: The Upper Blue Nile Basin, Ethiopia. Hydrological Earth Syst. Sci. Discuss 12, 2081–2112. doi:10.5194/hessd-12-2081-2015
 Wu, Y., Guo, L., Zheng, H., Zhang, B., and Li, M. (2019). Hydroclimate assessment of gridded precipitation products for the Tibetan Plateau. Sci. Total Environ. 660, 1555–1564. doi:10.1016/j.scitotenv.2019.01.119
 Xie, P., and Arkin, P. A. (1997). Global precipitation: a 17-year monthly analysis based on gauge observation, satellite estimates, and numerical model outputs. Bull. Amer. Meteorol. Soc. 78, 2539–2558. doi:10.1175/1520-0477(1997)078<2539:GPAYMA>2.0.CO;2
 Yang, T., Li, Q., Chen, X., De, M. P., Yan, X., Liu, Y., et al. (2020). Spatiotemporal variability of the precipitation concentration and diversity in Central Asia. Atmos. Res. 241, 104954. doi:10.1016/j.atmosres.2020.104954
 Yao, J., Chen, Y., Yu, X., Zhao, Y., Guan, X., and Yang, L. (2020). Evaluation of multiple gridded precipitation datasets for the arid region of northwestern China. Atmos. Res. 236, 104818. doi:10.1016/j.atmosres.2019.104818
 Yao, J. Q., Mao, W. Y., Yang, Q., Xu, X. B., and Liu, Z. H. (2016). Annual actual evapotranspiration i n inland river catchments of China based on the Budyko framework. Stoch. Environ. Res. Risk Assess. 30, 1409–1421. doi:10.1007/s00477-016-1271-1
 Yao, J. Q., Chen, Y. N., and Chen, J. (2020). Intensification of extreme precipitation in arid Central Asia. J. Hydrol. , 125760. doi:10.1016/j.jhydrol.2020.125760
 Yatagai, A., Arakawa, O., Kamiguchi, K., Kawamoto, H., Nodzu, M. I., and Hamada, A. (2009). A 44-year daily gridded precipitation dataset for Asia based on a dense network of rain gauges. Sola 5, 137–140. doi:10.2151/sola.2009-035
 Yatagai, A., Kamiguchi, K., Arakawa, O., Hamada, A., Yasutomi, N., and Kitoh, A. (2012). APHRODITE: Constructing a Long-Term Daily Gridded Precipitation Dataset for Asia Based on a Dense Network of Rain Gauges. Bull. Am. Meteorol. Soc. 93 (9), 1401–1415. doi:10.1175/Bams-D-11-00122.1
 Yu, Y., Chen, X., Disse, M., Cyffka, B., and Lei, J. (2020). Climate change in Central Asia: Sino-German cooperative research findings. Sci. Bull. . doi:10.1016/j.scib.2020.02.008
 Zhang, M., Chen, Y., Shen, Y., and Li, Y. (2017). Changes of precipitation extremes in arid Central Asia. Quat. Int. 436, 16–27. doi:10.1016/j.quaint.2016.12.024
 Zhang, Q., Singh, V. P., Li, J., Jiang, F., and Bai, Y. (2012). Spatio-temporal variations of precipitation extremes in Xinjiang, China. J. Hydrol. 434–435, 7–18. doi:10.1016/j.jhydrol.2012.02.038
 Zhu, X., Wei, Z. G., Dong, W. J., Ji, Z. M., Wen, X. H., Zheng, Z. Y., et al. (2020). Dynamical downscaling simulation and projection for mean and extreme temperature and precipitation over central Asia. Clim. Dyn. . doi:10.1007/s00382-020-05170-0
 Ziese, M., Rauthe-Schöch, A., Becker, A., Finger, P., Meyer-Christoffer, A., and Schneider, U. (2018). GPCC Full Data Daily Version.2018 at 1.0°: Daily Land-Surface Precipitation from Rain-Gauges built on GTS-based and Historic Data. doi:10.5675/DWD_GPCC/FD_D_V2018_100
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Dilinuer, Yao, Chen, Zhao, Mao, Li and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 03 November 2021
doi: 10.3389/feart.2021.770826


[image: image2]
High-Resolution WRF Simulation of Extreme Heat Events in Eastern China: Large Sensitivity to Land Surface Schemes
Wenjian Hua1*, Xuan Dong1, Qingyuan Liu2, Liming Zhou3, Haishan Chen1 and Shanlei Sun1
1Key Laboratory of Meteorological Disaster, Ministry of Education (KLME)/Joint International Research Laboratory of Climate and Environment Change (ILCEC)/Collaborative Innovation Center on Forecast and Evaluation of Meteorological Disasters (CIC-FEMD), Nanjing University of Information Science and Technology, Nanjing, China
2Jiangsu Institute of Meteorological Sciences, Nanjing, China
3Department of Atmospheric and Environmental Sciences, University at Albany, State University of New York, Albany, NY, United States
Edited by:
Gen Li, Hohai University, China
Reviewed by:
Xuezhen Zhang, Institute of Geographic Sciences and Natural Resources Research (CAS), China
Yong Zhao, Chengdu University of Information Technology, China
* Correspondence: Wenjian Hua, wenjian@nuist.edu.cn
Specialty section: This article was submitted to Interdisciplinary Climate Studies, a section of the journal Frontiers in Earth Science
Received: 05 September 2021
Accepted: 20 October 2021
Published: 03 November 2021
Citation: Hua W, Dong X, Liu Q, Zhou L, Chen H and Sun S (2021) High-Resolution WRF Simulation of Extreme Heat Events in Eastern China: Large Sensitivity to Land Surface Schemes. Front. Earth Sci. 9:770826. doi: 10.3389/feart.2021.770826

Regional climate models with high-resolution simulation are particularly useful for providing a detailed representation of land surface processes, and for studying the relationship between land surface processes and heat events. However, large differences and uncertainties exist among different land surface schemes (LSSs). This study comprehensively assesses the sensitivity to different LSSs based on two extreme heat events in eastern China using the Weather Research and Forecasting (WRF) model. Among the five LSSs (i.e., 5TD, CLM4, Noah, Noah-MP and RUC), Noah is closest to observations in reproducing the temperatures and energy fluxes for both two heat events. The modeled warm biases result mainly from the underestimation of evapotranspirative cooling. Our results show that how each LSS partitions the evapotranspiration (ET) and sensible heat largely determines the relationship between the temperature and turbulent fluxes. Although the simulated two extreme heat events manifest similar biases in the temperatures and energy fluxes, the land surface responses (ET and soil moisture) are different.
Keywords: land surface schemes, WRF model, high-resolution simulation, heatwaves, evapotranspiration
INTRODUCTION
Extreme heat events, such as hot days, heat waves or multi-day heat events, have become more frequent over a large majority of global land areas under global warming (Hartmann et al., 2013), and have drawn an increasing amount of attention (e.g., Beniston, 2004; García-Herrera et al., 2010; Barriopedro et al., 2011; Trenberth and Fasullo, 2012). Extreme heat events have significant impacts on society and ecosystems. For instance, the mega European heat wave of 2003 and the Russian heat wave of 2010 caused many types of heat-related illnesses and more than 80,000 deaths (WMO, 2013). Hence, understanding the nature and cause of extreme heat events and improving the ability of its prediction and projection are of significant societal, economic and environmental importance.
Many studies have explored regional changes in extreme heat events (Hartmann et al., 2013, also see their citations). In eastern China, the rapid increase in summer warm extremes has been documented in recent years (Sun, 2014; Zhou et al., 2014; Freychet et al., 2017; Chen et al., 2019; Zhou et al., 2019). Multi-day heat events are often directly associated with large-scale atmospheric anticyclonic circulation anomalies that produce prolonged hot conditions at the surface (e.g., Wang et al., 2016). However, the causes of long-term changes in the persistence of the quasi-stationary anticyclonic circulation anomalies are very complex. The rapid increase in the intensity of summer heat waves was attributed to anthropogenic influences (Sun et al., 2014; Stott, 2016; Ma S. et al., 2017; Hua et al., 2021). External SST forcing and internal atmospheric variability also contribute to the changes of summer heat waves (Arblaster and Alexander 2012; Chen and Zhou, 2018; Deng et al., 2019; Liu et al., 2019). Furthermore, warm extremes can be amplified by pre-existing dry soil conditions, and the persistence of soil moisture anomalies (Fischer et al., 2007a; Lorenz et al., 2010; Seneviratne et al., 2010; Zhang and Wu, 2011). The amplification of soil moisture-temperature feedbacks was suggested to modulate the duration of extreme summer heat waves (Hirschi et al., 2011). Given that the summer warm extremes were felt more profoundly in urban areas of eastern China, urban warming also contributed to the intensity of heat waves (Zhou et al., 2004; Yang et al., 2017a; Wang et al., 2017).
Regional climate models (RCMs) are particularly useful tools for studying extreme heat events. RCMs could produce high horizontal resolutions, that provide additional details beyond global reanalysis or climate simulations and realistically describe refined atmospheric and land surface processes and features (Feser et al., 2011). For example, an increase in RCM resolution (e.g., from 50 to 12 km) does enable better simulation of warm extremes (Seneviratne et al., 2012; Vautard et al., 2013), and increases extreme wind speeds more than the mean wind speed (Pryor et al., 2012). Several factors including domain size, location, lateral boundary condition and process parameterizations also contribute to the quality of RCM results (Xue et al., 2007; Laprise, 2008; Leduc and Laprise, 2009; Kanamitsu et al., 2010; Køltzow et al., 2011; Mooney et al., 2013). Note that the errors and uncertainties of RCM are largely owing to the shortcomings in physical parameterizations, including radiation, microphysics, convection, planetary boundary layer and land surface parameterization schemes (Foley 2010; Flaounas et al., 2011; Crétat et al., 2012; Evans et al., 2012; Gianotti et al., 2012; Roy et al., 2012; Solman and Pessacg, 2012; Güttler et al., 2014; Ratna et al., 2014). Previous studies have suggested that dynamic downscaling of RCM studies, long-term climate simulations, and short-range heat weather are sensitive to land surface processes (Zeng et al., 2011; Sato and Xue, 2013; Zeng et al., 2015; Li et al., 2016). The representation of land surface processes in RCM is therefore important, particularly for simulating monsoon regions (e.g., Boone et al., 2010).
The Weather Research and Forecasting (WRF) model is a currently widely used RCM with a broad range of applications across scales ranging from air quality, wind energy and hydrological research studies (Zeng et al., 2014; Powers et al., 2017; Xia et al., 2019), especially for producing realistic simulations in the monsoon regions of eastern China. With the land surface models (LSMs) embedded in WRF, it can describe the details of land surface processes, such as diurnal cycle of temperature, features of warm extremes and also give better understanding of land surface and atmosphere coupling than other RCMs. As previous studies show that the RCM at higher resolutions can produce better simulations of extreme heat waves (Seneviratne et al., 2012) and land surface processes that affect the extreme heat events over eastern China (Yang et al., 2017a; Wang et al., 2017), it is important to know whether the WRF is able to simulate extreme heat waves with fine horizontal (e.g., grid size of 1 km) and whether such simulations depend on land surface schemes.
Considering the complexity of land-atmosphere interactions and the challenges in observing and modeling such interactions, it is extremely difficult to separate different physical processes involved in extreme heat waves and attributing the causes from various confounding contributors in the fully coupled land-atmosphere system (Zhou, 2021; Zhou et al., 2021). Here we focus on the land surface contribution via WRF simulations using different land surface schemes (LSSs) forced by the same initial and lateral boundary conditions and described by the same physical parameterizations. Doing so will help us to isolate the impacts of land surface processes while minimizing the complication of other factors.
With this in mind, the present study aims to examine the sensitivity to land surface schemes in heat events with fine-scale simulation and understand the role of land surface processes in simulating extreme heat events, rather than investigate the role of atmospheric circulation anomalies. As eastern China has experienced rapid increases in summer warm extremes in recent years, we chose two cases of extreme heat events over eastern China, including the early August 2013 and late July 2017 to explore the similarities and differences.
MODEL, EXPERIMENTAL DESIGN AND METHODS
Model Description and Experimental Design
The Advanced Research WRF (ARW) model, version 4.0, is employed in this study to conduct high resolution simulations. As a state-of-the art regional modeling system, the WRF model has been used for weather and climate research across various spatial scales (Skamarock et al., 2008). The model domain is centered at 35°N, 110°E with a total of 481 × 361 grid points at 15 km spacing (Figure 1). This domain is optimal for modeling regional climate over China (Liang et al., 2019). In order to better simulate the regional feature and structure, we used three two-way interactive domains, the resolutions of two inner domains are 3 and 1 km (Figure 1A). The middle domain has 706 × 706 grid points with a resolution of 3 km whereas the small domain includes 802 × 802 grid points at 1 km spacing. The model consists of 42 vertical levels with a top at 50 hPa. If not otherwise specified, we focus on the outputs of the smallest domain.
[image: Figure 1]FIGURE 1 | (A) Model domain and terrain heights (units: m). The inner boxes represent the domains for the 3 km (d02) and 1 km (d03) resolution experiments, respectively. (B) The land cover map derived from MODIS covering the domain d03.
WRF offers an option among multiple land surface schemes that can be used to describe the heat, moisture and momentum exchange across the surface-atmosphere interface. We use five land surface schemes (LSSs) in this study (Table 1). The 5-layer thermal diffusion scheme (hereafter 5TD) is based on the same module of the mesoscale model MM5 5-layer soil temperature model (Dudhia, 1996). There are five layers with the thicknesses of 1, 2, 4, 8, and 16 cm. Below these the temperature is fixed at diurnal average. The energy budget includes radiation, sensible, and latent heat flux. The Noah land surface scheme was developed from the Oregon State University land surface model (Chen and Dudhia, 2001). The Noah predicts the temperature and moisture contents in four soil layers by using the force-restore method and includes detailed descriptions of the vegetation canopy and hydrological processes, such as the evapotranspiration, soil drainage and runoff. In particular, Noah includes an improved urban treatment that takes into account the urban emissivity properties on temperature. The Rapid Update Cycle (hereafter RUC) LSM contains energy and moisture transfer equations, together with energy and moisture budget equations for the ground surface, and uses an implicit scheme for computing the surface fluxes (Smirnova et al., 2016). The RUC LSM currently uses 9 levels (0, 1, 4, 10, 30, 60, 100, 160, and 300 cm) in soil with higher resolution near the interface with the atmosphere. The Noah-MP LSM (Niu et al., 2011) is based on the Noah model and uses multiple options for key land-atmosphere interaction processes (e.g., dynamic vegetation option). It also introduces various augmentations in the initial model (e.g., a vegetation canopy layer to calculate the canopy and ground surface temperatures separately). The Community Land Model, version 4 (CLM4, Lawrence et al., 2011) has a vertical structure of a single-layer vegetation canopy, a five-layer snowpack, and a ten-layer soil column. It contains sophisticated treatment of biogeophysics, hydrology, biogeochemistry and dynamic vegetation.
TABLE 1 | Overview of the physical parameterizations used in this study. The microphysics, radiation, boundary layer and cumulus convection schemes were the same for different LSSs.
[image: Table 1]To assess the sensitivity of WRF simulations to land surface schemes in simulating the extreme heat events in eastern China, we conducted five experiments with the 5TD, Noah, RUC, Noah-MP and CLM4. All the physics options except for the LSS are the same and briefly summarized in Table 1. Differences between these simulations are mainly attributed to different parameterizations and parameters of land surface processes. The National Centers for Environmental Prediction (NCEP) Final Operational Global Analysis (FNL) data with a horizontal resolution of 1° × 1° was used as initial and boundary conditions for the WRF simulations with a time interval of 6 h. The specified boundary conditions are only used in the outmost domain. The rows and columns of the relax zone in the boundary conditions are both 4 points. The grid nudging analysis is only applied to the outmost domain to maintain stability of the boundary conditions for the nested two domains. The temperature and vapor from the FNL data are used in the grid nudging analysis, and we also apply the horizontal winds above the PBL to the grid nudging analysis.
In the summer of 2013 and 2017, extremely hot weather events occurred in eastern China, especially over the urban area of Shanghai (Zhou et al., 2019). Therefore, we chose the summer of 2013 and 2017 as two case studies. For the 2013 case, the simulations were carried out from 0000 UTC, August 6 through 0000 UTC, August 10. For the 2017 cases, the simulations were carried out from 0000 UTC, July 20 through 0000 UTC, July 24. We took the first day as a model spin-up and analyze the remaining days. We also performed the 6-day simulations for further validation and analyses and treated the first 3 days as spin-up. The modeling results are shown to be insensitive to the length of simulations and choice of the days of spin-up. Note that no special initialization procedures are used in the simulations. For all the experiments, the meteorological and land surface fields (e.g., soil moisture and temperature) are the same.
Observational Data and Methods
The Chinese observed daily temperature data sets from meteorological stations are collected and processed by the National Meteorological Center of the China Meteorological Administration (https://data.cma.cn). The data sets include the daily mean, maximum and minimum surface air temperature. Figure 2 shows the locations of these stations in 2013 and 2017, which are well distributed across eastern China. We also used the gridded datasets (referred to CN05.1) based on observations from more than 2,400 surface meteorological stations to provide better support for high-resolution climate change research and model validation over the Chinese region (Wu and Gao, 2013).
[image: Figure 2]FIGURE 2 | (A) Observed daily maximum air temperature anomalies (°C) in eastern China during the 2013 summer for (A) CN05.1, (B) station-based observations. (C,D) Same as (A,B), but for the summer of 2017. The abbreviations of CSH, JS, and ZJ in (B) stand for the city of Shanghai, Jiangsu and Zhejiang provinces. The outlined boxes in (A) and (C) depict the local areas for further regional analysis.
To further demonstrate the model’s capability in simulating surface energy fluxes in eastern China, we use the observed radiative fluxes (including upward and downward shortwave and longwave radiation) and clouds obtained from Clouds and the Earth’s Radiant Energy System (CERES) SYN1deg (Wielicki et al., 1996).
The satellite-based evapotranspiration (ET) and surface soil moisture products from 2003 to 2018 were derived from GLEAM (Global Land Evaporation Amsterdam Model) v3.3b (Miralles et al., 2011; Martens et al., 2017). The GLEAM v3.3b used a new data assimilation strategy and assimilated microwave soil moisture observations into GLEAM satellite-derived soil moisture, as this approach allows the correction of potential seasonal biases between the modelled and observed soil moisture states (Martens et al., 2017). The GLEAM products (e.g., ET) have been validated against eddy covariance towers worldwide (Miralles et al., 2011; Michel et al., 2016; Miralles et al., 2016). GLEAM is more consistent with daily gauge observations than other products, and shows the best consistency with point observations and basin-scale benchmark data over China (Yang et al., 2017b; Bai and Liu, 2018).
Because of the very high resolution (i.e., 1 km) of model simulations and relatively coarse resolution of CN05.1 (0.25° × 0.25°) data, the model simulations are validated against the station-based observations by converting the gridded outputs using bilinear interpolation to match the observations. Our study also compares the coarse resolution energy fluxes (1° × 1°), ET and soil moisture (0.25° × 0.25°) products with the fine-scale WRF simulations. However, the typically coarse spatial resolution fields can be significantly biased over complex and heterogeneous terrain at local scales. Furthermore, large scale systematic model biases exist in simulating heterogeneous land surface processes due to biases in lateral and lower boundary conditions derived from coarse resolution reanalysis data (Moalafhi et al., 2016). The direct comparison using absolute values does not make much sense (Zhou et al., 2012; Hua et al., 2014). Using reference values computed over the inner domain (d03, Figure 1A) for the same time period establishes a baseline from which anomalies are calculated. This effectively normalizes the data so they can be compared among the simulations from different LSMs and combined to more accurately represent the spatial patterns of fine-scale features. For these reasons, anomalies more accurately describe climate variability over larger areas than absolute temperatures do. Herein, the time series of the regional average fields over eastern China is used as the baseline. Both the modeled and observed anomaly fields are obtained by subtracting the baseline at each grid. We measure the quality of model simulations with reference to the observational data by calculating the mean bias, root mean square error (RMSE) and statistical correlation.
To examine the impacts of the two extreme heat events with regards to their land surface conditions using observed temperatures and GLEAM data from a longer time scales, we calculate the standardized anomalies of temperature, ET, soil moisture and energy fluxes for the summer of 2013 and 2017 following Xu et al. (2011). The standardized anomalies are expressed as a=(x−m)/s, where a is the standardized anomaly of a given variable (e.g., temperature, ET and soil moisture) in a specific year (2013 or 2017). x denotes the values in 2013 or 2017. m and s represent the long term mean and standard deviation over a reference period from 2003 to 2018, but excluding 2013 and 2017.
RESULTS AND DISCUSSION
Extreme Heat Events in Observations and Models
Multi-day averaged maximum temperature anomalies during the summer of 2013 are shown in Figure 2. On average, the observed daily maximum temperatures exhibit remarkable warming in the eastern areas of the study region, with largest magnitudes (>2°C) in Shanghai and north of Zhejiang province around 30°N (Figures 2A,B). For the 2017 case, the magnitude is weaker than that in 2013 (Figures 2C,D). There are two warming centers in 2017, one with a strong maximum around 29 °N and the other near Shanghai (Figures 2C,D).
For the model simulations, almost all of them show higher warming near Shanghai and north of Zhejiang province (Figure 3 and Figure 4). Despite their differences in magnitude, all the LSSs have statistically significant spatial correlations (r > 0.54, p < 0.05, n = 180, where r is the correlation coefficient and n is the sample size hereafter) with the station-based observations over eastern China. A closer inspection shows that Noah has the significant positive correlation with the reference data, with r = 0.58 (p < 0.05). For the daily mean and minimum temperatures, the simulations with Noah and Noah-MP show generally consistent spatial distributions compared with the observed fields (Supplementary Figures S1–S4). Overall, most LSSs-induced experiments manifest similar distributions, with stronger warming in north of ∼31°N latitude than south of ∼29°N latitude in Figures 3,4, but the simulations of extreme values (i.e., maximum and minimum temperatures) are very sensitive to the LSSs choice.
[image: Figure 3]FIGURE 3 | Multi-day averaged daily maximum surface air temperature anomalies (°C) in eastern China during the 2013 summer from five individual experiments with (A) 5TD, (B) CLM4, (C) Noah, (D) Noah-MP and (E) RUC land surface schemes.
[image: Figure 4]FIGURE 4 | Same as Figure 3, but for the summer of 2017.
We further examine the model performances using the quantitative bias analysis. The comparison with observation demonstrates that all the simulations show a tendency to overestimate the maximum temperature around Shanghai and south of Jiangsu province (Table 2). For the 2017 case, the bias pattern is similar to that in 2013, except that CLM4 underestimates the daytime temperatures in Shanghai (Supplementary Figures S5,S6). We also examine the biases in the daily mean and minimum temperatures (Supplementary Figures S7–S10). All the simulations basically overestimate the temperatures over the west of east China, but underestimate the temperature fields in Shanghai. Table 2 shows the statistics for spatially averaged temperatures and diurnal temperature range (DTR) for the two summer heat events in eastern China. Basically, Noah shows the least biases and RMSE in describing the maximum, minimum, mean temperatures and DTR against the observational data relative to the other LSMs. Thus, Noah outperforms other LSSs for the temperature fields.
TABLE 2 | Statistics for the mean biases and RMSE for the spatially averaged temperature (°C) and DTR (°C) from the model simulations against the observational data for the 2013 and 2017 cases. The study regions are outlined in Figure 2.
[image: Table 2]Surface Energy Budget
Note that various LSSs can produce different surface energy budgets that further affect the simulated temperature fields. We next assess the model’s performance in simulating the surface radiative fluxes against satellite observations from the CERES. We focus on the areal mean of the study region over eastern China (Figure 2A), as the CERES relatively has the lower spatial resolution compared to the model outputs. Note that model errors (i.e., RMSE) are typically higher for DTR, indicating that the representation of the diurnal cycle remains a long-standing issue in current models (Zhou et al., 2009; Zhou et al., 2010; Davin et al., 2016).
Because of the same lateral-boundary forcings, the LSS-simulated downward shortwave radiation (Sin) are almost the same. However, there is a positive bias of Sin (4–11 W m−2) that leads to overestimate of solar energy absorbed (Figure 5A). For the upward shortwave radiation (Sout), LSS-simulated Sout also exhibit positive biases, with Noah-MP and CLM4 have the largest magnitudes (Figure 5B). Note that the 2013 and 2017 cases share similar biases, indicating that systematic biases exist in simulating the surface shortwave radiations (Figures 5A,B), which may be due to lateral and lower boundary conditions derived from reanalysis data (Moalafhi et al., 2016). Furthermore, changing the LSSs can also substantially change the surface longwave radiative fluxes. For instance, 5TD, CLM4 and RUC underestimate the amplitudes of the upward longwave radiation (Figure 5C). For the downward longwave radiation, the model simulations show negative biases in the summer of 2017 (Figure 5D), leading to an underestimation of the net longwave radiations (Figure 5E). We also examine the surface net radiation (Rnet) (Figure 5F). The models all overestimate the amplitudes of observed Rnet. By comparison, Noah is the best relative to CERES, with the mean bias of ∼5 W m−2 (Figure 5F).
[image: Figure 5]FIGURE 5 | The differences in areal mean surface energy fluxes (W m−2) over the study region (outlined boxes in Figure 2A) between the model simulations and CERES data for the summer of 2013 (yellow) and 2017 (blue) for (A) downward shortwave radiation (Sin), (B) upward shortwave radiation (Sout), (C) upward longwave radiation (Lout), (D) downward longwave radiation (Lin), (E) net longwave radiation (Lnet), and (F) net radiation (Rnet).
Possible Causes of Model Biases
The aforementioned sections have shown that the simulated surface energy fluxes and multi-day heat events can be influenced by different LSSs. Most LSSs overestimate the daytime temperatures (Table 2). These biases indicate that land surface processes may modulate the available energy partitioning between sensible and latent heat fluxes, leading to an underestimation of cloud formations (Figure 6) and a systematic overestimation of surface shortwave radiation (Figures 5A,B). For example, all the LSSs in fact underestimate the ET fields and 5TD show the least ET biases (Figure 7). The reduced ET could lead to a decline in cloud cover and an increase in surface shortwave radiation. To further examine the daytime warm biases around Shanghai, Figure 8 shows the relationship between the daily maximum temperature and ET. Most LSSs (except for CLM4 in 2017, discussed below) indeed underestimate the ET in Shanghai and the magnitudes of this underestimation correlates well with the daytime warm biases (Figures 8A,B). That is, the modeled warm biases result mainly from the negative ET biases. Note that 5TD has the smallest ET biases (Figure 7), which would lead to the smallest temperature biases. However, the 5TD scheme is an exception. It is the simplest among the five LSSs, only calculated soil temperature and ignores the representations of snow, vegetation, and soil moisture processes (Dudhia, 1996). This simplicity does not consider detailed land-surface hydrological and biosphere processes in computing the soil temperature and moisture which may result in unrealistic representation of surface energy balance and Bowen’s ratio. Furthermore, 5TD has the largest positive Rnet biases in particular in the summer of 2013 (Figure 5F). So least ET biases will not point to least warm biases.
[image: Figure 6]FIGURE 6 | The differences in areal mean total cloud cover over the study region (outlined boxes in Figure 2A) between the model simulations and CERES data for the summer of 2013 (black) and 2017 (gray).
[image: Figure 7]FIGURE 7 | The differences in areal mean ET (mm day−1) over the study region (outlined boxes in Figure 2A) between the model simulations and GLEAM data for the summer of 2013 (black) and 2017 (gray).
[image: Figure 8]FIGURE 8 | The relationship between daily maximum temperature and ET for (A) 2013 and (B) 2017. (C,D) Same as (A,B), but for surface soil moisture over Shanghai (30.8°–31.5°N 120.7°–122°E).
In model simulations, the air temperatures or daily maximum temperatures in Noah, Noah-MP and RUC are closely related to sensible and latent heat fluxes with respect to the spatial patterns (p < 0.05, n = 376). The modeled temperatures in CLM4 have statistically significant spatial correlations with the sensible heat (r > 0.4, n = 376), but have weak connections with the latent heat. Instead, 5TD shows strong relationship between the temperatures and the latent heat (r > 0.53, n = 376), but weak relationship between temperatures and the sensible heat. These results suggest that how each LSS partitions the surface energy into the ET and sensible heat would largely determine the relationship between the temperature and turbulent fluxes.
LSS-induced surface energy changes (e.g., through alteration of the surface albedo, ET and roughness) could control the variations of surface temperatures. As Noah is the “best” LSS in capturing the spatiotemporal characteristics of temperatures and surface radiative processes, we also use Noah as the reference data to explain the differences among the model simulations (Figure 9). Results show that 5TD, CLM4, and RUC exhibit similar albedo variations, whereas Noah-MP yields remarkably larger albedo values. Previous studies have indicated that Noah-MP produces higher modeled surface albedo (e.g., Ma N. et al., 2017). Tian et al. (2004) indicated that discrepancies in the albedos between the observation and land surface models were related to the uncertainty in quantifying leaf area index (LAI) and stem area index (SAI) in the model. Higher modeled surface albedo in Noah-MP could lead to remarkably larger Sout (Figure 5B).
[image: Figure 9]FIGURE 9 | The areal mean differences between Noah and other four LSSs in (A) albedo, (B) SH, (C) LH and (D) soil moisture over the study region (outlined boxes in Figure 2A) for the summer of 2013 (yellow) and 2017 (blue).
Impact of Land Surface Processes
The land energy and water balances are coupled through the ET (Seneviratne et al., 2010). Thus, soil moisture plays a key role through its impact on the energy partitioning at the surface. Soil moisture-temperature interactions or couplings have been shown in particular to be associated with the occurrence of the drought, extremely hot temperatures and heat waves (Seneviratne et al., 2006; Fischer et al., 2007b; Fischer et al., 2017a; Dirmeyer et al., 2021). There is generally a positive relationship between soil dryness and heat (e.g., Fischer et al., 2007b; Hirsch et al., 2014; Dirmeyer et al., 2021).
For observations, the air temperatures or daily maximum temperatures in CN05.1 have statistically significant spatial correlations with the GLEAM ET data over eastern China (Supplementary Figure S11). This indicates atmospheric control on ET, rather than soil moisture on ET and temperatures (e.g., Seneviratne et al., 2006). Most simulations (except for CLM4) also reproduce the positive relationships between the temperatures and ET over eastern China. The positive correlations in the observations and models show an agreement with the relationship between the daytime temperatures and soil moisture (Figures 8C,D). That is, the partitioning of net radiation at the surface into sensible and latent heat fluxes determines the soil wetness evolution, rather than strong soil moisture-temperature coupling on ET and temperatures.
We also calculate the standardized anomalies for the summer of 2013 and 2017 to attribute the differences between these two events. We characterize the anomalies more (less) than 1 (−1) as the extreme values. The extreme heat events in 2013 and 2017 impact the entire eastern region of China, in particular around Shanghai, south of Jiangsu and northern Zhejiang (Figures 10A,B). For the heat events in 2013, ET anomalies are related to the extensive warming, in particular in Shanghai where the surface soil moisture anomalies are relatively weak (Figures 10C,E). Thus, the modeled temperature biases result mainly from the ET biases, especially in Shanghai (Figure 8A). For example, RUC produces the largest ET biases (Figure 7), leading to warm the surface and increase the daytime temperature, in particular in Shanghai (Figure 8A). In contrast, 5TD and CLM4 show a relatively weak underestimation of the ET (Figure 7), resulting in slightly increases in surface temperatures. Note that the soil moisture anomalies (i.e., dryness) are very strong over the west parts of our study regions (Figure 10E). Accurate simulations of soil moisture are very important in simulating the temperature over these regions.
[image: Figure 10]FIGURE 10 | Spatial patterns of standardized anomalies of air temperature for (A) 2013 and (B) 2017. The standardized anomaly is shown as a reference period (i.e., August 7–9, 2013 or July 21–23, 2017) calculated from its long term mean and standard deviation from 2003 to 2018, excluding 2013 and 2017. (C,D) Same as (A,B), but for ET. (E,F) Same as (A,B), but for surface soil moisture.
For the 2017 case, the observed warming over eastern China is not relevant to the ET changes (Figure 10D). The soil moisture anomalies or surface dryness may play an important role (Figure 10F). We also examine the soil moisture variations for the LSS-induced simulations. Regardless of the inconsistencies in the soil layering, the temporal variations are relatively consistent across four LSSs in the top layer and in the top 1 m layer (5TD does not provide this output). Basically, RUC overestimates the magnitudes of surface dryness, resulting in more surface warming over eastern China around Shanghai (Figure 8D, Figure 10F). It’s interesting to note that CLM4 produces the lowest daytime temperatures around Shanghai in 2017 (Figure 8D). This bias reflects a systematic overestimation of latent heating over the southern of Shanghai (not shown). Overall, although the simulated extreme heat events in the summer of 2013 and 2017 manifest similar temperature and radiation biases, the land surface responses are different.
SUMMARY AND CONCLUSION
In this study, high-resolution (∼1 km) WRF simulations of two extreme heat events (i.e., August 7–9, 2013, July 21–23, 2017) were conducted. Five land surface schemes (LSSs) (i.e., 5TD, CLM4, Noah, Noah-MP and RUC) were used to investigate their impacts on regional temperatures and energy fluxes in eastern China. We first assess the sensitivity to different LSSs on WRF simulations of extreme heat events over eastern China based on the quality-controlled gauge-based observations, and then analyze the possible causes of different LSSs in describing land-atmosphere interactions.
Our results indicate that all the model simulations show similar warming patterns (e.g., extensive warming over the urban areas of eastern China), analogous to the observations. Most LSSs show a tendency to overestimate the daily maximum temperature around Shanghai and Jiangsu province. Noah is closest to observations for the spatial variations over eastern China. Thus, the simulations of extreme heat values are very sensitive to the LSSs choice.
To attribute the distinct differences in the heat events among the LSS-induced simulations, we also examine the surface radiative fluxes. Noah is closest to CERES in reproducing the net radiations and has the smallest biases. Basically, the modeled daytime temperature biases result mainly from the ET biases. The underestimated and reduced ET could also lead to a decline in cloud cover and an increase in surface shortwave radiation. In model simulations, the temperatures in Noah, Noah-MP and RUC are closely related to sensible and latent heat fluxes. However, the temperatures in CLM4 (5TD) have statistically significant correlations with the sensible (latent) heat, but weak connections with the latent (sensible) heat. CLM4 has the largest Bowen ratio, whereas 5TD has the smallest one. That is, how each LSS partitions the ET and sensible heat largely determines the relationship between the temperature and turbulent fluxes.
Although the simulated temperature and radiative fluxes in the two extreme heat events manifest similar biases, the observed land surface responses are different. Extensive warming is related to the ET anomalies during the heat events in 2013, while the ET is insignificant in 2017. Instead, the soil moisture anomalies play an important role in 2017 in particular in Shanghai. Note that the simulated surface radiative flux bias in 2013 is much lower than that in 2017. These results suggest that the simulated surface radiative flux and non-radiative processes (e.g., ET, turbulence, or indirect effect of cloud) for the summer of 2013 and 2017 may be different, although they show similar biases in the temperature. Thus, it is important to account for the combined effects of radiative and non-radiative at the land-atmosphere interface regarding different extreme heat events.
We also find that the nighttime simulations in eastern China are very sensitive to LSSs. The possible causes of the nighttime temperature biases can be due to underestimation of surface longwave radiations, and underestimation of could cover and ET. Furthermore, we should note that the model performance is largely affected by the initial and boundary conditions, and physical parameterizations. Using more suites of model settings to investigate the LSS effects would help understand the LSS-induced sensitivity of extreme heat events.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
WH and QL designed the study. WH and XD performed the model simulations and the data analysis. All authors contributed to the writing of the manuscript.
FUNDING
This work was supported by the National Key R&D Program of China (2017YFC1502101), the National Natural Science Foundation of Jiangsu Province (BK20200096) and the National Natural Science Foundation of China (42075022, 42021004, 42075189). LZ was supported by National Science Foundation (AGS-1535426).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We thank Wu Jia (China Meteorological Administration) for providing the gridded dataset CN05.1 (the data set is available from Wu upon request). CERES data products were achieved from CERES (https://ceres.larc.nasa.gov/data/). GLEAM ET and soil moisture data sets were obtained from GLEAM (https://www.gleam.eu/).
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/feart.2021.770826/full#supplementary-material
REFERENCES
 Arblaster, J. M., and Alexander, L. V. (2012). The Impact of the El Niño‐Southern Oscillation on Maximum Temperature Extremes. Geophys. Res. Lett. 39, L20702. doi:10.1029/2012GL053409
 Bai, P., and Liu, X. (2018). Intercomparison and Evaluation of Three Global High-Resolution Evapotranspiration Products across China. J. Hydrol. 566, 743–755. doi:10.1016/j.jhydrol.2018.09.065
 Barriopedro, D., Fischer, E. M., Luterbacher, J., Trigo, R. M., and García-Herrera, R. (2011). The Hot Summer of 2010: Redrawing the Temperature Record Map of Europe. Science 332, 220–224. doi:10.1126/science.1201224
 Beniston, M. (2004). The 2003 Heat Wave in Europe: A Shape of Things to Come? an Analysis Based on Swiss Climatological Data and Model Simulations. Geophys. Res. Lett. 31 (2), L02202. doi:10.1029/2003GL018857
 Boone, A. A., Poccard-Leclercq, I., Xue, Y., Feng, J., and de Rosnay, P. (2010). Evaluation of the WAMME Model Surface Fluxes Using Results from the AMMA Land-Surface Model Intercomparison Project. Clim. Dyn. 35, 127–142. doi:10.1007/s00382-009-0653-1
 Chen, F., and Dudhia, J. (2001). Coupling an Advanced Land Surface-Hydrology Model with the Penn State-NCAR MM5 Modeling System. Part I: Model Implementation and Sensitivity. Mon. Wea. Rev. 129, 569–585. doi:10.1175/1520-0493(2001)129<0569:CAALSH>2.0.CO;2
 Chen, R., Wen, Z., Lu, R., and Wang, C. (2019). Causes of the Extreme Hot Midsummer in Central and South China during 2017: Role of the Western Tropical Pacific Warming. Adv. Atmos. Sci. 36, 465–478. doi:10.1007/s00376-018-8177-4
 Chen, X., and Zhou, T. (2018). Relative Contributions of External SST Forcing and Internal Atmospheric Variability to July-August Heat Waves over the Yangtze River valley. Clim. Dyn. 51, 4403–4419. doi:10.1007/s00382-017-3871-y
 Crétat, J., Pohl, B., Richard, Y., and Drobinski, P. (2012). Uncertainties in Simulating Regional Climate of Southern Africa: Sensitivity to Physical Parameterizations Using WRF. Clim. Dyn. 38, 613–634. doi:10.1007/s00382-011-1055-8
 Davin, E. L., Maisonnave, E., and Seneviratne, S. I. (2016). Is Land Surface Processes Representation a Possible Weak Link in Current Regional Climate Models?Environ. Res. Lett. 11, 074027. doi:10.1088/1748-9326/11/7/074027
 Deng, K., Yang, S., Ting, M., Zhao, P., and Wang, Z. (2019). Dominant Modes of China Summer Heat Waves Driven by Global Sea Surface Temperature and Atmospheric Internal Variability. J. Clim. 32, 3761–3775. doi:10.1175/JCLI-D-18-0256.1
 Dirmeyer, P. A., Balsamo, G., Blyth, E. M., Morrison, R., and Cooper, H. M. (2021). Land‐Atmosphere Interactions Exacerbated the Drought and Heatwave over Northern Europe during Summer 2018. AGU Adv. 2, e2020AV000283. doi:10.1029/2020AV000283
 Dudhia, J. (1996). “A Multi-Layer Soil Temperature Model for MM5,” in 6th PSU/NCAR Mesoscale Model Users’ Workshop. Bouilder: Colo, 49–50. 
 Evans, J. P., Ekstroem, M., and Ekström, F. (2012). Evaluating the Performance of a WRF Physics Ensemble over South-East Australia. Clim. Dyn. 39, 1241–1258. doi:10.1007/s00382-011-1244-5
 Feser, F., Rockel, B., von Storch, H., Winterfeldt, J., and Zahn, M. (2011). Regional Climate Models Add Value to Global Model Data: a Review and Selected Examples. Bull. Amer. Meteorol. Soc. 92, 1181–1192. doi:10.1175/2011BAMS3061.1
 Fischer, E. M., Seneviratne, S. I., Vidale, P. L., Lüthi, D., and Schär, C. (2007a). Soil Moisture-Atmosphere Interactions during the 2003 European Summer Heat Wave. J. Clim. 20, 5081–5099. doi:10.1175/JCLI4288.1
 Fischer, E. M., Seneviratne, S. I., Lüthi, D., and Schär, C. (2007b). Contribution of Land-Atmosphere Coupling to Recent European Summer Heat Waves. Geophys. Res. Lett. 34, L06707. doi:10.1029/2006GL029068
 Flaounas, E., Bastin, S., and Janicot, S. (2011). Regional Climate Modelling of the 2006 West African Monsoon: Sensitivity to Convection and Planetary Boundary Layer Parameterisation Using WRF. Clim. Dyn. 36, 1083–1105. doi:10.1007/s00382-010-0785-3
 Foley, A. M. (2010). Uncertainty in Regional Climate Modelling: a Review. Prog. Phys. Geogr. Earth Environ. 34, 647–670. doi:10.1177/0309133310375654
 Freychet, N., Tett, S., Wang, J., and Hegerl, G. (2017). Summer Heat Waves over Eastern China: Dynamical Processes and Trend Attribution. Environ. Res. Lett. 12, 024015. doi:10.1088/1748-9326/aa5ba3
 García-Herrera, R., Díaz, J., Trigo, R. M., Luterbacher, J., and Fischer, E. M. (2010). A Review of the European Summer Heat Wave of 2003. Crit. Rev. Environ. Sci. Technology 40, 267–306. doi:10.1080/10643380802238137
 Gianotti, R. L., Zhang, D., and Eltahir, E. A. B. (2012). Assessment of the Regional Climate Model Version 3 over the Maritime Continent Using Different Cumulus Parameterization and Land Surface Schemes. J. Clim. 25, 638–656. doi:10.1175/JCLI-D-11-00025.1
 Güttler, I., Branković, Č., O’Brien, T. A., Coppola, E., Grisogono, B., and Giorgi, F. (2014). Sensitivity of the Regional Climate Model RegCM4.2 to Planetary Boundary Layer Parameterisation. Clim. Dyn. 43, 1753–1772. doi:10.1007/s00382-013-2003-6
 Hartmann, D. L., Klein Tank, A. M. G., Rusticucci, M., Alexander, L., Brönnimann, S., Charab, Y., et al. (2013). “Observations: Atmosphere and Surface,” in Climate Change 2013: The Physical Science Basis. Contribution of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change ed . Editor T. F. Stocker, D. Qin, G. K. Plattner, M. Tignor, S. K. Allen, J. Boschung, et al. (Cambridge, United Kingdom and New York: Cambridge University Press), 159–254. 
 Herring, S. C., Hoerling, M. P., Peterson, T. C., and Stott, P. A. (2014). Explaining Extreme Events of 2013 from a Climate Perspective. Bull. Amer. Meteorol. Soc. 95, S1–S104. doi:10.1175/1520-0477-95.9.S1.1
 Hirsch, A. L., Pitman, A. J., Seneviratne, S. I., Evans, J. P., and Haverd, V. (2014). Summertime Maximum and Minimum Temperature Coupling Asymmetry over Australia Determined Using WRF. Geophys. Res. Lett. 41, 1546–1552. doi:10.1002/2013GL059055
 Hirschi, M., Seneviratne, S. I., Alexandrov, V., Boberg, F., Boroneant, C., Christensen, O. B., et al. (2011). Observational Evidence for Soil-Moisture Impact on Hot Extremes in southeastern Europe. Nat. Geosci 4, 17–21. doi:10.1038/ngeo1032
 Hong, S.-Y., and Lim, J. J. (2006). The WRF Single-Moment 6-Class Microphysics Scheme (WSM6). J. Korean Meteorol. Soc. 42, 129–151. 
 Hong, S.-Y., Noh, Y., and Dudhia, J. (2006). A New Vertical Diffusion Package with an Explicit Treatment of Entrainment Processes. Mon. Wea. Rev. 134, 2318–2341. doi:10.1175/MWR3199.1
 Hua, W., Chen, H., and Sun, S. (2014). Uncertainty in Land Surface Temperature Simulation over China by CMIP3/CMIP5 Models. Theor. Appl. Climatol. 117, 463–474. doi:10.1007/s00704-013-1020-z
 Hua, W., Qin, M., Dai, A., Zhou, L., Chen, H., and Zhang, W. (2021). Reconciling Human and Natural Drivers of the Tripole Pattern of Multidecadal Summer Temperature Variations over Eurasia. Geophys. Res. Lett. 48, e2021GL093971. doi:10.1029/2021GL093971
 Iacono, M. J., Delamere, J. S., Mlawer, E. J., Shephard, M. W., Clough, S. A., and Collins, W. D. (2008). Radiative Forcing by Long-Lived Greenhouse Gases: Calculations with the AER Radiative Transfer Models. J. Geophys. Res. 113, D13103. doi:10.1029/2008JD009944
 Kain, J. S. (2004). The Kain-Fritsch Convective Parameterization: An Update. J. Appl. Meteorol. 43, 170–181. doi:10.1175/1520-0450(2004)043<0170:TKCPAU>2.0.CO;2
 Kanamitsu, M., Yoshimura, K., Yhang, Y.-B., and Hong, S.-Y. (2010). Errors of Interannual Variability and Trend in Dynamical Downscaling of Reanalysis. J. Geophys. Res. 115, D17115. doi:10.1029/2009JD013511
 Køltzow, M. A. Ø., Iversen, T., and Haugen, J. E. (2011). The Importance of Lateral Boundaries, Surface Forcing and Choice of Domain Size for Dynamical Downscaling of Global Climate Simulations. Atmosphere 2, 67–95. doi:10.3390/atmos2020067
 Laprise, R. (2008). Regional Climate Modelling. J. Comput. Phys. 227, 3641–3666. doi:10.1016/j.jcp.2006.10.024
 Lawrence, D. M., Oleson, K. W., Flanner, M. G., Thornton, P. E., Swenson, S. C., Lawrence, P. J., et al. (2011). Parameterization Improvements and Functional and Structural Advances in Version 4 of the Community Land Model. J. Adv. Model. Earth Syst. 3, a–n. doi:10.1029/2011MS00045
 Leduc, M., and Laprise, R. (2009). Regional Climate Model Sensitivity to Domain Size. Clim. Dyn. 32, 833–854. doi:10.1007/s00382-008-0400-z
 Li, W., Guo, W., Xue, Y., Fu, C., and Qiu, B. (2016). Sensitivity of a Regional Climate Model to Land Surface Parameterization Schemes for East Asian Summer Monsoon Simulation. Clim. Dyn. 47, 2293–2308. doi:10.1007/s00382-015-2964-8
 Liang, X.-Z., Sun, C., Zheng, X., Dai, Y., Xu, M., Choi, H. I., et al. (2019). CWRF Performance at Downscaling China Climate Characteristics. Clim. Dyn. 52, 2159–2184. doi:10.1007/s00382-018-4257-5
 Liu, Q., Zhou, T., Mao, H., and Fu, C. (2019). Decadal Variations in the Relationship between the Western Pacific Subtropical High and Summer Heat Waves in East China. J. Clim. 32, 1627–1640. doi:10.1175/JCLI-D-18-0093.1
 Lorenz, R., Jaeger, E. B., and Seneviratne, S. I. (2010). Persistence of Heat Waves and its Link to Soil Moisture Memory. Geophys. Res. Lett. 37, a–n. doi:10.1029/2010GL042764
 Ma, N., Niu, G.-Y., Xia, Y., Cai, X., Zhang, Y., Ma, Y., et al. (2017). A Systematic Evaluation of Noah-MP in Simulating Land-Atmosphere Energy, Water, and Carbon Exchanges over the continental United States. J. Geophys. Res. Atmos. 122, 12245–12268. doi:10.1002/2017JD027597
 Ma, S., Zhou, T., Stone, D. A., Angélil, O., and Shiogama, H. (2017). Attribution of the July-August 2013 Heat Event in Central and Eastern China to Anthropogenic Greenhouse Gas Emissions. Environ. Res. Lett. 12, 054020. doi:10.1088/1748-9326/aa69d2
 Martens, B., Miralles, D. G., Lievens, H., van der Schalie, R., de Jeu, R. A. M., Fernández-Prieto, D., et al. (2017). GLEAM V3: Satellite-Based Land Evaporation and Root-Zone Soil Moisture. Geosci. Model. Dev. 10, 1903–1925. doi:10.5194/gmd-10-1903-2017
 Michel, D., Jiménez, C., Miralles, D. G., Jung, M., Hirschi, M., Ershadi, A., et al. (2016). The WACMOS-ET Project - Part 1: Tower-scale Evaluation of Four Remote-Sensing-Based Evapotranspiration Algorithms. Hydrol. Earth Syst. Sci. 20, 803–822. doi:10.5194/hess-20-803-2016
 Miralles, D. G., Holmes, T. R. H., de Jeu, R. A. M., Gash, J. H., Meesters, A. G. C. A., and Dolman, A. J. (2011). Global Land-Surface Evaporation Estimated from Satellite-Based Observations. Hydrol. Earth Syst. Sci. 15, 453–469. doi:10.5194/hess-15-453-2011
 Miralles, D. G., Jiménez, C., Jung, M., Michel, D., Ershadi, A., McCabe, M. F., et al. (2016). The WACMOS-ET Project - Part 2: Evaluation of Global Terrestrial Evaporation Data Sets. Hydrol. Earth Syst. Sci. 20, 823–842. doi:10.5194/hess-20-823-2016
 Moalafhi, D. B., Evans, J. P., and Sharma, A. (2016). Evaluating Global Reanalysis Datasets for Provision of Boundary Conditions in Regional Climate Modelling. Clim. Dyn. 47, 2727–2745. doi:10.1007/s00382-016-2994-x
 Mooney, P. A., Mulligan, F. J., and Fealy, R. (2013). Evaluation of the Sensitivity of the Weather Research and Forecasting Model to Parameterization Schemes for Regional Climates of Europe over the Period 1990-95. J. Clim. 26, 1002–1017. doi:10.1175/JCLI-D-11-00676.1
 Niu, G.-Y., Yang, Z.-L., Mitchell, K. E., Chen, F., Ek, M. B., Barlage, M., et al. (2011). The Community Noah Land Surface Model with Multiparameterization Options (Noah-MP): 1. Model Description and Evaluation with Local-Scale Measurements. J. Geophys. Res. 116, D12109. doi:10.1029/2010JD015139
 Powers, J. G., Klemp, J. B., Skamarock, W. C., Davis, C. A., Dudhia, J., Gill, D. O., et al. (2017). The Weather Research and Forecasting Model: Overview, System Efforts, and Future Directions. Bull. Amer. Meteorol. Soc. 98, 1717–1737. doi:10.1175/BAMS-D-15-00308.1
 Pryor, S. C., Nikulin, G., and Jones, C. (2012). Influence of Spatial Resolution on Regional Climate Model Derived Wind Climates. J. Geophys. Res. 117, a–n. doi:10.1029/2011JD016822
 Ratna, S. B., Ratnam, J. V., Behera, S. K., Rautenbach, C. J. d., Ndarana, T., Takahashi, K., et al. (2014). Performance Assessment of Three Convective Parameterization Schemes in WRF for Downscaling Summer Rainfall over South Africa. Clim. Dyn. 42, 2931–2953. doi:10.1007/s00382-013-1918-2
 Roy, P., Gachon, P., and Laprise, R. (2012). Assessment of Summer Extremes and Climate Variability over the north-east of North America as Simulated by the Canadian Regional Climate Model. Int. J. Climatol. 32, 1615–1627. doi:10.1002/joc.2382
 Sato, T., and Xue, Y. (2013). Validating a Regional Climate Model's Downscaling Ability for East Asian Summer Monsoonal Interannual Variability. Clim. Dyn. 41, 2411–2426. doi:10.1007/s00382-012-1616-5
 Seneviratne, S., Nicholls, N., Easterling, D., Goodess, C. M., Kanae, S., Kossin, J., et al. (2012). “Changes in Climate Extremes and Their Impacts on the Natural Physical Environment,”. IPCC WGI/WGII Special Report on Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation (SREX) ed . Editor C. B. Field, V. Barros, T. F. Stocker, and Q. Dahe (Cambridge, ENGLAND: Cambridge University Press), 109–230. The Edinburgh Building, Shaftesbury Road, Cambridge CB2 8RU ENGLAND. 
 Seneviratne, S. I., Corti, T., Davin, E. L., Hirschi, M., Jaeger, E. B., Lehner, I., et al. (2010). Investigating Soil Moisture-Climate Interactions in a Changing Climate: A Review. Earth-Science Rev. 99, 125–161. doi:10.1016/j.earscirev.2010.02.004
 Seneviratne, S. I., Lüthi, D., Litschi, M., and Schär, C. (2006). Land-atmosphere Coupling and Climate Change in Europe. Nature 443, 205–209. doi:10.1038/nature05095
 Skamarock, W. C., Klemp, J. B., Dudhia, J., Gill, D. O., Barker, D. M., Wang, W., et al. 2008. A Description of the Advanced Research WRF Version 3. Boulder, CO: NCARTechnical note -475+STR.doi:10.5065/D68S4MVH
 Smirnova, T. G., Brown, J. M., Benjamin, S. G., and Kenyon, J. S. (2016). Modifications to the Rapid Update Cycle Land Surface Model (RUC LSM) Available in the Weather Research and Forecasting (WRF) Model. Mon. Wea. Rev. 144, 1851–1865. doi:10.1175/MWR-D-15-0198.1
 Solman, S. A., and Pessacg, N. L. (2012). Regional Climate Simulations over South America: Sensitivity to Model Physics and to the Treatment of Lateral Boundary Conditions Using the MM5 Model. Clim. Dyn. 38, 281–300. doi:10.1007/s00382-011-1049-6
 Stott, P. (2016). How Climate Change Affects Extreme Weather Events. Science 352, 1517–1518. doi:10.1126/science.aaf7271
 Sun, J. (2014). Record-breaking SST over Mid-North Atlantic and Extreme High Temperature over the Jianghuai-Jiangnan Region of China in 2013. Chin. Sci. Bull. 59, 3465–3470. doi:10.1007/s11434-014-0425-0
 Sun, Y., Zhang, X., Zwiers, F. W., Song, L., Wan, H., Hu, T., et al. (2014). Rapid Increase in the Risk of Extreme Summer Heat in Eastern China. Nat. Clim Change 4, 1082–1085. doi:10.1038/nclimate2410
 Tian, Y., Dickinson, R. E., Zhou, L., Zeng, X., Dai, Y., Myneni, R. B., et al. (2004). Comparison of Seasonal and Spatial Variations of Leaf Area index and Fraction of Absorbed Photosynthetically Active Radiation from Moderate Resolution Imaging Spectroradiometer (MODIS) and Common Land Model. J. Geophys. Res. 109, D01103. doi:10.1029/2003JD003777
 Trenberth, K. E., and Fasullo, J. T. (2012). Climate Extremes and Climate Change: The Russian Heat Wave and Other Climate Extremes of 2010. J. Geophys. Res. 117, a–n. doi:10.1029/2012JD018020
 Vautard, R., Gobiet, A., Jacob, D., Belda, M., Colette, A., Déqué, M., et al. (2013). The Simulation of European Heat Waves from an Ensemble of Regional Climate Models within the EURO-CORDEX Project. Clim. Dyn. 41, 2555–2575. doi:10.1007/s00382-013-1714-z
 Wang, J., Yan, Z., Quan, X.-W., and Feng, J. (2017). Urban Warming in the 2013 Summer Heat Wave in Eastern China. Clim. Dyn. 48, 3015–3033. doi:10.1007/s00382-016-3248-7
 Wang, W., Zhou, W., Li, X., Wang, X., and Wang, D. (2016). Synoptic-scale Characteristics and Atmospheric Controls of Summer Heat Waves in China. Clim. Dyn. 46, 2923–2941. doi:10.1007/s00382-015-2741-8
 Wielicki, B. A., Barkstrom, B. R., Harrison, E. F., Lee, R. B., Louis Smith, G., and Cooper, J. E. (1996). Clouds and the Earth's Radiant Energy System (CERES): An Earth Observing System experiment. Bull. Amer. Meteorol. Soc. 77, 853–868, doi:10.1175/1520-0477(1996)077<0853:CATERE>2.0.CO;2
 WMO (2013). The Global Climate 2001–2010: A Decade of Climate Extremes. WMO-No. 1103: 119pp. Switzerland: World Meteorological Organization. 
 Wu, J., and Gao, X. (2013). A Gridded Daily Observation Dataset over China Region and Comparison with the Other Datasets. Chin. J. Geophys. 56, 1102–1111. doi:10.6038/cjg2013040610.1007/s11431-013-5390-3
 Xia, G., Zhou, L., Minder, J. R., Fovell, R. G., and Jimenez, P. A. (2019). Simulating Impacts of Real-World Wind Farms on Land Surface Temperature Using the WRF Model: Physical Mechanisms. Clim. Dyn. 53, 1723–1739. doi:10.1007/s00382-019-04725-0
 Xu, L., Samanta, A., Costa, M. H., Ganguly, S., Nemani, R. R., and Myneni, R. B. (2011). Widespread Decline in Greenness of Amazonian Vegetation Due to the 2010 Drought. Geophys. Res. Lett. 38, a–n. doi:10.1029/2011GL046824
 Xue, Y., Vasic, R., Janjic, Z., Mesinger, F., and Mitchell, K. E. (2007). Assessment of Dynamic Downscaling of the Continental U.S. Regional Climate Using the Eta/SSiB Regional Climate Model. J. Clim. 20, 4172–4193. doi:10.1175/JCLI4239.1
 Yang, X., Ruby Leung, L., Zhao, N., Zhao, C., Qian, Y., Hu, K., et al. (2017a). Contribution of Urbanization to the Increase of Extreme Heat Events in an Urban Agglomeration in east China. Geophys. Res. Lett. 44, 6940–6950. doi:10.1002/2017GL074084
 Yang, X., Yong, B., Ren, L., Zhang, Y., and Long, D. (2017b). Multi-scale Validation of GLEAM Evapotranspiration Products over China via ChinaFLUX ET Measurements. Int. J. Remote Sensing 38, 5688–5709. doi:10.1080/01431161.2017.1346400
 Zeng, X.-M., Wang, B., Zhang, Y., Song, S., Huang, X., Zheng, Y., et al. (2014). Sensitivity of High-Temperature Weather to Initial Soil Moisture: a Case Study Using the WRF Model. Atmos. Chem. Phys. 14, 9623–9639. doi:10.5194/acp-14-9623-2014
 Zeng, X.-M., Wang, N., Wang, Y., Zheng, Y., Zhou, Z., Wang, G., et al. (2015). WRF-simulated Sensitivity to Land Surface Schemes in Short and Medium Ranges for a High-Temperature Event in East China: A Comparative Study. J. Adv. Model. Earth Syst. 7, 1305–1325. doi:10.1002/2015MS000440
 Zeng, X., Wu, Z., Xiong, S., Song, S., Zheng, Y., and Liu, H. (2011). Sensitivity of Simulated Short-Range High-Temperature Weather to Land Surface Schemes by WRF. Sci. China Earth Sci. 54, 581–590. doi:10.1007/s11430-011-4181-6
 Zhang, J., and Wu, L. (2011). Land-atmosphere Coupling Amplifies Hot Extremes over China. Chin. Sci. Bull. 56, 3328–3332. doi:10.1007/s11434-011-4628-3
 Zhou, C., Wang, K., Qi, D., and Tan, J. (2019). Attribution of a Record-Breaking Heatwave Event in Summer 2017 over the Yangtze River Delta. Bull. Amer. Meteorol. Soc. 100, S97–S103. doi:10.1175/BAMS-D-18-0134.1
 Zhou, L., Dickinson, R. E., Dai, A., and Dirmeyer, P. (2010). Detection and Attribution of Anthropogenic Forcing to Diurnal Temperature Range Changes from 1950 to 1999: Comparing Multi-Model Simulations with Observations. Clim. Dyn. 35, 1289–1307. doi:10.1007/s00382-009-0644-2
 Zhou, L., Dickinson, R. E., Dirmeyer, P., Dai, A., and Min, S.-K. (2009). Spatiotemporal Patterns of Changes in Maximum and Minimum Temperatures in Multi-Model Simulations. Geophys. Res. Lett. 36, a–n. doi:10.1029/2008GL036141
 Zhou, L., Dickinson, R. E., Tian, Y., Fang, J., Li, Q., Kaufmann, R. K., et al. (2004). Evidence for a Significant Urbanization Effect on Climate in China. Proc. Natl. Acad. Sci. 101, 9540–9544. doi:10.1073/pnas.0400357101
 Zhou, L. (2021). Diurnal Asymmetry of Desert Amplification and its Possible Connections to Planetary Boundary Layer Height: a Case Study for the Arabian Peninsula. Clim. Dyn. 56, 3131–3156. doi:10.1007/s00382-021-05634-x
 Zhou, L., Tian, Y., Baidya Roy, S., Thorncroft, C., Bosart, L. F., and Hu, Y. (2012). Impacts of Wind Farms on Land Surface Temperature. Nat. Clim Change 2, 539–543. doi:10.1038/nclimate1505
 Zhou, L., Tian, Y., Wei, N., Ho, S.-p., and Li, J. (2021). Rising Planetary Boundary Layer Height over the Sahara Desert and Arabian Peninsula in a Warming Climate. J. Clim. 34, 4043–4068. doi:10.1175/JCLI-D-20-0645.1
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Hua, Dong, Liu, Zhou, Chen and Sun. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 08 November 2021
doi: 10.3389/feart.2021.771234


[image: image2]
The Combined Effects of ENSO and Solar Activity on Mid-Winter Precipitation Anomalies Over Southern China
Ruili Wang1,2, Hedi Ma1*, Ziniu Xiao3, Xing Li4, Chujie Gao5, Yuan Gao1, Anwei Lai1 and Xiao Li4
1Hubei Key Laboratory for Heavy Rain Monitoring and Warning Research, Institute of Heavy Rain, China Meteorological Administration, Wuhan, China
2Wuhan Meteorological Observatory, Wuhan, China
3State Key Laboratory of Numerical Modeling for Atmospheric Sciences and Geophysical Fluid Dynamics, Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing, China
4Plateau Atmosphere and Environment Key Laboratory of Sichuan Province, College of Atmospheric Science, Chengdu University of Information Technology, Chengdu, China
5College of Oceanography, Hohai University, Nanjing, China
Edited by:
Anning Huang, Nanjing University, China
Reviewed by:
Haiming Xu, Nanjing University of Information Science and Technology, China
Boqi Liu, Chinese Academy of Meteorological Sciences, China
* Correspondence: Hedi Ma, mahedi@whihr.com.cn
Specialty section: This article was submitted to Interdisciplinary Climate Studies, a section of the journal Frontiers in Earth Science
Received: 06 September 2021
Accepted: 13 October 2021
Published: 08 November 2021
Citation: Wang R, Ma H, Xiao Z, Li X, Gao C, Gao Y, Lai A and Li X (2021) The Combined Effects of ENSO and Solar Activity on Mid-Winter Precipitation Anomalies Over Southern China. Front. Earth Sci. 9:771234. doi: 10.3389/feart.2021.771234

Both the El Niño-Southern Oscillation (ENSO) and the 11-years solar cycle had been identified as important factors that may influence the wintertime southern China precipitation (SCP). However, the interactions between these two factors remain less noticed. In this study, the combined effects of the ENSO and the solar activity on mid-winter (January) SCP are investigated using observational and reanalysis data. Results suggest that both the ENSO and the solar activity are positively correlated with the SCP, although exhibiting distinct spatial patterns. Under different combinations of the ENSO and solar phases, the SCP anomalies show superposition of these two factors to some extent. Generally, the ENSO-related SCP anomalies tend to be enhanced (disturbed) when the ENSO and the solar activity are in-phase (out-of-phase). But this solar modulation effect appears more clear and significant under cold ENSO (cENSO) phase rather than under warm ENSO (wENSO) phase. Further analysis suggests, during the wENSO phase, solar influences on the Northern Hemisphere circulation are generally weak with little significance. In contrast, during the cENSO phase, the solar effect resembles the positive phase of the Arctic Oscillation but with an evident zonal asymmetric component. Its manifestation over the Asia-Pacific domain features by negative geopotential height anomaly over the West Asia and positive geopotential height anomaly over the East Asian coast, a pattern that is favorable for the SCP, thus causing a significant solar modulation on the cENSO-related precipitation anomalies. Further, the potential physical causes of solar effects on circulation are also discussed. Our results highlight the importance of considering solar cycle phase when ENSO is used to predict the East Asian winter climate.
Keywords: solar activity, El Niño-Southern Oscillation, southern China precipitation, East Asian winter monsoon, sea surface temperature
INTRODUCTION
Dominated by the East Asian winter monsoon (EAWM), the winter climate over most part of China is characterized by low temperature and few precipitation owing to the influences of frequent cold surges. However, although winter precipitation accounts for a relatively small fraction of the total annual rainfall, it experiences large year-to-year variability (Zhang et al., 2014; Lu et al., 2017), particularly over the southern China (SC). The weather and climate disasters associated with precipitation anomalies, for example severe rainfall/snowstorms occasionally occur over this region, which can significantly impact agriculture, transportation, and water resources and cause enormous economic losses. For example, in January 2008, extreme freezing rain and snow occurred over the SC resulted in considerable loss of life (Wen et al., 2009). Although these extreme or disastrous winter precipitation events had attracted wide attention, their causes are still not fully understood and require further investigation.
As had been demonstrated by a number of previous studies, the year-to-year variability of the SC precipitation (SCP) in winter can be largely attributed to the tropical sea surface temperature (SST) anomalies, as well as the modes of circulation variability over the mid-to-high latitudes (Liu Y. et al., 2014; Huang et al., 2017). Among these factors, the El Niño-Southern Oscillation (ENSO), which is the most dominant atmosphere–ocean coupled mode on interannual time scale, had been recognized as a very important factor that influences the SCP. The ENSO has a significant positive correlation with the winter SCP. Above (below)-average winter precipitation tends to appear in SC during the El Niño (La Niña) years (Zhou and Wu, 2010). The ENSO impacts the SCP mainly through modulating circulation anomalies over the western North Pacific (WNP). In El Niño/La Niña winter, an anomalous anticyclone/cyclone appears over the WNP region, owing to the ENSO-related SST anomalies. The WNP anticyclone/cyclone then induces anomalous northward/southward flow over the South China Sea and transports more/less water vapor to SC, resulting in increased/decreased precipitation (Zhang et al., 1996; Wang et al., 2000; Chung et al., 2011). Some recent studies had also suggested that the ENSO could modulate the winter SCP by changing the sub-seasonal variation over East Asia (Guo et al., 2021). However, increasing evidence had demonstrated a fluctuating relationship between ENSO and the SCP (Li and Ma, 2012; Chen et al., 2014). Considering ENSO is an important source of SCP seasonal forecast skill, it is of predictive value to identify factors that influence the ENSO-SCP relationship and explore the possible mechanisms (Lu et al., 2017). Many studies had found that the Pacific Decadal Oscillation (PDO), the Atlantic Multidecadal Oscillation, the different spatial patterns of ENSO and even the mid-latitude circulation anomalies, have the potential to modulate the ENSO impacts on SCP (Wang et al., 2008; Geng et al., 2017; Wu and Mao, 2017; Jia et al., 2019; Jiang et al., 2019; He et al., 2020).
The SCP variability can also be potentially affected by natural external forcing factors such as the solar activity (Zhao and Wang, 2014). Solar activity is a non-negligible external forcing factor in the climate system. The 11-years cycle variability of the solar irradiance can affect surface climate through “bottom-up” and “top-down” mechanisms. The “bottom-up” mechanism refers to amplification of the direct total solar irradiance effect at the ocean surface via “wind-evaporation-precipitation” feedback processes (Meehl et al., 2008; Meehl and Arblaster, 2009). While the“top-down”mechanism concerns the variabilities in solar ultraviolet irradiance that produce temperature and circulation perturbations in the upper stratosphere, which are then transferred downward to the surface via the stratosphere-troposphere dynamical coupling process (Haigh, 1994; Ineson et al., 2011). Some studies had provided evidence that the “bottom-up” and the “top-down” mechanisms could act in concert to induce solar signatures in regional climate (Kodera et al., 2016). Notably, a detectable solar influence on East Asian circulation anomalies and hence the SCP during late winter and early spring (January to March) had been recently revealed, which is bridged by the atmospheric dynamical processes in mid-to-high latitudes (Hood et al., 2013; Ma et al., 2019). Recent studies also found that the 11-years solar cycle could also modulate the relationship between the ENSO and the East Asian winter-spring climate (Zhou et al., 2013; Ma et al., 2021). Zhou et al. (2013) found the connection between the ENSO and the EAWM tends to be more robust during low solar activity (LS) years than in high solar activity (HS) years. Correspondingly, the ENSO exerts a more significant influence on SCP in the LS phases, as the correlation between Nino 3.4 index and the SCP are evidently stronger during LS winters than in HS winters. A recent study of Ma et al. (2021) had revealed that there is also a solar cycle modulation upon the ENSO impact on SCP in early spring (February-March). But instead of strength, the major difference of ENSO signal between HS and LS years lies in the spatial distribution of the rainfall pattern. HS/LS tends to shift the ENSO-related precipitation anomaly southward/northward.
Most of these previous studies had focused on the individual impact of the ENSO or the solar activity, as well as the solar modulations on the ENSO teleconnection. However, the combined effects of ENSO and solar activity on East Asian winter climate remain less noticed. As indicated in Ma et al. (2019), although the solar signal in SCP persists through January to March, the February and March signals are relatively weaker. Whereas the strongest and most significant solar signal in SCP occurs in January, which is comparable to the ENSO signal in amplitude. Owing to the important roles of both ENSO and solar activity in modulating precipitation anomalies over SC, and the possibility of nonlinear interactions between these forcing factors, it is hence necessary to study their combined effects on the precipitation anomalies during the mid-winter (January). A better understanding of the interactions between ENSO and solar effects can benefit East Asian winter climate prediction. In the following, the data and methods employed in this study are introduced in Data and Methods. In Results and Discussion, the precipitation anomalies under different combinations of ENSO/solar phases and the circulation causes are analyzed. Finally, a summary of the results are given in Conclusion.
DATA AND METHODS
Data
In this study, we used the monthly land surface precipitation data from the University of Delaware (v5.01), with a horizontal resolution of 0.5°. For the circulation variables, we used the monthly National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) reanalysis (Kalnay et al., 1996), with a horizontal resolution of 2.5°. The monthly Hadley Centre Sea-ice and Sea-surface Temperature Data Set Version 1 (HadISST1) at 1° resolution are also used in the present study (Rayner et al., 2003). Monthly sunspot numbers (SSN) data set is employed to quantify the solar activity, which is available at http://www.esrl.noaa.gov/psd/gcos_wgsp/Timeseries/SUNSPOT/. The SSN can well represent the variability of total and ultraviolet solar irradiance, both of which are important solar parameters that influence global and regional climate (Gray et al., 2010). In order to characterize the impacts from the major volcanic eruptions, the Northern Hemisphere averaged stratospheric aerosol optical depth (AOD) is used, which can be downloaded from https://data.giss.nasa.gov/modelforce/strataer/. The analysis period of this study is 1948–2016.
Methods
Both the solar activity and the climate variables exhibit inter-decadal variability or long-term trends. As seen in Figure 1A, the SSN shows slightly inter-decadal change and decreasing trend during the past decades. But the primary focus of the present study is the 11-years solar cycle modulation on the interannual relationship between ENSO and circulation/precipitation. For this purpose, in this study, the long-term trend, as well as the inter-decadal (greater than 15 years) component of the SSN/precipitation/SST/circulation had been removed. First, all variables are detrended. Then, they are smoothed using Lanczos low-pass filtering so that only time variations greater than 15 years were retained (Duchon 1979). Note that, a 15 years low-pass filtering requires additional 7 years at the beginning and the end of the time series. For variables that are not available before 1948 or after 2016, we extended the time series by repeating the first or last 7 years of the analysis period. This long-term signal is then subtracted from the original time series to obtain a shorter-period component that we refer to as the interannual-decadal component. After these processes, the potential impacts from the inter-decadal variations on composite analysis can be well eliminated, as in shown in Figures 1B–D for the time series of SSN, ENSO and SCP, these adjusted variables mainly show interannual or decadal variations.
[image: Figure 1]FIGURE 1 | (A) shows time series of standardized wintertime original SSN. (B) is the same as (A), but showing interannual-decadal (time scale less than 15 years) component of the SSN, red (blue) dots in (B) denote HS (LS) years, the crosses in (b) represent the years influenced by the major volcanic eruptions. Long dashed lines in (B) show the upper and lower one third of the solar values over the 1948–2016 period. (C) shows the interannual-decadal component of the December-January averaged Niño 3.4 index (unit:°C). (D) shows the interannual-decadal component of the standardized January SCP anomalies (averaged over 110–120°E, 22–35°N).
Composite Analysis
The present study aims to analyze the different ENSO influences under HS and LS phases, respectively. Thus we segregate the climate data into HS and LS group according to the percentiles of the winter mean SSN during 1948–2016. HS (LS) is defined as years with SSN values above (below) the upper (lower) one-third. We divided the ENSO into two phases. The warm/cold ENSO (wENSO/cENSO) phase, corresponds to the El Niño/La Niña events, or El Niño/La Niña state, is defined as the year with December-January mean Niño-3.4 index (averaged SST anomalies over 5°N-5°S, 120°-170°W) higher (lower) than 0.5℃ (−0.5℃). Four groups of composites are divided according to the combinations of the ENSO and the solar activity phases, including the wENSO events under HS years (wENSO/HS), the cENSO events under HS years (cENSO/HS), the wENSO events under LS years (wENSO/LS) and the cENSO events under LS years (cENSO/LS). The corresponding years of each group are listed in Table 1. Notably, several wENSO/cENSO events under HS or LS years coincided with major volcanic eruptions (see Figure 1B). Considering major volcanic eruptions could induce a wENSO-like SST anomalies (e.g., Khodri et al., 2017), thus the 2 years after each volcanic eruption had been removed from the analysis, including 1964, 1965, 1983, 1984, 1992, and 1993. In addition, we also tried to compare the events defined in this study with those in previous studies of the similar topic. For example, Liu Z. et al. (2014) investigated the solar and ENSO impacts on Pacific and North America region. In their study, the cENSO/HS years listed are 1950, 1956, 1968, 1971, 1989, 1999, 2000, 2001. For our analysis period, if the SSN is not filtered to eliminate the inter-decadal component, the cENSO/HS years are 1950, 1956, 1968, 1989, 2000, 2001, very similar with those in Liu Z. et al. (2014). With the inter-decadal component removed by using the Lanczos filtering method, the cENSO/HS years shown in Table 1 become 1950, 1968, 1989, 2000, 2001, 2012, and 2014, still have large overlapping with Liu Z. et al. (2014). Moreover, we had also compared the composites using different definitions, for example the 30 and 40 percentile definition, the results are qualitatively consistent (not shown). For the composite analysis, the climatology period is 1948–2016, the statistical significance is tested using a two-tailed student’s t test.
TABLE 1 | The state of ENSO for HS and LS years during 1948–2016.
[image: Table 1]Multiple Linear Regression
In order to isolate the respective impacts of the ENSO and the solar activity on climate, a multiple linear regression (MLR) method is used in this study. The MLR method had been widely used in the studies regarding the solar-climate linkage. Many studies had demonstrated that it can effectively derive solar or ENSO signal from other sources of climate variability (Lean and Rind 2008; Roy and Haigh 2010; Brugnara et al., 2013; Chen et al., 2015). Follow these studies, a climate variable [image: image] over location [image: image] (a vector) in year [image: image] can be expressed using the following MLR equation:
[image: image]
The four standardized indices employed in the MLR Eq. 1 are: (1) SSN: the (December-January) DJ mean SSN that represents solar activity; (2) VOLC: the Northern Hemisphere averaged stratospheric AOD in DJ that represents volcanic influences; (3) ENSO: the DJ mean Niño-3.4 index to represent ENSO; and (4) TREND: a linear trend term to roughly represent the anthropogenic forcing. [image: image] represents the residual term. The estimated ENSO/solar signals are represented by the MLR coefficients of ENSO/SSN term multiplied by two standard deviation of the index. The statistical significance test of the MLR coefficients takes into consideration of the autocorrelation of the climate indices, the detailed procedure can be found in our recent study of Ma et al. (2019).
RESULTS
Respective Impacts of ENSO and Solar Activity on East Asian Winter Climate
Respective ENSO and Solar Signals in Precipitation Anomalies
To compare the features of direct ENSO and solar influences on SCP, in this section, we analyze the ENSO and solar signals in mid-winter (January) precipitation obtained by the MLR method, as are shown in Figures 2A,B, respectively. Figure 2A suggests evident wet (dry) conditions over the SC region during wENSO (cENSO) phase, with most statistically significant signals detected around the coastal regions of the SC. While the solar signal exhibits a region of enhanced precipitation centered over the Yangtze River Valley (YRV) and extending across most of the eastern China.
[image: Figure 2]FIGURE 2 | The estimated ENSO panel (A) and solar panel (B) signals in the mid-winter (January) precipitation obtained using MLR in Eq. 1 for the period 1948–2016. The ENSO/solar signals are defined as the MLR coefficients of ENSO/SSN multiplied by two standard deviation of the index, thus the units of these signals are mm/mon. panel (C) shows the partial correlation coefficients between the precipitation and the ENSO with solar effect excluded, panel (D) shows the partial correlation coefficients between the precipitation and the solar with ENSO effect excluded. Solid black (white) dots denote regions where the signals are statistically significant at the 10% (5%) level [i.e., p < 0.1 (p < 0.05)].
In addition, partial correlation was also used to investigate the individual relationship of the ENSO and the solar activity with precipitation. When excluding the impact of solar activity, correlation between ENSO and precipitation shows significant positive signals over the southeastern China (Figure 2C), generally consistent with the results from MLR analysis (Figure 2A). Similarly, as shown in Figure 2D, with the ENSO impact excluded, the solar correlation also shows a pattern that is consistent with the MLR analysis. Therefore, the results from partial correlation further confirm the results from the MLR analysis.
Respective ENSO and Solar Impacts on Northern Hemisphere Circulation Anomalies
The differences between the ENSO and the solar patterns of precipitation anomalies are very possibly owing to the different circulation patterns associated with ENSO and solar activity. Therefore, it is necessary to further discuss the respective impacts of ENSO and solar on atmospheric circulation. Figure 3A shows the ENSO signal in January sea level pressure (SLP) anomalies over the Northern Hemisphere obtained using the MLR method. In response to the SST anomalies over the tropical Pacific, massive positive SLP anomalies form over the WNP region, extending from the Philippine Sea to the Kuroshio extension, consistent with the many previous findings (e.g., Wang et al., 2000). This high pressure over the WNP is known to be a key system that bridges the ENSO and the winter SCP anomalies. Anomalous southwesterlies prevail to the northwest of this high pressure, leading to a weaker winter monsoon along the SC coast, as well as a wetter than normal condition in that region. Downstream of this anomalous high pressure is an anomalous low pressure centered around 50°N and 160°W, indicating a deepening of the wintertime Aleutian low. At 500 hPa (Figure 3C), positive geopotential height (GPH) anomalies can be seen throughout the lower latitudes, suggesting an intensified subtropical high, which is favorable for the wintertime precipitation over China. While in the extra-tropics, the most prominent circulation feature is the positive phase of the Pacific/North American (PNA) teleconnection pattern (Barnston and Livezey, 1987).
[image: Figure 3]FIGURE 3 | Same as Figures 2A,B, but for the estimated ENSO and solar signals in SLP [panels (A), (B), unit:hPa], and 500 hPa geopotential height [panels (C), (D), unit: gpm]. Solid black dots denote regions where the signals are statistically significant at the 5% level (i.e., p < 0.05).
Figure 3B shows the solar signal in SLP anomalies. As is seen, enhanced solar activity is linked with a positive Arctic Oscillation (AO) like pattern over the Northern Hemisphere, with significant positive SLP anomalies detected over the Aleutian low region and the southern Europe, while insignificant negative SLP anomalies are seen in the Arctic regions. The AO-like pattern and the significantly weakened Aleutian low are consistent with many previous findings (e.g., Roy and Haigh 2010; Hood et al., 2013). Despite AO, the solar pattern also shows notable zonal asymmetric feature. At 500 hPa (Figure 3D), the high pressure anomaly over the North Pacific expands more westward, with significant positive GPH anomalies detected around Japan, suggesting a weakening of the East Asian trough. As had been suggested by previous studies (e.g., Zhang et al., 2015), weakened East Asian trough would suppress the cold and dry air from the Siberia, thus favorable for the moisture transport and hence increase the SCP in winter. Moreover, in the upstream, wave train like circulation anomalies prevail over the Atlantic and Eurasian domain. Positive GPH appears over the western Europe, while negative ones exist over mid-lower latitudes of the North Atlantic, as well as the West Asia, projecting onto the East Atlantic/West Russia (EATL/WRUS) pattern. Liu Y. et al. (2014) had demonstrated that the EATL/WRUS pattern could significantly increase the winter SCP. Therefore, the solar associated zonal asymmetric circulation patterns over the Atlantic, Eurasian and North Pacific domain act in concert to produce significant positive SCP anomalies.
In summary, regressions of precipitation and atmospheric circulations upon ENSO and solar indices reveal distinct ENSO and solar impacts on regional climate in mid-winter. ENSO impacts SCP mainly through changing pressure anomalies over the WNP region. While the solar influences SCP primarily via its modulation on the extra-tropical circulation anomalies.
Combined Effects of ENSO and Solar Activity on SCP
In order to investigate the combined effects of the ENSO and the solar activity depending on their different phases, each year has been categorized into four groups (Table 1), i.e., the wENSO/HS years, the wENSO/LS years, the cENSO/HS years and the cENSO/LS years, based on the classification in Section 2. Figures 4A–D show the composites of rainfall anomalies under these four different combinations of ENSO and solar phases. For the wENSO, the rainfall anomalies show notable differences between the HS and the LS phase. Positive January rainfall anomalies appear over most areas of the SC in wENSO/HS years (Figure 4A), with the amplitude exceeding 30 mm/ month around the coastal area of SC. The statistically significant positive signal (90% confidence level) mainly distributes in the provinces of Hunan and Fujian (approximately located at 24°–28°N, 110°–118°E). Thus the rainfall pattern in wENSO/HS years is qualitatively consistent with that in the common wENSO years (as indicated in Figure 2A), featuring a wetter than normal condition over the SC. However, during the wENSO/LS (Figure 4C), the expected wENSO associated wet anomalies are almost missing. Instead, dry anomalies are detected over most of the SC, although with limited statistical significance.
[image: Figure 4]FIGURE 4 | Mid-winter (January) precipitation anomaly (mm/mon) composites of (A) wENSO/HS years, (B) cENSO/HS years, (C) wENSO/LS years and (D) cENSO/LS years. (E) denotes composite differences between wENSO/HS and wENSO/LS years. (F) denotes composite differences between wENSO/HS and wENSO/LS years. Solid black (white) dots denote 90% (95%) confidence level. The data used here is monthly land surface precipitation data from the University of Delaware (v5.01) for 1948–2016, with a horizontal resolution of 0.5°.
Similarly, the cENSO associated precipitation anomalies are also very different under different solar phases. Generally, cENSO events correspond to dry anomalies over the SC. However, in cENSO/HS years, positive rainfall anomalies dominate the SC, with statistically significant (exceeding 95% confidence level) signals appear in most areas of the YRV region. While in the cENSO/LS years, the cENSO-related dry anomalies become evident. The rainfall pattern features statistically significant negative anomalies in most areas to the south of the Yangtze River. The negative center exceeds −25 mm/ month, locating at the coastal region of the SC. Therefore, we may conclude that when the ENSO and the solar activity are in phase, i.e., the wENSO/HS years and the cENSO/LS years, the ENSO-related precipitation anomalies are intensified. If they are out of phase, the known ENSO-SCP relationship is disturbed.
To further demonstrate the solar impacts on the ENSO precipitation, Figure 4E shows the rainfall difference between the wENSO/HS years and the wENSO/LS years, while the rainfall difference between the cENSO/HS years and the cENSO/LS years is shown in Figure 4F, the solar modulations on both the wENSO and the cENSO precipitation anomalies can be hence inferred. It is found that there are generally consistent patterns of solar influences on the wENSO and the cENSO associated precipitation anomalies, as both Figures 4E,F show mono-pole pattern of positive rainfall differences over the SC. Notably, as had been indicated in Figure 2B, the solar signal in January precipitation exhibits significant positive anomalies over eastern and southern part of China, the pattern of which bears some resemblance with those in Figures 4E,F. Therefore, to some extent, the solar modulations on wENSO and cENSO rainfall in mid-winter are possibly due to the background of solar signal superimposed onto the ENSO signal.
But we also note that the strength of solar modulation effect seems to be different between the wENSO and the cENSO phase. Seen in Figure 4E, although solar activity tends to increase the wENSO precipitation anomalies, the wENSO/HS minus wENSO/LS rainfall anomalies are mostly statistically insignificant. In contrast, the solar effects are stronger in amplitude and are more statistically significant during cENSO phase, with significant rainfall differences between the cENSO/HS years and the cENSO/LS years detected over most of the SC. Therefore, the solar modulating effects show clear asymmetries in strength between the wENSO and the cENSO events.
To further investigate this, we now focus attention on the area-averaged (110–120°E, 22–35°N) SCP anomalies, chosen because it shows evident precipitation difference between HS and LS under both ENSO phases. Scatter plots of standardized January SCP against DJ Niño-3.4 index are shown in Figure 5A, with the HS and LS years expressed by red and blue markers, respectively. Seen from Figure 5A, the correlation coefficient between the Niño 3.4 index and the SCP is 0.31 (p < 0.05). But the SCP anomalies under both wENSO and cENSO phases still show large spread, indicating other factors (e.g. atmospheric internal variability or external forcings) may also impact the precipitation. For wENSO phase, the average SCP is only slightly higher during HS than during LS, suggesting insignificant solar impact under this case. While for the cENSO phase, the HS and LS precipitation anomalies are quite distinguishable, as most cENSO/HS years have positive SCP anomalies while most cENSO/LS years have negative values. Thus solar forcing seems to play an important role under cENSO condition. These results are quite consistent with those derived from the composite analysis, also suggesting solar activity exerts different influences on wENSO and cENSO events. To further demonstrate this, Figures 5B,C show scatter plots of SCP against SSN under wENSO and cENSO years, respectively. The correlation between SCP and SSN is 0.11 and 0.59 (p < 0.01) for the two ENSO phases, respectively. Thus the solar impact on SCP is much stronger under cENSO than in wENSO, which confirms the results of Figures 4E,F.
[image: Figure 5]FIGURE 5 | panel (A) shows scatter plot of standardized precipitation anomalies against Niño 3.4 index. Red (blue) dots denote HS (LS) phase, respectively. panels (B), (C) show scatter plots of standardized precipitation anomalies against SSN under wENSO and cENSO phase, respectively.
Possible Causes of the ENSO and Solar Combined Effects on SCP
How can we understand these combined solar/ENSO effects on precipitation? To investigate this, Figures 6A–F depict the composite SLP anomalies over the Northern Hemisphere in different ENSO/solar phase combinations, while Figures 7A–F are the same as Figures 6A–F, but displaying GPH anomalies at 500 hPa. At mid-high latitudes, both wENSO/HS and wENSO/LS years show a pattern that resembles the negative phase of the AO, possibly due to the tropical SST forcing on the polar vortex (Bell et al., 2009). Over the North Pacific, significant low pressure anomalies are seen at both surface and 500 hPa, reflecting the wENSO impacts on the Aleutian low and the PNA pattern, respectively. However, over East Asia, very few statistical significant circulation signals can be detected, except for the wENSO/LS case at 500 hPa. The wENSO/HS minus wENSO/LS circulation over this region exhibits a barotropical structure (consistent pattern at surface and 500 hPa), with positive pressure anomaly over northern East Asia and negative one over southern East Asia, but these anomalies are also with little significance. Considering the limited sample sizes of the wENSO/HS and wENSO/LS years may introduce uncertainties to the composite results, in Figures 6G, 7G the regression of circulation anomalies onto the solar index (i.e., SSN) under wENSO are shown as supplements to the composite analysis. The regression patterns, generally similar to the composite differences, show weak and insignificant solar influences on atmospheric circulation under wENSO phase. Therefore, it’s reasonable to see a relatively weak and statistically insignificant solar impact on SCP under wENSO.
[image: Figure 6]FIGURE 6 | panels (A–F) are similar as Figure 4, but for composites of SLP anomaly (unit:hPa), panels (G), (H) show regression of SLP onto SSN under wENSO and cENSO phase, respectively. The regression coefficients are scaled as by multiplying two standard deviation of the SSN index, thus the units of these signals are hPa. Solid dots denote 95% confidence level.
[image: Figure 7]FIGURE 7 | Similar as Figure 6, but for composites of geopotential height anomaly at 500 hPa (unit:gpm).
By contrast, the solar modulations on cENSO associated circulation patterns seem to be more clear and evident. In cENSO/HS years, significant negative SLP anomalies are seen in the tropical western Pacific and the Indian Ocean, reflecting a strengthened Walker Circulation associated with cENSO SST anomalies. In the extra-tropics, high pressure anomaly exists over the Aleutian region while low pressure anomaly occupies the Asian continent. Although these pressure systems show limited significance in most regions possibly due to the small sample sizes, we noted a statistically significant low GPH anomaly extending from the Tibet Plateau to Indochina Peninsula at 500 hPa, indicating the strengthening of the southern branch trough. This circulation system had been shown to closely related to the wintertime SCP (Li et al., 2017), which is able to explain the significant positive SCP under cENSO/HS.
The Asia-Pacific circulation patterns are almost reversed in the cENSO/LS years. Positive SLP anomaly is seen over the Asian continent while negative one located in the Aleutian region. Although these circulation anomalies at the surface are with little significance, significant negative GPH anomalies are detected over the East Asian coast at 500 hPa, indicative of an intensified East Asian trough. A deepened East Asian trough usually corresponds to a stronger cold air outbreaks over China, thus can provide reasonable explanation for the significant negative SCP anomalies shown in Figure 4D. As indicated by Figures 6F, 7F, the solar effect on circulation during cENSO resembles the positive phase of AO, similar with the MLR derived solar pattern shown in Figures 3B,D. The regressions of circulation onto SSN under cENSO are shown in Figures 6H, 7H. The derived patterns are similar with the composite difference patterns, showing a tendency towards positive AO under HS, but with much more statistical significance possibly because the sample size is larger. At the surface, significant positive SLP signals exist in both the Aleutian region and the Azores region. In addition, the SSN-AO correlation reaches 0.56 (p < 0.01) under cENSO phase, whereas it drops to near zero under wENSO phase.
Albeit the solar signal under cENSO phase resembles the AO pattern, it also exhibits evident zonal asymmetric component. Over the Asia-Pacific region, the GPH at 500 hPa is significantly increased over the East Asian coast and the North Pacific while significantly decreased over the Asian continent. In order to identify the circulation pattern favorable for the SCP, Figure 8A shows composite of 500 hPa GPH between high and low SCP years. It is found that enhanced SCP is associated with negative GPH anomaly over central-western part of Asia while positive anomaly around Japan, appearing as a “West Low East High (WLEH)” pattern. The WLEH pattern corresponds to a weakened East Asian trough, as well as an intensified trough over the West Asia, which would enhance the southerly along the East Asian coast and thus favoring the SCP. The solar pattern in Figure 7H also resembles WLEH pattern over the Asia-Pacific region, suggesting solar may modulate SCP through exerting a WLEH-like circulation pattern during cENSO. To further demonstrate this, we define a WLEH index (WLEHI) as 500 hPa GPH difference between 120–150°E, 30–40°N and 30–90°E, 22–35°N. The WLEHI is significantly correlated with the SCP (r = 0.55, p < 0.01) when all years in the analysis period are used, demonstrating its important role in the SCP variability. The correlation between SSN and WLEHI is 0.15 (p > 0.1) under wENSO and 0.54 (p < 0.01) under cENSO, thus the WLEH pattern seems to bridge the solar activity and the SCP during cENSO.
[image: Figure 8]FIGURE 8 | panel (A) shows composite differences of geopotential height anomalies between high and low SCP years. Solid dots denote 95% confidence level. High and low SCP years are defined as years with SCP values larger (lower) than +1 (−1) standard deviation. panel (B) shows scatter plot of standardized precipitation anomalies against WLEH index. panels (C), (D) show WLEH index against SSN under wENSO and cENSO phase, respectively.
DISCUSSION
The above analysis interprets the direct causes of ENSO and solar combination effects on SCP from the perspective of atmospheric circulation anomalies. It is found that the solar effects on circulation are much stronger in cENSO phase than in wENSO phase, thus causing a stronger and more significant solar modulations of SCP in cENSO. However, several relevant mechanisms are still not well understood and require further discussions. These issues are as follows.
How Does Solar Activity Affect the Wintertime Extra-tropical circulation Anomalies?
Previous studies had noted solar influences in Northern Hemisphere winter circulation. Many of them pointed to a surface response over the extra-tropical regions that bears some resemblance to the AO/NAO pattern (Kodera and Kuroda, 2002; Woollings et al., 2010; Chen et al., 2015). However, the statistical significant signals are mostly found over the Aleutian low region rather than the Arctic region (e.g. Hood et al., 2013). These features revealed in the previous literature can be well reproduced in Figures 3B,D of the present study. The stratosphere provides a key link for solar irradiance variations to interact with the AO/NAO like circulation pattern. In HS years, the enhanced solar UV irradiance can intensify stratospheric zonal winds by affecting the amount of ozone and radiative heating in the mesosphere and the stratosphere. Then the solar-related stratospheric zonal wind anomalies would propagate downward to the surface through wave-mean flow interaction, ultimately impact the phase of the AO/NAO. The above mentioned process is known as the “top-down” mechanism. It is well established and had been demonstrated by a number of modelling studies (Haigh, 1994; Ineson et al., 2011). However, the solar signals are usually not quite strong in amplitude, with an order of approximately 3-4 hPa in each node of the AO/NAO (Gray et al., 2016). Due to the presence of strong internal noises, the derived solar signal is non-stationary and statistically insignificant over the Arctic regions. Instead, robust and significant signal appears at the mid-latitudes, particularly over the North Pacific region. In addition, the feedback from the Pacific and North Atlantic SST anomalies may also act to reinforce and reshape the solar pattern, giving rise to some zonal asymmetric features, including the North Pacific high pressure anomaly and the EATL/WRUS pattern (Brugnara et al., 2013; Hood et al., 2013; Chen et al., 2015).
As revealed in In Sect. 3.3, solar signal in NH circulation depends on the phase of ENSO. The circulation responses to solar activity are relatively weaker and insignificant under wENSO while stronger and significant under cENSO. These asymmetric solar signals in circulation are crucial for the different solar effects on SCP under different ENSO phases. To date, the underlying physical mechanisms remains unclear. Notably, the findings in a recent study of Guttu et al. (2021) provided insight on this issue. They found the “top-down” solar forcing be enhanced (suppressed) under negative (positive) phase of the PDO. Through modulating planetary wave activities, the SST anomalies in negative PDO phase favor negative meridional heatflux at upper troposphere and lower stratosphere, which amplifies the Arctic cooling and intensifies the polar vortex, and hence strengthen the solar-induced AO-like circulation pattern. It is known that the ENSO and PDO SST patterns are very similar, the cENSO can also modulate the upward planetary wave activities and strengthen the polar vortex (Bell et al., 2009). Therefore, the ENSO state may also modulate the “top-down” solar forcing through changing the background state as the PDO does.
Does Solar Modulation on ENSO-Related SST Anomalies Play a Role in SCP Anomalies?
Considering the ENSO could influence the East Asian climate by a teleconnection between tropics and extra-tropics (e.g., Liu and Zhu, 2019), thus an “oceanic pathway” mechanism of the solar effect is also possible, in which the distinct ENSO-related SST patterns between HS and LS hold a key. To verify this, the composites of the ENSO associated SST anomalies under different solar phases are displayed in Figure 8. In both HS and LS, the typical ENSO features over the tropical Pacific are evident, with positive (negative) SST anomalies in equatorial central-eastern Pacific and negative (positive) SSTAs in WNP during wENSO (cENSO) events (Figures 9A–D). But differences in SST distributions between the HS and LS years can be noted (Figures 9E,F). Both the SST differences between wENSO/HS years and the wENSO/LS years, and the SST differences between cENSO/HS years and the cENSO/LS years exhibit central-eastern Pacific cooling. In response to such SST anomalies, the zonal gradient of anomalous SLP in the tropical Indo-Pacific Ocean is stronger in the wENSO/LS group than the wENSO/HS one (Figure 6E), whereas the tropical circulation anomalies in the cENSO/HS category are more evident than the cENSO/LS one (Figure 6F). However, we found these solar modulations on ENSO SSTs over tropics unable to explain the observed SCP anomalies. Take the solar influences on cENSO as an example, HS tends to intensified the cENSO associated eastern Pacific cooling and the Walker Circulation, although not quite significantly. As is known, in winter, eastern Pacific cooling and intensified Walker Circulation usually corresponds to an enhanced EAWM and decreased SCP. However, significant increased SCP is seen in cENSO/HS years (Figure 4B).
[image: Figure 9]FIGURE 9 | Same as Figure 4, but for composites of SST anomaly (shaded, unit:°C). Solid dots denote 95% confidence level for SST.
On the other hand, the SSTs over the mid-latitudes of the North Pacific Ocean may play a role in atmospheric circulation anomalies, since this region is situated at the confluence of warm and cold currents near 40°N, A hot spot region of climate variability. The common wintertime atmospheric responses to the mid-latitude Pacific SST anomalies tend to be an equivalent barotropic structure in the presence of transient eddy forcing, i.e., an anomalous atmospheric ridge over the negative (positive) mid-latitude SST anomalies (e.g., Fang and Yang, 2016). As shown in Figure 9F, the most significant SST differences between HS and LS years emerge in the mid-latitudes of the North Pacific under cENSO condition, which would exert a positive feedback onto the positive SLP/GPH anomalies over the North Pacific. Therefore, it is also possible that solar may modulate the cENSO associated climate effects through mid-latitude air-sea interactions.
CONCLUSION
Most previous studies had focused on the individual impact of the ENSO or the solar activity on SCP. However, the interactions between the impacts of these two factors remain less noticed. In the present study, the combined effects of the ENSO and the solar activity on SCP in mid-winter are investigated using observed precipitation and the NCEP/NCAR reanalysis data sets. Before analyzing the combined effects, the individual effects of the ENSO and the solar activity on East Asian climate are first examined. Results suggest both the ENSO and the solar activity are positively correlated with the SCP, but with slightly different spatial patterns. The influence of ENSO on mid-winter rainfall is mainly manifested in coastal region of the SC, whereas the solar activity tends to exert stronger influence on rainfall anomaly in the YRV region, generally consistent with the previous findings. Circulation analysis suggests the ENSO impacts China precipitation mainly through changing circulation anomalies over the WNP region. While the solar influence on precipitation is via its modulation on circulation anomalies over the mid-latitudes.
Under different combinations of the ENSO and solar phases, the SCP anomalies show superposition of these two factors to some extent. Generally, the ENSO-related SCP anomalies tend to be enhanced (disturbed) when the ENSO and the solar activity are in-phase (out-of-phase). But this solar modulation effect appears more clear and significant under cold ENSO (cENSO) phase rather than under warm ENSO (wENSO) phase. Further analysis suggests, during the wENSO phase, solar influences on the Northern Hemisphere circulation are generally weak with little significance. In contrast, during the cENSO phase, the solar effect resembles the positive phase of the Arctic Oscillation but with an evident zonal asymmetric component. Its manifestation over the Asia-Pacific domain features by negative geopotential height anomaly over the West Asia and positive geopotential height anomaly over the East Asian coast, a pattern that is favorable for the SCP, thus causing a significant solar modulation on the cENSO-related precipitation anomalies.
The potential physical causes of solar effects on circulation are also discussed. In mid-winter, the solar activity tends to produce an AO-like response pattern through the “top-down” mechanism, which involves stratosphere-troposphere dynamical coupling that conveys the stratospheric solar signals downward to the surface. But the strength of this solar signature depends on the phase of ENSO, it appears to be stronger and more significant during the cENSO phase. It is possibly because the phase of ENSO could modify the mean state in stratosphere and troposphere that may modulate the “top-down” solar forcing. On the other hand, the solar modulation on cENSO SST anomalies over mid-latitudes may also play a role, which exerts positive feedback onto the circulation anomalies and act to reinforce the solar signature. As a result, the solar effect on SCP is more evident under cENSO phase. Future research using a fully coupled high resolution climate model is needed to study the detailed physical mechanisms of these modulation effects.
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Summer precipitation in East Asia has significant quasi-biweekly (10–30-day) oscillation characteristics. By using gauge-based precipitation and ERA-Interim reanalysis data, the basic mode of the quasi-biweekly oscillation of summer precipitation in East Asia and the related circulation from 1979 to 2012 were analyzed. It was found that the middle and lower reaches of the Yangtze River and its south in China were among the key areas for the 10- to 30-day oscillation of summer precipitation. After selecting typical summer precipitation events with 10- to 30-day oscillation characteristics in key areas and conducting composite analysis, it is found that in the dry (wet) phase of quasi-biweekly precipitation in southern China, it is controlled by quasi-biweekly anticyclone (cyclone) at 500 hPa above the key area. During the evolution of quasi-biweekly precipitation, the ridge of the Northwest Pacific Subtropical High is located between 20 and 22°N latitude, and there is no significant variability in the large-scale background circulation. Furthermore, composite analysis of the precursory signal at 500 hPa during quasi-biweekly precipitation in southern China found that there was an obvious quasi-biweekly geopotential height anomaly over the North Atlantic Ocean almost 30 days before the peak day of quasi-biweekly precipitation. While the quasi-biweekly geopotential height anomaly at 500 hPa in the North Atlantic propagates eastward, it also leads the cold air to transport southward. Cold air from high latitudes and warm air from low latitudes converge in southern China, which affects the quasi-biweekly oscillation of precipitation. Hysteresis synthesis of precipitation based on 500 hPa geopotential height’s quasi-biweekly oscillation events over the North Atlantic Ocean comes to almost the same conclusion. Therefore, the 500 hPa geopotential height quasi-biweekly anomaly in the North Atlantic may have important prediction significance for an extended-range forecast of summer rainfall in China.
Keywords: summer precipitation, quasi-biweekly oscillation, geopotential anomaly, Atlantic, precursory signal
INTRODUCTION
Located in the East Asian monsoon region, China has complicated weather and climatic characteristics and frequent meteorological disasters. The summer precipitation process in southern China and the corresponding drought and flood events have always been the focus of meteorologists’ research. With the development of numerical weather prediction technology and seasonal dynamic forecasting systems, medium- and short-term deterministic forecasts (several hours to a week) and climate (monthly, seasonal to interannual) probability prediction capabilities have been continuously improved (Jung and Vitart, 2006; Amador and Lovejoy, 2021; Yang et al., 2021). However, there are still large uncertainties in the field of 10–30 days extended-range forecasting (or subseasonal forecasting), which has long been considered to be a predictable desert (Vitart et al., 2012; Robertson et al., 2015). Understanding the predictability sources of extended-range forecasting is a major challenge in the frontier of meteorological research (Robertson et al., 2018), and it is particularly important to extract the precursory signals of the weather processes which lead to disasters.
Previous studies have shown that persistent severe weather processes are closely related to atmospheric low-frequency activities, and summer precipitation in China has obvious characteristics of intraseasonal oscillation (ISO) (Chen et al., 2015; Hsu et al., 2016; Li and Mao, 2019; Hong et al., 2021). For example, the two persistent heavy rainfall disaster events that occurred in the Yangtze River basin in 1998 were both in the active phase of the rainfall ISO (Zhu et al., 2003; Ju et al., 2005; Sun et al., 2016). Similarly, Meiyu in 2016 also has typical quasi-biweekly oscillation (QBWO) characteristics (Huang et al., 2020). In addition to the aforementioned typical events, the results of the climate statistics also confirm that China’s precipitation has significant ISO characteristics, including QBWOs and 30- to 60-day oscillations (Mao et al., 2010; Yang et al., 2010; Yin et al., 2011; Liu et al., 2018; Xia et al., 2021; Zhou et al., 2021).
The ISO of summer precipitation in China is the result of the coordinated control of atmospheric circulation at different latitudes, including the northward and northwestward propagation from low-latitude (Hsu et al., 2000; Shen et al., 2016; Liu et al., 2020) and the regulation of mid-high-latitude ISO signals (Wei et al., 2015; Lu et al., 2007; Buhe et al., 2008; Ren et al., 2020). Previous studies have also shown that the QBWO of precipitation is significantly affected by the Eurasian wave train (Mao et al., 2010; Ren et al., 2015; Liu et al., 2020). The midlatitude low-frequency Rossby wave trains propagate from Eurasia to East Asia and the North Pacific along the Westerlies, impacting the key circulation systems of Meiyu, such as the South Asian High and the Northwest Pacific Subtropical High, and ultimately influencing the QBWO characteristics of precipitation (Ren et al., 2015). However, most of the aforementioned studies have focused on the circulation evolution in the same period with quasi-biweekly precipitation and did not discuss too much about the precursory signals of low-frequency precipitation events. Therefore, while analyzing the QBWO of precipitation in southern China, this article pays more attention to the quasi-biweekly characteristics of atmospheric circulation more than 10 days in advance, hoping to find the precursory signals of precipitation and provide a reference for the extension period prediction of precipitation.
DATA AND METHOD
In this study, 0.5° daily precipitation data (gauge) constructed from more than 2,400 stations over China Mainland from 1979 to 2012 were used to clarify the QBWO events. In addition, we also chose the 1.5° ERA-Interim reanalysis products (Dee et al., 2011) at 6-h intervals to analyze the circulation characteristics. The summer defined in this article refers to the months June to August. In this study, the daily value is obtained by averaging the 6-h data before the whole analysis.
The power spectrum analysis was used to find the dominant period of precipitation. The Butterworth band-pass filter was used to get the QBWO signal of a meteorological element. The 10- to 30-day filtered precipitation greater than or equal to 1.5 standard deviations is defined as a typical QBWO event of precipitation. We conduct EOF techniques to obtain the basic modes of 10- to 30-day oscillation of the North Atlantic 500 hPa geopotential height. The first principal component (PC) of the EOF analysis of 10- to 30-day filtered 500hPa geopotential height in the North Atlantic Ocean is greater than 1.5 standard deviations, which is defined as a typical QBWO event of geopotential height. Based on the typical QBWO events obtained before, the synthesis analysis and Student’s test are carried out.
RESULTS
The QBWO of Summer Precipitation in Southern China
First, the characteristics of East Asian summer monsoon precipitation were analyzed by using the gauge-based observation (Figure 1A). The summer precipitation in China shows the distribution characteristics of more in the south and less in the north. In southern China, the precipitation intensity is more than 7 mm/d and more than 9 mm/d over some areas in summer. The spatial distribution of the mean square deviation presents similar characteristics to the total precipitation (Figure 1B). In southern China (the black box in Figure 1B, 24–32°N, 108–122°E), the mean square deviation of precipitation exceeds 13 mm/d and even the central maximum value reaches 17 mm/d, far exceeding the other regions in China. In addition, the mean square deviation of the precipitation is much higher than that of the mean precipitation.
[image: Figure 1]FIGURE 1 | Observed summer mean precipitation (A) and the mean square deviation (B) in China from 1979 to 2012, unit: mm/d. The black box in (B) represents southern China (24–32°N, 108–122°E).
In order to verify the characteristics of the dominant period of summer precipitation, we carried out the power spectrum analysis over southern China (Figure 2A). As shown in Figure 2, precipitation in boreal summer has significant periodic oscillation characteristics of 10–30 days on a subseasonal scale, which has passed the 0.05 significance test. The mean square deviation of the 10- to 30-day precipitation and the fractional variance are shown in Figure 2B. It is found that the quasi-biweekly mean square deviation of precipitation in the middle and lower reaches of the Yangtze River and its south is about 5–7 mm/d, and the fractional variance results show that the 10- to 30-day oscillation precipitation can explain more than 40% of the total variance. All the previous analysis indicates that summer precipitation in the middle and lower reaches of the Yangtze River and south of it has a very significant 10- to 30-day oscillation.
[image: Figure 2]FIGURE 2 | Power spectrum diagram of summer rainfall (A) in southern China (24–32°N, 108–122°E) from 1979 to 2012; the mean square deviation [(B), shaded, unit: mm/d] and the fractional variance [(B), contoured, unit: %] of 10–30-day filtered precipitation. In (A), the red line is the power spectral density, and the black line indicates the values of 95% confidence level.
From the previous analysis, it can be concluded that southern China (24–32°N, 108–122°E) is the key center of the 10- to 30-day oscillation of summer precipitation on the East Asian continent. Using the observation data and definition criteria for precipitation oscillation events described in Data and Method, a total of 75 typical precipitation QBWO events (listed in Table 1) occurred in southern China from 1979 to 2012, nearly 2 cases per year. We conducted the composite analysis of 75 selected typical events, and the results are shown in Figure 3. The peak day of quasi-biweekly precipitation is defined as day 0, day -1 represents 1 day before the peak day, day 1 represents 1 day after the peak day, and so on. In a typical event, the synthetic analysis results show that the regional average precipitation intensity can reach 4 mm/d or more, and quasi-biweekly precipitation occurs 3 days before the peak and lasts for about 6 days. From the interruption phase to the active phase and then to the interruption one, the entire cycle takes about 15 days, showing typical QBWO characteristics.
TABLE 1 | Date of the quasi-biweekly peak rainfall in southern China.
[image: Table 1][image: Figure 3]FIGURE 3 | Composite evolution of the 10- to 30-day filtered precipitation in southern China (24–32°N, 108–122°E) during the rainfall QBWO events from day -15 to day 15, unit: mm/d.
Figure 4 shows the spatial distribution and temporal evolution of quasi-biweekly precipitation in different phases from day -7 to day 7. On day -7 (Figure 4A), southern China is in the dry phase. From day -7 to day -5 (Figures 4A,B), the dry phase of precipitation in southern China slowly weakened. Southern China turned to the wet phase at day -3 (Figure 4C), after which the precipitation intensity kept increasing and reached a peak of about 8 mm/d from day -1 to day 1 (Figures 4D,E). Subsequently, the precipitation in Southern China began to decrease at day 3 (Figure 4F), and finally the entire region was converted to the dry phase again (Figures 4G,H) from day 5 to day 7.
[image: Figure 4]FIGURE 4 | Composite distribution of 10- to 30-day filtered precipitation during the rainfall QBWO events (unit: mm/d); the dotted area indicates that it has passed the 95% confidence test. (A–H) represent day -7 to day 7, with 2-day interval.
The circulation corresponding to the quasi-biweekly precipitation evolution is further analyzed (Figure 5). The ridge of subtropical high over the northwest Pacific Ocean at 500 hPa level is located at 20–22°N. The midlatitudes are controlled by zonal westerly airstream, and there is no significant variability in the large-scale background circulation during the quasi-biweekly precipitation evolution. In the 10- to 30-day scale, the results show that during the dry phase of quasi-biweekly precipitation in southern China, 500 hPa over the key area is controlled by abnormal quasi-biweekly anticyclone, and 850 hPa wind field also shows obvious anticyclonic circulation (Figures 5A,B,G,H). In the wet phase of precipitation (from day -3 to day 3), easterly and westerly winds prevail in the areas north and south of the Yangtze River Basin, respectively, under the control of abnormal cyclone at 500 hPa height (Figures 5C–F). Both easterly wind and southwesterly wind transport water vapor from the ocean to precipitation areas. Meanwhile, the abnormal anticyclone located near Lake Baikal brings cold air to the south, and the intersection of cold and warm air flow causes heavy precipitation. The response of 850hPa wind field reaches the strongest from day -1 to day 1 (Figures 5D,E). During the intermittent and active periods of quasi-biweekly precipitation in southern China, the characteristics of the 500 hPa geopotential height field are mainly manifested in the anti-phase distribution over southern China and its north and south sides at different latitudes. It should be noted that the quasi-biweekly geopotential anomalies at 500 hPa, 700 hPa, and 850 hPa have almost the same distribution characteristics (figure omitted). Meanwhile, weather systems that affect precipitation, such as subtropical high, blocking high, trough, and ridge, are usually analyzed at 500 hPa, so this article focuses on the geopotential height anomaly at 500 hPa.
[image: Figure 5]FIGURE 5 | Composite distribution of geopotential height (contoured, unit: dagpm), 10- to 30-day filtered geopotential height (color shaded, unit: gpm) at 500 hPa and the 10- to 30-day filtered wind at 850 hPa (vector, unit: m/s; only locally statistically significant (>95%) vectors are shown) during the rainfall QBWO events, the dotted area indicates that it has passed the 95% confidence test. (A–H) represent day -7 to day 7, with 2-day interval.
The Precursory Signals of the Precipitation QBWO Events
The aforementioned research analyzes the variation of circulation during QBWO of precipitation. In order to figure out the precursory signal of the precipitation oscillation process, it is necessary to further analyze the circulation characteristics before the precipitation of QBWO events. Figure 6 shows the evolution of the quasi-biweekly geopotential height in the northern hemisphere from 30 days before the peak of quasi-biweekly precipitation in southern China to the peak day. From day -30 to day -10 (Figures 6A–E), there are obvious quasi-biweekly geopotential height abnormalities in the North Atlantic. At day -30 (Figure 6A), there is a significant positive geopotential height anomaly in the North Atlantic Ocean south of Greenland, negative anomalies on the east and west sides, and obvious wave trains in the mid-high latitudes. The distributions of geopotential height tendency show that the wave train has the characteristics of eastward shifting. The east side of the center of the positive geopotential height anomaly usually shows positive tendency [image: image] and the negative tendency (\[image: image] on the west side, thus guiding the positive potential height center to move eastward. At day -20 (Figure 6C), the south of Greenland converted to a negative geopotential height anomaly, and the east of the North Atlantic Ocean became a positive anomaly. At −15 days (Figure 6D), the positive anomaly in the eastern North Atlantic Ocean further strengthened and moved eastward to western Europe. At −10 days (Figure 6E), there is still a significant oscillation signal over the North Atlantic Ocean. Similar to −30 days (Figure 6A), the positive anomaly center south of Greenland and the negative anomaly centers on both sides. From −5 days to 0 days (Figures 6F,G), the signal over the North Atlantic Ocean is relatively weakened. It should be noted that from −30 days to -10 days, there is no significant signal of geopotential height anomalies in East Asia, and only during the occurrence of precipitation QBWO events (about day −7 to day 7), there is a local response. Therefore, it may be more reasonable to choose the abnormal geopotential height of the North Atlantic as the premonitory signal of the 10- to 30-day oscillation of summer precipitation in southern China.
[image: Figure 6]FIGURE 6 | Composite quasi-biweekly geopotential height (shaded, unit: gpm) and its tendency distribution at 500hPa (contoured, unit: gpm/d) in the northern hemisphere from day -30 to day 0, the dotted area indicates that it has passed the 95% confidence test. (A–G) represent day -30 to day 0, with 5-day interval.
To reveal the propagation characteristics of the geopotential height anomaly, the time–longitude profile of the average quasi-biweekly geopotential height between 40°N and 60°N is further analyzed (Figure 7). At day −30, an anomalous positive center is located near about 50°W, that is, over the North Atlantic south of Greenland, with negative anomalies on the left and right sides. Both the positive and negative anomaly centers move eastward day by day. At day 0, the positive anomaly center propagates to 60°E near the Ural Mountains, and the zonal propagation velocity is about 3–3.5° longitude per day. About 10 days before the peak day of quasi-biweekly precipitation, the signal of the geopotential anomaly center began to weaken, and after the peak day, there was no obvious propagation characteristic. Combined with the evolution of the quasi-biweekly geopotential height in the northern hemisphere (Figure 6) and the 850 hPa wind field (Figure 5), the Ural Mountains are controlled by abnormal anticyclone during the active period of quasi-biweekly precipitation. To the east of the Ural Mountains, the geopotential height anomaly distribution characteristics of “−” “+” “−” “+” are formed from high to low latitude. The north of Lake Baikal is controlled by an abnormal low pressure system, indicating that the polar vortex is moving southward, while the abnormal anticyclone near Lake Baikal guides the cold air from the high latitude to southern China. At the same time, southwest and southeast winds transport the warm and humid air from the South China Sea and the Western Pacific to southern China, where the cold and warm air meet and form precipitation.
[image: Figure 7]FIGURE 7 | Composite temporal-longitude profile of quasi-biweekly geopotential height averaged from 40°N to 60°N at 500 hPa from day -30 to day 0 (unit: gpm), the shadowed area indicates that it has passed the 95% confidence test.
Furthermore, the midlatitude North Atlantic geopotential height is selected for EOF analysis for its main modes. The first mode (EOF1, Figure 8A) is mainly characterized by anomalous geopotential height of the North Atlantic Ocean south of Greenland and its opposite phases on its east and west sides, and the variance contribution of EOF1 is 16.4%. The distribution of EOF1 is similar to the quasi-biweekly circulation pattern at 500 hPa over the North Atlantic 20 days before the peak day of precipitation QBWO events (Figure 6C), and it is opposite to the pattern over the previous 30 days (Figure 6A). Will the abnormal geopotential height in the previous period lead to the response of precipitation in southern China? To answer this question, we first selected typical events of abnormal geopotential height at 500 hPa over the North Atlantic according to the method described in the Data and Method and found that a total of 63 typical QBWO events of geopotential height occurred in the North Atlantic region. A composite analysis of these events found that the wet phase of quasi-biweekly precipitation in southern China appeared at a lag of about 20 days (Figure 8B), while the quasi-biweekly dry phase appeared at a lag of about 30 days (Figure 8C). This is consistent with the previous conclusions and further confirms that the quasi-biweekly geopotential height anomaly over the North Atlantic Ocean can be used as the precursory signal of the quasi-biweekly precipitation in southern China.
[image: Figure 8]FIGURE 8 | First mode [EOF1, (A)] of the EOF analysis of 10–30-day filtered geopotential height at 500hPa over the North Atlantic Ocean and the composition of quasi-biweekly precipitation (unit: mm/d) based on the geopotential height QBWO events with 20-day lag (B) and 30-day lag (C).
DISCUSSION
This article reveals the basic characteristics of the 10- to 30-day oscillation of summer precipitation in southern China and points out that the 500 hPa quasi-biweekly geopotential height anomaly over the North Atlantic Ocean can be used as the precursory signal of the quasi-biweekly precipitation process. This meaningful conclusion can provide an important theoretical basis for the extended forecast of precipitation process in southern China. Regarding the influence of the North Atlantic Ocean on the weather and climate characteristics of East Asia, previous studies have mostly analyzed its influence on the interannual and interdecadal scales from the perspective of atmospheric teleconnection (Sung et al., 2006; Wu et al., 2012; Feng and Sun, 2013; Liu et al., 2015; Zhou et al., 2020). This article focuses on the process of North Atlantic geopotential height anomaly affecting quasi-biweekly precipitation in China at the intraseasonal scale, which is a significant difference from other studies.
CONCLUSION
Persistent disaster weather events are closely related to the quasi-biweekly activity of the atmosphere, and the summer precipitation in the Asian monsoon region has significant ISO characteristics. Based on observation data, it is found that southern China is a key area of precipitation QBWO in the monsoon region. There is no significant change in the large-scale circulation background with the quasi-biweekly evolution of precipitation. However, on the quasi-biweekly scale, there are obvious anomalies of the geopotential height, which shows the characteristics of eastward propagation in the midlatitude and the northward propagation in the low latitude. During the active period of the precipitation QBWO events, the quasi-biweekly cyclone controls southern China. The southwesterly wind and southeasterly wind carry water vapor from the South China Sea and northwest Pacific to southern China, respectively, which is conducive to the generation of precipitation.
By analyzing the precursory of the precipitation QBWO events, it is found that 500 hPa geopotential heights over the North Atlantic south of Greenland is obviously the positive anomaly, and it is the negative anomaly on both east and west sides 30 days before the peak day of precipitation. The wave train propagates eastward slowly. When the quasi-biweekly rainfall occurs in southern China, the geopotential height from the North Atlantic moves to the vicinity of the Ural Mountains. The negative quasi-biweekly geopotential height anomaly occurs in the high latitude area of the Asian continent ahead of the wave train, and the positive geopotential height anomaly occurs in Lake Baikal. This circulation situation leads the high latitude cold air southward and joins with the south warm and humid air flow to form persistent precipitation.
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The southeast coastal region of China is susceptible to challenges related to extreme precipitation events; hence, projection of future climate extremes changes is crucial for sustainable development in the region. Using the Regional Climate Model Version 4 (RegCM4), the future changes of summer precipitation extremes have been investigated over the Jiulongjiang River Basin (JRB), a coastal watershed in Southeast China. Comparison between the RegCM4 simulated and observed rainy season precipitation over JRB suggests that the RegCM4 can reasonably reproduce the seasonal precipitation cycle, the frequency distribution of precipitation intensity, and the 50-year return levels of precipitation extremes over JRB. Furthermore, the model projects an increase in daily maximum rainfall (RX1day) mostly over the northern part of the basin and a decrease over other parts of the basin, while projecting a widespread decrease for maximum consecutive 5-day precipitation amount (RX5day) relative to the present day. In terms of the 50-year return level of RX1day (RL50yr_RX1day), a general increase is projected over most parts of the basin in the near and far future of the 21st century, but a decrease can be found in the northeast and southwest parts of the JRB in the mid-21st century. The future change of the 50-year return level of RX5day (RL50yr_RX5day) shows a similar spatial pattern with that of RL50yr_RX1day in the near and mid-21st century, but with a larger magnitude. However, a remarkable decrease in RL50yr_RX5day is found in the south basin in the far future. Meanwhile, the projected changes in the 50-year return level for both RX1day and RX5day differ between the first and second rainy seasons in JRB. Specifically, the future increase in RL50yr_RX5day over the north basin is mainly contributed by the changes during the first-half rainy season, while the decrease of RL50yr_RX5day in the south is mostly ascribed to the future changes during the second-half rainy season. All above results indicate that the future changes of precipitation extremes in JRB are complicated, which might differ from extreme indices, seasons, and future projected periods. These will thus be of practical significance for flood risk management, mitigation, and adaptation measures in Jiulongjiang River Basin.
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1 INTRODUCTION
Since the pre-industrial period, the observed global mean surface temperature has risen considerably, which is accompanied by more intense rainfall extremes over the globe (Kharin et al., 2013; Donat et al., 2016; IPCC, 2019; Dike et al., 2020). Extreme rainfall over short durations and prolonged wet periods are known for triggering devastating flash floods (Norbiato et al., 2007; Alfieri and Thielen, 2015) and riverine floods (Tol et al., 2003; Dottori et al., 2018; Khalid et al., 2018). Intense precipitation extremes have also been reported in many river basins across China (Su et al., 2006; Gemmer et al., 2011; Wu X. et al., 2016), and this has been linked to flooding events of unprecedented magnitude in these river basins (Chen et al., 2006). Flood disaster constitutes a significant challenge to the livelihood of the people, given its profound impacts on water resource allocation and scheduling, and natural ecosystems in the watershed (Merz et al., 2010; IPCC, 2014; Hammond et al., 2015; Wobus et al., 2017).
Meanwhile, given the large population and rapid economic development, coastal areas are highly vulnerable to extreme precipitation events, typhoons, storm surge, and associated flood disasters (Lian et al., 2013; Wahl et al., 2015; Wang et al., 2017; Fang et al., 2020, 2021). In addition, medium and small-scale watersheds are highly susceptible to flash floods and riverine floods due to their steep mountainous terrain, low drainage capacity in urban areas, low regulation capacity, and short confluence time of floodwaters (Xu et al., 2000; Chen, 2014; Li et al., 2018; Yuan et al., 2021). As one of the medium-sized coastal watersheds in Southeast China, the Jiulongjiang River Basin (JRB) is also known for its susceptibility to extreme rainfall and associated flood disasters (Shen et al., 2019; Tang et al., 2021). Record-breaking extreme precipitation events and the attendant flood episodes have been reported in the basin (Huang et al., 2013; Su et al., 2016; Ervinia et al., 2018; Xiong et al., 2020; Chen et al., 2006). It is also found that precipitation extremes have increased significantly since the early 1990s, arising from the increase in convective activities over South China driven by interdecadal change of latent heat flux over the South China Sea and sensible heat flux over the Indochina peninsula (Ning and Qian, 2009). Therefore, it is imperative to explore the future changes of extreme precipitation events over JRB, which is crucial for planning holistic adaptation and mitigation strategies to forestall the devastating impact of flood hazards in the future.
Among different extreme indices, the Expert Team on Climate Change Detection Indices (ETCCDI) is commonly used for the investigation of climate extremes (Peterson et al., 2002; Zhang et al., 2011). Meanwhile, the return value fitting from a statistical extreme distribution is also widely utilized for the examination of the characteristics of precipitation extremes (Fischer et al., 2010; Xu et al., 2018). Generally, these methods have been used extensively for the investigation of precipitation extremes in both observational and numerical model studies (Fischer et al., 2010; Qin and Xie, 2016; Wu Y. et al., 2016; Xu et al., 2018). For instance, Qin and Xie (2016) examined future changes in precipitation extremes in many river basins across China and concluded that the maximum consecutive 5-day precipitation (RX5day), which is one of the ETCCDI extreme rainfall indices, will occur in most river basins in the future. Meanwhile, Su et al. (2016) reported a significant increase in the observed summer heavy precipitation days over the Yangtze River basin. Interestingly, Wu Y. et al. (2016) established that less frequent but more intense precipitation extremes will be prevalent in the future over the Yangtze River basin, with more distinct changes in mean precipitation. Relatedly, while examining the probability distribution of annual precipitation extremes over the Zhujiang River Basin during the 1961–2007 period, Fischer et al. (2010) estimated an average value of 200 and 329 mm for the 50-year return level for RX1day and RX5day, respectively. Furthermore, Xu et al. (2018) investigated the projected changes in RX5day extremes over China as measured by 50-year return values and found a general increase in the 50-year return values of RX5day in the future.
It is well recognized that the global climate model (GCM) is an important tool to project future climate change under different emission scenarios (Xu and Xu, 2012; Chen and Sun, 2013; Sillmann et al., 2013a; Sillmann et al., 2013b; Wuebbles et al., 2014; Zhou et al., 2014). However, GCMs struggle to capture the detailed characteristics of precipitation extremes on a watershed scale due to their relatively low resolution (Tabari et al., 2016). Therefore, dynamic downscaling approaches with high-resolution regional climate models (RCMs) are commonly utilized for future projection of climate extremes at the regional scale, specifically at small- to medium-sized watershed scale (Graham et al., 2007; Fischer et al., 2013; Halmstad et al., 2013; Qin and Xie, 2016). Among all these RCMs, the RegCM4 is one of the widely used models for regional climate simulation and future projection, especially over the East Asia region (Gu et al., 2012; Oh et al., 2014; Gao and Giorgi, 2017; Im et al., 2017; Wu and Gao, 2020). It is acclaimed for its robustness in reproducing the present-day climatology of summer precipitation in many river basins across China (Gao X. et al., 2017).
The main objective of this paper is therefore to investigate future changes in precipitation extremes over the JRB in the coastal region of Southeast China, based on the projection outputs from RegCM4 driven by a well-performed GCM. The analysis focuses on the very-high-risk events defined by the 50-year return levels of the intense precipitation extremes, particularly RX1day and RX5day, which are associated with flash and riverine flood disasters (Fischer et al., 2010; Kirchmeier-Young and Zhang, 2020). In addition, the absolute values of RX1day and RX5day are also presented. We compared the simulated seasonal cycle, the frequency distribution of precipitation, and return levels of precipitation extremes in the present day against observations to validate the model performance and thereafter investigated the projected changes of precipitation extremes under a medium greenhouse gas emission scenario, i.e., RCP4.5. The remainder of this paper is organized as follows. The study area, datasets, and methods are described in Section 2, followed by the validation of present-day simulations in Section 3. Section 4 provides the main results and discussions, including changes in the future precipitation extremes and their 50-year return levels, and the concluding remarks are presented in Section 5.
2 STUDY AREA, DATA, AND METHODS
2.1 Study Area
The JRB is a middle-sized coastal watershed in the southeastern part of China (Figure 1), covering 116°50′ to 118°02′E and 24°12′ to 25°44′N. The watershed is located in the subtropical monsoon climate zone with a drainage area of 14,700 km2 and mountainous catchments in the upper reaches. In addition, the basin is adjacent to the Northwest Pacific Ocean, which is one of the main sources of the global tropical cyclone. There are also nine meteorological stations distributed along the Jiulongjiang River. Among them, Zhangping, Longyan, and Huaan stations are situated in the mountainous upper reaches, which extend into the inland area and are relatively less affected by typhoons. Six other stations, i.e., Changtai, Nanjing, Pinghe, Zhangzhou, Longhai, and Xiamen, are located in the downstream plain area, which is greatly susceptible to typhoon activities.
[image: Figure 1]FIGURE 1 | The location and topography of JRB and the distribution of rain gauging stations. The elevations are colored based on a Digital Elevation Model. The red and grey line indicate the boundary of JRB and Fujian province respectively.
2.2 Model and Data
This study uses the Regional Climate Model version 4 (RegCM4), a widely used RCM for regional climate simulation and projection over East Asia. The model used the Coordinated Regional Climate Downscaling Experiment (CORDEX) Phase II East Asia domain at 25-km grid spacing, with 18 vertical sigma layers and a model top at 10 hPa. The RegCM4 configuration follows Gao L. et al. (2017), while it used the CLM3.5 land surface scheme (Oleson et al., 2008), the convection scheme of Emanuel (1991), and a more reasonable land cover dataset over China (Han et al., 2017).
Meanwhile, the historical simulation and 21st-century climate change projection results from the Hadley Centre Earth System Model-Earth System (HadGEM2-ES; Collins et al., 2011), one of the participating climate models for the Coupled Model Intercomparison Project Phase 5 (CMIP5, Taylor et al., 2012), are used to drive the RegCM4 model to obtain the high-resolution historical climate simulation and future climate change projection over the JRB. HadGEM2-ES is a coupled Atmosphere-Ocean General Circulation Model (AOGCM) with an atmospheric horizontal resolution of 1.875° × 1.25° with 38 vertical levels and an ocean resolution of 1° (increasing to 1/3° at the equator) and 40 vertical levels. Besides, the carbon cycle and short-lived forcing agents (gas and aerosol phase) components are added to HadGEM2-ES due to their large effect on the climate. Previous studies have demonstrated the capability of HadGEM2-ES in representing the main observed characteristics of the East Asian monsoon precipitation (Sperber et al., 2013; Jiang et al., 2016). It is also utilized as the only model to provide initial and lateral boundary conditions for RegCM4 to project the future climate change in the 21st century over Western Africa and China (Diallo et al., 2016; Shi et al., 2018) due to its good performance over the studied regions.
The historical simulation covers the period 1968–2005 for the present day with observed time-evolving greenhouse gas concentrations and 2006–2098 for the future. Considering the plausibility of a significant reduction in greenhouse gas emission due to the international efforts and commitment to carbon neutrality, with 2060 as the carbon neutrality target year for China (Mallapaty, 2020), a medium-range emission scenario (i.e., RCP4.5; Moss et al., 2010) is most likely probable. Therefore, this study only considers the projected changes in precipitation extremes under the mid-level pathway, thus RCP4.5. Meanwhile, we would also like to focus more on the projected changes of precipitation extremes before 2060, which is consistent with the target year for carbon neutrality in China.
To validate the performance of RegCM4 in reproducing the present-day rainfall extremes over the JRB, rainfall dataset from nine rain gauge stations obtained by the China Meteorological Agency (hereafter CMA), i.e., Zhangping, Longyan, Huaan, Changtai, Nanjing, Pinghe, Zhangzhou, Longhai, and Xiamen stations, has been utilized. We compared the simulated annual cycle, the frequency distribution of daily precipitation intensity, and 50-year return levels of precipitation extremes in the present day against observations to validate the model performance, with a focus on the entire rainy season from May to September in the river basin.
2.3 Methods
This study uses extreme precipitation indices recommended by the ETCCDI (Karl et al., 1999; Peterson et al., 2002; Zhang et al., 2011). We focus on two indices that are closely related to flash and riverine flood disasters (Zhang et al., 2011; Alexander and Herold, 2015; Kirchmeier-Young and Zhang, 2020), i.e., RX1day for the maximum 1-day precipitation and RX5day for the maximum consecutive 5-day precipitation.
The 50-year return level, the threshold that is exceeded by seasonal or annual extreme with a probability of 2%, has also been utilized as another index for measuring the amplitude of precipitation extreme under the fixed probability of occurrence. Events with a magnitude of rainfall amount exceeding the 50-year return level threshold value can be considered as rare and very high risk. The 50-year return levels of the abovementioned rainfall indices RX1day and RX5day are hereafter referred to as RL50yr_RX1day and RL50yr_RX5day, respectively, and the parametric extreme value approach is applied in this study to esimate the 50-year return levels of RX1day and RX5day (Min et al., 2011; Kharin et al., 2013).
To get the RL50yr_RX1day, the extreme-value sample is constructed from RX1day in a given season of each year during an n-year period. Thereafter, the sample is sorted in a descending order (x1, x2, …, xm, …, xn), and the associated empirical frequencies (1/(1 + n), 2/(1 + n), …, m/(1 + n), …n/(1 + n)) are calculated. Then following Yan et al. (2014), the Pearson III (P-III) distribution (Srikanthan and McMahon, 1981) is used to fit the sample with the empirical frequency. Finally, the corresponding 50-year maximum 1-day precipitation is determined from the fitted P-III function with the probability of 2%. The RL50yr_RX5day is estimated in the same way as the fitting sample constructed from RX5day.
Accordingly, the mean state of extreme precipitation indices (RX1day and RX5day) and their 50-year return values (RL50yr_RX1day and RL50yr_RX5day) are estimated for the present period (1986–2005) and the near future (2021–2040), mid-future (2041–2060), and far future (2081–2098). Additionally, the projected changes in precipitation extremes are defined as the difference between values for a future period and the present-day levels.
3 RESULTS
3.1 Simulation of Summer Precipitation and Extremes Over JRB
To evaluate the performance of RegCM4 in simulating rainfall over JRB, we assess the ability of the model in representing the observed (1986–2005) seasonal rainfall cycle and the frequency distribution of daily precipitation, as well as the 50-year return levels of RX1day and RX5day in each station for the entire rainy season.
Figure 2 shows the seasonal evolution of mean rainfall at the nine stations from CMA station observations and RegCM4 simulations during the present-day period (1986–2005). Approximately 65% of the annual precipitation occurs from May to September (hereafter rainy season). The observed annual rainfall at each station is characterized by a bimodal pattern, with two peaks occurring in June and August. Rainfall increases from January and reaches its first peak in June, with a magnitude of 8.3 mm/day on average, corresponding with the onset of the Indian monsoon, which strengthens moisture transport to South China from the South China Sea (Li, 1999). Thereafter, an abrupt rainfall retreat is observed in July with a minimum of 5.7 mm/day on average, as a result of the northward shift of the East Asian monsoon rain belt (Huang et al., 2009; Zhang and Wei, 2009; Li et al., 2013). The rainfall then increases in August with a mean of 8.5 mm/day, resulting from an attendant increase in moisture convergence over the river basin due to typhoon activities (Xiaoyan et al., 2017). A substantial reduction is observed from 5.8 to 1.2 mm/day in September to December, respectively. This suggests that the entire rainy season in the JRB can also be separated into two sub-rainy seasons, i.e., the first rainy season during May to June and the second rainy season from July to September, due to the bimodal seasonal cycle and their different climatic drivers.
[image: Figure 2]FIGURE 2 | The seasonal cycle of monthly mean precipitation (mm/day) at (A) Zhangping, (B) Longyan, (C) Huaan, (D) Changtai, (E) Nanjing, (F) Pinghe, (G) Zhangzhou, (H) Longhai, and (I) Xiamen meteorological stations during 1986–2005. The red lines are for observations and blue lines for RegCM4 outputs driven by HadGEM2-ES.
Compared with the observations, the RegCM4 skillfully captured the seasonal evolution of precipitation over JRB. At Zhangping, Longyan, and Huaan stations in the upstream basin, the simulated precipitation cycle shows a similar bimodal seasonal cycle to the observations (Figures 2A–C). For the downstream stations (Changtai, Nanjing, Pinghe, Zhangzhou, Longhai, and Xiamen), the simulations captured the maximum rainfall from May through September and the minimum from October through April, albeit with a peak in July, which is contrary to the observation (Figures 2D–I). Meanwhile, a slight overestimation of 2–3 mm/day in the rainy season is found at each station, which could be ascribed to the excessive moisture transportation simulated by RegCM4 (Pattnayak et al., 2018).
Figure 3 shows the frequency distribution of daily precipitation intensity calculated at nine stations for the entire rainy season over JRB from the RegCM4 simulations and CMA observations during the present-day period (1986–2005). The frequencies of heavy precipitation events (defined as daily precipitation ≥50 mm) are also presented in Table 1. The observed frequency displays an exponential decay with the increasing precipitation intensity. In general, the observed frequency of heavy precipitation events is higher at downstream stations Changtai, Nanjing, Pinghe, Zhangzhou, Longhai, and Xiamen (more than 3.0%) than at upstream stations Zhangping, Longyan, and Huaan (less than 2.8%). Besides, heavy precipitation events are most frequent at Nanjing and Pinghe with a frequency of about 3.9%, while maximum precipitation is about 140 mm/day at Zhangping, Longyan, and Huaan stations. Moreover, near the estuary station, higher precipitation intensity of about 220 and 240 mm/day can also be found for Longhai and Xiamen stations, respectively.
[image: Figure 3]FIGURE 3 | Frequency distributions of daily precipitation intensity (mm/day) calculated at (A) Zhangping, (B) Longyan, (C) Huaan, (D) Changtai, (E) Nanjing, (F) Pinghe, (G) Zhangzhou, (H) Longhai, and (I) Xiamen meteorological stations for the entire rainy season during 1986–2005. The red lines indicate the observation, and the blue lines are for RegCM4 simulation driven by HadGEM2-ES.
TABLE 1 | CMA observed and RegCM4 simulated heavy rainfall frequencies (%) (daily precipitation intensity ≥50 mm) in the rainy season during the reference period of 1986–2005 at Zhangping, Longyan, Huaan, Changtai, Nanjing, Pinghe, Zhangzhou, Longhai, and Xiamen meteorological stations over JRB.
[image: Table 1]Compared to observations, the RegCM4 reproduced an exponential decay in frequency quite well with increasing precipitation intensity at each station. For the heavy precipitation events, the RegCM4 captured the observed characteristics of lower frequencies at the upstream stations and higher frequencies at the downstream stations. Furthermore, the frequencies of heavy precipitation events at Changtai, Pinghe, and Xiamen are 3.2%, 3.9%, and 3.0%, which are very close to the observed ones of 2.9%, 4.1%, and 2.6%, respectively. In addition, the largest precipitation intensity in Changtai and Huaan is about 190 and 155 mm/day with the biases between simulations and observations being less than 10 mm. Overall, Figure 3 and Table 1 indicate that RegCM4 performed well in representing the observed frequency of daily precipitation intensities during the rainy season in the river basin.
The observed and simulated present-day (1985–2006) 50-year return levels of RX1day and RX5day, as well as their relative biases, are presented in Table 2. From the observations, the downstream stations (Nanjing, Pinghe, Zhangzhou, Changtai, Longhai, and Xiamen) show more intense 50-year RX1day (in the range from 201 to 304 mm) than the upstream stations (Longyan, Zhangping, and Huaan) (less than 190 mm). Meanwhile, the smallest RL50yr_RX1day of 129 mm occurs at the upstream station Zhangping, while the largest RL50yr_RX1day of 304 mm is found at Longhai in the downstream region, which is likely induced by typhoon activities. Similarly, the observed RL50yr_RX5day also exhibits a more intense value at the downstream stations than at upstream stations, with the most extreme value of 644 mm at Longhai and the smallest one of 253 mm at Zhangping.
TABLE 2 | 50-year return levels (mm) of RX1day and RX5day estimated from RegCM4 outputs driven by HadGEM2-ES and observed station data (CMA), and their relative bias at Zhangping, Longyan, Huaan, Changtai, Nanjing, Pinghe, Zhangzhou, Longhai, and Xiamen meteorological stations over JRB during the reference period of 1986–2005.
[image: Table 2]Compared to observations, the RegCM4 reasonably reproduced RL50yr_RX1day, with relative biases of less than 15% at most stations of JRB, except for Longhai and Xiamen stations. Notably, the simulated RL50yr_RX1day at Nanjing and Zhangzhou (201 and 202 mm) is nearly equal to the observations (201 and 208 mm). In addition, the model skillfully captured the more intense RL50yr_RX1day in downstream plain areas than in upstream mountainous areas. RegCM4 also simulated the maximum and minimum RL50yr_RX1day for Longhai and Zhangping, which is concordant with the observations. For RL50yr_RX5day, the biases between simulations and observations are mainly less than 16% at six out of nine stations, with less than 6% bias at Longyan, Zhangping, and Pinghe. The observed minimum RL50yr_RX5day at Zhangping can also be well simulated by RegCM4. Overall, the model exhibits good performance in reproducing the 50-year return level of RX1day and RX5day over JRB in the reference period (1986–2005).
Generally, the foregoing suggests that RegCM4 shows reasonably good performance in simulating the seasonal cycle, the frequency distribution of daily precipitation for the rainy season, and 50-year return levels of RX1day and RX5day over JRB. It is therefore rational to use the RegCM4 to project the future change in precipitation extremes over JRB, with the lateral forcing from HadGEM2-ES.
3.2 Projected Future Changes in Precipitation Extremes
In this section, the projected changes of extreme precipitation (RX1day and RX5day) relative to the present-day levels and their 50-year return values (RL50yr_RX1day and RL50yr_RX5day) for different periods in the 21st century are presented. For simplicity, the present-day period of 1986–2005, near-future period of 2021–2040, mid-future period of 2041–2060, and far-future period of 2081–2098 will be referred to as P0, P1, P2, and P3 respectively.
3.2.1 Projected Changes in Mean ETCCDI Precipitation Extremes Indices
Figure 4 presents the spatial distribution of average RX1day and RX5day over the JRB during 1986–2005 (hereafter P0), as well as the projected changes of RX1day and RX5day in different future periods relative to the present-day period. As shown in Figure 4A, the mean RX1day increases from 30 mm in the northeast basin to 80 mm in the southwest basin during P0. In the near future (P1: 2021–2040), the model projects inhomogeneous changes in RX1day in the region (Figure 4B). It is found that the southern and the northeastern extremities will experience about a 4-mm increase in mean RX1day, while the middle to the northwest will experience about a 4-mm decrease in RX1day as compared to the P0 period. The situation is not farfetched during period P2 (2021–2040) (Figure 4C); the basin will record a more significant reduction up to 12 mm in RX1day extremes in most areas, except for the north-central part area where a mild increase of less than 4 mm is found, leading to the comparable magnitude of RX1day in the northwest and south parts (Supplementary Figure S1). As shown in Figure 4D, the northern and southern parts might be exposed to more intense RX1day precipitation extremes while the central part will likely be exposed to a lesser magnitude of RX1day extremes at the end of the 21st century (P3: 2081–2098) relative to period P0.
[image: Figure 4]FIGURE 4 | Spatial distribution of present-day (P0: 1986–2005) mean (A) RX1day and (E) RX5day for the entire rainy season in JRB, and the projected changes in precipitation extremes for (B–D) RX1day and (F–H) RX5day during the near-future P1 (2021–2040), mid-future P2 (2041–2060), and far-future P3 (2081–2098) relative to the present-day. The black dots indicate statistically significant changes at 90% confidence level.
Figures 4E–H show the results for maximum consecutive 5-day precipitation (RX5day). As shown in Figure 4E, considerable spatial variations can be seen in the mean RX5day extremes, with mean values exceeding 120 mm in the southwestern part while the least values of 80 mm are seen over the fringes of the northeast. Figure 4F illustrates that the near-future period will experience a widespread reduction of 4–12 mm in RX5day relative to the present-day levels. The reduction in RX5day further deepened in the mid-future; as such, Figure 4G shows a widespread significant reduction in RX5day extreme over the river basin, with the largest decrease of 16 mm in the southwest. In the far future, the RegCM4 projects an increase by 2–6 mm in RX5day only over the southern boundary while the rest of the river basin will experience weaker intensity of RX5day extreme as compared to the present-day levels. It is important to note that this does eliminate the occurrence of RX5day extreme during this period. However, the southern boundaries may be exposed to stronger riverine floods due to the intensification of RX5day extremes in the far future.
3.2.2 Projected Changes in the 50-Year Return Value of Precipitation Extreme Indices
Figure 5 displays the spatial distribution of present-day RL50yr_RX1day and RL50yr_RX5day, as well as their projected changes during the rainy season over JRB in the future relative to the P0 period. In Figure 5A, the largest values of more than 200 mm for present-day RL50yr_RX1day can be found over the southwest and southeast coastal areas of the JRB, which is consistent with the high magnitude of RL50yr_RX1day reported by Sun and Zhang (2017). This indicates that severe RX1day events are recorded in these regions. The projected changes of RL50yr_RX1day in P1, P2, and P3 relative to P0 are listed in Figures 5B–D, respectively. Although Figure 4B suggests a slight patchy increase in RX1day, the model projects a widespread increase in RL50yr_RX1day over the river basin in P1. Notably, the increase in P1 is mostly in the range of 20–80 mm throughout the basin, with the largest increase of up to 130 mm in the center of the river basin. This suggests that rare and severe flash flood events will be widespread in P1, as Supplementary Figures S2B illustrates a higher magnitude (more than 350 mm) of RL50yr_RX1day during the period. To a large extent, the situation is not farfetched for the far future, as the model projects a general increase of 20–80 mm through P3. It is also noteworthy that the RL50yr_RX1day will decrease in the southwest and northeast with a reduction of 40–130 mm in P2, while in the mountain areas of the northwest and the southeast coastal areas, RL50yr_RX1day will increase by around 40 mm. This calls for proactive adaptive measures to forestall the devastating impact of flash floods resulting from the occurrence of rare and severe RX1day events.
[image: Figure 5]FIGURE 5 | Spatial distribution of present-day (P0: 1986–2005) 50-year return level for (A) RX1day and (E) RX5day for the entire rainy season in JRB, and the projected changes in 50-year return level for (B–D) RX1day and (F–H) RX5day during the near-future P1 (2021–2040), mid-future P2 (2041–2060), and far-future P3 (2081–2098) relative to the present-day.
Next, we show in Figure 5E the present-day RL50yr_RX5day simulations in the rainy season and Figures 5F–H the projected change in the 21st century. Figure 5E suggests that the magnitude of present-day RL50yr_RX5day extremes scales across the latitude (from south to north) from 200 to 550 mm. From Figure 5F, it is found that the projected RL50yr_RX5day will increase by 80–130 mm over the northern part of the river basin in P1. However, a substantial induction of RL50yr_RX5day, mostly in the range of 20–130 mm, is found over the southern part of the river basin. This is to some extent, consistent throughout the 21st century. The foregoing demonstrates that under RCP4.5, the intensity of rare and severe RX5day extreme events will increase in northern areas of JRB throughout the 21st century, with a higher magnitude of the 50-year return levels (more than 350 mm) projected over sub-regions (Supplementary Figures S2F–H). This further suggests that severe flash flood and riverine flood events will be more intense in the rainy season over northern JRB. The increase in the intensity of rare precipitation extremes is reportedly associated with global warming (Myhre et al., 2019; IPCC, 2021), which is also evident in the medium-range greenhouse gas emission scenario. However, the projected decrease of the rainy season RL50yr_RX5day over the southern fringes of the river basin indicates that the region is less prone to rare and severe RX5day events and associated flood disasters in the future.
3.2.3 The Sub-seasonal Difference in the Projected Changes of Precipitation Extremes
It is suggested from Figure 2 that there are two sub-rainy seasons in JRB, which are influenced by different climatic drivers. So, it is interesting to understand whether the future changes in precipitation extremes are consistent throughout the entire rainy season, or the future changes of precipitation extremes in one sub-season might dominate. To answer this question, we further present the spatial distribution of the projected change of RL50yr_RX1day in the first-half and second-half of the rainy season during the 21st century relative to the present day (Figure 6).
[image: Figure 6]FIGURE 6 | Spatial distribution of the projected changes in 50-year return levels (mm) of RX1day under the RCP4.5 for (A) the entire rainy season, (B) the first-half rainy season, and (C) the second-half rainy season during P1 (2021–2040) relative to present-day P0 (1986–2005). (D–F) and (G,H) are the same as (A–C), but for changes during P2 (2041–2060) and during P3 (2081–2098) respectively.
Comparing Figure 6A with Figure 6B, we can find that there exists a remarkable difference in the spatial pattern of RL50yr_RX1day changes between the first-half and entire rainy season during P1 (2021–2041), especially in the southern part of the river basin. However, the spatial pattern of RL50yr_RX1day changes in the second-half of the rainy season agrees quite well with that for the entire rainy season, with a pattern correlation coefficient (PCC) of 0.75 between the second-half and entire rainy season. This indicates that the changes in 50-year return level of RX1day are largely contributed by the projected changes during the second rainy season in the near-future period. Moreover, we can find that the high pattern correlation between Figure 6A and Figure 6C can be ascribed to the pattern similarity of RL50yr_RX1day changes in the southern part of the river basin. More specifically, a substantial increase in RL50yr_RX1day by 80–130 mm can be found in the southwest basin for the second-half rainy season, while a reduction of 20–130 mm in the southeast basin is witnessed. A similar change pattern of RL50yr_RX1day can also be found in Figure 6A, but with weaker amplitude.
In the mid-future period during 2041–2060, the spatial pattern of RL50yr_RX1day changes in the first rainy season, showing higher similarity with that for the entire rainy season, with a PCC of 0.64 between the first-half and entire rainy season, and this is contrary to the situation for the near-future period. From Figure 6E, we can find that the projected RL50yr_RX1day for the first rainy season in P2 increases by 40–130 mm in northwest JRB and mainly by 20–40 mm in south JRB. Meanwhile, a decrease of RL50yr_RX1day by 20–130 mm in the central north and northeast basin in P2 can also be found. However, Figure 6F shows that most parts of the river basin will experience more intense RL50yr_RX1day during the second rainy season, with the increase mostly ranging from 20 to 120 mm, especially in the mountain areas.
Figures 6G,H show the results for the far-future period during 2081–2098; we can find that the projected change in RL50yr_RX1day for the first rainy season mimics the spatial distribution of change during the entire rainy season, with a PCC as high as 0.80. The increase of RL50yr_RX1day in P3 can be found over most parts of the river basin, with larger increases in the north and south JRB, and a decrease in RL50yr_RX1day can be found only in small areas located in the central part of JRB. Although the spatial pattern of the entire rainy season RL50yr_RX1day is largely influenced by the pattern of the first rainy season, a higher magnitude of increase of 40–130 mm in RL50yr_RX1day is found over the northern areas during the second rainy season (Figure 6I). In summary, the projected change in RL50yr_RX1day indicates that the intensity of high-risk single-day precipitation extremes will generally get stronger in terms of the 50-year return level of RX1day during the sub-seasons (Supplementary Figure S3). Meanwhile, the spatial distribution of the projected change for the entire rainy season in near future is mostly influenced by the projected changes during the second rainy season, and this might indicate the influence from more typhoon activities in the near future, whereas in the mid-future and far-future periods, the spatial pattern of the projected changes in RL50yr_RX1day for the May–September season is largely similar to the projected pattern of the first rainy season.
Lastly, we compare the spatial pattern of the projected change of RL50yr_RX5day for the two sub-seasons and the entire rainy season as shown in Figure 7. The projected spatial distribution of RL50yr_RX5day changes in the second rainy season shows high similarity with that for the entire rainy season in the near future (P1), with PCC reaching 0.89, and this suggests that the RL50yr_RX5day changes in the second rainy season might contribute substantially to that for the entire rainy season (Figures 7A,C). From Figures 7A,C, a strong reduction of up to 180 mm for RL50yr_RX5day in the southeast basin can be found for the second rainy season, and it is much greater than the reduction obtained for the entire rainy season, which mostly ranges from 40 to 130 mm. However, it is also noticeable that the increase in RL50yr_RX5day during the first rainy season is widespread, with the largest increase of 80 mm in the northwest basin, which dominates the RL50yr_RX5day change pattern in the northwest basin for the entire rainy season (Figure 7B).
[image: Figure 7]FIGURE 7 | Spatial distribution of the projected changes in 50-year return levels (mm) of RX5day under the RCP4.5 for (A) the entire rainy season, (B) the first-half rainy season, and (C) the second-half rainy season during P1 (2021–2040) relative to present-day P0 (1986–2005). (D–F) and (G,H) are the same as (A–C), but for changes during P2 (2041–2060) and during P3 (2081–2098) respectively.
Figures 7D,E suggest that the spatial distribution of the projected first rainy season RL50yr_RX5day in P2 has a large influence on the result obtained for the entire rainy season, especially in the northwest basin with a large reduction of more than 130 mm. Nevertheless, a slight reduction of about 20 mm in RL50yr_RX5day for the entire rainy season can be found in the southern basin except for the southeastern fringe in P2, which is mainly attributed to the projected decrease in RL50yr_RX5day over southern JRB during the second rainy season (Figure 7F).
The spatial distribution of the projected change of RL50yr_RX5day in P3 for the entire rainy season and sub-seasons mimics the spatial pattern in P1, except for the southwest basin, but the magnitude of changes in RL50yr_RX5day in P3 is larger than that in P1 (Figures 7G–I). Furthermore, the future increase in RL50yr_RX5day over the northern part of the river basin in P3 is mainly contributed by the changes during the first-half rainy season, while the decrease of RL50yr_RX5day in the south is mostly ascribed to the future changes during the second-half rainy season. It is important to note that the dipolar structure of the projected change in RL50yr_RX5day during the first rainy season demonstrates that riverine floods will be more dominant in both the northwest and south parts of the basin in P3 (see Supplementary Figure S4H), which is also consistent with the findings by Xu et al. (2018) for the South China region.
4 DISCUSSION AND CONCLUSION
In this study, we have investigated the projected changes in precipitation extremes over the JRB under a medium-range greenhouse gas emission scenario. Firstly, we evaluated the performance of RegCM4 forced by HadGEM2-ES in simulating present-day precipitation seasonal cycle. Results indicate that RegCM4 reasonably captured the seasonal evolution of monthly mean precipitation, albeit overestimating the climatology of rainy season precipitation. Meanwhile, the RegCM4 also well captured the observed frequency distribution of precipitation intensities, and the magnitude of the 50-year return level for the maximum 1-day precipitation (RX1day) and the maximum consecutive 5-day precipitation (RX5day) as seen in observations.
This study employs RX1day and RX5day precipitation extremes, which represent intense precipitation associated with flash floods and riverine floods (Kirchmeier-Young and Zhang, 2020). The two precipitation indices are designated as precipitation extremes with a direct impact on water resources and hydrology sectors (Alexander and Herold, 2015). Overall, the RegCM4 projected a decrease in the mean RX1day extreme index in the southern part of the river basin in the future. However, results also show that the model simulated high spatial variability of intense precipitation at different periods, with general features suggesting a slight increase by 2–4 mm in RX1day over the northern part of the river basin until the end of the 21st century. This suggests that the northern parts of the river basin will probably experience higher levels of intense single-day precipitation relative to the present day with the attendant flash flood disasters. Moreover, in the near future and the far future, an intense increase in RX1day extreme is also projected over the southern boundaries of the river basin. While the model projects a general decrease by 4–12 mm in mean RX5day over the river basin, there are indications that the severity of RX5day extremes will increase by 2–8 mm over the southern boundaries at the end of the 21st century. Additionally, the projected general decrease of RX5day in most areas of JRB may induce randomness of water supply, which limits water resource allocation and scheduling.
Although there is an overall slight reduction in the projected intensity of RX1day extremes in most of the river basin, there are indications that 50-year return level values of RX1day extreme in the rainy season will increase in most areas of the JRB in the 21st century. This suggests that the intensity of high-risk single-day precipitation extremes will generally get stronger, or the rare and severe precipitation will probably increase over the river basin with high-risk flash flood events.
On the other hand, the 50-year return level of RX5day extremes will exhibit a dipole structure, with a great reduction by 40–130 mm in the southeast and a substantial increase by 80–130 mm in the northwest in the future. This suggests that more intense precipitation extremes will likely occur over the upper reaches of JRB, which might trigger rare and high-risk riverine flood disasters, while precipitation extremes in the southern part of the river basin will become less intense, perhaps due to spatial variation of moisture convergence (Wu et al., 2020). This could also be ascribed to the future changes in landing typhoon activities in the coastal areas. Nonetheless, the projected increase in RX1day, RL50yr_RX1day, and RL50yr_RX5day, especially in the mountain areas, portends an increase in the intensity of rare precipitation extremes in the river basin, which has been reportedly associated with global warming (Myhre et al., 2019; IPCC, 2021). This will perhaps invigorate episodes of severe flash floods, mudslides, and landslides in most areas, with disastrous impacts on the society, economy, and ecological environment. It is therefore important to design adaptive measures to forestall the devastating impacts of these events.
Furthermore, it is important to note that there exists a substantial sub-seasonal difference in the projected pattern of the 50-year return extreme levels within the entire rainy season, which also varies with the projected future period. For instance, the spatial pattern of RL50yr_RX1day change in the first rainy season mimics that for the entire rainy season in the far-future period. However, the high magnitude of the return level projected over the northwest part of the river basin in the second rainy indicates a possible high-risk flash flood. For the projected increases of RL50yr_RX5day in the entire rainy season over the northern river basin, it is mainly connected to the changes during the first rainy season, while the projected decrease in the entire rainy season RL50yr_RX5day in the southern part of the basin is mostly linked to the changes during the second rainy season.
Moreover, future hydrologic design has largely relied on the projected return level of precipitation extremes (Milly et al., 2008; Rosenberg et al., 2010). The projected increase in the return levels of precipitation extremes over the northern part of the river basin suggests that the standard of water infrastructure designed, like reservoirs or dams, based on the historical climate conditions may not contain future disastrous precipitation events. Therefore, additional costs may be required to improve the capacity of water resource infrastructure and flood control measures to deal with the projected future changes, even under the medium-range emission scenario.
It is noted that the lateral conditions based on the GCM output have a significant impact on the accuracy of the dynamic downscaling (Diaconescu et al., 2007; Ludwig et al., 2017; Kim et al., 2020). In this study, the CMIP5 GCM simulations are used to get the initial and time-evolving lateral boundary conditions for RegCM4, it is expected that the latest model output of state-of-the-art CMIP6 GCMs (Eyring et al., 2016) will be applied to drive the RegCM4 for future climate change projection in river basins. In addition, the multi-model ensemble can be adopted based on the improved CMIP6 GCMs; it may bring a more reliable conclusion for the projected future changes of precipitation extremes over the JRB. Furthermore, we present the future changes of precipitation extremes in the JRB, without analyzing the mechanism associated with these projected changes, including the spatially inhomogeneous changes within the river basin. Therefore, further analysis is needed to identify the impact of changes in both monsoon circulations and landing typhoon activities. Despite these limitations, the results of this study show the need to create sufficient adaptation and mitigation strategies to manage the impact of the projected intensification of rare and high-risk precipitation extremes in the river basin.
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The connections between the Madden–Julian Oscillation (MJO) and the Arctic Oscillation (AO) are examined in both observations and model forecasts. In the observations, the time-lag composites are carried out for AO indices and anomalies of 1,000-hPa geopotential height after an active or inactive initial MJO. The results show that when the AO is in its positive (negative) phase at the initial time, the AO activity is generally enhanced (weakened) after an active MJO. Reforecast data of the 11 operational global circulation models from the Sub-seasonal to Seasonal (S2S) Prediction Project are further used to examine the relationship between MJO activity and AO prediction. When the AO is in its positive phase on the initial day of the S2S prediction, an initial active MJO can generally improve the AO prediction skill in most of the models. This is consistent with results found in the observations that a leading MJO can enhance the AO activity. However, when the AO is in its negative phase, the relationship between the MJO and AO prediction is not consistent among the 11 models. Only a few S2S models provide results that agree with the observations. Furthermore, the S2S prediction skill of the AO is examined in different MJO phases. There is a significantly positive relationship between the MJO-related AO activity and the AO prediction skill. When the AO activity is strong (weak) in an MJO phase, including the inactive MJO, the models tend to have a high (low) AO prediction skill. For example, no matter what phase the initial AO is in, the AO prediction skill is generally high in MJO phase 7, in which the AO activity is generally strong. Thus, the MJO is an important predictability source for the AO forecast in the S2S models.
Keywords: sub-seasonal to seasonal (S2S), Madden–Julian oscillation (MJO), Arctic oscillation (AO), prediction, initial time
INTRODUCTION
The Madden–Julian Oscillation (MJO; Madden and Julian, 1971; Madden and Julian, 1972) is taken as a predictability source for the sub-seasonal to seasonal (S2S; 10–90 days) climate forecast (Ferranti et al., 1990; Jones et al., 2004; Reichler and Roads, 2005; Zhang et al., 2013; Jones and Dudhia, 2017; Specq and Batté, 2020). It can impact global weather and climate (Zhou and Miller, 2005; Lin and Brunet, 2009; Zhou et al., 2011; Alvarez et al., 2016; Zhou et al., 2016), in which the MJO can significantly affect the Arctic Oscillation (AO; Zhou and Miller, 2005; L’Heureux and Higgins, 2008; Cassou, 2008). In addition, the connection between the MJO and the AO plays an important role in adjusting the Northern Hemisphere climate on sub-seasonal timescales (Flatau and Kim, 2013; Song and Wu, 2019a; Song and Wu, 2019b). However, in numerical models, whether the MJO can provide predictability for the S2S forecast of the AO is still not well explored.
The MJO, which is a large-scale ocean–atmosphere-coupled system accompanied by strong deep convection and the wind anomaly traveling eastwardly in the tropics (Yoneyama et al., 2013), can modulate the climate in the Northern Hemisphere (Madden and Julian, 1994; Zhang, 2005). Initiating over the Indian Ocean, the MJO affects active and break of the Indian summer monsoon spell (Singh and Bhatla, 2019; Yang and Huang, 2021). When the MJO travels eastwardly to the Maritime Continent, the local precipitation is dominated by MJO convection (Vincent and Lane, 2018). In the tropics of the western Hemisphere, the wind anomaly caused by the MJO can induce the rainfall anomaly in the Amazon Basin (Mayta et al., 2020). In West Africa, an active MJO event enhances the heavy daily rainfall (Sossa et al., 2017). Outside of the tropics, the Rossby wave stirred by the MJO propagates northwardly (Matthews et al., 2004; Moon et al., 2011) and affects the climate from Central Asia to North America (Lin and Brunet, 2009; Zhou et al., 2011; Zhou et al., 2016; Wu and Takahashi, 2018; Wei et al., 2020). Moreover, the MJO can also influence the predictability of the air temperature in the mid-latitudes on sub-seasonal timescales in S2S models (Zhou et al., 2019). In the high latitudes, the anomaly of the surface air temperature over the Arctic region is significantly associated with the MJO (Yoo et al., 2012). The atmospheric circulation around the North Pole (e.g., AO) is also adjusted by the MJO (Zhou and Miller, 2005). Strength and tendency of the AO significantly respond to MJO phases (L'Heureux and Higgins, 2008; Flatau and Kim, 2013), which generally describe locations of MJO convective centers (Wheeler and Hendon, 2004). The connection between the MJO and the AO can be generally attributed to the northward and upward propagations of the wave fluxes in the troposphere and stratosphere (Garfinkel and Schwartz, 2017; Schwartz and Garfinkel, 2017).
The AO is another important atmospheric system impacting the weather and climate in the Northern Hemisphere. It was firstly proposed through performing the empirical orthogonal function (EOF) analysis on sea-level pressure in order to find the reflection of the polar vortex on the lower troposphere (Thompson and Wallace, 1998). Since then, many pieces of evidence have proven that the AO is the leading annular mode in the atmosphere over the Northern Hemisphere (Thompson and Wallace, 1998; Wallace and Thompson, 2002). Strength and phase of this annular mode strongly impact the weather and climate regimes in the Northern Hemisphere (He et al., 2017). During the positive (negative) phase of the AO, East Asia usually experiences a weak (strong) winter monsoon (Gong et al., 2001). Furthermore, the cold surges over Eurasia in winter are stronger during the negative phase of the AO than during the positive phase (Jeong and Ho, 2005; Park et al., 2011). Heavy fog tends to occur more frequently in northern China during the positive phase of the AO than during the negative phase (Liu et al., 2020). Besides the AO phase, the drought in China is found to be closely associated with AO strength (Gong and Ho, 2003; Yang et al., 2012). For the numerical S2S forecast, the AO is also taken as a predictability source for the 500-hPa geopotential height in the Northern Hemisphere (Minami and Takaya, 2020).
Recently, the S2S forecast in the polar region became a focus of many studies. The S2S Prediction Project (http://www.s2sprediction.net), including forecasts of 11 operational global circulation models, provides both opportunity and database for understanding this issue. For example, Garfinkel et al. (2020) tried to find impacts of Eurasian snow cover on the AO prediction in the S2S operational models. Lin et al. (2020) pointed out that S2S prediction skill of the air temperature over the Northern Hemisphere is lower in the polar region than in the other regions. Besides, in the polar region, the S2S forecast of the temperature initialized with the negative AO phase tends to have better prediction skill than the forecasts initialized with the positive AO phase. Furthermore, the linkage between the MJO and polar atmospheric circulation is regarded as an important aspect to evaluate the performance of the S2S models. For example, Vitart (2017) pointed out that predictability of the North Atlantic Oscillation is MJO phase-dependent in the S2S operational models. Therefore, it is worthwhile to explore the relationship between the MJO and AO predictability for the operational models in the S2S Prediction Project.
This paper is organized as follows. The Data and Methods section presents data and methods. The impacts of the MJO on AO prediction are provided in the Impacts of Madden–Julian Oscillation Activity on Arctic Oscillation Prediction section. The Arctic Oscillation Prediction Varying in Madden–Julian Oscillation Phases section further presents S2S prediction skill associated with MJO phases. Lastly, the Summary and Discussion section is the summary.
DATA AND METHODS
Madden–Julian Oscillation and Arctic Oscillation Indices
The Australian Bureau of Meteorology (BoM) provides the daily bivariate MJO index during 1999–2010 at the website of http://www.bom.gov.au/climate/mjo/. This index was proposed by Wheeler and Hendon (2004) and includes RMM1 and RMM2, which are principal components of the first two EOFs of outgoing longwave radiation (OLR) and 850- and 200-hPa zonal winds. Before conducting the EOF, the seasonal cycle and inter-annual variability have been removed from the OLR and winds. The MJO amplitude and phase can be illustrated through using RMM1 and RMM2 and are [image: image] and [image: image], respectively. An active (inactive or without) MJO is recognized when A ≥ 1 (A < 1). Using the θ, the MJO is usually divided into eight phases that can represent locations of the MJO active centers in the tropics (Wheeler and Hendon, 2004). In phases 1 and 2, convection of MJO is at the western Hemisphere and Africa; in phases 3 and 4, the convection is at the Indian Ocean; in phases 4 and 5, the convection is at Maritime Continent; and in phases 7 and 8, the convection moves to the Western Pacific. In the present study, we define the inactive MJO as phase 0.
The daily AO index during 1999–2010 is downloaded from the ftp of the United States National Weather Service Climate Prediction Center (CPC) at ftp://ftp.cpc.ncep.noaa.gov/cwlinks/. This index is produced through projecting daily anomalies of 1,000-hPa geopotential height (GH) onto the loading pattern of the AO. The loading pattern is the first EOF of anomalies of the monthly GH at 1,000 hPa to the north of 20°N during 1979–2000. The downloaded AO index and its loading pattern were produced using the United States National Centers for Environmental Prediction Reanalysis I (NCEP RI). However, for model results, the monthly data of NCEP-the United States Department of Energy Reanalysis II (NCEP RII) are used to calculate the loading pattern of the AO. This is because more types of observations are assimilated into the NCEP RII data than the NCEP RI (Kalnay et al., 1996; Kanamitsu et al., 2002). The NCEP RII was obtained from the website at https://psl.noaa.gov/. This reanalysis has the horizontal resolution of 2.5° × 2.5°, and its monthly 1,000-hPa GH during 1979–2000 is used for computing the AO loading pattern to obtain the AO indices for model outputs. So far, the differences of results between usage of NCEP RI and NCEP RII are negligible in the present study (figures not shown). Before calculating AO prediction skill of model forecasts, the seasonal cycle has been removed from the observed AO index, but AO phases are identified based on the original one.
Sub-Seasonal to Seasonal Reforecast
The reforecast data during 1999–2010 are provided by 11 operational centers joining the S2S Prediction Project Phase I (Table 1; http://www.s2sprediction.net). These centers are the BoM, the China Meteorological Administration (CMA), the Environment and Climate Change Canada (ECCC), the European Centre for Medium-Range Weather Forecasts (ECMWF), the Hydrometeorological Centre of Russia (HMCR), the Italy Institute of Atmospheric Sciences and Climate of the National Research Council (ISAC-CNR), the Japan Meteorological Agency (JMA), the Korea Meteorological Administration (KMA), the Météo-France/Centre National de Recherche Meteorologiques (Meteo-France), the NCEP, and the United Kingdom Met Office (UKMO).
TABLE 1 | Horizontal resolution (Hori. Res.), forecast time (Fc. Time), reforecast frequency (Rfc. Freq.), and ensemble size (Ens. Size) of the 11 sub-seasonal to seasonal (S2S) models (http://www.s2sprediction.net).
[image: Table 1]The S2S models were running with various horizontal resolutions (Hori. Res.) and had produced reforecast data with different forecast times (Fc. Time), reforecast frequencies (Rfc. Freq.), and ensemble sizes (Ens. Size). In Table 1, the horizontal resolutions of the models vary from the finest one of 0.25° × 0.25° to the coarsest one of 2° × 2°. Before being released by the project, the model results were resized into the same horizontal resolution of 1.5° × 1.5°, except that the BoM provided the data with horizontal resolution of 2.5° × 2.5°. The forecast time of the 11 models ranges from 31 to 62 days (Table 1). The reforecast of the first 26 days, including the initial day, is used for the analysis in this study. The reforecast frequencies vary from daily to twice a month (Table 1), and we use all the reforecast during 1999–2010 because this is the common period of the model results. In Table 1, the ensemble members are from 3 to 33. In the present study, we mainly focus on the impacts of the MJO on the S2S forecast, and thus the effects of ensemble members on AO forecast are not analyzed, which may need further research to explore.
The 1,000-hPa GH of the S2S model reforecasts was used to produce the AO index of prediction. The GH of all the 11 models was firstly interpolated into the horizontal resolution of 2.5° × 2.5°, which is the same as resolution of the NCEP reanalysis. Secondly, the model climatology during 1999–2010 was removed from the GH. At last, the GH anomalies were projected onto the observed loading pattern of AO to obtain the AO index of the S2S reforecast. It is noted that the loading pattern is obtained from the observations. The climatology of seasonal cycle during the reforecast period of each model is removed before calculating the AO prediction skill. The seasonal cycle is calculated for every forecast time of each model; for example, the climatology at forecast day 1 initiated on a date is computed using data on forecast day 1 that is initiated on the same date of each year during 1999–2010, and so on. For each model, the ensemble mean of the AO indices of all the members in each model is used to analyze the relationship between the MJO and the AO prediction. In this study, the prediction during the extended boreal winter (November to March) is mainly explored because the MJO and the AO have strong activities during boreal winter.
Significant Test
The significant test for the differences (Diff) of AO amplitude and prediction skill between the active and inactive MJO is carried out based on the Monte Carlo technique (Ebisuzaki,1997; Zhou et al., 2011; Zhou et al., 2016; Zhou et al., 2019). 1) We randomly shuffle the time sequence of MJO amplitude during the extended winter. This can randomly change the matches between time and MJO amplitude, and then an artificial time series of MJO amplitude is obtained. 2) The time with the active or inactive MJO is picked out according to the new shuffled sequence. 3) After that, the mean difference of a variable between the active and inactive MJO is calculated and defined as Diff_shuff. 4) The steps 1–3 are repeated 1,000 times to obtain the probability distribution of Diff_shuff. 5) At last, probability (p-value) of Diff_shuff ≥ Diff > 0 or Diff_shuff ≤ Diff < 0 can be obtained. If the p-value is less than or equal to 0.05 (0.1), it means that Diff_shuff ≥ Diff > 0 or Diff_shuff ≤ Diff < 0 is a small probability event, which means that the Diff value is not obtained by chance. Thus, the value of Diff is significant at the 5% or 10% level. On the contrary, if p > 0.05 (>0.1), the Diff is not significant.
IMPACTS OF MADDEN–JULIAN OSCILLATION ACTIVITY ON ARCTIC OSCILLATION PREDICTION
Observed Relationship Between Madden–Julian Oscillation and Arctic Oscillation Activities
We first check the observed relationship between MJO and AO activities. Figure 1 shows the time-lag composite of AO amplitude leading by the MJO activity. The AO amplitude can represent strength of the AO activity in its positive or negative phase, which exhibits the annular circulation mode in the low-level troposphere over the Northern Hemisphere. Therefore, the composites of the effects of the MJO on AO amplitudes are further separated into circumstances of positive (Figure 1A) and negative (Figure 1B) AO phases. It is noted that the AO phase is identified according to the original AO index on the initial day (day 0), but the composites are conducted using the AO index with the seasonal cycle being removed.
[image: Figure 1]FIGURE 1 | Time-lag composites of Arctic Oscillation (AO) amplitudes when the active (orange) or inactive (blue) Madden–Julian Oscillation (MJO) event leads the AO. The x-axis represents leading days, and y-axis is AO amplitude. The legend is shown in panel A. Panels A and B are for AO amplitude when the AO phases on leading day 0 are positive and negative, respectively. The bars filled with color (hatch) are significant at 5% (10%) level in terms of the differences between the AO amplitudes with and without the MJO on day 0. The significant test is based on the Monte Carlo method introduced in the Significant Test section.
When the AO is in its positive phase on the initial day, the time-lag composite of the AO amplitude with and without a leading initial MJO event is shown in Figure 1A. The x-axis shows the leading time of MJO activity to AO activity. When the leading days are 0 and 1, the AO activity is weaker with a leading MJO than an inactive MJO but only significant at the 10% level on day 0. On days 4–6, the AO activity with a leading MJO is stronger than an inactive MJO, and the differences are significant at the 5% (10%) level on day 5 (days 4 and 6). During days 14–25, the AO activity is significantly stronger with a leading MJO than an inactive MJO at the 5% level, except that the differences on days 19, 20, and 25 are significant at the 10% level. Those results indicate that in the positive phase of the AO, its activity tends to be enhanced after an MJO event happening for 4–6 and 14–25 days.
When the AO is in its negative phase on the initial day (Figure 1B), the AO activity during days 0–7 (on day 8) is significantly weaker with a leading MJO than an inactive MJO at the 5% (10%) level. After day 11, the AO activity with a leading MJO is significantly stronger than an inactive MJO at the 5% level, except that the difference on day 11 is significant at the 10% level. Thus, in the negative AO phase, the AO tends to have weak activity with an active MJO leading for 0–8 days but strong activity after the MJO event happening for 11 days.
As a supplement for the AO index, anomalies of 1,000-hPa GH are composed to further check the connections between MJO activity and the AO pattern on sub-seasonal timescales (Figures 2, 3). Before conducting the composite, the 1,000-hPa GH during 1999–2010 is firstly band-pass filtered with a cutoff of 10–90 days using the three-order Butterworth filter. After that, the GH anomalies during November–March are picked out for the composite, which is based on the MJO activity (A value).
[image: Figure 2]FIGURE 2 | Composite of 1,000-hPa geopotential height (GH; contour) anomalies that are band-pass filtered with a cutoff of 10–90 days. The composite is carried out in terms of active Madden–Julian Oscillation (MJO) events (A ≥ 1). Panels (A–D) present the composites that the MJO leads GH for 0, 5, 10, and 15 days, respectively. Negative (positive) values are presented with dash (solid) lines. Shading areas are significant at the 5% level based on the Student’s t-test.
[image: Figure 3]FIGURE 3 | Same as Figure 2 but for the composites of inactive Madden–Julian Oscillation (MJO) events (A < 1). Panels (A–D) present the composites that the MJO leads GH for 0, 5, 10, and 15 days, respectively.
Figure 2 shows the composite of GH anomalies leading by an active MJO (A ≥ 1) for 0, 5, 10, and 15 days. On day 0 (Figure 2A), the GH anomalies and active MJO happen contemporarily. There are negative anomalies over northern Eurasia but not significant, except that the anomalies around 120°E are significant at the 5% level based on the Student’s t-test. Besides, the negative anomalies over southeastern America and part of the Atlantic are also significant. For positive anomalies, they are significant over northern Europe and the northern Pacific. When the MJO leads the composite for 5 and 10 days (Figures 2B, C), the patterns of GH anomalies are generally the same as that in Figure 2A. Moreover, the strength of the anomalies is increased, especially for the center of significantly negative GH anomalies over northern Eurasia. The distribution of the GH anomalies lagging the MJO for 15 days Figure 2D is quite similar to those in Figures 2A–C, but the strength of the anomalies decreases. The pattern presented in Figure 2 is quite similar (opposite) to the AO pattern in its positive (negative) phase. This indicates that when there is a leading active MJO, the positive (negative) AO pattern tends to be enhanced (weakened).
When the MJO is inactive (A < 1), time-lag composite of GH anomalies is shown in Figure 3. On day 0, the GH anomalies are significantly positive along northern Eurasia, and the significantly negative anomalies are found over Europe and the northern Pacific. Moreover, there are also significantly negative (positive) anomalies along the 30°N over Eurasia (over southeastern America and part of the Atlantic). On days 5, 10, and 15, the very similar pattern as that in Figure 3A is found in Figures 3B–D, respectively, but the strength of the GH anomalies decreases. The distribution of the significant anomalies in Figure 3 over northern Eurasia, Europe, and northern Pacific is reminiscent of the pattern of the AO in its negative phase. Thus, when the MJO is inactive, the negative (positive) AO pattern tends to be enhanced (weakened).
Overall, the results shown in Figures 2 and 3 are generally consistent with those presented in Figure 1. When the AO is in its positive phase with (without) an active MJO, the strength of the AO during the following 15 days can be generally enhanced (weakened). On the contrary, when the AO is in its negative phase with (without) an active MJO, the strength of the AO during the following 15 days is generally weakened (enhanced).
Influence of the Madden–Julian Oscillation on Arctic Oscillation Prediction
As there is a relationship between the AO and the MJO in the observations, it is interesting to explore whether this relationship can be reflected by the S2S models in their AO prediction. Figures 4 and 5 provide the skill of the 11 S2S model predictions of the AO in its positive and negative phases, respectively. In each figure, the prediction skill is separated into the circumstances that forecast is initiated with or without an active MJO (decided by A ≥ 1 or A < 1). The prediction skill is the correlation between AO indices of model forecasts and the observations. When the correlation skill is greater than or equal to 0.5, the forecast is taken as useful prediction. The significance of the differences between the prediction skill with and without the MJO is also presented based on the Monte Carlo concept introduced in Significant Test.
[image: Figure 4]FIGURE 4 | Arctic Oscillation (AO) prediction skill of the 11 sub-seasonal to seasonal (S2S) models during the first 25 forecast days when the Arctic Oscillation (AO) is in the positive phase on the initial day. The prediction skill is the correlation between the predicted and observed AO with the seasonal cycle being removed. In each panel, the red (blue) line indicates prediction initialed with (without) an active Madden–Julian Oscillation (MJO), and the legend is presented in panel B. The gray dash line presents the prediction skill of 0.5, above (below) which the skill is (not) useful. The significance of the differences between the prediction skill with and without the MJO (red and blue lines) is presented using shading areas. The green (yellow) shading indicates that the significance is at the 5% (10%) level according to the method introduced in the Significant Test section. Panel (A-K) are for models of Meteo-France, HMCR, ISAC-CNR, ECMWF, CMA, NCEP, ECCC, KMA, UKMO, JMA, and BoM, respectively.
[image: Figure 5]FIGURE 5 | Same as Figure 4 but for the Arctic Oscillation (AO) prediction initialed with the negative AO phase, and the legend is shown in panel A. Panel (A-K) are for models of Meteo-France, HMCR, ISAC-CNR, ECMWF, CMA, NCEP, ECCC, KMA, UKMO, JMA, and BoM, respectively.
Figure 4 shows the skill of AO prediction initiated in the AO positive phase. Among the 11 S2S models, the AO prediction skill is generally useful (≥0.5) in the first 15 forecast days, which are much smaller than those of the prediction of the MJO in the tropics (Vitart,2017) and the temperature prediction in mid-latitudes (Zhou et al., 2019). The models of ECMWF (Figure 4D), UKMO (Figure 4I), and JMA (Figure 4J) can still provide the useful AO prediction around 15 forecast days, which is the largest among the 11 models. In most of the 11 models, the prediction skill with an initial MJO is generally larger than that without an initial MJO during the first 25 forecast days. In Meteo-France (Figure 4A), the prediction skill initiated with the MJO is significantly greater than that of the inactive MJO at the 10% (5%) level during 10–14 days and on day 17. In HMCR (Figure 4B), ISAC-CNR (Figure 4C), and BoM (Figure 4K), prediction initiated with the MJO is only significantly greater than those without the MJO during the first several forecast days (≤5 days). In ECMWF (Figure 4D), the prediction is significantly improved during forecast days 1–19 at the 5% level when the forecast is initiated with the MJO. In CMA (Figure 4E), prediction initiated with the MJO is significantly better than that without the MJO at the 5% level during forecast days 3–11 (at the 10% level on day 2). In NCEP (Figure 4F), ECCC (Figure 4G), KMA (Figure 4H), and UKMO (Figure 4I), predictions are generally significantly improved on the first several forecast days and during days 15–20. In JMA, prediction skill with the MJO is only significantly greater than that without the MJO at the 10% level during days 14–16. Moreover, it is also found that prediction skill without the MJO is significantly greater than that with the MJO around day 25 in NCEP and day 21 in ECCC. It is interesting to find that when the AO is in its positive phase with an active MJO event on the initial day in the model, the AO prediction skill in most of the S2S models can be significantly improved, especially in the ECMWF and CMA models. In the observations (Figures 1, 2), it is also found that the AO activity can be enhanced in its positive phase when there is a leading MJO.
For the predictions initiated in the negative AO phase (Figure 5), the effects of a leading MJO on the prediction are not as strong as those in the positive AO phase. In Meteo-France (Figure 5A) and UKMO (Figure 5I), no significant difference is found between the prediction skill with and without the MJO. The prediction skill with the MJO is significantly greater than that without the MJO during forecast days 4–7 in HMCR (Figure 5B), on days 21 and 22 in ISAC-CNR (Figure 5C), on day 14 in ECMWF (Figure 5D), on days 24 and 25 in NCEP (Figure 5F), on day 7 in KMA (Figure 5H), and during days 22–25 in BoM (Figure 5K). The significance is all at the 10% level, except that the significance in HMCR and BOM is at the 5% level during days 4–6 and during days 22–25, respectively. The positive differences between the skill with and without an initial MJO before day 11 are in the opposite of the observations (Figures 1B, 3). The differences between the prediction skill with and without the MJO are significantly negative on forecast day 21 in ECMWF (Figure 5D), on day 8 in CMA (Figure 5E), on day 15 in NCEP (Figure 5F), during days 19–22 in JMA (Figure 5J), and during days 6–8 in BoM (Figure 5K). The significance is generally at the 10% level, except that the differences are significantly at the 5% level on days 6 and 7 in BoM. The results before forecast day 11 in BoM are generally consistent with the observations that the MJO can weaken AO activity when the forecast is initiated in negative AO phase. In ECCC (Figure 5G), the differences of the prediction skill are significantly positive (negative) on days 5 and 14–17 (days 8–9 and 21–22) at the 10% level, except that it is significant at the 5% level on days 7 and 15. So far, when the prediction is initiated in the negative AO phase, less consistence of the effects of the MJO on the AO prediction skill is found among the 11 models. This may be due to the weather and climate in the negative AO phase that are more complicated than those in the positive phase (Gong et al., 2001; Jeong and Ho, 2005; Park et al., 2011).
In general, the MJO can be a significant predictability source for the AO S2S prediction. Moreover, in most of the S2S models, the connections between the MJO activity and AO prediction in the positive AO phase are stronger than those in the negative phase. Thus, improvement of the connections between the MJO and the AO in the negative AO phase could be a challenge for the S2S models.
ARCTIC OSCILLATION PREDICTION VARYING IN MADDEN–JULIAN OSCILLATION PHASES
Correlations Between Madden–Julian Oscillation-Related Arctic Oscillation Activity and Arctic Oscillation Prediction
To further check the relationship between MJO activity and AO prediction skill, the correlations between the MJO-related AO activity in the observations and the AO S2S prediction skill in the models are presented in Table 2. To obtain Table 2, the time-lag AO activities in the observations are the same as those shown in Figure 1 but are separated into circumstances of eight active MJO phases and one inactive MJO phase (phase 0). Furthermore, the AO prediction skill is also divided into the nine phases according to the MJO activity on the initial day. Besides the nine MJO phases, the correlations are conducted during the first 15 lag (forecast) days in the observations (models), and thus the sample size for the correlation in Table 2 is 15 × 9 = 135. The first 15 days are chosen because most of the models have useful prediction skill less than 15 forecast days. As the prediction skill decreases during the first 15 forecast days, and there is a decrease trend. The mean of the prediction in the nine MJO phases is removed on each forecast day before calculating the correlation.
TABLE 2 | Correlations between the observed time-lag AO activities after the occurrence of the MJO event for 15 days and the AO S2S prediction skill during the first 15 forecast days in the 11 S2S models. On each forecast day, the AO activity and prediction skill are further separated into eight MJO phases and no MJO (phase 0) according to the MJO activity on the initial day. Therefore, the sample size for each correlation is 15 (days) × 9 (phases) = 135. Moreover, correlations are also separated into circumstances of the AO positive (Pos.) and negative (Neg.) phases on the initial day. As the prediction skill decreases during the first 15 forecast days, the mean of the prediction skill during the nine MJO phases on each forecast day is removed before conducting the correlation. Thus, the decreasing trend is removed in the prediction skill. The correlation coefficients in bold are significant at the 5% level based on the Student’s t-test.
[image: Table 2]In Table 2, most of the models show the significant correlations between the MJO-related AO activities and the AO S2S prediction. No matter what the AO phase the initial day is in, a significantly positive relationship is found between the MJO-related AO activity and the AO prediction, except for the correlations in Meteo-France, in the positive phase in JMA, and in the negative phase in ISAC-CNR. The correlations are significantly positive at the 5% level. They are above 0.5 in NCEP, around 0.4 in ECCC, ECMWF, and HMCR, and about 0.3 in BoM and CMA. In the KMA and UKMO models, the correlations are 0.22 and 0.27 in the AO positive phase, respectively, which are much smaller than those in the AO negative phase (0.34 and 0.4, respectively). The significant correlations in ISAC-CNR and JMA are generally around 0.2. The maximum correlation 0.63 is in the negative AO phase in NCEP. The significantly positive relationship indicates that when the MJO-related AO activity is strong in the observations, there tends to be a high prediction skill in most of the S2S models. This finding further confirms that the MJO can significantly impact the AO prediction skill in the S2S models.
Observed Arctic Oscillation Activity in Each Madden–Julian Oscillation Phase
Figure 6 presents time-lag composites of the AO activity in the nine MJO phases, including the inactive MJO (phase 0), when the MJO leads the AO for 5, 10, and 15 days. The composites are also divided into circumstances of the AO positive and negative phases on the initial day. Figure 6 is very similar to Figure 1 but separates the AO activities into nine MJO phases. The AO activities in the eight MJO phases are presented by bars with different colors, and AO activities without an initial MJO are shown by the circle with black solid line in Figure 6. The eight MJO phases can represent the locations of MJO convection centers in the tropics. When the MJO is in phases 1–8, MJO convection travels from Africa, across the Indian Ocean and the Pacific, to the western Hemisphere.
[image: Figure 6]FIGURE 6 | Time-lag composites of Arctic Oscillation (AO) amplitudes (bars) in eight phases of the Madden–Julian Oscillation (MJO) leading the AO activity for 5 (left panels A and D), 10 (middle panels B and E), and 15 (right panels C and F) days. The composite of the AO amplitude without the leading MJO is shown by the circle of black solid line in each panel, and the gray dash lines are reference lines for the strength of AO amplitude. The grid space of gray dash lines in the top (bottom) panels is 0.2 (0.25). The blue dash lines separate the eight MJO phases, and the composites of AO amplitude in MJO 1–8 phases also present different colors.
Figures 6A–C present the AO activities when the AO is in its positive phase on the initial day. The composites of AO activities that lagged 5 days are shown in Figure 6A. In MJO phases 2, 5, and 6, the AO activities are smaller than those in MJO phases 1, 3, and 8 and close to those in phase 0. In MJO phases 4 and 7, the AO activities are the strongest amongst all the MJO phases. In Figure 6B, the AO activities lag 10 days to the MJO activity on the initial day. The AO activity is the strongest in phase 7. In phases 3 and 5, the AO activities are the same as those without the MJO. The AO activities in phases 1, 2, 4, 6, and 8 are smaller than those without an MJO. When the AO activities lag 15 days, they are stronger (smaller) in phases 3–7 (1, 2, and 8) than those without an MJO. Figures 6D–F provide the AO activities when the AO is in its negative phase on the initial day. In Figure 6D, the AO activities are stronger (weaker) in phases 7 and 8 (phases 1–6) than those in phase 0. In Figure 6E, the AO activities are stronger (weaker) in phases 1 and 6–8 (phases 2–5) than those without an MJO. When the AO activities lag 15 days (Figure 6F), they are stronger (weaker) during phases 5–8 (2 and 3) than those in the rest of the phases. The activities in phases 0, 1, and 4 are generally the same. Overall, as the initial day is in the MJO phase 7 (phase 2), the AO activity with the positive phase at the initial time is strong (weak). When the AO is in its negative phase on the initial day, the AO activities are strong (weak) in phases 7 and 8 (phases 2 and 3).
Arctic Oscillation Prediction in Each Madden–Julian Oscillation Phase
In order to check the performance of S2S models on AO prediction associated with different MJO phases, Figures 7, 8 show the prediction skill of the AO with the MJO in different phases on the initial day. For the conciseness of this paper, we only present the results of ECMWF, CMA, and NCEP on the forecast days of 5, 10, and 15. The ECMWF model has the longest leading days with useful prediction skill among all the models. The prediction in CMA model is less skillful than most of the models. The NCEP model has the highest correlation between the observed AO activity and the AO prediction (Table 2).
[image: Figure 7]FIGURE 7 | Similar to Figure 6 but for the prediction skill with Madden–Julian Oscillation (MJO) in different phases on the forecast days of 5 (left panels A, D, and G), 10 (middle panels B, E, and H), and 15 (right panels C, F, and I) for European Centre for Medium-Range Weather Forecasts (ECMWF; top panels), China Meteorological Administration (CMA; middle panels), and United States National Centers for Environmental Prediction (NCEP; bottom panels) models as the initial day is in the positive Arctic Oscillation (AO) phase. The prediction skill in the eight MJO phases (phase 0) is present by bars with different colors (the circle with black solid line).
[image: Figure 8]FIGURE 8 | Same as Figure 7 but for the initial day in the negative Arctic Oscillation (AO) phase. Left (A, D, and G), middle (B, E, and H), and right (C, F, and I) panels are for the forecast days of 5, 10, and 15 days, respectively.
When the prediction is initiated with the positive AO phase, the prediction skill is presented in Figure 7. In ECMWF, the prediction skill on forecast day 5 is larger in phases 1, 4, 5, 7, and 8 than that in phases 0, 2, and 3 (Figure 7A). The skill in phase 6 is the smallest among all the phases. On day 10 (Figure 7B), the skill is large (small) in phases 2, 3, and 5–7 (phase 4), which is bigger (smaller) than that in phases 0 and 1. On day 15 (Figure 7C), the skill in phases 1–8 is larger than that without the MJO, except that in phase 2. In CMA, the prediction skill on day 5 is larger in phases 1–8 than that in phase 0 (Figure 7D). The skill in phases 1, 7, and 8 (phase 3) is larger (smaller) than that in the rest of the phases. On day 10 (Figure 7E), the prediction skill is larger in phases 2, 3, and 6–8 than that in the rest of the phases, among which the skill in phase 4 is the smallest. On day 15 (Figure 7F), the skill is smaller in phases 1–8 than that without an initial MJO, except that in phases 1 and 3. In Figure 7G on forecast day 5, the prediction skill in NCEP is found large (small) in phases 2, 4, 5, 7, and 8 (phases 1, 3, and 6) and is greater (smaller) than the skill in phase 0. On day 10 (Figure 7H), the skill is bigger in phases 3, 6, and 7 than that in phase 0 but smaller in phases 1, 2, and 5. The skill in phases 4 and 8 is close to that in phase 0. On day 15 (Figure 7I), the skill is large in phases 3 and 5–7, close to the skill without an initial MJO in phases 1 and 4, and small in phases 2 and 8. Generally, the prediction skill is larger in phases 3 and 7 than that without an initial MJO in the three models, except the skill in phase 7 on forecast day 15 of CMA and in phase 3 on forecast day 5 of NCEP. Moreover, the forecast in phase 2 on day 15 has less skill among all the phases in the three models. Those findings from the prediction skill are generally consistent with the MJO-related AO activity in the observations (Figures 6A–C).
When the prediction is initiated in the negative phase of the AO, its skill is provided in Figure 8. In ECMWF, the prediction skill in phases 3, 7, and 8 (phases 1 and 5) is larger (smaller) than that in phase 0 on forecast day 5 (Figure 8A). In phases 2, 4, and 6, the skill is close to that in phase 0. On day 10 (Figure 8B), the prediction skill in phases 1–8 is generally close to that in phase 0, except that the skill in phases 2 and 6 is smaller than that in phase 0. On day 15 (Figure 8C), the skill in phases 1–8 is generally greater than that without an initial MJO, except that in phases 2, 4, and 5. In CMA, compared with the skill in phase 0, it is large in phases 1, 3, and 7, small in phases 2, 4, and 6, and generally the same in phases 5 and 8 on day 5 (Figure 8D). On day 10 (Figure 8E), the skill is slightly larger in phases 1, 3, and 7 than that in phase 0 but is smaller in phases 4–6 and 8. The skill in phase 2 is alike to that in phase 0. On day 15 (Figure 8F), the skill is large in phases 1, 2, 4, and 5. In the remaining phases, the skill is generally close to that in phase 0 but slightly larger in phase 7. In NCEP on day 5, the skill is larger in phases 3, 7, and 8 than that in phase 0. In the rest of the phases, the skill is generally close to that in phase 0, except that the skill is smaller in phase 5. On day 10 (Figure 8H), the skill is generally smaller than that without an initial MJO, except that in phases 1 and 8. On day 15 (Figure 8I), only the skill in phase 7 is greater than that in phase 0, and the skill in the rest of the phases is smaller. Generally, the skill is higher in phase 7 than the skill in phase 0 in the three models, except on day 10 in NCEP. In phases 2, 4, and 5, the skill is generally smaller than or close to that in phase 0 in the three models, except in phases 2, 4, and 5 on day 15 in CMA. These findings further present that AO prediction skill is related to the MJO activity, which also agrees with that in the observations (Figures 6D–F).
In general, both the correlation coefficients in Table 2 and the bar charts of AO activity and prediction skill in different MJO phases show that the AO prediction skill in the S2S models is closely associated with the MJO activity at the initial time. Due to the complicated interactions between the MJO in the tropics and the AO in the Arctic, the S2S models may only catch part of the relationship between the MJO and the AO. Thus, the prediction skill in some phases does not agree with MJO-related AO activity. However, it is still found that when the MJO activity enlarges the AO strength, it tends to lead to a large prediction skill of the AO in the S2S models.
SUMMARY AND DISCUSSION
As a substantial condition for the S2S climate prediction in the numerical model, the initial state of the atmosphere carries lots of signals of use. Among all those signals, how do they interact with predictands that we care, and which one can be a predictability source for S2S prediction? Answering those two questions can help us to improve the understanding of S2S prediction. Following this concept, the impacts of MJO on the AO prediction in the S2S models are explored in the present study.
The MJO and the AO are the major sub-seasonal and annular modes in the tropics and the Northern Hemisphere, respectively. In the observations, significant time-lag connections are found between the MJO and AO activities. Using the MJO and AO indices, absolute value of AO amplitude is defined as AO activity for the time-lag composite in active and inactive MJO phases. In the composite, when there is an active MJO in the tropics and the AO is in its positive phase, AO activities lagging 4–6 and 14–25 days are enhanced compared to those without an MJO. On the contrary, when AO is in its negative phase, compared with the AO activity without an MJO, the active MJO leads the AO activity of decrease for 0–8 days but the AO activity of increase for at least 11 days. In the composite of 1,000-hPa GH, the AO positive (negative) pattern is enhanced (weakened) after an active MJO for 0, 5, 10, and 15 days. An inactive MJO is in favor of enhancement of the AO negative pattern but not the AO positive pattern.
The connections between the MJO and AO activities also have some reflection in the S2S models. The AO prediction skill is compared between the forecasts with and without an initial active MJO. When the initial condition of the forecast is in the AO positive phase, the prediction with an initial MJO has more useful skill than that without the MJO in most of the models, especially in ECMWF and CMA. When there is a negative AO on the initial day, no consistency is found for the impacts of the MJO on prediction skill among the 11 S2S models. Most of the models show that the prediction skill with the MJO is weaker than that without the MJO during the first 8 forecast days, but it is only significant in ISAC-CNR, CMA, ECCC, and BoM. The significant level is generally at the 10% level, except that is at the 5% level in BoM. After day 11 of the forecast, the prediction skill that can be significantly enhanced by the initial MJO is only found in ISAC-CNR, ECMWF, ECCC, and BoM. The significance is generally at the 10% level in most of the models, except that is at the 5% level in the ECCC and BoM. When the prediction is in the negative AO phase, the differences of the prediction skill between with and without an initial MJO are generally not consistent with the differences of the AO activities in the observations. This may be because that the weather and climate in the negative phase of AO are more complicated than those in the positive phase in the Northern Hemisphere, which provides much challenge for the S2S operational models.
Besides the prediction skill associated with an initial active and inactive MJO, we further explore the skill varying in the eight active MJO phases, as well as the inactive MJO phase. A significant relationship is found between the observed MJO-related AO activities and the AO prediction skill in different MJO phases in most of the S2S models. No matter what phase the AO is in, all the correlation coefficients are significantly positive at the 5% level, except in Meteo-France, in the positive phase of JMA, and in the negative phase of ISAC-CNR. The correlation in the NCEP model is the largest among all the models. The significantly positive relationship indicates that when the MJO causes a strong AO activity in the observations, it corresponds to a large AO prediction skill in the S2S model, and vice versa. This result further proves that the MJO can supply useful predictability for the AO prediction in the S2S models.
Taking the model results in ECMWF, CMA, and NCEP as examples, we can further examine that the detail of the prediction skill varied with the initial MJO phases. When the initial state with a positive AO is in MJO phases 3 and 7, the prediction skill tends to be larger than that without the MJO in the three models. In MJO phase 2, the prediction still is the smallest in the three models. When the prediction is initiated with a negative AO and in MJO phase 7, the prediction skill is larger than that without the MJO in the three models. Although there are several exceptions, the three models still present some common features of the connection between initial MJO activity and the AO prediction. Previous studies have found that the MJO can affect the AO through teleconnection and processes in the stratosphere (Garfinkel and Schwartz, 2017; Schwartz and Garfinkel, 2017), and this could be the physical explanation for the connection between the MJO activity and the AO prediction. However, the processes are complicated, and thus the models cannot catch them all. Generally, this study suggests that the MJO activity in the tropics is an important predictability source of the AO prediction, and the prediction skill of the AO depends on both initial phases of the MJO and the AO.
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Based on the output data from the Lagrangian flexible particle dispersion model (FLEXPART), we analyze the pathways of moisture to identify the moisture source areas for extreme precipitation in the summer half-year (April–September) over northern and southern Xinjiang, respectively. For both northern and southern Xinjiang, the local evaporation plays a decisive role for extreme precipitation in the summer half-year, of which contribution ratio accounts for 24.5% to northern Xinjiang and 30.2% to southern Xinjiang of all identified source areas. In addition, central Asia and northwestern Asia are the major moisture source areas as well and contribute similarly to extreme precipitation relative to local evaporation. For northern Xinjiang, central Asia surpasses northwestern Asia, and each of them contributes 24.1 and 18.8%, whereas northwestern Asia is somewhat more crucial than central Asia for southern Xinjiang, accounting 22.1 and 19.1%, respectively. Note that the three top-ranked moisture source areas make up a large proportion of total sources. Regarding the remaining source areas that also provide moisture, the contributions are entirely different for southern and northern Xinjiang. Originating from the North Atlantic Ocean, Europe, and the Mediterranean Sea, some water vapor enters northern Xinjiang and converge to precipitate, while this process is barely detectable for extreme precipitation over southern Xinjiang, which is affected by the westerly flow. On the contrary, the Arabian Sea, the Arabian Peninsula, and the Indian Peninsula contribute, even though slightly, to extreme precipitation over southern Xinjiang, which indicates that the meridional transport pathways from the Arabian Sea can carry moisture to this inland region.
Keywords: moisture sources, FLEXPART, extreme precipitation, northern xinjiang, southern xinjiang
INTRODUCTION
Xinjiang province is located in the hinterland of the Asian continent, and it belongs to the temperate continental climate with limited precipitation. It is a challenge for the water vapor entering Xinjiang due to the long distance from the oceans and its unique geographical location. In the context of global warming, continental arid and semi-arid regions have become increasingly dry over the past 100 years around the world (IPCC, 2021). However, Xinjiang has shown a significant opposite trend of becoming warmer and wetter since the 1980s, especially in summer (Shi et al., 2007; Xu et al., 2010; Han et al., 2016; Li and Sun, 2016; Peng and Zhou, 2017). In Xinjiang, the amount of summer and annual precipitation is primarily determined by extreme rainfall in summer (Yang, 2003; Yang et al., 2011), which leads to flooding, mudslides, landslides, and other disasters that cause severe losses of human lives and property (Gong and Eltahir, 1996; Christensen and Christensen, 2003; Du et al., 2014). Therefore, it is of vital importance to examine the mechanism of extreme precipitation and relevant hydrological processes in summer to better comprehend the wetter trends in decades over Xinjiang, as well as to protect safety of the ecosystem and mitigate disasters. In addition, identifying where moisture comes from and how much it transports plays a crucial role in revealing extreme precipitation mechanisms.
Several studies have investigated into the features of moisture transport and relevant budget or mechanism in Xinjiang (e.g., Zhao et al., 2014, 2018; Huang et al., 2017; Yao et al., 2018, 2020; Zhou et al., 2019; Peng et al., 2020; Wang et al., 2020; Yao et al., 2021). The moisture transport pathways into Xinjiang are essentially recognized to originate from the local evaporation, central Asia, the Caspian Sea and the Black Sea area, the eastern Mediterranean, and eastern Europe and from the Arabian Ocean—the Indian Peninsula—the Pamirs Plateau (Aizen et al., 2006; Huang et al., 2017; Yao et al., 2018, 2020; Zhou et al., 2019; Peng et al., 2020; Wang et al., 2020; Yao et al., 2021), which inherently respond to the influence of the westerly flow and the Indian monsoon, respectively. In addition to these zonal moisture transport pathways in the mid-latitudes and meridional pathways in the low-latitudes, the Arctic Oceans is also considered as another contributor to the precipitation over Xinjiang (Li et al., 2008; Huang et al., 2017). Furthermore, the eastern Europe—the eastern Mediterranean—the Caspian Sea—the Black Sea—central Asia transport paths can be backtracked from the Atlantic Ocean along with the westerly flow (Yao et al., 2018; Zhou et al., 2019; Yao et al., 2021), signifying that the Atlantic Ocean is an indirect oceanic moisture suppler to precipitation over Xinjiang. Furthermore, in the inland areas, moisture ultimately originates from the oceans, and it goes through recycling processes of falling and rising in transit. These successive processes critically contribute to precipitate for inland areas due to the long distance with oceans (Brubaker et al., 1993; Numaguti, 1999).
It is noteworthy that the moisture transport and contributions of source areas vary with time scale and precipitation intensity (Wang and Chen, 2012; Hu et al., 2018b). The local-recycling evaporation generally provides moisture for small and moderate precipitation, while extreme precipitation is more dependent on distant water vapor transport (Newell et al., 1992; Trenberth et al., 2003).
Based on the above factors, it is of vital importance to determine moisture source areas and relevant contribution to extreme precipitation over Xinjiang in summer. Some studies have analyzed the moisture transport of extreme precipitation in Xinjiang or its surrounding regions like central Asia (Huang et al., 2017; Yao et al., 2018; Zhou et al., 2019), but mainly focused on case analysis. On the contrary, we aim to capture the statistical differences in the moisture sources between extreme and average precipitation from a climatologic perspective.
Recently, a Lagrangian flexible particle dispersion model (FLEXPART) was widely used to explore the moisture source areas and relevant contribution (Sodemann et al., 2008; Sodemann and Stohl, 2009; Gimeno et al., 2010; Drumond et al., 2011; Sun and Wang, 2015; Hu et al., 2018a, b, 2021; Fremme and Sodemann, 2019; Guo et al., 2019; Yao et al., 2021), particularly in Xinjiang and or its surrounding regions (Zhou et al., 2019; Peng et al., 2020; Yao et al., 2021). Unlike researches based on isotope data or Eulerian methods, which are usually not available for a long-term period or has limitation to trace moisture transport motion trajectory (Stohl and James, 2004), the FLEXPART can trace the moisture variation along transport pathways and has abilities to calculate quantitatively for the contribution of source areas to precipitation. Although there have been some studies focused on extreme precipitation over this region, it is insufficient to concern humidity variation for extreme precipitation in Xinjiang during a long-term period as climatological mean. Due to the obstruction of the Tianshan mountains, the climate varies between north and the south Xinjiang, especially in terms of precipitation (Figure 1B). Therefore, it would be preferable to discuss the corresponding issues on a separate regional perspective.
[image: Figure 1]FIGURE 1 | (A) The elevation of Xinjiang (units: m) and (B) averaged annual mean precipitation during 1979–2018 in Xinjiang from CN05.1 observation data (units: mm d−1). The red line divides northern and southern Xinjiang.
Based on the aforementioned considerations, we hope to resolve the following questions. How and by what pathways does moisture enter northern and southern Xinjiang, respectively, for relative extreme precipitation during the summer half-year? Additionally, what are the crucial moisture supply areas and corresponding quantitative contributions of each area for extreme precipitation over northern or southern Xinjiang during the summer half-year? In particular, how do the remote moisture source areas versus local evaporation contribution play shifty roles between precipitation in climatological mean and extreme precipitation in the summer half-year? The remainder of this article is organized as follows. The study area, data, model, and methods are introduced in Precipitation Over Northern and Southern Xinjiang. Precipitation distribution and moisture transport pathways for northern and southern Xinjiang in the summer-half year are analyzed in Moisture Transport and 4, respectively. Moreover, the moisture source areas and relevant contributions for extreme precipitation over northern and southern Xinjiang in the summer-half year are provided in Conclusion. Finally, the conclusions are summarized in section 6.
Study Region, Data, Model, and Methods
Xinjiang, located within 34°–49°N and 73°–96°E in the hinterland of Eurasia and northwest of China, is a typical arid and semi-arid climate region with limited annual precipitation and high evaporation throughout the whole year. With the Kunlun Mountains on the southern boundary and the Altai Mountains on the northern boundary, Xinjiang is spanned across by the Tianshan Mountains in the central section. In addition, the Tibetan Plateau and the Pamirs Plateau are located on south and southwest of Xinjiang, respectively. Therefore, the climate varies considerably in northern and southern Xinjiang. Southern Xinjiang, namely, the south region of the Tianshan Mountains, including the north part of the Kunlun Mountains, the Tarim Basin, and the Turpan Basin, is extremely drought. The largest desert in China, the Taklamakan Desert, is also located here. At the same time, northern Xinjiang is wetter than southern Xinjiang, including the north part of the Tianshan Mountains, the southwest part of the Altai Mountains, and the Junggar Basin.
Daily observed precipitation data were derived from the CN05.1 data set provided by the National Climate Center of China, with 0.5° × 0.5° horizontal resolution (Wu and Gao 2013). The 2.5° × 2.5° horizontal resolution NCEP/DOE Reanalysis-Ⅱ data were obtained as daily atmospheric data in this study (Kanamitsu et al., 2002). Additionally, the 0.5° × 0.5° horizontal resolution NCEP–CFSR 6-h data, including temperature, land cover, relative humidity, and winds at 42 levels, were used as input data of the FLEXPART model (Saha et al., 2010).
In this study, we operated a Lagrangian model—FLEXPART—to analyze moisture transport and determine the accurate source areas over northern and southern Xinjiang, which were extensively applied in moisture transport and source researches (e.g., Stohl and James, 2005; Sodemann et al., 2008; Gimeno et al., 2010; Drumond et al., 2011; Sun and Wang, 2015; Fremme and Sodemann, 2019; Guo et al., 2019; Hu et al., 2018a, b, 2021; Yao et al., 2021). This model is a particle dispersion model, and its physics theories are based on Lagrangian atmospheric motion equations and Langevin equations (Stohl and James, 2004). The FLEXPART (version 9.02) was run for 40 years from 1979 to 2018 in this study, releasing one million homogenized particles of equal mass. Those particles were scattered at first, but then proceeded to move unrestricted thereafter and could be retraced along movement trajectories. Lastly, we obtained the outputs of the model at 6 h intervals, which consisted of the particle identities, the particle mass, the specific humidity, the air density, and the position as defined in three dimensions.
This study initially explored the moisture source areas responsible for extreme precipitation over northern and southern Xinjiang by calculating the E−P values, and then the WaterSip method was employed to assess the contributions of moisture source areas. For diagnosing the net change of moisture content, the E−P values obtained from the Lagrangian water budget equation are widely used in many cases (e.g., Sodemann et al., 2008; Gimeno et al., 2010; Drumond et al., 2011; Sun and Wang, 2015; Hu et al., 2018a, b). Based on water budget equation in Lagrangian perspective e−p = m × dq/dt, by multiplying the specific humidity q varying with time t by mass m, we can deduce both the moisture precipitation p and evaporation e forward one particle pathway (Stohl and James, 2004, 2005). Furthermore, p and e of all the particles in the vertical atmospheric column above a target area can be added to get the precipitation rate P and evaporation rate E of the total area. Therefore, the E−P values depict the freshwater flux at the surface and can retrace them from a target area backward pathway to determine where net moisture uptake or sink. The E−P values are sensitive to retraced time and calculated by retracing 10 days before arriving at the target areas along pathways in this study, which is relevant to the mean atmospheric residence time of moisture (Numaguti, 1999). As a result, the E−P above 0 locations signify net moisture uptakes and are hence referred to as moisture source areas. On the contrary, moisture sink areas can be represented by the E−P below 0 locations, where precipitation might occur under appropriate meteorological circumstances. However, it should be noted that the E−P below 0 locations might release moisture to the final area, while moisture from the prior E−P above 0 locations might precipitate before getting to the destination as well.
Thus, to identify the contributions of moisture source areas quantitatively, based on the diagnosing of the E−P values, the WaterSip approach proposed by Sodemann et al. (2008) has also been applied in this paper, which is also broadly utilized (Baker et al., 2015; Läderach and Sodemann, 2016; Fremme and Sodemann, 2019; Hu et al., 2021; Yao et al., 2021). The WaterSip approach, unlike the E−P values, calculates the contributions of moisture source areas independent of the retraced time. More introduction on this approach is in Sodemann et al. (2008).
This study focused on the extreme precipitation over northern and southern Xinjiang, so how to define extreme precipitation was of prime importance. As Xinjiang is an arid climate region, it might not be ideal to use a fixed threshold method there, so the 95th percentile of daily precipitation in the target region for summer-half year was chosen as a threshold of extreme precipitation according to the recommendation by Expert Team for Climate Change Detection Monitoring and Indices (ETCCDI) (Zhang et al., 2011). In the summer half-year, the threshold values for northern, southern, and total Xinjiang are 3.4, 1.6, and 2.0 mm d−1 for regional averaged mean, respectively. From 1979 to 2018, the numbers of extreme precipitation days were 366 days, which was involved in subsequent calculations in this study.
PRECIPITATION OVER NORTHERN AND SOUTHERN XINJIANG
Xinjiang, located in the hinterland of the Asian continent with the Kunlun Mountains in its south, the Tianshan Mountains in its middle, and the Altai Mountains in its north, is an arid continental climate region with sparse precipitation. The Tianshan Mountains separate northern and southern Xinjiang approximately in 42°N (Figure 1), and the average elevation of northern Xinjiang is lower than southern Xinjiang (Figure 1A). Northern and southern Xinjiang show different climatic characteristics, and more precipitation happens in northern Xinjiang, while southern Xinjiang has extremely low precipitation (Figure 1B). The average annual mean precipitation in most parts of southern Xinjiang is below 0.25 mm d−1 during 1979–2018. In contrast, in most parts of northern Xinjiang, the average annual mean precipitation is over 0.5 mm d−1 during 1979–2018, and the most substantial precipitation occurs in the western Tianshan Mountains. The regionally average annual precipitation over northern Xinjiang is 173.0 mm y−1 during 1979–2018 from CN05.1 observation data, whereas it is 93.6 mm y−1 over southern Xinjiang.
Figure 2A provides regionally average monthly precipitation over the total, northern, and southern Xinjiang from CN05.1 observation data during 1979–2018. Regardless of the regions, precipitation is characterized by distinct monthly variations and seasonal cycles. The primary precipitation occurs in the summer half-year, from April to September, and the most monthly precipitation appears in July. On the contrary, very limited precipitation occurs in the winter half-year, from October to March. Therefore, the moisture transport for northern and southern Xinjiang is focused on the summer half-year. The regionally averaged precipitation in the summer half-year over the total, northern, and southern Xinjiang from observed data during 1979–2018 is shown in Figure 2B. Apparently, over the total, northern, and southern Xinjiang, their time series of the regional average precipitation in summer half-year represent a clear increasing trend, indicating that precipitation has increased in recent decades. These trends are 3.4, 4.4, and 2.8 mm decade−1 for the total, northern, and southern Xinjiang, respectively. The variations of regionally averaged summer half-year precipitation in the three regions are very similar, and the rainy and drought years during 1979–2018 vary consistently over the total, northern, and southern Xinjiang.
[image: Figure 2]FIGURE 2 | (A) Regionally averaged monthly precipitation and (B) regionally averaged precipitation in summer half-year (April–September) over the total, southern, and northern Xinjiang from CN05.1 observation data during 1979–2018 (units: mm).
MOISTURE TRANSPORT
For distinguishing the moisture transport for extreme precipitation over northern and southern Xinjiang from a large-scale perspective of atmospheric circulation, the vertically integrated moisture flux is calculated using the NCEP/DOE Reanalysis-Ⅱ data (Figure 3). Besides these two situations for extreme precipitation, the moisture transport for a climatological mean state is also illustrated for comparative analysis. Because almost all moisture exists in the lower troposphere, the moisture flux is integrated under the 300 hPa height surface. Generally, the vertically integrated moisture flux displays a small magnitude value over Xinjiang due to the arid continental climate. In either case, as shown in Figures 3A–C, the moisture transport over Xinjiang is evidently controlled by the Westerlies, with moisture coming from the northwest direction. In contrast to the climatological mean state, more moisture flux exists to the north of Xinjiang, located approximately within 47°–57°N and 47°–80°E, for extreme precipitation over northern Xinjiang. At the same time, moisture flux shows less in the similar position for another situation, namely, southern Xinjiang for extreme precipitation. However, in contrast to the climatological mean state, the moisture flux above northern Xinjiang has increased for both northern for extreme precipitation and southern Xinjiang for extreme precipitation. More importantly, the moisture flux above the Arabian Sea, the Indian Peninsula, the Bay of Bengal, and the Indochina Peninsula increases significantly in these two situations for extreme precipitation over Xinjiang, especially for southern Xinjiang, in contrast to the climatological mean state. This result suggests that although the dominant direction of moisture flux over Xinjiang is still the northwesterly flow, the moisture over the north Indian Ocean have huge differences between the situation that the extreme precipitation over Xinjiang and the climatological mean state.
[image: Figure 3]FIGURE 3 | Vertically integrated moisture flux for (A) northern Xinjiang and (B) southern Xinjiang for extreme precipitation, and (C) precipitation climatology in summer half-year from the surface to 300 hPa height surface during the period of 1979–2018 (units: kg m−1 s−1).
Following this initial analysis of moisture transport fluxes, the outputs of the FLEXPART model are further used to explore the transport pathways of particles for extreme precipitation over northern and southern Xinjiang, respectively (Figure 4). The particles are traced from northern and southern Xinjiang for 10 days before each extreme precipitation event happen, using the model outputs of particle position. In order to portray the particle paths more clearly, a cluster analysis is adopted (Dorling et al., 1992) because the original paths surpass more than 7,000 trajectories, and the cluster numbers are set to 500. For extreme precipitation over northern Xinjiang, amounts of westerly trajectories come into northern Xinjiang from the upper troposphere of Eurasia, North Africa, and even north Atlantic. Additionally, a small number of particles, almost all of those at upper levels, come from the tropical Easterlies above North Indian Ocean, the Arabian Peninsula, and the Indian Peninsula and converge into the westerly route at mid-latitudes. In contrast, for extreme precipitation over southern Xinjiang, although there are also considerable amounts of westerly trajectories coming from the upper troposphere, the trajectories are increased notably from the tropical Easterlies. Moreover, at a lower level, trajectories from the Arabian Sea and the Bay of Bengal are evidently displayed, and the transport paths of the Somali trans-equatorial flow emerges clearly.
[image: Figure 4]FIGURE 4 | Cluster mean trajectories of particles for 10 days before arriving (A) northern Xinjiang and (B) southern Xinjiang for extreme precipitation in summer half-year during 1979–2018 (cluster numbers: 500, units: m AGL).
Noteworthy, the trajectory densities in Figure 4 do not demonstrate that those pathways actually bring strong precipitable water and finally contribute to precipitation over northern or southern Xinjiang because that moisture content varies en route with altitudes, latitudes, and longitudes. Thus, the mean moisture content of particles for 10 days before arriving in northern and southern Xinjiang for extreme precipitation in the summer half-year during 1979–2018 is also given (Figure 5), by using the model outputs of the particle mass, the specific humidity, and the air density, which can signify the potential water supply for precipitation.
[image: Figure 5]FIGURE 5 | Mean moisture content of particles for 10 days before arriving in (A) northern and (B) southern Xinjiang for extreme precipitation in summer half-year during 1979–2018 (units: 109 kg).
For both northern and southern Xinjiang, the high moisture content values are concentrated incredibly over Xinjiang and the west areas adjacent to Xinjiang, providing the major precipitable water supply and reflecting the importance of evaporation and the local water cycle here (Figure 5). As related to the particle trajectories (Figure 4), the moisture content can be clearly perceived that most of them remarkably emanate from westerly paths, namely originating from north Atlantic and west of Eurasia. Meanwhile, a small quantity of moisture content comes from East Asia, North Africa, and North Indian Ocean. It is worth noting that the presence of the Tibetan Plateau prevents a large amount of moisture from entering Xinjiang through it. However, for southern Xinjiang extreme precipitation, the moisture transport from Somali trans-equatorial flow, originating from the Arabian Sea and the Bay of Bengal and even the South China Sea, reach Xinjiang via the south foothills of the Himalayas on the south edge of the Tibetan Plateau.
MOISTURE SOURCE AREAS
Corresponding to the moisture content sources described above, the precise location of the moisture source areas, along with the quantification of the amount of moisture from each source area carried into northern and southern Xinjiang, ought to be further determined and calculated.
Using the outputs of the FLEXPART model, the E−P values have retraced their trajectories for 10 days to present the moisture source and sink areas of northern and southern Xinjiang (Figure 6). For northern Xinjiang extreme precipitation (Figure 6A), the continental areas around Xinjiang, including central and northwest Asia, as well as the Arabian Peninsula and the eastern Mediterranean, are the primary moisture sources. Instead, Europe, the North Atlantic, the Indian Peninsula, and the Bay of Bengal are the major moisture sink areas retracing with the moisture pathways. On the contrary, the moisture predominately originates from central and northwest Asia, western China, the Arabian Sea, and the eastern Mediterranean. The Somali cross-equatorial flow also demonstrates the contribution as expected (Figures 4B, 5B). Meanwhile, the extent of the moisture sink areas is broadly consistent with that of northern Xinjiang extreme precipitation, although the magnitudes of the values are more significant, especially in the Indian Peninsula, the Indochina Peninsula, the east Bay of Bengal, and the Arabian Sea. This result is suggestive of a large amount of moisture migrating northward from the northern Indian Ocean but precipitating on the coastal land that is being blocked by the lofty terrain of the Tibetan Plateau.
[image: Figure 6]FIGURE 6 | Mean E-P particles for the 10 days before arriving (A) northern and (B) southern Xinjiang for extreme precipitation in summer half-year during 1979–2018 (units: mm d−1).
In the Methods Part, it was stated that in one case of precipitation, abundant moisture arising from the moisture source areas might drop before reaching Xinjiang. Consequently, for the final precipitation of Xinjiang, these areas of the positive E−P values mentioned above cannot be considered as contributing source areas immediately, and areas of negative E−P values might have their own contribution. Thus, the WaterSip, a quantitative method, is applied to accurately calculate the contributions of all significant identified moisture source areas. Therefore, based on the approximate ranges of the E−P values and the general geographical divisions, 17 source areas for northern and southern Xinjiang are elected.
In Figure 7, the divisions of the moisture sources for extreme precipitation in summer half-year over Xinjiang during 1979–2018 are shown and numbered: 1 Xinjiang, 2 the Tibetan Plateau, 3 the Indian Peninsula, 4 the Indochina Peninsula, 5 the Arabian Sea, 6 the Bay of Bengal, 7 the South China Sea, 8 southern China, 9 northeastern Asia, 10 northwestern Asia, 11 central Asia, 12 Europe, 13 the Mediterranean Sea, 14 the North Africa, 15 the Arabian Peninsula, 16 the North Atlantic Ocean, and 17 the Arctic Ocean.
[image: Figure 7]FIGURE 7 | Divisions of the moisture sources for extreme precipitation in summer half-year over Xinjiang during 1979–2018. These numbers represent: 1 Xinjiang, 2 the Tibetan Plateau, 3 the Indian Peninsula, 4 the Indochina Peninsula, 5 the Arabian Sea, 6 the Bay of Bengal, 7 the South China Sea, 8 southern China, 9 northeastern Asia, 10 northwestern Asia, 11 central Asia, 12 Europe, 13 the Mediterranean Sea, 14 the North Africa, 15 the Arabian Peninsula, 16 the North Atlantic Ocean, and 17 the Arctic Ocean.
The contribution ratios of significant moisture source areas to extreme precipitation over northern and southern Xinjiang in the summer half-year during 1979–2018 are shown in Figure 8. Noteworthy, the evaporation of moisture source area greatly differs from the final contribution to precipitation in the target region due to the loss en route; therefore, the contribution ratios are given and analyzed here. Note that some areas contribute very limited, even negligible, so the contribution ratios are not displayed in the figure, such as the Indochina Peninsula, the Bay of Bengal, the South China Sea, southern China, the North Africa, and the Arctic Ocean. The 14.6% contribution ratios for northern Xinjiang and 9.8% for southern Xinjiang are from these ones and the area that are not identified in Figure 7, labelled as other in Figure 8. For both northern and southern Xinjiang, the local evaporation, Xinjiang itself plays a decisive role for extreme precipitation in the summer half-year, of which contribution ratio accounts for 24.5% to northern Xinjiang and 30.2% to southern Xinjiang of all source areas. In addition, central Asia and northwestern Asia are the significant moisture source areas as well and contribute similarly to extreme precipitation relative to local evaporation. For northern Xinjiang, central Asia surpasses northwestern Asia, each of them contributing 24.1 and 18.8%, whereas northwestern Asia is somewhat more crucial than central Asia for southern Xinjiang, accounting 22.1 and 19.1%, respectively. Note that the three top-ranked source areas account for almost 70% of total source areas, indicating the vital importance of short-distance moisture transport for Xinjiang. In contrast to climatologic mean precipitation, the contribution ratio of the sum of Xinjiang itself and Central Asia decreases about 10%, and the local contributions decrease about 20% (Yao et al., 2021).
[image: Figure 8]FIGURE 8 | Contribution ratios of significant moisture source areas to extreme precipitation over northern and southern Xinjiang in summer half-year during 1979–2018 (units: %).
Regarding the remaining source areas that also provide moisture, the contributions are entirely different for southern and northern Xinjiang. For northern Xinjiang, the North Atlantic Ocean, Europe, and the Mediterranean Sea contribute 2.1, 3.5, and 6.1% for extreme precipitation, while the ratios of them are almost negligible for southern Xinjiang. It is demonstrated that long-distance moisture can be carried by the westerly flow to northern Xinjiang. In contrast, flux originating from the Arabian Sea, the Arabian Peninsula, and the Indian Peninsula can provide slight moisture to extreme precipitation over southern Xinjiang, accounting for 3.8, 2.5, and 2.5% of total source areas, respectively. Although these values of contributions are slight, they reveal the meridional transport pathways, affected by the Indian Monsoon, have somewhat ability to carry moisture into this inland region. Previous studies have noted that there are two routes to carry moisture into Xinjiang. One is the Arabian Ocean—the Indian Peninsula—the Pamirs Plateau—Xinjiang route, and another is eastern Europe—the eastern Mediterranean—the Caspian Sea—the Black Sea—central Asia—Xinjiang route (Aizen et al., 2006; Huang et al., 2017; Yao et al., 2018, 2020; Zhou et al., 2019; Peng et al., 2020; Wang et al., 2020; Yao et al., 2021), which inherently respond to the influence of the westerly flow and the Indian monsoon, respectively. In our study, it would be more accurate to say that these two routes are also represented, and the zonal mid-latitude route contributes effectively to extreme precipitation over northern Xinjiang, while the meridional low-latitude route carries moisture for southern Xinjiang extreme precipitation.
CONCLUSION
The Lagrangian model FLEXPART was employed to simulate the moisture source areas for extreme precipitation in the summer half-year over northern and southern Xinjiang, respectively. The contributions and magnitudes of moisture source areas are accessed by the WaterSip method, and the main findings are as follows.
1. For extreme precipitation in the summer half-year over Xinjiang, local evaporation is crucial, with a contribution ratio of 24.5% to northern Xinjiang and 30.2% to southern Xinjiang of all identified source areas. Central Asia and northwestern Asia also are significant, and three top-ranked source areas account for almost 70%, indicating the key importance of the proximity transport of water vapor for Xinjiang.
2. For northern Xinjiang, moisture can be traced back from the North Atlantic Ocean, whereas it is barely detectable for southern Xinjiang, signifying the importance of long-distance moisture carried by the westerly flow to northern Xinjiang.
3. For southern Xinjiang, the Arabian Sea, the Arabian Peninsula, and the Indian Peninsula contribute somewhat when extreme precipitation happens. It is indicated that the meridional transport pathways, affected by the Indian Monsoon, have ability to carry moisture into this inland region.
In contrast to previous researches (Huang et al., 2017; Yao et al., 2018; Zhou et al., 2019), we have clarified and quantified the different impacts of the Arabian Ocean—the Indian Peninsula—the Pamirs Plateau—Xinjiang moisture transporting route and the eastern Europe—the eastern Mediterranean—the Caspian Sea—the Black Sea—central Asia—Xinjiang route on northern and southern Xinjiang, respectively. In addition, comparing for the precipitation for climatological mean precipitation in summer-half year over Xinjiang (Yao et al., 2021), the results quantitatively reveal the contribution of long-distance moisture source areas to extreme precipitation in this region, whereas these contributions are almost non-existent. However, this study is mainly concerned to moisture sources that directly contribute to extreme precipitation in Xinjiang. As the result has shown, the oceanic moisture source areas, which provide water vapor ultimately, play an entirely limited role for this inland region, especially for northern Xinjiang. Further study is needed to determine the indirect moisture source transport mechanism and to calculate the amount of water vapor that carried from long-distance sources by indirect ways, such as moisture recycling processes in the continental region, which would better comprehend the mechanisms of precipitation over Xinjiang.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Materials, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
The authors declare that they have no conflict of interest. QH contributed in model simulation, data analysis, plotting major figures, and drafting the manuscript; YZ contributed in conceptualization, experiment design, and drafting; AH performed the experiment validation and revising the manuscript; PM and JM assisted with calculation and plotting figures.
FUNDING
This work was joint supported by the National Natural Science Foundation of China (Grant Nos. U1903113, 41875102), the Sichuan Science and Technology Program (Grant No. 2020JDJQ0050), the Second Tibetan Plateau Scientific Expedition and Research (STEP) program (2019QZKK010203), and the Scientific Research Foundation of Chengdu University of Information Technology (KYTZ201812).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We thank the reviewers for their insightful comments and suggestions that helped improve the manuscript. We acknowledge Andreas Stohl and other developers for providing the FLEXPART model. We are grateful to Jia Wu and her coauthor, and NCEP for providing us observation and reanalysis data.
REFERENCES
 Aizen, V. B., Aizen, E. M., Joswiak, D. R., Fujita, K., Takeuchi, N., and Nikitin, S. A. (2006). Climatic and Atmospheric Circulation Pattern Variability from Ice-Core Isotope/geochemistry Records (Altai, Tien Shan and Tibet). Ann. Glaciol. 43, 49–60. doi:10.3189/172756406781812078
 Baker, A. J., Sodemann, H., Baldini, J. U. L., Breitenbach, S. F. M., Johnson, K. R., van Hunen, J., et al. (2015). Seasonality of westerly Moisture Transport in the East Asian Summer Monsoon and its Implications for Interpreting Precipitation δ18O. J. Geophys. Res. Atmos. 120, 5850–5862. doi:10.1002/2014jd022919
 Brubaker, K. L., Entekhabi, D., and Eagleson, P. S. (1993). Estimation of continental Precipitation Recycling. J. Clim. 6, 1077–1089. doi:10.1175/1520-0442(1993)006<1077:eocpr>2.0.co;2
 Christensen, J. H., and Christensen, O. B. (2003). Severe Summertime Flooding in Europe. Nature 421, 805–806. doi:10.1038/421805a
 Dorling, S. R., Davies, T. D., and Pierce, C. E. (1992). Cluster Analysis: A Technique for Estimating the Synoptic Meteorological Controls on Air and Precipitation Chemistry-Method and Applications. Atmos. Environ. A. Gen. Top. 26, 2575–2581. doi:10.1016/0960-1686(92)90110-7
 Drumond, A., Nieto, R., and Gimeno, L. (2011). Sources of Moisture for China and Their Variations during Drier and -Wetter Conditions in 2000−2004: a Lagrangian Approach. Clim. Res. 50, 215–225. doi:10.3354/cr01043
 Du, H., Xia, J., and Zeng, S. (2014). Regional Frequency Analysis of Extreme Precipitation and its Spatio-Temporal Characteristics in the Huai River Basin, China. Nat. Hazards. 70, 195–215. doi:10.1007/s11069-013-0808-6
 Fremme, A., and Sodemann, H. (2019). The Role of Land and Ocean Evaporation on the Variability of Precipitation in the Yangtze River valley. Hydrol. Earth Syst. Sci. 23, 2525–2540. doi:10.5194/hess-23-2525-2019
 Gimeno, L., Drumond, A., Nieto, R., Trigo, R. M., and Stohl, A. (2010). On the Origin of continental Precipitation. Geophys. Res. Lett. 37, a–n. doi:10.1029/2010GL043712
 Gong, C., and Eltahir, E. (1996). Sources of Moisture for Rainfall in West Africa. Water Resour. Res. 32, 3115–3121. doi:10.1029/96wr01940
 Guo, L., van der Ent, R. J., Klingaman, N. P., Demory, M.-E., Vidale, P. L., Turner, A. G., et al. (2019). Moisture Sources for East Asian Precipitation: Mean Seasonal Cycle and Interannual Variability. J. Hydrometeorol. 20, 657–672. doi:10.1175/JHM-D-18-0188.1
 Han, X., Xue, H., Zhao, C., and Lu, D. (2016). The Roles of Convective and Stratiform Precipitation in the Observed Precipitation Trends in Northwest China during 1961-2000. Atmos. Res. 169, 139–146. doi:10.1016/j.atmosres.2015.10.001
 Hu, Q., Jiang, D., and Lang, X. (2018b). Sources of Moisture for Different Intensities of Summer Rainfall over the Chinese Loess Plateau during 1979-2009. Int. J. Climatol 38, e1280–e1287. doi:10.1002/joc.5416
 Hu, Q., Jiang, D., Lang, X., and Xu, B. (2018a). Moisture Sources of the Chinese Loess Plateau during 1979-2009. Palaeogeogr. Palaeoclimatol. Palaeoecol. 509, 156–163. doi:10.1016/j.palaeo.2016.12.030
 Hu, Q., Jiang, D., Lang, X., and Yao, S. (2021). Moisture Sources of Summer Precipitation over Eastern China during 1979-2009: A Lagrangian Transient Simulation. Int. J. Climatol. 41, 1162–1178. doi:10.1002/joc.6781
 Huang, W., Chang, S.-Q., Xie, C.-L., and Zhang, Z.-P. (2017). Moisture Sources of Extreme Summer Precipitation Events in North Xinjiang and Their Relationship with Atmospheric Circulation. Adv. Clim. Change Res. 8, 12–17. doi:10.1016/j.accre.2017.02.001
 IPCC (2021). Climate Change 2021: The Physical Science Basis. Cambridge and New York: Cambridge University Press. 
 Kanamitsu, M., Ebisuzaki, W., Woollen, J., Yang, S.-K., Hnilo, J. J., Fiorino, M., et al. (2002). NCEP-DOE AMIP-II Reanalysis (R-2). Bull. Am. Meteorol. Soc. 83, 1631–1643. doi:10.1175/bams-83-11-1631(2002)083<1631:nar>2.3.co;210.1175/Bams-83-11-1631,
 Läderach, A., and Sodemann, H. (2016). A Revised Picture of the Atmospheric Moisture Residence Time. Geophys. Res. Lett. 43, 924–933. doi:10.1002/2015GL067449
 Li, W., Wang, K., Fu, S., and Jiang, H. (2008). The Interrelationship between Regional westerly index and the Water Vapor Budget in Northwest China. J. Glaciol. Geocryol. 30, 28–34. (in Chinese). doi:10.3724/SP.J.1047.2008.00014
 Li, Y., and Sun, C. (2016). Impacts of the Superimposed Climate Trends on Droughts over 1961-2013 in Xinjiang, China. Theor. Appl. Climatol 129, 977–994. doi:10.1007/s00704-016-1822-x
 Newell, R. E., Newell, N. E., Zhu, Y., and Scott, C. (1992). Tropospheric Rivers? - A Pilot Study. Geophys. Res. Lett. 19, 2401–2404. doi:10.1029/92GL02916
 Numaguti, A. (1999). Origin and Recycling Processes of Precipitating Water over the Eurasian Continent: Experiments Using an Atmospheric General Circulation Model. J. Geophys. Res. 104, 1957–1972. doi:10.1029/1998JD200026
 Peng, D., and Zhou, T. (2017). Why Was the Arid and Semiarid Northwest China Getting Wetter in the Recent Decades. J. Geophys. Res. Atmos. 122, 9060–9075. doi:10.1002/2016JD026424
 Peng, D., Zhou, T., and Zhang, L. (2020). Moisture Sources Associated with Precipitation during Dry and Wet Seasons over Central Asia. J. Clim. 33, 10755–10771. doi:10.1175/JCLI-D-20-0029.1
 Saha, S., Moorthi, S., Pan, H.-L., Wu, X., Wang, J., Nadiga, S., et al. (2010). The NCEP Climate Forecast System Reanalysis. Bull. Amer. Meteorol. Soc. 91, 1015–1058. doi:10.1175/2010BAMS3001.1
 Shi, Y., Shen, Y., Kang, E., Li, D., Ding, Y., Zhang, G., et al. (2007). Recent and Future Climate Change in Northwest China. Climatic Change 80, 379–393. doi:10.1007/s10584-006-9121-7
 Sodemann, H., Schwierz, C., and Wernli, H. (2008). Interannual Variability of Greenland winter Precipitation Sources: Lagrangian Moisture Diagnostic and North Atlantic Oscillation Influence. J. Geophys. Res. 113, D03107. doi:10.1029/2007JD008503
 Sodemann, H., and Stohl, A. (2009). Asymmetries in the Moisture Origin of Antarctic Precipitation. Geophys. Res. Lett. 36, L22803. doi:10.1029/2009GL040242
 Stohl, A., and James, P. (2004). A Lagrangian Analysis of the Atmospheric branch of the Global Water Cycle. Part I: Method Description, Validation, and Demonstration for the August 2002 Flooding in central Europe. J. Hydrometeor 5, 656–678. doi:10.1175/1525-7541(2004)005<0656:alaota>2.0.co;2
 Stohl, A., and James, P. (2005). A Lagrangian Analysis of the Atmospheric Branch of the Global Water Cycle. Part II: Moisture Transports between Earth's Ocean Basins and River Catchments. J. Hydrometeorol. 6, 961–984. doi:10.1175/JHM470.1
 Sun, B., and Wang, H. (2015). Analysis of the Major Atmospheric Moisture Sources Affecting Three Sub-regions of East China. Int. J. Climatol 35, 2243–2257. doi:10.1002/joc.4145
 Trenberth, K. E., Dai, A., Rasmussen, R. M., and Parsons, D. B. (2003). The Changing Character of Precipitation. Bull. Am. Meteorol. Soc. 84, 1205–1218. doi:10.1175/BAMS-84-9-1205
 Wang, H., and Chen, H. (2012). Climate Control for southeastern China Moisture and Precipitation: Indian or East Asian Monsoon. J. Geophys. Res. 117, a–n. doi:10.1029/2012jd017734
 Wang, W., Li, H., Wang, J., and Hao, X. (2020). Water Vapor from Western Eurasia Promotes Precipitation during the Snow Season in Northern Xinjiang, a Typical Arid Region in Central Asia. Water 12, 141. doi:10.3390/w12010141
 Wu, J., and Gao, X. J. (2013). A Gridded Daily Observation Dataset over China Region and Comparison with the Other Datasets. Chin. J. Geophys. 56, 1102–1111. (in Chinese). doi:10.6038/cjg20130406
 Xu, C., Chen, Y., Yang, Y., Hao, X., and Shen, Y. (2010). Hydrology and Water Resources Variation and its Response to Regional Climate Change in Xinjiang. J. Geogr. Sci. 20, 599–612. doi:10.1007/s11442-010-0599-6
 Yang, L. M. (2003). Climate Change of Extreme Precipitation in Xinjiang. Acta Geogr. Sin. 58, 577–583. (in Chinese). doi:10.11821/xb200304012
 Yang, L. M., Li, X., and Zhang, G. X. (2011). Some Advances and Problems in the Study of Heavy Rain in Xinjiang. Clim. Environ. Res. 16, 188–198. (in Chinese). doi:10.3878/j.issn.1006-9585.2011.02.08
 Yao, J., Chen, Y., Zhao, Y., Guan, X., Mao, W., and Yang, L. (2020). Climatic and Associated Atmospheric Water Cycle Changes over the Xinjiang, China. J. Hydrol. 585, 124823. doi:10.1016/j.jhydrol.2020.124823
 Yao, J., Li, M., and Yang, Q. (2018). Moisture Sources of a Torrential Rainfall Event in the Arid Region of East Xinjiang, China, Based on a Lagrangian Model. Nat. Hazards. 92, 183–195. doi:10.1007/s11069-018-3386-9
 Yao, S., Jiang, D., and Zhang, Z. (2021). Lagrangian Simulations of Moisture Sources for Chinese Xinjiang Precipitation during 1979-2018. Int. J. Climatol. 41, 216–232. doi:10.1002/joc.6679
 Zhang, X., Alexander, L., Hegerl, G. C., Jones, P., Tank, A. K., Peterson, T. C., et al. (2011). Indices for Monitoring Changes in Extremes Based on Daily Temperature and Precipitation Data. Wires Clim. Change 2, 851–870. doi:10.1002/wcc.147
 Zhao, Y., Huang, A., Zhou, Y., Huang, D., Yang, Q., Ma, Y., et al. (2014). Impact of the Middle and Upper Tropospheric Cooling over Central Asia on the Summer Rainfall in the Tarim Basin, China. J. Clim. 27, 4721–4732. doi:10.1175/JCLI-D-13-00456.1
 Zhao, Y., Yu, X., Yao, J., Dong, X., and Li, H. (2018). The Concurrent Effects of the South Asian Monsoon and the Plateau Monsoon over the Tibetan Plateau on Summer Rainfall in the Tarim Basin of China. Int. J. Climatol. 39, 74–88. doi:10.1002/joc.5783
 Zhou, Y.-s., Xie, Z.-m., and Liu, X. (2019). An Analysis of Moisture Sources of Torrential Rainfall Events over Xinjiang, China. J. Hydrometeorol. 20, 2109–2122. doi:10.1175/JHM-D-19-0010.1
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Hu, Zhao, Huang, Ma and Ming. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 30 November 2021
doi: 10.3389/feart.2021.769005


[image: image2]
Changing Impacts of Tropical Cyclones on East and Southeast Asian Inland Regions in the Past and a Globally Warmed Future Climate
Jilong Chen1,2, Chi-Yung Tam2,3*, Kevin Cheung4, Ziqian Wang5,6, Hiroyuki Murakami7,8,9, Ngar-Cheung Lau10,11, Stephen T. Garner8,9, Ziniu Xiao12, Chun-Wing Choy13 and Peng Wang2,14
1Guangdong-Hong Kong-Macao Greater Bay Area Weather Research Center for Monitoring Warning and Forecasting (Shenzhen Institute of Meteorological Innovation), Shenzhen, China
2Earth System Science Programme, The Chinese University of Hong Kong, Hong Kong, China
3Shenzhen Research Institute, The Chinese University of Hong Kong, Shenzhen, China
4Climate Research, Climate and Atmospheric Science, Science Economy Insights Division, NSW Department of Planning Industry and Environment, Parramatta, NSW, Australia
5School of Atmospheric Sciences, and Guangdong Province Key Laboratory for Climate Change and Natural Disaster Studies, Sun Yat-sen University, Zhuhai, China
6Southern Marine Science and Engineering Guangdong Laboratory (Zhuhai), Zhuhai, China
7Meteorological Research Institute, Tsukuba, Japan
8Geophysical Fluid Dynamics Laboratory, National Oceanic and Atmospheric Administration, Princeton, NJ, United States
9Atmospheric and Oceanic Sciences Program, Princeton University, Princeton, NJ, United States
10Institute of Environment, Energy and Sustainability, The Chinese University of Hong Kong, Hong Kong, China
11Department of Geography and Resource Management, The Chinese University of Hong Kong, Hong Kong, China
12State Key Laboratory of Numerical Modeling for Atmospheric Sciences and Geophysical Fluid Dynamics, Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing, China
13Hong Kong Observatory, Hong Kong, China
14Policy Research Center for Environment and Economy, Ministry of Ecology and Environment of the People’s Republic of China, Beijing, China
Edited by:
Gen Li, Hohai University, China
Reviewed by:
Tao Feng, Hohai University, China
Chao Wang, Nanjing University of Information Science and Technology, China
* Correspondence: Chi-Yung Tam, Francis.Tam@cuhk.edu.hk
Specialty section: This article was submitted to Interdisciplinary Climate Studies, a section of the journal Frontiers in Earth Science
Received: 01 September 2021
Accepted: 22 October 2021
Published: 30 November 2021
Citation: Chen J, Tam C-Y, Cheung K, Wang Z, Murakami H, Lau N-C, Garner ST, Xiao Z, Choy C-W and Wang P (2021) Changing Impacts of Tropical Cyclones on East and Southeast Asian Inland Regions in the Past and a Globally Warmed Future Climate. Front. Earth Sci. 9:769005. doi: 10.3389/feart.2021.769005

The impacts of the western North Pacific (WNP) tropical cyclone (TC) on East and Southeast Asian inland regions are analyzed. Here, based on a stringent TC selecting criterion, robust increase of TC-related inland impacts between 1979 and 2016 over East and Southeast Asian regions have been detected. The storms sustained for 2–9 h longer and penetrated 30–190 km further inland, as revealed from different best track datasets. The most significant increase of the TC inland impacts occurred over Hanoi and South China. The physical mechanism that affects TC-related inland impacts is shortly discussed. First, the increasing TC inland impacts just occur in the WNP region, but it is not a global effect. Second, besides the significant WNP warming effects on the enhanced TC landfall intensity and TC inland impacts, it is suggested that the weakening of the upper-level Asian Pacific teleconnection pattern since 1970s may also play an important role, which may reduce the climatic 200 hPa anti-cyclonic wind flows over the Asian region, weakening the wind shear near the Philippine Sea, and may eventually intensify the TC intensity when the TCs across the basin. Moreover, the TC inland impacts in the warming future are projected based on a high-resolution (20 km) global model according to the Representative Concentration Pathway 8.5 scenario. By the end of the 21st century, TC mean landfall intensity will increase by 2 m/s (6%). The stronger storms will sustain 4.9 h (56%) longer and penetrate 92.4 km (50%) farther inland, thereby almost doubling the destructive power delivered to Asian inland regions. More inland locations will therefore be exposed to severe storm–related hazards in the future due to warmer climate. Long-term planning to enhance disaster preparedness and resilience in these regions is called for.
Keywords: tropical cyclone, global warming, East and Southeast Asia, inland impacts, high-resolution model
1 INTRODUCTION
Accompanied by high winds, heavy rainfall, and storm surges, tropical cyclones (TCs) are one of the most devastating types of natural disasters to coastal regions and can inflict huge economic and societal losses (Lee and Wong, 2007; Needham et al., 2015; Cerveny et al., 2017; Khouakhi et al., 2017). The past five decades have seen detectable anthropogenic warming of the climate system, and many modeling studies have suggested that the anthropogenic warming could exert remarkable influences on TCs (Knutson et al., 2010; Murakami et al., 2012a; Patricola and Wehner, 2018; Knutson et al., 2020). Observations also show an increase of intensification rates of strong TCs across the globe (Webster et al., 2005; Elsner et al., 2008; Bhatia et al., 2019). Specifically, the East Asian countries, which suffered most from TC-related disasters, have been exposed to more intense landfalling storms (Park et al., 2011; Mei and Xie, 2016; Li et al., 2017). For example, TC intensity at landfall over China has been increasing in recent decades (Chan, 2008; Mei and Xie, 2016; Li et al., 2017; Liu et al., 2020), which can be an important factor for the lengthening of TC lifetime, extending the distance travelled after landfall, and amplifying storm destructiveness over land (Liu et al., 2020). However, owing to the limited length of reliable historical TC records and substantial interannual to interdecadal climate variability, whether and how the increase in landfall intensity is attributable to human influence or to the substantial level of natural variability is still an area of intense research (Pielke Jr et al., 2005; Lee et al., 2020). Moreover, the aforementioned studies just focused on the China region; changes of landfalling TCs in the entire western North Pacific (WNP) region and their impacts on East to Southeast Asian coastal regions are still not clear.
Apart from historical impacts, future TC influences over land also remain uncertain, and such information is crucial for mitigating storm risks. Numerous studies have shown that TC intensity can be intensified under the global warming condition (Knutson et al., 2010; Murakami et al., 2012a; Mei et al., 2015; Patricola and Wehner, 2018; Knutson et al., 2020), especially from ocean warming, which can provide more enthalpy flux resulting in a stronger potential intensity (Emanuel, 1988). When TCs become more intense in the future, stronger landfall intensity may lead to longer sustaining time and farther distance travelled into inland regions, bringing extreme precipitation and winds to extensive areas. Note that coarse resolution global models with spatial resolution ∼102 km are not able to simulate very intense TCs and reasonable TC structures (Strachan et al., 2013; Roberts et al., 2020). On the other hand, high resolution models, which are able to simulate reasonable TC intensity and the decay process after landfall, provide a way to project changes in TC-related inland hazards under global warming (Chen et al., 2020).
In this study, we will focus on WNP TCs to investigate historical changes of TC-related inland impacts over both East and Southeast Asia regions in the past four decades (1979–2016) based on multiple -best track datasets and discuss the physical process behind. Future changes of TC-related impacts on Asian inland regions under a warmer climate will also be projected through high-resolution numerical simulations. Moreover, the impacts of global warming on the global historical landfalling TCs will be shortly discussed.
2 DATA AND METHODS
2.1 TC Observations and Reanalysis Data
Best track data from four agencies, the Joint Typhoon Warning Center (JTWC), Hong Kong Observatory (HKO), China Meteorological Administration/Shanghai Typhoon Institute (CMA/STI), and the Regional Specialized Meteorological Center (RSMC) Tokyo are used in this study. TC data in the eastern North Pacific (EP), North Atlantic (NA), North Indian Ocean (NIO), South Indian Ocean (SIO), and South Pacific (SP) are provided by HURDAT, HURDAT, JTWC, Bureau of Meteorology (BOM), and JTWC, respectively, which are used for discussing the global change in TCs. All these data are obtained from International Best Track Archive for Climate Stewardship (IBTrACS) version 3 (Knapp et al., 2010). The Japanese 55-year Reanalysis (JRA-55; Kobayashi et al., 2015) is also used when considering atmospheric circulation changes.
2.2 High Resolution Model
Future characteristics of WNP landfalling TCs are projected using the Meteorological Research Institute’s atmospheric general circulation model (MRI-AGCM3.2s), with ∼20-km (T959) resolution in horizontal and 64 unevenly distributed layers in vertical up to 0.01 hPa. The detailed dynamical and physical schemes settings used in the MRI-AGCM3.2s have been elaborated by Murakami et al. (2012b).
In order to evaluate the impacts of global warming on tropical cyclones and their inland influences, the so-called time slice experiments are applied (Bengtsson et al., 1996). In detail, the present-day experiments are forced by monthly-mean SST and sea ice concentration in the period between 1979 and 2003, which are taken from the Met Office Hadley Centre Sea Ice and Sea Surface Temperature version 1 (HadISST1) (Rayner et al., 2003). When forcing the 20 km MRI-AGCM, the monthly-mean SST and sea ice concentration from 1979 to 2003 are interpolated to daily values and prescribed. Two-member ensembles in the present-day experiments are generated by initiating from different initial time. In order to generate SST and sea ice under the global warming conditions from 2075 to 2099, the averaged SST and sea ice departures between 2075 and 2099 and 1979 and 2003 are calculated based on the 28 Coupled Model Intercomparison Project Phase 5 (CMIP5) models according to the Representative Concentration Pathway 8.5 (RCP8.5) scenario. Superimposing such perturbations onto the present-day SST and sea ice, the future prescribed SST and sea ice are built (Mizuta et al., 2014). Thus, the interannual variation of SST and sea ice at the present day is assumed to retain the same in the future. The global warming experiments consist of four ensemble members, each integrated based on different SST warming spatial patterns, with one from the averaged warming pattern of the whole CMIP5 model SST products and the other three different warming types (i.e., stronger warming signals in SP, Central Pacific (CP), and WNP, respectively) from the cluster analysis using 28 CMIP5 models, which were performed by Mizuta et al. (2014). The CP warming cluster will also be used to investigate the projections of TC inland impacts during the future “CP El Niño” like climate.
The TC tracking algorithm follows that of Murakami et al. (2012b), which has been successfully used in the 20-km MRI-AGCMs model. Using this algorithm, the detected global TC number in the present-day (1979–2003) was found and matched with that observed (Murakami et al., 2012b). In the TC tracking algorithm, a storm-like vortex is detected whenever 1) the maximum relative vorticity at 850 hPa exceeds 2.0 × 10–4 s−1; 2) the maximum wind speed at 850 hPa exceeds 17.0 m/s; 3) an evident warm core aloft should be found, that is, the sum of the temperature deviations at 300, 500, and 700 hPa exceeds 2.0 K, which are calculated by subtracting the maximum temperature from the mean temperature over the 10° × 10° grid box at each level centered nearest to the location of maximum vorticity at 850 hPa; 4) the maximum wind speed at 850 hPa is stronger than that at 300 hPa; and 5) the time duration of each detected storm must exceed 36 h.
2.3 Methods
HKO and RSMC use 10-min (V10) average, and CMA/STI the 2-min (V2) mean, while JTWC uses a 1-min average wind speed at 10-m height above ground (V1) (Knapp et al., 2010). This discrepancy can cause significant difference in categorizing TCs. In order to maintain inter-agency consistency, all surface wind measurements are converted to 1-min-based data using the relationships V10 = 0.88 × V1 (Knapp et al., 2010) and V2 = 0.9V1. The latter is based on the relation VCMA/VJTWC ≈ 0.9 at a stronger intensity level (Kruk et al., 2010). Using these converting algorithms, results for all metrics, that is, landfall TC number (Figure 1A), the annual landfall latitude change (Figure 1B), and the translation speed (Figure 1C), are shown to be consistent among all datasets.
[image: Figure 1]FIGURE 1 | Historical TC characters of (A) TC landfall frequency, (B) latitude of typhoon landfall, and (C) TC translation speed, from the converted JTWC, HKO, CMA/STI, and RSMC best track data, respectively.
In order to obtain robust TC-related inland impacts on the Asian region, five criteria are adopted in selecting landfalling TCs for both observations and model simulations. 1) Only TCs after 1979 are considered, when reliable satellite imageries were available (for observations only); 2) only TCs with peak intensities reaching the tropical storm class or above (i.e., lifetime peak intensity > 17 m/s) are considered, to exclude very weak depressions; 3) once a TC made landfall, the decay process is only considered when its intensity is greater than 17 m/s, to remove uncertainties related to weak intensity; 4) all TCs should make landfall in mainland East and Southeast Asia (TCs crossing Taiwan or the Philippines are not considered as landfall as they will go back to the ocean and may make second landfall); 5) only landfalling TCs that did not return to oceanic sites again are selected, to make sure the whole decay process occurred over land. Tracks of the selected TCs are shown in Figure 2A (from the JTWC best track data).
[image: Figure 2]FIGURE 2 | (A) Tracks of the selected WNP TCs from 1979 to 2016 in the JTWC best track dataset. (B) TCs’ final intensity issued by the HKO. Circles in the red rectangle are the TCs’ terminal intensities announced before 1978. (C) Changes of PDFs of the TC final intensity issued by JTWC, HKO, CMA/STI, and RSMC before and after 1979. (D) Comparisons of Terminal locations typhoons can reach when maintaining maximum wind speed of 17 m/s across different best track datasets.
Note that criterion (1) is necessary as there are significant interagency discrepancies among various WNP best track datasets due to different practices among agencies and changes in assessment methods over time, especially in assessing weaker systems (below tropical storm strength) before the availability of reliable satellite imageries and related intensity assessment methods in 1980s (e.g., Dvorak analysis) and 1990s (e.g., the advanced objective Dvorak technique) (Knapp and Kruk, 2010; Kruk et al., 2010). Figure 2B shows a clear change of the “final intensity” when HKO issued the last TC warning for each individual storm; there was a discernable difference for the terminal intensity between before and after 1979, suggesting that the observed TC decay process may have larger uncertainty in the early years (before 1979). In fact, all the best track data, except RSMC (which roughly starts from 1975), showed stronger TC final intensity before 1979, as inferred from the probability density function (PDF) changes of issued TC final intensity before and after 1979 (see Figure 2C).
After 1979, final intensities for most TCs are around or below 17 m/s (Figures 2B,C). However, the TC terminal intensity distribution still has a spread in the range in 0–17 m/s. In order to reduce such uncertainty, the storm decay process is truncated when the surface wind speed is less than 17 m/s, hence criterion (3). This approach has been adopted in assessing long-term TC trends (see Lee et al., 2020). Note that RSMC estimated most of the TC final intensities greater than 17 m/s, so this dataset will not be used in the following analyses. After shortening of the TC decay process to <17 m/s, TC final stops issued by different best track datasets are consistent (Figure 2D).
The sustaining time and distance over the land are calculated as the time period and total distance travelled by a particular storm during the considered decay process, respectively. The power dissipation index (PDI) over land is calculated as the time integral of cube of the maximum wind speed during the considered decay period after landfall. Annual variations of indices are calculated by taking the average for all landfalling TCs in the same season.
TC frequency difference in Figures 9A,B is calculated using data aggregated in 2.5° × 2.5° grid boxes. Significance of storm frequency change is assessed by Monte Carlo tests with 100,000 random trials. At least 15 years are randomly chosen from a set of TC frequency data (1979–2003 and 2075–2099); frequency difference from two different sets is then calculated, and the process is repeated for 100,000 times. The increase (decrease) trends pass the 95% confidence level at one grid box if the positive (negative) sign of frequency differences on this grid point appear more than 95,000 times in the trials.
The entire trend analyses used in this study is based on the Mann–Kendall (MK) trend test. Annual variations of the indices are used when doing the tests.
3 RESULTS
3.1 Observed Changes of the TC-Related Inland Impacts Over Asian Region
In this study, TCs from 1979 to 2016 and their impacts on the whole East and Southeast Asian inland regions are analyzed based on outlined TC selection criteria. On an average, about 5–6 TCs made landfall in the studied region every year, which is 1–2 more landfalling TCs than that reported by Liu et al. (2020), who focused on the China region. There are marked decadal variations during the last five decades (Figure 1A). The landfalling location also shows secular changes, with a weak poleward shift during the last 50 years, in which the JTWC data passed the 90% confidence level MK test (Figure 1B), consistent with previous investigations (Park et al., 2014; Kossin et al., 2016; Li et al., 2017).
Previous studies have shown a remarkable increase of the TC landfall intensity over the China region (Mei and Xie, 2016; Li et al., 2017; Liu et al., 2020), which may be highly related to the rapid coastal ocean warming over the WNP (Mei and Xie, 2016; Liu et al., 2020). Here, the annual mean landfall intensity in the whole East/Southeast Asian region also shows a remarkable increasing trend of about 1.6 m/s per decade in the JTWC and HKO best track data above the 95% significance level (see the blue and red lines in Figure 3A). However, there is no significant trend of the landfall intensity in the CMA data (see the black line in Figure 3A). Interestingly, it is noteworthy that in addition to possible influence of coastal ocean warming (Mei and Xie, 2016; Liu et al., 2020), landfall intensity is also highly related to the TC lifetime peak intensity change (Figure 3B). All three datasets give a high positive correlation between the peak intensity and landfall intensity (JTWC: 0.56; HKO: 0.65, and CMA: 0.59; see Figure 3C). Moreover, it was found that landfall intensity also correlates negatively with the distance between the position where TC attains lifetime peak intensity and landfall location (referred to as Dpl). Based on multiple linear regression, 1 m/s increase in TC annual peak intensity is related to ∼0.5 m/s rise of landfall intensity on average (JTWC: 0.58 m/s; HKO: 0.53 m/s, and CMA/STI: 0.41 m/s). At the same time, 100 km decrease in Dpl corresponds to ∼0.53 m/s increase in the landfall wind speed (JTWC: 0.6 m/s; HKO: 0.5 m/s, and CMA/STI: 0.5 m/s). The correlation between fitted and observed landfall intensity is much improved when the Dpl factor is included (JTWC: 0.74; HKO: 0.74, and CMA/STI: 0.70; see the scattering plot in Figure 3D). We propose that for larger Dpl, TC will experience longer decay time after its peak and eventually a weaker wind speed at landfall.
[image: Figure 3]FIGURE 3 | (A,B) are the annual mean of TC landfall intensity and lifetime peak intensity, respectively; (C) illustrates the scattering plot of annual mean lifetime peak intensity and landfall intensity from different datasets, while (D) represents relationship between the annual mean observed landfall wind speed and the landfall wind speed fitted from lifetime peak intensity and Dpl. Data are from JTWC, CMA/STI, and HKO.
In the relationship of the TC landfall intensity and the TC inland impacts, Figure 4A shows clear positive relationships between annual mean landfall intensity and sustaining time over land, with ∼0.77/0.51/0.47 h per 1 m/s increase within the 0.001/0.02/0.05 significance level based on JTWC/HKO/CMA best track data. All the best track datasets utilized in our study, that is, JTWC, HKO, and CMA/STI, display a striking extension of the life span of TCs after landfall, which has increased by 2–9 h since the 1979, above the 95% confidence level (see Figure 4B). Due to higher intensity and longer storm duration after landfall, the dissipated wind power over land, represented by PDI, has also doubled (Figure 4C). It is noteworthy that, despite a global slowdown of the TC translation speed reported by Kossin (2018), the robustness of such decreasing trends is still subject to further studies (Lanzante, 2019; Moon et al., 2019). In fact, if just the TCs in the satellite era are considered, no significant trend of these TCs’ translation speed was detected since 1979 (Figure 1C). If the storm translation speed after landfall remains unchanged, the higher intensity and longer sustaining time can substantially increase the travelling distance over land, meaning more inland penetration of storms. Indeed, on an average, there was an increase of ∼100 km (30–190 km) in distance travelled by TCs since 1979 (Figure 4D). These results are consistent with previous studies, which focused on the China region (Chan, 2008; Chen et al., 2011; Liu et al., 2020).
[image: Figure 4]FIGURE 4 | Changes of the influences of WNP TCs over land since the 1979. (A) Relationship between annual mean landfall intensity and time duration over the land; (B–D) are the 11-year moving averaged sustaining time, PDI, and travelling distance over the land from JTWC, HKO, and CMA/STI best track datasets, respectively.
As the East and Southeast Asia coastline is long, the changes of the TC inland impacts may be spatially different. To further investigate the TC inland impacts on different areas in the Asian region, the Asia land area is divided into three parts, Southeast Asia (latitude in 10°N–20°N), Hanoi and South China (in 20°N–25°N), and East China (>25°N). TCs making landfall in the three regions are then analyzed. First, there was an obvious poleward shift of TCs. A dramatic decrease trend of TC landfall frequency over the Southeast Asian region was detected from all the three datasets in the 0.05 significance level (see Figure 5A1), while an increase of TC landfall frequency over East China and above was found in JTWC and CMA/STI datasets within the 0.05 significance level (Figure 5C1). Second, the TC inland impacts, that is, TC intensity at landfall, sustaining time, and travelling distance over the land, showed different changes in the regions. The Southeast Asia region experienced steady change of TC landfall intensity, sustaining time, and translating distance over land (Figures 5A2–A4). The most significant increasing trends were found over the Hanoi and South China region (Figures 5B2–B4), with all the above parameters passing the 0.05 significance level MK trend test, except the TC landfall intensity change in the CMA best track dataset. In the East China region, although the increasing trend of landfall intensity was detected within the 0.05 significance level in all the datasets (Figure 5C2), the sustaining time and travelling distance over land did not show significant trends except JTWC (Figures 5C3,C4).
[image: Figure 5]FIGURE 5 | TC inland impacts in different Asian regions. (A1–A4) show TCs making landfall in the Southeast Asia region (10–20°N), while (B1–B4) TCs making landfall in the Hanoi and South China region (20–25°N) and (C1–C4) in the East China region and above (>25°N). Panels in the first column (A1, B1, C1) are the TC landfall frequency change, and the second (A2,B2,C2), third (A3,B3,C3), and fourth (A4,B4,C4) columns are for the TC landfall intensity, sustaining time, and traveling distance over the land, respectively. The plots are in 11-year moving average to show clearer changes of the parameters.
3.2 Future Projection of TC-Related Asian Inland Impacts
3.2.1 Model Evaluation
In this study, the 20-km MRI-AGCM3.2s model is used to project changes of storm-related impacts over continental East and Southeast Asia regions. MRI-AGCM3.2s can reproduce present-day (1979–2003) global TC characteristics well, such as TC numbers and distribution, including extremely intense (categories 4 + 5) TCs (Murakami et al., 2012b). Here, as the land-falling TCs are also considered in this study, the performance of MRI-AGCM3.2s-simulated land-falling TCs is evaluated.
First, in the historical period (1979–2003), the MRI-AGCM3.2s reasonably captured the historical TC genesis and TC occurrence frequency patterns (see Figure 6), with a relative overestimated TC genesis frequency over south part of the South China Sea (SCS) and a slightly underestimated TC genesis frequency over the Philippine Sea (Figures 6A,C). The TC genesis pattern has led to an overestimated TC frequency over south part of the SCS and slightly underestimate TC frequency over the north part of the SCS and western part of WNP (Figures 6B,D). More details are compared in Table 1. First, compared to the HKO best track data, MRI simulated ∼1.5 less landfall TCs every year over the Asian coastline in a 95% confidence level, while with stronger simulated TC lifetime peak and landfall wind speed above the 0.05 significance level (see the first two columns in Table 1). For the other parameters, MRI simulated reasonable TC inland impacts, that is, comparable TC sustaining time and travelling distance over the land (see Table 1).
[image: Figure 6]FIGURE 6 | Comparisons of observed (A,B) and MRI-AGCM3.2s–simulated (C,D) WNP land-falling TCs genesis frequency (A,C), and occurrence frequency (B,D) in the period between 1979 and 2003.
TABLE 1 | HKO-observed and MRI-AGCM3.2s-simulated WNP parameters in the historical (1979–2003) and global warming (2075–2099) conditions according to RCP8.5 scenario.
[image: Table 1]In MRI-AGCM3.2s, a clear relationship between TC landfall and lifetime peak intensity (Figure 7A) and Dpl can also be found, with 0.67 (0.8) m/s increase in landfall wind speed per m/s (−100 km) peak intensity (Dpl) change (under the 0.001 confidence level, with p = 0.81). Figure 7B also shows the MRI model–simulated relationship between landfall intensity and TC time duration over land, with 0.53 h per m/s landfall intensity change above the 98% confidence level, which is comparable to the observed value (Figure 4A). The reasonable TC peak intensity/Dpl–landfall intensity relation and inland impacts illustrate that the 20 km MRI-AGCM can simulate a reasonable TC decay process before and after landfall. Note that as MRI-AGCM simulates stronger TC intensity, the PDI are simulated stronger than observed both over the land and over the ocean (see the first two columns in Table 1).
[image: Figure 7]FIGURE 7 | MRI-AGCM3.2s simulated relationships in (A) between TC annual lifetime peak intensity and the landfall wind speed and (B) between the TC annual landfall wind speed and time duration over the land.
3.2.2 Projected TC-Related Asian Inland Impacts
Compared to present-day TC landfall climatology, it is projected that the 2075–2099 ensemble mean WNP TC lifetime peak intensity would increase by ∼3 m/s (9%), with its PDF shifted to more intense side under global warming (see the red line in Figure 8 and the last column in Table 1), while the TC landfall intensity is projected to increase by 2 m/s (6%) under the RCP8.5 scenario, also with PDF change shifted to stronger values (Figure 8B). The results are generally in line with the latest assessments from the WNP perspective (Knutson et al., 2020), which have been suggested to be driven by anthropogenic warming (Knutson et al., 2010; Murakami et al., 2012a; Knutson et al., 2020). On the other hand, there is no significant change of Dpl in the global warming future (Figure 8C). Interestingly, it is found that the TC lifetime peak and landfall intensity will even be intensified by 10.5 m/s (22%) and 5.1 m/s (14.9%) under the CP warming condition (see the last second column in Table 1). The PDFs of the peak and the landfall wind speed under the CP warming condition are also further shifted to greater values (dashed green lines in Figures 8A,B). This indicates when CP El Niño occurs under the global warming condition, TCs are projected to be even stronger than those under the normal global warming. In fact, numerous studies have reported that variations of TC activity in the WNP is strongly influenced by the occurrence of El Niño (Wang and Chan, 2002; Camargo and Sobel, 2005; Kim et al., 2011; Coats and Karnauskas, 2017; Karamperidou et al., 2017; Xu et al., 2017; Seger et al., 2019), especially during the CP El Niño events (Chen and Tam, 2010; Zhao and Wang, 2019). When CP El Niño occurs, a large-scale cyclonic anomaly forms over the WNP (Chen and Tam, 2010), and at the same time, vertical wind shear over western part of the WNP can be reduced (Zhao and Wang, 2019), which are favorable for TC genesis and intensification. On the other hand, TCs are not significantly intensified under the WP warming condition. One possible reason may be the projected 17.5 h shorter TC time duration over the ocean in the WP warming compared to the historical experiments, which can reduce the TC evolution time and limit the TC intensification process.
[image: Figure 8]FIGURE 8 | MRI-AGCMs simulated and projected PDFs changes of WNP TC and TC inland impacts. (A–C) are the PDFs changes of TC lifetime peak intensity, landfall intensity, and Dpl, respectively. (D–F) are the changes of PDFs of sustaining time, distance travelled, and PDI over land, respectively. Blue lines and red lines represent data in the present-day (1979–2003) and global warming condition ensemble mean (2075–2099) according to RCP8.5 scenario, respectively, while dashed green lines represent data in the CP warming cluster.
The TC inland impacts over the East and Southeast Asian regions are also strengthened. The averaged TC sustaining time and distance travelled over land from 2075 to 2099 can increase by 4.9 ± 3.4 h (56%) and 92.4 ± 67.3 km (50%), with the PDI doubled above the 95% significance level based on the Student’s t test in the ensemble mean. The PDFs of the indices display clear shifts to stronger values (red lines in Figures 8D–F). TC inland impacts can be even stronger in the occurrence of CP El Niño under the global warming condition. For runs belonging to the CP warming cluster, inland impacts will be much stronger, with averaged sustaining time over land increased by 10 h (109%), distance travelled by 181 km more (99%), and the PDI almost tripled (dashed green lines in Figures 8D–F).
Another TC impact can be shown by the TC landfall frequency change. The WNP storm frequency is projected to decrease under warming conditions. Figure 9A shows the projected change in TC frequency over WNP and Asian inland regions (2075–2099 minus 1979–2003). A dramatical decrease of storms can be seen over SCS and southwest part of WNP. The landfall frequency is also projected to decrease by ∼2 (see Table 1). Such dramatic TC landfall frequency decrease is mainly due to the decrease of TC genesis frequency. In specific, it is found that the TC genesis and landfall frequency in the present-day simulation are 24.24 and 4.7, respectively, over the WPN region, and the success landfall rate is 19.4%, while the ensemble mean TC genesis and landfall frequency over WNP are 12.39 and 2.5, respectively, with the success landfall rate 20.2%, which is similar with the rate in present-day simulations. For the simulations with different warming cluster SST-mean/WP/CP/SP, the genesis and landfall frequency are 12.52/10.84/16.32/9.88 and 2.76/1.76/3.4/2.08, respectively, with a success landfall rate of 22%/16.2%/20.8%/21.1%. The similar landfall rates indicate the TC genesis frequency change is the main factor that will cause the decrease of the TC landfall frequency. Although a poleward shift of the TC track has been projected in the global warming condition (see Figure 9A), the TCs can still succeed to make landfall. Note that the landfall rate in WP warming experiment show an obvious decrease, which may indicate the TC track may also play an important role.
[image: Figure 9]FIGURE 9 | MRI-AGCM3.2s projected WNP TC frequency change between the present-day (1979–2003) and global warming condition (2075–2099) according to RCP8.5 scenario. (A) TC frequency change in the global warming ensemble mean, computed for 2.5° × 2.5° grid boxes. (B) same as (A) but the 2075–2099 period is based on the CP warming cluster. Black dots represent values passing the 0.05 significance level based on Monte Carlo tests.
Although less TCs are projected to make landfall, the TCs are expected to sustain longer time and penetrate to further Asian inland regions, and more TCs may still be found in Asian inland regions. In fact, TC frequency over inland places in Central China can be found to increase by ∼0.15 per year per each 2.5° × 2.5° grid box in the 2075–2099 period. There is also a poleward shift of WNP TC tracks, implying more landfalling TCs over mid- to high-latitude regions such as southern Japan, Korea, and even Russia. For the TCs under the CP warming condition, a substantial decrease of TC frequency can still be found, while more TCs can be found near 140°E, where the environment has been reported to be favorable for the TC genesis and intensification during CP El Niño years (Chen and Tam, 2010; Zhao and Wang, 2019). Moreover, 0.3–0.5 more TCs are projected in the Central, East, and North China land area in the CP warming cluster compared to the present-day simulations (Figure 9B), and the TC inland frequency is more than that from the ensemble mean (Figure 9A).
Interestingly, the dramatic increase of TC sustaining time in the model projections cannot be well explained by increased landfall intensity; 2 m/s increase in landfall intensity is responsible for ∼1 h longer sustaining time, according to the 0.53 h/per 1 m/s ratio in the MRI model (Figure 7B). Moreover, the landfall intensity–TC sustaining time over land is weaker and less significant under the global warming condition (below 90% confidence level). Thus, we propose that the “decay rate” is another factor determining TC duration after landfall (Liu et al., 2020). To further understand this, the e-folding decay time scale of TCs after landfall are calculated (Kaplan and DeMaria, 1995). It is found that the decay scale can be lengthened by ∼6.4 h under the anthropogenic warming condition (above the 95% significance level). The cumulative distribution function (CDF) of this parameter is shifted to stronger values in the RCP8.5 scenario compared to the present-day run CDF, and the TC decay time scale can be even larger in the CP warming cluster (Figure 10); some TCs can decay very slowly and sustain for several days (Figure 10). The lengthened decay time scale may be related to the northward change of TC tracks and landfall locations, making storm to land in regions with flatter topography (Liu et al., 2020). Moreover Li and Chakraborty (2020) showed that SST warming is a key factor for the slowing down of TC decay by enhancing the stock of moisture that a TC carries when making landfall. There are many on-going studies about these mechanisms which need to be further tested (Bosse, 2020; Chavas and Chen, 2020).
[image: Figure 10]FIGURE 10 | Compared CDFs of TC decay time scale between the present-day (1979–2003, solid blue line), global warming ensemble mean (2075–2099, solid red line), and the CP warming cluster (dashed green line) according to RCP8.5 scenario, respectively, based on the MRI-AGCMs simulations.
4 CONCLUSIONS AND DISCUSSION
In this study, a dramatic increase of WNP TC impacts on East and Southeast Asian inland regions has been found. Since the year of 1979, stronger landfalling TCs with a longer sustaining period and farther penetration to inland regions of East and Southeast Asia were observed, while the most significant increase of TC inland impacts occurred over Hanoi and South China regions. The results are consistent with previous studies over the China region (Liu et al., 2020). Moreover, the IBTrACS version 4 (Knapp et al., 2018), which includes TCs extended to 2019, also shows consistent TC inland impacts with version 3 best track data. In order to interpret the historical change of the TC landfall intensity, it is found that besides the impacts of coastal ocean warming on the TC intensification before landfall reported by previous studies (Mei and Xie, 2016; Liu et al., 2020), the TC lifetime peak intensity and the Dpl can also play very important roles in the TC landfall intensity change. Stronger peak intensity can drive a larger TC intensity at landfall, while for larger Dpl, TC will experience longer decay time after its peak and eventually a weaker wind speed at landfall. Also, the impacts of anthropogenic warming on TC-related Asian inland regions impacts have been evaluated by the 20-km MRI-AGCMs global model. Compared to the present era (1979–2013), WNP TCs would experience stronger landfall intensity under the warming conditions (2075–2099) in RCP8.5 scenario, and sustain longer time duration after landfall, invading further Asian inland regions with stronger dissipating energy released. The TC inland impacts would be even stronger in the CP warming pattern under the global warming condition. The past decades have seen a rapid global urbanization from the coastal regions to more and more inland locations. However, some inland places may not be well prepared for such TC impacts. For these inland regions, it is necessary to build up higher resilience to TC-related disasters in the future.
However, the historical TC impacts on inland regions are still regionally dependent. It is found that except the WNP and SIO which experienced significant increase trends and decrease trend respectively above the 0.05 significance level, the statistics in other regions are marginally significant (Figures not shown).
Moreover, the impact of the WNP ocean warming on the TC landfall intensity should be further investigated. Although the rapid SST warming over the WNP, especially near the East Asia coastal region, has been tied to the TC intensification of the landfall intensity (Mei and Xie, 2016), the warming (∼1 K) may not fully directly address such strong TC intensification just by the entropy increase. Modelling studies have shown that 1 K of SST warming can lead to 3–4% increase in TC intensity (Wang and Toumi, 2018). MRI-AGCM3.2s model also roughly follows the sensitivity ratio of ∼3 m/s (9%) intensification of TC lifetime peak intensity for 2.5–3 K SST warming. However, there was a ∼6 m/s (20%) increase in TC landfall intensity observed since 1979 (see the results from JTWC and HKO in Figure 3A), which may not be fully explained by the WNP SST warming. Meanwhile, a robust weakened vertical wind shear over the Asian coastal area and the east of the Philippines since 1970s has been detected (see Figure 11A, and Figure 9B from Li et al., 2017), which is favorable for TC structure and intensity maintenance (Gray, 1968; Wong and Chan 2004), and might also play an important role in the intensification of WNP TCs’ landfall intensity (Li et al., 2017). The annual mean of the vertical wind shear over the WNP region (see the red box in Figure 11A) shows a significant decrease trend (∼0.36 m/s per decade) at the 0.05 significance level in the MK test, and negatively correlated with TC annual landfall intensity at the 0.05 significance level (see Figure 11B). 1 m/s decrease of the vertical wind shear over this region may be responsible for ∼1.25 m/s increase in TC intensity at landfall through the linear regression model based on JTWC best track data. The decrease of the vertical wind shear at the east of the Philippines was pointed to be related with the enhanced Walker circulation which increased the low-level anticyclonic wind flows and reduced the vertical wind shear over the Philippines Sea (Park et al., 2014). It was suggested that the strengthened Walker circulation was closely related to the increasing zonal SST gradient over the tropical Pacific, which was driven by the significant warming of SST in the WNP while a weak cooling in the central Pacific. (Park et al., 2014; Li et al., 2017). Apart from the low-level wind flow changes, here we also found the weakened of the upper-level Asian Pacific teleconnection pattern since 1979 may also play an important role. As shown in Figure 12A, there is a seesaw zonal teleconnection pattern over the extratropical Asian Pacific region, and it can be characterized by the contrast of climatological upper-level (200–500 hPa) circulation, that is, the South Asian high, and to the variable cold, low-pressure trough to the east over the eastern North Pacific. Note that the upper-level thermal contrast between continental East Asia and eastern North Pacific has been weakening since 1970s (−0.3°C per decade, see shading in Figure 12B). Meanwhile, the zonal 200-hPa geopotential height gradient has also weakened (see contours in Figure 12B). These secular changes acted to reduce upper-level northeasterlies in the South China Sea and surrounding ocean areas near the Philippines (vectors in Figure 12B), lowering the vertical wind shear there (Figure 12C). Results derived from the NCEP reanalysis I (Kalnay et al., 1996) and ERA-Interim (Berrisford et al., 2009) also support the above conclusions (figures not shown). This see-saw teleconnection pattern change is highly related to the Asian-Pacific Oscillation (APO, Zhao et al., 2007), which shows multiple variabilities from the interannual to interdecadal timescales (Zhou et al., 2008; Zhao et al., 2012). The weakening of the APO in the past decades has been described as shifting to the negative phase of its interdecadal mode, according to 100 years of historical records (Zhao et al., 2012). However, APO may also be affected by anthropogenic forcing, and it is projected to further weaken under global warming conditions based on CMIP5 model simulations (Zhou, 2016). How much of this historical weakening signal is due to human-related forcing is still unclear. Moreover, anthropogenic aerosol emissions in Indian and Asian regions may also reduce the local incoming radiation, cooling down the local temperature (Giorgi and Qian, 2002; Chen et al., 2019), which may eventually affect the upper-level circulation, and should be further investigated.
[image: Figure 11]FIGURE 11 | (A) Linear trend of vertical wind shear (m/s per decade) in JJASO over WNP and the Asian region, 1979–2016. The area in the red box is where strongest vertical wind shear change occurs. Black dots denote trend signals passing the 0.05 significance level according to the Mark–Kendall test. Data are from JRA-55. (B) Comparison of the annual mean vertical wind shear change within the red box in (A) and the annual mean landfall intensity change. TC landfall intensities are calculated from JTWC and HKO best track datasets.
[image: Figure 12]FIGURE 12 | General circulation change and weakened vertical wind shear over far western WNP. (A) 1970–2016 summer season (JJASO) climatological values of the 500–200 hPa layer mean eddy temperature (i.e. with zonal average removed; shading, Units: K), 200 hPa eddy geopotential height (contours, Units: m), and 200 hPa wind (vectors Units: m/s). (B) Same as (A) but for linear trends (in per decade) of the same variables. (C) Linear trend of vertical wind shear (m/s per decade) in JJASO, 1970–2016. The region in the red box is where most of WNP landfalling typhoons pass by. Vectors in (B) and black dots in (C) denote trend signals passing the 0.05 significance level according to the Mark–Kendall test.
DATA AVAILABILITY STATEMENT
The IBTrACS data for both version 3 and version 4 are retrieved from https://climatedataguide.ucar.edu/climate-data/ibtracs-tropical-cyclone-best-track-data. HadISST 1.1 monthly data is obtained from https://climatedataguide.ucar.edu/climate-data/sst-data-hadisst-v11. The JRA-55 reanalysis data can be downloaded at https://rda.ucar.edu/datasets/ds628.1/index.html. NCEP Reanalysis data is provided at https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html. ERA-Interim is from https://www.ecmwf.int/en/forecasts/datasets/. The MRI-AGCM model experiments are carried out by Japan Meteorological Agency (model documentation can be found at http://www.glisaclimate.org/model-inventory/meteorological-research-institute-agcm-version-32s).
AUTHOR CONTRIBUTIONS
Conceptualization: JC, C-YT, ZW, and KC; data collection and analysis: JC and HM; methodology: JC, C-YT, ZW, KC, HM, and N-CL; writing original draft: JC; all the co-authors participated the manuscript review and editing.
FUNDING
C-YT and ZW was supported by the National Key Research and Development Program of China (Ref. No. 2019YFC1510400). C-YT was also supported by the Hong Kong Research Grant Council’s General Research Fund (No. 14306115) and the Shenzhen Research Institute, the Chinese University of Hong Kong (Grant No. 2019YFC1510402). ZW is supported by Guangdong Major Project of Basic and Applied Basic Research (2020B0301030004). JC is supported by the National Natural Science Foundation of China (Grant No. 42105161). The appointment of N-CL at The Chinese University of Hong Kong was supported by a professorship of the AXA Research Fund.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
The authors acknowledge the MRI-AGCM model group in the Japan Meteorological Agency for MRI-AGCM model ensemble data. The authors would like to thank the editor and reviewers for their constructive comments.
REFERENCES
 Bengtsson, L., Botzet, M., and Esch, M. (1996). Will Greenhouse Gas-Induced Warming over the Next 50 Years lead to Higher Frequency and Greater Intensity of Hurricanes?Tellus A 48 (1), 57–73. doi:10.1034/j.1600-0870.1996.00004.x
 Berrisford, P., Dee, D., Fielding, K., Fuentes, M., Kållberg, P., et al. (2009). The ERA-Interim Archive. ERA Rep. Ser. 1, 1–16. 
 Bhatia, K. T., Vecchi, G. A., Knutson, T. R., Murakami, H., Kossin, J., Dixon, K. W., et al. (2019). Recent Increases in Tropical Cyclone Intensification Rates. Nat. Commun. 10 (1), 635–639. doi:10.1038/s41467-019-08471-z
 Bosse, F. (2020). Slower Decay of Landfalling Hurricanes in a Warmer World - ReallyClim. Etc 587, 230-234. Available at: https://judithcurry.com/2020/11/17/slower-decay-of-landfalling-hurricanes-in-a-warmer-world-really/.
 Camargo, S. J., and Sobel, A. H. (2005). Western North Pacific Tropical Cyclone Intensity and ENSO. J. Clim. 18 (15), 2996–3006. doi:10.1175/jcli3457.1
 Cerveny, R. S. (2017). WMO Assessment of Weather and Climate Mortality Extremes: Lightning, Tropical Cyclones, Tornadoes, and Hail. Weather, Clim. Soc. 9 (3), 487–497. doi:10.1175/wcas-d-16-0120.1
 Chan, J. C. (2008). Decadal Variations of Intense Typhoon Occurrence in the Western North Pacific. Proc. R. Soc. A: Math. Phys. Eng. Sci. 464 (2089), 249–272. doi:10.1098/rspa.2007.0183
 Chavas, D., and Chen, J. (2020). Tropical Cyclones Could Last Longer after Landfall in a Warming World. Nature 587, 200–201. doi:10.1038/d41586-020-03118-2
 Chen, G., and Tam, C.-Y. (2010). Different Impacts of Two Kinds of Pacific Ocean Warming on Tropical Cyclone Frequency over the Western north pacific. Geophys. Res. Lett. 37 (1), L01803. doi:10.1029/2009gl041708
 Chen, J., Wang, Z., Tam, C. Y., Lau, N. C., Lau, D. S. D., and Mok, H. Y. (2020). Impacts of Climate Change on Tropical Cyclones and Induced Storm Surges in the Pearl River Delta Region Using Pseudo-global-warming Method. Scientific Rep. 10 (1), 1–10. doi:10.1038/s41598-020-58824-8
 Chen, W., Dong, B., Wilcox, L., Luo, F., Dunstone, N., and Highwood, E. J. (2019). Attribution of Recent Trends in Temperature Extremes over China: Role of Changes in Anthropogenic Aerosol Emissions over Asia. J. Clim. 32 (21), 7539–7560. doi:10.1175/jcli-d-18-0777.1
 Chen, X., Wu, L., and Zhang, J. (2011). Increasing Duration of Tropical Cyclones over china. Geophys. Res. Lett. 38 (2).L02708doi:10.1029/2010gl046137
 Coats, S., and Karnauskas, K. B. (2017). Are Simulated and Observed Twentieth century Tropical Pacific Sea Surface Temperature Trends Significant Relative to Internal Variability?Geophys. Res. Lett. 44 (19), 9928–9937. doi:10.1002/2017gl074622
 Elsner, J. B., Kossin, J. P., and Jagger, T. H. (2008). The Increasing Intensity of the Strongest Tropical Cyclones. Nature 455 (7209), 92–95. doi:10.1038/nature07234
 Emanuel, K. A. (1988). The Maximum Intensity of Hurricanes. J. Atmos. Sci. 45 (7), 1143–1155. doi:10.1175/1520-0469(1988)045<1143:tmioh>2.0.co;2
 Giorgi, F., Bi, X., and Qian, Y. (2002). Direct Radiative Forcing and Regional Climatic Effects of Anthropogenic Aerosols over East Asia: A Regional Coupled Climate‐chemistry/aerosol Model Study. J. Geophys. Res. Atmospheres 107 (D20), 7-18. doi:10.1029/2001jd001066
 Gray, W. M. (1968). Global View of the Origin of Tropical Disturbances and Storms. Monthly Weather Rev. 96 (10), 669–700. doi:10.1175/1520-0493(1968)096<0669:gvotoo>2.0.co;2
 Kalnay, E., Kanamitsu, M., Kistler, R., Collins, W., Deaven, D., and Gandin, L. (1996). The NCEP/NCAR 40-year Reanalysis Project. Bull. Am. Meteorol. Soc. 77 (3), 437–472. doi:10.1175/1520-0477(1996)077<0437:tnyrp>2.0.co;2
 Kaplan, J., and DeMaria, M. (1995). A Simple Empirical Model for Predicting the Decay of Tropical Cyclone Winds after Landfall. J. Appl. meteorology 34 (11), 2499–2512. doi:10.1175/1520-0450(1995)034<2499:asemfp>2.0.co;2
 Karamperidou, C., Jin, F. F., and Conroy, J. L. (2017). The Importance of ENSO Nonlinearities in Tropical pacific Response to External Forcing. Clim. Dyn. 49 (7-8), 2695–2704. doi:10.1007/s00382-016-3475-y
 Khouakhi, A., Villarini, G., and Vecchi, G. A. (2017). Contribution of Tropical Cyclones to Rainfall at the Global Scale. J. Clim. 30 (1), 359–372. doi:10.1175/jcli-d-16-0298.1
 Kim, H. M., Webster, P. J., and Curry, J. A. (2011). Modulation of North Pacific Tropical Cyclone Activity by Three Phases of ENSO. J. Clim. 24 (6), 1839–1849. doi:10.1175/2010jcli3939.1
 Knapp, K. R., Diamond, H. J., Kossin, J. P., Kruk, M. C., and Schreck, C. J. (2018). International Best Track Archive for Climate Stewardship (IBTrACS) Project, Version 4. NOAA National Centers for Environmental Information. doi:10.25921/82ty-9e16
 Knapp, K. R., Kruk, M. C., Levinson, D. H., Diamond, H. J., and Neumann, C. J. (2010). The International Best Track Archive for Climate Stewardship (IBTrACS): Unifying Tropical Cyclone Data. Bull. Am. Meteorol. Soc. 91 (3), 363–376. doi:10.1175/2009bams2755.1
 Knapp, K. R., and Kruk, M. C. (2010). Quantifying Interagency Differences in Tropical Cyclone Best-Track Wind Speed Estimates. Monthly Weather Rev. 138 (4), 1459–1473. doi:10.1175/2009mwr3123.1
 Knutson, T. R., McBride, J. L., Chan, J., Emanuel, K., Holland, G., Landsea, C., et al. (2010). Tropical Cyclones and Climate Change. Nat. Geosci. 3 (3), 157–163. doi:10.1038/ngeo779
 Knutson, T. R., Camargo, S J, Chan, J C. L, Emanuel, K, Ho, C-H, Kossin, J, et al. (2020). Tropical Cyclones and Climate Change Assessment: Part II: Projected Response to Anthropogenic Warming. Bull. Am. Meteorol. Soc. 101 (3), E303–E322. doi:10.1175/bams-d-18-0194.1
 Kobayashi, S., Ota, Y., Harada, Y., Ebita, A., Moriya, M., Onoda, H., et al. (2015). The Jra-55 Reanalysis: General Specifications and Basic Characteristics. J. Meteorol. Soc. Jpn. Ser. 93 (1), 5–48. doi:10.2151/jmsj.2015-001
 Kossin, J. P. (2018). A Global Slowdown of Tropical-Cyclone Translation Speed. Nature 558 (7708), 104–107. doi:10.1038/s41586-018-0158-3
 Kossin, J. P., Emanuel, K. A., and Camargo, S. J. (2016). Past and Projected Changes in Western North Pacific Tropical Cyclone Exposure. J. Clim. 29 (16), 5725–5739. doi:10.1175/jcli-d-16-0076.1
 Kruk, M. C., Knapp, K. R., and Levinson, D. H. (2010). A Technique for Combining Global Tropical Cyclone Best Track Data. J. Atmos. Oceanic Technology 27 (4), 680–692. doi:10.1175/2009jtecha1267.1
 Lanzante, J. R. (2019). Uncertainties in Tropical-Cyclone Translation Speed. Nature 570 (7759), E6–E15. doi:10.1038/s41586-019-1223-2
 Lee, T.-C., and Wong, C. (2007). “Historical Storm Surges and Storm Surge Forecasting in Hong Kong,” in Hong Kong Observatory, Paper for the JCOMM Scientific and Technical Symposium on Storm Surges (SSS) in Seoul Seoul: Hong Kong Observatory. 
 Lee, T. C., Knutson, T. R., Nakaegawa, T., Ying, M., and Cha, E. J. (2020). Third Assessment on Impacts of Climate Change on Tropical Cyclones in the Typhoon Committee Region–Part I: Observed Changes, Detection and Attribution. Trop. Cyclone Res. Rev. 9 (1), 1–22. doi:10.1016/j.tcrr.2020.03.001
 Li, L., and Chakraborty, P. (2007). Slower Decay of Landfalling Hurricanes in a Warming World. Nature 587, 230–234. doi:10.1038/s41586-020-2867-7
 Li, R. C., Zhou, W., Shun, C., and Lee, T. C. (2017). Change in Destructiveness of Landfalling Tropical Cyclones over china in Recent Decades. J. Clim. 30 (9), 3367–3379. doi:10.1175/jcli-d-16-0258.1
 Liu, L., Wang, Y., Zhan, R., Xu, J., and Duan, Y. (2020). Increasing Destructive Potential of Landfalling Tropical Cyclones over china. J. Clim. 33 (9), 3731–3743. doi:10.1175/jcli-d-19-0451.1
 Mei, W., and Xie, S.-P. (2016). Intensification of Landfalling Typhoons over the north- West pacific since the Late 1970s. Nat. Geosci. 9 (10), 753–757. doi:10.1038/ngeo2792
 Mei, W., Xie, S. P., Primeau, F., McWilliams, J. C., and Pasquero, C. (2015). Northwestern Pacific Typhoon Intensity Controlled by Changes in Ocean Temperatures. Sci. Adv. 1 (4), e1500014. doi:10.1126/sciadv.1500014
 Mizuta, R., Arakawa, O., Ose, T., Kusunoki, S., Endo, H., and Kitoh, A. (2014). Classification of Cmip5 Future Climate Responses by the Tropical Sea Surface Temperature Changes. SOLA 10, 167–171. doi:10.2151/sola.2014-035
 Moon, I.-J., Kim, S.-H., and Chan, J. C. (2019). Climate Change and Tropical Cyclone Trend. Nature 570 (7759), E3–E5. doi:10.1038/s41586-019-1222-3
 Murakami, H., Wang, Y., Yoshimura, H., Mizuta, R., Sugi, M., Shindo, E., et al. (2012b). Future Changes in Tropical Cyclone Activity Projected by the New High-Resolution MRI-AGCM. J. Clim. 25 (9), 3237–3260. doi:10.1175/jcli-d-11-00415.1
 Murakami, H., Mizuta, R., and Shindo, E. (2012a). Future Changes in Tropical Cyclone Activity Projected by Multi-Physics and Multi-SST Ensemble Experiments Using the 60-Km-Mesh Mri-Agcm. Clim. Dyn. 39 (9-10), 2569–2584. doi:10.1007/s00382-011-1223-x
 Needham, H. F., Keim, B. D., and Sathiaraj, D. (2015). A Review of Tropical Cyclone- Generated Storm Surges: Global Data Sources, Observations, and Impacts. Rev. Geophys. 53 (2), 545–591. doi:10.1002/2014rg000477
 Park, D.-S. R., Ho, C.-H., and Kim, J.-H. (2014). Growing Threat of Intense Tropical Cyclones to East Asia over the Period 1977–2010. Environ. Res. Lett. 9 (1), 014008. doi:10.1088/1748-9326/9/1/014008
 Park, D. S. R., Ho, C. H., Kim, J. H., and Kim, H. S. (2011). Strong Landfall Typhoons in Korea and Japan in a Recent Decade. J. Geophys. Res. Atmospheres 116 (D7), D07105. doi:10.1029/2010jd014801
 Patricola, C. M., and Wehner, M. F. (2018). Anthropogenic Influences on Major Tropical Cyclone Events. Nature 563 (7731), 339–346. doi:10.1038/s41586-018-0673-2
 Pielke, R. A., Landsea, C., Mayfield, M., Layer, J., and Pasch, R. (2005). Hurricanes and Global Warming. Bull. Am. Meteorol. Soc. 86 (11), 1571–1576. doi:10.1175/bams-86-11-1571
 Rayner, N., Parker, D. E., Horton, E. B., Folland, C. K., Alexander, L. V., Rowell, D. P., et al. (2003). Global Analyses of Sea Surface Temperature, Sea Ice, and Night marine Air Temperature since the Late Nineteenth century. J. Geophys. Res. Atmospheres 108 (D14), 4407. doi:10.1029/2002jd002670
 Roberts, M. J., Camp, J, Seddon, J, Vidale, P L, Hodges, K, Vanniere, B, et al. (2020). Impact of Model Resolution on Tropical Cyclone Simulation Using the HighResMIP–PRIMAVERA Multimodel Ensemble. J. Clim. 33 (7), 2557–2583. doi:10.1175/jcli-d-19-0639.1
 Seager, R., Cane, M., Henderson, N., Lee, D. E., Abernathey, R., and Zhang, H. (2019). Strengthening Tropical Pacific Zonal Sea Surface Temperature Gradient Consistent with Rising Greenhouse Gases. Nat. Clim. Change 9 (7), 517–522. doi:10.1038/s41558-019-0505-x
 Strachan, J., Vidale, P. L., Hodges, K., Roberts, M., and Demory, M. E. (2013). Investigating Global Tropical Cyclone Activity with a Hierarchy of AGCMs: The Role of Model Resolution. J. Clim. 26 (1), 133–152. doi:10.1175/jcli-d-12-00012.1
 Wang, B., and Chan, J. C. (2002). How strong ENSO Events Affect Tropical Storm Activity over the Western North Pacific. J. Clim. 15 (13), 1643–1658. doi:10.1175/1520-0442(2002)015<1643:hseeat>2.0.co;2
 Wang, S., and Toumi, R. (2018). Reduced Sensitivity of Tropical Cyclone Intensity and Size to Sea Surface Temperature in a Radiative-Convective Equilibrium Environment. Adv. Atmos. Sci. 35 (8), 981–993. doi:10.1007/s00376-018-7277-5
 Webster, P. J., Holland, G. J., Curry, J. A., and Chang, H.-R. (2005). Changes in Tropical Cyclone Number, Duration, and Intensity in a Warming Environment. Science 309 (5742), 1844–1846. doi:10.1126/science.1116448
 Wong, M. L., and Chan, J. C. (2004). Tropical Cyclone Intensity in Vertical Wind Shear. J. Atmos. Sci. 61 (15), 1859–1876. doi:10.1175/1520-0469(2004)061<1859:tciivw>2.0.co;2
 Xu, K., Tam, C.-Y., Zhu, C., Liu, B., and Wang, W. (2017). CMIP5 Projections of Two Types of El Niño and Their Related Tropical Precipitation in the 21st Century. J. Clim. 30, 849–864doi:10.1175/JCLI-D-16-0413.1
 Zhao, H., and Wang, C. (2019). On the Relationship between ENSO and Tropical Cyclones in the Western North Pacific during the Boreal Summer. Clim. Dyn. 52 (1-2), 275–288. doi:10.1007/s00382-018-4136-0
 Zhao, P., Wang, B., and Zhou, X. (2012). Boreal Summer continental Monsoon Rainfall and Hydroclimate Anomalies Associated with the Asian-Pacific Oscillation. Clim. Dyn. 39 (5), 1197–1207. doi:10.1007/s00382-012-1348-6
 Zhao, P., Zhu, Y., and Zhang, R. (2007). An Asian–Pacific Teleconnection in Summer Tropospheric Temperature and Associated Asian Climate Variability. Clim. Dyn. 29 (2-3), 293–303. doi:10.1007/s00382-007-0236-y
 Zhou, B., Cui, X., and Zhao, P. (2008). Relationship between the Asian-Pacific Oscillation and the Tropical Cyclone Frequency in the Western north pacific. Sci. China Ser. D: Earth Sci. 51 (3), 380–385. doi:10.1007/s11430-008-0014-7
 Zhou, B. (2016). The Asian–Pacific Oscillation Pattern in CMIP5 Simulations of Historical and Future Climate. Int. J. Climatology 36 (15), 4778–4789. doi:10.1002/joc.4668
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Chen, Tam, Cheung, Wang, Murakami, Lau, Garner, Xiao, Choy and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 07 December 2021
doi: 10.3389/feart.2021.762563


[image: image2]
Observed Quantile Features of Summertime Temperature Trends over China: Non-Negligible Role of Temperature Variability
Xing Li1*, Xiao Li1,2, Hedi Ma3, Wenjian Hua2, Shanlei Sun2, Di Wang4 and Chujie Gao5
1Plateau Atmosphere and Environment Key Laboratory of Sichuan Province, College of Atmospheric Science, Chengdu University of Information Technology, Chengdu, China
2Key Laboratory of Meteorological Disaster (KLME), Ministry of Education, Collaborative Innovation Center on Forecast and Evaluation of Meteorological Disasters (CIC-FEMD), Nanjing University of Information Science and Technology, Nanjing, China
3Hubei Key Laboratory for Heavy Rain Monitoring and Warning Research, Institute of Heavy Rain, China Meteorological Administration, Wuhan, China
4China Meteorological Press, China Meteorological Administration, Beijing, China
5Key Laboratory of Marine Hazards Forecasting, Ministry of Natural Resources, College of Oceanography, Hohai University, Nanjing, China
Edited by:
Anning Huang, Nanjing University, China
Reviewed by:
Guolin Feng, National Climate Center, China
Zhaohui Lin, Institute of Atmospheric Physics (CAS), China
Jianping Guo, Chinese Academy of Meteorological Sciences, China
* Correspondence: Xing Li, lx_cuit@163.com
Specialty section: This article was submitted to Interdisciplinary Climate Studies, a section of the journal Frontiers in Earth Science
Received: 22 August 2021
Accepted: 28 October 2021
Published: 07 December 2021
Citation: Li X, Li X, Ma H, Hua W, Sun S, Wang D and Gao C (2021) Observed Quantile Features of Summertime Temperature Trends over China: Non-Negligible Role of Temperature Variability. Front. Earth Sci. 9:762563. doi: 10.3389/feart.2021.762563

Changes in temperature variability can have more serious social and ecological impacts than changes in the mean state of temperature, especially when they are concurrent with global warming. The present study examines the summertime temperatures’ trends over China from the quantile perspective. Through fully investigating the quantile trends (QTs) of the maximum (Tmax) and minimum temperature (Tmin) using the homogenized observation data and quantile regression analysis, we identify evident region-specific quantile features of summertime temperature trends. In most of northern China, the QTs in Tmax and Tmin for all percentiles generally show strong uniform warmings, which are dominated by a warm shift in mean state temperatures. In contrast, the QTs of Tmax in the Yangtze River Basin show distinguishable inter-quantile features, i.e., an increasing tendency of QTs from cooling trends in the lower percentile to warming trends in the higher percentile. Further investigations show that such robust growing QTs of Tmax across quantiles are dominated by the temperature variance. Our results highlight that more attention should be paid to the region-specific dominance of temperature variability in trends and the related causes.
Keywords: extreme temperature, quantile trends, variability, China, summertime
INTRODUCTION
Global warming during the past 50 years is unequivocal, according to the continuous assessments of the Intergovernmental Panel on Climate Change (IPCC) reports (e.g., IPCC, 2012, 2013, 2018, 2021). Such warming is not spread uniformly across the globe; instead, distinctive region-specific features with various magnitudes or even opposite signs are detected.
In particular, previous studies have demonstrated that China has also experienced robust warming trends during the past decades from the national mean perspective (e.g., Ding et al., 2007). However, strong regional and seasonal differences of such warming trends have also been reported (e.g., Qian and Qin, 2006; Xu et al., 2017; Li et al., 2019; Li and Zha, 2019). For example, Li et al. (2019) found that from the long-term (>50a) scale, summertime temperature during the past half-century exhibited a larger warming trend over the north of China, whereas very slight warming or even cooling trends were detected in the south of China. Similarly, this pattern of warming trends is also recognized by several previous studies (Qian and Qin, 2006; Xu et al., 2013; Xu et al., 2017), despite some slight gaps in magnitudes due to different data, methods, and analysis periods. Regarding daily maximum temperature (Tmax) trends, Li et al. (2015) found that the trends of summer Tmax during 1961–2012 over China also showed robust warming in the north and slight warming or cooling in the south, which resembles the above-mentioned warming pattern of mean temperature.
Concurrent with such warming patterns, the trends of high-temperature extreme events (e.g., heatwaves), however, are evidently distinct from that of temperatures, particularly in regions of southern China (e.g., Yangtze River Basin). As revealed by Chen and Zhai (2017), the summertime compound hot events were growing 15–20% (i.e., 2–4 days) per decade, especially in the north China and south China. Hu et al. (2017) investigated the trends of summertime heat days over China and identified a significant increasing trend of heat days in southern China, particularly in the south of the Yangtze River and the southeast coast of China. Meanwhile, evident decreasing trends of heat days were also detected in Henan and Shandong province in their study. Similarly, Qian et al. (2019) also showed that the summertime warm days (TX90P) have significantly increased in western China and East China, whereas slight decreasing trends were coherently detected in some regions of central-eastern China. From the above evidence, it is worth noting that the increasing (decreasing) pattern of heat extremes seems inconsistent with the warming (cooling) pattern of Tmax, especially for South China. This further suggests that the trends of Tmax in different percentiles are probably distinct because most studies used percentile-based indices (e.g., TX90P) to define extreme events. What is the feature and the main cause of the above-mentioned inconsistency (i.e., different trends across percentiles) over China remains unknown.
According to the IPCC SREX report (IPCC, 2012), the variability of extreme temperatures is not only influenced by the mean state shift in temperature, but also related to the changing shape of the temperature distribution (e.g., changes in temperature variance). Furthermore, McKinnon et al. (2016) investigated the relative roles of four statistical moments of temperature distribution (i.e., mean, variance, skewness, and kurtosis) on the summertime temperature trends. Their results showed that the warming trends in summer temperatures over the majority of the Northern Hemisphere were due to shifts in the temperature mean state, but in some specific regions (e.g., mid-to high-latitude Eurasia), changes in temperature variance also make a non-negligible contribution to the trends. As global warming and the concurrent growth of extreme events become more severe, there are growing numbers of studies that highlight the impact of temperature variability on extreme events more widely than the mean state shifts (e.g., Schär et al., 2004; Screen, 2014; Wang et al., 2020; Yang et al., 2021). However, for China, the assessment of relative contribution of temperature mean state shifts and changes in temperature variability to the temperature trends in the context of global warming is still lacking.
In recent years, China has suffered multiple dangerous and deadly heatwaves (e.g., 2013 super summertime heat wave event in southern China; Xia et al., 2016), which caused catastrophic social and economic consequences. Multi-model-based future projections suggest that if global warming persists, deadly heat waves like the 2013 event will become increasingly frequent (e.g., Sun et al., 2014; Sun et al., 2018). Therefore, based on the above gaps, two important scientific questions are raised, namely, what are the quantile features of the summer temperature trends in China? And what is the relative contribution of changes in the mean state and variability of temperatures to the trends? The rest of the article is presented in the following order: Section 2 describes the data and methods used in the study, Section 3 shows the main results of the study, and Section 4 contains the necessary discussions and summaries of the current findings.
DATA AND METHODS
Data
The homogenized China daily maximum and minimum surface air temperature (Tmax and Tmin hereafter) from 2,419 meteorological stations are used to investigate the variations of Tmax and Tmin during 1961–2017. In addition, precipitation data from the same homogenized dataset are also used in this paper to investigate the covariability between temperature and precipitation. Those datasets are derived from the China Meteorological Administration (http://data.cma.cn/en). Comparing with the original station records, the potential inhomogeneities (i.e., influences from non-climatic factors) of the data are significantly reduced in those datasets, and the quality of the observed data are further improved. Details of the production of these datasets are referred to Cao et al. (2016) and Yang and Li (2014). To further minimize the inhomogeneities from missing data and stations’ irregular geographic distribution, two additional criteria are applied:
1) For meteorological variables, the stations that have any missing data of summer days (i.e., June-July-August) during 1961–2017 are excluded;
2) Following Chai et al. (2018) and Li et al. (2019), we introduced a re-grid algorithm to redistribute the station data onto a 0.5° × 0.5° longitude-latitude grids; details can be found in Li et al. (2019).
Finally, the processed meteorological variables are continuous (i.e., no missing data) in time and equal-weighted in space (i.e., 0.5° × 0.5° grid boxes). The illustration of the original stations’ distributions and the re-gridded equal-weighted grid boxes can be found in Supplementary Figure S1.
Quantile Regression
To investigate the role of the changing shape of temperature distributions on its trends across different percentiles, we introduce the quantile regression (QR) method to estimate the quantile trends (QTs). The QR method can be seen as an extension of the method of ordinary least squares (OLS); it can discover more comprehensive relationships between variables in any quantiles (e.g., median). This method has been widely used for assessing the variability of extreme events in recent decades (e.g., McKinnon et al., 2016; Mueller et al., 2016; Yin et al., 2018). A full description of QR method can be found in Koenker and Bassett (1978) and Cade and Noon (2003). The QR source code can be implemented using the python statsmodels (Seabold and Perktold, 2010) package. Detailed information of statsmodels package and QR source code can be found in http://www.statsmodels.org/stable/_modules/statsmodels/regression/quantile_regression.html#QuantReg.
In this study, we first remove the seasonal cycle of Tmax and Tmin in each summer between 1961 and 2017 according to the daily climatology of the whole period (i.e., 1961–2017) to obtain the daily Tmax and Tmin anomalies at summer months (i.e., June-July-August). The QR method is then applied to a 57-year (i.e., 1961–2017) time series of summer daily Tmax (Tmin) anomalies for each grid box (i.e., total series length for QR is 57 years × 92 days), and linear trends in Tmax (Tmin) are calculated in 5% steps from the 5th percentile to the 95th percentile. It should be noted that the interpretation of QR results (i.e., QTs) is very similar to the OLS regression, with the difference that instead of predicting the mean of the dependent variable, quantile regression looks at the quantile of the dependent variable. Here, we illustrate with a specific example: suppose we do QR on a Tmax series and obtain its 90th percentile QT of 0.2°C/10a. This means that if the trend is translated into a change of extremes, then hot days will plausibly increase in this example. Similarly, the 10th percentile QT of Tmax (Tmin) implies a change in cold days (nights). In contrast to OLS regression, which can only predict the mean of the dependent variable, QR can be applied to any quantile points, so by investigating the QT at multiple percentiles, we can establish a better understanding of the variation in the conditional distribution of the temperature series. Specifically, for QTs at the two tails of the temperature distribution, it is closely related to changes in extreme events.
Furthermore, in order to quantify the contribution of changes in temperature mean state and shape of temperature distribution (STD) to the temperature QTs, we can assume that at a certain percentile, the trend in temperature is only influenced by changes in the temperature mean state and STD. Thus, we can measure the change in temperature QTs due to STD as the difference between the temperature QTs and the mean temperature trend (i.e., [image: image]), and the relative contributions of changing STD in temperatures’ trends magnitudes can be calculated as: [image: image]. In addition, some commonly used statistical methods (e.g., linear trend, Empirical Orthogonal Function, Kernel Density Estimation, etc.) are also employed in our study. The significance of the Tmax and Tmin trends in all quantiles are tested using a two-tailed t-test.
RESULTS
Quantile Features of Summertime Tmax and Tmin Trends over China
Previous studies have suggested that changes in STD (e.g., changes in variance, skewness, and kurtosis) can also exert important impacts on temperature extremes (IPCC, 2012; McKinnon et al., 2016; Li et al., 2017). Note that the term “changes in temperature variability” in the following text refers specifically to changes in STD (i.e., variance, kurtosis, and skewness) other than the mean state shift. To investigate whether there are evident differences of Tmax (Tmin) trends among percentiles, Figure 1 shows the selected QTs of summertime Tmax and Tmin at three different percentiles (i.e., 10th, 50th, and 90th percentiles) during 1961–2017 over China. As seen from Figures 1A1–A3, the Tmax QTs clearly show distinguishable features from low to high percentiles, while the Tmin QTs are less variable across different quantiles.
[image: Figure 1]FIGURE 1 | The quantile trends of 1961–2017 summertime Tmax [row (A)] and Tmin [row (B)] at 10th (column 1), 50th (column 2), and 90th (column 3) percentiles, unit: °C/10a. Stippling regions denote trends that are statistically significant at 95% confidence level. The red boxes in the panel (A) represent the Yangtze River Basin (YRB; 27–33°N, 103–122°E).
Specifically, the QTs of Tmax at the 10th percentile exhibits consistent significant warming trends (more than 0.2°C/10a) over most regions in the north of China (i.e., to the north of 40°N), especially for North China (Figure 1A1). In contrast, broad cooling trends are detected in the Yangtze River Basin (YRB) and Huaihe River Basin with significant (p < 0.05) cooling trends of −0.3 to −0.4°C/10a. Compared to the low percentile (10th percentile), the trend of the median (i.e., 50th percentile) of Tmax generally shows a similar warming pattern to the mean Tmax trend over China (e.g., mentioned in Li et al., 2015 and Supplementary Figure S2A). In particular, significant warming trends with a magnitude of 0.2–0.4°C/10a are shown in the north of China (i.e., to the north of 40°N) and coastal areas of South and East China, whereas there is no clear trend in the Central China (slightly warming or cooling with a magnitude less than ±0.1°C/10a; Figure 1A2). For the Tmax at high percentile (i.e., 90th percentile), the pattern of significant warming trends is very similar to that of the median of Tmax, i.e., significant warming trends are detected in the north of China (i.e., to the north of 40°N) and the coastal regions of southeastern China (Figure 1A2 vs. Figure 1A3). Notably, there are two distinguishable characteristics of Tmax trends at 90th percentile in contrast to that of the median. First, for YRB, the robustness and warming magnitude of Tmax trends at the high 90th percentile is stronger (i.e., more grids show significant warming trends) and higher (i.e., 0.2°C/10a higher) than that at the median. Second, significant cooling trends of Tmax at the high percentile with the magnitude of −0.2 to −0.4°C/10a are also detected in the Huang-Huai-Hai plain, where no clear trends are shown at the median (Figure 1A2 vs. Figure 1A3). In conclusion, the QTs of Tmax show a largely consistent and significant warming in the north of China, but in the YRB region, this exhibits an asymmetrical feature across quantiles, i.e., an increasing tendency from cooling at the low percentile (i.e., 10th) to warming at the high percentile (i.e., 90th).
To further interpret the current results, we can roughly link the trend of Tmax at the 90th (50th) percentile to the trend of hot extremes (mean Tmax). Therefore, the current results of Tmax trends at the 50th and 90th percentile generally agree with previous studies regarding the observed trends of mean Tmax and hot extremes during the past 50 years (e.g., Deng et al., 2019; Li et al., 2019; Qian et al., 2019). Moreover, it should be noted that the evident opposite Tmax QTs between the high and low percentiles at the YRB region may be caused by changes in non-mean factors of temperature (e.g., variance and kurtosis), according to McKinnon et al. (2016). This further implies that the changing shape of Tmax distributions (i.e., changes in variance, skewness, and kurtosis) may dominate the trend of hot/cold extremes in the YRB region.
Unlike the Tmax, the QTs of Tmin are more consistent among different percentiles (Figures 1B1–B3), with all QTs showing almost the same trends as the mean Tmin (Supplementary Figure S2B). Taking the trend of the median of Tmin as an example, broad and consistent warming trends are detected nationally, while the warming magnitude in the north of China (0.3–0.5°C/10a to the north of 35°N) is higher than that in the south of China (0.1–0.4°C/10a to the south of 35°N). In addition, the trends of Tmin at 10th and 90th percentiles generally resemble that of the median (Figures 1B1–B3). Comparing the above QT results of Tmin and Tmax, two distinguishable features can be concluded: 1) The QTs of Tmax show an asymmetric feature across percentiles (i.e., an increasing tendency of Tmax trends from low to high percentiles), whereas there are symmetric responses of Tmin trends in all percentiles (Figure 1B), and 2) the warming trends magnitudes of Tmin in all percentiles are higher than that of Tmax, which agrees with the previous findings regarding the more rapid warming of Tmin than Tmax in recent decades (e.g., Davy et al., 2017). Moreover, this asymmetric trends between Tmax and Tmin, irrespective of the quantile, also implies that the diurnal temperature range (DTR) has shown a clear decreasing trend over the past decades, which has been well recognized in recent studies (Xia, 2013; Xue et al., 2019). In addition, physical reasons for the declining DTR are probably related to the sunshine duration, cloud cover, and large-scale vertical motion anomalies (e.g., Liu et al., 2018).
Stability of Quantile Trends of Tmax and Tmin over the YRB Region
In the previous part, we found that there were distinct responses of QTs between Tmax and Tmin, particularly for the YRB region. However, it is obvious that a trend of temperature can be potentially affected by the start and end year (i.e., the position and length of trend window), which in turn introduce uncertainties and reduce the confidence of the current conclusions. Therefore, in this part, we will fully discuss the stability (i.e., uncertainty) of the observed features of the QTs of Tmax and Tmin over the YRB region.
First, we take one particular point (i.e., 120°E, 31°N) in the YRB region as an example to conduct a running window QR analysis (5th to 95th in step of 5%) that covers the window length (WL) from 49 to 57 years and the start year (SY) from 1961 to 1969. Through the running window analysis, the QTs of Tmax and Tmin for 45 different periods will be calculated. It is worth noting that we focus on long-term trends in temperatures in the following analysis, and therefore, only WLs of about 50a or more are shown here. Figures 2A,B exhibit the selecting results (i.e., 10th, 50th, and 90th percentiles) of running window QR analysis for Tmax and Tmin, respectively. A first inspection shows that the QTs of Tmax and Tmin from low to high percentiles within different periods on the whole exhibit similar features to the spatial results of Section 3.1. In detail, consistent cooling trends are detected at the low percentile (i.e., 10th percentile) of Tmax in most of the selected periods (44 periods out of 45; Figure 2A1). For the robustness, significant cooling trends of Tmax in the low percentile with −0.2 to −0.4°C/10a are shown in relatively long periods (i.e., 53–57 years), whereas weak and insignificant cooling trends are shown in relatively short periods (49–51 years). The trends of the median of Tmax generally show consistent and significant moderate (0.1–0.3°C/10a) warming in all periods (except for the trends start at 1961; Figure 2A2). Similarly, consistent but stronger warming trends (0.3–0.5°C/10a) are detected in the Tmax at the high percentile (i.e., 90th) for all periods (Figure 2A3). All the Tmax trends at 90th percentile within different periods are statistically significant (i.e., p < 0.01). For Tmin, running window QT results show uniformly strong and significant warming at every percentile (Figures 2B1–B3), which indicates that the uniform warmings of Tmin at all quantiles for this specific point have a high degree of confidence. In addition to the above results, it appears that the significance of the 10th percentile cooling QTs of Tmax are not consistent across WLs. In particular for the results after the SY of 1965, significance of Tmax QTs across windows are very weak. For interpreting this finding, we extend the WL (SY) of running window QT analysis to 20–57a (1961–1998) in order to provide a panoramic view (Supplementary Figure S3). Interestingly, in addition to the characteristics we show for the long-term QTs, it is also clear that Tmax QTs in all percentiles exhibit significant interdecadal variations, i.e., the cooling trends of the 60–80s and the significant warming trends of the 80s and onwards (Supplementary Figures S3A1–A3). These interdecadal variations reflect the effect of internal climatic variability (e.g., Atlantic Multidecadal Oscillation) or other external forcing factors. Thus, this complex multi-scale interdecadal variations superimposed on the long-term QTs we identified will plausibly lead to different degrees of significance for different WLs.
[image: Figure 2]FIGURE 2 | Running window quantile trends in the 10th (column 1), 50th (column 2), and 90th (column 3) percentiles of Tmax [row (A)] and Tmin [row (B)] at the point (120°E, 31°N) within the YRB region, unit: °C/10a. The x-axis represents the start year of the analysis period, while the y-axis represents the length of the analysis period. White and black dots represent trends that are statistically significant at 99% and 95% confidence levels, respectively.
Furthermore, we calculate the statistics of running window QTs for all the grid points at the YRB region to see whether the quantile features of Tmax and Tmin are still pronounced for the whole region. The results of the statistics (i.e., the first and third quartiles, the median, and the kernel density estimation) are shown as a violin plot (Figure 3). In general, the QT characteristics of Tmin and Tmax mentioned above remain valid in the statistical information (Figure 3) for the YRB region, i.e., the tendency for the Tmax QTs to increase from low to high percentile and the consistent warming of the Tmin QTs at each percentile. Specifically, the uniform features of Tmin are very stable for the YRB region, with the shape of the QTs distribution (outlines of the violin plot, Figure 3) being almost identical for all percentiles. Tmin QTs exhibit a warming of 0.2°C/10a at the median for all selected percentiles, and the majority (over 80%) of the data in the region show warming trends. For Tmax QTs, the shape of the distribution is also consistently spread across the percentiles, but as the quartiles increase, the overall distribution of Tmax QTs shifts upwards (i.e., shifts towards warming). As a result, the 10th percentile of Tmax shows a clear cooling QT (i.e., ∼−0.1°C/10a at the median) and 75% of the data in the YRB region agree with the cooling, while the 90th percentile of Tmax is closer to Tmin QTs (Figure 3). In addition, we can also find that the rate of increase in the QTs of Tmax from the low to high percentiles raises rapidly from −0.1°C/10a at the median to about 0.1°C/10a at the median in the low to medium percentiles (i.e., 10th∼50th, Figure 3). However, in the 50th∼90th interval, Tmax QTs increase at less than half the rate of the 10th∼50th interval. Therefore, it can be inferred from the above results that the tendency of the Tmax intra-quantile QTs identified in the YRB region may be largely attributed to changes in the lower percentiles (e.g., 10th).
[image: Figure 3]FIGURE 3 | Violin plot (showing kernel density estimate of distribution) of running window quantile trends at 10th, 30th, 50th, 70th, and 90th percentiles for all the grid points at the YRB region, with the differences between Tmax (red) and Tmin (blue). Note that the quantile trend analysis for each point is exactly the same as Figure 2. The number of data in each violin is: 45 different running window trends × 318 (265) grid points of Tmax (Tmin) in the YRB region. The meanings of each element within the violin plot can be found in the attached legend box.
The Role of Non-mean Factors in the Tmax and Tmin Trends
From the above sections, we show that the features of QTs between Tmax and Tmin evidently differ from each other. Specifically, evident differences of Tmax QTs among percentiles are observed over the YRB region, whereas QTs of Tmin show consistent warming nationally. Why there are distinct (consistent) QTs of Tmax (Tmin) among percentiles? Previous studies have demonstrated that the changing STD plays an important role in changes of temperature extremes, causing asymmetric responses of temperature between low and high percentiles (McKinnon et al., 2016; Li et al., 2017; Tamarin-Brodsky et al., 2020). Hence in this part, we will discuss the relative contributions of changing mean state and STD on the QTs of Tmax and Tmin.
Figure 4 shows the spatial features of Tmax and Tmin trends in the 10th and 90th percentiles due to changing STD and their relative contributions. As we expected, the changing STD of Tmax caused a broad cooling (warming) trends in the 10th (90th) percentile over the most parts in the south of China (i.e., to the south of 35°N), especially for the YRB region with a cooling (warming) trend of up to ±0.3°C/10a (Figures 4A1,A2). Furthermore, relative contributions of changing STD on Tmax QTs at 10th and 90th percentiles in all grids are also calculated (Figures 4B1,B2). Results show that the absolute magnitudes of Tmax QTs due to changing STD contribute over 70% of the whole Tmax trends in both 10th and 90th percentiles over the majority of the YRB region (Figures 4B1,B2). In addition, further investigations regarding the detailed reasons of the changing STD are also conducted. According to McKinnon et al. (2016), we can roughly express the spatial patterns of temperatures’ QTs due to variance, skewness, and kurtosis by the first three modes of Empirical Orthogonal Function (EOF) analysis on the intra-quantile variations of temperatures QTs. The EOF results of intra-quantile modes of Tmax trends are shown in Figure 5. Looking at the principal components of the EOF, the first mode shows a clear non-linear trend characteristic and the large variation areas in the spatial distribution are also highly consistent with the variability-dominated YRB regions that we focus on (Figures 5A1,B1). This leading model can represent the effect of changes in temperature variance on the temperature QTs across percentiles based on the findings of McKinnon et al. (2016). Obviously, we can further conclude that the observed quantile features of Tmax trends in YRB due to changing STD are mainly caused by changes in variance of Tmax from the evidence (e.g., the percent variance of the first EOF mode reaches 80.2%) of EOF results. In addition, the variance contributions are smaller for the second and third EOF modes (i.e., only 10.1% and 3.4% for EOF2 and EOF3), which can also represent the effect of temperature skewness and kurtosis changes on Tmax intra-quantile QTs, respectively (Figures 5A2,B2,A3,B3).
[image: Figure 4]FIGURE 4 | The quantile trends of Tmax (A1,A2) and Tmin (A3,A4) at 10th and 90th percentiles due to the changing shape of temperature distribution and their relative contributions [Tmax: (B1,B2); Tmin: (B3,B4)]. The meaning of red boxes is the same as Figure 1.
[image: Figure 5]FIGURE 5 | The first three empirical orthogonal function leading modes (A1–A3) of the intra-quantile variations of Tmax in China, and the corresponding principal component (B1–B3). Note that the percent variance of each mode can be found in the upper right of each plot.
Contrasting with Tmax trends, the magnitudes of Tmin trends and the contributions due to the changing STD are still weak (Figures 4A3,A4,B3,B4), which is consistent with the above-mentioned mean state warming-induced uniformly pattern of Tmin trends. In addition, our current results generally agree with McKinnon et al. (2016), which also shows some hotspots regarding the variance-induced Tmax trends over the north of 30°N.
To sum up, all the above results highlight the non-negligible role of changing STD (especially increasing variance) on Tmax trends during the past decades in the context of global warming, particularly for some variance-sensitive regions (e.g., YRB). These also imply that the summers in the YRB region have become more and more volatile during the past 57 years, i.e., accelerated warming in the high percentiles (i.e., 90th∼99th) of Tmax with rapid increases of extreme hot events (e.g., deadly heatwaves).
DISCUSSION AND CONCLUSION
In the above sections, the quantile features of Tmax and Tmin trends over China during the past half-century are investigated. The evident differences between Tmax and Tmin trends are observed over the YRB region, i.e., “variance-induced region-specific trends patterns of Tmax” versus “mean state shift-dominated uniform warmings of Tmin”. In particular, for Tmax, we emphasized the non-negligible role of temperature variance changes in modulating Tmax trends. However, in addition to the above conclusions, there are several additional caveats that should be highlighted and discussed.
First, we discuss whether such quantile features and patterns of Tmax trends are still pronounced in the sub-seasonal scale (i.e., monthly). As a matter of fact, the current results represent the observed robust region-specific variance-induced Tmax trends in the view of seasonal scale. Hence, we further repeated our QR analysis for each month in summer (i.e., June, July, and August) in order to investigate the QTs of temperatures for sub-seasonal scale. The results generally show that the observed differences between Tmax and Tmin as well as the different patterns of Tmax trends between low and high percentiles over the YRB region are still existent and significantly pronounced (Supplementary Figures S4–S6). Despite these similarities, stronger variance-induced distinctive Tmax trends between high and low percentiles are also observed in late summer than in early summer (i.e., August vs. June). In brief, the sub-seasonal features of Tmax trends show not only consistency with seasonal scale but also additional unique different features among each month.
Second, we note that variance-induced robust increasing trends of Tmax only occur in the YRB region, so why is this such a unique regional signature? In summer, the baroclinicity and circulation variability over mid-latitudes of East Asia are much weaker than those in winter half year. Therefore, the temperature variability is less impacted by mid-latitude dynamics, e.g., cold front or cold air intrusion. In contrast, temperature, and particularly Tmax, is more sensitive to radiative processes, involving cloud cover and rainfall. Several studies have highlighted the importance of covariability between mean temperature and precipitation (e.g., Trenberth and Shea, 2005; Miao et al., 2016; Guo et al., 2020). This relationship may also be valid for the coupling between temperature variability and precipitation variability at summertime. During summer, the synoptic-to-subseasonal scale precipitation variation is typically negatively correlated with temperature, especially Tmax, as cloud cover and precipitation apparently reduce incoming shortwave radiation and thus Tmax. Therefore, it comes naturally to speculate that if the precipitation at any location varies strongly, then the Tmax will also exhibit strong variations. We further examined whether the variance-induced Tmax trends in the YRB region are linked with the strength of intraseasonal variability of precipitation. As we expected, both intra-seasonal Tmax variability (Figure 6A) and precipitation variability (Figure 6B) in summer show a very similar pattern of robust increasing trends, and only in the YRB region. This also implies that the variability of summer precipitation in the YRB region is plausibly the physical essence of variance-induced increasing trends of Tmax. The factors that control the combined intra-seasonal variability of temperature-precipitation over the YRB region, however, require detailed exploration in subsequent studies. Nevertheless, although a quantitative and deterministic analysis for the physical mechanisms is beyond the scope of our current study, some evidence regarding the causes of changing temperature variability has been discussed in several recent studies (e.g., Hsu et al., 2017; Zhu et al., 2020). For instance, Hsu et al. (2017) demonstrated that the boreal summer intraseasonal oscillation could modulate the occurrence of the heatwaves for the monsoon regions. In particular for the YRB region, the 10–30 days boreal summer intraseasonal oscillation is closely linked to the increases in heatwave occurrence. For modeling evidence, a growing number of studies have focused on the dynamic causes (i.e., thermal advections, circulation changes, and land-atmosphere interactions) of the increasing temperature variability over Europe in the context of global warming (e.g., Andrade et al., 2012; Douville et al., 2016; Holmes et al., 2016). These results provide constructive clues and insights for the physical causes of the covariability of Tmax-precipitation over the YRB region.
[image: Figure 6]FIGURE 6 | The trends of the standard deviations of Tmax (A), units: °C/10a; and precipitation (B), units: mm day−1/a at summer days (June-July-August) during 1961–2017. The meanings of stippling regions and the red boxes are the same as Figure 1.
In addition, it is worth noting that the “trends” of Tmax and Tmin in our study only represent the observed trends during the past 57 years. Whether these quantile features of “trends” are long-term trends or just an increasing phase of some multi-decadal scale variations is unknown due to the limitation of observation record. From another perspective, it is more concerned that the “trends” is a signal (from anthnographic forcings) or a noise (internal variability of the climate system). In future studies, we can use the model results (e.g., CMIP5/6 simulations) to investigate such quantile features of Tmax trends or the changing variability as well as the possible mechanisms, particularly for the YRB region. Some modeling evidence has been highlighted regarding the variations of temperature variability in several studies (Gregory and Mitchell, 1995; Rowell, 2005; Fischer and Schär, 2008; Holmes et al., 2016; Chan et al., 2020). For example, Chan et al. (2020) revealed that there are strong couplings between warming and increasing variability in various CMIP5 models in the context of RCP8.5 projections, especially for mid-latitude regions (e.g., Europe, southeastern China). This also implies that higher warming of mean temperature probably accompanies by a higher increase in temperature variability in the high-emission scenario. The compound effects of increasing mean and variability of temperature could significantly increase the risk from potentially deadly heatwaves (Mora et al., 2017; Baldwin et al., 2019).
In summary, the unique quantile features of temperatures’ trends in summer over China are shown in the current study. The most important added value of our study is identifying a variance-dominated pattern of Tmax trends for the YRB region compared with the previous mean state shift-induced warming pattern. Such compounded increasing variability and the uniform global warming in the mean state could subsequently cause parts of the world exposed to increasing risks of the potential deadly heatwave (Chan et al., 2020). We highlighted that the anthropogenic contributions and the physical mechanisms of the increasing temperature variability should be paid more attention to in future works in order to better plan strategies of adaptation and mitigation solutions for the possible upcoming more intense extremes and disasters.
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Based on the Yearbook of Meteorological Disasters in China, we analyzed the spatiotemporal variations in major meteorological disaster (MD) losses at the provincial scale during 2001–2020 to determine the spatiotemporal variations in MDs and vulnerability in China. Our results suggest that the impacts of MDs, including floods, droughts, hail and strong winds (HSs), low temperature and frosts (LTFs), and typhoons, have been substantial in China. MDs in China affect an average of 316.3 million people and 34.3 million hectares of crops each year, causing 1,739 deaths and costing 372.3 billion yuan in direct economic losses (DELs). Floods and droughts affected more of the population in China than the other MDs. Fatalities and DELs were mainly caused by floods, and the affected crop area was mainly impacted by drought. The national average MD losses decreased significantly, except for DELs. The trends in the affected population and crop area were mainly caused by droughts, and the trends in fatalities and DELs were dominated by floods. Floods and typhoons showed increasing influence in the last two decades relative to other disasters. The annual mean and long-term trends in MD losses exhibited regional heterogeneity and were subject to different dominant hazards in different regions. The disaster losses and their trends in southeastern China were mainly attributed to typhoons. The affected population, crop area, and DELs were all significantly and positively correlated with exposure. The vulnerability of the population, crops, and economy tended to decrease. Economic development reduced the vulnerability of the population and economy but showed no significant influence on the vulnerability of crops. Our findings suggest that more focus should be placed on the impacts of floods and typhoons and that socioeconomic development has an important influence on the vulnerability of the population and economy. These results provide a foundation for designing effective disaster prevention and mitigation measures.
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1 INTRODUCTION
China is one of the most vulnerable countries to natural disasters (NDs) in Asia, suffering half of its economic losses from weather, climate, and hydrological events in the region during 1970–2019 (WMO, 2021). Research based on the Emergency Event Database (EM-DAT, http://www.emdat.be/) from the Centre for Research on the Epidemiology of Disasters (CRED) showed that mainland China experiences 19 major NDs per year on average, affecting 92 million people and causing 4,840 deaths (Zhou et al., 2013). Furthermore, floods, storms, and droughts are the primary causes of death and economic loss in China (Wu et al., 2014; Wang et al., 2021). The occurrence of integrated NDs, including floods, landslides, and storms, has shown an increasing trend in China, while annual deaths have shown a decreasing trend (Han et al., 2016). However, the EM-DAT data have certain limitations as they focus on moderate or severe disaster events and tend to underreport minor ones, particularly in developing countries (Jonkman, 2005; Wang et al., 2021).
Due to its complex geographical environment and monsoon climate, China’s meteorological disasters (MDs) exhibit uneven spatial distribution, resulting in various influences that differ regionally. In recent years, China has conducted county-scale disaster information surveys, and numerous research studies have been based on these high-resolution data (Shi et al., 2020; Xu and Tang, 2021). However, the short length and inevitable missing information in some areas may limit MD characterization. Provincial-level MD loss information collected by the Chinese Ministry of Civil Affairs and the Administration of Meteorology has been widely used to study the characteristics of MD losses in China (Zhao et al., 2017; Wu et al., 2018). The spatial distribution of MD influence disparity should be considered in China. Drought is the leading MD in Southwest China, Inner Mongolia, and Heilongjiang Province. Floods severely impact the Yangtze River basin, and typhoons induce heavy losses in southeastern China (Zhao et al., 2017).
Extreme weather and climate events that interact with exposed and vulnerable human and natural systems can cause disasters. Trends in vulnerability and exposure are major drivers of changes in disaster risk. Vulnerability refers to the propensity or tendency of human populations to be adversely affected by various influences and is an important component of disaster risk (IPCC, 2012). Vulnerability can be defined as the degree to which a system or unit is likely to experience harm due to exposure to perturbations or stress (Turner et al., 2003). At the national level, especially in developing countries, economic vulnerability to disasters decreases as income increases (Kellenberg and Mobarak, 2008; Geiger et al., 2016; Hallegatte, 2017). In China, economic vulnerability has shown an overall decreasing trend from 1990 to 2015, and economic vulnerability to climate-related hazards has a close relationship with the level of economic development, and the vulnerability decreases with increasing per capita income (Wu et al., 2018). Most of the research either considers all MDs as a whole or only considers a single MD, while the relative influence of different MDs is seldom studied. Given the diversity and inhomogeneity of the impact of MDs in China, it is necessary to conduct specific studies to distinguish the influence of subtype MDs from the total influence at the subnational level.
Climate change can cause the occurrence of climate extremes by affecting their frequency, intensity, spatial extent, and duration (IPCC, 2021; Qin, 2015). Extreme and non-extreme weather and climate events and their exposures have changed with global warming and urbanization, which enhances their risks (Ge et al., 2021). To reduce disaster risks, China has increased its investment in disaster prevention and mitigation capacity building, which has had a significant effect (Jiao et al., 2017; Wu et al., 2019). These strategies have also affected the population’s vulnerability to extreme events by modifying the resilience, coping mechanisms, and adaptive capacities of communities, societies, and socio-ecological systems (IPCC, 2012). Effective adaptation to rising risks requires further understanding of the physical and socioeconomic drivers of risk (Jongman et al., 2015). In the context of global climate change, it is essential to determine the MD impacts and the vulnerability of different disaster-bearing bodies to subtype MDs in order to form effective disaster prevention and mitigation policies (Cutter and Finch, 2008; Zhang et al., 2009).
In light of previous studies, this study investigates the spatial and temporal variability of subtype MD losses in China over the past 20 years and explores the development–vulnerability relationship for each hazard type. The remainder of this study is organized as follows: Data and Methods briefly introduces MD loss data and the method of vulnerability calculation; Results shows the analysis results of the spatiotemporal characteristics and trends of MD losses in China, as well as the population, crop, and economic vulnerability characteristics at the provincial scale and their relationships with economic development; and Conclusion and Discussion summarizes the main results and conclusions of the present study with a brief discussion.
2 DATA AND METHODS
2.1 Data
This study focuses on five major and typical meteorological hazards in China: drought, flood, hail and strong winds (HSs), typhoons, and low temperature and frosts (LTFs). According to the definition of MDs in the Yearbook of the Meteorological Disasters in China (China Meteorological Administration, 2020), HSs include hailstorms, thunderstorms, and strong winds induced by local strong convection; and LTF includes snowstorms, low temperatures, and frost. The provincial-level MD loss data in China during 2001–2020 derived from the Yearbook of the Meteorological Disasters in China were used in this study and have been widely applied in MD research in China (Zhao et al., 2017; Xu et al., 2021). This disaster loss dataset includes the affected population, fatality, affected crop area, and direct economic losses (DELs) (Xu et al., 2021). Notably, the disaster losses induced by floods do not include those caused by typhoon precipitation. Social and economic data, including sown area, resident population, gross domestic product (GDP) at a constant price, and GDP at the variable price in each provincial unit, were taken from the National Bureau of Statistics of China (http://data.stats.gov.cn). Due to incomplete data from Taiwan, Hong Kong, and Macao, only 31 provinces (autonomous regions and municipalities) in mainland China were studied.
2.2 Methods
To compare the value of disaster-related losses year by year, both DELs and GDP were calculated to their 2019 values based on China’s GDP deflators. Vulnerability assessment methods can be grouped into three categories: disaster loss data, vulnerability index system, and vulnerability curve (Huang et al., 2012). Owing to the complexity of vulnerability to MDs, vulnerability was represented as the ratio of MD losses to the total exposure in this study. This method has been widely used in research on natural disaster vulnerability (Wang et al., 2014; Jongman et al., 2015; Tanoue et al., 2016; Wu et al., 2018). The exposure of people, crop, and economies are denoted by the resident population, sown area, and GDP, respectively (Peduzzi et al., 2009; Wang et al., 2014). Thus, the vulnerability of the population, crops, and economy is defined as the proportion of the affected population, affected crop area, and DELs to exposure, respectively. The per capita GDP data were used to reflect the economic development level in each provincial-scale region.
3 RESULTS
3.1 Spatiotemporal Variations in MD Losses
3.1.1 Temporal Variations
According to a climatology mean statistics in the last two decades, major MDs in China have affected 316.3 million people and 34.3 million hectares of crops per year, caused 1,739 deaths, and costed 372.3 billion yuan in DELs. Different degrees of damage to diverse disaster-bearing bodies have been caused by various MDs. Floods and droughts were the main MDs causing damage to the population, accounting for 35 and 33% of the total affected population, respectively. In contrast, the proportions of the affected population caused by HSs, typhoons, and LTFs were all approximately 10% (Figure 1). Floods were the leading meteorological hazard causing fatalities, accounting for approximately 63% of the total fatalities, followed by HSs at 25%. Crops were mainly affected by droughts, accounting for 48% of the total affected crop area, followed by floods at 25%. DELs were mainly induced by floods (accounting for 44%), followed by droughts (21%) and typhoons (17%).
[image: Figure 1]FIGURE 1 | Annual average percentage losses caused by floods, droughts, HSs, typhoons, and LTFs to the total losses during 2001–2020.
In the last two decades, all losses caused by major MDs in China showed a significant decreasing trend, except for DELs (Table 1). The population affected by each MD showed a significant reduction. Drought had the greatest impact on the reduction of the affected population, followed by floods. The population killed by each meteorological hazard also showed a decreasing trend. HSs and floods had a significant impact on the decreasing trend of fatalities. Except for typhoons, the crop area affected by each meteorological hazard showed a decreasing trend, and prominently caused by droughts. The DELs caused by floods and typhoons showed an increasing trend. In contrast, the DELs caused by drought, HSs, and LTFs showed a decreasing trend.
TABLE 1 | Trend in various losses caused by MDs in China during 2001–2020.
[image: Table 1]Regarding the contribution of various MDs to the total losses, the impact of floods on DELs increased significantly (Table 2). The percentage of losses caused by typhoons increased, except for fatalities, and the affected crop area percentage increased significantly. HSs showed a decreasing impact on all losses, except for the affected crop area, and the percentage of DELs decreased significantly. The impact of drought and LTFs decreased, and the percentage of DELs caused by drought reduced significantly.
TABLE 2 | Trend in the percentage of losses caused by various MDs to the total losses during 2001–2020 (unit: %/year).
[image: Table 2]On the national scale, floods were the leading MDs causing the most severe losses in China, followed by droughts. Droughts and floods were also important factors determining the long-term trends in MD losses. Floods and typhoons showed positive contributions to the trend in MD losses, whereas droughts, LTFs, and HSs showed negative contributions.
3.1.2 Spatial variations
The populations affected by MDs were concentrated in central China. The annual mean affected population in Sichuan, Hunan, Hubei, Anhui, and Henan exceeded 18 million, among which the largest affected population in Sichuan exceeded 24 million (Figure 2A). In Yunnan, Guizhou, and most parts of northern China, except Xinjiang, populations were mainly affected by drought. In terms of the affected population, flooding was the primary MD in most of the Yangtze River basin and Guangxi, and the impact of typhoons dominated in southeastern China.
[image: Figure 2]FIGURE 2 | Percentage of (A) affected population, (B) fatalities, (C) affected crop area, and (D) direct economic losses caused by MDs to the total in China during 2001–2020 (the area of the circles represents the value of losses).
The fatalities were distributed over a large meridional gradient, with higher values in the south and lower values in the north. The annual mean fatalities in Yunnan, Sichuan, Guizhou, Gansu, Hunan, Hubei, Guangxi, Guangdong, and Fujian exceeded 80, with the maximum in Yunnan exceeding 200 (Figure 2B). Fatalities in most parts of China were mainly caused by floods. However, the fatalities in Zhejiang, Fujian, and Guangdong were mainly induced by typhoons, and those in Shandong, Jiangsu, Shanghai, Anhui, Jiangxi, Hainan, and Tianjin were mainly attributed to HSs.
The affected crop area in Northeast China, North China, and the lower reaches of the Yellow River basin was larger than that in other regions. The yearly average affected crop area in Inner Mongolia, Heilongjiang, Hebei, Shandong, Henan, Hubei, and Hunan exceeded 1.6 million ha, with the maximum in Heilongjiang exceeding 3 million ha (Figure 2C). The affected crop area in most parts of China was predominantly caused by drought. However, the crop areas in Jiangsu, Anhui, Hubei, Hunan, and Jiangxi were mainly affected by floods, while those in Shanghai, Zhejiang, Fujian, Guangdong, and Hainan were mainly affected by typhoons. The affected crop area in Xinjiang was mainly induced by HSs.
DELs caused by MDs were much more prominent in the Yangtze River basin than those in other regions. The annual mean DELs exceeded 20 billion yuan in Zhejiang, Hunan, Guangdong, and Sichuan, with the highest DEL exceeding 26 billion yuan in Hunan (Figure 2D). Floods were the primary disaster causing a significant amount of DELs in most parts of China. The DELs in Inner Mongolia, Shanxi, Liaoning, Qinghai, and Ningxia were mainly caused by drought, while those in Shanghai, Zhejiang, Fujian, Guangdong, and Hainan were mainly induced by typhoons. The DELs in Xinjiang were mainly caused by HSs.
Except for Tibet and Liaoning, the affected populations in most parts of China showed decreasing trends, which were significant in most parts of central and eastern China. The decreasing trends in Sichuan and Guangxi were more than 1 million people per year (Figure 3A). Drought was the main MD influencing the affected population trends in most parts of China. LTF contributed greatly to the affected population trend in Xinjiang, Qinghai, and Hunan. The trends in affected population in Jiangsu, Anhui, Guangxi, and Tibet were primarily caused by floods, while those in southeastern China, including Shanghai, Zhejiang, Fujian, Guangdong, and Hainan, were mainly induced by typhoons.
[image: Figure 3]FIGURE 3 | Distribution in the trend of (A) affected population, (B) fatalities, (C) affected crop area, and (D) DELs caused by MDs in China. (D) denotes droughts, (F) denotes floods, (H) denotes HSs, (L) denotes LTFs, (T) denotes typhoons, and the crossed areas denote the trends exceeding a confidence level of 95%).
Except for Beijing, most parts of China showed a decreasing trend in fatalities. The decreasing trend was greater in southern China than that in the north, with the decreasing trends in Yunnan and Hunan exceeding ten people per year (Figure 3B). On 21 July 2012, heavy rainfall and floods in Beijing caused 79 deaths. If the deaths from this extreme event are excluded, the fatalities in Beijing also showed a decreasing trend. The trends in fatalities in most of China were due to floods. The decreasing fatality trends in Jilin, Liaoning, Tianjin, Hebei, Shandong, Jiangsu, Anhui, Shanghai, Jiangxi, and Hainan were mainly affected by HSs. Typhoons mainly caused a decreasing trend in fatalities in Zhejiang, Fujian, Guangdong, and Hunan. Moreover, the trend in fatalities in Qinghai was mainly affected by LTFs.
The affected crop area showed a decreasing trend in all provinces, among which the affected crop area in Heilongjiang, Hebei, Shandong, Henan, and Sichuan decreased by more than 1 million hectares per year (Figure 3C). The affected crop area was significantly reduced by drought in the lower and middle reaches of the Yangtze River basin, Jilin, Shanxi, and Qinghai. The reduction in crop-affected areas in Xinjiang was mainly affected by HSs. The trends in affected crop areas in Jiangsu and Yunnan were primarily influenced by floods, while those in Shanghai were mainly affected by typhoons.
DELs showed increasing trends in Northeast China, Hebei, Anhui, Hubei, Jiangxi, Guangdong, Guizhou, Yunnan, Sichuan, Gansu, Xinjiang, and Tibet, as well as significant decreasing trends in Henan and Guangxi (Figure 3D). Floods were the dominant disaster causing prominent trends in DELs in most parts of China. In Heilongjiang, Liaoning, Inner Mongolia, Tianjin, Shanxi, Shaanxi, Ningxia, Qinghai, and Chongqing, DEL trends were mainly affected by drought. The trend in DELs in Xinjiang was mainly affected by HSs. Typhoons had a dominant influence on the DEL trends in Shanghai, Zhejiang, Fujian, Shandong, Guangdong, Guangxi, and Hainan.
Overall, the yearly average and long-term trends in MD losses exhibited regional heterogeneity and were subject to different dominant hazards in different regions. The trends in affected population and crop area were greatly influenced by drought. The fatalities and DELs were dominated by floods. In southeastern China, disaster losses and their trends were mainly determined by typhoons.
3.2 Spatiotemporal Variations in Vulnerability
3.2.1 Spatial Patterns and Temporal Variations
The yearly average rate of the affected population to the total population was greater in the central region than in the coastal and western regions, with a rate exceeding 40% in Gansu and Guizhou and less than 5% in Beijing, Tianjin, and Shanghai (Figure 4A). Except for Liaoning, all provinces showed a decreasing trend in the affected population rates, and most of the provinces in central and eastern China showed a significant downward trend. The population vulnerability per 5 years showed a slight increase, followed by a significant decrease (Figure 4B). The affected population fluctuated around 400 million from 2001 to 2011 and decreased sharply from 2012 to 2020. The decreasing trend of the affected population ratio was mainly affected by the number of affected people. The yearly average affected population in China was more than 300 million before 2016, which decreased by ∼60% to only 148.5 million after 2016. Moreover, population exposure has experienced a relatively steady and slow growth.
[image: Figure 4]FIGURE 4 | Spatial distribution of averages and trends (A) and temporal changes (B) in the affected population rate; (C) and (D) are the same as (A) and (B), but for the affected crop area rate; (E) and (F) are the same as (A) and (B), but for the direct economic loss rate. In the spatial distribution maps, the colored shaded areas are the averages, the blue (red) triangles are the decreasing (increasing) trends, and the solid triangles indicate a confidence level exceeding 95%. A 5-year average in each period was calculated at each rate and is indicated by the black dashed lines.
The rates of the affected crop area to the sown area in the north were larger than those in the south and exceeded 30% in Shanxi, Inner Mongolia, Gansu, Liaoning, Qinghai, and Ningxia (Figure 4C). The rate in Shanghai was only 5.2%, which may be attributed to its small sown area. The affected crop area rates of most provinces in China showed significant decreasing trends, except for Liaoning, Shanxi, Yunnan, Zhejiang, and Xinjiang. The national average affected crop area rate showed a significant decreasing trend over the past 20 years (Figure 4D). The change in the sown area in China was not apparent in the past 20 years. However, the average affected crop area per 5 years decreased significantly. The yearly mean affected crop area in China was more than 40 million hectares before 2011, which decreased by 46% to less than 30 million hectares after 2011.
The rates of DELs to GDP were greater in the central region than those in the coastal and western regions, with the rates exceeding 2% in Gansu and less than 0.1% in Beijing, Tianjin, and Shanghai (Figure 4E). All provincial DEL rates showed decreasing trends, and most had a significance level of 0.05, except for Heilongjiang, Jilin, Liaoning, Hebei, Tibet, and Guangdong. The decreasing trend in the annual averaged DELs was mainly attributed to the variations in GDP (Figure 4F). In the last 20 years, China has experienced significant growth in GDP, while the change in DELs has been relatively small. Thus, the vulnerability of the economy has been significantly reduced.
3.2.2 Relationship Between Vulnerability and Economic Development
Vulnerability is strongly linked to economic growth and the disaster risk reduction (DRR) efforts that have been adopted. These measures are thought to increase as income levels rise and the capacity for risk management improves. Thus, GDP is generally considered to be related to vulnerability. A higher GDP per capita allows for more investment in disaster risk management, which can increase resilience to disaster risk and reduce vulnerability (Zhou et al., 2014; Qin et al., 2015; Hallegatte, 2017). Furthermore, we explored the relationship between vulnerability and GDP per capita by assessing the rate of the affected population to the total population, the rate of affected crop area to the sown area, and the rate of DELs to GDP.
Figure 5 shows the relationship between the total population and the affected population caused by each subtype of MD. A significant positive correlation between them indicates that the affected population increases significantly with an increase in exposure (Figure 5A). Only Jiangsu had high population exposure and low losses. The per capita GDP of Beijing, Shanghai, Tianjin, Chongqing, Inner Mongolia, Shandong, Jiangsu, Hubei, Zhejiang, Fujian, and Guangdong exceeds the national average, which means that these regions are economically developed. The proportion of the affected population to the total population in these regions was significantly less than that in other regions, indicating relatively low population vulnerability in these regions.
[image: Figure 5]FIGURE 5 | Relationship between total population and affected population caused by (A) all MDs, (B) droughts, (C) floods, (D) LTFs, (E) typhoons, and (F) HSs, in which the area and shaded color of the bubbles represent the GDP per capita (unit: 10 thousand CNY per person), the horizontal dotted lines denote the average value of the affected population, and the vertical dotted lines denote the average value of the provincial population.
Under the influence of droughts and floods, we observed a significant positive correlation between the affected population and the total population (Figures 5B, C). This suggests that the affected population was significantly influenced by the exposure of the population. In contrast, population vulnerability in economically developed regions was significantly lower than that in other regions. Population vulnerability was higher in Chongqing and Guizhou under the impact of floods. The correlation between the population affected by LTFs and the total population was positive and insignificant. The population vulnerability in economically developed areas was lower than that in other regions under the influence of LTFs (Figure 5D). The population affected by typhoons had a significant positive correlation with the total population, while the effect of economic development on population vulnerability was not significant (Figure 5E). In China, Hainan and Fujian are highly prone to typhoon hazards, with higher population vulnerability relative to other regions. The population affected by HSs was also significantly positively correlated with the total population (Figure 5F). Population vulnerability was lower in economically developed regions than in other regions under the influence of HSs. Population vulnerability was higher in Guizhou, Gansu, Shaanxi, and Shanxi under the impact of droughts, LTFs, and HSs.
The affected crop area and sown area showed a significant positive correlation, and the level of economic development had less influence on crop vulnerability than population vulnerability (Figure 6A). The average sown area in each province over the last two decades was used as an indicator of crop exposure, and the average provincial affected crop area was used as an indicator of disaster risk. Jiangsu showed high exposure and low disaster risks for crops. The crop area affected by droughts, floods, LTFs, and HSs was significantly and positively correlated with the sown area, indicating that increased exposure leads to a significant increase in the affected crop area (Figures 6B–D, F). Under the influence of droughts, crop vulnerability was high in Shanxi, Shaanxi, Liaoning, and Gansu (Figure 6B). The affected crop area in Inner Mongolia was close to that in Heilongjiang; however, the sown area in Inner Mongolia was much smaller than that in Heilongjiang. The high crop vulnerability in Inner Mongolia was mainly attributed to its geographical location at the intersection of agriculture and animal husbandry, with a more fragile ecological environment. The regional disparity in crop vulnerability was small under the influence of floods (Figure 6C). Crop vulnerability was high in Gansu, Shanxi, Shaanxi, and Xinjiang under the influence of LTFs and HSs (Figures 6D, F). The positive correlation between the crop area affected by typhoons and the sown area was not significant. Crop vulnerability was also high in Guangdong, Zhejiang, Fujian, Hainan, where typhoons occur frequently (Figure 6E).
[image: Figure 6]FIGURE 6 | Content is the same as that in Figure 5, but for the relationship between sown area and affected crop area.
The total DELs caused by MDs had a significant positive correlation with GDP (Figure 7A). Gansu’s economic vulnerability was 2.1% and the largest among the 31 provinces, which may be due to the increasing influence of floods. The average GDP of each province in the last two decades was used as an indicator of economic exposure, and the average provincial DEL was used as an indicator of economic disaster risk. Beijing, Shanghai, and Jiangsu showed high economic exposure and low economic disaster risk. The correlations between GDP and DELs caused by droughts, floods, LTFs, and HSs were insignificant. The economic vulnerability in the economically developed region was lower than that in other regions (Figures 7B–D, F). The economic vulnerability to drought was high in Northeast China as well as in Yunnan, Guizhou, and Shanxi (Figure 7B). The economic vulnerability in Jiangxi, Shanxi, Jilin, and Guangxi was high under the influence of floods (Figure 7C). The economic vulnerability to LTFs was high in Gansu, Shanxi, Shaanxi, Jiangxi, Guangxi, Guizhou, and Yunnan (Figure 7D). The correlation index between typhoon-induced DELs and GDP was 0.5, which was significant at the 95% confidence level (Figure 7E). This suggests that economic exposure had an important influence on the DELs. In China, typhoons occurred most frequently in Guangdong over the last 20 years, followed by Fujian and Hainan. However, the yearly average DELs were the largest in Zhejiang, which may be due to its larger economic exposure. Economic vulnerability to typhoons was high in Guangxi and Hainan and showed no significant relationship with the level of economic development. Xinjiang, Inner Mongolia, Shanxi, Shaanxi, Gansu, Yunnan, Heilongjiang, and Jiangxi showed high economic vulnerability to HSs (Figure 7F).
[image: Figure 7]FIGURE 7 | Contents are the same as that in Figure 5, but for the relationship between GDP and DELs.
4 CONCLUSION AND DISCUSSION
We analyzed the spatiotemporal characteristics of MD losses at the provincial level in China during 2001–2020 to determine the vulnerability of the population, agriculture, and economy, as well as to disclose their relationships with regional economic development. From 2001 to 2020, major MDs in China affected an average of 316.3 million people and 34.3 million hectares of crops per year, caused 1,739 deaths, and costed 372.3 billion yuan in DELs. Floods and droughts were major MDs that affected the population in China. The fatalities and DELs were mainly affected by floods, contributing 63% and 44% to the total MD losses, respectively. The affected crop area was mainly induced by drought, contributing 48% to the total affected crop area. In the past 20 years, MD losses, except for DELs, have decreased significantly. Losses induced by droughts, HSs, and LTFs all showed decreasing trends, while DELs induced by floods and typhoons as well as typhoon-affected crop areas showed an increasing trend. Floods and typhoons have contributed positively to the trend in most MD losses, which means that the influence of these two disasters has become increasingly important in the last 20 years.
The affected population was concentrated in central China, with a maximum annual average value of 24 million in Sichuan. The affected population in central China was mainly affected by floods, while that in most of northern China was mainly affected by drought. The significant decreasing trend of the affected population in most parts of central and eastern China was dominated by drought. Fatalities were fewer in the north while more in the south. Fatalities and their trends in most parts of China were mainly induced by floods. HS was the primary factor for the significant decrease in fatalities in most of eastern China. The affected crop area was higher in the north than that in the south. The significant decreasing trend in the affected crop area in the middle and lower reaches of the Yangtze River, Jilin, Shanxi, and Qinghai was mainly attributed to drought. Floods were the most impactful disasters, causing the highest DELs in most parts of China. The DEL trends in most parts of China were not significant, except for those in Henan and Guangxi. The significant decreasing trend of DELs in Henan was mainly affected by floods, while the significant decreasing trend in Guangxi was mainly induced by typhoons.
The vulnerability of the population, crops, and economy tended to decrease. MD losses were influenced by both exposure and vulnerability, as well as the level of economic development. The affected population, crop area, and DELs were all significantly and positively correlated with exposure. Economic development reduced the vulnerability of the population and economy but had no significant effect on the vulnerability of crops.
The IPCC report states that residual risk cannot be avoided (IPCC, 2014); in other words, the risk cannot be entirely eliminated to zero. Although the risk is difficult to quantify, it can still be reduced through a series of engineering and non-engineering measures. Our study shows that vulnerability declines with the level of economic development. This indicates a more urgent need to implement DRR measures in less-developed areas to minimize disaster losses and reduce disaster risks effectively. In general, the dominant MD losses exhibited various characteristics which differed regionally. Economic development had different influences on the vulnerability of different disaster-bearing bodies. Therefore, formulating different policies according to local disaster prevention and mitigation efforts is necessary.
Under the background of global climate change, the characteristics of MDs in China have also changed significantly. Drought and flood had the dominant influences in China among all MDs. China experienced a significant wetting trend at annual and seasonal scales during 1961–2009 (Wang et al., 2017). The humid region in southeastern China showed increased precipitation, while drying trends mainly occurred in the transition regions between the humid and arid regions of China (Chen et al., 2017). TCs making landfall over East China have tended to be more destructive in recent decades (Li et al., 2017). In southeastern China, total annual TC precipitation increased significantly owing to increased precipitation frequency and precipitation intensity per TC from 1980 to 2017 (Liu and Wang, 2020). The annual precipitation induced by landfall TCs also showed a noticeable northward shift. According to the results of this study, the percentage of losses induced by floods and typhoons, except for fatalities, to total losses showed an increasing trend, and that of drought showed a decreasing trend in the last 20 years. In particular, although the typhoon-induced losses increased with exposure, the losses were largely affected by the intensity and scope of the typhoon disasters. Focus should be placed on the predictions and early warnings of typhoons and floods, especially in regions with increasing influence, such as southeastern China.
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A bias correction scheme has been developed based on the singular value decomposition (SVD) analysis in this study, and it is further validated and used to improve the skill of sub-seasonal precipitation over Eastern China in summer predicted by the Beijing Climate Center sub-seasonal to seasonal forecast system (BCC_S2SFS). Results show that the BCC_S2SFS prediction skill of summer precipitation over Eastern China at the sub-seasonal scale is up to 1 days in advance and exhibits clear regional and inter-annual differences. Further adopting the bias correction scheme can significantly improve the skill of BCC_S2SFS in predicting the sub-seasonal precipitation over Eastern China in summer with different lead time especially longer than 10 days. Compared to the original prediction of BCC_S2SFS, the temporal (spatial) correlation coefficient between the bias corrected predictions and observations over Eastern China can be increased by 0.15, 0.55, and 0.56 (0.14, 0.17, and 0.19) during the forecast lead time of 0–10, 11–20, and 21–30 days, respectively. The bias correction scheme developed in this study shows large potential application prospects in the operational forecast.
Keywords: summer precipitation, Eastern China, sub-seasonal to seasonal forecast, singular value decomposition, bias correction
INTRODUCTION
Sub-seasonal to seasonal (S2S) meteorological forecasts (15–60 days) take the key time range for linking short-term weather forecast to seasonal climate prediction (Jie et al., 2017). However, the processes of the S2S predictions are overly complex due to the interactions of external forcing factors and initial conditions (Lorenz, 1975). Hence, the meteorological prediction with the S2S time range has long been considered a “desert of predictability” (Vitart, 2017; Olaniyan et al., 2018). It is urgent to improve the accuracy of the S2S forecast to meet the increasing demand of reliable meteorological services. With the increase in extreme weather events (e.g., continuous rain, drought, and snowstorm), the meteorological departments were expected to make more accurate predictions on the dynamics and duration of these events. In addition, the S2S forecast also has strong guiding and prompting effects on power dispatching, fishery production, agricultural development, and other industries closely related to weather and climate conditions (Tang et al., 2017).
Due to the chaotic characteristics inherent in the atmosphere (Lorenz, 1963), current dynamical climate models cannot forecast the daily weather beyond 2 weeks (Merryfield et al., 2020). Forecasts at sub-seasonal time scale are beyond the range of predictability of daily weather, but some predictable components, like some planetary scale motions, could be predicted very well (Chou et al., 2010). A major source of predictability at the sub-seasonal scale is the Madden–Julian oscillation (MJO) (Woolnough, 2019), which can be skillfully predicted by S2S project models up to 3–4 weeks in advance (Vitart 2017). The predictability at the sub-seasonal scale also originates from the sudden stratospheric warmings (Kidston et al., 2015; Butler et al., 2019), Boreal Summer Intraseasonal Oscillation (BSISO) (Zhu et al., 2021), El Niño–Southern Oscillation (ENSO) (DelSole et al., 2017), sea ice (Chevallier et al., 2019), soil moisture and temperature (Koster et al., 2016; Yang et al., 2019), snow cover (Jeong et al., 2013), and vegetation states (Williams et al., 2016).
To bridge the time gap between the weather forecast and climate prediction, many organizations have conducted a lot of corresponding studies on S2S prediction and advanced the progress to meet the urgent service demands. The National Center for Environmental Prediction (NCEP) of the United States, the European Centre for Medium-Range Weather Forecasts (ECMWF), the United Kingdom Met Office, and the Korea Meteorological Administration have developed their models for meteorological predictions with different timeliness (Saha et al., 2012; Sun et al., 2018). In China, the Institute of Atmospheric Physics of the Chinese Academy of Sciences and the China Meteorological Administration have also developed a series of models (Zheng et al., 2006; Wu et al., 2013; Wu et al., 2014; Shan et al., 2018). The research project “S2S Climate Prediction” that focused on the prediction from 2-week to 2-month time scales was conducted in 2014 (Vitart et al., 2016), it aimed to investigate the skills of S2S prediction and promote the theoretical research achievements transformation into operational services at the international operational centers and the applications community. The Beijing Climate Center Climate System Model version 1.2 (BCC_CSM1.2) developed by the China National Climate Center is the only model in China that joined in the S2S climate prediction project (Liu et al., 2015). It is skillful for sub-seasonal and seasonal meteorological predictions by optimizing the initial conditions, the prediction skill of BCC_CSM1.2 was significantly improved in forecasting the MJO (Liu et al., 2015; Liu et al., 2017) and BSISO (Zhu et al., 2021).
However, the uncertainties are inevitably generated in S2S climate predictions due to the uncertain initial conditions, the simplified physical processes, and the low horizontal resolutions of the dynamic models (Wu et al., 2017; Wu et al., 2019). Hence, more attentions have been paid to the corrections of the unsatisfactory prediction skills of climate models (Wang et al., 2016; Vitart, 2017; White et al., 2017; Mariotti et al., 2018; Vitart and Robertson, 2018). In addition, due to the difficulties arising from the different hindcast frequency and start dates in the S2S dataset, the construction of a multi-model is hard to implement (de Andrade et al., 2019). Previous researches have pointed out that the prediction skills could be improved by combing the dynamic models with statistical models or using multi-type climate models (Liu et al., 2014; Gong et al., 2018; Zhang et al., 2019; Zheng et al., 2019; Materia et al., 2020). Nevertheless, the prediction skills on the S2S time scale are still unacceptable (Wang et al., 2014; de Andrade et al., 2019). Therefore, it is still a long-term need to continuously improve the climate models and prediction methods for acceptable S2S predictions.
The singular value decomposition (SVD) bias correction method has been widely used to improve the prediction skills of precipitation in different seasons and regions. It could extract the main features of the predictors and corresponding space fields and take the differences between observation and the forecast in space and time (Feddersen et al., 1999; Xu et al., 2018) into consideration. Qin et al. (2011) used the SVD strategy to correct the seasonal hindcasts of summer and autumn precipitation in China. The anomaly correlation coefficient (ACC) values were increased from –0.09 and –0.07 to 0.36 and 0.30 for the predictions in summer and autumn, respectively. However, the ability of the SVD bias correction method has not yet been evaluated in increasing the prediction skills of summer precipitation on the sub-seasonal scale over Eastern China, which is in the East Asian monsoon region.
In this study, the SVD bias correction scheme is established for the S2S summer precipitation predictions over Eastern China based on the observations and hindcasts of the Beijing Climate Center S2S forecast system (BCC_S2SFS) during 1994–2013. The main objectives are to 1) evaluate the prediction skill of the BCC_S2SFS for the summer precipitation over Eastern China at the sub-seasonal scale; and 2) reveal to what extent the SVD bias correction scheme can improve the prediction skill of BCC_S2SFS.
MODEL, DATA, AND METHODS
Model
The BCC_S2SFS is developed based on the BCC_CSM1.2 model with moderate resolution (Liu et al., 2015; Liu et al., 2017; Zheng et al., 2020), which is a fully atmosphere-ocean-ice-land coupled climate model (Wu et al., 2013; Wu et al., 2014) and contains different modules, including the atmospheric component BCC_AGCM2.2 with the horizontal resolution of T106 (∼110km) and 40 vertical levels, the land component BCC_AVIM1.1, the global ocean circulation model MOM4_L40v1, and the Sea Ice Simulator (SIS) model (Dong et al., 2018; Zhang et al., 2019; Song et al., 2020). The BCC_AVIM1.1 land surface model has the same horizontal resolution as the BCC_AGCM2.2 model. The MOM4_L40v1 ocean model adopts the horizontal resolution of 1°×1° poleward of 30°N and 30°S the meridional resolution gradually descending to 0.33° over the region between 30°N and 30°S with 40 vertical layers. The SIS sea ice model shares the same horizontal resolution as the MOM4_L40v1 ocean model (Liu et al., 2017). The model initial conditions for the BCC_S2SFS were produced by a nudging strategy, in which the atmospheric component was nudged toward the 6-h NCEP-FNL atmospheric reanalysis and the ocean component was nudged toward the daily observed SST (Liu et al., 2017; Zheng et al., 2020; Zhu et al., 2021).
Data
The data used in the current study are listed as follows: 1) The precipitation hindcast product of the daily rolling forecast of 60-days using the BCC_S2SFS from January 1, 1994 to December 31, 2013 with 4 lagged average forecasting ensemble members initialized at 00:00 UTC of the first forecast day and 06:00, 12:00, and 18:00 UTC of the previous day, respectively (Liu et al., 2017; Zheng et al., 2020). To reduce the uncertainties from initial conditions, we focus on the analysis of the ensemble mean of the 4 forecast members. 2) The daily gauge observed precipitation data at 397 stations over Eastern China (Figure 1) from January 1, 1994 to December 31, 2013, which is collected and quality controlled by the National Meteorological Information Center of China Meteorological Administration.
[image: Figure 1]FIGURE 1 | Locations of the 397 weather stations in Eastern China. Each sub-region is indicated by different colors.
Method
To compare the predictions with the observations, we first adopted the inverse distance weighting method (Bartier and Keller, 1996) to interpolate the observed precipitation onto the BCC_S2SFS model grids with the horizontal resolution of T106 (∼110km) within a radius of 1° around each grid box over Eastern China (east to 110°E, Figure 1). Then the observed daily precipitation in each summer (June to August) of 1994–2013 is converted into 10-day moving accumulated precipitation (i.e., the first 10-day moving accumulated precipitation is the total precipitation during June1st∼10th; the second 10-day moving accumulated precipitation is the total precipitation during June 2nd∼11th, and so on) to filter out the weather disturbance (Lin et al., 2019). After that, we have 83 (June 1 to August 22) values of the observed 10-day moving accumulated precipitation at each grid in each summer of 1994–2013. Correspondingly, for a given forecast lead time, the daily S2S precipitation hindcast product is also converted into 10-day moving accumulated precipitation at each grid during each summer of 1994–2013. Adopting the same data processing method for the predictions with 0, 1, 2,...., 30 days in advance, we have 83 values of predicted 10-day moving accumulated precipitation at each grid during each summer of 1994–2013 for each forecast lead time. The 10-day moving accumulated precipitation anomalies from observations and forecasts with different forecast lead times are further obtained by removing the corresponding climatology of the 20 years. All analyses are conducted based on the 10-day moving accumulated precipitation anomalies mentioned above.
To give the detailed prediction skill in different parts of Eastern China, which is divided into 4 sub-regions (Figure 1) with the consideration of the distinct climates over these sub-regions dominated by different components of the East Asian summer monsoon (Ding and Chan, 2005; Huang et al., 2013; Wang et al., 2017). The 4 sub-regions of Eastern China are listed as follows: Northeast China (north to 40°N), North China (35°–40°N), Jianghuai Basin (30°–35°N), and Southeast China (south to 30°N).
The temporal correlation coefficient (TCC) and spatial correlation coefficient (SCC) (Wei, 2007) were used to evaluate the prediction skills in producing the precipitation anomalies on the sub-seasonal time scale. The TCC and SCC values between the predictions and observations with different forecast lead time were calculated for each sub-region and the entire Eastern China in each summer, respectively. Note that the significance testing is the basic procedure for conducting forecast tests, but in the case of S2S predictions, it is difficult to pass the significance test or the level of significance is not high enough due to the complexity of the sources of predictability, and some sub-seasonal scale studies are based on empirical thresholds (Li et al., 2019; Zhou et al., 2019). Due to the reasons mentioned above, we did not conduct statistical significance test for SCC and TCC in this study. We just show to what extent the bias correction scheme can improve the prediction skill of BCC_S2SFS through the comparison of TCC (SCC) produced by the original and bias corrected predictions.
The SVD bias correction method has been applied to reduce the errors of the precipitation predictions to improve the dynamic models’ forecast skill (Feddersen et al., 1999; Qin et al., 2011). More details about the SVD analysis can refer to Bretherton et al. (1992). In this study, the SVD bias correction scheme was developed and adopted to correct the S2S precipitation predictions generated by the BCC_S2SFS. To correct the precipitation predictions for a given year with a given forecast lead time independently, we used the predictions with a given forecast lead time and observations in the 19 years out of the 20 years excluding the target year to conduct SVD analysis (Golub and Loan, 1996). Based on the SVD results for the observations and predictions with a given forecast lead time in the 19 years, we further establish a bias correction scheme to correct the precipitation predictions of the target year with a given forecast lead time. The main steps for the setup of the SVD bias correction scheme are summarized in Figure 2:
Step 1: We set the prediction field at a given lead time as the left field (X field) and the observation field as the right field (Y field) as follows:
[image: image]
[image: image]
where [image: image] ([image: image]) is the [image: image]th eigenvector of the prediction (observation) field, [image: image] ([image: image]) is the time coefficient corresponding to the [image: image]th eigenvector of the prediction (observation) field. k is the mode number and equals the number of total grids in a given region. We establish the bias correction scheme based on the SVD analysis of the 19-year prediction with a given lead time and observation, the remaining year is used to conduct cross-validation independently, so the temporal sample size [image: image] = 1577 (83 × 19 years).
Step 2: Based on the time coefficient [image: image] ([image: image]) corresponding to the [image: image]th eigenvector of the prediction (observation) field obtained in step 1, as the linear regression method can produce many large improvements of the original forecasts compared to the non-linear relation method, so we establish a linear relationship (Qin et al., 2011; Xu et al., 2018) between [image: image] and [image: image] to correct the original forecast as follows:
[image: image]
where [image: image] and [image: image] are the linear regression coefficients between the time coefficient corresponding to the [image: image]th eigenvector of the prediction field with a given lead time and the time coefficient corresponding to the [image: image]th eigenvector of the observation field based on the least square method .[image: image] is the regression error. [image: image] = 1577 is the temporal sample size in Step 1. In addition, [image: image] is the number of leading eigenvector (mode) which is used to establish the bias correction scheme. After a series of tests and comparisons by choosing the first 3, 4, 5, 6, …, 9 leading modes to set up the bias correction method, we found that the bias correction scheme based on the first 6 leading modes shows the highest skill. So, we chose the first 6 (m = 6) modes in the current study.
Step 3: In the [image: image]th 10-day of the cross-validation year, the [image: image]th time coefficient [image: image] for the [image: image]th eigenvector [image: image] of the prediction field can be obtained by projecting the prediction field onto the [image: image]th eigenvector of the prediction field in Step 1 according to:
[image: image]
where [image: image] is the transpose of [image: image], [image: image] is the [image: image]th 10-day moving accumulated prediction field in the cross-validation year.
Step 4: According to Equation 3, the bias-corrected predictions in the [image: image]th 10-day of the cross-validation year can be obtained based on the time coefficient [image: image] in Step 3:
[image: image]
where [image: image] is the bias-corrected predictions in the [image: image] th 10-day of the cross-validation year.
Step 5: To avoid the small deviation of the individual eigenvector for the prediction in the cross-validation year, an adjustment coefficient was introduced for the final correction (Kharin and Zwiers, 2001):
[image: image]
where c is the adjustment coefficient:
[image: image]
where Cov and Var are the covariance and the variance function, respectively.
[image: Figure 2]FIGURE 2 | Flowchart of the singular value decomposition (SVD) bias correction approach.
We can get 20 years (1994–2013) of bias-corrected predictions with different lead time by repeating the processes in Steps 1-5.
RESULTS
Figure 3 shows the normalized time series of mean 10-day moving accumulated precipitation anomalies in observation and prediction over the forecast lead time of 0–10 days regionally averaged in Eastern China during June 1st to August 22nd in each year of 1994–2013. The prediction skill of BCC_S2SFS shows exceptionally large inter-annual fluctuation with the TCC ranging from −0.05 to 0.77. Since the S2S forecast has significant business service demand, the low skill of the original prediction skill cannot meet the operational needs. Hence, conducting the correction of original predictions of climate models is essential to improve the skills in the regional meteorological forecast (Tang et al., 2017). Compared to the original predictions, the skills of the bias-corrected forecasts with lead 0–10 days are remarkably improved in most years (15 years out of the 20 years) in terms of TCC. Meanwhile, the 20-year mean TCC is increased from 0.35 to 0.50 (Table 1), indicating that the skill of the original forecast can be significantly improved by about 43% through the bias correction.
[image: Figure 3]FIGURE 3 | Normalized time series of the observed (black line), originally predicted, and the bias corrected 10-day moving accumulated precipitation anomalies with the forecast lead time of 0–10 days regionally averaged over Eastern China in each year of 1994–2013. The blue and red marked values represent the TCC values between the predictions with or without the bias correction and observations, respectively.
TABLE 1 | The 20-year average TCC (SCC) for the original and bias-corrected 10-day moving accumulated precipitation anomaly predictions over Eastern China shown in Figures 3–5 (Figure 9J).
[image: Table 1]From Table 1, the 20-year mean TCC in the BCC_S2SFS forecasts with 11–20 days in advance is only 0.02, which is reduced by 0.33 relative to the original predictions with the lead time of 0–10 days. Even negative skills are noted in 7 years (i.e., 1994, 1997, 2000, 2001, 2006, 2009, and 2011) out of the 20 years for the original forecasts (Figure 4). However, no negative TCC values are generated in the bias-corrected predictions. It is noted that the prediction skills can be improved by the bias correction scheme in all years. The 20-year mean TCC is increased from 0.02 to 0.57 (Table 1).
[image: Figure 4]FIGURE 4 | Same as Figure 3, but for the predictions with the forecast lead time of 11–20 days.
Compared to the predictions with lead 0–10 days and 11–20 days, the mean TCC of the 20 years produced by the BCC_S2SFS forecasts with 21–30 days in advance is reduced by 0.34 and 0.01 (Table 1), respectively. From Figure 5, the BCC_S2SFS forecasts with 21–30 days in advance even show opposite temporal variations of precipitation anomalies compared to the observation in 9 years (2000, 2001, 2004, 2006, 2007, 2009, 2010, 2012, and 2013) with the lowest TCC (−0.62) in 2009, which is followed by 2010 with a TCC of −0.38. The skills for the predictions with lead 21–30 days are remarkably improved by adopting the bias correction scheme in most years (17 years out of the 20 years) despite slightly deteriorated skills in the remaining 3 years (1998, 2005, and 2011). Overall, the 20-year mean TCC is increased from 0.01 in original forecasts to 0.57 in the bias corrected forecasts with 21–30 days in advance (Table 1).
[image: Figure 5]FIGURE 5 | Same as Figure 3, but for the predictions with the forecast lead time of 21–30 days.
Figure 6 shows the distribution of the 20-year mean TCC values of the original predictions (Figures 6A1–A7), the bias corrected predictions (Figures 6B1–B7) with different forecast lead time, and the corresponding differences in TCC between corrected and original results. From Figures 6A1–A7, the TCC produced by the BCC_S2SFS tends to decrease with the forecast lead time increased. Meanwhile, clear regional differences in the prediction skills can be noted: The lowest skills are in North China and the eastern part of South China. Relatively higher skills are found in the areas south to the lower Yangtze River Valley and Northeast China. The forecast skills are dramatically decreased with the forecast lead time longer than 5 days. Meanwhile, the spatial distributions of the prediction skills are similar to the situation with the forecast lead time of 0 days. Compared to the original predictions of the BCC_S2SFS, the prediction skills with different forecast lead time over most Eastern China can be significantly improved by adopting the bias correction scheme (Figures 6B1–B7). It is noted that the skills of the bias corrected predictions decline with the lead time up to 15 days, after which the skill reduction trend with the forecast lead time further increased is not clear.
[image: Figure 6]FIGURE 6 | Distributions of the 20-year average TCC of the original predictions (A1–A7), the bias corrected predictions (B1–B7) with observations and their differences (bias corrected predictions—original predictions) (C1–C7) for the summer precipitation with different forecast lead time in Eastern China during 1994–2013.
The skills of the original forecasts improved by the bias corrected scheme exhibit clear regional differences (Figures 6C1–C7): Relatively larger improvements can be widely noted in North China, South China, and east parts of Northeast China with different forecast time longer than 5 days. In addition, the improvements tend to increase with the forecast lead time increased.
Figure 7 further shows the TCC of the original predictions with the forecast lead time of 0–30 days regionally averaged over each sub-region and Eastern China in 1994–2013. The TCC over all regions shows a clear reduction trend with the forecast lead time increased. In most areas, most TCC values with the forecast lead time longer than 5 days are less than 0.1. Compared to the original forecasts, the bias corrected predictions show clearly improved skills (with most TCC differences larger than 0.1) at the forecast lead time longer than 5 days in most years (Figures 7B1–B5), indicating stable improvements of the prediction skills by adopting the bias correction scheme.
[image: Figure 7]FIGURE 7 | The temporal correlation coefficient (TCC) between the original (A1–A5), bias corrected predictions (B1–B5), and observations with the forecast lead time of 0–30 days (y-axis) in summer over each region during 1994–2013. The differences in TCC between the bias corrected predictions and original predictions for each region are shown in (C1–C5).
Figure 8 shows the differences in the 20-year average prediction skills between the bias corrected and original predictions with different forecast lead time in the 4 sub-regions and the entire Eastern China. Generally, the skill in each region is improved in most years. Among the 4 sub-regions of Eastern China, the improvements of the prediction skill in Northeast China are much smaller. Since the original forecast in Northeast China already has much higher skill than the other sub-regions (Figures 6A–A7), adopting the bias correction scheme can obtain limited improvements. Meanwhile, the bias corrected scheme tends to produce much larger improvements of prediction skill over the Jianghuai Basin and South China compared to other sub-regions. Compared to the TCC with the 0–10 days in advance, a relatively larger improvement is obtained with lead 11–20 days. The prediction skills can be further improved with the forecast lead time increased to 21–30 days. The improvements of the prediction skill with lead 11–20 days are much larger than the improvements in the forecast lead time of 0–10 days. It is also noted that further improvements of prediction skills are hard to obtain with the forecast lead time of 21–30 days relative to the forecast lead time of 11–20 days. The bias corrected predictions show lower skill during the lead time of 0–10 days in the year 2013 relative to the original forecasts, however, most cases with the lead time of 11–30 days are improved by adopting the bias correction scheme. Due to the improvements for most cases in the 20 years (Figure 9), we believe that the bias correction developed in this study can efficiently improve the dynamical model predictions despite degraded skill in very few years.
[image: Figure 8]FIGURE 8 | The differences in TCC between the bias corrected predictions and original predictions with different forecast lead time in each region during 1994–2013.
[image: Figure 9]FIGURE 9 | The 20-year average TCC (A–E) and SCC (F–J) of the original and bias corrected predictions with different forecast lead time (days) with observations averaged over each region.
Figure 9 shows the 20-year mean TCC and SCC values of the original and bias corrected predictions with different forecast lead time over each region. From Figures 9A–E, for the original predictions with the TCC values greater than 0, the shortest prediction timeline (about 7 days) is noted over Jianghuai Basin while the longest prediction timeline (about 20 days) is found in South China. The bias corrected predictions produced much higher TCC than the original forecasts with slight (much larger) improvements with the forecast lead time shorter (longer) than 5 days. In addition, SCC is further used to evaluate the skill in reproducing the spatial distribution of the observed precipitation anomalies (Figures 9F–J), it shows decreasing trend with the forecast lead time increased, which is similar to TCC. Meanwhile, similar improvements in the SCC can be obtained by adopting the bias correction scheme, i.e., relative to the original predictions, the 20-year mean SCC over Eastern China is increased by 0.14, 0.17, and 0.19 during the forecast lead time of 0–10 days, 11–20 days, and 21–30 days, respectively (Table 1). It is also noted that the skill of bias corrected forecasts is not degraded with the forecast lead time longer than 5 days despite a sharp decreasing trend during the forecast lead time less than 5 days, which is similar to the original forecast, implying that the predictive skills may not be degraded moving away from the initial conditions.
CONCLUSION AND DISCUSSION
In this study, the prediction skills of the BCC_S2SFS in forecasting the summer precipitation in Eastern China during 1994–2013 have been systematically evaluated. Meanwhile, a bias correction scheme based on SVD analysis has been developed to correct the BCC_S2SFS predictions and thereafter further improve the prediction skill of the summer precipitation over Eastern China at the sub-seasonal scale. The main findings are shown as follows:
The skills of the BCC_S2SFS in predicting the summer precipitation over Eastern China with different forecast lead time show remarkable regional and inter-annual differences. The prediction skills of summer precipitation over Eastern China sharply decrease with the forecast lead time increased and are lost after the lead time of 5 days over most Eastern China in most years. The 20-year mean TCC values produced by BCC_S2SFS with 0–10 days, 11–20 days, and 21–30 days in advance over Eastern China are 0.35, 0.02, and 0.01, respectively.
Adopting the bias correction scheme can efficiently improve the skill of BCC_S2SFS in predicting the sub-seasonal precipitation in summer over Eastern China with much larger improvements in the forecast lead time longer than 10 days. The relatively lower improvements for the predictions with lead 0–10 days are due to the much higher impact of the predictability of weather patterns on the model results, which cannot be overcome by the distilling of the specific climate features through the bias correction scheme. However, the bias corrections can be finally reconstructed in longer lead times when the impact of weather patterns becomes lost due to the limited predictability. Overall, the TCC (SCC) produced by the bias corrected predictions with 0–10 days, 11–20 days, and 21–30 days in advance can be increased by 0.15, 0.55, and 0.56 (0.14, 0.17, and 0.19) relative to the BCC_S2SFS original forecasts, respectively. The bias correction scheme developed in the current study shows large potential application prospects in the operational forecast.
Kug et al. (2008) and Wang et al. (2017) reported that the regression models established with the observations less than 30 years were unstable, and the prediction skill would decrease further with the reduction of data involved. In this study, only 20-year observations and predictions of summer precipitation were used to establish the bias correction scheme. In future studies, more data should be used to establish the bias correction scheme to further improve the prediction skill, and the information of slow-changing physical background would be employed in the coordinate correction to improve the understanding of the physical mechanism of summer precipitation in Eastern China.
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In this study, we examine the different seasonal precipitation anomaly patterns in Central Asia associated with the cold-tongue (CT) El Niño and warm-pool (WP) El Niño from the El Niño developing autumn to the decaying spring based on the Global Precipitation Climatology Centre (GPCC) full data reanalysis version 2018 (GPCC V2018) data set. Overall, El Niño are associated with more precipitations over Central Asia, but significant discrepancies can be found in the precipitation anomaly spatial patterns associated with the two types of El Niño from the El Niño developing autumn to the decaying spring. The precipitation associated with CT El Niño is mostly concentrated in the plains and hilly areas of Central Asia and is more dispersed in space. Whereas the precipitation associated with WP El Niño is mostly concentrated along Pamirs and Tian Shan Mountains with consistency throughout the autumn before El Niño peaks to the spring when El Niño decays. Also, the strength of the positive precipitation anomaly associated with WP El Niño is significantly stronger than that of CT El Niño. The analysis of anomalous atmospheric circulation caused by two types of El Niño shows that the interconfiguration of anomalous high pressure in the south side of Central Asia at low and middle latitudes and anomalous low pressure and anomalous high pressure in the high latitudes of Eurasia affects the southwest water vapor flux and north side water vapor flux in Central Asia, thus causing different effects of different types of El Niño on precipitation in Central Asia at different stages. The spatial consistency of the WP El Niño effect on precipitation in Central Asia over three seasons may be related to the upward branch of the anomalous Walker circulation over the Indian Ocean induced by it.
Keywords: Central Asia, semi-arid to arid area, seasonal precipitation, two types of El Niño, partial correlation
INTRODUCTION
El Niño-Southern Oscillation (ENSO) is the most important interannual signal of climate variability on earth. It influences the world climate through the ocean-atmospheric coupling process globally. Canonical El Niño is characterized with maximum warm sea surface temperature (SST) anomalies in the eastern equatorial Pacific. However, since the 1990s, a new type of El Niño has begun to occur frequently with the largest SST warm anomaly located in the central equatorial Pacific. It is often referred to as Dateline El Niño (Larkin and Harrison, 2005), El Niño Modoki Ashok et al. (2007), Weng et al. (2007), Weng et al. (2009), central Pacific (CP) El Niño (Kao and Yu, 2009), and warm pool (WP) El Niño (Kug et al., 2009). Furthermore, it was recently shown that this new type of El Niño may become even more frequent under global warming scenarios (Yeh et al., 2009). In this study, this new type of El Niño and the canonical El Niño are referred to as warm pool (WP) El Niño and cold tongue (CT) El Niño, respectively.
Previous studies have discussed the different impacts of the two types of El Niño on Atlantic hurricane frequency (Kim et al., 2009), western North Pacific tropical cyclone frequency (Chen and Tam, 2010), precipitation patterns over the western United States during boreal winter (Weng et al., 2009), winter climate extremes over the eastern and central United States (Ning and Bradley, 2015) and the austral spring and autumn rainfall in Australia (Wang and Hendon 2007; Taschetto and England 2009). Recently, their impacts on the variations of precipitation and temperature over East and Southeast Asia, the summer rainfall anomaly patterns in northeast China and the summer heat extremes in China have also been investigated in many studies (Weng et al., 2011; Feng et al., 2011, Feng and Li, 2011; Yuan and Yang 2012; Luo and Lau 2020; Gao et al., 2020; Qin and Shuang-lin, 2009).
As one of the largest semi-arid to arid regions, Central Asia is located in the hintland of Eurasia, acting as a bond of cultural and economic communication between Europe and Asia. Central Asia expands from 34.3°to 55.4°N and from 46.5°to 96.4°E geographically and encompasses five countries: Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, Uzbekistan (hereafter ‘CAS5’), and Xinjiang Uygur Autonomous Region of China. This region is characterized by typical continental climate with an annual total precipitation less than 300 mm, implying a fragile ecosystem that is highly vulnerable to climate change (IPCC 2013; Huang et al., 2016, Huang J. et al., 2017; Hu et al., 2017; Peng et al., 2020a, Peng et al., 2020b). Thus, changes in precipitation have a great impact on people’s living condition and ecosystem in Central Asia. Many studies of the precipitation in Central Asia focus on changes of precipitation under global warming (Chen et al., 2011; Hu et al., 2017), under CMIP6 future projections (Jiang et al., 2020) and the impacts of SST warming in the tropical Indian Ocean on the projected change in summer rainfall over Central Asia (Zhao and Zhang 2016). Some previous studies have documented the linkage between ENSO and the hydroclimatic variability of the southwest central Asia region (Mariotti, 2007). And the relationship between the changes of the seasonal precipitation over Central Asia and ENSO over the last century have be investigated recently (Chen et al., 2018). However, there are significant differences in the anomalous Walker circulation caused by the two types of El Niño, and there are also differences in the mid- and high-latitude teleconnection types caused, so are there also differences in the effects of the two types of El Niño on precipitation in Central Asia? In addition, previous studies have shown seasonal differences in the impact of ENSO on precipitation in Central Asia (Chen et al., 2018), so what is the impact of the two types of El Niño on precipitation in Central Asia at different stages of their lifetime? And what are the possible physical mechanisms behind this? These are the questions that this study intends to answer.
The remainder of the study is organized as follows. In Section Data and Methods, we introduce the datasets and analysis methods applied in this study. In Section Results, we compare the different seasonal precipitation anomaly patterns in Central Asia associated with the two types of El Niño from the El Niño developing autumn to the decaying spring and possible physical mechanisms responsible for these features are investigated. Section Summary and Discussion gives a brief summary of the study.
DATA AND METHODS
The latest version of Global Precipitation Climatology Centre (GPCC) full data reanalysis version 2018 (GPCC full V2018) dataset (Schneider et al., 2018) with a spatial resolution of 1.0°×1.0° is used in this study. This gridded dataset is based on 75,000 meteorological stations world-wide with record durations of 10 years or longer. It has been widely used to support regional climate monitoring, model validation, climate variability analysis, and water resources assessment studies because of its high-quality control (Becker et al., 2013; Wan et al., 2013; Schneider et al., 2014; Gu and Adler, 2015). In addition, Hu et al. (2017) suggested that GPCC V7 has the higher accuracy than Climatic Research Unit (CRU) products and the data sets developed by Willmott and Matsuura from the University of Delaware (UDEL) when compared with the observed precipitation data from meteorological stations over Central Asia. Monthly SST data from the Hadley Centre Global Sea Ice and Sea Surface Temperature (Rayner et al., 2003) and monthly atmospheric reanalysis data sets NCEP/NCAR Reanalysis 1 from January 1948 to December 2020 (Kalnay et al., 1996) are also used in this study.
For the GPCC precipitation dataset and the HadISST, the temporal coverage we used in this study is from January 1891 to December 2016 for data consistency and reliability; and for reanalysis we used data from January 1948 to December 2020. Anomalies of all variables are obtained by removing the annual mean of the whole period accordingly. Seasonal means are constructed by averaging data from March–May (MAM), September–November (SON), and December–February (DJF).
In order to describe the two types of El Niño quantitatively, the CT and WP ENSO indices proposed by Ren and Jin (2011) are used in this study. These indices are defined as follows:
[image: image]
Here, [image: image] and [image: image] denote Niño3 and Niño4 indices, respectively. And [image: image] and [image: image] are the newly defined WP and CT ENSO indices. The parameter [image: image] is determined by a minimization procedure to make the cluster centers of the two types of El Niño indicated by the Niño indices away from the diagonal as far as possible [For detailed information, refer to Ren and Jin (2011)]. In this study, we use [image: image] as the authors did in the original paper. Unlike the Niño 3 and Niño 4 indices, the CT and WP ENSO indices are of little simultaneous correlation. The SST patterns associated with these two new indices capture different characteristics of the phase propagations of the two types of El Niño. Table 1 shows the correlations between the Niño indices, the CT and WP ENSO indices and the El Niño Modoki index (EMI). The CT ENSO index and WP ENSO index are significantly correlated with the Niño 3 (R = 0.98) and Niño 4 indices (R = 0.86) respectively, but unlike the Niño indices (R = 0.77), they are almost unrelated with each other simultaneously (R = 0.17). Meanwhile, the WP ENSO index is also highly correlated with EMI (R = 0.87).
TABLE 1 | Correlations between the Niño indices, the CT and WP ENSO indices and EMI calculated using the monthly HadISST. Correlation coefficients are all statistically significant at the confidence levels of 99%.
[image: Table 1]To investigate the possible impacts of CT and WP El Niño on the seasonal precipitation in Central Asia, composite analyses are conducted, and lag correlations are calculated between the normalized DJF CT and WP ENSO indices and other physical variables from El Niño developing autumn to the decaying spring. Although the correlation between monthly CT and WP ENSO indices is weak (R = 0.17), the correlation coefficient between them in the mature phase (boreal winter DJF) of El Niño is higher (R = 0.35) which is significant for the sample size of n = 66 at the confidence levels of 99%. Therefore, partial correlations
[image: image]
are considered throughout this study to exclude the possible influence dominated by any particular event (Sankar-Rao et al., 1996; Behera and Yamagata 2003). All statistical significance tests for correlations are performed using the two-tailed Student’s t test. The degrees of freedom (dof) are 64 for a time series of 66-season long (1951–2016) and 71 for a time series of 73-season long (1948–2020). The correlation coefficients at the confidence level of 95% (90%) are 0.24 (0.20) for dof = 64 and 0.23 (0.19) for dof = 71.
RESULTS
Precipitation Anomaly Patterns Associated With Two Types of El Niño
Figure 1 shows the partial correlations between seasonal SST anomalies and normalized DJF CT ENSO index (left panel) and WP ENSO index (right panel) from El Niño developing summer (JJA0) to the decaying summer (JJA1), respectively. For the CT El Niño, significant warming is always concentrated along the equatorial eastern Pacific from the developing summer to the decaying summer. The warming patterns extend from the west coast of the Americas up to the dateline with warming centers located at the equatorial eastern Pacific. Meanwhile, negative SST anomalies develop in the western Pacific to the east of the Philippines and extend both northeastward and southeastward (Figures 1A–E) forming a cold ‘‘boomerang’’ (Trenberth and Stepaniak 2001). The CT El Niño is characterized by such a dipole SSTA pattern over the tropical Pacific throughout its life cycle. As for the WP El Niño, the center of the warming SSTA pattern is located persistently at the equatorial central Pacific from the developing to the decaying phase, with a weak cold SSTA to the equatorial eastern Pacific around 90W (Figures 1F–J). On the other hand, the cold ‘‘boomerang’’ SSTA pattern is less significant than that of the CT El Niño. This triple pattern along the tropical Pacific denotes a WP El Niño. Overall, the CT and WP ENSO indices are capable of capturing the SSTA progression patterns for the two types of El Niño events.
[image: Figure 1]FIGURE 1 | Partial correlations (shading) of seasonal SSTA with normalized DJF CT ENSO index (A–E) and WP ENSO index (F–J) for (A), (F) JJA(0), (B,G) SON(0), (C,H) DJF(0), (D,I) MAM(1), and (E,J) JJA(1) in which 0 means the El Niño developing year, 1 the next year. Correlation coefficients significant above the 95% confidence levels are marked with dots.
Chen et al. (2018) concluded that ENSO has significantly positive impact on the precipitation of Central Asia in during 1951–2013. Further, we found differences in the spatial patterns and intensity of the effects of the two types of El Niño on monthly precipitation in Central Asia. Figure 2 shows the regression coefficients of the monthly precipitation anomalies averaged through SON0 to MAM1 in Central Asia on the Niño3.4 index (Figure 2A), CT ENSO index (Figure 2B), and WP ENSO index (Figure 2C) during 1891–2016, respectively. Note that only regression coefficients that passed the 95% significance test are shown in these figures. It is shown that there are significant differences in the impact of the two types of El Niño on precipitation in Central Asia. The positive precipitation anomalies associated with CT El Niño are mainly located in the western Pamir Plateau (magnitudes about 2–4 mm/°C), with no significant impact on most of the rest parts of Central Asia (Figure 2B). In contrast, the positive precipitation anomalies associated with WP El Niño cover most of Central Asia except Xinjiang, China. The positive precipitation anomaly has a maximum center on the Pamir Plateau and in the Tian Shan Mountains, with magnitude of 10–12 mm/°C. In the hills, plains and desert areas of central and western Central Asia, the magnitude of the positive precipitation anomaly is about 2–4 mm/°C (Figure 2C). When the two types of El Niño events are considered together, the positive precipitation anomalies associated with the Niño3.4 index are found in the Pamir Plateau and Tian Shan Mountains regions (Figure 2A).
[image: Figure 2]FIGURE 2 | Regression coefficients of the monthly precipitation anomalies averaged through SON0 to MAM1 in Central Asia on the (A) Niño3.4 index, (B) CT ENSO index, and (C)WP ENSO index during 1891–2016. Shades indicate regression coefficients with significance above the 95% confidence levels.
Moreover, we further explore the seasonal precipitation anomalies patterns associated with the two types of El Niño during their life cycle. Chen et al. (2018) found that ENSO has the largest impact on the precipitation in Central Asia in boreal winter, followed by spring and autumn and there is no significant correlation between ENSO and the summer precipitation. Therefore, we mainly focus on the precipitation anomalies in the autumn before the El Niño peaks (SON0), the El Niño peaking winter (DJF0), and the next spring (MAM1). Composite analyses are conducted here to illustrate these patterns. First, we define the two types of El Niño events according to Ren and Jin (2011), that is, when the WP (CT) index is positive greater than one standard deviation of its own, then the warm SST anomaly is regarded as a WP (CT) El Niño state. Based on this criterion, the two types of El Niño events that were determined using detrended monthly HadISST from 1891-2020 are as follows:
CT El Niño: 1896, 1899, 1902, 1905, 1911, 1913, 1918, 1925, 1930, 1940, 1941, 1951, 1957, 1965, 1972, 1976, 1982, 1986, 1991, 1997, 2009, 2015
WP El Niño: 1900, 1940, 1941, 1957, 1958, 1968, 1977, 1986, 1987, 1990, 1991, 1992, 1993, 1994, 2002, 2003, 2004, 2006, 2009, 2014, 2015
It can be seen that several events (1940, 1941, 1957, 1986, 1991, 2009, 2015) are defined as both CT and WP El Niño events based on this determination criterion, which is due to the fact that these events show significant warming in both Niño3 and Niño4 regions and are basin-wide warm events. Therefore, some studies also refer to these events as “strong basin-wide” events and do not regard them as a regular CT or WP El Niño (Wang et al., 2019; Wang et al., 2020). In following analyses, we still keep these events in their respective categories.
The composites of seasonal precipitation anomaly associated with the CT El Niño (left panel) and WP El Niño (right panel) years during 1891–2020 from SON0 to MAM1 are shown in Figure 3. Only anomalies that passed the 90% significance test are shown in these figures. Consistent with the result in Figure 2, the impacts of WP El Niño on precipitation anomalies in Central Asia is stronger than CT El Niño in terms of intensity and spatial extent. In addition, there are prominent discrepancies between the precipitation anomalies associated with the CT and WP El Niño during every stage of the El Niño lifetime. In the CT El Niño developing autumn, positive precipitation anomalies are found in the plains of southwestern Central Asia and the northwestern Pamir Plateau (Figure 3A). In the following winter, as the El Niño peaks, the distribution of positive precipitation anomalies shifts northward, with more scattered wet conditions occurring in Kazakhstan (Figure 3B). In the El Niño decaying spring, a continuous positive precipitation anomaly appears in the Kazakh Hills and northern Xinjiang along with more precipitation in the northwestern Pamir Plateau (Figure 3C).
[image: Figure 3]FIGURE 3 | Composites of seasonal precipitation anomaly in Central Asia over all CT El Niño years (A–C) and WP El Niño years (D–F) during 1891–2016 for SON0, DJF0 and MAM1. Shades indicate regions with significance above the 90% confidence levels.
There are prominent discrepancies between the precipitation anomalies associated with the CT and WP El Niño during every stage of the El Niño lifetime. More precipitation appears in the Tian Shan Mountains and the Turan Plain in the WP El Niño developing autumn (Figure 3D). The positive precipitation anomalies in the mountainous region along Pamir Plateau and Tian Shan Mountains become conspicuous in the WP El Niño peaking winter along with some relatively weak positive rainfall anomalies in Xinjiang and plains around the Aral Sea (Figure 3E). In the following spring, the positive rainfall anomaly patterns are quite similar to that in the last winter with more precipitation in the mountainous region and a wider range of rainfall around the Aral Sea (Figure 3F). We also investigate the partial correlations between seasonal precipitation anomalies in Central Asia and the normalized DJF CT/WP ENSO indices in the same three seasons. And the results from the partial correlation are compatible with the above composite analyses (Figures not shown). Only that the area where the partial correlation coefficient between the precipitation anomaly and the CT/WP ENSO indices can pass the 90% significance test that is broader than that of the composite analysis. This is related to the size of the samples for which significance tests were carried out.
In summary, when comparing the precipitation anomalies in Central Asia associated with the CT and WP El Niño, three conspicuous characteristics need to be emphasized. First, overall, El Niño are associated with more precipitations over Central Asia in SON(0), DJF(0) and MAM(1) which is consistent with the findings of Chen et al. (2018), although the wet condition patterns are not consistent spatially and temporally. Second, the impacts of WP El Niño on Central Asia precipitation are stronger, more extensive, and longer lasting than that of CT El Niño. Third, the precipitation anomaly spatial patterns associated with the two types of El Niño is different from the El Niño developing autumn to the decaying spring. To be specific, the precipitation associated with CT El Niño is mostly concentrated in the plains and hilly areas of Central Asia and is more dispersed in space. Whereas the precipitation associated with WP El Niño is mostly concentrated in the mountainous areas of Central Asia. In its peaking winter and decaying spring, WP El Niño also brings a small amount of precipitation to Xinjiang and the plains around the Aral Sea.
Atmospheric Circulation Associated With Two Types of El Niño Over Central Asia
The different impacts of CT and WP El Niño on precipitation in Central Asia in time and space suggest that precipitation in Central Asia in different seasons may be controlled by different atmospheric circulations when the two types of ENSO occur. In this section, we explore the possible physical mechanisms for the above features of precipitation in Asia, based on composite analyses of the geopotential height (Figures 4, 5) and wind field (Figures 6, 7) of the lower and middle troposphere, the vertical integral of eastward and northward water vapor flux and the vertical integral of divergence of moisture flux (Figure 8) using the NCEP/NCAR Reanalysis 1 data. Previous studies suggested that ENSO has strong influences on the south-westerly water vapor flux coming from the Arabian Sea and tropical Africa and northeastern water vapor flux from Russia and thus can cause precipitation anomalies over Central Asia (Mariotti, 2007; Hu et al., 2017; Chen et al., 2018). In the following content, we focus on the difference between these two sources of water vapor flux in the developing, peaking, decaying season of two types of El Niño.
[image: Figure 4]FIGURE 4 | Composites of 700hPa geopotential height (hgt) anomalies in Central Asia over all CT El Niño years (A–C) and WP El Niño years (D–F) during 1948–2020 for SON0, DJF0 and MAM1. Dots denote regions with significance above the 90% confidence levels.
[image: Figure 5]FIGURE 5 | Same as Figure 4, but for 700 hPa anomalous wind field. Grey areas denote regions with significance above the 90% confidence levels.
[image: Figure 6]FIGURE 6 | Same as Figure 4, but for 500 hPa anomalous geopotential height.
[image: Figure 7]FIGURE 7 | Same as Figure 6, but for 500 hPa anomalous wind field.
[image: Figure 8]FIGURE 8 | Same as in Figure 4, but for vertically integrated water vapor flux (integrated from 1000 hPa to 300 hPa) (vectors) and its divergence (shades).
In the autumn before the CT El Niño peaks, anomalous high pressure dominates most of the low latitudes south of 30°N, and north of this anomalous high pressure there are two weaker low pressure centers located in the eastern Mediterranean and over the Caspian Sea, with a deeper trough near the Mediterranean Sea (Figures 4A, 5A), such that the atmospheric circulation pattern enhances westerly winds (Figures 6A, 7A) and facilitates the transport of water vapor from the Mediterranean and Arabian Sea to the Central Asian region (Figure 8A); while in Central Asia a weak high-pressure anomaly exists in northeastern Central Asia, which cooperates with the low-pressure center over the Caspian Sea (Figures 4A, 5A), resulting in an easterly wind anomaly (Figures 6A, 7A) in central Asia and a convergence of water vapor fluxes in south-central Central Asia (Figure 8A), thus causing precipitation in these regions (Figure 3A).
In the winter when CT El Niño matures, the strength of anomalous high pressure at low latitudes increases significantly, the Mediterranean Sea and North Africa are controlled by anomalous high pressure, a weak low pressure center exists in the Arabian Peninsula, and a significant anomalous high pressure exists over the Tianshan Mountains (Figures 4B, 5B), thus enhancing the northward transport of water vapor from the Indian Ocean (Figures 6B, 7B, 8B); at the same time, the disappearance of anomalous low pressure over the Mediterranean Sea (Figures 4B, 5B) weakens the southwest water vapor flux in Central Asia (Figure 8B), resulting in more scattered precipitation in the northern part of the region (Figure 3B).
In the spring when CT El Niño decays, anomalous high pressure dominates most of the middle and low latitudes south of 40°N, and a narrow anomalous low pressure exists at middle and high latitudes with two centers, one in western Europe and one near Siberia (Figures 4C, 5C), and the above atmospheric circulation pattern also leads to stronger westerly winds (Figures 6C, 7C), thus strengthening the western water vapor path in Central Asia (Figure 8C); Meanwhile, there is anomalous high pressure at high latitudes, whose center is located near the Ural Mountains, and together with the anomalous low pressure at middle and low latitudes (Figures 4C, 5C), it causes significant northeasterly wind anomalies in northern Central Asia (Figures 6C, 7C), which makes water vapor from high latitudes transport to northern Central Asia and strengthens the northern water vapor path in Central Asia (Figure 8C).
For WP El Niño, in the autumn prior to its maturation, most of the low and middle latitudes south of 45°N are controlled by significant anomalous high pressure, and anomalous high pressure exists at high latitudes in western Europe, while a widespread low pressure anomaly exists north of 45°N in northeastern Europe and northern Asia (Figures 4D, 5D), such a circulation pattern enhances northwesterly winds in northern Central Asia (Figures 6D, 7D), allowing water vapor transport from high latitudes to Central Asia (Figure 8D). Unlike CT El Niño, a high-pressure anomaly center exists in eastern Central Asia, and a significant southwesterly wind anomaly exists at the low troposphere (Figures 4D, 5D), enhancing the southwesterly water vapor path in Central Asia, and water vapor fluxes converge in the Tianshan Mountains and the Pamir Plateau (Figure 8D), causing positive precipitation anomalies in these regions (Figure 3D).
During the peaking season of WP El Niño, anomalous low pressure in the higher latitudes of Eurasia further intensified and pushed southward, and anomalous high pressure in the middle and low latitudes also strengthened (Figures 4E, 5E), thus enhancing the southwestern water vapor flux and northern water vapor flux in Central Asia (Figures 6E, 7E, 8E) and bringing stronger precipitation to the aforementioned areas (Figure 3E).
During its decaying season, a significant high pressure anomaly is maintained over most of the low latitudes south of 40°N, and what was originally an anomalous low pressure at high Eurasian latitudes becomes a weak anomalous high pressure, while a low pressure center develops over central Europe at mid-latitudes, and a narrow low pressure trough exists in western Central Asia (Figures 4F, 5F), such a circulation situation enhances water vapor transport from the Mediterranean, which is particularly significant in the troposphere (Figures 6F, 7F). This circulation enhances water vapor transport from the Mediterranean, especially in the middle troposphere, resulting in increased southwest water vapor fluxes in Central Asia (Figure 8F). Unlike CT El Niño, the anomalous low pressure near Siberia is weak at this time, and there is no significant northeasterly wind level in the middle and lower troposphere, so the water vapor flux in the northern part of Central Asia fails at this time (Figure 8F).
Possible Teleconnection
There are bound to be differences in the Walker circulation excited by the different SSTA patterns of the two types of El Niño illustrated in Figure 1, and such differences may have different effects on precipitation in more countries and regions around the world through the transmission of atmospheric bridges. To further analyze how the two types of El Niño affect seasonal precipitation in Central Asia through changes in atmospheric circulation, we first examine the Walker circulation anomaly (Figure 9) excited by the two types of El Niño, and the local meridional circulation anomaly between 45°E-75°E (Figure 10). Figure 9 shows the partial correlations between the anomalous Walker circulation averaged in 5°S-5°N and normalized DJF CT ENSO index (left panel) and WP ENSO index (right panel) from El Niño developing autumn (SON0) to the decaying spring (MAM1). Figure 10 shows the partial correlations between the anomalous Hadley circulation averaged in 45°E-75°E and normalized DJF CT ENSO index (left panel) and WP ENSO index (right panel). In both figures, shadings indicate correlations above the 95 and 90% confidence levels.
[image: Figure 9]FIGURE 9 | Partial correlations (shading) of anomalous Walker circulation averaged over 5°S-5°N with normalized DJF CT ENSO index (A–C) and WP ENSO index (D–F) for SON0, DJF0 and MAM1. Light (Heavy) Shades indicate correlations above the 90% (95%) confidence levels.
[image: Figure 10]FIGURE 10 | Same as Figure 9, but for meridional circulation averaged over 45°E-75°E.
For the CT El Niño, two anomalous cells form over the equatorial Indian-Pacific Ocean in DJF when it peaks (Figure 9B), a strong one over the Pacific and a weak one over the Indian Ocean. The rising branch over the Indian Ocean is weaker in autumn (Figure 9A), strengthens in winter, and disappears in spring when CT El Niño decays (Figure 9C). The anomalous Walker circulation caused by WP El Niño is significantly different from CT El Niño. The most dominant upwelling branch is located in the equatorial central Pacific at 150°E-180°, with two sinking branches on each side of it (Figures 9D,E). In the autumn before the peak of WP El Niño, there is no significant rising motion over the Indian Ocean (Figure 9D), and in the winter when WP El Niño matures, there is a significant rising motion near 90E (Figure 9E), and the extent of the rising branch over the Indian Ocean continues to expand as WP El Niño decays (Figure 9F). To sum up, there are significant differences in the evolution of the upwelling branch over the Indian Ocean during the development of the two types of El Niño.
To examine the possible impact of the Indian Ocean upwelling branch on precipitation in Central Asia during the two El Niño development phases, we next examine the anomalous Hadley circulation averaged over 45°E-75°E (Figure 10). Note that since our results in Section Possible Teleconnection indicate that the two types of El Niño have no significant effect on precipitation in Xinjiang, China, during their lifecycle, here we narrow the meridional range of the region of interest to 45°E-75°E to exclude the blocking effect of the Tibetan Plateau. It can be seen that around 30°N-40°N over Central Asia, there is a clear rising motion in the autumn before the peak of CT El Niño, extending to the top of the troposphere (Figure 10A); during the peaking winter of El Niño, this rising branch moves northward to around 50°N and weakens significantly (Figure 10B); in the spring when El Niño decays, there is no clear rising motion over Central Asia (Figure 10C). For WP El Niño, upward motion is present over Central Asia (30°N-55°N) in the autumn before its peak, in the winter when it matures, and in the spring when it decays (Figures 10D–F). This upward branch is strongest in the winter of El Niño’s maturation and reaches its widest extent and extends to the top of the troposphere (Figure 10E). In spring, this upwelling branch is weaker but still present, which is a significant difference from CT El Niño (Figure 10F). That is, the influence of the Walker circulation anomaly over the Indian Ocean on precipitation anomalies in Central Asia differs during the life cycle of the two types of El Niño, especially in winter and spring. We further examine the 200 hPa velocity potential (VP200) composite over the two types of El Niño (Figure 11). A clear, persistent pattern of upper-level convergence over the Indian Ocean is present throughout the WP El Niño peaking winter and decaying spring. Whereas the positive VP200 anomalies are weak in the winter of CT El Niño peaks and disappear in the following spring.
[image: Figure 11]FIGURE 11 | Same as Figure 4, but for 200 hPa anomalous velocity potential.
SUMMARY AND DISCUSSION
In this study, we examine the different seasonal precipitation anomaly patterns in Central Asia associated with the CT El Niño and WP El Niño from the El Niño developing SON to the decaying MAM based on GPCC monthly precipitation data version 2018 and discover that there are distinguished differences between the effects of the two types of El Niño on precipitation in Central Asia in terms of intensity, spatially and temporally. We then discuss two types of El Niño-induced atmospheric circulation anomalies and water vapor flux anomalies in Central Asia and compare the effects of the rising branch of the Indian Ocean on precipitation in Central Asia in different Walker circulation anomalies patterns. The conclusion are as follows:
Overall, El Niño are associated with more precipitations over Central Asia in SON, DJF and MAM which is consistent with the findings of Chen et al. (2018), but significant discrepancies can be found in the precipitation anomaly spatial patterns associated with the two types of El Niño from the El Niño developing autumn to the decaying spring. The strength of the positive precipitation anomaly associated with WP El Niño is significantly stronger than that of CT El Niño. The precipitation associated with CT El Niño is mostly concentrated in the plains and hilly areas of Central Asia and is more dispersed in space. With the development and extinction of CT El Niño, the positive anomaly regions of precipitation in Central Asia have a tendency to move northwestward, but the spatial pattern of precipitation anomalies lacks consistency from SON(0) to MAM(1). Whereas the precipitation associated with WP El Niño is mostly concentrated along Pamirs and Tian Shan Mountains with consistency throughout the autumn before El Niño peaks to the spring when El Niño decays. Note that, among the three seasons studied, its influence on precipitation in Central Asia is most widespread and strongest in the spring when WP El Niño decays. What we found in this study echoes the previous findings based on a synoptic diagnose for summertime extreme precipitation in Northwest China (e.g., Huang W. et al., 2017; Ning et al., 2021).
Previous studies have indicated that the southwesterly water vapor fluxes from the Arabic Sea and Africa are the source of Central Asia precipitation during El Nino and the north water vapor fluxes from Russia are only detected in MAM which account for the maximum precipitation of Central Asia in this season (Mariotti, 2007; Hu et al., 2017; Chen et al., 2018). We further found that the southwestern water vapor fluxes from the Indian Ocean are significantly greater during the maturing winter of WP El Niño than during the winter of CT El Niño, and this contribution persists from winter to the following spring and is enhanced in spring. In addition, the effect of northern water vapor fluxes on precipitation in Central Asia is mainly found in the spring when CT El Niño begins to decay, which is not evident in the WP El Niño event.
The analysis of anomalous atmospheric circulation caused by two types of El Niño shows that the interconfiguration of anomalous high pressure in the south side of Central Asia at low and middle latitudes and anomalous low pressure and anomalous high pressure in the high latitudes of Eurasia affects the southwest water vapor flux and north side water vapor flux in Central Asia, thus causing different effects of different types of El Niño on precipitation in Central Asia at different stages. The spatial consistency of the WP El Niño effect on precipitation in Central Asia over three seasons may be related to the rising branch of the anomalous Walker circulation over the Indian Ocean induced by it.
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As a unique climate phenomenon induced by the Tibetan Plateau (TP) heat flux, the TP monsoon is closely connected with the global climate, especially pertaining to the TP. However, the current research focuses more on the influence of the TP monsoon on the TP and eastern China, but not including Central Asia. This paper analyzed the relationship between the TP monsoon index and Central Asia summer precipitation by JRA55 reanalysis data and Global Precipitation Climatology Centre (GPCC) monthly precipitation. The results showed a significant positive relationship between the TP monsoon index and summer precipitation in Central Asia. When the TP monsoon was strong, there was cold advection in the upper troposphere over Central Asia, and the resulting thermal wind caused a cyclonic circulation anomaly in the mid-upper troposphere over Central Asia. This in turn led to a cyclonic circulation anomaly to water vapor transport in the lower troposphere. The abnormal upward movement also caused more precipitation in this area, which explains the positive correlation between the TP monsoon and the precipitation in Central Asia. Based on this physical mechanism, the temperature of the mid-upper troposphere over Central Asia was closely related to the TP monsoon, and it was a key factor that affected summer precipitation changes in Central Asia.
Keywords: Tibetan Plateau monsoon, Central Asia, summer precipitation, mid-upper troposphere temperature, Tibetan Plateau (TP)
INTRODUCTION
The arid and semiarid regions in Central Asia, including Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and Uzbekistan, are sensitive and vulnerable to climate variations (Hu et al., 2014). Roughly taking 100°E as the boundary, the arid area of central Asia is controlled by westerly circulation; this area was named the “westerly mode” (Huang et al., 2013). Huang et al. (2015) also found that the “westerly mode” of precipitation changes under the modern climate background was most prominent feature on the interdecadal scale in summer.
As one of the largest arid regions in the middle latitudes in the world, Central Asia is likely to be strongly influenced by climate warming. Xu et al. (2015) found that the average increasing rate in annual precipitation was 3.9 mm/10 a in the arid lands of Central Asia, and there were significant increasing trends in precipitation in Kazakhstan, Kyrgyzstan, and Tajikistan. Similar results were also found in Hu et al. (2017). When considering extreme precipitation, Yao et al. (2021) found that all extreme precipitation-related indices except for consecutive dry days experienced an increasing trend during 1936–2005. Moreover, based on the Coupled Model Intercomparison Project 5 (CMIP5) model simulations, the annual total wet-day precipitation, Rx1 1-day precipitation amount, and consecutive dry days in Central Asia were projected to increase robustly during 2006–2100 under representative concentration pathway (RCP) 4.5 and RCP 8.5; higher RCPs had higher rates of extreme precipitation and lower signal-to-noise ratios. Jiang et al. (2020) also found that at the end of the 21st century, a robust increase in annual mean precipitation under all scenarios was found. Limiting global warming to under 1.5°C can help reduce the occurrence and associated impact of precipitation extremes in East-Central Asia (Zhang et al., 2020).
Many factors have been used to discuss the contribution to precipitation in Central Asia. When considering the ocean signals, Chen et al. (2018) found that the seasonal precipitation of Central Asia was closely related to ENSO. Zhao and Zhang (2016) also found that SST warming in the tropical Indian ocean influenced the summer rainfall changes over Central Asia. When talking about the land signal, Yang et al. (2016) found that the spring soil moisture has a positive contribution to summer precipitation over northern Europe, Central Asia, and the southern region of North America but a negative contribution to the central part of North America, Arabia, and India. In terms of atmospheric factors, Bothe et al. (2012) found that the moisture supply to Central Asia was primarily due to the mid-latitude westerlies with contributions from higher latitudes. Wei et al. (2017) also found an out-of-phase rainfall variation over Central Asia, closely related to the southeast-northwest Asian westerly jet stream. The change in westerly circulation may be the main factor affecting the evolution of precipitation in the arid region of Central Asia (Chen et al., 2011). Chen et al. (2021) also found that the East Asian summer monsoon has experienced a persistent weakening trend since 1958, causing an increasing contribution of monsoonal water vapor transport and enhancing summer precipitation in Central Asia. Besides these factors, Peng et al. (2018) also found that human-induced warming increased the specific humidity over all of Central Asia, increasing (decreasing) the precipitation over eastern (western) Central Asia. However, relatively few studies have been conducted between the Tibetan Plateau (TP) and Central Asia.
The phenomenon of the “TP monsoon” was first discovered by Ye et al. (1957) and later indicated by Xu and Gao (1962). In the same year, Gao and Tang introduced the concept of the TP monsoon at the annual meeting of the Gansu Meteorological Society. Later, Tang et al. (1979) and Tang et al. (1984) reported the climatic characteristics and interannual variation characteristics of the TP monsoon, which prompted people to pay more attention to the TP monsoon. Since the time that Tang et al. (1979) defined the TP monsoon index based on the 600 hPa geopotential height anomaly field, much research on the TP monsoon has been conducted. Qi et al. (2015) found that when the TP summer monsoon was strong, the southerly wind in Central Asia was abnormal with convergence, and the south Xinjiang region had an abnormal easterly wind, which was conducive to the transportation of water vapor to this area, and the precipitation was relatively high. Zhao et al. (2014), Zhao et al. (2016) and Zhao et al. (2019) further investigated the influence of the TP monsoon on weather and climate in Central Asia by comparing the relationship between the TP monsoon and precipitation in the Tarim Basin, and found that mid-upper tropospheric temperature (MUTT) play an important role in linking the TP monsoon and the south Asian monsoon with summer rainfall over the Tarim Basin of China.
As the third pole of the world, the TP has a significant impact on the climate of the TP and its surrounding areas. However, past studies have focused on the TP itself or its effect on the lower reaches of the TP, while relatively few studies have been conducted on the upper stream and north side of the TP. As shown in Figure 1, Central Asia is located in the northwest of the TP. What is the relationship between the precipitation in Central Asia and the TP monsoon? Based on this consideration, this paper studied the relationship between the TP monsoon and precipitation in Central Asia and discussed the role of the mid-upper tropospheric temperature in the relationship.
[image: Figure 1]FIGURE 1 | Altitude distribution of the study area. In the figure, the area with thick black solid line is the TP, and the area with red solid line is the five countries of Central Asia.
DATA AND METHODS
Data
The Global Precipitation Climatology Centre (GPCC) provides gridded gauge-analysis products derived from quality-controlled station data. After comparing these data with other reanalysis data, Hu et al. (2018) found that GPCC was more suitable for studies of long-term precipitation variations over Central Asia. Here, monthly precipitation data from 1979–2019 were used.
The Japan Meteorological Agency (JMA) conducted JRA-55, the second Japanese global atmospheric reanalysis project. It covers 55 years, extending back to 1958. Compared to its predecessor (JRA-25), JRA-55 is based on a new data assimilation and prediction system that improves many deficiencies found in the first Japanese reanalysis (Kobayashi et al., 2015). The isobaric surface wind field and geopotential height field from 1979 to 2019 were used to calculate the TP monsoon index, and the upper air circulation field was also applied.
Method
As a result of the heat flux of the TP, there was an apparent wind field convergence and low-pressure center at 600 hPa on the TP (Figure 2A). Compared with the winter westerly wind field, the wind field of summer showed a significant change. Based on wind field standardization seasonal variability (Figure 2B) defined by Li and Zeng (2000), Zhang et al. (2015) defined a TP monsoon index to reflect the seasonal changes in the TP wind field. The formula is
[image: image]
where i and j are the number of grid points, [image: image] is the wind field standardization seasonal variability at the lattice point (i, j), [image: image] is the area of the bin at the lattice point (i, j), and region D is located at 27.5–37.5°N, 80–100°E (the solid frame area of Figure 2B).
[image: Figure 2]FIGURE 2 | (A) Multiyear mean circulation (vectors, unit: m s−1) and geopotential height (shaded areas, unit: m) of 600 hPa in summer. (B) Multiyear mean wind field standardization seasonal variability index at 600 hPa in the summer (unit: 1). The black line in (A) denotes the TP boundary. The solid markers in (A) and rectangular lines in (A) and (B) indicate the regions selected for the calculation of TP monsoon indices.
Compared with the classic TP monsoon index (Tang et al., 1979), the correlation coefficient between the new and classic TP monsoon index two was 0.63, so the new index PMI was used here. Furthermore, a more detailed comparison also showed that the new index could reflect the summer precipitation on the TP, especially for the southeastern part of the TP (Zhang et al., 2019).
RESULTS
As shown in Figure 3A, there was a significant positive correlation area in Central Asia. The correlation coefficient in some regions reached 0.6 or above, showing the close relationship between the TP monsoon and Central Asia precipitation. The area-averaged precipitation in the region (39–49°N, 54–78°E, the rectangular area in Figure 3A) was further calculated, and the time series of summer precipitation in Central Asia was obtained. As shown in Figure 3B, the TP monsoon index series and the precipitation series in Central Asia had an excellent corresponding relationship (r = 0.33), which could pass the 95% confidence level student’s t-test, showing the significant relationship between the TP monsoon and Central Asia precipitation.
[image: Figure 3]FIGURE 3 | (A) Spatial distribution of the correlation coefficient between the TP monsoon index and summer precipitation. (B) Time series of the TP summer monsoon index and summer precipitation in Central Asia. The rectangular lines in (A) indicate the regions selected for the calculation of summer precipitation. The dotted area in (A) is the area that passed the 90% confidence level student’s t-test.
As shown in Figures 3A,B, there was a significant positive correlation between the TP monsoon and summer precipitation in Central Asia. To analyze the physical mechanism behind their correlation, five maximum years (1987, 1998, 2004, 2005, 2009) and five minimum years (1986, 1994, 1996, 1997, 2015) of the TP monsoon index were chosen to perform synthetic analysis. Moreover, using the TP monsoon index as the regression factor, the regression coefficients of different physical quantities were also analyzed.
In Figure 4A, the summer circulation at 200 hPa was controlled by westerly winds over Central Asia, and there was a jet stream with a zonal wind greater than 25 m/s. There was a high-temperature center on the south side of the jet stream and a low-temperature center on the north side of the jet stream. The composite results of the maximum and minimum years of the TP monsoon showed that when the TP monsoon was stronger, the zonal wind on the south side of the jet was stronger, and the zonal wind on the north side of the jet was weaker. Such an anomalous distribution was conducive to the southerlies of the Central Asian jet stream (Figure 4B). From Figure 4C, there was a cyclonic circulation anomaly in southern Central Asia, and the easterly wind anomaly in northern Central Asia was consistent with the weaker westerly airflow in Figure 4B. In addition, there was also an anticyclonic circulation anomaly at higher latitudes of Central Asia, causing a significant northeasterly wind anomaly on the northeastern side of Central Asia. Combined with the low-temperature distribution characteristics in high latitudes in Figure 4A, it can be found that such wind field anomalies will facilitate cold air at higher latitudes to go south, leading to cold advection in the temperature field. Affected by this, there was a negative anomaly in the temperature over the northern part of Central Asia, as shown in Figure 4D. Similarly, the cyclonic circulation anomaly in southern Central Asia also had southwest wind anomalies in southeastern Central Asia, which made the temperature field on the southern side of Central Asia have a positive anomaly. Furthermore, the TP monsoon index was used as an independent variable to regress the variables mentioned above. As shown in Figures 4E–G, the spatial distribution characteristics of the regression coefficients were similar to the results of the synthetic analysis. Based on the synthetic analysis and regression analysis results, the influence of the TP monsoon on the 200 hPa wind field in the region was significant.
[image: Figure 4]FIGURE 4 | (A) Multiyear averaged 200 hPa summer wind field (vectors, unit: m s−1) and temperature (shaded areas, unit: K). (B–D) are the differences in 200 hPa zonal wind, wind field, and temperature between the maximum and minimum TP monsoon index years, respectively, (E–G) are the regression coefficient distributions of the TP monsoon index for 200 hPa zonal wind, wind field, and temperature field, respectively. The white shaded area in (A) is the area where the zonal wind is greater than 25 m s−1. Dotted area in (B,D,E,G) and red wind field in (C,F) is the area that passed the 90% confidence level student’s t-test.
At 500 hPa, the results of the synthetic analysis showed that there was an anomalous anticyclonic circulation in the northern part of Central Asia, while there was an anomaly in the southern part of Central Asia (Figure 5A). Affected by this, there was a specific negative geopotential height anomaly in the southern part of Central Asia, while a positive geopotential height anomaly existed in the northern part of Central Asia (Figure 5B). The result of the regression analysis was similar to this result, and the area that passed student’s t-test in the regression analysis was broader, which also reflected that the 500 hPa circulation field anomaly was closely related to the 200 hPa upper troposphere.
[image: Figure 5]FIGURE 5 | (A,B) shows the difference in the 500 hPa wind field and geopotential height between the maximum and minimum TP monsoon index years, respectively; (C,D) show the regression coefficient distribution of the TP monsoon index for the 500 hPa wind field and geopotential height, respectively. The red wind field in (A,C) and dotted area in (B,D) are the areas that passed the 90% confidence level student’s t-test.
Consistent with the 500 hPa circulation field in Figure 5, the water vapor transport integrated from the ground to the 500 hPa showed similar characteristics, as shown in Figure 6. There was a particular cyclonic circulation anomaly in southern Central Asia while an anticyclonic circulation anomaly in northern Central Asia. Regression analysis also showed similar characteristics. However, compared to the 500 hPa circulation field, the features of the water vapor transport field were weaker, and there were fewer areas that passed student’s t-test. Because the water vapor transport was affected by many influencing factors, the TP monsoon alone could not fully explain the variance in water vapor transport. Nevertheless, the corresponding spatial difference characteristics of the water vapor transport field indicated that the TP monsoon also impacted water vapor transport in Central Asia.
[image: Figure 6]FIGURE 6 | (A) Difference in the water vapor transport in the lower troposphere between the maximum and minimum TP monsoon index years. (B) Regression coefficient distribution of the TP monsoon index for water vapor transport in the lower troposphere. The red wind field in (A,B) is the area that passed the 90% confidence level student’s t-test.
The vertical profile showed that there was a significant updraft near 47°N, which corresponded to the negative geopotential height anomaly that existed over this area at 500 hPa (Figure 7A). Affected by the anticyclonic circulation anomaly in the high latitude area of 200 hPa, cold advection occurred over this area, resulting in a significant negative temperature anomaly near 250 hPa in the troposphere, as shown in Figure 7B. The thermal wind brought about by the cold advection also forced the region to appear ascending, which could also explain the significant ascending motion in Figure 7A. The regression analysis results also showed similar results, reflecting the considerable influence of the TP monsoon.
[image: Figure 7]FIGURE 7 | (A,B) shows the difference in the zonal profile after the radial average of the wind field and temperature between the maximum and minimum TP monsoon index years, respectively. (C,D) depict the regression coefficient distributions of the TP monsoon index for a zonal profile after the radial average of the wind field and temperature, respectively. The red wind field in (A,C) and the dotted area in (B,D) show the area that passed the 90% confidence level student’s t-test.
From the above analysis, it could be seen that the lower temperature caused by cold advection in the upper troposphere might be the key factor to the change in the vertical wind field and the change in precipitation in the area. Therefore, the temperature field of 500–200 hPa was integrated and used to calculate its relationship with the TP monsoon index. As shown in Figure 8A, there was a significant positive correlation between the TP monsoon index and the temperature of the mid-upper troposphere in Central Asia. The area-averaged temperature of the mid-upper troposphere in Central Asia was further calculated and defined as the mid-upper tropospheric temperature index (MUTTI, 35–48°N, 50–85°E, the rectangular area in Figure 8A). According to the time series of MUTTI and the TP monsoon index, there was a clear negative correspondence between them. The correlation coefficient reaches −0.42, which could pass the 99% confidence level student’s t-test, showing the close relationship between the TP monsoon and the temperature of the mid-upper troposphere in Central Asia.
[image: Figure 8]FIGURE 8 | (A) Distribution of the correlation coefficient between the TP monsoon index and the mid-upper tropospheric temperature. (B) Time series of the TP monsoon index and the mid-upper tropospheric temperature index (MUTTI). The rectangular lines in (A) indicate the regions selected for the calculation of MUTTI, and the dotted area in (A) shows the area that passed the 90% confidence level student’s t-test.
By calculating the correlation coefficient between MUTTI and summer precipitation in Central Asia, it was found that MUTTI and summer precipitation in Central Asia were mainly negatively correlated (Figure 9A). When calculating the regional average precipitation in Central Asia (39–49°N, 54–78°E, the rectangular area in Figure 9A) to obtain the year-by-year time series of Central Asia precipitation, there was a significant correlation between the MUTTI and Central Asia precipitation, as shown in Figure 9B, and the correlation coefficient reached −0.34, which could pass the 90% confidence level student’s t-test.
[image: Figure 9]FIGURE 9 | (A) Distribution of the correlation coefficient between the MUTTI and summer precipitation in Central Asia. (B) Time series of MUTTI and summer precipitation in Central Asia. The rectangular lines in (A) indicate the regions selected for the calculation of regional precipitation, and the dotted area in (A) shows the area that passed the 90% confidence level student’s t-test.
Using MUTTI as an independent variable to regress the 200 hPa circulation field (Figure 10). There was a positive center of the geopotential height regression coefficient at 200 hPa over Central Asia (Figure 10A). Affected by this, there was also an anticyclonic circulation anomaly with regression coefficients over Central Asia (Figure 10B). The spatial distribution of this regression coefficient was partly opposite to the results of the TP monsoon regression coefficient in Figure 4, which was mainly due to the negative correlation between the TP monsoon index and MUTTI, as shown in Figure 8B. Similar results were also found at 500 hPa, and there was a positive regression coefficient center of the geopotential height in southern Central Asia (Figure 11A). Additionally, there was an anticyclonic circulation anomaly in south Central Asia (Figure 11B). Compared the results between Figure 10 and Figure 11, the result at 200 hPa was more obvious.
[image: Figure 10]FIGURE 10 | (A,B) show the regression coefficients of MUTTI for geopotential height and wind field of 200 hPa, respectively. The dotted area in (A) and the red wind field in (B) show the area that passed the 90% confidence level student’s t-test.
[image: Figure 11]FIGURE 11 | (A,B) show the regression coefficients of MUTTI for geopotential height and wind field at 500 hPa, respectively. The dotted area in (A) and the red wind field in (B) show the area that passed the 90% confidence level student’s t-test.
When considering the vertical profile, there was an ascending movement near 52°N in the northern part of Central Asia, while a sinking movement existed to the south of 52°N (Figure 12A). Affected by the sinking movement, precipitation in Central Asia decreased, which could also explain the negative correlation between MUTTI and summer precipitation in Central Asia (Figure 9A). As shown in Figure 12B, the MUTTI was closely related to the temperatures of the middle and lower troposphere and there was a positive center at 250 hPa in the troposphere, which was similar with the result in Figure 7D.
[image: Figure 12]FIGURE 12 | (A,B) show the regression coefficients of MUTTI for a zonal profile after the radial average of the wind field and temperature, respectively. The red wind field in (A) and the dotted area in (B) show the area that passed the 90% confidence level student’s t-test.
In a word, when the MUTTI was higher, there were positive geopotential height anomalies and anticyclonic circulation anomalies at the middle and upper troposphere. Affected by the circulation field, there was mainly sinking movement in Central Asia, which could explain the negative correlation between MUTTI and summer precipitation in Central Asia.
DISCUSSION
The monsoon is an area where the prevailing wind direction changes significantly in winter and summer. The near surface level wind field has certain changes over TP due to the transition of the TP heat flux from winter to summer, so Tang et al. (1979) firstly defined this phenomenon as the TP monsoon. Later, Tang and Reiter (1984) also found a similar “plateau monsoon” over the western United States. Because of the spatial complexity of the TP land use, it is difficult to observe and simulate the TP thermal condition well. As we know, the reanalysis data showed a better performance on the isobaric circulation field compared with the surface variables, and this is more prominent on the TP where observational data is relatively scarce. Therefore, it is reasonable to use the TP monsoon index to replace the TP thermal conditions. Though the TP monsoon is the result of the thermal condition changes of the underlying surface, the TP monsoon is also affected by other factors such as the atmospheric circulation, so the TP monsoon cannot be equated with the TP thermal conditions.
The monthly simulation results of the BCC-CSM2-MR in CMIP6 from 1979 to 2014 were used to verify the above results. As shown in Figure 13A, there was apparent wind convergence on the TP in summer. There was also a significant positive correlation between the TP monsoon and summer precipitation in Central Asia, as shown in Figure 13B. However, because BCC-CSM2-MR was a global model, the distribution characteristics of the correlation coefficients were slightly different from those in Figure 3A. Nevertheless, the overall features were similar, which verified that there was a relationship between the TP monsoon and Central Asia precipitation.
[image: Figure 13]FIGURE 13 | (A) Multiyear mean circulation (vectors, unit: m s−1) and geopotential height (shaded areas, unit: m) in summer. (B) Spatial distribution of the correlation coefficient between the TP monsoon index and summer precipitation. The data used here were the historical run of 1979–2014 from BCC-CMS2-MR. The dotted area in (B) shows the area that passed the 90% confidence level student’s t-test.
Furthermore, regression analysis results of BCC-CMS2-MR showed that when the TP monsoon index was stronger, the temperature in the southern part of Central Asia at 200 hPa was higher, and the temperature in the northern part of Central Asia was lower (Figure 14A). Combined with the northeast wind anomaly over the region (Figure 14B), there was a certain cold advection at 200 hPa. Therefore, the temperature in the upper layer of the northern part of Central Asia was colder (Figure 14D). The high-altitude cold advection also caused a negative geopotential height anomaly in southern Central Asia at 500 hPa (Figure 14C). Under the action of thermal wind, the abnormal rise in this area could explain the significant positive correlation between summer precipitation in southern Central Asia and the TP monsoon index. This finding was also consistent with the analysis results of the reanalysis data.
[image: Figure 14]FIGURE 14 | Regression coefficient distribution of the TP monsoon index for (A) the 200 hPa summer temperature (shaded areas, unit: K), (B) the 200 hPa wind field, and (C) the 500 hPa geopotential height (shaded areas, unit: m). (D) shows the regression coefficient distribution of the TP monsoon index for a zonal profile after the radial average of the temperature. The data used here were the historical run of 1979–2014 from BCC-CMS2-MR. The red wind field in (B) and dotted area in (A,C,D) are the areas that passed the 90% confidence level student’s t-test.
CONCLUSION
The TP monsoon was closely related to the precipitation in Central Asia, and there was a significant positive correlation. When the TP monsoon was strong, there was cold advection in the upper troposphere over Central Asia; in addition, the resulting thermal wind caused a cyclonic circulation anomaly in the mid-upper troposphere over Central Asia, which in turn led to a specific response to water vapor transport in the lower troposphere. The abnormal upward movement also caused more precipitation in this area, which explains the positive correlation between the TP monsoon and precipitation in Central Asia.
The temperature of the mid-upper troposphere over Central Asia was closely related to the TP monsoon, and it was a key factor affecting summer precipitation changes in Central Asia. When the temperature in the mid-upper troposphere over Central Asia was higher, there was an anomaly of anticyclonic circulation in the upper troposphere over Central Asia, which lead to the sinking movement in southern Central Asia and the reduced precipitation there.
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RMSE

2013/2017

5TD
CLM4
Noah
Noah-MP
RUC

5TD
CLM4
Noah
Noah-MP
RUC

Tmax

0.05/-0.15

0.21/0.04
0.19/0.00
0.52/0.14
0.76/0.41

1.02/0.96
1.22/1.35
1.13/1.03
1.17/1.03
1.44/1.18

Tmin

-0.46/-0.64

0.46/0.22
0.42/0.18
0.40/0.21

0.09/-0.30

1.83/2.09
1.75/1.99
1.52/1.92
1.68/1.86
1.76/2.20

Tmean

-0.25/-0.53

0.33/0.03
0.33/0.08
0.48/0.11
0.44/-0.01

0.83/1.29
1.15/1.36
0.82/1.08
1.10/1.19
0.98/1.36

DTR

0.52/0.49
-0.25/-0.18
-0.24/-0.18

0.12/-0.07

0.67/0.71

2.52/2.29
2.33/2.36
222/2.27
2.07/2.00
2.74/2.55
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Indices Model Rx5day (mm) CDD (day) CWD (day) RO5t (%)

WV (gskg) REMO/NCC 0.35 0.15 0.37
REMO/MPI -0.01 -0.09 0.32
REMO/HadGEM2 0.27 -0.07 0.34

V (mvs) REMO/NCC -0.35 -0.28 -0.40
REMO/MPI -0.16 -0.06 -0.29
REMO/HadGEM2 -0.28 -0.07 -0.17

U (m/s) REMO/NCC -0.37 -0.26 -0.41
REMO/MPI -0.09 0.03 -0.13
REMO/HadGEM2 -0.27 -0.04 -0.22

Notes: The coefficients in bold pass the 0.01 significance test.





OPS/images/feart-09-770826/feart-09-770826-t001.jpg
Name

5TD
Noah
RUC
Noah-
MP
CLM4

Land surface

5-layer thermal diffusion
Noah land surface model
RUC land surface model
Noah-MP (multi-physics)
land surface model
Community land model
version 4

Microphysics

WRF single-moment 6-class scherme
(WSM6) Hong and Lim (2006)

Radiation

RRTMG radiation scheme
lacono et al. (2008)

Boundary layer

Yonsei University scheme
Hong and Lim (2006)

Cumulus
convection

Kain-Fritsch scheme
Kain (2004)
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Model

RMSE HadGEM2

Unit: mm day™" NCC
MPI
REMO/HadGEM2
REMO/NCC
REMO/MPI
Ens_RCM

CORR HadGEM2
NCG
MPI
REMO/HadGEM2
REMOMNCC
REMO/MPI
Ens_RCM

Notes: The bold value indicates that the RCM improves over the GCM or the RCM ensemble mean improves the average of the three RCM simulations.

NwW

1.357
0.665
0315
0.352
0.389
0.246
0.318
0.892
0.675
0.905
0.815
0.753
0.745
0.790

TP

1.992
3216
2.424
2257
2523
0.899
1.883
0.951
0.992
0.992
0.941
0.865
0.965
0.941

ENW

0.664
2083
1.183
0.655
0.751
0.375
0.519
0.894
0.983
0.965
0.908
0.978
0.920
0.970

sw

1.091
2.008
1.096
0.793
0.660
0.964
0.727
0.980
0.955
0.974
0.991
0.992
0914
0.980

0.390
0.629
0.779
0.673
0.533
0.606
0.572
0.975
0.977
0.952
0916
0.968
0.934
0.949

0.248
1218
0.874
0.570
0.557
0.623
0.345
0.987
0.986
0.945
0.957
0.995
0.940
0.983

SE

1.089
0970
1219
1511
0.695
1.345
1.061
0.837
0.909
0818
0.524
0924
0.733
0802

1.715
1.256
0.791
1.716
1.153
1.087

0.966
0.962
0.983
0.733
0.942
0.916
0.931
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Indices

ROSt
RiSday
cwp
cop

Definition

Proportion of precipitation >95th percentiee in all rainfall events
Annual maximum consecutive 5 days precipitation

Maximum number of consecutive days with precipitation >1 mm
Maximum number of consecutive days with precipitation <1 mm

Units

mm
day
day
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Statistic metrics Formula® Values range Best value Unit

R . © -1 1 NA
s
RMSE AMSE =1 3, (G -0)? 0o o mm
Bias bias < 2a©-0) 0~+oco 0 mm
RBias _I.c0 —c0~+o0 o %
Roias = LZ.TX 100%

'n, is the number of days; O, represent the observed precipitation by rain gauge (mm); Gi,represent the estimated precipitation from gridded products (mm); O and G, are the mean values
in comesponding period (mm).





OPS/images/feart-09-770167/inline_12.gif





OPS/images/feart-09-755041/feart-09-755041-g002.gif





OPS/images/feart-09-699628/feart-09-699628-t002.jpg
Dataset Time resolution Spatial resolution Coverage

APHRODITE Daily 0.5°x 0.5 34°N-84'N 15°E-165'W
GPCC Daily 1" x1° 90°S-90°N 180'W-180'E
CPC_Global Daily 05" x 0.5 89.75°N-89.75°S 0.25°'E-359.75°E
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Experiment Description

CTL Control experiment

TMP+1.5 As in CTL, but muitiply TSK, TSLB and TMN by 1.5%
TMP-1.56 As in CTL, but divide TSK, TSLB and TMN by 1.6%
TMP+1.0 As in CTL, but multiply TSK, TSLB and TMN by 1.0%
TMP-1.0 As in CTL, but divide TSK, TSLB and TMN by 1.0%
TMP+0.5 As in CTL, but muitiply TSK, TSLB and TMN by 0.5%

TMP-0.5 As in CTL, but divide TSK, TSLB and TMN by 0.5%
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Wet season

Dry season

Whole year

Relative frequency No. (%) of rainfall

events
More (+) 66 (67.4)
Equal () 7(7.9)
Less (-) 25 (25.5)
More (+) 63 (50.4)
Equal (=) 1(0.8)
Less () 6148.8)
More (+) 129 (57.8)
Equal (=) 8(36)

Less (-) 86 (38.6)
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Projects

CMIP5.

CMIP6

Models

ACCESS1-0, ACCESS1-3, bee-csm1-1, bee-csmi-1-m, CanESM2, CESM1-BGC, CESM1-CAMS, CMCC-CESM,
CMCC-CM, CMCC-CMS, CNRM-CMS, FIO-ESM, GISS-E2-H, GISS-E2-R, GFDL-CM3, GFDL-ESM2G, GFDL-ESM2M,

inmcmd, IPSL-CMB5A-LR, CCSM4, IPSL-CM5B-LR, MIROCS, MPI-ESM-LR, MPI-ESM-MR, MRI-CGCM3, NorESM1_ME,
NorESM1_M

ACCESS-CM2, ACCESS-ESM1-5, BCC-CSM2-MR, CAMS-CSM1-0, CanESMS, CESM2-WACCM, CIESM, CMCC-CM2-
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