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A heat wave is an important meteorological extreme event related to global warming, but little is known about the characteristics of future heat waves in Guangdong. Therefore, a stepwise-clustered simulation approach driven by multiple global climate models (i.e., GCMs) is developed for projecting future heat waves over Guangdong under two representative concentration pathways (RCPs). The temporal-spatial variations of four indicators (i.e., intensity, total intensity, frequency, and the longest duration) of projected heat waves, as well as the potential changes in daily maximum temperature (i.e., Tmax) for future (i.e., 2006–2095) and historical (i.e., 1976–2005) periods, were analyzed over Guangdong. The results indicated that Guangdong would endure a notable increasing annual trend in the projected Tmax (i.e., 0.016–0.03°C per year under RCP4.5 and 0.027–0.057°C per year under RCP8.5). Evaluations of the multiple GCMs and their ensemble suggested that the developed approach performed well, and the model ensemble was superior to any single GCM in capturing the features of heat waves. The spatial patterns and interannual trends displayed that Guangdong would undergo serious heat waves in the future. The variations of intensity, total intensity, frequency, and the longest duration of heat wave are likely to exceed 5.4°C per event, 24°C, 25 days, and 4 days in the 2080s under RCP8.5, respectively. Higher variation of those would concentrate in eastern and southwestern Guangdong. It also presented that severe heat waves with stronger intensity, higher frequency, and longer duration would have significant increasing tendencies over all Guangdong, which are expected to increase at a rate of 0.14, 0.83, and 0.21% per year under RCP8.5, respectively. Over 60% of Guangdong would suffer the moderate variation of heat waves to the end of this century under RCP8.5. The findings can provide decision makers with useful information to help mitigate the potential impacts of heat waves on pivotal regions as well as ecosystems that are sensitive to extreme temperature.
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INTRODUCTION

A heat wave, as one of the most frequent extreme events under climate warming, has caused a destructive social, economic, and ecological impacts around the world, giving rise to a number of weather-related human mortality, property losses, and ecosystem challenges (Perkins et al., 2012; Yang et al., 2013; Zhang L. et al., 2018; Zhu et al., 2018; Shiva et al., 2019; Vogel et al., 2019; Zheng et al., 2019; Ren et al., 2021a; Woolway et al., 2021). For example, northwest Atlantic was significantly affected by a heat wave occurred in 2012, which resulted in the massive loss of biological habitats, the depletion of biodiversity, the destruction of nutrient cycles, and the variation in the distribution of commercial fisheries species (Mills et al., 2013; Smale et al., 2019). A heat wave has also appreciably disrupted ecosystem services and goods (Suryan et al., 2021). In 2012, 30% of global ocean has experienced strong or severe heat waves, which increased to approximately 70% in 2016 (Hobday et al., 2018; Smale et al., 2019). Furthermore, an estimation conducted by Zhao et al. (2017) indicates that global yields of wheat, rice, maize, and soybean would be, respectively, reduced by 6.0, 3.2, 7.4, and 3.1% for each degree-Celsius increase in global mean temperature during 2029–2058 relative to 1981–2010. Several prominent heat wave events have struck many regions in recent years, conspicuous events occurred in China in 2006 and 2013 (Chen and Fan, 2007), in Europe in 2003 and 2006 (Rebetez et al., 2009), in Russia in 2010 (Hauser et al., 2016), in the United States in 2015 (Fewings and Brown, 2019), in India in 2015 (Ghatak et al., 2017), and in Australia in 2009 (Zhang et al., 2017). Heat wave activities are likely to intensify longer and severer in the coming decades, and are expected to have an increasing impact on the socioeconomic system (Perkins, 2015; Wang et al., 2018; Wu et al., 2020; Gha et al., 2021). Consequently, it is desired to project future heat waves and investigate their characteristics to provide valuable information for future mitigation and adaption strategies since they can induce an increasing threat in many parts of the world.

Warming in China has also increased at a rate of approximately 0.24°C per decade during 1951–2006, which has been almost double the global average increase of surface meant temperature at 0.13 per decade from 1956 to 2005 (Ding and Qian, 2011). Consequently, China is one of the countries that have suffered deadly heat waves in the past few decades (Chen and Fan, 2007; Sun et al., 2014; Gu et al., 2016). For instance, many cities in south China suffered high temperature that lasted 20–50 days from July to early September in 2003 (Ding and Qian, 2011). As one of the most economically developed and populated regions in China (Luo and Lau, 2017), Guangdong Province has also experienced deadly heat waves due to climate change (Wang W. W. et al., 2013; Luo and Lau, 2017; Wang et al., 2018). For example, in June–July 2004, a severe heat wave event with a maximum temperature exceeding 40°C that occurred has resulted in 39 deaths (Du et al., 2013) in the capital city of Guangdong (i.e., Guangzhou). Yang et al. (2013) explored the heat wave-related mortality in 2005 over Guangzhou and found that the average and a total number of deaths reached 12 and 145 during the heat waves, respectively. Moreover, the 2005 heat wave has led to an increase of 23% (34%) of non-accidental (cardiovascular) mortality. Thus, it is of great significance to explore the characteristics of heat waves in Guangdong in the 21st century.

Previously, there have been some studies investigating the projection of future heat waves in China (Zhou B. T. et al., 2014; Li et al., 2019; Guo et al., 2020). Based on the outputs of 24 GCMs from the coupled model intercomparison projected phase 5 (CMIP5) models under two RCPs, projected changes of temperature extremes in China have been analyzed by Zhou B. T. et al. (2014). They found that the duration of warm spell duration index would be 136 days under RCP8.5, and that, under RCP4.5, would be 87 days lower. Based on 12 GCMs, Guo et al. (2017) projected future heat waves in China and showed that the frequency and intensity of heat waves would have a more dramatic increase under more emission-intense scenarios. Li et al. (2019) projected the properties of the future heat waves over China on the basis of the multi-model ensemble of 10 CMIP5 models and illustrated that heat waves are likely to become more frequent (0.40 and 1.26 per decade) and more extreme (1.07 and 2.90 days per decade) under RCP4.5 and RCP8.5, respectively. In brief, the projected variations in heat waves are becoming more obvious.

However, in most of the previous pieces of research, the projections of future heat waves were conducted on the basis of direct outputs of GCMs. Guangdong is located in the south part of China and faces the South China Sea; strong air-sea interactions exist in coastal areas such as Guangdong, which involves small-scale climate processes that are not well-represented in GCMs due to their coarse resolution over 100 km. Furthermore, GCMs may have less than 10-grid points involved in Guangdong, which cannot reflect the climate variations sufficiently within the region. Moreover, existing studies of extreme climate events in the Guangdong were mostly focused on the characteristics of history heat waves and the associated possible influencing factors (Luo and Lau, 2017), as well as the evaluation of impacts (Du et al., 2013; Tao et al., 2013; Yang et al., 2013); the characteristics and patterns in future heat waves over Guangdong have not been assessed in detail.

Thus, as an extension of previous studies, this study aims to examine the temporal-spatial variations of future heat waves in Guangdong through a developed statistical downscaling model. It entails: (1) a stepwise-clustered simulation approach will be developed on the station scale to reproduce the high-resolution simulations in Guangdong; (2) the trend of projected daily maximum temperature (i.e., Tmax, 2006–2100) will be analyzed; (3) historical (1976–2005) and future (2006–2100) heat waves will be calculated based on the projection results; and (4) the temporal-spatial variations and trend of four heat wave indicators (i.e., intensity, total intensity, frequency, and the longest duration) will be analyzed. This study may be of great significance for the development of heat wave alert systems and the formulation of early adaptive actions to protect vulnerable regions and sensitive ecosystems in Guangdong that are exposed to the adverse effects of heat waves.



STEPWISE-CLUSTERED SIMULATION APPROACH FOR PROJECTING FUTURE HEAT WAVES

To reproduce the daily maximum temperature (i.e., Tmax) for the analysis of future heat waves, a stepwise-clustered simulation approach based on the stepwise clustering analysis (i.e., SCA) is developed. The framework of the developed approach is presented in Figure 1. SCA was introduced by Huang (1992) and has been widely used in pieces of environmental research, such as climate change, air pollution, process control, and hydrology prediction (Huang et al., 2006; Wang X. Q. et al., 2013; Li et al., 2015; Wang and Huang, 2015; Fan et al., 2016; Zhuang et al., 2016; Sun et al., 2019; Zhai et al., 2019; Duan et al., 2020; Ren et al., 2021b; Wang et al., 2021). These studies have indicated the SCA has satisfactory performance in projecting environmental processes with complex non-linear and dynamic relationships. Multivariate analysis of variance is the fundamental theory of SCA (Morrison, 1967; Fan et al., 2016; Wang X. et al., 2017). The projection is realized through the establishment of a cluster tree from inputs (i.e., predictors or independent variables) to outputs (i.e., predictands or dependent variables). An SCA cluster tree will be obtained after a series iteration process of cutting and merging of dependent variables according to the specific given criteria, and independent variables are used as references in the process (Huang et al., 2006). Previously, statistical downscaling methods mostly assume that the interested dependent variable is a function of independent variables (Wilby et al., 2002; Hessami et al., 2008; Gibson et al., 2017), while the improvements of the quality of downscaled simulation reproduced through such a function are likely to be limited relative to the raw GCMs’ output owning to the complex climate system (Wilby et al., 2002; Wang X. Q. et al., 2013). However, the underlying complex relationships (including non-linear and discrete relationships) between dependent and independent variables can be revealed by the generated cluster tree without assuming the functional relationship compared to these downscaling methods (Wang X. Q. et al., 2013; Zhuang et al., 2016; Duan et al., 2020). Handling the complicated relationship among multiple dependent and independent variables at the same time is another significant advantage of SCA (Fan et al., 2015; Wang et al., 2021). In addition, heat wave, as one of the extreme climate events, the projection of which is also challenging due to the inherently complex relationship between predictors (i.e., large-scale coarse atmospheric variables) and predictands (i.e., local surface variables). Therefore, given the advantage of the SCA method and characteristics of heat waves, a stepwise-clustered simulation approach based on SCA is developed for heat wave projection in this study. Previous studies assumed that the developed relationship through the statistical downscaling method can hold for the future (Wu et al., 2017; Xu and Wang, 2019; Araya-Osses et al., 2020). Such a cluster tree then can be further employed for the projection of predictions once new predictors are available. A detailed process for SCA can be demonstrated as following five steps, which include the determination of the original inputs and outputs, establishment of the cutting and merging criterion, operation of cut and merge, output of the cluster tree and the operating rules, and projection for the study period. Following that, the developed stepwise-clustered simulation approach was used for statistically downscaling the GCMs outputs to generate high-resolution heat wave projections for Guagdong. Previous studies showed that extreme climate events (such as heat waves and temperature anomaly) were likely to become more frequent, longer duration and higher intensity during 1976–2005 and 2036–2095 over South China (including Guangdong) (Lewis and King, 2016; Almazroui et al., 2021; Ren et al., 2021b). Thus, to provide comparability results, outputs from the GCM projections are expected and divided into three 30-year periods, including the historical period (i.e., 1976–2005) and the future period (i.e., 2036–2065, 2050s; 2066–2095, 2080s) under RCP4.5 and RCP8.5. Variations of future climate in comparison with the historical period were then investigated to help better understand the possible future changes in heat waves.
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FIGURE 1. The framework of the developed stepwise-clustered simulation approach.


The coefficient of determination (R2) measures of the extent of a model explains variations in the data; the root mean squared error (RMSE) evaluates the variance of errors independent of sample size and characterizes the difference between simulations and observations. In this study, the performance of the developed approach for projecting future heat waves is evaluated based on the R2 and RMSE values. The reliability of the approach increases as R2 approaches one, and when it is equal to one, which indicates that all variations can be explained. In terms of RMSE, when the fit between simulations and observations is perfect, the RMSE would have a value of zero. Thus, the lower the value (close to zero), the better performance of the approach. R2 and RMSE have been broadly used in the evaluation of climatic or hydrological models (Fan et al., 2015, 2016, 2017; Wang and Huang, 2015; Zhou et al., 2018; Sun et al., 2019; Zhai et al., 2019; Duan et al., 2020; Li et al., 2020; Pramod et al., 2021). To assess the ability of the developed approach in reproducing the observations, the R2 and RMSE were used in this study and expressed as follows:
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where n is the sample number in the training or validation dataset; Oi and Si are the observed and simulated values in the ith sample, respectively; and [image: image] itch [image: image] are the averages of Oi and Si, respectively.

The Mann—Kendall test (i.e., MK test) is one of the most populated method for evaluating the variation trends in climatic studies (Gupta et al., 2018; Zhai et al., 2019; Mukherjee and Mishra, 2020; Farooq et al., 2021; Zhou et al., 2021). The MK test is a non-parametric procedure due to its advantages in considering the distribution of time series data as well as processing outlies (Mann, 1945; Kendall, 1948); the MK test is used to investigate the trends of variables (i.e., Tmax and heat wave indicators) in this study. A null hypothesis (H0) assumes that time series of variables are specifically distributed contrary to the alternative hypothesis (H1), which demonstrates an increasing or declining trend. The temporal trend of the MK test is identified based on the standardized test static (i.e., denoted as Z) as follows:
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where Xi and Xj are the consecutive time series of the variables (i.e., Tmax and heat wave indicators), and n is the time series length of the variable. Z is the Kendall’s test statistic; it can be an increasing trend (positive), a declining trend (negative), or a no trend (zero). The statistical significance of the trends is determined by the Zij, and the H0 of no trend will be rejected when the absolute value of Zij is larger than 1.96. See Farooq et al. (2021) for more detailed information about the MK test.

Sen’s slope is a non-parametric estimator that is applied to obtain variations in trends of the variable in a time series (Sen, 1968). In this study, the variables are Tmax and heat wave indicators. The rate of variation (Qmed) was calculated from the slopes (S) of all consecutive pairs of data (N).
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The data trend is reflected by the Qmed sign, and a positive value of Qmed demonstrates an increase in variation, and vice versa.



AN OVERVIEW OF THE STUDY AREA

Guangdong Province (109°39′–117°19′E and 20°13′–25°31′N) is located in the south part of China and faces the South China Sea and adjacent to Macau and Hong Kong (Figure 2). Guangdong has a total area of about 1.798 × 105 km2, with the total population of 0.115 × 103 million at the end of the year 2019 (Guangdong Statistical Yearbook, 2020). Guangdong has experienced rapid urbanization and developed as one of the largest economic provinces of China since 1989 (Luo and Lau, 2017; Liu et al., 2019; Yu et al., 2019). Continued urbanization throughout Guangdong contributes to the heat-island effect, and the occurrence, intensity, and duration of heat waves are expected to increase under climate warming (Zeng et al., 2006; Sun et al., 2012; Luo and Lau, 2017).
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FIGURE 2. Geographical positions of the 16 weather stations over Guangdong Province, China.


Guangdong is characterized by typical tropical and subtropical climates. Its climate has been changing dynamically due to the close relationship with large-scale atmospheric activities, such as East Asian monsoon and the North Pacific subtropical high (Luo and Lau, 2017). From 1976 to 2005, the average summer temperature is 32.3°C at 35 stations over Guangdong, while this in winter is 19°C. Guangdong has experienced a fluctuating rise in temperature since the 1980s. With the variation of average annual temperature as high as 0.03°C per year, the Pearl River Delta region is the main warming area of Guangdong (Yu et al., 2007). During 1986–2015, the annual temperature is 22°C (Wu et al., 2019). The annual precipitation is over 1,300 mm, nearly 60% of which is concentrated in the rainy season (i.e., June–August) (Wu et al., 2019). The surface air temperature increased at a rate of 0.13°C per decade in the capital of Guangdong (i.e., Guangzhou) during 1951–2004, while it is expected to increase rapidly in Guangdong in the coming decades (Liu et al., 2019). In the long-term adaption to climate change, Guangdong has experienced extreme climate events, such as heat waves, drought, and coastal flooding, which have resulted in losses and threats to the lives and safety (Zhu et al., 2014; Xu and Wang, 2019; Yu et al., 2019; He et al., 2020). For instance, Yang et al. (2013) investigated the impact of a diurnal temperature range on mortality in the capital of Guangdong and concluded that the increase in diurnal temperature of 1°C at 0–4 lag days would induce a 0.47% increase in non-accidental mortality. In addition, Zhang L. et al. (2018) quantified the mortality effects of future heat waves on human health; they found that the average annual loss of the elders (≥65) would be 1,675 deaths per million in Guangzhou during 2051–2095 under RCP. Climate warming will induce extreme disastrous impacts to coastal cities, such as a sea level rise, the expansion of storm surge inundation areas, and ecosystem degradation of coastal wetlands, mangroves, and reefs (He et al., 2012; Rahmoun et al., 2016). He et al. (2012) assessed the sea level rising in China; the investigation illustrated that the sea level in Guangdong rose by 20 mm during 2001–2010 relative to 1991–2000. Moreover, it is estimated that, in 2030 and 2050, the average increase of the sea level in the Pearl River Delta will be approximately 20–33 and 50 mm, respectively. According to the prediction of Li et al. (1993), the low altitude of 1,500 km2 below 0.4 m in the Pearl River Delta would be completely submerged when the sea level rises to 0.7 m in the middle of 21st century. Thus, it is desired to improve our understanding of future heat waves in Guangdong and provide helpful guidance for improving our ability in projecting the variations of heat waves in that region.

In this study, 35 weather stations are selected. For each weather station, the observed Tmax from 1976 to 2005 was obtained from the National Meteorological Information Center.1 The quality of the raw Tmax dataset was checked before analysis and used as a predictand of the heat wave downscaling model. The variables of reanalysis dataset were acquired through the National Centers for Environmental Prediction (NCEP/NCAR)2 and were used as large-scale atmospheric predictors (Table 1). Through the correlation analysis, the seven most relevant large-scale atmospheric variables were chosen as predictors of Tmax (i.e., the bold font). The NCEP/NCAR dataset has been derived from the interpolation of daily observations since 1948 with a resolution of 2.5° × 2.5° (Kalnay et al., 1996). It has been used in many branches of climatological research (Simmons et al., 2004; Luo and Lau, 2017; Wang P. et al., 2017; Zhai et al., 2019), and its reliability is better for surface air temperature in the southern and eastern parts of China (Xu and Ding, 2001; Shi et al., 2007). The associated data (i.e., predictors and prediction) supporting the development of the heat wave downscaling model for the same period (i.e., the historical period, 1976–2005) were extracted. In addition, these data were further divided into two 15-year subsets, including 1976–1990 and 1991–2005. The former set was used for the training of the developed model, and the latter one was used to validate the performance of the developed model.


TABLE 1. A list of NARR variables selected as predictors for Tmax.

[image: Table 1]
Daily gridded data from the four GCMs, i.e., Centre National de Recherches Météorologique CNRM-CM5 Model 5 (i.e., CNRM-CM5), Commonwealth Scientific and Industrial Research Organisation Mark 3.6.0 (i.e., CSIRO-Mk3.6.0), Institut Pierre Simon Laplace Model CM5A-MR (i.e., IPSL-CM5A-MR), and Model for Interdisciplinary Research on Climate Version Five (i.e., MIROC5) were downloaded from the CMIP5 dataset to analyze the future variations of heat waves in Guangdong (Li et al., 2019; Xu and Wang, 2019; Ren et al., 2021b). The four GCMs cover the historical and future simulations data under different emission scenarios. Their scenarios were developed based on their end-of-century radiative forcing, including RCP 2.6, RCP4.5, RCP 6.0, and RCP 8.5. Among which, RCP 4.5 is a stabilization scenario—its stabilization without an overshoot pathway to 4.5 Wm–2 at stabilization after 2100 (Clarke et al., 2007). RCP8.5 represents a high-emission global warming scenario; the rising radiative forcing would lead to 8.5 Wm–2 by the end of 21st century (Adeniyi, 2016). In this study, the four GCMs are re-gridded to the coarsest resolution (NCEP/NCAR data) through the bilinear interpolation method (Zhai et al., 2019). They were then extracted for the periods of 1976–2005 (i.e., historical) and 2006–2100 (i.e., under RCP4.5 and RCP8.5). The extracted data were used to develop the heat wave downscaling model and project the future heat wave. Especially, to provide comparability results, the GCM data from 1991 to 2005 (i.e., the validation period) were also prepared.

In general, a heat wave event is defined as a period during which the daily temperature (e.g., daily temperature of maximum, minimum, and mean) exceeds its threshold temperature and consecutive several days (Perkins et al., 2012; Wang P. et al., 2017; Shiva et al., 2019; Woolway et al., 2021). In this study, the daily maximum temperature (i.e., Tmax) exceeds the corresponding relative threshold for at least 4 consecutive days, which was used as the criterion to identify heat wave events in Guangdong and denoted as relative heat wave events (i.e., RHWs). The relative threshold (i.e., the 90th percentile of Tmax) was calculated based on centered 21-day moving window samples with observations during May to December in the historical period (i.e., 1976–2005). The total samples are 4,590 days (153 × 30). Following previous studies (Perkins et al., 2012; Pezza et al., 2012; Guo et al., 2017; Luo and Lau, 2017; Wang P. et al., 2017; Oliver et al., 2018; Fenner et al., 2019; Shiva et al., 2019), four indicators (i.e., intensity, total intensity, frequency, and the length of the longest event of RHW) are measured to quantify the properties of relative heat waves; their definitions are as follows:


•Average intensity of heat wave (RHWI): the average intensity of heat waves within a year, i.e., the average of cumulative value of the temperature biases when the daily maximum temperature exceeds its threshold temperature during the heat wave event within a year, calculating by averaging all participating event days; Eq. 5 summarizes the definition of RHWI (unit: °C/event).

•Total intensity of heat wave (RHWTI): the total intensity of heat waves within a year, i.e., the cumulative value of the temperature biases when the daily maximum temperature exceeds its threshold temperature during the heat wave event within a year; Eq. 6 summarizes the definition of RHWTI (unit: °C).

•Frequency of a heat wave (RHWF): the total number of days within a year that meet the relative heat wave criterion; Eq. 7 summarizes the definition of RHWF (unit: °C).

•The longest heat wave event (RHWL): the length of the longest heat wave event within a year; Eq. 8 summarizes the definition of RHWL (unit: days).
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where N is the total number of occurred RHW during the study period. Tij is the Tmax on Day j in the RHW, and TRij is the corresponding threshold temperature of Tij. The intensity [image: image] of heat wave i is the sum of the temperature biases that exceed its threshold values during the duration Di. And max(Di) is the length of the longest RHWs within a year.



RESULTS


Evaluation of the Statistical Downscaling Model

In this study, the stepwise-clustered simulation approach is developed and used for the heat wave downscaling. The 1976–2005 period is divided into two 15-year sets: 1976–1990 and 1991–2005, with one set used for training and the other for validation. To validate the performance of the developed model, the downscaling results for Tmax are shown with the corresponding simulations during 1991–2005 (Figures 3, 4, 5). In this study, 16 weather stations spatially distributed across Guangdong were selected as examples to present the associated results. Figure 3 shows the validation results of the downscaling model. The determination coefficient (i.e., R2) and RMSE between the NCEP reproduced dataset through the downscaling model and observations were calculated for the 16 weather stations. The R2 values range from 0.950 to 0.987, and the RMSEs of all stations range from 0.863 to 1.730°C, evidencing that the NCEP-trained approach exhibits outstanding performance.
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FIGURE 3. Evaluation results for multiyear monthly average of Tmax between observed and NCEP/NARR reanalysis at the 16 selected weather stations, 1991–2005.
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FIGURE 4. Comparisons of the monthly average between observed Tmax and downscaled outputs from CNRM-CM5, CSIRO-Mk3.6.0, IPSL-CM5A-MR, MIROC5, and their ensemble, 1991–2005 [color bars represent the coefficient of determination (R2) value between observed Tmax and downscaled outputs].
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FIGURE 5. Monthly variations of the observed Tmax and downscaled values for GCMs and their ensemble at the 16 selected weather stations, 1991–2005.


To validate the performance of the developed model, the R2 values for the monthly average between the simulations of the four GCMs (i.e., CNRM-CM5, CSIRO-Mk3.6.0, IPSL-CM5A-MR, MIROC5, and their model ensemble) and the observed Tmax are also represented in Figure 4. Although the performance of the developed approach displays variations among stations over Guangdong, it can reproduce Tmax well. For instance, the maximum R2 value of 0.923 is related to the reproduced Tmax from the model ensemble. The results implied that the model ensemble can be an effective tool in the case of reproducing the observed Tmax at the 16 selected weather stations over Guangdong. Previous studies have also found the use of model ensemble reduced more the bias in the evaluation than using only a single GCM, thereby improving the reliability of climate projections (Webber et al., 2018; Qian et al., 2020; Ma et al., 2021). Similarly, it can be found that the developed approach also demonstrates significant performance in reproducing the observed Tmax from the four GCMs at the 16 selected weather stations (Figure 5). The comparison results of the monthly variations between the observed Tmax and reproduced values from GCMs during 1991–2005 possess similar trends, which means that the developed approach has significant ability in capturing present-day Tmax, especially for those reproduced by the model ensemble in the periods from May to October. In addition, Tmax is somewhat over- and underestimated by the single GCM. In detail, Tmax is somewhat overestimated by the CNRM-CM5 from March to April (e.g., Guangning and Shanwei), and underestimated by the MIROC5 during July to August (e.g., Nanxiong and Zijin). This is mainly due to the uncertainty of the model, which may be induced by differences in the model parameterization, emission concentration scenarios, and internal climate variability (Zhai et al., 2019; Ma et al., 2021). Therefore, it is essentially recommended to present the Tmax with the model ensemble from multiple GCMs’ outputs to reduce potential biases.



Characteristics of the Projected Daily Maximum Temperature

Projections of future temperature from the ensemble of four GCMs (i.e., CNRM-CM5, CSIRO-Mk3.6.0, IPSL-CM5A-MR, and MIROC5) are resulted from the developed approach. The characteristics of the projected Tmax in Guangdong are shown in Figures 6, 7, 8, 9 and Table 2. Figures 6, 7 provide the monthly trend of the projected average of Tmax at the 16 selected weather stations from 2006 to 2100 under RCP4.5 and RCP8.5. The trend of the projected Tmax is obtained by fitting the monthly time series data of each weather station using the lowess method (Zhai et al., 2019), which is displayed as a smooth bold red line. It provides a better understanding of the possible variations of future Tmax. The results indicate that there is a consistent increase at all 16 weather stations under RCP4.5 and RCP8.5. In detail, the highest increasing trend of the Tmax is likely to occur at Shaoguan (Nanxiong) under RCP4.5 (RCP8.5). Moreover, Table 2 provides the trends of seasonal (spring, summer, autumn, and winter) and annual average of Tmax through the Mann–Kendall statistics and Sen’s slope estimator test for 16 selected weather stations. These two test methods have been extensively used by previous studies to explore monotonic trends in climatic time series (Zhai et al., 2019; Farooq et al., 2021). It is pretty evident that all stations suggest significant increasing trends for their respective mean seasonal and annual of Tmax, with MK-p values less than.001. It indicated that Guangdong is likely to experience a warmer future. The increase is various among stations under RCP4.5 and RCP8.5. For instance, of all the seasons under two RCPs, the most remarkable increase is detected in spring, lesser in winter and summer, followed by autumn. Besides, Shaoguan presents the highest increasing trend of 0.075°C per year during summer under RCP8.5. On the annual time scale, the increase varies between 0.016°C per year (i.e., at Zhanjiang) and 0.030°C per year (i.e., at Shaoguan) under RCP4.5, while these range from 0.027°C (i.e., at Lianzhou) to 0.057°C (i.e., at Nanxiong) per year under RCP8.5. This is consistent with previous pieces of research that the climate in Guangdong will become warmer in the future (Sutton, 2009).
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FIGURE 6. Monthly projected Tmax of the ensemble of GCMs (i.e., CNRM-CM5, CSIRO-Mk3.6.0, IPSL-CM5A-MR, and MIROC5) from 2006 to 2100 under RCP4.5.
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FIGURE 7. Monthly projected Tmax of the ensemble of GCMs (i.e., CNRM-CM5, CSIRO-Mk3.6.0, IPSL-CM5A-MR, and MIROC5) from 2006 to 2100 under RCP8.5.
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FIGURE 8. Projected monthly variations of Tmax between 2066–2095 and 1976–2005 under RCP4.5.
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FIGURE 9. Projected monthly variations of Tmax between 2066–2095 and 1976–2005 under RCP8.5.



TABLE 2. Sen’s slope values (in °C/year) of annual and seasonal of Tmax (in °C) at the 16 weather stations in Guangdong for the period of 2006–2095.

[image: Table 2]
Figures 8, 9 show the most likely variations in monthly average Tmax at Guangdong during 2066–2095 in comparison with those in the historical period (1976–2005). The results present that the projected Tmax is increasing in all months to the end of this century under RCP4.5 and RCP8.5. In detail, the increase of projected Tmax during November, December, and February over Guangdong is more prominent relative to the increase in other months, especially August. Those increases can be similarly discovered over all 16 weather stations under two RCPs. In addition, it is noticeable that the increases of Tmax during 2066–2095 are more significant under RCP8.5. For example, the smallest projected variation of Tmax occurs in the weather station of Zhanjiang in August, which is likely to be 0.046°C, and the largest projected change would expand to 1.474°C in November (i.e., Shaoguan) under RCP4.5. While the projected variation ranges from 0.334°C (i.e., in August at the Zhanjiang station) to 2.985°C (i.e., in December at the Lianzhou station) under RCP8.5. Therefore, it can be inferred that a higher emission concentration will lead to a much higher variation in the Tmax. Consequently, the projected Tmax of the 16 selected weather stations in Guangdong will continue to increase by the end of this century under two RCPs.



Evaluation of Relative Heat Waves During the Historical Period

To evaluate the ability of the developed approach to simulating the historically observed heat waves, the spatial distributions between the observations and ensemble simulations of the four GCMs during 1976–2005 over Guangdong are presented in Figures 10, 11. The spatial patterns of a 30-year average of RHW intensity and total intensity (i.e., RHWI and RHWTI) are shown in Figure 10. In terms of RHWI, it can be found that the stations in southwestern Guangdong experience higher observed heat wave intensity, exceeding 6.3°C/event per year (e.g., Xuwen, Zhanjiang, and Xinyi) (Figure 10A). In central Guangdong and most of the coastal areas, the RHWI was low with values less than 2.7°C/event per year. This spatial pattern is consistent with the variations of HWM in this region in Luo and Lau (2018), which has slightly less constrained definitions. Those spatial characteristics might associate with the stronger solar radiation, the amplifying effect of El Niño, and the anomalous anticyclonic circulation (Luo and Lau, 2018; Wang et al., 2018). When it comes to the reproduced RHWI from the model ensemble, the overall spatial patterns of RHWI over Guangdong are well captured, although it is faintly overestimated (underestimated) in Lianzhou, Shaoguan, and Nanxiong (Meixian, Dabu, and Wuhua) over northern (eastern) Guangdong (Figure 10B). Similarly, the single GCM performs better in reproducing the spatial characteristics of RHWI, except for IPSL-CM5A-MR, which almost underestimated the whole Guangdong. CNRM-CM5, CSIRO-Mk3.6.0, and MIROC5 show overestimation in northern Guangdong and the surrounding stations of Guangzhou, while the rest stations are closer to the observed RHWI. Consequently, the spatial pattern of RHWI can be reasonably simulated by the model ensemble of the four GCMs.
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FIGURE 10. The spatial distributions of observed (A) and simulated RHWI (unit: °C/event), driven by CNRM-CM5 (C), CRIRO-Mk3.6.0 (D), IPSL-CM5A-MR (E), and MIROC5 (F) and the model ensemble (B). Panels (G–L) are same as panels (A–F), but for RHWTI (unit: °C).
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FIGURE 11. Same as Figure 9, but for RHWF (A–F, unit: days) and RHWL (G–L, unit: days).


The spatial distribution of the observed RHWTI is similar to that of the RHWI, which presents the higher values at most of the stations over southwestern Guangdong. However, the lower RHWTI values do not directly follow those of HWI (Figure 10G). In addition to the coastal areas of Guangdong, the stations with lower values no more than 2°C are also distributed in northeastern Guangdong, which has the highest altitude of the province. This supports previous investigation, suggesting that cooler sites at higher altitude will result in less severe heat waves (Wang et al., 2018; Woolway et al., 2021). CNRM-CM5 and MIROC5 exhibit similar distribution of observed RHWTI, overestimating it over central Guangdong (e.g., Guangzhou and Dongguan) (Figures 10I,L). Likewise, the CSIRO-Mk3.6.0 and IPSL-CM5A-MR underestimated RHWTI over eastern Guangdong (e.g., Meixian and Dabu) and overestimated RHWTI in the peripheral of Guangdong (e.g., Nanxiong and Huilai). As a result, the ensemble of the four GCMs is able to capture the spatial distributions of RHWTI well but shows under- and overestimation in eastern and central Guangdong, respectively.

Moreover, the spatial patterns of the frequency and the longest duration of relative heat waves (i.e., RHWF and RHWL) during the historical period (1976–2005) for all the weather stations over Guangdong are provided in Figure 11. The spatial pattern of observed and simulated RHWF is quite similar to that of RHWL. In terms of observations, the largest observed values of RHWF and RHWL distribute in the southwest region, such as Zhanjiang, with higher values exceeding 11.9 and 7 days per year, respectively (Figures 11A,G). However, the performance of GCMs in reproducing the spatial characteristics of RHWF and RHWL varies. For example, CNRM-CM5 and CSIRO-Mk3.6.0 can better reproduce the spatial distribution of RHWF and RHWL; although CNRM-CM5 overestimates the observed values in western (e.g., Guangning and Gaoyao) and eastern (e.g., Meixian and Dabu) Guangdong. The CSIRO-Mk3.6.0 slightly underestimated the RHWF and RHWL in the central-northern regions of Guangdong (e.g., Yingde and Cengcheng) and overestimated for the eastern region (e.g., Zijin). IPSL-CM5A-MR tends to underestimate the observed RHWF and RHWL in almost all Guangdong. MIROC5 reproduces the HWF and RHWL of more than 5 days per year in the central (e.g., Guangzhou and Dongguan) and coastal (e.g., Shenzhen and Huiyang) Guangdong, which slightly overestimated for these regions. The model ensemble simulates RHWF less than 3.4 days per year for the central Guangdong, which is consistent with the observations, while slightly underestimated (overestimated) over marginal Guangdong, such as Shangchuandao (Huilai) (Figure 11E). The model ensemble of RHWL also performs well at capturing these, but the longest day of heat waves in the southwestern (i.e., Zhanjiang) and eastern (i.e., Longchuan and Wuhua) parts of Guangdong is a little underestimated (Figure 11H). Therefore, the model ensemble performs well in reproducing the RHWF and RHWL, even if there is a certain deviation between these GCMs. Thus, the ensemble of simulated outputs with multiple GCMs is suitable for the projection of heat waves.



Spatial Patterns of the Projected Heat Waves in Guangdong

Projections of future RHW over Guangdong are reproduced through the developed downscaling approach. To better understand the spatial variations of future RHW in the context of Guangdong, the projections in the 21st century are split into two 30-year periods, 2050s (i.e., 2036–2065) and 2080s (i.e., 2066–2095) under RCP4.5 and RCP8.5. For each indicator, the projected changes of future RHW relative to these during the historical period (i.e., 1976–2005) are calculated and shown in Figure 12. In detail, the indicators of intensity, total intensity, frequency, and the longest duration of relative heat waves (i.e., RHWI, RHWTI, RHWF, and RHWL) over Guangdong will be analyzed.
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FIGURE 12. The spatial patterns of the projected changes in relative heat wave indicators [RHWI (A–C, unit: °C/event), RHWTI (D–F, unit: °C), RHWF (G–I, unit: days), and RHWL (J–L, unit: days)] over Guangdong for the 2050s, 2080s driven by multi-GCMs under RCP4.5 and RCP8.5 scenarios (color dots represent average change value).


With the increase of emission concentration (i.e., from RCP4.5 to RCP8.5), the projected changes of RHW in Guangdong will gradually increase from the 2050s to 2080s, especially over the northern, southern, and eastern Guangdong. For example, the projected changes of RHWI in Guangzhou (i.e., central Guangdong) are most likely to be -0.36°C per event (lower than 0°C per event) in the 2050s under RCP4.5, 1.81°C per event in the 2080s under RCP4.5, and 4°C per event to the end of this century (i.e., in the 2080s under RCP8.5) (Figures 12A–C). However, the annual average variation of RHWI in Shaoguan (i.e., northern Guangdong) is likely to be 1.6°C per event (surpassing 0°C per event) in the 2050s under RCP4.5, while the change value of projected RHWI in the 2080s under RCP4.5 is expected to be 3.14°C per event, and this would be as high as 6.1°C per event (surpassing 5.4°C per event) under RCP8.5 in the coming decades. In addition, there is a similarly increasing tendency in the ensemble simulations for RHWTI over Guangdong (Figures 12D–F). It is interesting to find that the annual average of projected variations of RHWTI across all Guangdong except the central region is more likely to exceed 24°C in the 2080s under RCP8.5.

In addition, the results of model ensemble reveal that there is an apparent increase in the spatial variations of RHWF and RHWL for all weather stations from 2050s to 2080s under two RCPs over Guangdong (Figures 12G–L). In detail, during the 2050s under RCP4.5, the projected variation values of RHWF are likely to range from -0.19 to 6.79 days, and the projected range of RHWL would be between -0.46 and 1.3 days. When it comes to the 2080s under RCP4.5, the projected changes of RHWF and RHWL are expected to expand to -0.08–20.65 and -0.12–5.28 days, respectively. It is clear that the higher change value centers of RHWF and RHWL are mainly distributed in the southwestern (e.g., Xinyi) and eastern (e.g., Wuhua) Guangdong. Consistent projected increases in RHWF and RHWL over Guangdong are found during the 2080s under RCP8.5. The distribution of RHWF shows that more frequent RHW is expected to occur in the eastern Guangdong under RCP8.5, with the maximum increase of up to 31.92 days in the Longchuan station. More than 71% stations of Guangdong would also likely to experience longer-lasting heat waves with the RHWL variation exceeding 4 days under higher emission concentration. This is consistent with the observed values of severe heat waves over Guangdong in recent years (Luo and Lau, 2018; Wang et al., 2018), which are mainly due to influences of El Niño (Luo and Lau, 2018), while the lowest variation of RHWL is projected to be occurred along the western coast (i.e., Taishan) where the value is likely to be as low as 0.98 days in the 2080s under RCP8.5.



Interannual Variations of Future Heat Waves in Guangdong

To explore the interannual variations of RHW, the annual time series are constructed for each heat wave indicator (i.e., RHWI, RHWTI, RHWF, and RHWL) and subsequently averaged over Guangdong. The annual trends of RHW are estimated based on the Sen’s slope estimator, and then, these, during the historical (i.e., 1976–2005) and future (i.e., 2066–2095) periods are compared to explore the possible contribution of global warming. In this study, at the 95% confidence level, the statistical significance of the change trends in annual heat waves is estimated through the MK test (Mann, 1945; Kendall, 1948). The obtained slope values for each indicator are illustrated in Figure 13.
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FIGURE 13. Linear and scatter plots present the annual variations of averaged relative heat wave indicators across all of Guangdong during the historical period (1976–2005) and the future period (2066–2095) under RCP4.5 and RCP8.5 scenarios (A–D). Panels (A–D) provided the relative heat wave indicators, consisting of intensity (i.e., RHWI), frequency (i.e., RHWF), accumulated intensity (i.e., RHWTI), and the longest duration (i.e., RHWL). Linear annual trends were estimated based on the Sen’s slope estimator, and statistical significance in trends was determined based on the MK test. The numbers in the bracket represent the estimated slope, and the asterisks denote statistically significant trends (at the 95% confidence level). The spatial distribution of the projected change ratios [(2080s under RCP8.5 minus historical)/historical] for different categories of relative heat wave intensity from the model ensemble (E). The categories are denoted as mild (change ratio < 0.8), moderate (0.8 ≤ change ratio < 1.6), severe (1.6 ≤ change ratio < 2.4), and extreme (change ratio ≥ 2.4) variations.


All the indicators of RHW over Guangdong present clear interannual variations and show a significant (at the 95% confidence level) increasing trend during the historical and future periods. Among all the indicators, RHWI demonstrates the smallest increase (Figure 13A). Specifically, the average time series of RHWI reflect a remarkable increase in the historical period (0.11°C per event per year). However, in the 2080s, under RCP4.5, RHWI shows a slight increase trend (0.1% per year) lower than that of the observation. When it comes to the 2080s under RCP8.5, RHWI increases at 0.14°C per event per year. As for RHWTI, the Sen’s slope estimator of the observation has the largest increase compared with the other three indicators, for which the increment varied at a rate of 0.4°C per year during 1976–2005. In addition, RHWTI is also likely to experience most significant increase in the future under two RCPs. In detail, RHWTI would display the greatest increase of 1.41°C per year in the 2080s under RCP8.5, and 0.64°C per year under RCP4.5. The observed RHWF has a significantly increasing trend at a rate of 0.33% per year during the historical period. During 2066–2095, a rate of increment of RHWF under RCP8.5 (0.83% per year) almost doubles of that (0.42% per year) under RCP4.5. Similarly, for RHWL, the observed estimated slope shows an increase of 0.12% per year from 1976 to 2005, while a slightly higher rate of that (0.13% per year) is simulated in the 2080s under RCP4.5. The average time series of RHWL depict a noticeable increase (0.21% per year) to the end of this century under RCP8.5. Both intensity and frequency of heat waves are found to be increased substantially during the historical period. This is consistent with previous studies that Guangdong has suffered significantly high temperature and heat wave events over the past 64 years (especially after 2000) (Zeng et al., 2006; Luo and Lau, 2017; Zhang P. et al., 2018). These results reveal that warming has a significant and consistent impact on the increases of RHW across Guangdong. Moreover, all the four heat wave indicators present significant increasing trends in the future period (especially under RCP8.5), and those trends are also expected to increase greatly compared to the historical period. This further corroborates the results demonstrated in Figure 12, indicating that the climate change would also has a substantial impact on future heat waves.

To specifically evaluate the future variations of RHW with different intensities, in this study, the heat wave is classified into four categories based on the change ratio [(2080s under RCP8.5 minus historical)/historical] of RHWTI. The classification is denoted as mild (change ratio < 0.8), moderate (0.8 ≤ change ratio < 1.6), severe (1.6 ≤ change ratio < 2.4), and extreme (change ratio ≥ 2.4) variations. This classification is similar to many previous studies (Wang et al., 2018; Shiva et al., 2019; Woolway et al., 2021). The spatial distribution of the four RHW variational categories is shown in Figure 13E.

Among the four classifications, the projected change ratio presents that 60% weather stations over Guangdong would undergo the moderate variations of RHWs to the end of this century under RCP8.5 (Figure 13E), which are mainly distributed in the western half of Guangdong. Mild variation of RHWs is expected to occur in the most southwestern Guangdong (i.e., Zhanjiang and Xuwen) (Figure 13E), which may be due to the high total intensity of RHW in both the historical and future periods (Figures 10, 12). The changes of RHW are comparatively severe and extreme in the eastern and coastal Guangdong, contrary to the results in Figure 12, which may be related to the low observed RHWTI during the historical period (Figure 10). The results depict a challenging situation that the projected change ratios from mild to extreme heat wave events are likely to increase significantly in the future, in the context of a dramatic increase in extremely high temperature in the coming decades (Figures 6, 7 and Table 2). Therefore, more attention should be paid to these regions on the adaption strategies as impacts from serious heat wave events are usually devastating, especially when they occur in populated regions and ecologically fragile areas (Cavanagh et al., 2016; Luo and Lau, 2017; Jos et al., 2018; Vogel et al., 2019).




CONCLUSION AND DISCUSSION

In this study, a stepwise-clustered simulation approach driven by multiple GCMs is developed for high-resolution projections of relative heat waves at station scale in the context of Guangdong. The evaluation results concluded that the developed approach performed very well in reproducing Tmax (R2 > 0.95), and the model ensemble of four GCMs was superior to any single GCM in capturing the main features of current climatology. Subsequently, the model ensemble of 16 weather stations was selected to analyze the characteristics of projected Tmax, and then the assessment of temporal-spatial changes of projected RHW was extended to cover 35 weather stations in entire Guangdong, aiming to provide valuable information for mitigating the potential impact of severe heat waves.

The results suggest that Guangdong would experience a warmer climate in the coming decades under two RCPs. On the annual scale, the 16 selected weather stations would suffer a consistent increasing trend under RCP4.5 (i.e., 0.016–0.030°C per year) and RCP8.5 (i.e.,0.027–0.057°C per year). The most noteworthy seasonal increase was detected in spring. The highest monthly increase of Tmax was up to 1.474°C (2.985°C) in November (December) at Shaoguan (Lianzhou) under RCP4.5 (RCP8.5). The ability of the developed approach to reproduce the present heat wave was also evaluated, suggesting that the model ensemble can well capture the spatial distribution of RHW. Four indicators (i.e., RHWI, RHWTI, RHWF, and RHWL) were then used to evaluate the variations of RHW. The spatial patterns and interannual trends displayed that Guangdong would undergo severe RHW. The higher projected changes of RHW would be concentrated in eastern Guangdong under two RCPs, and Guangdong would experience the largest significant increase in RHWTI with 1.41 days per year under RCP8.5. Meanwhile, the variations of RHW were also quantitated into four categories (i.e., mild, moderate, severe, and extreme variations) based on the projected change ratio of RHWTI [(2080s under RCP8.5 minus historical)/historical]. Over 60% weather stations of Guangdong would suffer moderate variations in the 2080s under RCP8.5, followed by severe and extreme changes. Much more attention should be raised to those areas to adopt such variations.

Overall, the developed approach driven by multiple GCMs performed well in the high-resolution projections of RHW, while there is a certain bias in the simulation of extreme variables (e.g., temperature). Techniques to improve the projected quality of such a variable should be further investigated, such as considering the input of more GCMs or improving the downscaling approach. The results of this study can provide helpful information for policymakers and stakeholders to assess the impact of heat waves due to their devastating consequences for social, economic, and ecological sectors under global warming (Zhang L. et al., 2018; Vogel et al., 2019; Liu et al., 2020; Sun et al., 2020; Woolway et al., 2021). The assessment of the impact of heat waves on social-economical-related sectors (e.g., human health, water resources, and energy demand) is supported by a lot of pieces of scientific evidence (Yang et al., 2013; Zhu et al., 2014; Xie et al., 2017; Zampieri et al., 2017; Mukherjee et al., 2020; Tian et al., 2021), which quantifies the negative or positive impact of heat waves on a regional or global scale. Moreover, heat waves (or temperature extremes) have also and will continue to have direct or indirect impacts on terrestrial and marine ecosystems (e.g., the carbon cycle, vegetation productivity, and global biodiversity), and disrupt the sustainable supply of ecological services and goods, thus affect the human well-beings (Zhou L. et al., 2014; Yuan et al., 2016; Jos et al., 2018; Smale et al., 2019; Wang et al., 2019; Zanatta et al., 2020; Liu et al., 2021). For example, exposure to heat waves would result in a decrease in vegetation productivity, crop yield, as well as weaken the terrestrial carbon sink (Zampieri et al., 2017; Wang et al., 2019; Font et al., 2021). Similarly, the widespread mortality of a diversity of taxa in the Mediterranean has also linked to the marine heat waves, which simplified the structure of critical habitats, destroyed the local biodiversity, and reduced the efficiency of natural carbon sequestration (Garrabou et al., 2009; Smale and Wernberg, 2013; Messori et al., 2020). Hundreds of millions of people benefit from these ecosystems; their services have considerable socioeconomic benefits (Cavanagh et al., 2016). Guangdong mangroves have the largest distribution in China; they play an irreplaceable role in protecting wetland ecosystems (Yu et al., 2007; Yang et al., 2018). The composition, structure, growth, and distribution of which are extremely sensitive to temperature (Yang et al., 2018). Discrete extreme events (such as heat waves) are beginning the key to shaping ecosystems through driving the sudden and drastic variations in the structure and function of the ecosystem (Smale et al., 2019). However, the quantitative exploration of the impact of heat waves on the ecosystem is still limited at present due to the heterogeneity of the temporal-spatial patterns and formation mechanism of heat waves (Mukherjee and Mishra, 2020; Ridder et al., 2020). The characteristics and variations of heat waves were investigated in this study, while the mechanism of which in Guangdong is needed to be explored. Besides, previous studies demonstrated that heat waves are often related to other heat wave-associated extreme events (e.g., drought) (Wu et al., 2020), the large-scale atmospheric variables (e.g., cloud cover and solar radiation) or teleconnections (e.g., El Nino Southern Oscillation, Pacific Decadal Oscillation, and North Atlantic Oscillation) (Luo and Lau, 2018; Mukherjee et al., 2020; Ridder et al., 2020). Therefore, it is necessary to explore the contribution of these influencing variables to the evolution of heat waves to promote our understanding of the mechanism of heat wave events and to further evaluate the potential impact of heat waves on population and Guangdong’s future related ecosystems such as mangroves to overcome the adverse effects of climate change. These will be the focus of our follow-up research.
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