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Editorial on the Research Article
Understanding Hydrological Extremes and their Impact in a Changing Climate: Observations, Modeling and Attribution

The hydrological regimes have been significantly altered by climate change and human activities, which have resulted in increased hydrological extreme events such as floods and drought over the world (Samaniego et al., 2018) and it seems likely this trend will continue in the future (Liu et al., 2019a). Better understanding and forecast of hydroclimatic extremes are required for mitigating the impacts of the extreme events in the context of global warming. This calls for in-depth investigations on evolution and mechanism of hydroclimatic extremes. So far, the assessment and attribution of the hydrological extremes and their impacts on the regional/global scales remain a great challenge (Schewe et al., 2019). Hydrological models are powerful and physically-based tools for the assessment of hydrological extremes, while the statistical indices are efficient and data-driven approaches based on hydroclimatic observations for identifying and assessing flood and drought events. This special issue focuses on the development and application of various model- and index-based techniques for the detection and attribution of the changes in hydroclimatic extremes induced by climate change and human activities.
To understand the uncertainty in the widely used Standardized Precipitation Index (SPI), Zhang and Li (2020) investigated the effects of probability distributions and parameter errors on the estimates of SPI in the Heihe River basin, northwest China. Ten probability distributions were tested and the SPI using log-logistic-type distribution produced similar results as the benchmark SPI using the gamma distribution. As one of the most sensitive regions to climate change, the assessment and attribution of the changes in water resources in the Yarlung Zangbo river have attracted much attention of hydrologists during the 21st century (Yao et al., 2010; Tang et al., 2019). Niu et al. (2020) evaluated the drought characteristics in the Yarlung Zangbo River basin from a different perspective by using SPI, Soil Water Deficit Index (SWDI), and self-calibrating Palmer Drought Severity Index (PDSI) based on the output from Global Land Data Assimilation System and the Climate Research Unit dataset. The three indices indicated that drought conditions have aggregated to different degrees over the basin. The increased drought may be partly due to climate change in this basin (Lutz et al., 2014), however, the attribution of the changes in hydroclimatic extremes remains subject to large uncertainty because of human interventions and the lack of high-quality observations in such mountainous river basins.
The regional extremes are often not merely caused by the hydroclimatic variations on the local scale. Hamal et al. (2020) pointed out that dry and wet conditions over the Tibetan Plateau and surrounding areas might be significantly associated with large-scale circulations, e.g., the cyclonic and anticyclonic circulation in northern India. They showed that surface air temperature over these regions was colder in wet years than dry years. Further investigation on the relations linking dry/wet conditions, large-scale circulations, and heat extremes would definitely benefit the forecasts of regional extreme weather (Liu et al., 2019b).
Human activities would often aggregate hydroclimatic extremes under climate change, which can be better represented via hydrological models. By developing a water resources allocation model, Zeng et al. (2020) showed that water deficit would be largely mitigated along the east route of the South-to-North Water Transfer Project in Jiangsu Province, China. Based on remote sensing data, Song et al. (2020) pointed out that the coastal wetland has shrunk substantially during the past four decades mainly due to seaward shifting caused by human interventions such as intensive land reclamation. Intertidal wetland conservation should be a high priority over this region because the sea level was projected to rise more than 0.5 m around China seas in the future due to global warming (Qu et al., 2019). In the research report of Xiao and Li (2020), a simulation of the downward groundwater leakage rate based on the MODFLOW model was conducted to examine the risk of sinkhole hazards induced by human activities. Hydroclimatic extremes can have further impacts on water resources. Dang et al. (2020) reported that the intensification of extreme precipitation would significantly increase sediment yield in many branches of the Yellow River based on a scenario analysis, which may cause deterioration of the water environment in the Yellow River basin.
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Intertidal wetland, located at the interface of the continent and ocean, provides significant support to human society. With China being the largest developing country and the second-biggest economy in the world, the intertidal wetland along its coast has been exposed to climate change and over-exploitation for decades. Despite its ecological and economic significance, the distribution and variation of the intertidal wetland remains unknown. In this study, based on a multi-temporal remote sensing archive accumulated since the 1970s, we detected the dynamics of the intertidal wetland along China’s coast, at a spatial resolution of 30 m and a time interval of 20 years, over the course of four decades (1970s–2015). The main objectives of this study lie in (1) examining the distribution of and variation in intertidal wetland extent in temporal and spatial aspects; (2) identifying the main driving force of the intertidal wetland dynamics; and (3) making suggestions for future research and management. The results suggest that the extent of intertidal wetland declined substantially during the last four decades, from 7848 km2 in the 1970s, to 6017 km2 in 1995, and finally to 4895 km2 in 2015. On average, the intertidal wetland was 0.22 km in width along the coast, and about 40% of the extent of intertidal wetland was located along the Jiangsu and Shandong coast in 2015. Width shrinkage was detected to be primarily due to seaward migration of the intertidal wetland as a result of intensive land reclamation for tourism, communication, and transportation, as well as the fishery industry. This study improved our understanding of the vulnerable but valuable transition zone covered by intertidal wetland. A high priority should be given to intertidal wetland conservation and habitat reconstruction with a view to a sustainable future.

Keywords: intertidal wetland loss, land reclamation, seaward migration, China, anthropogenic activity


INTRODUCTION

Intertidal wetlands are environmentally significant coastal zones linking the freshwater river system and the salty oceanic system and serve as a buffer zone between the oceanic and terrestrial ecosystems that is characterized by diverse physicochemical, morphological, and hydrological conditions (Deegan et al., 2012; Murray et al., 2019). The combination of highly varying environmental parameters brings both valuable services (Airoldi and Beck, 2007; Barbier, 2015; Gabler et al., 2017) and ecological vulnerability (Vafeidis et al., 2008; Jankowski et al., 2017; Vázquez-González et al., 2019) to the intertidal wetlands. The services provided by intertidal wetlands include storm protection (Barbier, 2015), shoreline stabilization (Fujii, 2012; Kirwan and Megonigal, 2013), habitat support (Davidson, 2018), pollution purification (Nwipie et al., 2019), carbon sequestration (Ribaudo et al., 2016), and goods and energy generation (Murray et al., 2019; Paterson et al., 2019). Despite the invaluable environmental role and exceptional economic value of intertidal wetland (Costanza et al., 2014; Vázquez-González et al., 2019), intertidal wetland is being lost at an unprecedented rate due to the overwhelming stress caused by climate change, and human interference (Deegan et al., 2012; Murray et al., 2014; Davidson, 2018). Monitoring and management of intertidal flats toward a more sustainable pattern are consequently becoming crucial to prevent coastal erosion, degradation, and destruction of the inhabitants (Syvitski et al., 2009; Mason et al., 2010). Recent research shows the applicability of remote sensing data from earth observation satellites in coastline and coastal wetland tracking, especially at large spatial scale (Murray et al., 2014, 2019; Sagar et al., 2017). Extensive research on coastal flats at local and national scales has been implemented with various data sources, for example, IGBP-DISCover data (Loveland et al., 2000), 500-m MODIS information, the 30-m Landsat TM and ETM + images (Gong et al., 2010), LIDAR model output (Crowell et al., 2011), and the combination of aerial photographs and satellite imagery (Ford, 2013). The majority of studies have focused on coastal parameters, like the coastline, ecosystem, or coastal land use pattern, while the intertidal wetland has not received sufficient investigation. National-wide research on the intertidal zone in China highlighted the social-economic role of the coastal system and mainly focused on description and estimation of the ecological service, biodiversity, management strategy, and countermeasures for the degradation of the coastal wetland, based on statistical information and published reports (Ma et al., 2014; Cui et al., 2016; Gu et al., 2018). Estimation of Chinese intertidal flats and wetland based on remote sensing data has attracted a large amount of attention in recent years, especially at local scale (Wei et al., 2015; Chen et al., 2016; Wu X. et al., 2017). A recent national-wide study provided a glimpse of the intertidal flats from 1986 to 2016 based on the google earth engine (GEE) (Wang et al., 2018), but it missed the crucial time range since the Opening Up policy was put in place in 1976. In addition, the GEE results are advantageous for data acquisition efficiency but are relatively higher and might need further calibration to be compatible with the observed data (Murray et al., 2014).

The accelerating rate of intertidal wetland loss and deterioration, and its significance in coastal defense and ecological service supporting result in severe human-wetland conflicts. Dynamic intertidal wetland monitoring would fully investigate this valuable resource to a uniform standard and provide a database foundation for further evaluation, restoration, and protection analysis, especially in rapidly developing countries like China. Besides, only statistical data and paper maps were available as information sources in related research on coastal wetland. The difficulty of effective data acquisition impeded the survey, estimation, and assessment of the intertidal wetland at a large spatial scale. The accumulation of a long-term remote sensing archive with sufficient spatial resolution had enabled synoptic, integrated, and spatio-temporal perspectives in the comprehensive research of land-use change and natural resource management. Despite the widespread application of remote sensing data and its related techniques in intertidal flats and coastal resources all over the world, no systematic investigation of intertidal wetland along the entire Chinese coast has been carried out to our knowledge. In this study, we mapped the multi-temporal intertidal wetland patterns at national and provincial scales based on the high-resolution remoting sensing images in the 1970s, 1995, and 2015. Through the comparison of slices at two-decade intervals, the exceptional dynamics of the intertidal wetland are illustrated, the spatial and temporal variation of the intertidal wetland is analyzed, and the driving mechanisms of the variation are discussed.



MATERIALS AND METHODS


Study Area

The continental coastline of China starts in Dandong, Liaoning Province, and ends in Zhushan, Guangxi Province, stretching over 18000 km; the remaining 14000 km is composed of island coastline (Figure 1A). The continental part stretches over nearly 20 latitudes and covers three climatic regions, namely warm temperate, subtropical, and tropical regions from north to south (Hou et al., 2016).


[image: image]

FIGURE 1. The location of the Chinese intertidal zone (A) and its area distribution at 50-km resolution (B). The location and distribution map are based on 2015 data.


A variety of coast types have been recognized, including bedrock, sandy, silty mud, artificial, and estuary. In total, 14 administrative areas with various economic strengths sit beside the coastline (Figure 1A and Table 1). To the east of the coastline are the Bohai Sea, Yellow Sea, East China Sea, and South China Sea from north to south, whose tidal fluctuations generate a strip of intertidal wetland along the coast. In 2015 documents, 4873 km2 of intertidal wetland was identified, spanning unevenly over the coast, and within the administrative regions (Figure 1B). The combination of the varied physical and economic environments results in multiple exploitation levels of the intertidal region.


TABLE 1. Intertidal wetland distribution and coast type among provinces.

[image: Table 1]


Data Acquisition and Processing

The term intertidal wetland refers to the region between the highest and lowest tide level, which is regularly submerged at high tide but exposed above sea level at low tide (Figure 2). Landsat-MSS/TM/8 multi-temporal satellite image data from the 1970s, 1995, and 2015 covering the study area were collected and interpreted with human-PC interactive technology (Table 2). The intertidal wetland can be clearly recognized from the false-color composited images of the remote-sensed data according to characteristic symbols. Unified interpretation symbols are essential for the participating experts. After discussion and literature study, the unified symbols were defined as a stripped or patched area along the visible shoreline, yellow-white, gray-white, or white in color with red-yellow stripes. Generally, the intertidal wetland exhibited a relatively even image structure compared with the part of the coastal region further inland.


[image: image]

FIGURE 2. Selection and processing of a satellite image.



TABLE 2. Data sources for the intertidal wetland mapping.

[image: Table 2]The procedure of the image human-PC interpretation is shown in Figure 3. In order to improve the accuracy of the mapping, the national land use land cover thematic maps with a scale of 1:10 were integrated into the intertidal wetland classification. By carefully selecting images with a low amount of cloud and high visibility, the intertidal wetland extents in the 1970s, 1995, and 2015 were extracted. The national costal map of the corresponding time period was adopted to correct and improve the mapping quality.
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FIGURE 3. Image interpretation procedure.




Precision Validation

The error of patch location or interpretation was mainly caused by the image quality and human error. We adopted a random sampling inspection of field survey points to check the accuracy of the final inter-tidal wetland maps. The accuracy level was classified on a scale of 0 to 10, where 0 meant totally incorrect and 10 represented 100% correct. The overall precision was calculated as follows,

[image: image]

We sampled 653 patches of different coastal line types along the Bohai Sea, Yellow China Sea, East China Sea, and South China Sea and compared the field survey results and interpreted map of 2015 (Figure 4). The accuracy is related to the coast type (Table 3). Intertidal wetland located on an artificial coastal line showed the highest accuracy, while silty mud coastal wetland demonstrated relatively low accordance between the field surveyed and interpreted data. The overall precision of the intertidal wetland-identification reached 88.51% (Table 3).


[image: image]

FIGURE 4. Distribution of the field survey points.



TABLE 3. Precision of the 2015 interpreted intertidal wetland validated by field survey.

[image: Table 3]


RESULTS


Current Distribution of the Intertidal Wetlands


Decline in the Intertidal Area

The areal extent of intertidal flats along China’s coast showed an extensive decline, from 7848.21 km2 in the 1970s, decaying to 6017 km2 in 1995, and, finally, to only 4895 km2 two decades later (Table 4). Almost 37.62% of the intertidal wetland has disappeared in the last 40 years, with a relatively higher decrease rate from the 1970s to 1995. In addition to the areal decrease, the patch number of the intertidal wetland has grown during the study period, implying increased fragmentation of the intertidal wetland. The average area of each wetland patch increased slightly from 1.27 to 1.49 km2 in the former period and reduced substantially to 0.51 km2 in the latter period.


TABLE 4. Total intertidal wetland conditions in the 1970s, 1995, and 2015.

[image: Table 4]


Provincial Distribution and Change

As shown in Table 1, the intertidal wetland was unevenly distributed along the administrative coast. Guangdong has the highest coastline length, while the most significant contributor of intertidal wetland area was Shandong during the 1970s to 1995, shifting to Jiangsu in 2015 (Figure 5A). Shandong and Jiangsu constituted nearly 40% of the total extent of intertidal wetland in 2015. Tianjin and Shanghai have relatively little intertidal wetland, due to their short coastlines and small administrative areas.


[image: image]

FIGURE 5. Decrease in the intertidal area of each administrative region, (A) total area, (B) area per coastal line, (C) intertidal area to provincial area ratio. The regions in the red dotted rectangule are the major contributor to the degradation of the intertidal wetland area, while those in blue dashed rectangles represent the areas that increased in the later period.


All administrative regions, except Taiwan, showed a decreasing trend in the intertidal wetland area from the 1970s to 1995. There was a slight increase in intertidal wetland area in Tianjin, Shanghai, and Guangxi from 1995 to 2015, while that in all the other administrative units illustrated a continuous decline in the same period (Figure 5A).

Similarly to the total area, the intertidal wetland area per unit coastline (A/L) in China has been on the decline in general, from 0.35 km2/km in the 1970s to 0.27 km2/km in 1995 and then to 0.22 km2/km in 2015. Jiangsu exhibited the highest absolute amount and decline range in intertidal wetland area per unit coastline, shrinking from 2.34 km2/km to 1.30 km2/km during the last 40 years, equating to an average reduction of 1.04 km in width along the coast (Figure 5B). The intertidal wetland area per unit coastline in nearly all other areas except Tianjin was lower than 0.5 km2/km in 2015.

The area ratio of intertidal wetland to administrative region (IWR) revealed distinct spatial and temporal variation (Figure 5C). On average, the IWR reduced from 0.59% to 0.45% in the earlier period and then declined to 0.37% in the latter period. In the 1970s, four regions had an IWR of over 1%: Shandong, Jiangsu, Shanghai, and Taiwan. With the loss of intertidal wetland, the IWR of Shandong decreased severely by 0.3% in 1990s, while those of the other three regions were still over 1%. Continuous degradation of intertidal wetland in Jiangsu and an abrupt area increase in new intertidal wetland in Tianjin occurred in the following period. Finally, the IWR values of Tianjin, Shanghai, and Taiwan were higher than 1% in 2015.



Change Rate of the Intertidal Wetland

The change rates of the intertidal wetland in the two periods studied are given in Table 5. The decline rate from the 1970s to 1995 was slightly higher than that between 1995 and 2015, with an annual average of 1.17% and 0.94%, respectively. Spatially, the highest rate of wetland loss in both periods was in Jiangsu, and Shandong ranked second in wetland loss rate in the previous period. In Tianjin and Guangxi, a fast growth rate of wetland area was revealed, and minor gains of wetland occurred in Shanghai from 1995 to 2015.


TABLE 5. Change rate of the area and A/L of intertidal wetland.

[image: Table 5]


Temporal-Spatial Dynamics of the Intertidal Wetlands


Dynamic Spatial Variation

Intertidal wetland loss along China’s coast was spatially pervasive (Figure 6). From the 1970s to 1995, 60% of the grid squares suggested loss of intertidal wetland, with an average decline of 34.90 km2 in each, while the remaining 40% remained the same or indicated minor growth by 3.53 km2 each. By contrast, intertidal wetland degradation occurred in 67% of the grid squares, with a loss of 20.46 km2 per grid square from 1995 to 2015, and the remaining 33% showed a similar growth range to the previous period. This suggested even more widespread and fragmented intertidal wetland loss, with a smaller decline magnitude in the latter period.


[image: image]

FIGURE 6. Area change of intertidal wetland from the 1970s to 1995 (A), and from 1995 to 2015 (B) at a spatial resolution of 50 km.




Reduction in Wetland Widths

The intertidal wetland edge on the continental side has been pushed rapidly seaward due to wetland occupation during the study period, according to the satellite archive. This correspondingly resulted in a reduction in the width of the intertidal wetland. We mapped the extent of the intertidal wetland across the northern Shandong and Jiangsu coastal region at three time periods, the 1970s, 1995, and 2015 (Figures 7A–H). In the northern Shandong coastal region, a vast extent of intertidal wetland disappeared on the continental side, especially from the 1970s to 1995 (Figure 7A). The average width of the intertidal wetland dropped from 4.52 km to 2.03 km and then to 0.91 km in the 20-year time intervals during the study period (Figures 7A–D). Due to the influence of the mouth of the Yellow River, slight gains in intertidal wetland happened around the mouth. Jiangsu possesses a straight coastline and a wide tidal flat with sufficient sediment supply, generating the widest stretches of intertidal wetland in China (Figures 7E–H). The irregular patches of intertidal wetland on the continental side were wiped out in the earlier period, causing a loss of 30% of the intertidal wetland (Figure 7E). The inner side of the intertidal wetland continued migrating seaward from 1995 to 2015, leading to another 35% decay of the intertidal wetland extent, equating to a shrinkage of 0.57 km in width. Approximately, the width of the intertidal wetland in Jiangsu has declined by 1.3 km in the last four decades.
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FIGURE 7. Reduction in the inter-tidal width of the Bohai Rim (A–D) and Yellow sea coast (E–H).




Hotspots of Wetland Gain

Compared with the losses, the gains in intertidal wetland were much more minor, both in number of spatial locations and extent. Intertidal wetland area increased in a few isolated locations, such as the Bohai Rim, Yangtze River mouth, and Guangxi coastal region, which were regarded as the hotspots of wetland gain (Figures 8A–L). Across the municipalities directly under the Central Government, Tianjin and Shanghai, newly constructed intertidal wetland contributed to the area gains. Along the Tianjin coastline, simultaneously with the loss of intertidal wetland on the continental side, the newly emerged wetlands with regular geometric shapes appeared, mainly located in the marine region (Figures 8A–D). The seaward growth of the intertidal wetland units suggested a strong impact from anthropogenic interference. Distinct loss of the intertidal wetland along the southern coast of Shanghai was witnessed (Figures 8E–H). In contrast, in the northern part, a few patches of intertidal wetland around the Yangtze River mouth enlarged from 1995 to 2015. Newly constructed island intertidal wetland was another source of the extent gains for Shanghai (Figures 8E–H). In comparison with Tianjin and Shanghai, the coast of Guangxi is more meandering and tortuous in shape, with two narrow and winding estuaries. A massive amount of intertidal wetland was created along the coast and estuaries (Figures 8I–L), equivalent to an amplification of 0.15 km in the width of the intertidal wetland.
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FIGURE 8. Increase in human-constructed intertidal wetland at the Bohai Rim (A–D), coastal Shanghai region (E–H), and coastal Guangxi region (I–L).




DISCUSSION


Intertidal Wetland Loss Locally and Globally

China shares the second-highest portion of the tidal-flat extent, closely following Indonesia (Murray et al., 2019). Our results were broadly in accordance with other monitoring of intertidal flat or wetland dynamics (Table 6). Intertidal wetland loss tracking around the Yellow Sea reflected an extent of 2678 km2 and 1611 km2 in the 1980s and 2000s, with an annual loss rate of 1.8% (Murray et al., 2014), which were quite similar to our results both in extent and loss rate. Compared with the global reported estimation, the intertidal wetland in China has been lost at a much faster rate. Annually, 0.94–1.17% of intertidal wetland loss occurred in China, which was roughly twice the global average rate, 0.55% every year since 1984 (Murray et al., 2019). Although rates of loss are currently low or slowing down in some parts of the world (e.g., Europe and North America), high losses are continuing elsewhere, especially in Asia (Davidson, 2018). The intertidal wetland loss rate in China is expected to accelerate without adaption or regulation measures in the following decade.


TABLE 6. Extent of intertidal wetlands around the Yellow sea from different studies.
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Driving Forces of the Intertidal Wetland Dynamics

Substantial losses of intertidal wetland were mainly driven by the multiple stressors functioning at both local and national scales. The vast region along the Chinese coastline has been under intense pressure from anthropogenic interference. The explosive growth of the economy and population in the coastal region created intensified land use conflict, which then resulted in huge open-coast wetland reclamation for aquaculture, agriculture, tourism construction, and hydrologic engineering. China alone contributed over 60% of the global aquaculture volume and more than one-third of global aquaculture production (FAO, 2014; Zhao and Shen, 2016). The area devoted to fish farming doubled from 1990s to 2012, resulting in intensified exploitation of coastal ponds (Cao et al., 2015; Zhao and Shen, 2016).

Owing to the extensive land reclamation, seawall construction has been expanding at an unprecedented rate and is referred as the new Great Wall of China (Ma et al., 2014). The seawall serves as the boundary between coastal land use and the intertidal wetland, protecting the land resource inside from the invasion of tides and waves, and at the same time enclosing more wetlands for agricultural and industrial purposes (Lotze et al., 2006; Airoldi and Beck, 2007). The total length of such seawalls has escalated from 3240 km to 10980 km in the two decades since 1990s, covering 61% of the coastline length in 2010 (Guan, 2013). Accelerating seawall construction and land reclamation started in 1990s and had encroached over 950 km2 of the intertidal wetland extent by 2010 (Ma et al., 2014). With the current exploitation rate and development plans, another 580 km2 of intertidal wetland was expected to be occupied by 2020 (Chinese Oceanography Bureau, 2012). The combined pressure of land reclamation and seawall construction squeezed the extent of intertidal wetland to the coastline and finally resulted in the reduction in the intertidal wetland width (Figure 7).

According to the China Marine Statistical Yearbook of 2016, the growth in the marine economy in 2015 was mainly contributed by coastal tourism, followed by the marine communication and transportation industry and marine fishery industry (Figure 9; State Oceanic Administration People’s Republic of China, 2016). The top three contributors made up more than 77% of the marine economic growth. Coastal tourism, the communication and transportation industry, and the fishery industry are considered to be land consuming and occupied the coastal space, causing severe intertidal wetland loss.
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FIGURE 9. Composition of marine economy growth in 2015. C and T refers to communication and transportation, while E and A means engineering and architecture.




Landward and Seaward Migration of Intertidal Wetland

Previous research pointed out that unprecedented sea-level rise and continued coastal development have altered coastal landscapes substantially across the globe (Kirwan and Megonigal, 2013; Spencer et al., 2016; Parker and Boyer, 2017). Accelerated sea-level rise connected to climate change is estimated to have the largest impact on coastal wetlands because of the amplification of the inundation extent and salinity regime (Schuerch et al., 2018; Woodruff, 2018), which triggers coastal ecosystems to shift landward into newly sea-inundated areas. On the other hand, the intense economic development and population growth concentrated in the near-coast region have strongly constrained the wetland migration landward (Parker and Boyer, 2017), and oceanward land reclamation is still in high demand due to the sustained prosperity of the coastal regions. These two stressors intertwined at the land-sea margin and jointly determined how and where the wetland would migrate (Wu W. et al., 2017). For example, in one of the wetland rich regions of the world, the northern Gulf of Mexico, landward migration of the intertidal wetland along the coast was detected (Enwright et al., 2016), suggesting the sea-level rise sensitivity of this region. In a developing country like China, notably, coastal wetlands have been increasingly lost to numerous anthropologic activities, especially reclamation (Murray et al., 2014; Cui et al., 2016). In our analysis, we found that the intertidal wetlands were primarily squeezed seaward by anthropogenic interference (Figures 5A–H). The exception occurred along the Guangxi coast (Figures 6I–L), where the intertidal wetland invaded further into the continent, revealing the dominant influence of local sea-level rise and the relatively weak pressure from humans. In addition to the wetland migration landward, sea-level rise drove tides and waves further upstream and generated striped intertidal wetland along the tidal river estuary (Figures 6E–L). In general, seaward migrations of the intertidal wetland have been documented globally. The historical loss of coastal wetlands worldwide has been dominated by the direct conversion of wetlands to space for agriculture and aquaculture instead of climate change (Kirwan and Megonigal, 2013). However, given the prediction of increasing sea-level rise and the limited spatial extent for inundation in the near future, robust protection of the coastal infrastructure from higher flood and storm surge risk is required in the long run.



Impact of Intertidal Wetland Loss

Apart from hydrological disasters such as floods, seawater backwash, storm surge, etc., which have been discussed extensively in previous research, intertidal wetland loss will also result in tremendous environmental, ecological, and biological impacts due to the destruction of the habitat (Musseau et al., 2017; Spivak et al., 2019). A recent forecast estimates a net loss of intertidal wetland coverage ranging from 28% to 57% by the year 2100 (McLachlan, 2018). Artificial restoration of intertidal wetland might reduce the intertidal wetland loss ratio and rebuild the buffer zone for hydrological disaster but can only make a limited contribution to the natural biotic assemblages due to the difficulty of restoring the hydrological connectivity with the ocean and the complicated habitat (Wu et al., 2019). A study related to the shorebirds of Austria pointed out that population declines are occurring despite high levels of intertidal habitat protection (Dhanjal-Adams et al., 2016). These findings highlight the immediate and concerted effort needed both nationally and internationally to effectively habitat conservation.



CONCLUSION AND OUTLOOK

The mapping and dynamic detection of intertidal wetland, especially at a large spatial scale and with a long time course, remains a difficult task, mainly due to the scarcity of accurate data. This is particularly the case in rapidly developing China, where the coastal regions were undergoing co-evolution with intense human development and have strong dynamics in temporal and spatial pattern. Multi-temporal remote sensed images and related techniques provide access to a long-term monitor of these living systems. In the face of over-reclamation of coastal land, a huge loss of intertidal wetland has been documented by the high-resolution satellite images, as follows.


(1)An overall decline trend of the intertidal wetland was witnessed along China’s coast, especially in Shandong and Jiangsu, which contributed the highest portion to the total extent. Slight gains of intertidal wetland occurred in isolated regions, mainly in Shanghai, Tianjin, and Guangxi.

(2)The extent of intertidal wetland declined by from 7848 km2 to 6017 km2 from the 1970s to 1995 and then to 4895 km2 in 2015, equaling losses of 23.33% and 18.65% in the former and latter period, respectively.

(3)Squeezed by the over-reclamation of coastal land, the intertidal wetland exhibited seaward migration and severe width shrinkage, stretching 0.35 km, 0.27 km, and 0.22 km in the direction perpendicular to the coast in the three periods, respectively.



The fundamental importance of coastal ecosystems is becoming recognized by government and the public. In the short term, human activities through direct exploitation will continuously dominate the landscape pattern of the coastal region. In the long run, however, accelerated sea-level rise will play a major role in the narrowing and landward migration of the intertidal wetland. Strict legislation for intertidal wetlands, outreach education of ecosystem services, and more active participation by local communities will effectively promote the protection of wetland from over-exploitation. Intrinsic linkages among government and scientists are strongly encouraged to formulate a better strategy for the conservation of the intertidal wetland from the long-term sea-level rise scenario.
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The standardized precipitation index (SPI) is widely used in drought assessments due to its simple data requirement and multiscale characteristics. However, there are some uncertainties in the process of its calculation. This study, taking the Heihe River basin in northwest of China as the study area, mainly focuses on the uncertainty issues both in SPI calculation and in drought characteristics associated with the probability distributions and parameter estimation errors. Ten probability distributions (two- and three-parameter log-logistic and log-normal, generalized extreme value, Pearson type III, burr, gamma, inverse Gaussian, and Weibull) are employed to estimate the SPI. Maximum likelihood estimation is used to estimate distribution parameters. Randomly generating parameters based on the normality assumption is applied to quantify the uncertainty of parameter estimations. Results show that log-logistic–type distribution presents quite close performance with the benchmark gamma distribution and thus is recommended as an alternative in fitting the precipitation data over the study area. Effects of both uncertainty sources (probability distribution functions and parameter estimation errors) are more reflected on extreme droughts (extremely dry or wet). The more extreme the SPI value, the greater uncertainties caused by both sources. Furthermore, the drought characteristics vary a lot from different distributions and parameter errors. These findings highlight the importance of uncertainty analysis of drought assessments, given that most studies in climatology focus on extreme values for drought analysis.

Keywords: standardized precipitation index, uncertainty, probability distribution, drought assessment, Heihe River basin, China


INTRODUCTION

Drought is one of the most common natural disasters usually with a high degree of damage and a wide range of influences (Xu et al., 2005; Mishra and Singh, 2010; Wang et al., 2012), which has become a hot topic in the fields of ecology, meteorology, and hydrology (Lynch et al., 2018; Zhou and Liu, 2018). Drought index is a useful tool in drought researches and drought assessments. Among the drought indices, standardized precipitation index (SPI) is widely used (Moreira, 2015; Zhang et al., 2017; Merabti et al., 2018; Oliveira-Júnior et al., 2018; Tirivarombo et al., 2018) because it can determine drought at different time scales and only requires precipitation data (Ma et al., 2013). However, some uncertainties exist in its calculation due to the probability distribution functions in fitting the precipitation data, parameter estimation methods and errors, time scales and data length, and so on (e.g., Wu et al., 2005; Stagge et al., 2015; Vergni et al., 2017; Beyaztas et al., 2018). McKee et al. (1993), the proposers of SPI, suggested using gamma distribution to fit the cumulative precipitation in calculating this index, whereas many scholars such as like Cindrić et al. (2012), Hong et al. (2013), Gabriel and Monica (2015), Wu et al. (2016), and Vergni et al. (2017) indicated that the applicability of theoretical distributions in describing the cumulative precipitation was inconsistent across different regions. Specifically, Guttman (1999) verified that the Pearson type III distribution is a better universal model in America; Sienz et al. (2012) concluded that the Weibull-type distributions give distinctly improved fits compared to gamma in Europe; Angelidis et al. (2012) found that the log-normal distribution gives almost the same results as gamma in the calculation of SPI at 12- and 24-month scales in Guadiana (Portugal); Gabriel and Monica (2015) demonstrated that the generalized normal distribution presents the best performance in fitting precipitation series in Brazil.

In estimating the distribution parameters, some literatures preferred to investigate the validity of different parameter estimation methods (e.g., Thai et al., 2013; Beguería et al., 2014). Thai et al. (2013) compared maximum likelihood estimation (MLE) and restricted MLE (RMLE) in estimating the parameters in linear mixed-effects model and found that RMLE is advantageous when data are limited. Beguería et al. (2014) contrasted MLE and unbiased probability weighted moments method in estimating parameters in three-parameter log-logistic distribution and concluded that these two methods yield similar results, whereas the calculation of MLE is ~2-fold more time consuming. Carbone et al. (2018) discussed the relationship between the stability of parameter estimation and data record length and found that the stability in parameter estimation increases non-linearly as record length increases.

As to the input data, a large number of studies have concerned about the uncertainties associated with input data sources, data length, and sampling uncertainty in the calculation of drought index (e.g., Hao et al., 2014, 2016; Liu et al., 2014; Hu et al., 2015; Katiraie-Boroujerdy et al., 2016; Vergni et al., 2017; Zambrano et al., 2017; Beyaztas et al., 2018; Carbone et al., 2018). Vu et al. (2018) compared the performance of rain-gauge data and gridded precipitation data in the calculation of SPI over Vietnam. Carbone et al. (2018) demonstrated that the SPI estimates derived from 30-year record have considerably more uncertainty than those from the 60-year record. Liu et al. (2014), Hu et al. (2015), Vergni et al. (2017), and Beyaztas et al. (2018) quantified the sampling uncertainties and their effects on the estimation of drought index.

All the above studies have made great contributions in enriching the uncertainty analysis in drought assessments, whereas most of them were concerned about the influences of uncertainty sources on the drought index itself and lack of the consideration of their effects on drought events and drought characteristics. Therefore, this study aims to investigate the effects of uncertainty sources on both SPI values and drought characteristics, specifically drought intensity, peak, number, duration, and frequency. Two uncertainty sources are mainly considered; one is the different probability distribution functions, and the other is parameter estimation errors, which would also cause the uncertainty in drought assessments, while it was seldom concerned in literatures.

To be specific, as many as 10 probability distribution functions are employed here, including five three-parameter distributions and five two-parameter distributions. Maximum likelihood estimation approach is used to estimate the distribution parameters, and a large set of randomly generated parameters, which are based on the normality assumption, is used to quantify the uncertainties of parameter estimations. These methods will be described in the next section, preceded by a brief description of the case study area and data sets. The results and discussion will then be presented, and the conclusions from this study will be given in the last section.



MATERIALS AND METHODS


Study Area and Data Description

The Heihe River basin (97° 37′-102° 06′ E, 37° 44′-42°40'N) is the second largest inland river basin in northwest of China, with a drainage area of nearly 1.429 × 105 km2. The Heihe River flows through Qinghai, Gansu, and Inner Mongolia provinces from south to north, spanning three different geographical regions: semiarid to semi-humid, semiarid, and extreme arid desert (Feng et al., 2001). The annual mean precipitation amounts to 400 to 500 mm in the southern mountainous area of the upper reach, 100 to 150 mm in the middle reach, and <50 mm in the lower reach, whereas the evaporation rate is much higher, ranging from 1,000 to 2,200 mm from the upper reach to the lower reach (Li, 2010). In recent years, temperatures show upward trends for the whole basin (Liu et al., 2017). Droughts have great effects on the local economic and social development and also on the fragile ecological environment over the basin.

There are nine national meteorological stations in the basin, Tuole (TL), Yeniugou (YNG), and Qilian (QL) stations in the upper reach; Sandan (SD), Zhangye (ZY), Jiuquan (JQ), Gaotai (GT), and Dingxin (DX) in the middle reach; and Ejinaqi (EJNQ) station in the lower reach (Figure 1). The name in the parentheses is the abbreviated name of each station. Precipitation data covering the period of 1960–2015 at these nine stations are used for the drought analysis, without missing or outliers and with good quality. All data used in the study is available from China Meteorological Data Network (http://data.cma.cn/).


[image: Figure 1]
FIGURE 1. Meteorological stations in Heihe River basin.




The Standardized Precipitation Index

The SPI requires only precipitation data and can be used for drought assessments on different time scales (e.g., 3, 6, 12-months). It is calculated by fitting the cumulative precipitation with an appropriate probability density function to characterize the deficit of precipitation. As recommended by McKee et al. (1993), the two-parameter gamma distribution is used as a probability function to fit the cumulative precipitation for each month. The calculation process is as follows (McKee et al., 1993; Angelidis et al., 2012):

Establishing cumulative precipitation sequences at different time scales:

[image: image]

where xi, j is the precipitation, i is the specified year, j is the month, and [image: image] is the cumulative precipitation when the time scale is k. The time scales vary from 1 to 48-months (generally include1, 3, 6, 12, 24, or 48-months). Shorter time scales (3 or 6-months) can best represent soil moisture and are more conducive to the discovery of agricultural drought (Komuscu, 1999; Sims et al., 2002). Longer time scales are considered to better monitor the surface water resources (12-month) or the aquifer water state with slow response to drought (24 or 48-months) (Hayes et al., 1999). The time scale of 12-months is selected in this study.

The probability density function of gamma distribution is formulated as

[image: image]

where α and β are the shape and scale parameters, respectively, x is the cumulative precipitation, and Γ(α) is a gamma function.

The cumulative probability for a given length of time can be calculated as

[image: image]

It is possible to have several zero values in a precipitation data, so the cumulative probability function of gamma distribution with the x = 0 case is modified to

[image: image]

where q is the probability of zero precipitation.

Finally, the cumulative probability distribution is normalized to produce an SPI:

[image: image]

where c0 = 2.515517, c1 = 0.802853, c2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308.

The SPI values are classified into seven grades following the classification criteria in the SPI User Guide (http://www.wamis.org/agm/pubs/SPI/WMO_1090_EN.pdf) and are given in Table 1.


Table 1. Drought classification according to SPI values.

[image: Table 1]



Probability Distributions in Fitting SPI

As illustrated above, SPI requires a theoretical probability distribution to fit the cumulative precipitation process. McKee et al. (1993) suggested using a two-parameter gamma distribution when they first proposed this index. However, this distribution is not always the optimal choice when considering practical reasons such as different research areas or research needs (Guttman, 1999; Angelidis et al., 2012; Sienz et al., 2012; Gabriel and Monica, 2015).

In this study, as many as 10 distributions are selected for comparative analysis, including three-parameter log-logistic (LL3), three-parameter log-normal (LN3), generalized extreme value (GEV), Pearson type III (PE3), Burr, gamma, two-parameter log-logistic (LL2), two-parameter log-normal (LN2), inverse Gaussian (IG), and Weibull. The name in the parentheses is the abbreviated name of each distribution. The former five- are three-parameter distributions and the latter five are two-parameter distributions. The probability density function of each distribution is shown in Table 2.


Table 2. Probability density function of each distribution.

[image: Table 2]



Method for Quantifying the Effects of Parameter Estimation Errors

Maximum likelihood estimation is one of the most commonly used approaches to estimate parameters in probability distribution functions and has been verified to be preferable when the sample size is more than 50 (Madsen et al., 1997). Thus, it is employed to estimate the parameters of gamma distribution in this research. The theory of MLE states that for large sample sizes n and a k-dimensional parameter vector, MLE estimators are approximately distributed as a multivariate normal. Thus, the uncertainties of distribution parameters are then quantified by randomly generating parameters based on the multivariate asymptotic normality assumption (Nixon et al., 2010; Degeling et al., 2017). The detailed process is as follows:

• fitting the original cumulative precipitation data set X = (x1, x2, …, xn) (n is the length of the data set) with gamma distribution and obtaining the optimal parameter sets (α*, β*) and the variance–covariance matrix;

• randomly generating N sets of parameters [(α1, β1), (α2, β2),…, (αN, βN)] based on the optimal parameter sets and the variance–covariance matrix under the assumption of asymptotic normality (N can be set, in this study N = 1000);

• calculating N sets of SPI values according to Equations (2) to (5) with N sets of parameters; and

• identifying the (a/2)th and (1- a/2)th percentiles based on N sets of SPI values, which are assumed to be the lower and upper bounds of SPI confidence intervals (CIs). a is set to be 0.05 herein.



Drought Characteristics

Drought event can be characterized by multiple variables, for example, drought event number, intensity, peak, duration, and frequency. All these characteristics are often suggested to be used for drought assessments (e.g., Loukas and Vasiliades, 2004; Sheffield and Wood, 2008; He et al., 2018) and thus selected in this analysis. According to the Run theory (Yevjevich, 1967), when SPI is below the threshold value, for example, −1, a drought event is considered to have occurred. The intensity of a drought event is defined as the mean value of a drought index below the threshold level. The peak is the minimum value of a drought index below the threshold value. Duration is the amount of time that a drought index is continuously below the threshold level. Drought frequency is defined as the ratio of drought event number to the total length of the time series. It is calculated with the formula of [image: image], in which N means the total number of SPI values, and n means the total number of SPI values belonging to each grade.




RESULTS


Effects of Probability Distributions
 
Performance of Different Probability Distributions

Figure 2, taking the 12-month cumulative precipitation in January at Tuole station as an example, shows the comparison of the empirical cumulative probability distribution and the 10 theoretical ones. Note that the abbreviated names of stations and distributions are used in all figures for convenience. No clear differences are observed from Figure 2, and all the alternative distributions seem to give satisfactory fits to the series. For evaluating the performance of different probability distributions in more details, goodness-of-fit tests including the Kolmogorov–Smirnov (K-S) and Anderson–Darling (A-D) tests are carried out (Svensson et al., 2017; Vergni et al., 2017). Also taking the cumulative precipitation data in January as an example, the calculated statistic values for both tests are given in Table 3. The critical values equal 0.18 and 2.50 at 0.05 significance level for K-S and A-D tests, respectively. If the statistic value is lower than the critical value, it indicates that the data set passes the corresponding test at 0.05 significance level; otherwise, it fails.


[image: Figure 2]
FIGURE 2. Cumulative probability for 12-month cumulative precipitation in January at Tuole station (LL3, LL2, LN3, LN2, GEV, PE3, and IG represent the three- and two-parameter log-logistic and log-normal, generalized extreme value, Pearson-III, and inverse Gaussian distributions, respectively). (A) The cumulative probability of empirical and three-parameter theoretical distributions. (B) The cumulative probability of empirical and two-parameter theoretical distributions.



Table 3. The statistic values of Kolmogorov–Smirnov and Anderson–Darling tests for January cumulative precipitation series at a of 0.05.

[image: Table 3]

According to Table 3, all the statistic values are lower than the critical values, indicating that all the alternative distributions can provide satisfactory performance in fitting the cumulative precipitations. Comparatively, the three-parameter distributions show better than those two-parameter ones. Among the three-parameter distributions, three-parameter log-logistic performs the best, with 9 of 18 critical values being the smallest (in bold in Table 3). Among the two-parameter distributions, two-parameter log-logistic performs the best, with 10 of 18 critical values being the smallest, and Weibull performs the worst, with the highest statistic values.

The same work is done for the precipitation data of other months. The results still demonstrate that three- and two-parameter log-logistics perform best among the three-parameter and two-parameter distributions, respectively, with 67 and 95 smallest critical values of the total, accounting for 31 and 44%. By contrast, three-parameter log-logistic performs better than the two-parameter one owing to the smaller critical values of K-S and A-D tests. That is, log-logistic–type distribution can be used as alternatives in fitting the cumulative precipitation across the study area. In contrast, gamma performs moderately, with 25% of the critical values being the smallest in this case. Note that among all the precipitation data and all the distributions only Burr fails to fit the data in August at Jiuquan station.



Effects of Probability Distributions to SPI

Figure 3 shows the SPI values derived from the 10 different probability distributions. The blue line is from the benchmark gamma distribution, and other colored lines are from the other nine alternative distributions. Most of the lines coincide with each other as a whole, and the differences are generally observed at the lower and upper limits of SPI values (extremely dry and extremely wet conditions). For example, more wet conditions (higher SPI values) are detected from Weibull distribution at Qilian station in 1999, and more dry conditions (smaller SPI values) are detected from Pearson type III at Qilian station in 1971.


[image: Figure 3]
FIGURE 3. SPI values modeled by different probability distributions (LL3, LL2, LN3, LN2, GEV, PE3, and IG represent the three- and two-parameter log-logistic and log-normal, generalized extreme value, Pearson-III, and inverse Gaussian distributions, respectively; TL, YNG, QL, SD, ZY, JQ, GT, DX, and EJNQ are Tuole, Yeniugou, Qilian, Sandan, Zhangye, Jiuquan, Gaotai, Dingxin, and Ejinaqi stations, respectively).


In order to further analyze the inconsistency of SPI values obtained from the various probability distributions, the differences calculated from SPIalternative minus SPIgamma are presented in Figure 4 (SPIalternative and SPIgamma mean the SPI values derived from the nine alternative distributions and from the benchmark gamma distribution, respectively). Clearly, the differences are minimal for normal and moderate classifications (corresponding to −1.5 < SPI < 1.5), conditions nearly within the range of ± 0.1. As the SPI values vary to the extremes, the differences become lager. The more extreme (dry or wet) the events, the greater the differences, and the more dispersed the scatter points (Figure 4). These indicate that although little effects are on the normal and moderate classifications, greater effects are on the extreme classifications (extremely dry or wet) from the different probability distributions in SPI calculation. Note that the differences derived from Burr distribution vary greatly for Jiuquan station (in cyan in Figure 4) due to the fact that Burr fails to pass the tests in fitting the August cumulative precipitation at this station.


[image: Figure 4]
FIGURE 4. The differences of SPI modeled by gamma and alternative distributions (the abbreviations are the same as in Figure 3).




Effects of Probability Distribution to Drought Characteristics

The drought assessment based on drought characteristics is more informative than the numerical value itself for most practical applications (Guttman, 1999). Five characteristics of drought events are considered here: intensity, peak, event number, the maximum and total duration, and frequency. As observed in Figure 5, the drought characteristics derived from the different probability distributions differ greatly. Inverse Gaussian distribution tends to derive the droughts with higher drought intensity and peak, two-parameter log-logistic derives more droughts with longer drought duration, whereas Weibull derives more droughts with lower intensity, lower peak, and shorter duration. As to the maximum drought duration, most distributions detect longer duration than gamma. As to the drought event number, the performance of different distributions at different stations is inconsistent.


[image: Figure 5]
FIGURE 5. Drought characteristics derived from different probability distributions (the abbreviations are the same as in Figure 3).


Figure 6 presents the drought frequency of each drought grade. As observed, differences can be found in drought frequency derived from different probability distributions, especially at the extremely wet and extremely dry levels. When SPI ≥2.0 (extremely wet), for example, the occurrence frequency is 2.3% from gamma for Jiuquan station, whereas 0% from three-parameter log-logistic and 4.4% from Weibull. When SPI ≤-2.0 (extremely dry), the occurrence frequency is 0.6% from gamma for Jiuquan station and 3.0% from Pearson type III. Comparatively, Weibull distribution detected more extreme wet and almost no extreme dry in this study. The findings of great effects on extreme droughts from different probability distributions highlight the importance of the selection of suitable probability distribution in the calculation of SPI, because extremes (rather than the moderate) are usually the main focuses of many meteorological and disaster researches.


[image: Figure 6]
FIGURE 6. Drought frequency of SPI modeled by different probability distributions (the abbreviations are the same as in Figure 3).





Effects of Parameter Estimation Errors
 
Parameter Estimation and Its Uncertainty

The shape and scale parameters in gamma distribution are estimated by the MLE method, with the results shown in Figure 7. The optimal shape parameters vary greatly at different stations, whereas the scale parameters are relatively close. Method of L moment is used as well for comparison. Clearly, these two methods give quite close parameter estimations as a whole.


[image: Figure 7]
FIGURE 7. The optimal values and 95% CIs for shape and scale parameters in gamma distribution (the gray shade represents the 95% CIs; the blue and green points represent the optimal parameters from MLE and L moment methods, respectively; the abbreviated names of stations are the same as in Figure 3).


Figure 7 also shows the 95% CIs of each parameter derived from the standard errors, with the normality assumption according to MLE. The width of 95% CIs of a given variable is usually used as a measure of its uncertainty (Liu et al., 2014; Hu et al., 2015; Vergni et al., 2017). From the figure, the uncertainties range from 16.93 to 47.40, 21.70 to 61.90, 33.71 to 92.64, 12.12 to 30.42, 8.51 to 22.43, 3.92 to 11.79, 6.04 to 18.10, 4.36 to 18.10, and 2.18 to 5.09 for shape parameters at Tuole, Yeniugou, Qilian, Sandan, Zhangye, Jiuquan, Gaotai, Dingxin, and Ejinaqi stations and range from 6.36 to 18.23, 6.81 to 19.24, 4.35 to 12.50, 6.63 to 17.15, 5.56 to 16.67, 7.14 to 25.00, 5.91 to 18.51, 4.98 to 13.25, and 6.67 to 16.67 for scale parameters at each station.



Effects of Parameter Estimation Errors to SPI

Figure 8 gives the SPI estimations, and their 95% CIs resulted from the parameter estimation errors. It is observed that the 95% CIs are wider for extreme events than for other cases, no matter extremely wet or extremely dry. In order to investigate the uncertainty of SPI values originating from parameter estimation errors in more details, the widths of 95% CIs of SPI are presented in Figure 9, together with the mean absolute error (MAE) values, which are derived from the equation of [image: image], where n is the total sample size, Xi is the ith original SPI value, and Yi is the ith SPI value considering the parameter estimation errors. For making Figure 9 more clearly, we fix the widths of 95% CIs and MAE facing down when the SPI values are negative, and vice versa.


[image: Figure 8]
FIGURE 8. SPI values and their 95% CIs estimations considering the parameter estimation errors (the abbreviated names of stations are the same as in Figure 3).



[image: Figure 9]
FIGURE 9. SPI 95% CIs width of and the MAE value considering the parameter estimation errors (the black dotted lines correspond to SPI value of ± 0.99; the abbreviated names of stations are the same as in Figure 3).


It can be seen that the fluctuations of the curves for 95% CIs width (in pink) are close to those of SPI values, showing increasing (getting larger) with SPI values changing to the extremes. For example, the average widths of 95% CIs vary from 0.58 to 0.87 for Qilian station when −1.99 ≤ SPI ≤ 1.99 and increase to 1.10 when SPI ≥2.0 and 0.95 when SPI ≤-2.0. The more extreme the SPI value, the larger the average width. The widest 95%CIs (1.24, 1.24, 1.24, 1.59, 1.13, 1.11, 1.31, 1.21, and 1.29 for Tuole, Yeniugou, Qilian, Sandan, Zhangye, Jiuquan, Gaotai, Dingxin, and Ejinaqi stations) are nearly twice of the average widths of 95% CIs (0.65, 0.65, 0.65, 0.64, 0.65, 0.54, 0.65, 0.66, and 0.64, respectively) at each station. The fluctuations of the curves for MAE (in green) also show similar tendency with the 95% CIs curves, getting larger with the SPI increasing or decreasing to the extremes.



Effects of Parameter Estimation Errors to Drought Characteristics

The intervals of each drought characteristic caused by parameter estimation uncertainty are shown in Table 4. Consistent with the results caused by different probability distributions, drought peak, event number, and drought duration are greatly affected. The deviation amounts to 0.10 to 0.29 for drought intensity, 0.93 to 1.60 for drought peak, 8 to 18 times for drought event number, 4 to 15-months for the maximum drought duration, and 68 to 123-months for the total duration. Specifically, Jiuquan station experienced the largest difference in drought event number (18 times), Sandan station experienced the largest difference in both drought peak (1.60) and the maximum drought duration (15-months), and Qilian station experienced the largest difference in the total drought duration (123-months). In addition, the intervals of drought event number and the maximum drought duration caused by parameter estimation errors are larger than those caused by different probability distributions.


Table 4. The intervals of drought characteristics considering parameter estimation errors.

[image: Table 4]

Figure 10 displays the frequency of seven drought grades associated with the uncertainty of parameter estimations. As expected, the classification results for the upper and lower limits of 95%CIs are different. For instance, when SPI ≥2.0, the extremely wet frequency is 6.5% from the upper limit for Jiuquan station, and it is 0 from the lower limit. When SPI ≤-2.0, the extremely dry frequency is 0.2% from the upper limit for Zhangye station and increases to 6.1% from the lower limit. This difference occurs not only in extremes, but also in other cases. For example, the frequency of moderate drought (corresponding to −1.5 < SPI ≤ −1.0) is 5.3% from the upper limit and reaching 15.5% from the lower limit at Qilian station. This reminds us that we should not ignore the effects of parameter estimation errors on drought index calculation, because they probably affect the classifications of drought grades, which associates closely to the decision-making of the local drought management.


[image: Figure 10]
FIGURE 10. Drought classification frequency based on SPI values considering parameter estimation errors (LL and UL are the lower and upper limits of 95% CIs, respectively; the abbreviated names of stations are the same as in Figure 3).






DISCUSSION

Drought index is an important indicator for drought researches. However, uncertainties exist in its calculation. This study discusses the effects of probability distributions and parameter estimation errors on both SPI values and drought characteristics.

It is found that the three-parameter distributions show better performance in fitting the precipitation data than those two-parameter distributions. This result keeps consistent with the finding of Vergni et al. (2017), who concluded that the two-parameter gamma distribution provides less reliable estimates of the precipitation probability than the three-parameter Pearson type III and the generalized normal distribution in their study case. Cindrić et al. (2012) suggested that as to the choice of the most appropriate distribution for a particular region the ratio of skewness and the coefficient of variation for the precipitation data can be used as an indicator. Angelidis et al. (2012) and Stagge et al. (2015) deemed that the suitable probability distribution is related with the time scale of precipitation data to be fitted. Angelidis et al. (2012) found that the log-normal distribution can produce almost the same results with gamma for 12- or 24-months SPI. Stagge et al. (2015) compared the seven probability distributions and concluded that the gamma distribution produces the most consistently good fit for the long-accumulation precipitation (>6-months), whereas Weibull is consistently the best for the short accumulation (1–3-months). In our case, log-logistic–type distribution can be used as alternatives in fitting the cumulative precipitation across the study area. Even though for avoiding the interpretability issues and potential extrapolation issues with complex distributions that may be overfit, to use a single and simple distribution may be a good choice (Stagge et al., 2015).

Considering the effects of different probability distributions on SPI and drought characteristics, less influence is found for normal and moderate classifications, while as the SPI values vary to the extremes, the influence becomes lager. This conclusion keeps in line with those from Angelidis et al. (2012) and Vergni et al. (2017), who concluded that the consistency of the SPI calculated with different distributions is good for normal periods, while becoming poor for very dry or very wet periods. It is also found in our case that different probability distributions lead to great differences in drought peak, event number, duration, and frequency.

With regard to the effects of parameter estimation errors on SPI values and drought characteristics, the resulted 95% CIs are becoming larger with the SPI value increasing or decreasing to the extremes. Furthermore, the intervals of drought event number and the maximum drought duration caused by parameter estimation errors are even larger than those caused by different probability distributions. As stated by Wu et al. (2005), the parameter estimates with little confidence would result in the SPI values with little confidence. To ensure the parameter estimates with high confidence, a long record of precipitation data is usually required for the analysis, because MLE presents unstable behavior for small samples (Martins and Stedinger, 2000), and preferable performance when the sample size becomes larger (more than 50) (Beguería et al., 2014). McKee et al. (1993) regarded that a continuous period of at least 30-years seems ideal in the SPI calculation, while Guttman (1994) found that ~40 to 60-years of record is needed for parameter estimation stability in the central part of the distribution and ~70 to 80-years of record for stability in the tails. Carbone et al. (2018) suggested that record lengths of 60-years are basically enough in general, which typically results in stable parameters and representative SPI values. In addition, the minimum length of record also depends on whether the precipitation pattern changes (Wu et al., 2005). Carbone et al. (2018) found that extreme events also have a significant influence on SPI estimates, even over 60-years of records.



CONCLUSIONS

The estimation of SPI involves uncertainties originated from many aspects. This article mainly focuses on the effects of two uncertainty sources (probability distribution functions and parameter estimation errors) on both the calculation of SPI of 12-months and drought characteristics.

Five three-parameter and five two-parameter distributions were employed. Results indicate that the log-logistic–type distribution (2-parameter and 3-parameter) presents the best performance in fitting the cumulative precipitation series over the Heihe River basin, better than the suggested gamma distribution, whereas Burr and Weibull present the worst. Results also show that the influences of different probability distributions on SPI values and on droughts are mainly manifested in the extreme classifications (extremely dry and extremely wet conditions with SPI ≤-2.0 and SPI ≥2.0), rather than in the normal and moderate classifications (corresponding to −1.5 < SPI < 1.5). This finding highlights the importance of selecting the suitable probability distribution in the calculation of SPI, because extremes are usually the primary focuses of many meteorological and disaster researches.

The effects of parameter estimation errors illustrate that the more extreme the SPI value (more drought or the more wet), the wider the 95% CIs, and the greater the uncertainty caused by parameter estimation errors. The parameter estimation errors also result in different drought characteristics. It indicates that the effects of parameter estimation errors should not be ignored because it probably affects the decision-making on drought analysis. A long record of precipitation data is essential to ensure that the parameter error is small. As to how long the records are sufficient over the study area will be discussed in the future analysis. Noted that, because all the findings here are in the context of the SPI at 12-month scale and limited stations, more works should be extended over further scales and regions, to define the most appropriate statistical distribution to fit precipitation data and properly characterize drought.

To sum up, both the probability distribution functions and parameter errors lead to the uncertainties in the estimation of SPI values and drought assessments, especially in the extreme values, which is just the focus of many extreme studies. Consequently, we should be vigilant about the uncertainty issues in drought assessment and strengthen the researches on quantifying and reducing such uncertainties, which will help decision-making becoming more confident.
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Nepal is a mountainous country located on the southern slope of the central Himalayas, where the winter season contributes ∼3% of the total annual rainfall. This study sought to investigate the inter-annual variability and associated ocean-atmospheric pattern with winter precipitation during 1987–2015. A high-resolution APHRODITE and ERA5 reanalysis datasets are used to study the Empirical Orthogonal Function (EOF), Wavelet, Composites, and Correlation analysis, respectively. The results show that the leading EOF mode captures 53.2% of the total variance, exhibiting a single mode of variability. Wavelet analysis determined 2 to 2.6 years of the significant power spectrum. The time-series of winter precipitation anomalies revealed the years 1996, 1998, 2000, 2005, 2007, and 2008 as precipitation deficit years which is supported by negative precipitation anomalies with positive outgoing longwave radiation (OLR) and vertical velocity. These phenomena are converse for wet events during the years 1988, 1995, 1997, 2002, 2012, and 2014. Furthermore, the wet (dry) years exhibit moisture convergence (divergence) with strong southwesterly (northwesterly) wind anomalies. In the wave train of westerly flow, the cyclonic and anticyclonic circulation in northern India affects the moisture transport in wet and dry years, respectively. In excess precipitation years, Surface Air Temperature (SAT) over entire northern India and adjoining Nepal and Tibetan Plateau (TP) regions have a colder temperature than in deficit precipitation years. The correlation suggests the instance of Indian Ocean Basin Mode (IOBM) and NINO3.4 impacts on the inter-annual variability of the winter precipitation. Moreover, the warming and cooling over the Indo-Pacific regions affect the Walker and Hadley circulation bringing above and below-normal precipitation, respectively, over Nepal. The observed changes in the dry and wet years during winter are useful for disaster preparedness and the planning and monitoring of water resources and agriculture.

Keywords: winter precipitation variability, dry events, wet events, westerlies, Nepal


INTRODUCTION

Nepal is considered to be one of the most vulnerable countries to extreme weather events (Eckstein et al., 2018). In recent years, the country has been suffering from many meteorological disasters, such as floods and droughts due to the above and below-average rainfall (Krishnamurthy et al., 2013; Adhikari, 2018). High intensity related to extreme precipitation events is the principal cause of landslides, debris flows, and flood disasters in the country (Talchabhadel et al., 2018). Flooding has been reported to contribute to about 49% of the total disaster events in Nepal from 2000 to 2017 (CRED, 2018). Moreover, a flood is a complex hazard resulting in a cascade of secondary hazards, such as landslides and debris flow. Flood and drought events are leading to tremendous losses of life, property, and affecting socio-economic development (Eckstein et al., 2018). According to World Food Agricultural Organization, severe winter drought reduced the yield and quality of major food crops (barley and wheat) by 15% between 2008 and 2009 (World Food Programme, 2009). The seasonal variability of extreme events is expected to increase with ongoing climate change (Field et al., 2012).

The winter precipitation occurs in December, January, and February, and has a small contribution (∼3%) to the total annual rainfall in Nepal (Sigdel and Ikeda, 2012). However, it is an essential source of water to glaciers, rivers, and ecosystems in the dry season. In contrast to summer precipitation (June-September), winter precipitation is relatively less explored due to its limited contribution to annual rainfall (Sigdel and Ikeda, 2012; Sigdel and Devkota, 2013). The country has frequently been experiencing several extreme events in the winter season (Wang et al., 2013). The winter season is influenced by an eastward-moving synoptic weather system called Western Disturbances (WD; Yadav et al., 2012; Dimri, 2013a). The WDs are originated over the Mediterranean Sea or Mid-Atlantic Ocean and travel eastward over Iran, Afghanistan, Pakistan, and northwest India (Dimri, 2007) and finally enter into Nepal through the western region bringing winter precipitation. Comparably, the western region of Nepal gets more winter precipitation than the central and eastern regions (Kansakar et al., 2004; Ichiyanagi et al., 2007). Moreover, Western Himalayas is the area of significant importance as it receives the above-normal rainfall amount because of the cyclogenesis (Dimri, 2006).

The global forcing that controls the climate of the Northern Hemisphere is El Niño/Southern Oscillation (ENSO), Arctic Oscillation (AO), and Northern Atlantic Oscillation (NAO). Cannon et al. (2014) has investigated the role of the AO and ENSO on the on multi-annual variations in winter westerly disturbance activity affecting the Himalaya. In the context of recent global warming, precipitation variability is linked with Sea Surface Temperature (SST; Dimri, 2013a). The interannual variability of the winter precipitation, mainly drought in Central and Southwest Asia is linked with the SST changes in the Indian and Pacific Oceans (POs; Barlow et al., 2002). ENSO is the most widely studied ocean-atmospheric phenomenon on the variability of the precipitation (Yadav et al., 2012). The strong relationship between ENSO and winter precipitation over the Indian region has been reported in recent decades (Yadav et al., 2013; Kar and Rana, 2014). Further, the role between ENSO and the winter precipitation in northwest India has enhanced, whereas, the role of NAO/AO is diminishing in recent years (Yadav et al., 2009). The intensified WDs are observed over northwest India and Western Himalayas during the warm phase of the ENSO (Yadav et al., 2013; Dimri, 2013a). Moreover, the positive (negative) response of the India ocean Dipole (IOD) has favored (unfavored) the precipitation variability in south peninsular India (Kripalani and Kumar, 2004). The previous study shows that IOD develops in boreal summer and reaches a peak in the boreal fall (Saji et al., 1999). The dipole is characterized by the positive SST anomalies over the equatorial western Indian Ocean and negative SST anomalies over the equatorial eastern Indian Ocean. However, the pronounced warming of the Indian Ocean in recent decades acted as a capacitor to delay and prolong the influence of the ENSO (Yang et al., 2007; Lu et al., 2019). Thus, it is necessary to study the whole Indian Ocean Basin Mode (IOBM) impacts on the interannual variability of the winter precipitation over south Asia.

Many studies have been conducted in Nepal for studying spatio-temporal variation of summer precipitation and its related extreme events (Kansakar et al., 2004; Karki et al., 2017; Talchabhadel et al., 2018). The relation of summer monsoon variability has been linked with ENSO (Shrestha et al., 2000; Sigdel and Ikeda, 2012). Recently, Pokharel et al. (2019) studied the east-west division of precipitation over Nepal during 1951–2007 and found that mean annual precipitation has decreased in western Nepal due to the interannual variability of the IO SST. However, studies related to winter precipitation variability of Nepal are limited. For instance, (Wang et al., 2013) examined the drought over the western region of Nepal and discussed the mechanism on how AO can influence this variability. Their finding shows the decadal variability of winter precipitation between the 2001–2010 and 1991–2000 periods. Sigdel and Devkota (2013) found a weak relation of NAO and the strong relation of the Dipole Moment Index (DMI) with winter precipitation variability in Nepal. However, the above-mentioned studies have not quantified the physical mechanism relating to IO and PO on the precipitation change over the region. By studying different seasonal SST, it is possible to acquire predictive information on the interannual variability of precipitation. In particular, lead/lag response of the IO and PO with winter precipitation over the region is yet to be investigated because IOD, IOBM, and ENSO has developing and decaying phase (Saji et al., 1999; Lu et al., 2019; Zhou et al., 2019). For instance, there is a weak response between ENSO and North Xinjiang summer precipitation, however, a robust relation occurs in post-spring and summer (Lu et al., 2019). Further, the mechanical and thermal processes over the Tibetan Plateau (TP) are affecting global atmospheric circulation and global precipitation (Duan et al., 2012; Maussion et al., 2014). In the present study, we aim to link the temperature changes in TP, IO, and PO; cyclonic/anticyclonic circulation; and divergent/convergent wind patterns affecting winter precipitation of Nepal with recently released high-resolution reanalysis data (ERA5). For this, we analyze the year-to-year variability of excess or deficit winter precipitation over Nepal between 1987 and 2015 and present the physical mechanism of inter-annual variability. Understanding the variability of the winter precipitation is of great importance in the economy of Nepal because December to February is the winter copping season (Rohwerder, 2016). Further, it will help us to understand the occurrences of the past extreme events as being the basis for forecasting and monitoring drought and floods over Nepal.



STUDY AREA

The study area, Nepal is a South Asian country located between 26.36°–30.45°N and 80.06°–88.2°E encompassing an area of 147,181 km2 bordering with Tibet, China in the north and India in the east, west and south (Figure 1). According to the Department of Hydrology and Meteorology (DHM), the mean annual precipitation and temperature of Nepal are 1,857.6 mm and 20°C, respectively, from 1971 to 2012 (Department of Hydrology and Meteorology [DHM], 2017). The four climatological seasons that exists in Nepal are the pre-monsoon (MAM), summer monsoon (JJAS), post-monsoon (ON), and winter (DJF). The Asian monsoon system governs the climate of Nepal, bringing more than 80% of precipitation during summer (Nayava, 1980; Shrestha et al., 2000). In the winter season, the country receives about 3% of its annual rainfall from the westerlies (Karki et al., 2017; Sharma et al., 2020). The interaction of two extensive weather systems; monsoon and westerly disturbances are two main phenomena causing inter-annual precipitation variability over Nepal. For climate study, the study area is divided into three categories, i.e., western (Western boundary to 83°E) central (from 83° to 85°E) and eastern (from 85°E to eastern boundary) regions (Kansakar et al., 2004; Figure 1). All three regions features same physiographic regions (Terai, hills and mountain) but with difference in distribution and duration of precipitation (Sharma et al., 2020). In this study, the South Asian region (5°S–39°N, 60°W–95°E) was selected for the study of the atmospheric circulation pattern.
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FIGURE 1. The study area, Nepal with different regions. The inset shows the location of Nepal in relation to the ocean and landmasses.




DATA AND METHODS


Data

Asian Precipitation-Highly-Resolved Observational Data Integration toward Evaluation of Water Resources (APHRODITE) is a gridded precipitation dataset covering more than 57 years was created by collecting and analyzing rain gage observation data across Asia. This data set is based on observed precipitation data around the globe (from 5,000–12,000 stations) in conjunction with other pre-compiled datasets (Yatagai et al., 2009; Yatagai et al., 2012). For generating the gridded data sets, it has used maximum possible gages available across Nepal (Yatagai et al., 2009). The APHRODITE project contributes to studies, such as the determination of Asian monsoon precipitation change, evaluation of water resources, verification of high–resolution model simulations and satellite precipitation estimates, and improvement of precipitation forecasts. Here, 0.25° × 0.25° resolution monthly average data APHRODITE (APHRODITE-1 and APHRODITE-2) over monsoon Asia between 1987 and 2015 was used. APHRODITE data has followed the quality control procedures for refining and avoid inconsistency in data (Sunilkumar et al., 2019). Meanwhile, the validation of the APHRODITE gridded data set (1987–2015) with the data from 80 meteorological station data across Nepal showed a strong correlation of 0.80 in the same period (Figure 2). The observed data for validation were collected from the meteorological stations managed by the Department of Hydrology and Meteorology, Government of Nepal (DHM).
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FIGURE 2. Validation of APHRODITE (Aphro) data with 80 meteorological station data using correlation analysis between 1987 and 2015.


The large scale atmospheric circulation parameters used are wind (u and v components), relative humidity, moisture flux, OLR, vertical velocity, 2 m Surface Air Temperature (SAT), and SST provided by ERA5 reanalysis dataset with the spatial resolution of 0.25° × 0.25°. ERA5 has recently released the fifth generation ECMWF reanalysis for the global climate and weather spanning between 1979 and 2019 (Copernicus Climate Change Service Climate [C3S], 2017). The SST indices: NINO3.4, DMI, and IOBM used in this study were calculated from the same ERA5 SST. NINO3.4 index is a widely used indicator of ENSO, which is the average SST anomaly in the region of 5°N to 5°S and 170°W to 120°W. Similarly, the IOD is the temperature difference between the western (50°E–70°E and 10°S–10°N) and the eastern (90°E–110°E and 10°S–10°N) equatorial Indian Ocean (Saji et al., 1999). DMI is an indicator of the intensity calculation of IOD. IOBM is defined as the averaged SST within 40°E–110E°; 20°S–20°N (Lu et al., 2019).



Methods

Empirical Orthogonal Function (EOF) analysis is a computation of the Eigenmodes for a covariance matrix based on precipitation giving the spatial pattern, time series, and percentage of variance (Sein et al., 2015). Here, EOF analysis was conducted to determine the dominant mode of winter rainfall over Nepal. The eigenvalues express the importance of the EOFs/Principal Components (PCs), whereas the first EOF (EOF1) is crucial, followed by the second EOF (EOF2), and so on (Wang X. et al., 2015). The theories and algorithms were adopted from Lorenz (1956), Zhang and Moore (2015) to analyze EOF. The wavelet analysis was carried out to visualize the potential signal in the standardized winter precipitation time series by following the methods described in the previous studies (Torrence and Compo, 1998; Mchugh, 2006; Dieppois et al., 2016). The composite analysis gives information about the common features and patterns of the variable in the atmosphere (Kar and Rana, 2014; Ngarukiyimana et al., 2018). Composite analysis of precipitation, OLR, wind, moisture flux, vertical velocity, velocity potential, relative humidity, and 2 m SAT was performed. The statistical significance test of composite analysis in this study is assessed using the student t-test at a 95% confidence interval. Several studies have revealed the application of this analysis over the South Asian countries (Shrestha, 2000; Krishnamurthy and Kirtman, 2009; Dimri, 2013a). In this study, the Pearson correlation analysis aims at displaying the relationship between the variables at a 95% confidence level. The time series of all the climatic parameters were detrended before passing through EOF, composite, and correlation analysis.



RESULTS AND DISCUSSION


Characteristic of Winter (DJF) Precipitation

The seasonal precipitation cycle over Nepal was analyzed using the APHRODITE data set during 1987–2015 (Figure 3A). The analysis revealed that the rainfall is highest in the summer monsoon (JJAS) season and the lowest in the winter season (DJF). The climatology of winter precipitation over Nepal is presented in Figure 3B. The average winter precipitation of Nepal is 20.13 mm/month during the study period. The winter precipitation is higher (above 30 mm/month) in the far-western region than eastern and central regions (about 10–20 mm/month) of Nepal. The westerlies bringing winter precipitation are pronounced in the western region and weakens from west to east (Kansakar et al., 2004; Ichiyanagi et al., 2007). The previous study also showed a spatial variation of winter precipitation is more substantial in the western region than in the central and eastern regions (Ichiyanagi et al., 2007).
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FIGURE 3. (A) Seasonal cycle and (B) Climatology of winter precipitation (mm/month) over Nepal using APHRODITE data from 1987 to 2015.




The Dominant Mode of Winter Rainfall

The precipitation time series was de-trended, and EOF analysis was obtained for the winter precipitation. The dominant modes of variability of the mean winter precipitation over Nepal are presented in Figure 4. EOF1 and EOF2 cannot explain whether Nepal is receiving high or low precipitation based on EOF maps; however, it gives precipitation field variation with eigenvalues. The leading EOF1 mode captures 53.2% of the variance, and the EOF2 contributes 17% of the total variance. Further, EOF1 exhibits a single mode of variability, with strong loadings in the central and western regions (Figure 4A). Meanwhile, EOF2 shows an intricate pattern (negative-positive-negative, from west to east Figure 4B). This pattern displays conflicting signals of variability in the far western and eastern regions. The distribution of precipitation in Nepal varies spatially due to local scale parameters, such as orography, wind exposure, and direction of the mountain range (Kansakar et al., 2004; Talchabhadel et al., 2018).


[image: image]

FIGURE 4. (A) The first dominant mode of variability (EOF1) explains 53.2% of the total variance of the mean winter precipitation and (B) the second dominant mode of variability (EOF2) explains 17% of the total variance of the mean winter precipitation over Nepal, based on APHRODITE data during 1987–2015.


The respective principal components (PC1 and PC2) of EOF1 and EOF2 are shown in Figures 5A,B, respectively. The PC1 and PC2 give information about the interannual and decadal variation of precipitation over Nepal from 1987 to 2015. The higher value of PC1, i.e., standardized anomalies exceeding + 1, shows the above-average precipitation and vice-versa (Figure 5A). Thus, 1988, 1995, 1997, 2002, 2012, and 2014 are above-normal precipitating years, whereas 1996, 1998, 2000, 2005, 2007, and 2008 are below-normal precipitating years. PC2 time series show decadal variability of precipitation, since, a negative decadal anomaly of precipitation (1987–2001) has changed to a positive anomaly during the next decade (2001–2015) over Nepal (Figure 5B). This implies that in these decades, the spatial distribution of precipitation was inverse mainly in the far western and eastern regions (Figure 4B). Similar findings also reported by Wang et al. (2013), where the second mode of EOF revealed the decadal variability of winter precipitation in the western region during 1991–2010, which is linked with AO.
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FIGURE 5. (A) The first Principal Component associated with EOF1 (PC1) and (B) The second Principle Component associated with EOF2 (PC2) of winter precipitation over Nepal, based on APHRODITE data from 1987 to 2015.




Inter-Variability of DJF Precipitation

The inter-annual variability of winter precipitation and PC1 over Nepal between 1987 and 2015 is presented in Figure 6. A strong correlation coefficient (0.97) was observed between EOF1 and detrended averaged winter precipitation over Nepal during the analysis period (Table 1). The EOF1 and PC1 mode contributes to the highest variance and capable of characterizing the winter precipitation variability in Nepal over the study period. The temporal analysis revealed that the country experienced a below-average rainfall amount in between 1995 and 2010. The anomalous strong or weak years were selected using standardized anomalies exceeding ± 1 (Figure 6). The result shows six of each positive (strong: 1988, 1995, 1997, 2002, 2012, and 2014) and negative (weak: 1996, 1998, 2000, 2005, 2007, and 2008) anomaly years.


TABLE 1. Correlation between two modes of EOF and winter precipitation.
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FIGURE 6. Inter–annual variability of PC1 and winter precipitation anomaly over Nepal. The black dotted line represents the reference line and blackline separates the wet and dry years during 1987–2015.


Morlet wavelet power spectrum analysis was performed on winter standardized precipitation anomalies to investigate the presence of significant signals that might be embedded in the study period. The detrended precipitation time series was passed through wavelet analysis. It was observed 2–2.6 years of the power spectrum between 1995 and 2005, which is statistically significant at a 95% confidence interval (Figure 7). The power spectrum of 8 years has been observed in 2000, which is not significant. The results indicate the inter-annual variability pattern of winter precipitation over Nepal, which can be associated with ENSO. The 1–2 years of the periodicity of power spectrum was observed in the years 1982/1983 and 1991/1992 that is linked with ENSO in winter westerly disturbance in the western Himalayas (Cannon et al., 2014). The decadal variability of a signal has been observed in 2000, which can be linked with AO. The previous study shows a 2–7 years variability pattern is associated with the influence of ENSO, while the longer duration of 7–12 years to AO/NAO (Torrence and Compo, 1998; Mpeta and Jury, 2001; Dieppois et al., 2016).
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FIGURE 7. The wavelet power spectrum for the winter season from 1987 to 2015 using the Morlet wavelet method. The shaded color denotes wavelet power. The hatched area delimits the “cone of influence,” which influenced by edge effect. The dotted points represent the significant at a 95% confidence interval.




Circulation Anomaly Associated With Dry and Wet Years

The composites of precipitation anomalies during dry and wet years are shown in Figure 8. The dry year composite (Figure 8A) has significant negative anomalies all over the country with strong negative loading in the western and central regions, which coincides with the dominant mode of EOF1, as in Figure 4A. The converse pattern was observed in the wet years (Figure 8B). To understand the reason for negative and positive anomalies of precipitation over Nepal, Figures 9A,B was produced to show a composite of OLR of dry and wet years. Precipitation has a close inverse relation with OLR in tropical and subtropical areas (Shen et al., 2017). In a dry (wet) year, positive (negative) anomalies are observed over Pakistan, northern India, Nepal, and TP. Similarly, positive and negative OLR appeared over the Bay of Bengal region in wet and dry years, respectively. The high (low) values of OLR indicate lower (higher) cloud tops and consequent less (more) precipitation in the dry (wet) years (Ngarukiyimana et al., 2018). Moreover, vertical velocity explains the sinking and rising characteristics of clouds (Wang L. et al., 2015). The composite of vertical velocity anomalies at 500 hpa for the dry and wet years is presented in Figures 9C,D. Negative anomalies have been observed in Afghanistan, Pakistan, and northern India in wet years whereas positive anomalies during dry years. This pattern is not clear over the TP region. There are significant positive anomalies of vertical velocity at 500 hpa across the east-west of the country (79–90°E) favoring a strong subsidence motion, pointing toward a deficit precipitation amount (Figure 9C). The converse pattern was observed in wet years, i.e., negative vertical velocity anomalies over the study region; suitable for convection which results in enhanced precipitation (Figure 9D). The negative values of vertical velocity enhance the convective activity over the Indo-Pakistan region and produce a significant area of precipitation (Ahmed et al., 2019).
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FIGURE 8. Composite precipitation anomalies (mm/month) for (A) dry years and (B) wet years based on APHRODITE data between 1987 and 2015. The dotted points represent the significance at a 95% confidence level.
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FIGURE 9. Composite OLR anomalies (10−5, W/m2) for (A) dry years, (B) wet years, and Vertical velocity (10, Pas–1) for (C) dry years, and (D) wet years based on ERA5 reanalysis data during 1987–2015. The dotted points represent the significance at a 95% confidence level.


The WDs enters Nepal following the route of Iran, Afghanistan, Pakistan, and northwest India. They are fast-moving air-currents that get intensified and captured by topography and orography of South Asia (Lang and Barros, 2004). The wind plays a significant role in carrying and supplying moisture to the migratory WDs (Yadav et al., 2013). Figures 10A,B displays the wind vector calculated from zonal and meridional components of Wind at 850 hPa during the dry and wet years, respectively. Analysis reveals that the stronger northwesterly wind anomalies are associated with a rainfall deficit in Pakistan, northern India, and Nepal (Figure 10A). Figure 10B shows opposite characteristics, indicating a strengthening of the southwesterly wind vectors during the wet years. By comparing, the wind flow patterns at 850 hpa, it is evident that cyclonic circulation persists at 15–30°N during wet years, whereas, the anticyclonic circulation is observed during dry years. The southwesterly winds anomalies are entered from the Arabian Sea (10–20°N). It is similar to the previous finding that, the westerly winds that originate from the Arabian Sea carry moisture to Nepal in the winter season (Sigdel and Ikeda, 2012). However, Figures 10C,D represents the vertically integrated moisture transport and wind vectors during wet and dry years calculated from surface pressure level (1000 hpa) to the top of the atmosphere (200 hpa) in this study during 1987–2015. The moisture transport during wet and dry cases show a clear difference in magnitude, the direction of the wind, and a way of moisture transport to the study area. In the dry years, the positive anomalous moisture (divergence) dominates over the study region (Figure 10C). In contrast, the negative anomalous moisture (convergence) is dominant over the western Himalayas and Nepal (Figure 10D). The central part of India (around 15–20°N) also shows intense convergent/divergent fluxes. An anomalous cyclonic (anticyclonic) circulation persists over the northern India and Pakistan during wet (dry) years (Figures 10C,D). The previous study reported that such circulations enhance (reduce) the supplements of moisture from nearby seas in the study region (Dimri, 2013b).
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FIGURE 10. Wind anomaly vectors (ms–1) at 850 hPa (shading indicates the zonal component of wind anomalies) for (A) dry years, (B) wet years. Vertically Integrated Water Vapour Flux (10–5, kg m−2 s–1, the shading indicates negative anomalies convergence and positive anomalies divergence) for (C) dry years, and (D) wet years based on ERA5 reanalysis data from 1987 to 2015. The dotted points represent the significance at a 95% confidence level.


Air temperature is a useful parameter for determining extreme conditions. The strong positive anomalies of air temperature are observed over Nepal, India, Pakistan, and TP region during dry years (Figure 11A). In contrast, the strong negative anomalies are observed over TP, northern India, and Nepal during the wet years (Figure 11B). It is reported there is a significant negative and positive correlation of winter precipitation of Nepal with TP and IO, respectively (Supplementary Figure S1). Similarly, Dimri (2014) also presented the opposite relationship between air temperature and winter precipitation in the Himalayas. Himalayas and TP play an important role in the modification of the westerly system and moisture transport (Ahmed et al., 2019). The cooling over the TP region and warming over the IO corresponds to south-north transport of moisture, resulting in positive precipitation anomalies over the study region (Figure 8B) during winter. The results of this study are in good agreement with a previous study (Dimri, 2013a). Moreover, the heating and cooling of TP can affect the atmospheric circulation and large–scale teleconnections in the different seasons. For instance, TP loses its latent heat strength during the springtime; a reason for reduced precipitation along the southern and eastern slopes of the TP and increased area over northeastern India and Bay of Bengal (Duan et al., 2012). The decrease in summer precipitation trends is observed in Nepal because of the accelerated warming in the Hindu-Kush Himalayan and TP (Krishnan et al., 2019; Pokharel et al., 2019). Furthermore, the negative anomalies of relative humidity dominate at 850 hPa widely in the study area during the dry years (Figure 11C). In wet years, positive humidity anomalies are created over Nepal (Figure 11D). The humidity patterns inversely correspond with air temperature patterns in the study region. The higher temperatures are often associated with water-deficient conditions, whereas lower temperatures are associated with wet conditions (He et al., 2015). The temperature variability over the TP has a strong relation with winter precipitation over Nepal.
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FIGURE 11. Composite 2 m surface air temperature (°C) for (A) dry years, (B) wet years, and relative humidity (10–1, %) during (C) dry years, and (D) wet years based on ERA5 reanalysis data from 1987 to 2015. The dotted points represent the significance at a 95% confidence level.




Relation With Ocean

Previous studies focus on a large part of the climate and weather predictability linked to the ocean, while a small portion is linked with inter-atmospheric variability (Saha et al., 2011; Syed and Kucharski, 2016). The lagged correlation between detrended winter precipitation and SST for 29 years (1987–2015) is presented in Figure 12, to observe the dependency of winter precipitation on large scale global force. From previous spring (Figure 12B), relations with eastern equatorial warming start to build up and the area of significant correlation increases in summer and fall (Figures 12C,D). By season approaches (winter), warming covers a large portion of the eastern equatorial Pacific (Figure 12E). The small patches of negative SST anomalies are found over the western equatorial Pacific. It gives the characteristics of ENSO. Furthermore, from the previous summer onwards, a positive correlation (warming) with the IO starts to build up (Figure 12C). However, the more substantial portion of significant correlation is evident only when it reached the fall (Figure 12D). The negative anomalies of the western Pacific extend into the eastern Tropical Indian Ocean (TIO) and northern Australia. The strong warm SST in the western TIO and a small portion of cold SST in the eastern TIO give the characteristics of the IOD pattern (Figure 12D). By the time, when the warming in the eastern equatorial Pacific reaches its peak phase, eastern TIO is replaced by western TIO with warm SST. Moreover, warming becomes vivid and strong over the whole basin in the study season. The finding is quite interesting as IOBM may have an impact on the winter precipitation of Nepal (Figure 12E). The oceanic wave dynamics involves in the evolution of IOBM from IOD as Rossy waves propagating westward reflects Kelvin waves in the eastern TIO, it would help to damp negative SST to positive SST (Yu et al., 2005; Wu et al., 2012).
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FIGURE 12. Correlation between averaged winter precipitation and SST during 1987–2015 (A) DJF(−1), (B) MAM(−1), (C) JJAS(−1), (D) ON(−1), (E) DJF(0), respectively. −1 and 0 represents lag and corresponding season, respectively. The black dotted contours represent the significance at a 95% confidence level.


NINO3.4, IOBM, and DMI are the indicators of SST over the PO and the IO. The influence of the ENSO signals on precipitation can persist from year to year (Li and Zhao, 2019). So, the lagged relationship between winter precipitation, NINO3.4, IOBM, and DMI between 1987 and 2015 was calculated (Table 2). The robust relation of winter precipitation is observed with the summer, fall, and winter’s NINO3.4. However, the concurrent response of NINO3.4 to winter precipitation for the study period is 0.40 (p < 0.05). The results also demonstrate that the increased precipitation over Nepal is associated with above-normal SST in the equatorial eastern PO (Figure 12E). It suggests that during the warm phase of ENSO, more rainfall is expected due to enhanced southwesterly winds (Tippett et al., 2003). The wind circulation pattern (Figures 10A,B) is affected during La Nina (El Nino) events; that involves northwesterly (southwesterly) moisture transport (Figures 10C,D) which brings below (above) normal precipitation (Figures 8A,B) over the study region (Mariotti, 2007; Dimri, 2013b). Also, ENSO affects the vertical baroclinic response over the Himalayan region and TP (as suspected in Figures 9C,D), which induces the WDs (Yadav et al., 2010; Yadav et al., 2013; Dimri, 2013a).


TABLE 2. Lag correlation between winter precipitation, NINO3.4, DMI, and IOBM.

[image: Table 2]The concurrent response of DMI to winter precipitation for the period of 1987 to 2015 is positive; however, it has an insignificant correlation of 0.18. The fall DMI (r = 0.41, p < 0.05) is a clear indicator for the forecast of the following year’s winter precipitation over Nepal. An earlier study mentioned that the positive (negative) mode of IOD is favorable (unfavorable) for precipitation over South peninsular India and Pakistan (Kripalani and Kumar, 2004; Hussain et al., 2016).

The significant correlation between fall and winter IOBM with winter precipitation during the study period was 0.44 and 0.50, respectively. The result suggests that warming of the IO can prolong or delay the influence of ENSO on winter precipitation (Yang et al., 2007). These results are in good agreement with a study conducted over the region of North China, Xinjiang (Lu et al., 2019). Furthermore, the increased rainfall over the study area is associated with above-normal SST in the equatorial central PO and IO, which heightened the response of the Walker and Hadley Circulation (Wang et al., 2013; Dimri, 2013a). The warm SST over the IO intensifies the convention that helps in shifting the Subtropical Westerly Jet (SWJ) to northern India (Yadav et al., 2013). The SWJ intensifies the WDs resulting in the excess precipitation over Nepal and northern India (Kar and Rana, 2014). The presence of the cyclonic circulation over 15–30°N (Figure 10B) helps in bringing moisture from the Arabian Sea and supplying to the migratory WDs. Furthermore, the cooling over TP and heating over IO (Figures 11B, 12E, and Supplementary Figure S1) correspond to the south-north transport of moistures to the study region. These phenomena for wet years which are reversible for the dry years.

The key finding is that warming and cooling in the PO and the IO is related to the interannual variability of winter precipitation in Nepal. The drought events are increasing in Nepal, mainly after 2000 (Wang et al., 2013; Adhikari, 2018). Therefore, the Walker circulation over the PO and IO for dry years (La Nina years) is present in Figure 13. The pattern observed in the given figure indicates that the equatorial Indo-pacific walker circulation is affected by ENSO. The dry years are related to negative SST over the eastern PO and the IO, whereas, positive SST over the western Pacific and maritime continent. The two cell Walker circulations were observed over the tropical IO and the tropical PO, with one ascending arm over the maritime continent and two descending arms over the IO and the eastern PO, respectively. Further, it shows the upper-level divergence of wind anomalies over the maritime continent and convergent over the IO and the eastern PO. The warming occurs in the TP region during dry years (Figure 11A), shows the upper-level divergence of wind anomalies (around 30°N 90°E, Figure 13). The pattern counteracts a suppressed response of Walker circulation over the Indian and Pacific regions. This phenomenon triggers the enhanced convective activity over the maritime continent. Further, suppressed convention and descending air masses over IO and anomalous anticyclonic circulation over the north of India (Figure 10C) reduces the moisture transport to the Himalayan region and Nepal. Moreover, it reduces the moisture supply to the migratory mid-latitude disturbance passing through it (Yadav et al., 2010; Yadav et al., 2013). The sinking (descending) atmospheric motion over the IO and rising (ascending) motion over the TP weaken the Hadley circulation (Figure 13) resulting in the dry years. These phenomena are reversible during El Nino years (wet years) as intensified Walker and Hadley circulation shows the enhanced upper-tropospheric meridional transport from the Southern Hemisphere to the Northern Hemisphere (Dimri, 2013a).
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FIGURE 13. 200 hPa divergent/convergent winds (vectors; m2 s–1) and velocity potential (contours; 10–6, m2 s–1) for dry years based on ERA5 reanalysis data from 1987 to 2015. The dotted points represent the significance at a 95% confidence level.




CONCLUSION

This study investigated the inter-annual variability of winter precipitation (DJF) over Nepal during the historical period from 1987 to 2015, coupled with the ocean-atmosphere patterns. A high-resolution APHRODITE and ERA5 reanalysis datasets are used to study the EOF, Wavelet, Composites, and Correlation analysis, respectively. Nepal receives very less amount (about 3%) of precipitation in the winter season. EOF analysis displayed two dominant modes, whereas the leading mode captures 53.2% of the total variance exhibiting a single mode of variability. Wavelet analysis determined 2 to 2.6 years of the significant power spectrum on winter precipitation. The standardized anomalies of winter precipitation showed deficit precipitation in 1996, 1998, 2000, 2005, 2007, and 2008, whereas, excess precipitation in 1988, 1995, 1997, 2002, 2012, and 2014. The results displayed positive (negative) anomalies of OLR and vertical velocity over Nepal during dry (wet) years. Moisture divergence (positive anomalies) with strong northwesterly wind anomalies is dominated during the dry years, whereas convergence (negative anomalies) with strong southwesterly in the wet years. The increase in SAT over the TP creates an upper-level divergence of wind anomalies that impact on the reduction of winter precipitation. Furthermore, the negative SST over the tropical IO suppressed the convective activity, which reduced the moisture transport to the Himalayan region, resulting in dry years. The correlation suggests the instance of IOBM and NINO3.4 impacts on the inter-annual variability of the winter precipitation. Moreover, the warming and cooling over the Indo-Pacific regions affect the Walker and Hadley circulation bringing above and below normal precipitation, respectively, over Nepal. The response of indices (NINO3.4, IOBM, and IOD) on winter precipitation, needs further investigation. The comprehensive evaluation of winter precipitation helps to understand the occurrences of the past extreme events as being the basis for forecasting and monitoring drought and floods over Nepal.
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The Yarlung Zangbo River (YZR) basin occupies a crucial position in the formation and development of atmospheric circulation and climate change in the Tibetan Plateau, where is the potential trigger and amplifier in global climate fluctuations. Previous studies mainly focused on meteorological drought induced by variations of precipitation and temperature. In this study, a multi-index evaluation of drought characteristics from the perspective of meteorology and agriculture was implemented. GLDAS (Global Land Data Assimilation System) precipitation, surface air temperature and soil moisture data from 1982 to 2015 were used to calculate the meteorological drought index (Standardized Precipitation Evapotranspiration Index) and agricultural drought index (Soil Water Deficit Index), respectively. Meanwhile, the scPDSI (self-calibrating Palmer Drought Severity Index) dataset provided by CRU (Climate Research Unit) was also utilized to represent the meteorological drought, with the aim of comprehensively investigating the spatiotemporal evolution characteristics of drought in the YZR basin. Results indicated that although there was a slightly wetting tendency of the whole basin from 1982 to 2015, drought condition from the perspective of meteorology and agriculture at both annual and growing seasonal scales showed a transition from alleviation to aggravation during 1982–2015, with an abrupt change from wetting to drying occurring at the year of 2000 detected by multiple statistical tests including Mann-Kendall test, Moving t-test and Yamamoto test. Specifically, since the twenty-first century, the meteorological drought in the YZR basin has changed from moderate wet to moderate dry, while the agricultural drought relieved to moderate dry from severe dry with a much more complicated fluctuation. From the perspective of spatial pattern, the annual and growing season variation trends of all three drought indices were identically consistent during 1982–2015. Areas with extremely significant decreasing trend (2.24~21.09%) were mostly distributed in the west upstream and southwest downstream dominating the overall wetting trend of the YZR basin during the period of 1982–2015, while the transition from wet to dry after 2000 was attributed to the aggravating drought of the western upstream and southeastern downstream. Results of this study have important implications for drought monitoring and eco-environmental sustainability in alpine regions.

Keywords: drought, climate change, dry-wet regime, spatio-temporal, alpine, Tibetan Plateau


INTRODUCTION

Drought is a natural hazard developed slowly that would initiate considerable losses (Kelly et al., 2015; Schwalm et al., 2017; Jiang et al., 2019) which is also regarded as an elusive phenomenon with the indeterminate onset and demise (Greve et al., 2014; Bachmair et al., 2016a). Various drivers exert the occurrence of drought, among which low precipitation and high evapotranspiration are usually considered as the main causes (Mishra and Singh, 2010; Sheffield et al., 2012; Vicente-Serrano et al., 2015). A lot of studies reveal that continuous global warming has exacerbated global water cycle and triggered extreme droughts events (Dai, 2011; Huang et al., 2017; Chen and Sun, 2018). The increasing trend of drought has become a global concern during recent decades. Therefore, it is urgently necessary to detect and monitor drought under the process of global warming.

Drought is generally classified into four types in accordance with the performance characteristics and affected fields, i.e., meteorological drought, agricultural drought, hydrological drought, and socioeconomic drought (Yuan and Zhou, 2004; White and Walcott, 2009; Dai, 2011). Meteorological drought is the prerequisite for other types of drought (Tong et al., 2017). Consequently, numerous meteorological drought indices have been proposed to estimate the drought severity and improve the risk management, such as the Palmer Drought Severity Index (PDSI) (Palmer, 1965), Standard Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al., 2010), Standardized Wetness Index (SWI) (Liu et al., 2017), Standard Precipitation Index (SPI) (McKee et al., 1993), etc. PDSI was the first index to successfully quantify the severity of drought in various climatic conditions and played a milestone role in the development of the drought index (Zhai et al., 2010; Zambrano Mera et al., 2018), which has been widely used to evaluate meteorological drought (Shao et al., 2018; Li et al., 2019a). In order to overcome the poor applicability of PDSI in arid and semi-arid regions, scPDSI (self-calibrating Palmer Drought Severity Index) was put forward by Wells et al. (2004), which has been proven to be a particularly suitable index for detecting and monitoring the effects of global warming on drought conditions (Wang et al., 2016; Herrera and Ault, 2017; Zhu et al., 2018). It improves PDSI by adopting a self-calibration procedure that automatically adjusts the PDSI standardization coefficient to suit the local climate (Bai et al., 2020). Moreover, in the water balance model of scPDSI, dynamic changes of seasonal snowpack are considered (Van der Schrier et al., 2013), which is especially suitable for alpine region, such as the Yarlung Zangbo River (YZR) basin in the Qinghai-Tibet Plateau (QTP). And the high-resolution scPDSI dataset generated by the CRU (Climatic Research Unit) has been successfully applied around the world (Lewinska et al., 2016; Zhang et al., 2019a). With the combination of the sensitivity of the PDSI to changes in evaporation demand and robustness of the multi-temporal nature of the SPI, SPEI at various timescales has been developed and employed in an increasing number of climatological and hydrological studies (Vicente-Serrano et al., 2010; Yu et al., 2014; Spinoni et al., 2018; Li et al., 2019c). Li X. et al. (2015) evaluated the multi-scale patterns and the spatiotemporal extent of drought based on SPEI in Southwest China from 1982 to 2012. Wang et al. (2016) analyzed the performance of five climate-based drought indices, including SPEI and scPDSI, to estimate winter wheat drought threat during 2000–2013 in China. Unlike scPDSI, which obtains evapotranspiration based on the water balance model, SPEI considers the effects of evapotranspiration through the simple difference between precipitation and potential evapotranspiration (PET). In order to better analyze the drought condition in the YZR basin, two meteorological drought indices including scPDSI and SPEI were selected for cross-validation in this study.

Most meteorological drought indices are predominantly applicable to assess drought conditions in global or basin scales, while agricultural drought indices provide a fine-grained assessment of a small area during the growing season (Mishra and Singh, 2011; Zargar et al., 2011). Agricultural drought is considered to start when soil moisture availability reaches a certain low level that will lead to a negative impact on crop yield (Dai, 2011; Zhu et al., 2019). That is, meteorological drought will induce soil water deficit and further agricultural drought. In addition, the water supply of crops is mainly absorbed directly from the soil by the root system (Schoppach and Sadok, 2012). When crop canopy greenness is stressed by soil moisture, it will be lower than normal growth vegetation. In short, agricultural drought events threaten local agri-food markets and food security (Lesk et al., 2016; Yang et al., 2020). The adaptability of agricultural drought can effectively reduce the loss of agricultural drought (Dong et al., 2012). If severe agricultural drought occurs frequently in a region, local people will take long-term measures (such as crop irrigation technology) to reduce the sensitivity of agriculture to drought as well as the impact of agricultural drought on their lives. Therefore, soil water condition is a key indicator in agricultural drought prediction and assessment and irrigation management. The monitoring and early warning systems based on soil moisture are essential for agricultural activities and risk assessment (Bachmair et al., 2016b). Effective quantification of agricultural drought impacts can mitigate crop losses and ameliorate adverse effects (Liu et al., 2016; Baik et al., 2019). However, SPEI ignoring effects of soil moisture could not capture the characteristics of agricultural drought (Bezdan et al., 2019; Teweldebirhan Tsige et al., 2019). Among numerous drought indices calculated based on soil water content, the Soil Water Deficit Index (SWDI) is a more mature indicator to judge crop drought on the basis of wilting point content and field water capacity, which has been widely used in agricultural drought detection (Wagner et al., 2013; Martínez-Fernández et al., 2015; Bai et al., 2018). Martínez-Fernández et al. (2016) further demonstrated that SWDI can reproduce soil water balance dynamics and track agricultural drought preferably. Bai et al. (2018) employed SWDI to evaluate the soil moisture products of Soil Moisture Active Passive (SMAP) in China.

The Yarlung Zangbo River basin is located in the southeastern part of the QTP, China, which is characterized by complex and changeable climatic conditions, rich biological diversities, and distinct vertical vegetation belts (Liu et al., 2007; Chen B. et al., 2015). Climate change on the QTP occupies a vital position of global climate change because it is the potential trigger and amplifier in global climate fluctuations (Shen et al., 2015; Li et al., 2019a). The YZR basin is the source of precipitation on the QTP, where has vast channels carrying moisture from the Indian Ocean to the interior of the Plateau. Hence, the climate of the YZR basin plays a crucial role in the formation and development of atmospheric circulation and climate change in the QTP (Liu et al., 2002; Zhou et al., 2010; Lv et al., 2013). Scholars have done a lot of researches on climate change characteristics of the YZR basin, pointing out that a much more severe drought has been observed in recent decades (Li et al., 2014, 2019a; Li B. et al., 2015; Shen et al., 2015). However, there is a substantial resistance to conduct a study in the YZR basin due to its great altitude gradient, noticeable vertical vegetation belts and sparse observation stations, leading to research focus are limited to analyses on precipitation and temperature changes or meteorological drought only. Therefore, the objectives of this study are: (1) to implement a multi-index evaluation of drought characteristics from the comprehensively perspective of meteorology and agriculture based on multiple remotely sensed data; (2) to identify the spatiotemporal evolution mechanism of dry-wet regime through multiple statistical methods; (3) to explore possible causes of the detected variation characteristics of drought in the YZR basin. Given that few studies focus on investigating different types of drought for monitoring annual and growing season drought over the YZR basin, this study can facilitate water resources management in the YZR basin and provide a solid basis for maintaining the ecosystem sustainability of the QTP.



MATERIALS AND METHODS


Study Area

The Yarlung Zangbo River (28°00′ ~ 31°16′N, 82°00′ ~ 97°07′E) originates from Gemma Yangzong Glacier in the southwest of Tibet, and its elevation gradually decreases from northwest to southeast, with an average elevation of more than 4,000 m and an altitude drop of 7,120 m, making it one of the highest rivers in the world. It covers an area of about 240,000 km2 and runs east-west through the southeast of the Tibetan Plateau, traversing four prefecture-level cities and 23 counties.

The climate conditions of the YZR basin are greatly influenced by the southwest warm moist air flowing over the Bay of Bengal as well as the westerlies. Thus, the temperature exhibits an obvious vertical belt with the change of elevation, which gradually increases from northwest to southeast (You et al., 2007). Li B. et al. (2015) has proven that the warming rate of annual and seasonal air temperature from 1961 to 2014 in the YZR basin were larger than that in many other regions of the world. Due to its peculiar location and topographic characteristics, the climate of the basin from upstream to downstream shows significant heterogeneities. The period from November to April of next year that has less precipitation is considered as the winter half year and the rest of the year is considered as the summer half. Figure 1 shows the distribution of national meteorological and hydrological stations in the YZR basin. In this study, Nugesha and Nuxia hydrological stations were taken as the outlets of the upstream and midstream, respectively, which divided the YZR basin into three sub-basins. The region between the Gemma Yangzong Glacier and Nugesha hydrological station is defined as the upstream, which is an arid and semi-arid region with annual mean precipitation of <300 mm. The region between the Nugesha and Nuxia hydrological stations is defined as the midstream, which has a temperate climate. The region below the Nuxia hydrological station, with an annual mean precipitation of more than 2,000 mm, is defined as the downstream characterized by a warm and wet climate. The glaciers in the YZR basin cause the upstream to be mostly unused land, while human activities of the downstream are much more frequent than that of the upstream.


[image: Figure 1]
FIGURE 1. The geographical location (A), hydrometeorological stations (B), and land use types of the Yarlung Zangbo River (YZR) basin (C).




GLDAS_NOAH Data

GLDAS (Global Land Data Assimilation System) data are jointly developed by Goddard Space Flight Center of NASA (National Aeronautics and Space Administration) and NCEP (National Centers for Environmental Prediction), a high-resolution land surface data assimilation system, of NOAA (National Oceanic and Atmospheric Administration), which is available from http://ldas.gsfc.nasa.gov/gldas/GLDASvegetation.php. Utilizing satellite remote sensing and ground observation data, this dataset drives four land surface process models, namely Mosaic, NOAH, CLM, and VIC. Through data simulation and assimilation of four different models, 28 surface variables, such as precipitation (mm), air temperature (°C), and soil moisture content (kg/m2), are generated. At present, the land data assimilation system can provide two versions of data, GLDAS-1 and GLDAS-2, whose time series are from 1970 to 2010 and 2000 to present, respectively, with a time span of 50 years. The spatial and temporal resolutions of the data are 0.25° and 1 month, respectively. In this study, GLDAS-1 and GLDAS-2 data generated by NOAH model from 1982 to 2010 and 2010 to 2015 were spliced to obtain a new time series covering the period of 1982–2015. Performance evaluation of GLDAS data in the YZR basin has already been conducted by Liu et al. (2019) and Li et al. (2019b), indicating a good representation of spatiotemporal characteristics of precipitation, temperature and soil moisture.



Drought Indices


The Self-Calibrated Palmer Drought Severity Index (scPDSI)

The scPDSI was proposed by Wells et al. (2004) to overcome the weakness of the PDSI. Similar to the PDSI, the scPDSI is calculated based on the time series of the precipitation, temperature and the soil moisture with each position related to the surface of fixed parameters, but it can substitute actual vegetation as reference crop drought index owing to considering the seasonal changes, such as snow, thus the scPDSI owns greater spatial applicability.

The CRU-TS3.24 dataset that time series length is 1901–2016 can be acquired from www.cru.uea.ac.uk/data/, which is released by the Climatic Research Unit (CRU), University of East Anglia. The temporal and spatial resolutions of the scPDSI are one 1 month and 0.5° × 0.5°. It classifies the dry and wet characteristics into 9 specific grades, shown in Table 1. The classified scPDSI has been successfully applied to represent the multi-scale drought characteristics in the YZR basin according to the verification results by Li et al. (2019a).


Table 1. Drought index classification for the scPDSI (Wells et al., 2004), SPEI (Vicente-Serrano et al., 2010), and SWDI (Martínez-Fernández et al., 2016).

[image: Table 1]



The Standardized Precipitation Evapotranspiration Index (SPEI)

The SPEI based on the probability model is established by combining the sensitivity to sensibilities in evaporation demand of the PDSI and the robustness of the multi-temporal nature of the SPI (McKee et al., 1993), and has been widely used in many studies so far (Yu et al., 2014; Spinoni et al., 2018; Li et al., 2019c). The calculation formulas of the SPEI are as follows:

(1) PET based on the Thornthwaite method is calculated as:

[image: image]

where T is the monthly mean temperature (°C); K is a correction coefficient that depends on the latitude and month; I is a heat index, which is calculated as the sum of 12 monthly index values,
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a is a coefficient depending on I, and it is computed as:
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(2) Deficit or surplus of water balance between the PET and precipitation is defined as:

[image: image]

where Di is the difference between monthly precipitation Pi and potential evapotranspiration PETi.

(3) Normalize the water balance into a log-logistic probability distribution to obtain the SPEI index series.

The log-logistic of three parameters is adopted to normalize the aggregated values of the sequence of Di data:

[image: image]

where F(x) is the probability distribution function; α, β, and γ are scale, shape, and origin parameters, respectively, which could all be estimated by the linear distance method.

The SPEI can be obtained as follows:
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where p is the standardizing probability density function; the constants are C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. The 12-month SPEI was adopted to analyze the spatiotemporal characteristics of drought in this study due to its best performance compared with 1-, 3-, and 6-month SPEI (Liu et al., 2019).



The Soil Water Deficit Index (SWDI)

Based on the time series and basic parameters of soil moisture, SWDI can be used to capture agricultural drought conditions through biophysical principles (Vicente-Serrano et al., 2010; Martínez-Fernández et al., 2016). Soil moisture of GLDAS has been proven to have a high consistency and low bias with in situ measurements (Li et al., 2019b). The SWDI is formulated in this study as follows:
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where θ is the time series of 0–10 cm soil moisture data from GLDAS (kg/m3); θFC, θWP, and θAWC represent the field capacity, wilting point, and available water capacity, respectively. The 5th percentile and 95th percentile based on GLDAS soil moisture time series are estimators of θWP and θFC.

A positive value of SWDI indicates the excess of soil water content, while negative values imply the occurrence of agricultural drought. The classification criteria of the scPDSI, SPEI and SWDI are shown in Table 1, respectively.




Detection of Abrupt Change

In this study, scPDSI and SPEI were used to represent the meteorological drought, while the agricultural drought was represented by SWDI. In order to accurately evaluate the spatiotemporal variation characteristics of drought in the YZR basin, non-parametric methods including Mann-Kendall test, Moving t-test and Yamamoto test were used to conduct abrupt change detection based on long-term time series of annual and growing season drought indices.


Mann-Kendall Test

The non-parametric Mann-Kendall test, hereinafter referred to as M-K test, was employed for detecting abrupt changes of the time series (Mann, 1945; Kendall, 1975). The advantage is that the sample to be tested does not have to obey a certain distribution, and a few outliers have little effects on the overall data sequence. Two standardized statistic series (UB and UF) are constructed for two unified data time series.

Given a time series of X = (x1, x2, x3, ……, xn), the statistical parameter fk is calculated as follows:

[image: image]

where n is the length of the time series; when xi > xj, logistic (xi > xj) is 1, and 0 otherwise. A positive value of UF represents an ascending trend whereas the inverse represents a descending trend. Under the assumption that the time series is randomly independent, the standardized fk is computed as follows:
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where E (fk) and var (fk) are the mean and variance of fk, which are defined as:
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The equation of calculating UB that used reversed data series [image: image] is as follows:

[image: image]

where fk, E (fk), and var (fk) are calculated using the same equations of UF(k). Note that if an intersection of UB and UF curves is within the confidence zone where the confidence level of 95% is treated as the boundary lines, the null hypothesis is considered to be rejected and a significant abrupt change occurred, otherwise, the detected trend is proven to be not significant.



Moving t-Test

The Moving t-test for identification of the abrupt change point is to test whether the mean values of two subsequences change significantly or not at the significance level of 0.05 (Zhao et al., 2008; Liu L. et al., 2012). Comparing mean values of the two subsequences in the climate series for significant test, analyzing variances of the two subsequences and constructing the T statistics, if the statistics pass the confidence level test, then the point where has reached the maximum absolute value of statistic is the abrupt change point most likely (Fu and Wang, 1992). Two subsequences of almost equivalent length are obtained by defining a datum point manually. The method is calculated as follows:
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where n1 and n2 are the lengths of two subsequences; x1 and x2 are the two sets of subsequences; [image: image], [image: image], s1, and s2 are mean values and standard deviations of x1 and x2, respectively. Equation (17) follows the t distribution of n1+n2−2 DOF (Degree of Freedom). When t > t1−α/2 (i.e., α is the significance level of the student test and equals 0.05 in this study), it can be considered that the point of abrupt change has befallen at the significance level of 0.05.



Yamamoto Test

The principle of the Yamamoto test, which is defined mainly from the ratio of climate information and noise, is similar with Moving t-test in that an artificially defined reference point (Yamamoto et al., 1985; Fu and Wang, 1992). Two subsequences before and after the artificial reference point are defined as n1 and n2; the signal-to-noise ratio (SNR) is defined as follows:
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where the absolute deviations between [image: image] and [image: image] are signals of climate change; the sum of s1 and s2 is the variability of climate change; RSN is the value of the SNR, namely the mutagenic index, and the mutation occurs at the certain time when RSN ≥ 1.




Trend Analysis

One-dimensional linear regression (Hao et al., 2016) was employed to conduct the long-term trend analysis on the time series of scPDSI, SPEI, and SWDI in the study area to describe the spatiotemporal variations from 1982 to 2015. The calculation formula is as follows:
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where slope represents the changing trends of scPDSI, SPEI, and SWDI; n is the study temporal interval, n = 34 in this study; and Ci represents scPDSI, SPEI, or SWDI for the year i. A significance test was performed on the variation trends of three drought indices (P < 0.01 indicates an extremely significant trend, P < 0.05 indicates a significant trend, and P > 0.05 implies that the variation trend is not significant).




RESULTS


A Change From Wetting to Drying Inferred by Temporal Variations

Drought is more destructive when it occurs during the growing season (Ahmed et al., 2016; Shiru et al., 2019). Scholars have revealed that vegetation conditions under global warming are significantly correlated with growing season drought (Ji and Peters, 2003; Liu X. et al., 2012; Luo et al., 2015). Thus, growing season drought was investigated along with annual drought in this study, and the growing season in the YZR basin was defined as the period from May to September within a year according to the variation characteristic of vegetation growth, precipitation, and temperature. As shown in Figure 2, the annual and growing season variation trends of all three drought indices were fitted by quadratic polynomial curves, showing the highest correlation with changing pattern of drought indices. It can be seen that values of scPDSI, SPEI, and SWDI at both annual and growing season scales all showed a change from increasing to declining in the later 1990s, inferring that the drought condition in the YZR basin during the period of 1982–2015 was firstly alleviated and then gradually aggravated from both the meteorological and agricultural perspectives. This phenomenon was consistent with the findings about extreme precipitation events in the YZR basin by Liu et al. (2018a), which demonstrated that almost of six extreme precipitation indices mutated in 1995 during the period of 1973–2016.


[image: Figure 2]
FIGURE 2. Variation trend of three drought indices (the black, green, and blue curves are scPDSI, SPEI, and SWDI, respectively. The red solid lines are curves fitted by quadratic polynomial. The black dashed lines are linear trend lines from 1982 to 2015. And the left column is annual variations of three indices, while the left column is variations of growing season).


In terms of the annual scPDSI, it fluctuated between −3 and +3 corresponding to moderately dry and moderately wet in the past 34 years, with the maximum value (2.02) occurring in 2000. Similarly, the growing season scPDSI also experienced a fluctuating period from 1982 to 2015, with the maximum value (2.79) occurring in 2000. Similar to scPDSI, SPEI waved between −1.5 and +1.5, indicating that the dry-wet condition in the YZR basin during 1982–2015 varied between moderate humidity and moderate aridity consistent with the drought grades deduced by scPDSI. It can be seen from Figure 2 that the highest points of the fitted curves all located around 2000, revealing that abrupt changes of meteorological drought occurred in the late 1990s and early 2000s. However, the change from wetting to drying implicated by the fitted curve of SPEI was not as significant as that of scPDSI, due to the different occurring time of the maximum value, which was located in the year of 1992. From the perspective of agricultural drought indicated by the SWDI, the YZR basin suffered a harsh drought condition where it varied between moderate drought and severe drought with a much more dramatic fluctuation. But growing season SWDI showed a downward tendency in the 34-year linear trend line, and the annual SWDI was opposite. This situation illustrates that the aggravation drought of the non-growing season made less contribution to the annual agricultural drought than that of the growing season. Contradistinguishing to the annual and growing season variation trends, although the changes of SPEI and SWDI from wet to dry implicated by fitted curves were not as significant as that of scPDSI, such as the different occurring time of maximum values and more dramatic fluctuations, the upward and downward tendencies of SPEI and SWDI were coincide with that of scPDSI on the whole. That is, they all showed a trend of wetting first and then drying around 2000. Differences between meteorological and agricultural drought indices are mainly attributed to the fact that in addition to rainfall and irrigation, other water supply ways such as meltwater of snow and glacier are also the significant water sources of the YZR basin, further illustrating that the influence of global warming on the YZR basin has progressively increased. The main reason for the differences is that the soil moisture in the YZR basin showed a persistently decreasing trend (Zhang et al., 2019b) and SWDI was calculated by soil moisture parameters, implying that it would change immediately as the soil moisture changes. Other factors, such as soil properties, cropping systems, and the amount of irrigation, can also affect agricultural drought (Liu et al., 2016). However, two meteorological drought indices are more related to precipitation and evapotranspiration. If irrigation or other agricultural measures can be provided to crops in time to maintain soil moisture after meteorological drought, then there would no agricultural drought occurring.



Multi-Index Detection of the Changing Point From Wetting to Drying

In order to identify whether there was an abrupt change from wetting process to drying process in the YZR basin, the M-K test, Moving t-test and Yamamoto test were adopted to implement the detection at both annual and growing season time scales based on the long-term time series of scPDSI, SPEI and SWDI. As demonstrated in section A Change From Wetting to Drying Inferred by Temporal Variations, there was a tendency from wetting to drying occurred during the period of the late 1990s to the early 2000s. Li et al. (2019a) pointed out that from 1956 to 2015, scPDSI also had a transition during the mid-twentieth century through locally-weighted scatter point smoothing method, and previous studies revealed that precipitation, temperature, and PET all changed significantly around 2000 in the YZR basin (Liu, 2015; Wang, 2016). As shown in Table 2, the highest occurrence frequency of changing point for annual and growing season droughts indicated by three indices based on M-K test, Moving t-test and Yamamoto test was 1997, followed by the year of 1983 and 2005. However, the changing point of 1983 was only identified by the M-K test, while much more abrupt change points detected by Moving t-test and Yamamoto test were concentrated in the period from the late of 1990s to the early of 2000s, further verifying there was an abrupt change around 2000 from wetting to drying in the YZR basin.


Table 2. Results of abrupt change detection for three drought indices at annual and growing season scales.
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Determination of the abrupt change point of the dry-wet condition in the YZR basin was of great importance to conduct further investigation in this study. Given that runoff has been regarded as the most direct indicator to represent the dry-wet characteristics at the river basin scale (Liu et al., 2014; Yang et al., 2017). Located in the lower reaches of the YZR basin, the Nuxia hydrological station controls nearly 80% area of the basin, and its long-term variation of runoff can effectively reflect the dry-wet condition of the whole basin. Thus, the runoff time series from 1982 to 2015 at the Nuxia hydrological station were used in this study to further identify the abrupt change point from wetting to drying. Results of the M-K test for monotonic trend showed that, taking 2000 as the changing point, the runoff from 1982 to 1999 exhibited a significant increasing trend (P < 0.1) and a significant decreasing trend from 2000 to 2015 (P < 0.1). However, if taking 1998, 1999, or any other year during the period from the late of 1990s to the early of 2000s as the changing point, runoff during the divided two periods according to the changing point could not show simultaneously significant increasing trend and significant decreasing trend (Figure 3). Combining with the long-term variations of drought indicated by three indices, it could be determined that there was an abrupt change from wetting to drying in the YZR basin, which occurred at the year of 2000. The transition characteristics of drought from 1982 to 2015 in the YZR basin had significant impacts on water projects and water safety in terms of water allocation, regulation, and water resource utilization (Alfieri et al., 2007; Chen X. et al., 2015). In consideration of utilizing the water resource in the downstream and relieving water shortage in some northern areas, it is an effective way to build pumped storage hydropower stations in the midstream.


[image: Figure 3]
FIGURE 3. Variation trend of runoff at the Nuxia hydrological station from 1982 to 2015 (*a statistically significant variation trend at the confidence level of 90%).




Spatial Variation of Drought Associated With the Change From Wetting to Drying

In order to characterize the regional differences in meteorological and agricultural drought change trends in the watershed for 34 years, it is necessary to analyse the spatial evolution process and occurrence characteristics of drought in the YZR basin. Due to the significant spatial heterogeneities of meteorological and underlying conditions, the spatial distributions of the annual and growing season values of three drought indices in the YZR basin before and after 2000 were obtained by using Kriging interpolation method, aiming to further investigate the drought evolution mechanism from wetting to drying. As shown in Figure 4, it could be obviously found that the annual spatial distribution of scPDSI, SPEI, and SWDI showed a high consistency with that of the growing season during both periods (1982–1999 and 2000–2015). Before 2000, the dry areas were mainly located in the east upstream and midstream of the study area, while the west upstream and southeast downstream were relatively wet. Similar to the temporal abrupt change phenomenon from wetting to drying at the year of 2000, the spatial pattern of scPDSI, SPEI and SWDI all displayed a reversal phenomenon from the period of 1982–1999 to the period of 2000–2015, i.e., areas where used to be wet during 1982–1999 were getting dry during 2000–2015 and formerly dry areas were getting wet, mainly attributed to the aggravation of drought in the west and southeast of the upstream and the alleviation of drought in the midstream from 1982 to 2015. These results were consistent with the finding obtained by Li et al. (2019a). However, meteorological drought represented by scPDSI and SPEI showed a different spatial variation of drought level with agricultural drought indicated by SWDI. The driest area indicated by meteorological drought in the basin moved from the midstream to the southeast downstream, while the driest area deduced by agricultural drought shifted from the east midstream and north downstream to the south downstream. Furthermore, during 1982–2015, values of SWDI decreased in the northeast midstream and northwest downstream, causing the degree of agricultural drought turned from severe drought to moderate drought. Two meteorological drought indices showed that the upstream changed from slightly wet to slightly dry, while both meteorological and agricultural drought showed a moderate drought in the downstream after 2000. According to Figures 2, 4, both the annual meteorological and agricultural drought alleviated, and spatially the overall wetting tendency of the YZR basin was mainly attributed to the significant wetting trend of the midstream from 1982 to 2000, while the abrupt change from wetting to drying from 2000 to 2015 in the basin was ascribed to drought aggravation that was situated in the west upstream and south downstream.
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FIGURE 4. Annual and growing season spatial distributions of three drought indices.


To further probe into the mechanism of spatial variations of drought in the YZR basin, the annual and growing season variation trends with the significance test of scPDSI, SPEI, and SWDI were analyzed at the pixel scale (Figure 5). The area proportions occupied by extremely significant, significant and non-significant increases and decreases of the three drought indices were shown in Figure 6.


[image: Figure 5]
FIGURE 5. Annual and growing season variation trends of three drought indices with the significance test.
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FIGURE 6. Area proportions (%) occupied by different variation trends of the three drought indices.


Although the spatial distribution of SWDI representing agricultural drought was slightly different from that of the other two meteorological drought indices (illustrated in Figure 4), the spatial variation trends with the significance test of all three indices at the annual scale exhibited highly consistent characteristics (shown in Figure 5). During 1982–2015, the northwest upstream and southeast downstream showed an increasing trend of drought, while the southeast upstream and middle reaches experienced a contrary characteristic. And areas with extremely significant decreasing trend were mostly distributed in the west upstream and southwest downstream, whereas the midstream and northwest downstream mainly showed extremely significant increasing trends, accounting for the spatial reversal phenomenon from wetting to drying after 2000. The spatial variation trends with the significance test of growing season drought were consistent with those of annual drought. Areas occupied by non-significant increasing and non-significant decreasing trends of the annual and growing season meteorological drought consistently accounted for the greatest and almost equivalent proportions, followed by area proportions occupied by the extremely significant increase, leading to the overall wetting tendency in the YZR basin from 1982 to 2015. There have some differences with the results obtained by Zhang et al. (2019c), which revealed that the trend of agricultural drought was significantly increasing at 95% confidence level during 2000–2014 in the YZR basin. This may be due to discrepancies in length of observation time series and size of the focusing study area. Nevertheless, areas with the greatest proportions for the annual and growing season SWDI were, respectively, located in extremely significant increase and non-significant decrease, and areas with an increasing trend of the annual and growing season SWDI accounted for 62.95 and 43.7% of the basin area, respectively, further giving an explanation for overall alleviated agricultural drought from severe dry to moderate dry and manifesting that the degree of alleviated agricultural drought in the YZR basin was dominated by the alleviated drought in the non-growing season period from January to April and from October to December. With the combination of the results obtained in the study and Zhang et al. (2019c), it is recommended to plant more crops with drought resistance, cold resistance and high yield, such as wheat, in some well-irrigated valleys of the middle and lower reaches for the purpose of coping with growing season drought and guaranteeing the food security in the YZR basin.




DISCUSSION

Droughts cause agricultural loss, forest mortality, and drinking water scarcity. Their current increase in recurrence and intensity poses serious threats to future food security. Still today, our knowledge of how droughts start and evolve remains limited (Zhang et al., 2017; Zhai et al., 2018; Chen et al., 2019; Huang et al., 2019). Zhang et al. (2010) pointed out that temperature rise and precipitation decrease were two important drought-causing factors in the north, northeast, and eastern part of northwest China with the most significant trend of drought since the 1980s. Feng and Fu (2013) considered the rising temperature as the main reason of global drought. Zeng et al. (2019) attributed the spring and winter drought to a decrease in relative humidity which led to an increase in reference evapotranspiration, while the duration of sunshine was the dominant factor of summer and autumn drought in southwest China from 1960 to 2000. In addition, soil drought (low soil moisture) and atmospheric aridity (high vapor pressure deficit, VPD) have been regarded as the two main factors responsible for drought, which influenced terrestrial water use and carbon uptake further (Novick et al., 2016; Zhou et al., 2019b). Ding et al. (2018) demonstrated that alpine grasslands in Tibetan Plateau would face increasingly severe meteorological drought pressure in the future due to the negative influence of VPD. What's more, there is a significant correlation between vegetation degradation and climate change in the YZR basin, emphasizing the importance of VPD as the driving factor of drought (Han et al., 2018). Meanwhile, low correlations between scPDSI and air temperature were found in the YZR basin, indicating that meteorological drought variations were largely unaffected by temperature (Li et al., 2019a). Regarded as the difference between the water vapor pressure at saturation and the actual water vapor pressure for a given temperature, VPD has been used to estimate atmospheric aridity for the implication of drought. Zhou et al. (2019a) demonstrated that VPD had a strong coupling with soil moisture and then would affect the initiation and perpetuation of drought. Increased VPD will increase the atmospheric demand of evapotranspiration water (Penman, 1948; Monteith, 1965). It also will reduce stomatal conductance by closing stomata (Massmann et al., 2019), and changes of VPD substantially influences the terrestrial ecosystem structure and function through vegetation productivity (Konings et al., 2017), further resulting in a significant change in evapotranspiration that leads to meteorological drought (Rawson et al., 1977; Zhou et al., 2019a). Therefore, facing the significant increase of VPD under global warming, VPD calculated by the improved Magus Empirical Formula (Zeng, 1974) was taken into consideration in this study to implement a further investigation on the evolution mechanism of drought in the YZR basin.

According to the temporal variation trends of VPD (Figure 7), the YZR basin got drier during the period of 1982–2015. Obviously, it can be found that there was a huge jump of annual and growing season VPD in 2011 and VPD remained high in the following years. This is consistent with the historical record that severe drought had happened in 2011 (Shao et al., 2018). However, only SWDI indicated such severe drought event, while two meteorological drought indices used in this study indicated that the dry-wet condition of the YZR basin were nearly normal in 2011. The main reason for this consistent implication from VPD and SWDI could be attributed to the fact that rising temperature accelerates the deficit of soil water by increasing soil evaporation and simultaneously aggravates the difference between saturated and actual water vapor pressures by increasing VPD. Nevertheless, meteorological drought was dominated by precipitation rather than temperature demonstrated by Li et al. (2019a), giving an explanation for the inconsistent implication from VPD and two meteorological drought indices, and further emphasizing that VPD could not be independently used to represent the meteorological drought in the YZR basin. As shown in Figure 8, values of annual and growing season VPD from 2000 to 2015 (2.6 and 3.1) were both approximately 1.5 times those from 1982 to 1999 (1.8 and 1.9). The maximum values of annual and growing season VPD (5.5 and 6.0) were all located in the southern downstream and the junction of upstream and midstream, which were consistent with the agricultural drying tendency of upstream and southeast downstream of the basin represented by SWDI. However, the agricultural drought in the northeast midstream and the northwest downstream were alleviating from 1982 to 2015, which is not in line with the spatial distribution of VPD. That may be due to a decrease trend of snow cover in these places, which in turn leads to an increase in soil water content (Liu et al., 2018b). The meteorological drought in the east upstream, nearly the entire midstream and the northwest downstream changed from slightly dry to near normal while VPD of almost the whole basin has increased, which further confirmed that other factors besides VPD comprehensively affect the meteorological drought in the YZR basin. Similar results were also obtained by Liu et al. (2019), demonstrating a trend of humidification occurring in the eastern upstream and midstream regions. Combined Figures 1C, 8, the drought characteristics inferred by VPD might be related to frequent human activities concentrated in the midstream. Although VPD has been well-known to play an important role in the evolution mechanism of drought, it is not suitable to be independently applied as an indicator of drought in alpine regions like the YZR basin. Even more noteworthy is the fact that VPD does not have a clear drought classification yet. Given that VPD has a consistency with agricultural drought and a heterogeneity with meteorological drought, it is better to comprehensively analyze rather than pick out a single factor separately when identifying the influencing factors of drought in the YZR basin, and more attention should be paid to VPD variation characteristics to improve the understanding of drought variation and its impacts on ecosystem.


[image: Figure 7]
FIGURE 7. Variation trend of annual and growing season VPD (The red solid lines are curves fitted by quadratic polynomial. The black dashed lines are linear trend lines from 1982 to 2015).
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FIGURE 8. Annual and growing season spatial distributions of VPD.




CONCLUSION

Based on the scPDSI, SPEI, and SWDI derived from GLDAS and CRU datasets, a multi-index evaluation of drought characteristics during 1982–2015 in the Yarlung Zangbo River basin from the perspective of meteorology and agriculture was conducted in this study. Non-parametric statistical tests including M-K test, Moving t-test and Yamamoto test were adopted to implement long-term trend analysis and abrupt change detection, further exploring the possible causes of drought evolution. The conclusions are as follows:

(1) The whole basin presented a wetting trend during 1982 to 2015. Meteorological and agricultural drought of annual and growing season scales in the YZR basin showed an abrupt change from wetting to drying in the year of 2000, indicating a trend of alleviating first and then aggravating during 1982 to 2015. Meteorological drought represented by scPDSI and SPEI changed from moderate drought to moderate wet before 2000 while it was opposite after 2000, and agricultural drought alleviated from severe drought to moderate drought during 34 years.

(2) Both meteorological and agricultural drought in the basin showed a moderate drought in the downstream after 2000 and the upstream changed to slightly dry. The driest area indicated by meteorological drought in the basin moved from the midstream to the southeast downstream, while it indicated by agricultural drought shifted from the east midstream and north downstream to the south downstream.

(3) Non-significant increasing and non-significant decreasing trends of the annual and growing season meteorological drought consistently hold the greatest and almost equivalent proportions. Areas with extremely significant decreasing trend were mostly distributed in the west upstream and southwest downstream, whereas the midstream and northwest downstream mainly showed extremely significant increasing trends.
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Sinkhole development has been recognized as a major geohazard, as sinkholes pose great threats to infrastructure, such as buildings, roads, bridges, and pipelines, resulting in huge financial losses to society. Previous studies indicated that the spatial density of sinkholes increases linearly with the downward groundwater leakage rate (DGLR) (inter-aquifer flow rate from an unconfined to a confined aquifer through the aquitard between them) and that the spatial variation of annual-average DGLR is a useful indicator of the relative probability of sinkhole development. In this study, a groundwater flow model using the MODFLOW computer code was developed and calibrated to simulate the spatial variation of annual-average DGLR to evaluate the relative probability of sinkhole development at an under-construction expressway and its vicinity. The results indicated that the expressway construction site has a relatively high probability of sinkhole development in the designed range of the pavement structures, and it is concluded that engineering action should be taken in advance to minimize potential sinkhole hazards.
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INTRODUCTION

The major landforms known as cover-collapse and cover-suffosion sinkholes (abbreviated as “sinkholes” in the following text) have been identified as the primary geohazards in central Florida (United States) since the 1950s and have resulted in large financial losses to society, especially in populated cities, due to the catastrophic damage they cause to buildings, roads, bridges, and pipelines (Maroney et al., 2005; Lindsey et al., 2010; Brinkmann, 2013; Kuniansky et al., 2015). Sinkholes were identified statewide by field surveys and geomorphological mapping from 1950 to 2014 and are recorded in a downloadable subsidence incident report database created by the Florida Geological Survey (one of the divisions of Florida Department of Environmental Protection). In spite of drawbacks such as under-reporting of sinkholes in rural areas, the subsidence incident report database has been validated to be the most complete, accurate, and representative sinkhole inventory statewide (Brinkmann et al., 2008; Fleury et al., 2008), and previous studies regarding sinkhole research in Florida have been developed through the use of these data.

In central Florida mantled (buried) karst terrains, the reported sinkholes are not evenly distributed: some areas have many, while others have none (Gray, 2014). The underlying cause of sinkhole formation is limestone dissolution/removal by infiltrated weakly acidic rainwater (dissolution/removal rate extremely slow; as little as millimeters per thousand years), and the major triggering factors include heavy rainfall, rapid decline of potentiometric level due to groundwater over-exploitation, and high rate of downward groundwater leakage (Beck, 1986; Ford and Williams, 2007; Brinkmann and Parise, 2009; Gutiérrez et al., 2014). Here, downward groundwater leakage rate (DGLR) refers to inter-aquifer flow rate from an overlying unconfined aquifer to an underlying confined aquifer through an aquitard (see the black arrow in Figure 1). Jammal (1982) found that the sinkholes reported in Winter Park in central Florida are more likely to form at the beginning of the wet season when DGLR rises to its annual highs. Wilson and Beck (1992) pointed out that the reported uneven distribution of sinkholes in the greater Orlando area in central Florida might be attributed to spatial variation in annual-average DGLR. Xiao et al. (2016, 2018) conducted statistical analyses of the relationships between the spatial distribution of reported sinkholes and the spatial variation of annual-average DGLR in central Florida and found that sinkholes are likely to occur in those areas that have higher DGLR since sinkhole spatial density increases linearly with DGLR. Based on these findings, spatial variation of annual-average DGLR has been recognized as a useful indicator of the relative probability of sinkhole development in central Florida. The main limitation to quantifying it analytically in the central Florida sinkhole-prone areas is a lack of observed data, since local-scale groundwater observation systems have not been installed ubiquitously, and monitoring work has not been conducted routinely. Due to the recent rapid development of high-speed computers and simulation codes (Zhou and Li, 2011; Anderson et al., 2015), however, groundwater models have been successfully applied in many case studies worldwide for quantifying DGLR numerically (Sanford, 2002; Scanlon et al., 2002; Chitsazan and Movahedian, 2015; Mali and Singh, 2016; Sahoo and Jha, 2017), and these can be adopted to evaluate the relative probability of sinkhole development in central Florida.
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FIGURE 1. Location of the study area and cross-sections A–A’ and B–B’ showing the hydrostratigraphic units (the bottom of the Floridan aquifer is much deeper than −50 m).


The objective of this study is to evaluate the relative probability of sinkhole development at an under-construction expressway and its vicinity in northern Orlando, central Florida (United States), based on spatial variation of annual-average DGLR quantified by developing a groundwater model using the MODFLOW computer code, aiming at (1) providing a good reference for determination of whether the expressway construction site and its vicinity are at risk for sinkhole development, (2) providing a warning that immediate action (from engineering perspectives) should be taken in advance to minimize the hazards of sinkhole development at the designed range of the pavement structures, and (3) providing knowledge and understanding of sinkhole development in central Florida mantled karst terrains for engineers/technicians working in the field of sinkhole hazards, as well as for residents dwelling in sinkhole-prone areas.



OVERVIEW OF THE STUDY AREA

The study area, shown in Figure 1, is an under-construction expressway (see the solid white line) that connects two important state roads (SR46 and SR 429) (see the black dot-dash line) and its vicinity in northern Orlando (see the red star), central Florida (United States). The boundaries of the area are either parallel or perpendicular to the water table contours generated by the output from the north-central Florida groundwater flow model (St. Johns River Water Management District), and regional groundwater flow directions are from southwest to northeast and southeast (see the light green arrows). The land surface elevations vary from 5 to 30 m [NAVD88], with a regional average of approximately 16-17 m [NAVD88]. The study area has a subtropical and humid climate with humid/hot summers (mean maximum temperatures exceeding 30°C) and dry/mild winters (mean minimum temperatures dropping below 10°C) with mean annual rainfall varying from 1200 to 1300 mm (wet season from June to October and dry season from November to May) (Tibbals, 1990). The hydrostratigraphic units shown in Figure 1 consist of (from top to bottom) the (unconfined) surficial aquifer, the upper confining unit (aquitard), the (confined) Floridan aquifer, and the lower confining unit (aquiclude); detailed descriptions of their characteristics can be found in Miller (1986) and Williams and Kuniansky (2016). The surficial aquifer (thickness varying from 5 to 15 m) is primarily composed of medium to medium dense sand with moderate transmissivity. The Floridan aquifer (thickness varying from 600 to 650 m) is primarily composed of limestone/dolomite with high transmissivity (varying from 500 to 100,000 m2/day) since it is highly karstified, with sinkholes, sinking streams, and springs present over most of its extent. The upper confining unit (thickness varying from 20 to 25 m) is primarily composed of clay, silty clay, and sandy clay with relatively low permeability, which limits inter-aquifer flow from/to the overlying surficial aquifer to/from the underlying Floridan aquifer.



NUMERICAL MODELING

A groundwater model was developed to quantify spatial variation in annual-average DGLR to evaluate the relative probability of sinkhole development at the under-construction expressway and its vicinity, and the groundwater model developed was calibrated using the trial-and-error method by adjusting the values of horizontal/vertical hydraulic conductivities until the simulated groundwater levels and spring discharges matched the field-measurements to a satisfactory degree. Note that groundwater flow within the study area was assumed to be matrix flow, and local-scale conduit flow conditions were not considered, since the locations/dimensions of the subsurface cavities/voids, sinking streams, and springs were unknown due to lack of geophysical surveys.


Simulation Code

The MODFLOW computer code developed and released by the US Geological Survey was selected to develop the groundwater model in this study. MODFLOW was developed based on the concept of mass balance and Darcy’s Law and is primarily utilized to simulate 3D constant-density groundwater flow through porous media (Harbaugh and McDonald, 1996). The governing equation is described in partial differential form:
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where, Kxx, Kyy, and Kzz are values of hydraulic conductivity along the x, y, and z axes (L/T), h is the potentiometric head (L), W is a volumetric flux per unit volume representing sources and/or sinks of water (T–1), Ss is the specific storage of the porous material (L–1), and t is time (T).



Spatial and Temporal Discretization

Spatially, the model domain was horizontally discretized into 248 rows and 218 columns with a uniform grid spacing of 30 m in both the x and y directions and was vertically divided into three layers, with Layer 1 representing the surficial aquifer, Layer 2 representing the upper confining unit, and Layer 3 representing the Floridan aquifer. The top elevations of Layers 1, 2, and 3 are shown in Figures 2A–C, and the bottom elevations of Layer 3 are shown in Figure 2D.
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FIGURE 2. (A) Top elevations of Layer 1 (modified after US Geological Survey National Elevation Dataset); (B) top elevations of Layer 2 (modified after Williams and Kuniansky, 2016); (C) top elevations of Layer 3 (modified after Williams and Kuniansky, 2016); (D) bottom elevations of Layer 3 (modified after Williams and Kuniansky, 2016); (E) boundary conditions assigned to Layer 1; (F) boundary conditions assigned to Layer 3; (G) map of land use and land cover (modified from the GIS database maintained by St. Johns River Water Management District).


Temporally, the model was steady-state under long-term annually averaged hydrologic and hydrogeologic conditions.



Parameters

For Layer 1, values of 30 m/day, 3 m/day, and 0.2 were assigned to horizontal hydraulic conductivity, vertical hydraulic conductivity, and porosity, respectively. For Layer 2, values of 0.01 m/day, 0.01 m/day, and 0.3 were assigned to horizontal hydraulic conductivity, vertical hydraulic conductivity, and porosity, respectively. For Layer 3, values of 600 m/day, 60 m/day, and 0.4 were assigned to horizontal hydraulic conductivity, vertical hydraulic conductivity, and porosity, respectively (Motz et al., 1995). Note that these values representing the characteristics of each layer were adjusted during the model calibration process.



Boundary Conditions

For Layer 1, general-head, no-flow, recharge, and evapotranspiration boundaries were assigned (Figure 2E). The lateral boundaries that are parallel to the water table contours where groundwater flows into or out of the model domain were designated general-head boundaries. The lateral boundaries that are perpendicular to the water table contours where groundwater flux is zero were designated no-flow boundaries. The top of Layer 1 for representing infiltrated rainwater and groundwater evapotranspiration were designated recharge and evapotranspiration boundaries, respectively. Infiltrated rainwater was calculated by rainfall and infiltration/rainfall ratio (dependent on land use and land cover, which are shown in Figure 2G), and evapotranspiration rate was calculated by potential evapotranspiration rate.

Layer 2 was assigned a no-flow boundary.

For Layer 3, general-head, no-flow, well, and drain boundaries were assigned (Figure 2F). The criteria for designating a boundary as general-head or no-flow were exactly the same as above and are not repeated here. A well boundary was assigned at abstraction wells, and a drain boundary was assigned at springs.



Initial Conditions

Initial heads were estimated based on the water table contours shown in Figure 1.



RESULTS AND INTERPRETATION


Calibration

As mentioned above, the model was calibrated using the trial-and-error method by adjusting the values of the horizontal/vertical hydraulic conductivities within a reasonable range until the simulated groundwater levels and spring discharges matched the field measurements to a satisfactory degree (Figure 3A). The field-measurements included: (1) the observation well (L-1020) that monitors potentiometric levels; (2) the observation station that monitors Mt. Plymouth Lake stages; (3) the observation stations that monitor the Droty Spring, Snail Spring, and Sulphur Spring discharges. Note that the time range of the observed groundwater levels and spring discharges is from 2010 to 2016, and the annual-average values are computed to serve as calibration targets since the temporal discretization of the groundwater flow model is steady-state.
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FIGURE 3. (A) Locations of field-measurements (modified from the GIS database maintained by St. Johns River Water Management District) and scatter diagram showing the goodness of fit between the observed and simulated heads and spring discharges; (B) spatial variation of simulated water tables; (C) spatial variation of simulated potentiometric levels; (D) spatial variation of simulated DGLR.




DGLR and Relative Probability of Sinkhole Development

Based on the output from the calibrated model, the spatial variations of annual-average water tables, potentiometric levels, and DGLR are shown in Figures 3B–D, respectively. It can be observed that: (1) water tables are higher in the southwest and central portion and lower in the northeast and east portion (partly consistent with the topographic changes shown in Figure 2A); (2) potentiometric levels are higher in the southwest portion and lower in the northeast portion; (3) DGLR values are higher in the southwest and central portion and lower in the north, northeast, and east portion. Based on the simulated annual-average DGLR, the relative probabilities of sinkhole development were identified as low (DGLR ≤ 50 mm/year), intermediate low (DGLR > 50 mm/year but ≤ 100 mm/year), intermediate-high (DGLR > 100 mm/year but ≤ 150 mm/year), and high (DGLR > 150 mm/year), and spatial variation of relative probability of sinkhole development is shown in Figure 4A. Note that the locations of reported sinkholes (recorded by subsidence incident reports provided by the Florida Geological Survey) within the study area are also shown on Figure 4A (black dots). It can be observed that most of the reported sinkholes are located within areas where relative probability was classified as “high,” and the remaining ones are located within areas where relative probability was classified as “intermediate high,” indicating that the approach of using annual-average DGLR to identify the relative probability of sinkhole development in the study area is valid.
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FIGURE 4. (A) Spatial variation of the relative probability of sinkhole development and locations of reported sinkholes; (B) relative probability of sinkhole development at the under-construction expressway (see the solid white line) and its vicinity.


The relative probabilities of sinkhole development at the under-construction expressway and its vicinity are shown in Figure 4B. It can be observed that more than half of the under-construction expressway (see the solid white line) is located within areas where the relative probability of sinkhole development was classified as “high” or “intermediate high,” indicating that engineering action (e.g., bridging over the “dangerous” areas) should be taken in advance to minimize the potential hazards of sinkhole development within the designed range of the pavement structures.



DISCUSSION

The simulated DGLR output from the developed/calibrated groundwater model can be used to generate a sinkhole susceptibility zonation map of the study area, and Figure 4B is a good example of such, serving as a useful indicator of the relative probability of sinkhole development. The development of regional- and local-scale groundwater models can contribute to the implementation of sinkhole warning systems to (1) help engineers and technicians to minimize the ground stability problems caused by sinkholes, (2) provide an information source for insurance companies and the public, and (3) implement a broad research platform for researchers.

There are some limitations to this study, along with a certain degree of uncertainty associated with simulation results. Firstly, this study ignored heterogeneity of the aquifer systems, which simplifies model implementation but sacrifices local-scale simulation accuracy. The spatial variations in hydrogeologic parameters are unknown due to lack of borehole data and pumping test data, and the aquifer systems are considered to be homogenous, with uniform values initially assigned to all model grid cells expected to be adjusted during calibration. Secondly, this study ignored local-scale conduit flow within the aquifer systems. The locations and dimensions of subsurface voids/conduits are unknown due to lack of geophysical surveys, and the real local-scale groundwater flow rate and directions may deviate from the simulated results. Thirdly, the spatial discretization is relatively “coarse” (30 m × 30 m). Finer spatial discretization would indeed improve computing accuracy and make model results more reliable and precise, especially as regards the hydraulic gradient at those areas where topographic change are huge and groundwater pumping rates are high. However, numerical instability is one of the problems that numerical simulations generally encounter. In order to lower the risk of numerical instability and maintain a reasonable computation runtime, one has to sacrifice computing accuracy to some extent. Fourthly, local-scale simulation results have uncertain range, since there is insufficient monitoring data on groundwater levels.

Note that evaluation of the relative probability of sinkhole development in this study is based on the finding that sinkholes are likely to occur in those areas that have higher DGLR. This finding has been demonstrated to be true in central Florida karst terrains in that it is developed based on local karst conditions, but it has not yet been verified in other places. In fact, the processes of sinkhole development are complicated and can be affected by multiple hydrological, geological, and geochemical factors such as heavy rainfall, rapid decline of groundwater level, thickness and composition of overburden sediments, surface loading, and subsurface transport of dissolved carbon dioxide. It is hard to tell whether DGLR would be the dominant factor affecting sinkhole development in other karst areas. To eliminate the geographical bias of this approach, future work would be extended to involve more impact factors to implement complex sinkhole development warning systems that can be applied for other vulnerable karst areas in west-central and north-central Florida.



SUMMARY

In this study, a groundwater model using the MODFLOW computer code was developed and calibrated against field-measured groundwater levels and spring discharges to quantify annual-average DGLR for the purpose of evaluating the relative probability of sinkhole development at an under-construction expressway (built to connect two important state roads, SR46 and SR 429) and its vicinity in the central Florida sinkhole-prone area. It was indicated that most of the expressway construction site has a relatively high probability of sinkhole development and that engineering action (e.g., bridging over the “dangerous” areas) should be taken in advance to minimize potential sinkhole hazards.
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Along with China’s economic development and social progress, water scarcity has become increasingly challenging. Optimized allocation of water resources, especially through water transfer project, is one of the important approaches to mitigate water shortages. In this study, authors built a model of water resources allocation simulation and the microcosmic configuration based on a complex water network in the east route of the South-to-North Water Transfer Project in Jiangsu Province, east China. Selecting data from the typical years with assurance rates of P = 95%, 75%, and 50%, the simulation of supply and demand of water resources under the present situation and the tapping scenario of planning project was carried out. The results showed that water supply capacity increased while water deficits decreased remarkably for the diversion projects. Under the assurance rates of P = 95%, 75%, and 50%, the rate of water shortage decreased by 10.3%, 8.0%, and 5.2%, respectively. Under the planning work situation, the amount of water increased by 2,800 million m3 even during the period of extreme drought. Based on the results, it also provided an effective plan for the hydraulic engineering to optimize the allocation and management of water resources. It is helpful for policy makers to mitigate water shortage in Jiangsu Province and other areas with water transfer projects in China and other countries.
Keywords: water transfer system simulation, water resources allocation modeling, water supply and demand, South-to-North Water Transfer Project, extreme drought
INTRODUCTION
Water is one of the most important resources for human survival and development. As the second largest economic body with dramatically increasing water demand, China has been suffering water scarcity, uneven spatiotemporal distribution, and low utilization. Water allocation has great significance on easing the contradiction between the supply and demand of water resources and promoting regional socioeconomic development (Wada, et al., 2014; Nazemi and Wheater, 2015). Water resources allocation involves several aspects such as engineering, finance, technology, and management (Xu, et al., 2013; Li M, et al., 2015; Zhong et al., 2015). In this modeling, through engineering and nonengineering measures, advices are given for allocation of the limited water resources of different forms in a certain area to meet the water demand of various levels, objectives, and water use.
Studies on optimized allocation of water resources started in the early 1960s. A large number of studies on the theory and application of water resources emerged with mathematics (Li M, et al., 2015), computer technology (Xu et al., 2001; Yao et al., 2018), large-scale reservoirs (Li C, et al., 2015), multiobjective optimization (Li et al., 2017), and the increasing prominent contradiction of supply and demand for water (Wang, 2006; Abed Elmdoust and Kerachian.2013).Among them, many scholars actively studied optimized allocation of water resources with the South-to-North Water Transfer Project (Yang et al., 2007; Sang et al., 2018; Liu et al., 2020). The South-to-North Water Diversion Project is a major strategic project to alleviate the serious shortage of water resources in North China. It is divided into three lines: east, central, and west. Among them, the eastern route of the South-to-North Water Diversion Project is a state-level transprovincial regional project that transports water from Jiangdu Water Conservancy Project in Yangzhou, Jiangsu, through Jiangsu, Shandong, and Hebei provinces to North China. Of the related study, self-optimization simulation model technical program is widely used in the water transfer project under a macroscopic scale because of its succinct and compact hierarchical structure, fast convergence rate, and so on. Wang et al. (2001) set up the three-level hierarchical model. The principle and methods of hierarchical analysis for this large-scale system are applied to solve the problems of optional water operation for the middle route of the South-to-North Water Diversion Project. On the fulfillment of the total system water supply objects, the optimal regulation diagram of the reservoir is determined via simulation technique combined with the optimization methods. In addition, considering the problems that occurred in the process of large-scale water transfer, some scholars constructed the South-to-North Water Transfer Project water allocation simulation system and water-scheduling model with modern computer simulation technology (Zhao et al., 2002; Liu et al., 2003; Zeng et al., 2018).Previous studies on the South-North Water Transfer Project water allocation model focused more on macro-scale water allocation (Wang et al., 2001; Sang et al., 2018). There was a certain disconnection between water users’ actual microscopic demand and its universality; the practicality and operability were weak. At the same time, the study area has a complicated river system and dense river networks (Xu et al., 2020).
As a very important section of the east route of the South-to-North Water Diversion Project, water allocation in Jiangsu Province is vital for the water transfer to North China, but water allocation in Jiangsu Province lacks operational basis with scientific simulation background. As the construction and operation of the east route of the South-to-North Water Diversion Project, it is very urgent to study water allocation (Zhao et al., 2012). The purpose of this study was to improve the allocation and utilization efficiency of water resources based on the micro-level simulation of water supply and demand. Taking the South-to-North Water Transfer Project intake in Jiangsu Province as the research area, researchers estimated water supply and demand in the intake district and proposed two water allocation schemes under different engineering conditions (benchmark and planning) that were compared accordingly. In the simulation calculation of water resource supply and demand, the data used are accurate to the water intake lock of the water use. Therefore, the model can simulate and output the multi-scale calculation results of different administrative units, such as villages, counties, and cities, as well as segments, trunk lines, and water resources zoning. It is helpful to solve the disconnection between simulation calculation and water resource management. Based on the results, it also provided an effective plan for the hydraulic engineering sector to optimize the allocation and management of water resources. The study is helpful for policy makers to mitigate the water shortage in Jiangsu Province and other areas with water transfer projects in China and other countries.
METHODOLOGY
Study Area
The study area is between 32°27′N–34°50′N latitude and 117°57′E–119°34′E longitude covering all of Huaian, Suqian, Xuzhou, and Lianyungang in Jiangsu Province and Jiangdu, Gaoyou, and Baoying in Yangzhou as well as Funing in Yancheng. It covers 43143.7 km2, and the total population is about 24 million. It is a subtropical and warm temperate transition zone with an annual average temperature of 14–17°C, annual average rainfall of 700–1,300 mm, and evaporation of 900–1,100 mm. There is flat open terrain, many lakes, and a densely covered drainage network. From south to north, the main five storage lakes are Gaoyou Lake, Baima Lake, Hongze Lake, Luoma Lake, and Nansi Lake. The main river channels include Liyun River, the main irrigation artery in north Jiangsu as well as Zhongyun River, Xuhong River, Hanzhuang River, and Bulao River. The scope of the study area is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Jiangsu intake district of the South-to-North Water Diversion Project.
Water Allocation Model
The water resource allocation model constructed by the research team mainly includes submodules such as confluence, water resource supply and demand, and water engineering scheduling. The main steps include river network generalization, data collection, water resource demand calculation, water supply priority determination, water resources scheduling, water resources allocation scheme, and so on.
Model Building
Framework
The framework is shown in Figure 2. The steps of model are as follows:
1) Survey and basin information collection such as rainfall, evaporation, land use and land cover, drainage features, lock station properties, lock scheduling, and categories and distribution of different types of water use.
2) Water supply network generalization including water channel, nodes, and lakes. Of these, the water channel is divided into main waterline, branch waterline, and other watercourse; nodes are generalized into pump and lock station, water use, management, boundary, ordinary water channel, and so on. The result is shown in Table 1 and Figure 3.
3) Runoff and confluence modeling, water supply and demand calculation, water allocation, and other submodels. The calculation of runoff is divided into four types with different LUCC such as water, paddy field, dry land, and town. The confluence calculation is classified into plain area, hilly, and lakes water confluence. The curve confluence method was used for plain area confluence (Zeng et al., 2014). The unit confluence method was used for the hilly area (Zeng et al., 2014) and direct confluence for lakes. The calculation formula of runoff is as follows, and the parameter meanings are shown in Table 2.
[image: Figure 2]FIGURE 2 | Framework of water allocation.
TABLE 1 | Generalization of water supply network nodes.
[image: Table 1][image: Figure 3]FIGURE 3 | (A) River channel generalization and (B) LUCC.
TABLE 2 | Parameters of runoff module.
[image: Table 2]Water Runoff: The runoff of water is formed by the difference between the rainfall and evaporation, and if precipitation is less than evaporation, the value of surface runoff generation is negative. The calculation formula is as follows:
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Paddy Field Runoff: The formula for calculating the runoff in paddy field is as follows:
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If H2 [image: image] Hp, R2 = H2 − Hp, if Hu < H2 [image: image] Hp, R2 = 0, if Hd < H2 [image: image] Hu, R2 = 0, if H2 [image: image] Hd, R2 = H2 − Hu
Dry Land Runoff: The formulas for calculating the runoff in dry land are as follows:
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Town Runoff: On comprehensive consideration of the urban road runoff coefficient, the model can be simply expressed as:
[image: image]
Data
The data and the main parameters that the model required are listed as follows (Zeng et al., 2018). IData: Based on annual precipitation data from 1956 to 2000, typical years are selected according to row frequency—Pearson three curve. Three typical years are 50% assurance representative year (normal flow year), 75% assurance typical years (general drought years), and 95% assurance representative years (special drought years). The benchmark and planning year are selected for the simulation and calculation of the model, which are determined according to the matching of the new construction of the South-to-North Water Diversion Project, so that the model can provide the optimal water resource allocation scheme under different water conservancy project operation and management. Moreover, for the benchmark year and the typical representative years, hydrology, meteorology, surface covering, five categories of water users, river characteristics, brake properties and scheduling, policies in the utilization of water resources, and other related data were collected and calculated, which were provided by the Jiangsu Provincial Water Resources Department. Hydrology, meteorology, land use (Figure 3), water conservancy, river network, water users, and other data are monitored and predicted by water conservancy departments. Among them, the calculation description of the five water users is shown in the part 2.2.2.
Water Demand and Supply Calculation
(1) Water Demand Calculation: Water use in the study area is mainly classified into river channel water use and surface water use. The river channel water use means to take water from the trunk channel. The surface use means the water is used before drain into rivers. The river channel water use include agriculture, industry, domestic, ecology, and ship lock use, which need to take water from the generalized water channel. The agricultural water use demand is calculated by the irrigation system. The other four classes of nonagricultural use and surface water users’ demand are calculated by the quota method.
I. Agricultural water user (irrigation and water area) demand scale is calculated according to the system of irrigation and irrigation area. The irrigation water use coefficient of field is between 0.91 and 0.94, and the irrigation water use coefficient of the river channel is between 0.609 and 0.738 (Xiong et al., 2008; Peng and Ai, 2012). The calculation formula is given as follows:
[image: image]
where Wd (m3) is the agricultural water use, Aa (m2) is the area of farmland, Ku (m3/m2) is the water consumption per square meter of farmland, Jf is the field use coefficient of irrigation water, and Jc is the water consumption per rural resident.
II. Domestic water use demand scale intake from the river channel (urban and rural water use). The calculation formula is as follows:
[image: image]
where Wd (m3) denotes domestic water use, Nu (person) the urban population, Ku (m3/person) water consumption per urban resident, Nr (person) the rural population, person, and Kr (m3/person) water consumption per rural resident.
III. Industrial water use: Its demand-scale use (self-built water engineering, specializing in industrial plant) is determined according to the design of the survey data. The calculation formula is as follows:
[image: image]
where Wi (m3) denotes the industrial water use, Ni (million RMB) industrial production, and Ki (m3/million RMB) water consumption per million RMB industrial product.
IV. Ecological water use (river ecological water users who take water from the main rivers): the minimum value of the demand scale is determined according to the lowest navigable water level of lock design and the lowest water level of water inlet design in the water plant as well as the results of integrated water resources planning research project of ecological water demand in Jiangsu Province. The ecological water requirement out of the river channel without intake from the main rivers as surface water demand is figured out by survey and calculation. The calculation formula is as follows:
[image: image]
where We (m3) denotes ecological water use, Ae (m2) the area of green plants, and Ke (m3/m2) water consumption per square meter of green plants.
V. Ship lock use is determined according to water consumption every time the lock is opened and the times of daily use of the lock. The calculation formula is as follows:
[image: image]
where Wsl (m3) denotes ship locks water use, Nsl (time) the times of daily use of the lock, and Ksl (m3/time) water consumption per use of the lock.
(2) Water Supply: Water supply is determined by considering the minimum value of the three, such as water use demand, water channel supply, and supply ability of water intake locks. According to the actual needs of the development of national economy, agricultural, industrial, domestic, ecological, and ship lock water have different reliabilities. Thus, water use order is given according to the priority of water use, which is originally proposed by the research team. And it is applied to this study for the first time. Domestic water demand takes first priority. Industrial demand is in second place followed by ship lock water, ecological water, and agricultural water. Specific priorities are listed as follows:
I. Domestic water use and industrial water users should keep the river flowing normally and healthy ecology when water is retrieved from the water channel.
II. Agriculture, ship locks, and green plant ecological water use should keep the water channel level higher than the ecological water level when water is drained for use from the water channel. Defining the priority of water supply can prevent the water channel from drying up to meet the water use demand, especially when water use demand is particularly large.
III. The ecological water level is set in the model, which is the bottom line that the river can provide agricultural water, ship locks water, and ecological water demand. It is designed to avoid excessive intake of water from the river channel, which would affect the ecological health of the river channel and lead to drying. The determination of the ecological water level has not yet set a clear standard. In this research, mainly the Beijing-Hangzhou Canal canalized water level from the first phase of the Eastern Route Project feasibility study report (I), river ecological water table in Jiangsu Province, and the lowest navigable water level of the lock are used to estimate the ecological water level of the generalized rivers in the South-to-North Water Diversion Project.
IV. If at least one of the above three levels is in the same water channel or node location, then it adopts the lowest water level. If not, then formulate via interpolation methods.
(3) Supply and Demand Balance: Different statistical calibration methods were used as the calculating unit. These include the prefectural-level administrative region, water resource division, trunk channel, and others. Researchers balanced the supply and demand of the water source, entrance, and water channel according to the supply ability of the water resources, water conservancy project, and water demand in the study area. If the locks supply size is smaller than the water demand scale, then the insufficient part is the lack of water locks supply ability. Otherwise, it does not result in water shortage. Thus, the water supply is the minimum value of water demand at the water locks and resource. If water supply is less than the water demand, then record the accumulated water shortage. This is supplied through the optimized water allocation in the South-to-North Water Transfer Project. Researchers also analyze the balance of different calibers and formulate an optimized water allocation scheme for the demand, supply, and shortage of entire study area and mains. The main means of the optimization method, on the one hand, adopt the dual objective constraint of minimum water shortage and minimum water diversion of the Yangtze River. On the other hand, the regional lake regulation and storage capacity can be used to balance the abundance and depletion, via storing water in advance to reduce the water shortage caused by the limitation of water supply capacity.
(4) 4 Water Resource Dispatch: The scheduling scheme was developed for the operation of the North-to-South Water Transfer Project in Jiangsu Province based on different time periods, control nodes, and water resources conditions. Time periods include flood period, nonflood period, drainage period, nondrainage period, and irrigation period. Control nodes include ship locks nodes and lake nodes. Water resources conditions mainly include water, flow, and rain.
RESULTS
Simulation Results and Analysis
The research is based on the status and planning of two different processes of engineering and water resource allocation simulation. The process of benchmark engineering is based on the projects which are used to divert water from the Yangtze River to the north of Jiangsu Province. The process of planning engineering, based on the benchmark engineering, adds new construction engineering of the South-to-North Water Transfer Project, which expands the pumping capacity of the river to 500 m³/s. There is 8,900 million m3 of pumped river water and 1,900 million m3 supply in Jiangsu Province. According to actual irrigation assurance rate level in Jiangsu, water demand and water deficit under water frequency are 95%, P = 75%, and P = 50%.
Results of Water Resources Supply and Demand
As shown in Table 3, according to the simulation results, contrast variation of water demand for the planning year and benchmark year, the water demand of P = 95, 75, and 50% increases by 0.8, 4.5, and 5%. It is concluded that when the assurance rate of water demand becomes low, the amount of water demand change increases. In the drought situation, the ship locks, industrial, domestic, and ecological water demand remain constant, but agricultural water demand increases. Agriculture water demand increases by 3 million m3 in the special drought year vs. average year. Under the same assurance rate, but a different pumped ability of the engineering, the transport remains constant and agriculture and ecological water demand change slightly; industry and living water demand change markedly (41% and 65%, respectively, vs. benchmark). For planning vs. benchmark years, the water demand when P = 95% increases by 13.0%. When water demand is P = 75%, it increases by 13.8%, and at P = 50%, it increases by 10.8%. It is concluded that the water supply increases. Based on analysis, under different processes of engineering or under the assurance rate, water supply and demand trends are held consistent (Table 4).
TABLE 3 | Water demand based on different pump engineering situation (unit: 100 million m³).
[image: Table 3]TABLE 4 | Water supply based on different engineering progresses (unit: 100 million m³).
[image: Table 4]Table 5 shows that under the same pump engineering situation, the amount of the water deficit increases when the assurance rate becomes higher, especially the amount of the water deficit is 276 million m3 under the typically drought and benchmark engineering situations. The water deficit of agriculture use is rather prominent, which receives 88.4% of the water deficit. In contrast to the same assurance rate but planning pump engineering situation, it is easy to recognize that water deficit greatly reduces for planning pump’s operation. The water deficit decreases to 69.2% at P = 95%, decreases to 75.8% at P = 75%, and decreases to 70.4% at P = 50%. Of these, water deficit for ship locks remains, water deficit for industry remains unchanged, but it decreases to 75% in the special drought year and general drought year. Under the three typical years, the agriculture water deficit was between 26.6 and 78%, and the domestic water deficit was between 50 and 80%. The most apparent is the ecological water deficit, which is decrease by 94% in a special drought year.
TABLE 5 | Water deficit based on different engineering progresses (unit: 100 million m³).
[image: Table 5]Temporal Variations
The month was chosen as the unit of time to analyze the distribution characteristics of water demand, water supply, and water deficit. The water demand, supply, and deficit results of planning engineering contrasted with the benchmark engineering situation under different assurance rates (Figure 4). The values in Figure 4 are the result of the planning situation minus the benchmark situation. According to the results, water supply all increased under planning engineering vs. benchmark engineering. Water demand reduced in June to August, while it increased in the other months. The variations of water demand, water supply, and water deficit seem alike in January to May, while in June to December, changes are obvious. Changes are greatest during the rainy season. Under assurance rate P = 95%, water demand increases the most in December. The maximum change amount is 400 million m3; water supply changes a large amount in December and August. In the other months, the water supply is between 80 and 200 million m3. The water deficit decreases the most during June to September in the amount of 1,450 million m3, which is 75% of the rest of the year.
[image: Figure 4]FIGURE 4 | Contrast variation of water supply, water demand, and water deficit for planning and benchmark engineering situation under the 95%, 75%, and 50% assurance.
At an assurance rate of P = 75%, in contrast to the benchmark engineering situation, the water demand decreased in June to August in planning situation. Most of the decrease was in June. The maximum change value is 260 million m3. The added value of water demand in drought typical year is stable and is between 110 and 14,000 million m3. The added value of water supply in each month changes is about 150 million m3. The water deficit decreases every month. The water deficit decreases most during June to September with an amount of 1,020 million m3 and 83% of the total deficit amount of the whole year. Under an assurance rate P = 50%, the change in water demand is the same for every month similar to a general drought year. In June, water demand decreases the most at a maximum value of 210 million m3. The water supply increases the least of a minimum value of 30 million m3. Water deficit decreases every month, but it is not clear in drought season. In June to September, it decreases the most for a total of 690 million m3 or 91% of the year.
According to model simulation results, the water supply would definitely improve by 2020 and the total water deficit will decrease by a large margin in Jiangsu Province. In the years when P = 95%, the water deficit value is 850 million m3, and the water deficit rate is 4.5% which is decrease 10.3%. When P = 75%, the water deficit value is 390 million m3, and the water deficit rate is 2.4% which is decrease 8.0%. When P = 50%, the water deficit value is 330 million m3, and the water deficit rate is 2.0% which is decrease 5.2%. The water security of the region is obviously improved via the South-to-North Water Diversion Project.
DISCUSSION AND CONCLUSIONS
Researchers studied the intake area of the South-to-North Water Transfer in Jiangsu Province and realized a combination of macro-allocation of water resources and microdemand of water use. The water resource allocation model of this study is built based on agricultural irrigation water demand and optimal water resource allocation, so the proposed water resource allocation scheme is conducive to efficient utilization and protection of water resources. It is used to describe the water security both local and overall including temporal components and overall demand for water resources. Researchers also used benchmark and planning engineering situation to analyze and compare water supply, water demand, and water shortages under different conditions. The planning pump engineering is effective. And the results provide a scientific basis to water resources allocation in the eastern route of the South-to-North Water Transfer Project.
On the basis of water resources quantity estimation, water supply and demand forecast, and analysis and the research of water resource regulation, a reasonable allocation of water resources had been studied. Furthermore, water resources allocation schemes of benchmark and planning engineering situation were put forward. The model can provide different configurations of water supply based on benchmark and planning pump engineering under a different assurance rate of P = 50%, 75%, and 95%. Results showed that the water demand of planning engineering situation increased slightly compared with that in benchmark, and water supply increased obviously. Water deficit is greatly reduced, especially in the common drought typical situation; water deficit of planning engineering situation decreased 76.1% compared with that of benchmark. According to the simulated results of water pumped ability in different typical years based on the benchmark and planning engineering, it was proved that water pumped ability significantly increased in the planning engineering situation, which helps to improve regional water shortage.
It is concluded that when the assurance rate of water demand becomes low, the amount of water demand change will increase. During drought event, the ship locks, industrial, domestic, and ecological water demand remain constant, but agriculture water demand increases. The water deficit of agriculture use is rather prominent, and it is the main part of water shortage. Under the three typical precipitation situation, the agriculture water deficit was between 26.6 and 78%. According to model simulation results, the water supply will definitely improve by 2020 and the total water deficit will decrease by a large margin in Jiangsu Province. Water supply in each period all increased with planning approach vs. benchmark engineering. Water deficit is significantly reduced in June to August, which is helpful to solve the agricultural water shortage.
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The Yellow River is one of the rivers with the largest amount of sediment in the world. The amount of incoming sediment has an important impact on water resources management, sediment regulation schemes, and the construction of water conservancy projects. The Loess Plateau is the main source of sediment in the Yellow River Basin. Floods caused by extreme precipitation are the primary driving forces of soil erosion in the Loess Plateau. In this study, we constructed the extreme precipitation scenarios based on historical extreme precipitation records in the main sediment-yielding area in the middle reaches of the Yellow River. The amount of sediment yield under current land surface conditions was estimated according to the relationship between extreme precipitation and sediment yield observations in the historical period. The results showed that the extreme rainfall scenario of the study area reaches to 159.9 mm, corresponding to a recurrence period of 460 years. The corresponding annual sediment yield under the current land surface condition was range from 0.821 billion tons to 1.899 billion tons, and the median annual sediment yield is 1.355 billion tons, of which more than 91.9% of sediment yields come from the Hekouzhen to Longmen sectionand the Jinghe River basin. Therefore, even though the vegetation of the Loess Plateau has been greatly improved, and a large number of terraces and check dams have been built, the flood control and key project operation of the Yellow River still need to be prepared to deal with the large amount of sediment transport.
Keywords: extreme precipitation, sediment yield, Yellow River basin, frequency distribution, sediment yield index
INTRODUCTION
Global warming increases the water holding capacity of the atmosphere, which is expected to increase the probability of extreme precipitation at the regional scale (Meehl et al., 2000; IPCC, 2012). Extreme climate events have received increasingly attentions in hydro-meteorological research since they are the driving forces behind many natural disasters, such as floods and landslides (Alexander et al., 2006; Du et al., 2013). Extreme precipitation also plays a key role in soil erosion processes (Frich et al., 2002; Trenberth, 2011; Fischer et al., 2012). The amount of soil erosion caused by a rainstorm can account for 60% or even more than 90% of the total annual erosion (Wang et al., 2016; Comino et al., 2017).
Many studies have investigated the effects of extreme precipitation on sediment yields worldwide. Buendia et al. (2015) found that when extreme rainfall changed in the Mediterranean region, river sediment discharge significantly decreased or increased. Zhong et al. (2017) found that there was a significant correlation between the river sediment discharge and extreme precipitation indicators in the Songhua River basin, China. Keo et al. (2018) analyzed the change in rainfall erosivity over the past 50 years in the Loess Plateau and found that extreme rainfall was the main factor affecting soil erosion. By combining climate models with hydrological models, Garbrecht et al. (2014) indicated that the amount of sediment discharge in different basins in the United States would increase by 127–157% compared with the period of 1970–1999 due to the increase in extreme precipitation events. Kao and Milliman (2008) found that the sediment discharge during the transit of Typhoon Dandelion was twice the average annual sediment discharge. Moreover, many studies have found that even if the total precipitation is constant, the increase in rainfall intensity will cause an increase in soil erosion (Nearing et al., 2005; Garbrecht et al., 2014).
The Yellow River is one of the rivers with the highest sediment content in the world. About 90% of the sediment comes from the Loess Plateau in the middle reaches of the YRB (Wang et al., 2007). The average annual sediment discharge at the Shanxian section of the YRB was 1.6 billion tons during the period 1919–1959, and the maximum sediment discharge was 3.91 billion tons in 1933. However, the sediment discharge of the YRB has gradually decreased since 1980. The average annual sediment discharge from 2000 to 2018 was only 250 million tons, of which the maximum was 620 million tons in 2003. The prediction of the sediment discharge is essential in the YRB, which directly affects the water resources management and planning, the allocation of sediment resources, and the application of water conservancy projects. Therefore, the causes of the changes in sediment yields have been the focus of previous studies on the YRB since the 1990s (Liu et al., 2014a; Shi and Wang, 2015; Xin et al., 2015; Dang et al., 2018; Zhao et al., 2018). Many studies have been carried out on the causes of sediment reduction, changes in precipitation and their effects on sediment discharge, and changes in extreme precipitation in the YRB (Miao et al., 2011; Wang et al., 2016; Gao et al., 2017; Gao and Wang, 2017; Zhang et al., 2018; Dang et al., 2019).
In terms of the impact of extreme precipitation on the sediment discharge of the YRB, some scholars have carried out comparative analyses of some small watersheds in the middle reaches of the YRB. Ran et al. (2015) analyzed the effects of soil and water conservation measures on the sediment discharge of the Jialu River Basin during an extraordinary rainstorm in 2012. Cheng et al. (2016) revealed the impact of changes in precipitation of different intensities on sediment discharge in the Yanhe River Basin and found that with the increase in precipitation intensity, the impact of precipitation on sediment discharge gradually increased. Jiao et al. (2017) analyzed the effects of vegetation changes on sediment yield during heavy rainstorms in the Yanhe River Basin in 2013. Chen et al. (2018) performed a comparative analysis of the changes in sediment discharge and the causes of two heavy rainstorms in the Yanhe River Basin in 1977 and 2013. These studies have analyzed the impact of heavy rainfall on the sediment discharge in a typical year in a tributary in the middle reaches of the YRB, and there are still few studies on the prediction of the possible sediment yield of the YRB under large-scale extreme precipitation in the Loess Plateau. However, the average annual sediment yield and the maximum sediment yield in the case of extreme rainstorms are both important basic data influencing the decisions about major issues in the management of the YRB, among which the maximum sediment yield is more important for the arrangement and application of major water conservancy projects.
In the context of substantial vegetation improvement and large-scale construction of soil and water conservation projects in the Loess Plateau (Liu et al., 2014a; Fu et al., 2017), the maximum sediment yield of the YRB in the event of extreme rainfall in the future has received increasing concerns. Floods caused by extreme precipitation is the key driving force for soil erosion and sediment yield. In this study, the main sediment-yielding area in the middle reaches of the YRB was taken as the study area, and extreme precipitation scenarios were constructed based on the analysis of historical extreme precipitation. According to recent sediment yield indicators and the relationship between precipitation and sediment yield, the corresponding sediment yield under the current surface conditions in the study area was analyzed.
MATERIAL AND METHODS
Study Area
The sediment in the YRB mainly comes from the Loess Plateau in the middle reaches. Considering that the sediment from the Fenhe River Basin has been stable at extremely low levels in the past 40 years, it is not included in the study area. Therefore, the study area in this article includes four subregions, namely, the HLR, the area above Liujiahe in the Beiluo River Basin (BLR), the area above Jingcun in the Jinghe River Basin (JHR), and the area above Tuoshi in the Weihe River Basin (WHR), also known as the main sediment yield region of the YRB (Figure 1).
[image: Figure 1]FIGURE 1Sketch map of the study area: I. HLR (excluding the sandy area in the upper reaches of the Wuding River Basin and Tuwei River Basin); II. BLR; III. JHR; and IV. WHR.
The upper reaches of the Wuding River Basin and the upper reaches of the Tuwei River Basin in the HLR are mostly covered by sand, and the erosion modulus in most areas is relatively small. Moreover, 55% of the medium and large reservoirs and 1/3 of the small reservoirs in the HLR are concentrated, and there is very little sediment moving downstream, therefore, it is not included in the study area of this paper. The study area is 163,500 km2, mainly in the loess hilly and gully area of the Loess Plateau, with some feldspathic sandstone area. According to the measured data from 1934–1959, the average annual sediment discharge in the study area is 1.495 billion tons, accounting for 86.9% of the total sediment discharge in the region above Tongguan station in the YRB.
Data
Precipitation Data
The precipitation data from the 436 precipitation stations from 1966 to 2018 were from the hydrological yearbook and Hydrological Bureau of Yellow River Conservancy Commission (Figure 1). The annual precipitation with daily rainfall greater than 10, 25, 50, and 100 mm for each station was calculated, represented by P10, P25, P50 and P100, respectively, and in units of mm. The surface average precipitation of each watershed or subregion was interpolated by the Thiessen polygon method.
Based on historical extreme precipitation records in the main sediment-yielding area in the middle reaches of the Yellow River, three extreme precipitation scenarios were constructed in this study.
Scenario A
Most of the rainfall in the Loess Plateau does not produce runoff and sediment (Tang, 2004; Wang et al., 2019), and the measured data show that the main factor that determines the annual sediment load of the YRB is several heavy storms or extraordinarily heavy storms, most of which have rainfall of more than 50 mm (Wang et al., 2019). According to the statistics of annual P50 and the corresponding sediment yield of typical tributaries in the middle reaches of the YRB, although the proportion of P50 in annual rainfall is only 2.3–7.8%, the corresponding sediment yield accounts for 44% of the annual sediment yield, of which the proportion of the HLR reached 50.5% (Liu et al., 2016).
The analysis of the changes in P50 and P100 in the study area from 1966 to 2018 showed that except in 2011 and 2015, the heavy rainfall in the other seven years since 2010 was significantly higher and was the most abundant period since 1966, as shown in Figure 2. During this period, P50 was 43.5% more than its multiyear average value, and P100 was 93.7% higher. It is assumed that the years with the heaviest rainstorms in each tributary since 2010 are all relocated to one year, indicating that all tributaries have experienced the heaviest rainstorm measured from 2010 to 2018 in the same year, but not simultaneously. This extreme precipitation scenario is called scenario A.
[image: Figure 2]FIGURE 2Changes in P50 and P100 in the study area from 1966 to 2018.
For scenario A, the covered areas of maximum daily rainfall ≥50 mm and maximum daily rainfall ≥100 mm are 153,900 and 45,500 km2, respectively (Figure 3A), and the regional average rainfall of P50 and P100 is 142.3 and 39.1 mm, respectively. As shown in Figure 3, this value is much larger than that of any other year from 1966 to 2018. The area with P50 reaching three times of the average annual P50 from 1966 to 2018 accounts for approximately 70% of the study area.
[image: Figure 3]FIGURE 3The covered area of rainstorms for (A) scenario A, (B) scenario B and (C) scenario C in the study area.
Scenario B
The rainstorm in August 1933 was the most famous rainstorm in the Loess Plateau. The measured sediment discharge at Shanxian station in that year was 3.91 billion tons, which was the largest since 1919. The rainstorm formed the largest flood peak (22,000 m3/s) at Shanxian station in the main stream of the Yellow River since 1919, the second largest flood peak at Zhangjiashan station in the Jinghe River, Longmen station in the Yellow River and Xianyang station in the Weihe River since 1919. The maximum 12 days flood volume at the Shaanxi section was 9.07 billion m3, which was ranked as the largest flood in the YRB since 1919 (Yellow River Conservancy Commission, 2008). Therefore, the flood in 1933 was recognized as a rare hydrological event in the YRB (Liu, 2016), and the flood control department of the Yellow River Conservancy Commission always took it as a key flood prevention object (Yellow River Conservancy Commission, 2008).
Based on the rainstorm analysis results in 1933 (Zheng, 1981; Shi and Yi, 1984), the P50 and P100 in 1933 in the study area were calculated by using the relationship between rainfall and sediment discharge in 1956–1975, known as scenario B. The results showed that the regional average rainfall of P50 and P100 in the study area in 1933 was 122.2 and 76.4 mm, respectively. Among them, the P50 of the HLR, WHR, JHR and BLR in 1933 were 90.8, 111.3, 188.8, and 180.4 mm, respectively. Figure 5 shows the estimated ranges of P50 and P100 during the entire flood season of 1933, with a total rainfall of 23.88 billion m3. The coverage area of maximum daily rainfall ≥50 mm is 122,000 km2 (Figure 3B), which is less than that of scenario A. However, the range of maximum daily rainfall ≥100 mm is 69,500 km2, which is 1.5 times that of scenario A.
[image: Figure 4]FIGURE 4The relationships between [image: image] and [image: image] in the loess hilly area (A) and feldspathic sandstone area (B).
Scenario C
It can be seen from Figure 3A and Figure 3B that the rainstorm center of scenario A is mainly located in the HLR, and P50 and P100 are larger than that of scenario B (Table 2). The rainstorm center of scenario B is mainly located in the BLR, JHR and WHR, and the P50 and P100 in these three regions are larger than those of scenario A (Table 1). Therefore, when designing the extreme precipitation scenario, both the rainstorm amount and the distribution of the storm center were considered, and scenarios A and B were combined. That is, the rainfall data of scenario A were used in the HLR, while the rainfall data of scenario B were used in other areas to construct a new extreme rainfall scenario, scenario C. The proportion of rainfall coverage area of the maximum daily rainfall ≥50 mm and maximum daily rainfall ≥100 mm for scenario C in the study area was 92.7 and 56.2%, respectively (Figure 3C). Table 2 shows that the regional average rainfall of P50 and P100 in the study area is 159.9 and 83.7 mm, respectively, and both P50 and P100 in the study area and each subregion were the largest in scenario C.
TABLE 1Precipitation in different scenarios in the study area.
[image: Table 1]TABLE 2The cumulative distribution functions (CDF) and precipitation amount under the return period of T years of GEV, GP and PE3 distributions.
[image: Table 2]Sediment Data
The sediment discharge data from 1966 to 2018 were from the hydrological yearbook and Hydrological Bureau of Yellow River Conservancy Commission. The locations of the hydrological stations are shown in Figure 1. The sediment yield capacity of the basin is expressed by the sediment yield index ([image: image]), which refers to the sediment yield per unit area per unit of rainfall in the erosion-prone area of the basin, in units of t/(km2 mm). The rainfall index P25, which is more sensitive to the sediment yield in the basin, was used to calculate [image: image].
[image: image]
where [image: image] is the sediment yield index, t/(km2 mm); [image: image] is the annual sediment yield of the basin, 10^4 t; [image: image] is the area of erosion-prone area of the basin, km2; and P25 is the rainfall index, mm.
Vegetation Data
Vegetation coverage of forest and grassland (referred to as forest and grassland coverage) refers to the proportion of the projected area of leaves and stems of forest and grassland [image: image] to the area of forest and grassland in erosion-prone areas [image: image], represented by [image: image] (%), and can be calculated as follows.
[image: image]
On a large spatial scale, the normalized difference vegetation index (NDVI) extracted from remote sensing images can be used to calculate [image: image] (Carlson and Ripley, 1997) as follows:
[image: image]
where [image: image] is the [image: image] value of the bare soil or no vegetation coverage area; [image: image] is the [image: image] value of the fully vegetated areas; NIR is the near infrared band; and R is the red light band. The NDVI values used in each year are the maximum for that year. The NDVI data of the HLR from 2000 to 2018 were obtained from MODIS satellite remote sensing images with a spatial resolution of 250 m.
[image: image] can reflect the vegetation coverage in forest and grassland itself but cannot reflect the projected degree of vegetation to the erosion-prone area of the whole basin. Therefore, the concept of forest and grassland vegetation coverage in the erosion-prone area is introduced, and it refers to the proportion of [image: image] in the erosion-prone area of the basin [image: image], which is expressed as [image: image] (%) and referred to as the effective forest and grassland coverage. The calculation formula is as follows:
[image: image]
The erosion-prone areas and the forest and grassland areas in the study area in 2010 were obtained based on the satellite remote sensing images of HJ CCD with a spatial resolution of 30m (Liu et al., 2014a; Liu et al., 2018).
Terraces Data
The construction of terraces is also an important human activity that affects sediment yield. The terrace area in the study area in 2012 and 2017 was obtained from China Resources No. 3 satellite remote sensing data with a spatial resolution of 2.1 m. The images are mainly from January to May and partly from October to December to minimize the impact of dense vegetation on the identification of terraces. The terrace area of each tributary before 2012 was obtained from the statistics of counties. To scientifically describe the scale of terraces in different regions, the concept of effective terrace coverage [image: image] is introduced, and it refers to the proportion of terrace area to the erosion-prone area in the basin, in units of %. Then, the effective coverage of forest, grassland and terraces ([image: image], %) is the sum of [image: image] and [image: image].
Methods
Precipitation Frequency Distributions
To describe the characteristics of the precipitation series and the probability of extreme precipitation, it is necessary to identify the optimal fitting statistical models. Three commonly used statistical models, i.e., generalized extreme value distribution, generalized Pareto distribution (GP) and Pearson type III distribution (PE3), were used in this study to fit the precipitation series. The cumulative distribution functions of the selected models are shown in Table 2.
The L-moments method proposed by Hosking is a convenient and robust method for parameter estimation (Hosking, 1990; Hosking, 1997; Hosking and Wallis, 1997; She et al., 2013; Chen et al., 2014), and it was used to estimate the parameters of the three selected models in this study. The optimal distribution was selected by three goodness-of-fit methods: the Kolmogorov-Smirnov (K-S) test method, Akaike Information Criterion (AIC) and OLS (Akaike, 1974).
The test statistic of the K-S method can be calculated as
[image: image]
where [image: image] is the empirical frequency, [image: image] is the function of the cumulative distribution, and [image: image] is the sample size. If [image: image] is smaller than the critical value [image: image] at the significance level α, a particular distribution is considered a significantly fit model to the precipitation data. The probability distribution that corresponds to the minimum value of [image: image] represents the optimal distribution in presenting the distribution of precipitation series.
The OLS and AIC can be calculated as follows:
[image: image]
[image: image]
where [image: image] is the empirical frequency, [image: image] is the theoretical frequency, [image: image] is the residual sum of squares, and [image: image] is the number of parameters. The distribution with the minimum values of OLS or AIC was selected. If the results given by these three goodness-of-fit methods were different, the best-fit model was selected by the result of the K-S test.
The return period values can be obtained from the best-fitted distribution.
Prediction of Sediment Yield
Rainfall and land surface conditions are the key factors influencing sediment yield, among which vegetation, soil and terrain are the main land surface factors. The terrain and soil are relatively stable for a region, but the vegetation in the study area has changed significantly in recent years (Feng et al., 2016). To analyze the relationship between vegetation change and sediment yield in the study area, and ensure that the sediment yield change is only the result of vegetation change, the selected sample watershed should have few terraced fields, preferably have no check dams or reservoirs, or alternatively, the sediment volume of check dams and reservoirs can be accurately obtained, and there are no alluvial channels in the sample watershed. Based on these principles, 77 and 40 pairs of data were selected in the loess hilly area and feldspathic sandstone area to analyze the relationships between [image: image] and [image: image]. By calculating [image: image] and [image: image] in different sample watersheds with Eqs 1, 4, respectively, the relationship between [image: image] and [image: image] was established on the watershed scale. When calculating the sediment yield in a basin by using the sediment yield index, the effective coverage of terraces [image: image] was equally included in [image: image] (Liu et al., 2014b; Liu et al., 2014c), and [image: image] was changed to [image: image]. The exponential relationships between [image: image] and [image: image] in the loess hilly area and feldspathic sandstone area are shown in Figure 4, which can be expressed by Eqs 8, 9, respectively, and the correlation coefficients were 0.69 and 0.75, respectively.
[image: image]
[image: image]
According to Figure 6, it can be seen that the sediment yield index [image: image] decreases with the increase of the effective forest and grass coverage rate [image: image], and the two are exponentially related. In the range of [image: image] ≤ 40–45%, [image: image] decreases rapidly with the increase of [image: image]. However, when [image: image] is greater than 40–45%, [image: image] decreases slowly with the improvement of vegetation. Especially when [image: image] is greater than 60%, the [image: image] value of 75% of the sample points is less than 7 t/(km2 a).
[image: Figure 5]FIGURE 5Changes in vegetation coverage in the HLR from 2000 to 2018.
[image: Figure 6]FIGURE 6The observed rainfall and annual sediment discharge of (A) the JHR and (B) the WHR and BLR from 2010 to 2018.
Based on the relationship between [image: image] and [image: image] , the following steps can be used to predict the sediment yield of the basin under different underlying surface and precipitation scenarios. First, vegetation and terrace data were obtained by satellite remote sensing images to calculate [image: image]. Second, [image: image] was calculated according to the relationship of [image: image] and [image: image] as expressed in Eqs 8–9. Finally, according to the definition of the sediment yield index, the sediment yield of the basin can be calculated as follows.
[image: image]
RESULTS
Frequency Analysis of Extreme Precipitation
Three distribution functions, generalized extreme value, GPD and PE3, were used to fit the P50 and P100 series in the study area, and the results are shown in Table 3. The optimal distribution function of the P50 series is PE3, and the optimal distribution function of the P50 series is generalized Pareto. The sample size of the P50 and P100 series is 53, and the critical value of the K-S test is 0.1868 at the significance level of 0.05. According to the K-S test results in Table 3, both of the optimal distribution functions of the P50 and P100 series passed the significance test.
TABLE 3Goodness-of-fit test results of the P50 and P100 series in the study area
[image: Table 3]TABLE 4Sediment yield index of the main tributaries in the HLR under current underlying surface conditions [t/(km2 mm)].
[image: Table 4]The probability distribution function corresponding to the bolded values is the distribution function most suitable for the P50 or P100 series. The smaller the goodness-of-fit test value is, the better the probability distribution function.
According to the optimal probability distribution function of the P50 series, the recurrence periods of P50 under extreme precipitation scenarios A, B and C are 250, 116, and 460 years, respectively, and scenario C has the largest recurrence period. Therefore, scenario C was used in this paper as an extreme precipitation scenario to calculate the potential sediment yield in the study area in the future.
Calculation of the Sediment Yield Under Extreme Precipitation
The sediment yield under current land surface conditions in the study area was composed of two parts, that is, the sediment yield in the HLR was calculated using the sediment yield index, and the sediment yield in the other regions was calculated according to the relationships between rainfall and sediment yield from 2010 to 2018.
Sediment Yield in the HLR
According to the change in vegetation coverage in the HLR from 2000 to 2018 (Figure 5), the vegetation coverage in the HLR has been improved continually since 2000. After 2012, the vegetation coverage significantly improved compared with that in 2000–2011 and tended to be stable. Moreover, the terrace area and the quantity of check dams and reservoirs in the HLR have been basically stable since 2012, so the land surface for 2012–2018 was set as the current land surface.
Based on the remote sensing data of vegetation, terraces, and dam field, [image: image] in different tributaries was calculated first, and then [image: image] under the current underlying surface of each tributary in the HLR was calculated using formulas 8, 9. At the 95% confidence level, the [image: image] for each tributary was shown in Table 4. According to the calculation result of [image: image] , the areas with higher sediment yield capacity are mainly distributed in the northwest region of the HLR. By using [image: image] , P25 of the extreme precipitation scenario C and the calculated [image: image] of each tributary, the sediment yield in the case of large-scale extreme rainfall in the HLR can be calculated by formula Eq. 10, which is range from 496.4 million tons to 758.2 million tons. The tributaries with large sediment yields include the Wuding River Basin, the Huangfuchuan River Basin and the Kuye River Basin. It is worth noting that the sediment yield of the Kuye River Basin is larger, but the sediment yield index is smaller. The sediment yield index of the Jialu River Basin is relatively large, and it still has high sediment yield capacity.
Sediment Yield in the Other Areas
The annual sediment yield in the other regions of the study area was calculated according to the relationships between rainfall and annual sediment yield from 2010 to 2018.
Based on the measured rainfall and annual sediment discharge data from 2010 to 2018, the relationships between rainfall (P50) and annual sediment discharge [image: image] in the upper reaches of the Malian River Basin, the other regions of the Jinghe River Basin, BLR and WHR were established under the current land surface conditions (Figure 6 and Table 5). Then, using the P50 of extreme rainfall scenario C in each region, the [image: image] in the upper reaches of the Malian River Basin and other areas of the Jinghe River Basin were from 89.6 million tons to 468.3 million tons and from 139.8 million tons to 457.5 million tons at the 95% confidence level, respectively, and the [image: image] in the BLR and WHR were from 7.8 million tons to 59.6 million tons and from 36.1 million tons to 94.4 million tons at the 95% confidence level, respectively. If the sediment deposited in the check dams and reservoirs was added, the maximum annual sediment yield of the JHR would reach 967.4 million tons, while those of the BLR and WHR would be 61.2 million tons and 102.7 million tons, respectively. And the minimum annual sediment yield of the JHR would be 271.0 million tons, while those of the BLR and WHR would be 9.4 million tons and 44.4 million tons, respectively.
TABLE 5Relationships between Wsd and P50 of the JHR, WHR and BLR.
[image: Table 5]In summary, under the current underlying surface conditions, the annual sediment yield in the study area is range from 0.821 billion tons to 1.889 billion tons under extreme precipitation, and the median annual sediment yield is 1.355 billion tons. The median annual sediment yield of the HLR, JHR, WHR and BLR was 627.3 million tons, 619.2 million tons, 73.5 million tons, and 35.3 million tons, respectively. The annual sediment yield of HLR and JHR accounted for 91.9% of the total sediment yield in the study area. The areas with high sediment yield capacity are the Wuding River Basin, Huangfuchuan River Basin and Jialu River Basin in the HLR and the area above Qingyang in the Jinghe River Basin.
DISCUSSION
Rationality Analysis of the Calculated Sediment Yield
The calculated sediment yield in the HLR was verified by the restored sediment yield, which is the sum of measured sediment discharge and the sediment deposited in the check dams and reservoirs. In scenario C, the measured sediment discharge of each tributary in the year with the maximum rainstorm during 2010–2018 in the HLR was added up, and the result was the measured sediment discharge under the current land surface conditions and this extreme precipitation scenario. Then, the sediment yield under the current land surface conditions and this extreme precipitation scenario can be obtained by adding the sediment deposited in the check dams and reservoirs in the corresponding year of each tributary.
For tributaries controlled by hydrological stations (hereinafter referred to as controlled tributaries), the maximum annual sediment discharge from 2010 to 2018 can be directly obtained from measured data. For the area of 25,500 km2 not controlled by hydrological stations in the HLR (hereinafter referred to as uncontrolled area), the maximum annual sediment discharge from 2010 to 2018 was calculated, according to the area ratio based on the assumption that the sediment discharge per unit area of controlled tributaries is the same as that of the uncontrolled area. Based on the measured data from 2010 to 2018, the annual sediment discharge and sediment yield ([image: image]) in the HLR under extreme precipitation were calculated to be 365.2 million tons and 661.4 million tons (Table 6), respectively.
TABLE 6Annual sediment discharge and sediment yield in the HLR under extreme rainfall.
[image: Table 6]According to the sediment yield index method, the annual sediment yield in the HLR is range from 496.4 million tons to 758.2 million tons, and the median calculated annual sediment yield is 627.3 million tons, which is 5.2% smaller than the [image: image]. The results of annual sediment yield calculated by the two methods are similar, indicating that the annual sediment yield based on the sediment yield index is reliable and can be used to predict annual sediment yield in the HLR under different rainfall scenarios in the future.
The Effect of Gravity Erosion on Sediment Yield
Gravity erosion refers to the process of deformation, destruction, movement and accumulation of rock and soil on the slope under the action of gravity, including collapse, landslide, mud flow and so on. Gravity erosion is an important component of soil erosion (Neill and Mollard, 1982; Wetzel, 1994). Due to the large porosity, vertical joints and fragility of the loess (Derbyshire, 2001), collapse and landslide events are common in the Loess Plateau (Zhang et al., 2009; Zhang and Liu, 2010). Due to the fragile natural environment and intensified human activities, gravity erosion in the Loess Plateau is particularly serious, and its occurrence and development have an important impact on erosion and sediment yield in the basins (Cai, 1997; Han et al., 2011; Yang et al., 2013). Gravity erosion not only affects the total amount of soil erosion but also increases the sediment concentration of water flow to 1,000 kg/m3 (Li et al., 2009).
In 1933, the sediment discharge at the Zhangjiashan station in the Jinghe River Basin was 1.17 billion tons. The relationship between the annual sediment discharge and runoff during the flood season (Figure 7) shows that the sediment discharge of the Jinghe River Basin was unusually high in 1933. This outcome is related not only to the large-scale and high-intensity rainstorms in the basin but also to gravity erosion during the continuous 11 years dry period from 1922 to 1932. The Jinghe River Basin has a special landform, most of which belongs to the loess tableland area, and gravity erosion accounts for a high proportion of sediment yield in the basin. The measured data of the small Nanxiaohegou watershed in the basin from 1955 to 1974 showed that the sediment yield from gravity erosion accounts for 57.4% of the annual sediment yield (Tian et al., 2008), while the proportion of sediment yield by gravity erosion in the loess hilly area generally accounts for no more than 25%.
[image: Figure 7]FIGURE 7Comparison of runoff in the flood season and annual sediment discharge relationships at the Zhangjiashan station in the Jinghe River Basin in 1933 and other years.
Gravity erosion occurs all year round in the Loess Plateau, and the erosion products accumulate at the foot of gullies and slopes and are carried out of the gullies when heavy rains and floods occur (Tian et al., 2008). During the 11 years continuous drought in 1922–1932, gravity erosion still occurred, which increased the sediment supply sources during the heavy rainfall flood in 1933. Therefore, the sediment yield in the study area affected by gravity erosion should be greater than the current calculated value, when extreme rainfall occurs after continuous drought.
The randomicity of gravity erosion is large, so it is difficult to perform effective continuous observations at fixed points in the field. Field investigation is an important method for the study of gravity erosion in typical areas and has been widely used (Shakoor and Smithmyer, 2005; Wang et al., 2016). The rare Earth tracer method (Shi et al., 2012; Heimsath, 2014), remote sensing technology and other new methods and technologies have been applied to the monitoring of gravity erosion (Velicogna and Wahr, 2006; Roering et al., 2009; Zhao et al., 2012; Fuller et al., 2016), but gravity erosion and hydraulic erosion still cannot be distinguished. It is easier to measure large-scale landslides with remote sensing technology, but it is more difficult to monitor gravity erosion with small volumes. Therefore, the establishment of a new method for the quantitative observation of gravity erosion and the quantitative analysis of sediment yield by gravity erosion would be a focus and challenge for future research.
Impact of Check Dam on Sediment Discharge
The survey shows that there are 55,124 check dams in the Loess Plateau above Tongguan station, including 5,546 main check dams, 8,596 medium-sized dams, and 40,982 small dams, about 88% of which are located in the HLR and BLR. The designed sediment retention life of main check dams, medium-sized dams and small-sized dams is 15–30 years, 5–10 years, and 3–5 years, respectively. 33% of main dams, 57% of medium-sized dams and 85% of small-sized dams were built before 1979 and distributed in the HLR and BLR. After decades of sand interception, about 46% of large and medium-sized dams and 95% of small dams have lost their sand control capacity. Moreover, many check dams are aging and out of repair, making them at great risk of water damage. In the future, once it encounters a large-scale extreme rainstorm, it is very likely to appear the phenomenon of mass water destruction, increasing sediment discharge.
Effects of Reverse Vegetation Development Risk on Sediment Yield
The significant improvement of forest and grass vegetation in the Loess Plateau occurred mainly after 1998, especially from 2006 to 2008 (Liu et al., 2016; Jia et al., 2019). People and sheep leaving the land is the main social reason, followed by planting trees and grass, suitable rainfall and temperature conditions, which are the main driving force of natural vegetation restoration in recent years (Liu et al., 2016). The contribution of vegetation improvement to sediment reduction accounts for about 50% (Liu et al., 2016; Gao et al., 2019). If the Loess Plateau can continue to implement the policies of returning farmland to forest and grassland, forbidding grazing and natural restoration, and the social and economic environment can remain stable, the future vegetation status in the study area will be mainly determined by the objective laws of local vegetation succession. However, the ecological environment in the main sediment-yielding area of the Yellow River basin is very fragile. The fluctuation of climatic conditions and human production activities will significantly affect the forest and grass vegetation conditions.
Uncertainties
The maximum sediment yield scenario projected in this paper is based on the current underlying surface conditions and the constructed extreme rainfall scenario in the study area. The uncertainty of the calculation results mainly comes from three aspects. Firstly, uncertainties associated with the input data may still exist, even though the data used in this study has undergone rigorous quality control. Rainfall is a key driving force for regional erosion and sediment yield. The uncertainty of extreme rainfall prediction and the influence of rainfall spatial distribution will increase the uncertainty of sediment yield forecast. Both the extreme rainfall scenarios constructed in this study and the prediction results of the Global Climate Model are subject to certain uncertainties. The simulation results of hydrological models show that the rainfall intensity and spatial distribution of rainstorm have significant influence on the simulation of runoff and sediment yield, and the uncertainty of simulated sediment yield is greater than that of rainfall (Chaubey et al., 1999; Hao et al., 2003; Inamdar and Naumov, 2006). Secondly, the model adopted is a statistical model, which lacks mechanism analysis of the influence of different factors on sediment yield. In particular, the calculations of the JHR, WHR and BLR only use the measured data in recent years to establish the relationship between rainfall and sediment yield, and the data series are relatively short. Thirdly, the interference of human activities may cause statistical models to be inapplicable in the future. It is necessary to further determine the definable observables of human activities, as well as the specific functions or regression equations between it and other natural elements and the sediment yield of the watershed. This will be the focus and challenge for future research.
CONCLUSION
In this study, the extreme precipitation scenario of the main sediment-yielding areas in the middle reaches of the YRB was constructed, and the corresponding sediment yield under the current underlying surface conditions was calculated. The results showed that the areal rainfall of rainstorms in the constructed extreme rainfall scenario was 159.9 mm, and the recurrence period was 460 years. The corresponding annual sediment yield of the study area was range from 0.821 billion tons to 1.899 billion tons, and the median value is 1.355 billion tons. The median annual sediment yield of the HLR, JHR, WHR and BLR was 627.3, 619.2, 73.5, and 35.3 million tons, respectively. The annual sediment yield of HLR and JHR accounted for 91.9% of the total sediment yield in the study area. The areas with high sediment yield capacity are the Wuding River Basin, Huangfuchuan River Basin and Jialu River Basin in the HLR and the area above Qingyang in the Jinghe River Basin. If extreme rainfall occurs after a continuous drought period, the sediment yield in the study area would be greater.
Although the vegetation in the Loess Plateau has been greatly improved in recent years and large-scale terraces and check dams have been built, the sediment yield of the YRB will still be large if extreme rainfall occurs. The water and sediment regulation projects and flood control projects in the YRB must always be prepared for major floods and large sediment discharge. The main factors of erosion and sediment yield were changed by vegetation improvement in the Loess Plateau, this study only discusses the regional sediment yield of extreme rainfall under the current land surface conditions, and the change of regional sediment yield should be studied in the future by combining vegetation change and other factors.
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Change Area Area A/L A/L

rate (%) 1970s-1995 1995-2015 1970s-1995 1995-2015
Liaoning —54.56 —14.68 -18.76 -2.29
Hebei —-2.59 -22.34 -1.30 -10.92
Tianjin —38.80 25417 —-14.43 57.84
Shandong —27.57 —37.46 —16.10 -15.84
Jiangsu —-23.61 —26.87 —55.26 —48.03
Shanghai —-19.24 12.96 —9.02 4.91
Zhejiang —10.40 —48.35 —2.65 —11.05
Fujian —26.18 —14.38 -5.89 —2.39
Guangdong -8.71 —20.66 —1.50 -3.26
Guangxi -51.11 240.38 —6.94 15.96
Hainan —10.16 —9.65 -1.32 —1.12
Taiwan 9.38 -2.58 261 -0.78
Total —23.36 —18.84 —23.36 -18.84

A gray background indicates an increase in intertidal wetland area in 1995-
2015, and bold, underlined numbers are used where there was a strong decline
in both periods.
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Administrative
region

Liaoning
Hebei
Tianjin
Shandong
Jiangsu
Shanghai
Zhejiang
Fujian
Guangdong®
Guangxi
Hainan
Taiwan
Total

Coastline length
(km)

2110
485
153
3345
744
211
2218
3752
4114
1629
1823
1576
22160

Area)
(km?)

146106
186504
11462
156516
1038370
8006
101453
121586
178073
236839
34244
36244
1320403

IW! area
(km?)

281.41
184.04
123.31
884.74
972.55
90.30
261.78
533.46
514.75
368.04
191.62
467.17
4895.56

GDP
(100 million rmb)?

28669
29806
16538
63002
70116
25123
42886
25980
72812
16803
3702

395440

Coast type

Bedrock, sandy, silty mud, artificial, and estuaries

Bedrock, sandy, silty mud, artificial, and estuaries

Artificial

Bedrock, sandy, silty mud, artificial, and estuaries

Sandy, silty mud, artificial, and estuaries

Artificial

Bedrock, sandy, artificial, and estuaries

Bedrock, sandy, silty mud, artificial, estuaries, and biological
Bedrock, sandy, silty mud, artificial, and estuaries

Bedrock, sandy, silty mud, artificial, estuaries, and biological
Bedrock, sandy, silty mud, artificial, and biological

TIW represents intertidal wetland. 2The GDP is from the yearbook of the Chinese coastal region. Macao and Hongkong are included in the Guangdong Province

during analysis. All data are from the 2015 database. Bold underlines highlight the highest value of each row.
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