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Abstract: Understanding the dynamic response of surface soil moisture (SSM; 0-7 cm) 24 

drying to rising temperature is vital to predict future changes in agricultural and 25 

hydrological drought. Here we use quantile regression to explore the scaling effects of 26 

2-m air temperature on SSM (%/°C) of the driest month in 8 different land cover types 27 

in the Yellow River Basin by using temperature intervals and a sliding window 28 

approach. SSM decreases significantly with air temperature and decreases more rapidly 29 

in warmer conditions, except for plain field, suggesting temperature has a greater effect 30 

on SSM-temperature scaling than land cover. For warmer conditions, scaling exhibits 31 

larger spatial heterogeneity, indicating that it is mainly affected by local factors. When 32 

SSM is moderate, the scaling is constrained by various factors, but mainly by 33 

temperature. Comparatively, the scaling is close to 0 when SSM is very high or very 34 

low. The study highlights that global warming effects on drought may be 35 

underestimated. The findings provide an important theoretical basis for the study of the 36 

effect of temperature on soil moisture and the prediction of droughts in the future. 37 

 38 
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1 Introduction 42 

Drought is a frequently occurring extreme event caused by hydro-climatic deficit 43 

(Dai, 2011; Sheffield et al., 2008), with significant adverse effects on ecosystems, 44 
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hydrology, agriculture and economies globally (Liu et al., 2021; Vicente-Serrano et al., 45 

2012). However, for many regions, the magnitude and even direction of climate 46 

warming-induced drought trends depends on how drought is defined, and there are often 47 

large differences between drought indicators used such as precipitation, soil moisture, 48 

runoff, and vegetation health (Brunner et al., 2021; Cook et al., 2018; Diffenbaugh et 49 

al., 2015). Even at the land surface, strong differences across drought indicators are 50 

evident (Cook et al., 2018). 51 

The transition from meteorological drought (i.e., insufficient precipitation) to soil 52 

moisture drought depends on many processes that affect the surface water balance. 53 

Most importantly, however, soil moisture drought can be regarded as the time-integral 54 

balance between insufficient precipitation and subsequent loss of water including 55 

evapotranspiration, runoff and drainage (Berg & Sheffield, 2018; Cook et al., 2018). 56 

Soil moisture drought is crucial because reduced soil moisture is often related to soil 57 

water stress on vegetation, which limits the physiological functions of ecosystems, and 58 

thus can have significant impacts on agricultural production (Berg & Sheffield, 2018; 59 

Liu et al., 2021; Troch et al., 2013). Soil moisture, especially surface soil moisture 60 

(SSM), is also an important variable regulating the interaction between the land and the 61 

atmosphere (Fischer et al., 2007; Mishra, 2020; Guswa et al., 2002; Korres et al., 2014; 62 

Zhang et al., 2018) and can change the partitioning of water and energy fluxes 63 

(Trenberth et al., 2014).  64 

The growing body of literature shows that climate warming might have increased 65 

historical soil moisture drought (Dai, 2013; Gu et al., 2019a and 2019b; Miralles et al., 66 
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2019), and might also exacerbate the severity of future droughts, possibly even sharply 67 

(Berg et al., 2018). As noted above, based on multi-satellite datasets, a decrease of 68 

global SSM was observed in 1988-2010, with more regions showing negative trends 69 

(Dorigo et al., 2012). Comparatively, despite differences among climate models in the 70 

complexity of their surface components and large uncertainties in the simulated soil 71 

moisture fields, models can predict robust reductions in future SSM across most regions 72 

of the globe, with approximately 70% of the land area showing reductions in the multi-73 

model mean SSM under the RCP8.5 scenario (Berg et al., 2017 and 2018; Cheng et al., 74 

2017) and regional declines of up to 10% (Zhao and Dai, 2015; Cheng et al., 2017). 75 

Even in regions with increased precipitation, no regions show statistically significant 76 

increases of SSM in models (Berg & Sheffield, 2018). In contrast, changes of total-77 

column soil moisture are more uncertain, with only slightly negative global mean, 78 

mostly in regions with decreased precipitation (Sheffield et al., 2008; Cook et al., 2018).  79 

Consistently, different measurements of SSM drought suggest there will be 80 

spatially widespread increased drought in warmer climates, due to temperature-driven 81 

increases in evapotranspiration demand (Berg & Sheffield, 2018; Dorigo et al., 2012) 82 

The widespread SSM drying is significantly lower than the drying predicted from 83 

localized precipitation declines alone, suggesting that warming may be an important 84 

amplifier of soil moisture drought (Cook et al., 2018; Williams et al., 2015). For 85 

example, in most regions, warmer temperatures can exacerbate soil moisture drying by 86 

increasing evapotranspiration and reducing snowfall and snowpack levels despite 87 

uncertain precipitation changes (Cook et al., 2018). The rate of soil moisture drying 88 
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varies with the climatic characteristics, land cover, soil type, and drought severity (Fan 89 

et al., 2021; McColl et al., 2017; Tang and Piechota, 2009; Vicente-Serrano et al, 2020), 90 

For instance, land cover and soil type can influence drought by altering the surface 91 

partitioning of precipitation (e.g., interception, infiltration and runoff) and regulating 92 

water fluxes between the surface and the atmosphere (Fan et al., 2019; Cook et al., 93 

2018). Previous studies have mainly focused on the long-term changes of soil moisture 94 

under the background of global warming, while in-depth research on the effect of rising 95 

temperature on soil moisture drought is lacking. Based on this, we proposed the 96 

following questions: what is the impact of rising temperature on SSM drought? Is the 97 

relationship linear? This will improve our understanding of the changes of soil moisture 98 

drought under climate change. 99 

The Yellow River Basin is an ecologically fragile area in China and is extremely 100 

sensitive to climate warming (Li et al., 2019). Studies show that with global warming, 101 

soil moisture has become drier in the region (Wang et al., 2011), and such drying can 102 

significantly affect the ecological environment, especially the artificial ecological 103 

restoration implemented in recent years (Li et al., 2019). SSM in the driest month of 104 

each year was chosen to mitigate the influence of hydrological factors such as 105 

precipitation and groundwater, and because long-term SSM is more sensitive to rising 106 

temperature relative to total-column soil moisture (Sheffield et al., 2008; Whan et al., 107 

2015), and because external water recharge by precipitation and groundwater is weak 108 

under drought conditions. Based on this, we used SSM of ERA5-Land in the driest 109 
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month of the year, with different temperature intervals and sliding windows, to explore 110 

the effect of rising temperature on SSM drought in 8 different vegetation land covers. 111 

 112 

2 Data Sets and Methods 113 

2.1 Data Sets 114 

ERA5-Land is the fifth generation ECMWF (European Centre for Medium-Range 115 

Weather Forecasts), publicly-available, high-resolution (0.1°×0.1°) hourly reanalysis 116 

dataset produced by the Copernicus Climate Change Service (C3S), providing the 117 

possibility of detailed studies at the watershed scale (Muñoz Sabater, 2021). It also 118 

provides a consistent view of the evolution of land variables from 1981 to present, 119 

combining model data with observational data into a globally complete and consistent 120 

data set. ERA5-Land contains four soil layers (Layer 1: 0 -7 cm, Layer 2: 7-28 cm, 121 

Layer 3: 28-100 cm, Layer 4: 100-289 cm). ERA5-Land SSM (0-7 cm) dataset has been 122 

widely used and performs well in general when compared with observations and other 123 

model/satellite datasets (Beck et al., 2021; Muñoz Sabater et al., 2021). 124 

For temperature, we use 2-meter air temperature data from the China 125 

Meteorological Forcing Dataset (CMFD), a set of near-surface meteorological and 126 

environmental reanalysis developed by the Institute of Tibetan Plateau Research, 127 

Chinese Academy of Sciences (He et al., 2020). CMFD merges a series of remote 128 

sensing datasets, reanalysis datasets and in-situ observation data, including GLDAS 129 

data (Rodell et al., 2004), MERRA pressure data (Rienecker et al., 2011), GEWEX-130 

SRB radiation data (Pinker et al., 2003), TRMM satellite precipitation data 131 
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(Kummerow et al., 2000) and in-situ data from the China Meteorological 132 

Administration (CMA; He et al., 2020). It spans 1979 to 2018 with a time resolution of 133 

3 hours and a horizontal resolution of 0.1°×0.1° (He et al., 2020; Yang et al., 2010). 134 

CMFD has become one of the most widely used climate data sets in China due to 135 

consistent quality and continuous spatio-temporal coverage (He et al., 2020). 136 

The land cover data comes from the remote sensing monitoring data of China's 5-137 

year land status programme of the Resource and Environmental Science and Data 138 

Center. It is completed with the support of several major scientific and technological 139 

projects of the Ministry of Science and Technology of China and the Chinese Academy 140 

of Sciences, and covers a long period of time (1990/1995/2000/2005/2010) and the 141 

entire country. This data set uses Landsat remote sensing images as the main data source 142 

and has been verified through manual visual interpretation (Liu et al., 2014). The spatial 143 

resolution of this freely available data is 1 km × 1 km. The data set divides land cover 144 

into 6 primary types and 25 secondary types. The primary types are cultivated land, 145 

wooded land, grassland, water area, construction land and unused land (Liu et al., 2014). 146 

All data sets used in this study have been listed in Table 1. 147 

 148 

2.2 Methods 149 

We compute the mean SSM and meteorological data for each month and select the 150 

lowest monthly SSM in each year, and the corresponding temperature. The five-year 151 

land cover data (1990/1995/2000/2005/2010) of the remote sensing monitoring 152 

database of China's land cover status is used to obtain the modal land cover for the 153 
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entire study period (1981-2018). All data are resampled to the same spatial resolution 154 

(0.1°×0.1°) using a bilinear interpolation, except land cover data by the mode 155 

interpolation. The baseline period of 1981-2018 shared by the meteorological and SSM 156 

datasets was selected. The Yellow River Basin (YRB) has a total of 8,593 grid cells, 157 

subdivided into 3 primary land cover types and 8 subtypes (Table 2; Figure 1), namely: 158 

dry farmland (mountain field: 2.61% of total area, hilly field: 12.03%, and plain field: 159 

14.45%), wooded land (forested land: 5.30% and shrubland: 5.38%), and grassland 160 

(dense grassland: 8.91%, medium-density grassland: 26.08% and sparse grassland: 161 

15.38 %). Other land covers with small area or accumulated water are not considered 162 

in this study. 163 

For each land cover type, we employ quantile regression to analyze the scaling of 164 

the driest monthly SSM with temperature. Quantile regression estimates the linear 165 

relationship between a set of explanatory variables and the quantiles of the response (or 166 

target) variables (Koenker & Hallock, 2001). The calculation of the quantile regression 167 

estimator minimizes the asymmetrical absolute value residuals, and it is more robust to 168 

outliers than the least squares approach and is more reliable in estimating coefficients 169 

for non-normal distributions. 170 

Given a series of data pairs (xi, yi) for i = 1, … , n, the quantile regression model is 171 

as follows (Koenker & Hallock, 2001; Wasko & Sharma, 2014): 172 

𝑦𝑖 = 𝛽0

(𝑝) + 𝛽1

(𝑝)
 ×  𝜖𝑖

(𝑝)                                                                   (1) 173 

where p is the quantile (0<p<1) and 𝜖𝑖 is the regression error with zero expectation. The 174 

parameters 𝛽̂0

(𝑝)

 and 𝛽̂1

(𝑝)

 are employed to minimize D: 175 
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(𝑝)

− 𝛽1
(𝑝)

𝑥𝑖|
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(𝑝)
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In this study, xi refers to temperature, yi is SSM, 𝛽1

(𝑝)
 is the slope of the fitted quantile 178 

regression. The scaling of SSM with temperature is calculated by dividing the slope by 179 

the multi-annual mean driest SSM in the baseline period of 1981-2018. We employ a 180 

bootstrap approach to calculate the significance level of quantile regression. 181 

We explore the influence of temperature on the scaling by splitting the temperature 182 

range into two parts reflecting cooler and warmer conditions, by using a fixed threshold 183 

temperature of 14 ºC, which is the median value of all data pairs, and by using the 184 

median for each land cover. The influence of temperature on scaling is further explored 185 

by employing the median temperature in each grid cell to ensure a sufficient and similar 186 

number of sequence pairs in each temperature interval. Finally, we equally assess the 187 

change in the scaling of SSM with temperature for every degree increase in temperature, 188 

using a one degree sliding window. To ensure that there are 10 (n=1, 2, 3, … , 10) 189 

sliding windows between the lowest temperature (Tmin) and highest temperature (Tmax) 190 

of all data pairs, the window length (L= Tmax - Tmin -n+1) is determined. We choose n 191 

= 10 to provide a balance between the number of windows and the number of points 192 

required in each window. 193 

   194 

3 Results and Discussion 195 

3.1 Scaling of SSM with Temperature 196 
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SSM decreases with mean air temperature, and the 50th percentile regression of 197 

SSM with temperature is significantly negative in all land cover types (p < 0.05; Figure 198 

2). These findings support the well-known negative feedback of temperature on SSM 199 

(Cheng & Huang, 2016; Deng et al., 2020; Lakshmi et al., 2003; Oki & Kanae, 2006) 200 

but additionally highlight how the strength of the feedback varies with temperature and 201 

land cover types. Increasing temperature reduces SSM by increasing evapotranspiration 202 

(Pascolini-Campbell et al., 2021), but it may also increase precipitation (Lenderink & 203 

van Meijgaard, 2008). Because the increase in precipitation is limited by atmospheric 204 

radiative cooling, it increases at a much lower rate than the Clausius-Clapeyron rate (of 205 

increasing atmospheric water vapor with increasing temperature), namely 1 ~ 2 %/K 206 

versus 7 %/K for the slope of Clausius-Clapeyron (Allen and Ingram, 2002; 207 

Pendergrass and Hartmann, 2014; Berg and Sheffield, 2018).  Conversely, Penman-208 

Monteith potential evapotranspiration is expected to increase much faster than 209 

precipitation on land, by about 5 %/K, and more homogeneously (Fu and Feng, 2014; 210 

Scheff and Frierson, 2014). Increased vapor pressure deficit, which is exponentially 211 

responding to temperature, increases atmospheric demand but also reduces 212 

evapotranspiration through stomatal conductance stress (Massmann et al., 2019). 213 

Typically, as temperature increases, the growth rate of evapotranspiration exceeds that 214 

of precipitation, which may explain why the SSM decreases (Deng et al., 2020; Zhang 215 

et al., 2019). Increasing air temperature is also likely to increase extreme precipitation 216 

but reduce the occurrence of precipitation (Ma et al., 2015; Slater et al., 2021; Wang et 217 

al., 2020). The reduction of moderate and light rain further exacerbates the lack of SSM 218 



 11 / 42 

 

and may lead to agricultural drought, especially in drought months. Even in regions 219 

where precipitation increased due to warming, no significant increases of SSM were 220 

found in models (Berg & Sheffield, 2018).  221 

Moreover, SSM has a higher decrease rate with increasing temperature in dry 222 

farmland (mountain field and hilly field), except for plain field (-0.34 %/ ºC), followed 223 

by wooded land and grassland (Figure 2i). These differences in deceleration rate may 224 

relate to the land cover type, climatic conditions, and evapotranspiration (Deng et al., 225 

2020). As a main driver of transpiration, higher leaf area index leads to higher 226 

transpiration in wooded land than grassland (Kleb and Wilson, 1997; James et al., 2003). 227 

For dry farmland, the deceleration rate of SSM with temperature is significantly (p < 228 

0.05) lower in plain field (-0.34 %/ ºC) than mountain field (-0.76 %/ ºC) and hilly field 229 

(-0.95 %/ ºC), even though the temperature in plain field (temperature: 16.19 ºC) is 230 

slightly higher than mountain field (15.70 ºC) and close to hilly field (16.24 ºC). Plain 231 

field features a lower average SSM in the driest month (0.18 m3/m3) than mountain 232 

field (0.22 m3/m3) and hilly field (0.21 m3/m3; Figure 1c), which may limit the water 233 

available for evaporation. Mountain field and hilly field have high air temperature 234 

compared to other land covers, with sufficient energy for evapotranspiration, which 235 

may lead to rapid decreases in SSM with increasing temperature. For wooded land, the 236 

deceleration rate of SSM with temperature is similar in shrubland (-0.55 %/ ºC) and 237 

forested land (-0.58 %/ ºC) due to similar SSM and temperature. For dense grassland, 238 

the change of SSM with the increase of temperature is the slowest, at -0.28 %/ºC 239 

(temperature: -0.63 ºC; slope: -0.85×10-2 m3m-3/ºC; SSM: 0.34 m3/m3; mainly due to 240 
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the lowest temperature, despite having the highest SSM), followed by medium-density 241 

grassland (-0.49 %/ºC) and sparse grassland (-0.56 %/ºC) (Figure 1 and 2). SSM 242 

declines faster with temperature in the lower vegetation coverage, indicating that the 243 

grass land cover has a limited effect on the reduction of SSM by transpiration. 244 

Meanwhile grassland with higher temperature shows greater decline of SSM with 245 

temperature, indicating that the difference of air temperature is the main influencing 246 

factor (Figure 1 and 2) rather than SSM or vegetation coverage.  247 

Different land cover types witness notable differences in the regression 248 

coefficients and significance levels of different quantiles (Figure 2 and 3). Overall, the 249 

middle quantiles (30th, 50th and 70th percentiles) of SSM decrease significantly and 250 

faster with temperature in most land cover types (Figure 2). However, in the whole 251 

watershed, the scaling of low quantiles is significantly smaller than high quantiles (p < 252 

0.05), that is, scaling10th < scaling30th < scaling50th < scaling70th < scaling90%, indicating 253 

that when SSM is lower, SSM reduces faster with temperature temporally (Figure 3). 254 

 255 

3.2 Difference in scaling in cooler vs warmer conditions 256 

 257 

To further study the change of SSM with air temperature across climate conditions 258 

(i.e. temperature ranges), we further analyzed the scaling of SSM with temperature in 259 

cooler and warmer conditions by three methods: using a fixed threshold (14 ℃ which 260 

is the median value of all data pairs; Figure 4 and S1); a statistical median in each grid 261 

cell (Figure 5) and a sliding window (Figure 6). In all land cover types, the change of 262 
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SSM with temperature features a greater rate of decrease in warmer conditions (Figure 263 

4, 5 and 6), which is significant except for sparse grassland (Figure 4a). The results 264 

from the sliding window analysis also suggest that SSM decreases faster as the sliding 265 

window moves to the higher temperature range, which is generally consistent with 266 

Figure 4 and 6. Previous work found that in high temperature conditions, an abnormally 267 

high coupling between temperature and soil moisture may occur in areas with low soil 268 

moisture (Miralles et al., 2012; Schwingshackl et al, 2017). For grassland, the 269 

differences between median scalings in cooler or warmer conditions are relatively small: 270 

respectively -0.26 %/℃ and -0.77 %/℃ for dense grassland (p < 0.0001); -0.41 %/℃ 271 

and -0.65 %/℃ for medium-density grassland (p < 0.01); -0.52 %/℃ and -0.79 %/℃ 272 

for sparse grassland (p > 0.05), however, the scaling shows a larger variation range in 273 

the warmer conditions (Figure 4a; Table 3). For wooded land, SSM decreases 274 

significantly faster and exhibits larger variation in warmer conditions; the scalings are 275 

respectively -1.96 %/℃ and -0.21 %/℃ for shrubland; -1.87 %/℃ and -0.21 %/℃ for 276 

forested land (Figure 4a). The scaling shows small difference between shrubland and 277 

forested land regardless of the temperature, suggesting that different forest types do not 278 

substantially affect the scaling. In contrast, substantial differences in scaling are found 279 

between cooler and warmer conditions suggesting temperature range may play a critical 280 

role in the influence of temperature on scaling. For dry farmland, SSM decreases 281 

significantly faster in warmer than cooler conditions, but with a similar variation range, 282 

and the scalings are, respectively: -0.37 %/℃ and -2.01 %/℃ for mountain field; -283 

0.13 %/℃ and -0.58 %/℃ for plain field; -0.88 %/℃ and -1.45 %/℃ for hilly field 284 
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(Figure 4a; Table 3). Meanwhile, there are large differences among the mountain, plain 285 

and hilly fields.  286 

 287 

SSM generally declines with temperature in most areas with large spatial 288 

heterogeneity in both cooler and warmer conditions (Figure 4 and 5; Cheng & Huang, 289 

2016; Wang et al., 2011). In the cooler conditions, the scaling exhibits less spatial 290 

heterogeneity, which is consistent with large-scale climate variables, such as, 291 

temperature (Figure 1, 3b and 5b), indicating that it is not greatly affected by local land 292 

cover and local heterogeneity in evapotranspiration. Moreover, the scaling is positive 293 

in the lower reaches of YRB close to the river channel (Figure 1, 3b and 5b). In warmer 294 

conditions, there is an evident spatial difference of the scaling with larger fluctuation 295 

range, suggesting it is more uncertain and mainly affected by local factors, such as land 296 

cover and soil properties. In particular, the area with positive scaling is consistent with 297 

the area with low SSM, indicating low SSM features notable scaling uncertainty, due 298 

to the lack of soil moisture available for evaporation (Figure 1b, 3c, S2c). These results 299 

further indicate that the scaling varies in different conditions and land cover has a 300 

greater effect on the scaling in warmer conditions than in cooler conditions. 301 

 302 

Due to the spatial climatological differences within any single land cover type, the 303 

scaling of SSM with temperature also has different spatial characteristics (Lakshmi et 304 

al., 2003; Miralles et al., 2012; Zhou et al., 2021). This is explored in Figure 7, which 305 

shows that the scaling of different sites has a negative correlation with air temperature 306 
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across all land cover types, indicating that the SSM drying in warmer areas is faster 307 

with increasing temperature (Figure 7). However, the decreasing rate of the scaling 308 

differs slightly among different land cover types. For every degree of temperature 309 

increase, the change of the scaling is -0.027 %/℃, with a high adjusted R2 value for all 310 

grassland types, and the change of the scaling with temperature is higher in the 311 

shrubland (-0.042 %/℃) and mountain field (-0.046 %/℃), consistent with Figure 4. 312 

The adjusted R2 in each land cover type, except for plain field and hilly field, is 313 

considerable, indicating the scaling is closely correlated with temperature in the spatial 314 

domain. 315 

 316 

3.3 The effect of SSM on scaling 317 

We further explored the relationship of scaling with SSM further (Figure 8 and S5) 318 

and found the scaling is close to zero under conditions of high SSM (Figure 8), 319 

suggesting that when soil moisture is reduced by evapotranspiration, other water 320 

sources are replenished to offset the reduction (Seneviratne et al., 2010). When SSM 321 

reduces by evapotranspiration, other water sources, such as deeper soil moisture, 322 

mitigate some of the evaporation reduction, resulting in that SSM is in dynamic 323 

equilibrium, so the scaling is close to 0 and rarely affected by temperature and SSM 324 

under conditions of high SSM.  325 

The scaling also reduces rapidly to 0 with decreasing SSM when SSM is below a 326 

lower critical value (Figure 8). The change of SSM with temperature is mainly 327 

restricted by SSM (Seneviratne et al., 2010) and its feedback on evapotranspiration, 328 



 16 / 42 

 

which leads to a reduction in the magnitude of evaporation, then, the scaling rapidly 329 

reduces to 0 as SSM reduces, in cases where SSM is not either evaporated by external 330 

energy or absorbed by vegetation (Edlefsen & Anderson, 1943). 331 

When SSM is moderate, between the smaller and upper critical values of SSM, 332 

the scaling changes strongly with SSM (Figure 8) and is affected by many climate and 333 

non-climate factors, but mainly restricted by temperature (Figure 8). These variables, 334 

especially temperature, play an important role in SSM drought mainly through the 335 

evapotranspiration process, so we cannot ignore that in the case of moderate soil 336 

moisture, energy and soil moisture regulations jointly limit the evapotranspiration rates, 337 

in turn affecting soil moisture content (Seneviratne et al., 2010).  338 

 339 

 340 

Discussions 341 

In this study, quantile regression was used to obtain robust scalings, and three 342 

methods were used to reduce the uncertainty of results. However, the research results 343 

still have certain uncertainties which are sourced mainly from but are not limited to: (1) 344 

Uncertainty of SSM data. Since it is difficult to obtain in-situ observed SSM data, this 345 

study adopted the SSM assimilation dataset of ERA5-Land, which has been widely 346 

verified and applied (Beck et al., 2020). The assimilation system reflects the land-347 

atmosphere interactions and the connection and transformation of SSM and subsoil 348 

moisture (Hersbach et al., 2020; Muñoz Sabater et al., 2021). In contrast, remotely-349 

sensed soil moisture can only reflect the SSM state (Beck et al., 2020), and may not 350 
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adequately reflect soil moisture changes due to deep-rooted vegetation through 351 

transpiration. (2) Uncertainty of land cover. Although good quality land cover data was 352 

used in this study (Liu et al., 2014), the land cover in this region has changed during 353 

the study period due to natural and anthropogenic factors (Li et al., 2019), which will 354 

inevitably lead to changes in the impact of temperature on SSM variations. (3) 355 

Inconsistency of data sources. The ERA5-Land assimilation system integrates 356 

observational data into the numerical dynamic model, and obtains the optimal solution 357 

of each variable through physical processes and equations (Muñoz Sabater et al., 2021), 358 

but this also brings certain systematic errors (Hersbach et al., 2020). By selecting high-359 

quality datasets from different sources, this study alleviates systematic errors caused by 360 

using datasets from the same assimilation system, but also leads to some inconsistencies. 361 

Nonetheless, the consistency of the results obtained by different methods supports the 362 

reliability of the conclusions. This study sheds new light on impact of rising 363 

temperature on soil moisture drought and has guiding significance for future risk 364 

management of soil moisture drought. 365 

 366 

Conclusions 367 

 368 

This study employs quantile regression to explore the effects of temperature on 369 

SSM in 8 different land cover types based on three methods, i.e., fixed threshold 370 

temperature intervals, the median temperature in each grid cell, and a sliding window 371 

approach. The results from the different methods are consistent and all support the 372 
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conclusion that higher mean temperature accelerates SSM drying. In particular, the key 373 

findings are: In the Yellow River Basin, SSM declined more rapidly with temperature 374 

in warmer land covers, suggesting that, relative to land cover, temperature has a greater 375 

effect on the response of SSM to temperature. Higher temperature accelerates SSM 376 

drying, even across different covers. In warmer conditions, the response of SSM to 377 

temperature exhibits spatial heterogeneity and substantial variation, suggesting that it 378 

is more uncertain and mainly affected by local factors such as land cover and soil type. 379 

When SSM is moderate, the response of SSM to temperature changes with SSM is 380 

restricted by multiple factors, but mainly by temperature, i.e., through 381 

evapotranspiration. The response of SSM to temperature is weak when SSM is too high 382 

and too low, and the response is restricted by insufficient SSM for evapotranspiration 383 

in the latter case. This work deepens the understanding of the impacts of rising 384 

temperature on soil moisture drought, and may guide future agricultural and 385 

hydrological drought risk management under a warming climate. 386 
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Table 1. The information and source of the datasets employed. 667 

  668 

Dataset Variable Spatial 

resolution 

Temporal 

resolution 

Time range Source 

ERA5-Land Surface soil 

moisture (0-7 

cm) 

0.1°×0.1° hourly 1981-present https://cds.c

limate.coper

nicus.eu 

China 

meteorological 

forcing dataset 

2-meter air 

temperature 

0.1°×0.1° daily 1979-2018 https://data.t

pdc.ac.cn 

Remote sensing 

monitoring data 

of China's land 

cover 

Land cover 1 km × 1 km 5 years 1990/1995/20

00/2005/2010

/2015 

http://www.

resdc.cn 

  669 
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Table 2. Detailed information of land cover used in this study. The number of grid cells and the area 670 

ratio of each land cover to the entire study area are provided. The land covers with open water or 671 

small area ratio are not considered. 672 

 673 

Primary 

classification 

Second 

classification 

Notesb (Area ratios; grid cells) 

Dry farmland Mountain field (2.61%; 224) 

Hilly field (12.03%; 1034) 

Plain field (14.45%; 1242) 

Wooded land Forested land Natural forests and plantations with a canopy density 

greater than 30%. (5.30%; 455) 

Shrubland Low woodland and shrubland with a canopy density greater 

than 40% and a height of less than 2 meters. (5.38%; 462) 

Grassland Dense grassland Grassland with a canopy density greater than 50%. (8.91%; 

765) 

Medium-density 

grassland 

Grassland with a canopy density of 20~50%. (26.08%; 

2241) 

Sparse grassland Grassland with a canopy density of 5-20%. (15.38%; 1322) 

  674 
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Table 3. The 25%, 50% and 75% percentile scalings for different temperature ranges (< 14 ℃, all 675 

data and >= 14 ℃) in the eight different land covers which correspond to Figure 3. 676 

 677 

 
< 14 ℃ All data >= 14 ℃ 

25% 50% 75% 25% 50% 75% 25% 50% 75% 

Dense grassland -0.49 -0.26 -0.16 -0.54 -0.28 -0.18 -1.92 -0.77 0.03 
Medium-density grassland -0.91 -0.41 -0.15 -0.91 -0.49 -0.18 -1.77 -0.65 0.29 

Sparse grassland -1.12 -0.52 -0.17 -1.06 -0.56 -0.24 -2.60 -0.79 0.60 

Shrubland -0.57 -0.21 0.02 -1.00 -0.55 -0.19 -3.06 -1.96 -0.53 

Forested land -0.55 -0.21 0.55 -1.10 -0.58 -0.23 -3.21 -1.87 -0.23 

Mountain field -0.64 -0.37 -0.01 -1.22 -0.76 -0.47 -2.81 -2.01 -1.17 

Plain field -0.59 -0.13 0.55 -0.69 -0.34 -0.10 -1.63 -0.58 0.13 

Hilly field -1.36 -0.88 -0.02 -1.28 -0.95 -0.58 -2.32 -1.45 -0.30 

 678 
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 679 

Figure 1. Land cover (a), the multi-annual average driest monthly surface soil moisture 680 

(hereafter: SSM; b-c), and corresponding 2-meter air temperature (Hereafter: 681 

Temperature; d-e) in the Yellow River Basin (0.1°×0.1°). The area ratios of different 682 

land cover types within the basin are provided (a). The land covers are ordered by the 683 

median temperature. The colored labels indicate the boxplot medians in different land 684 

covers (c and e). Kruskal Wallis test results are highly significant for both SSM and 685 

temperature across different land cover types (p<0.001). 686 
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 687 
Figure 2. The relationship between SSM and temperature in different land cover types. 688 

The different oblique straight lines indicate the 10%, 30%, 50%, 70% and 90% quantile 689 

regression fits. The smooth blue curve and shading indicate the local polynomial 690 

regression fitting line and its 95% confidence interval. On each panel, the 50th percentile 691 

quantile regression coefficient (10-2m3m-3/ºC) is provided, multiplied by 102. All 692 

quantile regression coefficients for all land cover types are negative. Regression 693 

coefficients with a superscript asterisk (*) are significant at the 95% level. The dashed 694 

horizontal lines indicate the mean SSM (a-h). The colored labels indicate the boxplot 695 

medians in different land covers (i); colors are the same as in Figure 1. The Kruskal 696 

Wallis test result for scaling across all land cover types is highly significant (p<0.001).  697 
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 698 
Figure 3. The spatial patterns (a-e) and the density curves (f) of scaling for different 699 

quantile regression of SSM with temperature. The 10%, 30%, 50%, 70% and 90% 700 

quantile regression scalings are provided corresponding to Figure 2. The p-value of 701 

Kruskal Wallis test for scalings across all quantiles and Wilcoxon test between pairwise 702 

groups are all far less than 0.  703 
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 704 

Figure 4. Scalings of SSM with temperature (%/°C) for the 50th percentile of quantile 705 

regression (panel a). Maps indicate scalings for temperature intervals of (b) less than 706 

14 ºC, and (c) more than 14 ºC (which is close to the central temperature of all data 707 

used). Panel (a) zooms in on the boxplots for clarity (the full temperature interval is 708 

shown in Figure S1). The colored labels indicate the median and number (enclosed in 709 

parentheses) of scaling coefficients in each land cover type (a). The scaling is calculated 710 

only in grid cells with at least 10 data point pairs. The Kruskal Wallis test results for 711 

scalings in different temperature intervals have been provided in panel (a): “-”, “*”, 712 

“**”, “***” and “****” respectively refer to p-values: >= 0.05, < 0.05, < 0.01, < 0.001 713 

and < 0.0001. Moreover, the Kruskal Wallis test result for scalings across all land cover 714 

types is highly significant (p<0.001) in each temperature interval.  715 
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 716 

 717 

Figure 5. Scalings of SSM with temperature for the 50% quantile regression (panel a). 718 

Maps indicate (b) the lower half (0%-50%), and (c) the upper half (50%-100%) of the 719 

temperature range in each grid cell. Panel (a) zooms in on the boxplots for clarity. The 720 

colored labels indicate the median of scalings in different land covers in panel (a). The 721 

Kruskal Wallis test results for scalings in different temperature ranges have been 722 

provided in panel (a): “-”, “*”, “**”, “***” and “****” respectively refer to the p-723 

value: >= 0.05, < 0.05, < 0.01, < 0.001 and < 0.0001. Moreover, the p-value of Kruskal 724 

Wallis test for scalings across all land covers is < 0.0001 in each temperature range.  725 
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 726 

 727 

Figure 6. Scalings of SSM vs. temperature in different sliding windows. (a) shows the 728 

sliding window approach; (b) colored lines show the fitted line of 50% quantile 729 

regression of scaling with each window in different land cover types. The top right 730 

panel indicates the scaling change (Δ) under the sliding temperature window, which is 731 

derived by subtracting the fitted value of W1 from the fitted value of W10.  732 
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 733 

Figure 7. Scatter plot of scaling with temperature. Orange points with transparency 734 

indicate the SSM-Temperature scaling (y-axis) versus the multi-annual average 735 

temperature (x-axis) for each grid cell in the Yellow River Basin. Blue points indicate 736 

the temperature versus the scaling averaged for every 1 ºC interval of temperature for 737 

all grid cells. The adjusted R square and coefficient of quantile regression are provided 738 

for each land cover type (showing the scaling and temperature have a strong 739 

relationship for most land covers). Asterisks (*) indicate that the linear regression is 740 

significant (p<0.05).  741 
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 742 

Figure 8. Scatter plot of scaling with SSM. Points indicate the multi-annual average 743 

SSM (x-axis) versus the SSM-Temperature scaling (y-axis) averaged for every 0.01 744 

m3m-3 interval of surface soil moisture for all grid cells. The colored backgrounds 745 

indicate two critical values: the lower and upper critical values, respectively. 746 


