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Abstract: Soil moisture plays crucial roles in the hydrological cycle and is also a critical link 

between land surface and atmosphere. The Pearl River basin (PRb) is climatically subtropical 

and tropical and is highly sensitive to climate changes. In this study, seasonal soil moisture 

changes across the PRb were analyzed using the Variable Infiltration Capacity (VIC) model 

forced by the gridded 0.5o×0.5o climatic observations. Seasonal changes of soil moisture in both 

space and time were investigated using the Mann-Kendall trend test method. Potential 

influencing factors behind seasonal soil moisture changes such as precipitation and temperature 

were identified using the Maximum Covariance Analysis (MCA) technique. The results 

indicated that: (1) VIC model performs well in describing changing properties of soil moisture 

across the PRb; (2) Distinctly different seasonal features of soil moisture can be observed. Soil 

moisture in spring decreased from east to west parts of the PRb. In summer however, soil 
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moisture was higher in east and west parts but was lower in central parts of the PRb; (3) A 

significant drying trend was identified over the PRb in autumn, while no significant drying 

trends can be detected in other seasons; (4) The increase/decrease in precipitation can generally 

explain the wetting/drying tendency of soil moisture. However, warming temperature contributed 

significantly to the drying trends and these drying trends were particularly evident during autumn 

and winter; (5) Significant decreasing precipitation and increasing temperature combined to 

trigger substantially decreasing soil moisture in autumn. In winter, warming temperature is the 

major reason behind decreased soil moisture although precipitation is in slightly decreasing 

tendency. Season variations of soil moisture and related implications for hydro-meteorological 

processes in the subtropical and tropical river basins over the globe should arouse considerable 

human concerns. 

Key words: Soil moisture; Seasonal variation; Climate change; Variable Infiltration Capacity 

model; China 

 

1. Introduction 

Soil moisture, as an important element in hydrological cycle, is highly interactive with 

atmosphere, hydrosphere, and biosphere (Koster et al., 2004; Fischer et al., 2007; Cheng et al., 

2015). Soil moisture takes part in land surface hydrological processes and hence significantly 

affects exchange of land surface fluxes, such as moisture, energy, carbon, and so on (Senevirate 

et al., 2010). Evapotranspiration is highly associated with the partitioning of incoming energy 

into latent and sensible heat fluxes controlled by soil thermal parameters regulated by soil 

moisture condition (Bastiaanssen, 2000). Runoff generation under rainfall events is also 
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influenced by antecedent soil moisture, evapotranspiration, and land surface characteristics. 

Therefore, an accurate estimation of soil moisture is necessary to investigate other hydrological 

variables, such as runoff and evapotranspiration (Liang et al., 1994). Human-induced global 

warming accelerates the global hydrological cycles, and hence alters the statistical characteristics 

of hydrological variables (Ziegler et al., 2003; Li et al., 2013a; IPCC 2013). Observational 

evidence and model simulations have investigated the historical and projected changes in 

spatiotemporal distributions of hydrological variables that have sufficient high-quality ground-

based measurements, such as precipitation and temperature (e.g. Zhang et al., 2011; Li et al., 

2013b; Sillmann et al., 2013a, 2013b). Existing studies of changes in hydrological variables with 

limited ground-based observations, such as soil moisture and evapotranspiration are mainly 

based on model simulations and products of remote sensing at long-term time scale, e.g. annual 

and decadal, and over large spatial domains, e.g. East Asia, China, USA, etc. (e.g. Yang et al., 

2009; Yang et al., 2011; Chen et al., 2015; Cheng et al., 2015). Nevertheless, studies on soil 

moisture at finer temporal and spatial scales, e.g. at a seasonal scale and in a basin, are so far 

limited, especially for areas in China. Regional responses of precipitation and temperature to 

climate change are different at different time scales. Therefore, the Intergovernmental Panel on 

Climate Change (IPCC) the fifth report (AR5) pointed out that more regional studies on 

hydrological variables such as soil moisture, evapotranspiration and streamflow are needed to 

understand impacts of climate change on different places of the globe (IPCC, 2012).   

Soil moisture controls the water available for plants and hence influences agricultural 

production (Lawrence and Vandecar, 2014). Agricultural activities, such as seedling, growing, 

harvesting, have strong seasonality (Wang et al., 2012). Therefore, soil moisture conditions in 

various seasons have very different implications for agricultural production. For example, 
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persistent soil moisture deficit in autumn can result in more significant impacts on agricultural 

production than that in winter. However, such seasonal variability is hardly characterized at 

annual or even longer time scales. Seasonal precipitation deficit, i.e. meteorological droughts, 

has been well investigated in different regions of China (Zhang et al., 2012; Li et al., 2015), but 

it cannot fully represent soil moisture deficit, which directly affects agricultural production and is 

determined by complex hydrological processes and mechanisms associated with a number of 

contributing factors, such as precipitation, temperature, vegetation, and land use land cover 

(Chen et al., 2015). Furthermore, the relationships between soil moisture changes and the related 

hydrological factors are different in different areas, making the investigations on the 

relationships more difficult.  

A drying trend is expected over China, especially in northeastern China, under global 

warming as shown in studies based on various data sources (e.g. Dorigo et al., 2012; Dai, 2013; 

Cheng et al., 2015). In most of these studies at annual scale, no significant trends in soil moisture 

are detected in the Pearl River basin (PRb) located in Southern China. The PRb is the second 

largest river in China in terms of total discharge volume with a drainage area around 4.42×105 

km2 (PRWRC, 1991; Zhang et al., 2009a) (Fig. 1). The PRb is dominated by tropical and sub-

tropical climate zones and largely influenced by the summer monsoon climate with annual 

precipitation ranging from 1000 mm to 2000 mm, while summer precipitation accounts for 72-

88%. Although water resources in the PRb are more than those in North China, the strong 

seasonal cycle in precipitation makes it vulnerable to droughts, such as the 2010 droughts in 

western PRb have caused substantial reductions in agricultural production (Yang et al., 2011).  

Although this seasonality in precipitation and temperature and their implications on 

meteorological droughts over the PRb have been investigated in previous studies (e.g. Chen et al., 
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2011; Zhang et al., 2012b), the seasonality of soil moisture, which is associated with agricultural 

droughts, has seldom been discussed so far, largely due to limited in-situ observations. Therefore, 

this paper aims to 1) estimate spatiotemporal changes of soil moisture in spring, summer, autumn 

and winter during 1961-2010; 2) examine the relationships of changes in soil moisture with 

precipitation and temperature and estimate the contributions of these factors to changes in soil 

moisture, and 3) identify roles in precipitation and temperature in changing soil moisture in 

different seasons. The study can shed new light on regional responses of seasonal soil moisture 

changes to climate variations, and provides more direct implications on agricultural droughts and 

productions which are more sensitive to seasonal changes in hydrological variables. 

 

2. Data 

Daily precipitation and temperature data during 1961-2010 in the PRb at 0.5o×0.5o spatial 

resolution were collected from the National Climate Center of China Meteorological 

Administration (CMA) China, to drive the VIC model. Although other observed datasets with 

finer resolutions are available, e.g. a dataset with 0.5o×0.5o resolution during 1981-2008 and 

0.25o×0.25o during 1996-2006 developed by Yang et al. (2010), the lengths of these datasets are 

not long enough for long-term temporal changes in this study. Furthermore, previous studies 

have adopted 0.5o×0.5o and coarser spatial resolutions for the PRb (e.g. Niu and Chen 2010; Niu 

et al., 2014; Yan et al. 2015). Therefore, the CMA dataset can provide reasonable spatial 

resolution (i.e. 0.5o×0.5o) and sufficient temporal coverage (1961-2010) to analyze temporal 

changes in soil moisture in this study. Daily streamflow data during 1961-2005 at Boluo, Shijiao, 

and Wuzhou hydrologic stations were collected from Hydrologic Yearbook to calibrate and 

validate the hydrological model (Fig. 1). These hydrologic stations are the controlling stations of 
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the three major sub-basins of the PRb, i.e. the East River, the North River, and the West River 

basins. Wind speed was obtained from the National Centers for Environmental Prediction-

National Center for Atmospheric Research (NCEP-NCAR) reanalysis (Kalnay et al., 1996). 

Soil moisture from the Global Land Data Assimilation System (GLDAS) was collected to 

validate the VIC simulations in soil moisture (Rodell et al., 2004). GLDAS is an advanced land 

surface modeling system based on data assimilation techniques to incorporate satellite- and 

ground-based observational products with aim to generate optimal fields of land surface states 

and fluxes. GLDAS drives multiple and offline (not coupled to the atmosphere) land surface 

models and integrates a huge quantity of observational datasets at high resolutions enabled by the 

Land Information System (LIS) (Rui and Beaudoing, 2016). The outputs of soil moisture content 

in kg/m2 in GLDAS include four layers with the depths of 0-10 cm, 10-40 cm, 40-100 cm, and 

100-200 cm. The GLDAS dataset has been validated against available data from multiple data 

sources (e.g. Chen et al., 2013; Zhang et al., 2008), and employed for different kinds of purposes, 

such as data assimilation, validation, weather and climate model initialization (e.g. Lin et al., 

2008; Syed et al., 2008). There are two versions of GLDAS datasets including GLDAS-1 and 

GLDAS-2. Compared with GLDAS-1, the GLDAS-2 has been reprocessed with updated 

Princeton Forcing Data and upgraded Land Information System (LIS) software, which can more 

effectively reduce the influences of switches of forcing data sources on outputs, such as 

unnatural trends and highly uncertain forcing fields. Furthermore, the GLDAS-2 outputs started 

from 1948, which is much earlier than the GLDAS-1 which started from 1979. Therefore, the 

monthly soil moisture with the depth of 0-10 cm from GLDAS-2 based on NOAH land surface 

model at the 0.25o×0.25o resolution was used to validate the soil moisture simulations. 
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Furthermore, the Essential Climate Variables (ECV) and known as the Climate Change 

Initiative (CCI) soil moisture dataset reproduced by the assimilation of active, passive and 

combined satellite observations since 1979 was used to validate the soil moisture simulations in 

this study (Liu et al., 2011, 2012; Chen et al., 2016; Feng, 2016). The active product is the output of 

merging scatterometer-based soil moisture data, which were derived from AMI-WS and ASCAT 

(Metop-A and Metop-B). The passive product merges data from SMMR, SSM/I, TMI, AMSR-E, 

WindSat, AMSR2, and SMOS. The combined product merges the active and the passive 

products with considering effects of vegetation. The layer depth of ECV soil moisture is 0.5-5 

cm at the 0.25o×0.25o resolution. For areas with dense vegetation (tropical, boreal forests), strong 

topography (mountains), ice cover (Greenland, Antarctica, Himalayas), a large fractional 

coverage of water, or extreme desert areas were masked where the soil moisture retrieval failed. 

The ECV combined soil moisture of version 03.2 with unit of m3/m3 that released recently is 

selected in this paper due to its improved gap filling, new data attributes, and a revision of 

processing algorithms and merging procedures. More details about the ECV data can be found 

from http://www.esa-soilmoisture-cci.org/node. 

 

3. Methods 

3.1. The Variable Infiltration Capacity model 

The Variable Infiltration Capacity (VIC) model was used to simulate daily runoff at the 

0.5o×0.5o spatial resolution over the PRb (Liang et al., 1994). The VIC model has been widely 

used and its performance has been well validated across the world, e.g. in Minnesota River 

(Cherkauer and Lettenmaier, 2003), the western United States (Shi et al., 2008), China (Wu et al., 
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2007), and Australia (Sivapalan et al., 1997). The VIC model is a semi-distributed macroscale 

hydrologic model, handling water and energy balances within a grid cell (Gao et al., 2010). In 

the VIC, the variable infiltration curve is used to consider the spatial heterogeneity of the runoff 

generation (Zhao, 1992). Saturation, excess runoff, infiltration, snow melting and soil freeze-

thaw processes are considered in the VIC (Liang et al., 1996; Nijssen et al., 2001b; Dan et al., 

2012). In the water balance mode, soil surface temperature is equal to air temperature, and 

surface energy balance is unsolved. The energy balance mode solves surface energy balance by 

iterative processes, which are more computational demanding. Three types of evaporations are 

considered in the VIC model, including canopy evaporation, vegetation transpiration, and 

evaporation from bare soil (Liang et al., 1994). The potential evapotranspiration (PET) is 

calculated from the Penman-Monteith equation based on temperatures (Shuttleworth, 1993). The 

actual evapotranspiration (AET) from these three types are estimated based on different 

formulations, e.g. formulation from Ducoudre et al. (1993), for vegetation transpiration and Arno 

formulation for soil evaporation, with consideration of parameters for different vegetation types, 

soil properties, soil moisture. More details of the VIC can be found in Gao et al. (2010). 

The global parameters at the 0.5o×0.5o spatial resolution generated by Nijssen et al. (2001a,  

2001b) were used to represent the land surface properties in the VIC. The soil textural 

parameters and soil bulk densities were derived from the Food and Agriculture Organization 

(FAO, 1998) combined with the World Inventory of Soil Emission Potentials pedon database 

(Batjes, 1995). Vegetation types were obtained from 1 km AVHRR (Advanced Very High 

Resolution Radiometer)-based land classification from Hansen et al. (2000). Despite these 

physically-derived parameters, there are seven soil parameters subject to calibration, including 

infiltration parameter bi, fraction of maximum base flow Ds, maximum velocity of base flow Dm, 
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fraction of maximum soil moisture content of the third layer Ws, and thicknesses of the three soil 

layers d1, d2 and d3 (Xie et al., 2007). In this study, the VIC was implemented for the East River, 

the North River and the West River basins with 3 soil layers at a daily time step with the water 

balance mode. After solving the water balance in a grid cell, the base flow and runoff are 

determined at the end of the time step. A routing model was employed to rout surface runoff and 

base flow to the outlet of grid cells then into the river channel of that basin (Lohmann et al., 

1998). The routing model calculates the concentration time for runoff to the outlet of a grid cell 

and the channel flow in the river network (Gao et al., 2010). The within-cell routing is solved by 

a linear transfer function based on the internal impulse response function. Then the linearized 

Saint-Venant equation is used for channel routing. 

The Shuffled Complex Evolution (SCE-UA) method, a global optimization procedure 

developed by Duan (1992, 1993), was used to calibrate VIC by optimizing the seven 

aforementioned parameters. Two measures were incorporated into the objective function: the 

Nash-Sutcliffe efficiency measure E (Nash and Sutcliffe, 1970) and the bias B (total model error 

divided by total observed streamflow). The objective function F is a weighted combination of E 

and a logarithmic function of B as indicated by Viney (2009)  

F=E-5|ln(1+B)|2.5                      (1) 

The coefficients of this function control the severity and shape of the bias constraint penalty 

(Zhao et al., 2012a). The ranges of these parameters for calibration are shown in Table 1. The 

period of 1961-1970 was used for calibrating the VIC model, while the period of 1971-1980 was 

used for validating the VIC model. The PRb has been experiencing rapid economic development 

and widespread land use changes since the 1980s and these changes significantly affected the 

hydrologic conditions (Seto et al., 2002). Therefore, choosing periods before the 1980s for model 
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calibration and validation was to minimize the effects of human activities on calibration and 

validation of the VIC model. The implementation of VIC following this procedure has been 

successfully applied in the PRb (e.g. Li et al., 2016). 

 

3.2. Trend detection method 

The Mann-Kendall test (M-K test) was used to quantify the significance of the possible 

trends of a time series (Mann, 1945; Kendall, 1975).  As a nonparametric test, the M-K test 

provides more robust results against outliers and skewed distributions. The M-K test has been 

widely used in the fields of hydrology, climatology, and meteorology (e.g. Gu et al., 2007a, 

2017b; Zhang et al., 2014). The statistic S of the M-K test, defined as the proportion of 

concordant pairs minus the proportion of discordant pairs in the sample, was used to identify the 

temporal trend: 

1

1 1
sgn( )

1 0
sgn( ) 0 0

1 0

n N

j i
i j i

j i

j j i

j i

S X X

X X
X X X X

X X



  


 


   

    
   



                                                 (2) 

where iX  and jX  are the data values in the time series and n is the size of the sample. The 

significance of the trend was detected by the M-K test at the significance level of 5%.  

Either serial or cross correlation may affect the results of Mann-Kendall test, so pre-

whitening procedure was needed to reduce the influences of such correlations (Yue et al., 2002). 

Finally, the magnitude of trend was calculated by Sen’s slope   (Sen, 1968):  
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= median j iX X
i j

j i


 
  

 
                                                       (3) 

 

3.3. Maximum covariance analysis (MCA)  

Maximum covariance analysis (MCA), one type of singular value decomposition (SVD) 

analyses in the fields of climate and meteorology, has been widely used to detect coupled modes 

of the variability between two time series (Mo, 2003). MCA constructs a covariance matrix 

between two datasets and then performs an SVD of the resulting matrix. Let X  be a p-by-n 

matrix consisting of p variables with n realizations, and Y be a q-by-n matrix of q variables with 

n realizations. The SVD of the covariance matrix C  between X  and Y  is calculated (Mo, 2003): 

1= c c cn
 C XY U Λ V                                                          (4) 

where prime denotes the matrix transpose; cΛ  is an r-by-r diagonal matrix of nonnegative 

singular values i  (i =  1, 2, . . . , r) arranged in descending order, with r   min(p, q, n - 1) being 

the rank of C ; and cU  (p-by-r) and cV  (q-by-r) are column-orthonormal matrices containing the 

left and right singular vectors. The total squared covariance in C  is given by the sum of the 

squared diagonal values of cΛ , and the relative importance of the k th singular mode can be 

measured in terms of squared covariance fraction, defined as 2 2/k i  . Then, two n-by-r 

matrices of expansion coefficients, cA  and cB , can be defined to satisfy the following equations 

(Mo, 2003): 
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c c

c c






A X U
B Y V

                                                          (5) 

where the columns of cA  and cB  contain the time series describing how each mode of 

variability oscillates. MCA has the ability to split the temporal and spatial patterns between two 

associated variables, and further to extract the coherent patterns of two variables that are most 

strongly related to each other (Leonardi et al., 2002). 

 

3.4 Contribution analysis 

The contributions of precipitation and temperature to soil moisture were detected by 

multivariate regression methodology, which has been widely used in detection and attribution 

studies of climate change (e.g. Li et al., 2011; Ting et al., 2009). The regression equation is: 

S a P b T                                                       (6) 

where P and T represent precipitation and temperature, respectively; a and b are regression 

coefficients;   is a constant; and S   is the soil moisture predictand, which can be roughly 

estimated as the soil moisture component jointly affected by precipitation and temperature.  

Therefore, the change in soil moisture ∆𝑆′ can be estimated by; 

S a P b T                                                 (7) 

where ∆𝑃′ and ∆𝑇′ are the changes in precipitation and temperature, respectively. Then based on 

equation (7), the contributions of precipitation and temperature to soil moisture can be calculated 

by: 
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/ 100%

/ 100%

CP a P S

CT b T S

   


   

                                       (8) 

where CP and CT are the contributions of precipitation and temperature to soil moisture, 

respectively. The contributions of precipitation or temperature to soil moisture can be positive or 

negative. Based on equation (7), the change in soil moisture is only attributed to the changes in 

precipitation and temperature, so the sum of the contributions of precipitation and temperature to 

soil moisture should be 100%. Therefore, the relative contributions in percentage of precipitation 

and temperature CP’ and CT’ are calculated as follow: 

{
𝐶𝑃′ =

|𝐶𝑃|

|𝐶𝑃|+|𝐶𝑇|
× 100%

𝐶𝑇 ′ =
|𝐶𝑇|

(|𝐶𝑃|+|𝐶𝑇| )
× 100%

                                      (9) 

 

4. Results 

4.1. Calibration and validation of the VIC model 

The VIC model was calibrated by adjusting the seven parameters mentioned above, including 

bi, Ds, Dm, Ws, d1, d2 and d3, to optimize the objective function which compares the simulated 

and observed streamflow at Boluo, Shijiao, and Wuzhou during 1961-1970. The calibrated VIC 

was then validated by the observations of streamflow during 1971-1980. Table 1 shows the 

optimal parameters for the three basins in the calibrated VIC. The monthly E values for three 

basins are all above 0.9 in the calibration period and above 0.8 in the validation period (Tab. 2). 

B values generally fall within -0.10 and 0, except those at Shijiao and Wuzhou during the 

validation period. The comparison of the VIC simulations against observations during the 
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periods of calibration and validation (Fig. 3) shows good agreement with the results in Table 2. 

The VIC can capture the timing of wet and dry months but tends to underestimate the extremely 

high streamflow. Overall, the VIC is capable of simulating streamflow in the PRb at both daily 

and monthly scales.  

The soil moisture simulated by the VIC was then assessed by the comparison against the 

GLDAS-2 outputs based on the NOAH land surface model. The depth of soil moisture from 

NOAH land surface model is 0-10 cm, while the depths from the calibrated VIC are 12, 10, and 

13 cm for the East River, North River, and West River basins, respectively. Because depths of 

soil moisture in different datasets can be different, previous studies usually compared soil 

moisture values of similar depths from different data sources. For example, Bi et al. (2016) 

compared observed soil moisture at 0-5 cm against GLDAS Noah simulated soil moisture at 0-10 

cm. Given that the differences soil moisture depths between NOAH land surface model and the 

VIC are not large, the VIC simulated soil moisture are compared against the NOAH simulated 

values in this study. The relationships of soil moisture anomalies between the VIC simulations 

and GLDAS-2 NOAH outputs at annual and seasonal scales were used to evaluate the 

performance of the VIC in simulating soil moisture (Fig. 3). The anomaly was calculated from 

soil moisture across the entire PRb during 1961-2010 separately the VIC simulations and 

GLDAS-2 NOAH outputs. At annual and seasonal scales, the soil moisture of the  VIC 

simulations has significant positive correlations with the GLDAS-2 NOAH outputs with 

correlations larger than 0.8 and p values less than 0.01. Soil moisture anomalies of the VIC and 

GLDAS-2 NOAH simulations obviously align the 1:1 line. The VIC and GLDAS-2 NOAH 

simulations are outputs of two different land surface models, i.e. the VIC and NOAH, driven by 

two different meteorological forcing, i.e. the CMA observation for VIC and the Princeton 
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meteorological dataset for NOAH, the agreement of soil moisture simulations from these two 

simulations demonstrates the performance of the VIC in simulating soil moisture. The 

comparison between VIC and ESA CCI anomaly also shows acceptable relationship between 

these two datasets, although the linear relationships are weaker than those between VIC and 

GLDAS-2 NOAH (Fig. 4). The positive correlations are positive with statistical significance in 

annual, spring, summer, and autumn, but that in winter is not significant. Caveat should be made 

for the comparison between VIC and ESA CCI is that the depths of soil moisture of VIC (i.e. 

around 10 cm) and ESA CCI (i.e. 0-5 cm) are different. 

 

4.2. Spatiotemporal changes of precipitation, temperature, and soil moisture  

Precipitation, temperature, and soil moisture were normalized by their spatial means and 

standard deviation to remove their differences in magnitudes. The spatial distributions of the 

normalized precipitation, temperature and soil moisture across the PRb at annual and seasonal 

scales are shown in Fig. 5. The annual and seasonal normalized soil moisture exhibits different 

spatial patterns (Figs. 5k-o). Normalized soil moisture is higher in eastern PRb and gradually 

decreases to lower values in western PRb in spring and winter, but shows a different spatial 

pattern with higher in eastern and western but lower in central PRb in summer and autumn (Fig. 

5l-o). Annual soil moisture is obviously higher in eastern PRb than other regions, which is a 

combined effect of the spatial distributions of seasonal soil moisture (Fig. 5k).  

Overall, compared with temperature, the spatial patterns of annual and seasonal normalized 

precipitation are in good agreement with those of soil moisture (Figs. 5a-j). Specifically, the 

areas with high precipitation are mainly in eastern PRb, in which high soil moisture means can 
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be found. This relation between spatial patterns of precipitation and soil moisture is especially 

obvious for annual, spring and summer (Figs. 5a-e). Annual and seasonal normalized 

temperature is the highest in southeastern PRb and gradually decreases to northwestern PRb, 

which is different from the spatial distributions of normalized soil moisture (Figs. 5f-j), implying 

that temperature may not be the dominant factor of the spatial distributions of soil moisture. 

The temporal changes of annual and seasonal normalized precipitation, temperature and soil 

moisture across the PRb are also showed in Fig. 6. Observational evidence has shown that China 

has been suffering rapidly temperature increasing (e.g. Li and Ma, 2013; Gu et al., 2017c). In the 

PRb, during 1961-2010, temperature exhibited fluctuating temporal changes before the 1980s, 

and then started to increase rapidly afterwards (Fig. 6). Different from the similar temporal 

changes of the normalized temperature at annual and seasonal scales, the annual and seasonal 

variabilities of the precipitation show different temporal patterns. The decrease of precipitation 

can be found after the 1980s for spring, and throughout the period of 1961-2010 for autumn. On 

the other hand, summer precipitation is relatively low during 1980-1990, but the means before 

and after this period are comparable. A measurable increase in winter precipitation is detected 

after the 1980s. Annual precipitation decreases considerably after the late 1990s. Overall, the 

temporal changes of annual and seasonal precipitation are very similar with those of soil 

moisture. The soil moisture in autumn decreases more considerably over 1961-2010 than in 

annual and other seasons, in which the soil moisture fluctuates without measurable trends. 

Compared to other seasons, the decreasing trend in precipitation and the increasing trend in 

temperature are more evident in autumn, and soil moisture decreases in a faster rate than 

precipitation in autumn, indicating the increasing temperature accelerate the speedy decline of 

soil moisture caused by the decrease in autumn precipitation. 
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The spatial distributions of trends in precipitation, temperature and soil moisture exhibit 

obvious spatial heterogeneous (Fig. 7). During the period of 1961-2010, annual and seasonal 

temperature increases consistently across the whole PRb, and increases the most considerable 

over the southeastern parts, which are the most urbanized and populated areas in the PRb. 

Significant increases in temperature are identified in the middle and east parts for annual, the 

southeast parts for summer, the west and southeast parts for autumn, and the southeast parts for 

winter, while no significant trends are found in spring. For precipitation, the spatial patterns of 

temporal trends at annual and seasonal scales are different. The areas with decreasing trends in 

precipitation are located at the central and west parts for annual, central-east and northwest parts 

for spring, the southwest parts for summer and the whole PRb for autumn. An increasing winter 

precipitation trend is identified across the PRb. However, most of the trends in precipitation are 

insignificant, except for those in the west and north PRb for autumn precipitation. Spatial 

patterns of trends in precipitation are in good line with those of soil moisture in annual, spring, 

summer and autumn. The autumn soil moisture is dominated by significantly decreasing trends 

over almost the whole PRb. In autumn, most of areas experience significant warming and the 

western and northern parts undergo significant decreases in precipitation, which can explain the 

significant reduction in the autumn soil moisture. Overall, the above results indicate that 

precipitation is the dominant factor that largely affects spatiotemporal distributions of soil 

moisture, and temperature also plays an important role in regulating, especially in the 

southeastern PRb and autumn.  

 

4.3. Relationships between precipitation, temperature and soil moisture 
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The MCA analysis was employed to quantitatively identify the coherent patterns between 

precipitation versus soil moisture, and temperature versus soil moisture (Figs. 8 and 9). The first 

leading MCA mode (MCA1) of precipitation and soil moisture can explain 69%, 64%, 61%, 

49%, and 71% of the variability in annual, spring, summer, autumn and winter, respectively (Fig. 

8). The principal component 1 (PC1) of precipitation and soil moisture are significantly 

correlated with correlation coefficients of 0.68, 0.81, 0.46, 0.88, and 0.66 in annual, spring, 

summer, autumn and winter, respectively. Furthermore, the spatial patterns of MCA1 

precipitation and soil moisture are similar (Fig. 8). Similar to the spatial distributions of changes 

in precipitation and soil moisture in Fig. 7, the MCA1 in spring and winter exhibit positive trends 

in eastern PRb and negative trends in western PRb. The result again stresses that precipitation 

have a primary influence on long-term variability of soil moisture. 

Though the MCA1 of temperature and soil moisture can explain at least 81% of total 

variance (Fig. 9). The correlation coefficients of PC1 of temperature and soil moisture are 

statistically insignificant, except in annual and autumn. In addition, the spatial patterns of MCA1 

also show the negative relation between temperature and soil moisture in annual and autumn (Fig. 

9), which in line with their linear trends (Fig. 7). In annual and autumn, areas with increases in 

temperature are associated with decreases in soil moisture. Therefore, surface warming plays an 

important role in the changes in soil moisture in annual and autumn, but the impacts of 

temperature on soil moisture are not significant in spring, summer and winter.  

The linear trends of soil moisture were plotted as a function of precipitation and temperature 

trends simultaneously, which shows the relationship of soil moisture with precipitation and 

temperature, implying that changes in soil moisture can be partitioned into precipitation- induced 

and temperature-affected components (Fig. 10). For spring, summer and winter, the trend 
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directions of soil moisture (i.e. drying and wetting) are mainly determined by those of 

precipitation, indicating that precipitation is a major driver behind trends of soil moisture (Fig. 

10). The relationship between temperature and soil moisture is less obvious. Overall, warming 

temperature is corresponding to soil drying, especially for annual and autumn, despite the 

magnitude of trend in temperature is irregular to that in soil moisture. In autumn, though 

decreasing precipitation controls the degree of soil drying, warming temperature amplifies the 

effects of decreasing precipitation on soil drying. It is also noted that the enhancement of 

temperature warming on soil drying is complex and unconditional, which can be easily observed 

in other seasons. The reason why temperature has an unclear relationship with soil moisture is 

that temperature influences water balance through changing soil evapotranspiration, further 

effecting on soil moisture. However, there are many other factors controlling changes in soil 

evapotranspiration, such as speed, humidity, solar radiation and so on. 

 

4.4. Contributions of precipitation and temperature to soil moisture changes 

Although precipitation and temperature are identified as two important factors that largely 

influence soil moisture changes over PRb, the quantitative effects of precipitation and 

temperature are still unclear. The multiple linear regression was applied to obtain their 

contributions (Fig. 11 and 12). Fig. 11 shows the changes in soil moisture predictand (i.e. S   in 

equation (5)) linearly regressed by precipitation only, and precipitation and temperature together, 

respectively. Compared Fig. 7 and Fig. 11, the spatial patterns of soil moisture predictand 

linearly regressed by precipitation have high degree of similarity with those of the VIC simulated 

soil moisture at annual and seasonal scales. However, the magnitudes of trends in soil moisture 

predictand are smaller than those of soil moisture especially for annual and autumn, due to the 
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trends of precipitation are not significant and the magnitude of trends of precipitation is small 

(Fig. 7 and 11). When precipitation and temperature are both considered in the regression, there 

is higher degree of similarities between spatial patterns of trends in soil moisture predictand and 

soil moisture. Moreover, with consideration of temperature changes, some areas with wetting 

soil moisture predictand change to get drying, and the magnitude of drying trends in soil 

moisture predictand becomes much more significant. These results further demonstrate the 

enhancement effect of increasing temperature on soil moisture drying. 

Fig. 12 shows the fractional contributions of precipitation and temperature to soil moisture 

changes. At annual and seasonal scales, these contributions showed obviously spatial 

heterogeneity. Additionally, there are clearly differences in spatial patterns of contributions 

among annual and seasonal scales. In general, except for winter, precipitation is the dominant 

factor for changes in soil moisture over western PRb with contributions larger than 70%. The 

areas with temperature as dominant contribution factor are central-eastern Pearl River, except for 

autumn. Autumn is a long-term drying soil season at which the contributions of precipitation and 

temperature over central-eastern PRb were roughly equivalent.  

 

5. Discussions and conclusions 

Daily soil moisture at the spatial 0.5o×0.5o resolution was simulated by the VIC hydrological 

model forced by the gridded climatic factors. The simulations of streamflow and soil moisture 

were assessed by comparing with the observations from major hydrological stations and outp uts 

of GLDAS-2 NOAH. The spatiotemporal changes in annual and seasonal soil moisture during 

1961-2010 were estimated based on the M-K trend test. The relations of changes in soil moisture 
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and changes in its controlling factors, including precipitation and temperature, were qualitatively 

and quantitatively assessed by the MCA analysis to understand the mechanisms of changes in 

soil moisture in different seasons. The following conclusions can be drawn from the results: 

(1) The VIC is capable of simulating daily streamflow and soil moisture in the PRb. The 

temporal changes and variability of simulated soil moisture highly resemble those of 

hydrological observations and GLDAS-2 NOAH. During 1961-2010, the average soil moisture is 

generally higher in the eastern parts of the PRb. The average soil moisture shows different spatial 

pattern in the four seasons. In spring, soil moisture decreases from the eastern to the western 

parts, but in summer, soil moisture is higher in the eastern and western parts compared to the 

middle PRb. 

(2) The spatiotemporal changes in soil moisture during 1961-2010 exhibit various patterns in 

different seasons. The decreases in annual soil moisture are insignificant in the PRb, which is in 

good agreement with previous studies mostly focusing on annual changes in soil moisture in a 

larger study area, e.g. East Asia in Cheng et al. (2015) and eastern China in Chen et al. (2015). 

However, our results at seasonal scale indicate a statistically significant drying trend in soil 

moisture over the PRb in autumn. Since autumn is the season of agricultural harvest in the PRb, 

drying autumn suggests increasing risks of agricultural droughts and reductions in agricultural 

production, which is hardly identified in previous studies at the annual scale. In spring and 

summer, increases in soil moisture are detected in the eastern and the whole PRb, respectively.  

(3) The relations between changes in soil moisture and their controlling factors in the four 

seasons, i.e. precipitation and temperature, are assessed by the comparison of temporal change 

and spatial patterns. The significant reduction in precipitation combined with substantial increase 

in temperature is the major reason of the drying in autumn soil moisture. In most cases, the 

ACCEPTED MANUSCRIPT



AC
CEP

TE
D M

AN
USC

RIP
T

22 

 

changing directions of soil moisture resemble those of precipitation, suggesting that precipitation 

is the key factors that affect soil moisture. However, in winter, soil moisture changes negligibly 

even though precipitation increases. The contradict change directions are due to the significant 

increase in temperature. 

(4) The first leading MCA mode can explain most of the coherent variability of precipitation and 

temperature, and the temporal changes of the MCA1 of soil moisture are highly and significantly 

correlated with those of precipitation. On the other hand, the temporal changes of the MCA1 of 

temperature have significant relations with soil moisture in annual and autumn. In general, the 

increases in temperature aggregates the drying of soil moisture. Trends of soil moisture predicted 

by the linear regression with considerations of precipitation and temperature are generally 

smaller than those predicted by precipitation only. Additionally, besides precipitation and 

temperature, soil moisture is also influenced by other factors, such as land cover/use changes, 

landscape features, and irrigation and urban expansion (Chen et al., 2016), which may disturb the 

relationships between soil moisture and precipitation, temperature. However, such anthropogenic 

factors have less seasonality compare to the climatic variables. 
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Table 1. The ranges and optimal values of the VIC parameters in calibration 

 

Parameter Abbr. Range 
Optimal value 

Boluo Shijiao Wuzhou 
Infiltration parameter bi 0.001-1 0.19 0.56 0.60 
Fraction of maximum base flow Ds 0.001-1 0.47 0.88 0.63 
Maximum velocity of base flow (mm/day) Dm 0.001-30 14.40 21.54 16.19 
Fraction of maximum soil moisture content of the 
third layer 

Ws 0.1-1 0.38 0.40 0.37 

Thickness of the first soil layer (m) d1 0.1-2.5 0.12 0.10 0.13 
Thickness of the second soil layer (m) d2 0.1-2.5 0.13 0.10 0.13 
Thickness of the third soil layer (m) d3 0.1-2.5 2.5 2.5 1.6 
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Table 2. Daily and monthly E and B of calibration and validation at Boluo, Shijiao, and Wuzhou  

 

Period Time step Measure Boluo Shijiao Wuzhou 
Calibration Daily E 0.84 0.76 0.89 

B -0.07 -0.10 -0.07 
Monthly E 0.92 0.92 0.96 

B -0.08 -0.10 -0.06 
Validation Daily E 0.70 0.71 0.86 

B -0.04 -0.17 -0.12 
Monthly E 0.81 0.88 0.93 

B -0.04 -0.17 -0.12 
 

Figure 1. The Pearl River basin and location of the hydrologic stations, including Boluo, Shijiao, 

and Wuzhou, which are the controlling stations of the East River, North River, and West 

River basins, respectively. 

Figure 2. Comparison of the VIC simulations against observations at the (a) Boluo, (b) Shijiao, 

and (c) Wuzhou during the calibration (1961-1970) and validation (1971-1980) periods. 

Figure 3. Scatter plots of the areal means of soil moisture (SM) anomaly simulated by the VIC 

versus those of the GLDAS-2 NOAH simulations (a) of years, (b) in spring, (c) in summer, 

(d) in autumn, and (e) in winter during 1961-2010. The red line represents 1:1 line. In the 

subplots, r is the correlation, and P represents the p value of the correlation. 

Figure 4. Scatter plots of the areal means of SM anomaly simulated by the VIC versus those of 

the ESA CCI (a) of years, (b) in spring, (c) in summer, (d) in autumn, and (e) in winter 

during 1979-2010. The red line represents 1:1 line. In the subplots, r is the correlation, and P 

represents the p value of the correlation. 

Figure 5. Spatial distributions of annual and seasonal means in precipitation, temperature and 

SM across the PRb. The values have been normalized by (𝑥𝑖 − �̅�)/𝜎 over the PRb, where x i 
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is the value of the ith grid, �̅� is the spatial mean of xi across the PRb, and 𝜎 is the standard 

deviation. 

Figure 6. Temporal changes of annual and seasonal normalized precipitation, temperature and 

SM across the PRb. The values are normalized by (𝑥𝑖 − �̅�)/𝜎, where xi is the value of the ith 

year, �̅� is the temporal mean of xi in 1961-1990, and 𝜎 is the standard deviation. The colored 

curves denote locally weighted smoothing lines (LOESS). 

Figure 7. Spatial distribution of liner trends in annual and seasonal precipitation (mm/y), 

temperature (oC/y), and SM (mm/y). The marked grids denote the trends are significant in the 

M-K test at the 95% confidence level. 

Figure 8. The temporal and spatial patterns of the first leading MCA mode (MCA1) for annual 

and seasonal precipitation and SM. Subplots in the first column are the first leading principal 

component (PC1) time series of precipitation and SM. pcVar denotes the percentage of 

variance explained by the MCA1, ccr denotes the correlation coefficient between the PC1 of 

precipitation and SM. 

Figure 9. The same as Fig. 8, but for the temporal and spatial patterns of MCA1 for annual and 

seasonal temperature and SM. 

Figure 10. Trends of SM (mm/y) as a function of precipitation (mm/y) and temperature (oC/y) 

trends. The colored boxes represent SM trend. The red (blue) boxes are drying (wetting), and 

blank indicates no data. 

Figure 11. The spatial distributions of linear trend for SM predictand linearly regressed by 

precipitation (“-1” in the title of each panel), and precipitation and temperature (“-2” in the 

title of each panel). The grids marked with black points denote significant trends at the 95% 

confidence level. 
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Figure 12. The relative contributions of precipitation and temperature to changes in SM. 

Highlights 

 Insightful inspection of seasonal changes in soil moisture and underlying 
causes is conducted. 

 Areas without annual changes in soil moisture are detected with drying 
trends at the seasonal scale. 

 Contributions of precipitation and temperature to changes in soil moisture 
vary in seasons. 

 Seasonal changes in soil moisture cause larger impacts on agricultural 

productions. 
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