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Abstract The monthly changes in total water storage (△TWS) can be employed for 21 

drought and flood monitoring and early warning and can be obtained from the total 22 

water storage anomalies (TWSA) of the Gravity Recovery and Climate Experiment 23 

(GRACE). However, the relatively short GRACE time series limits its further wide 24 

application. To this end, a combined prediction (CP) model including Support Vector 25 

Machine (SVM) and Artificial Neural Network (ANN) was proposed in this study for 26 

the reconstruction and extension of monthly TWSA from 1960 to 2012. Moreover, an 27 

innovative input selection strategy is proposed to build a monthly TWSA prediction 28 

model, in which the partial correlation algorithm is used to select the best input 29 

variables from candidate input variables. These candidate input variables include 30 

streamflow, precipitation, evaporation, and soil moisture storage (SMS). The Yunnan 31 

province, a typical humid area in China, was selected as a case study. The results show 32 

that: (1) The innovative input selection strategy effectively improves the simulation 33 

ability of the model, especially when the candidate input variables influence each other; 34 

(2) The performance of the CP model using the innovative input selection strategy is 35 

best; (3) The monthly △TWS obtained from the extension of TWSA recorded five of 36 

the seven extreme meteorological drought events in Yunnan Province from 1961 to 37 

2001, therefore, the reliability of the expanded TWSA is better than GLDAS TWSA. 38 

Generally, the findings of this study showed that the CP model using an innovative 39 

input selection strategy is a useful and powerful tool for monthly TWSA prediction. 40 

Keywords: GRACE; Total water storage anomalies; Support vector machine; 41 

Combined prediction model; Input selection strategy  42 



 

1. Introduction 43 

The Gravity Recovery and Climate Experiment (GRACE) satellite, designed and 44 

developed by the National Aeronautics and Space Administration (NASA) and the 45 

German Aerospace Center (DLR), was launched on March 17, 2002. The monthly 46 

changes in the Earth’s gravity field observed by the GRACE mission are related to 47 

changes in the total water storage (△TWS), including surface water and groundwater, 48 

soil moisture, and snow/ice (Wahr et al., 1998). Many studies have verified it using situ 49 

data, model data, and remotely sensed data (Doell et al., 2014; Long et al., 2015). In 50 

recent years, GRACE △TWS data have been used widely in many fields of science. 51 

Now, GRACE is a strong tool for scientists in a few science fields (Wouters et al., 2014), 52 

and it has been employed to estimate individual or multiple water storages for different 53 

applications by several studies (Andrew et al., 2017; Eicker et al., 2016 and Reager et 54 

al., 2015). 55 

GRACE △ TWS has proven to be an important tool for drought and flood 56 

monitoring in the hydrological field (Long et al., 2014; Zhang et al., 2015). The 57 

GRACE △TWS at different time intervals can be obtained from the GRACE total 58 

water storage anomalies (TWSA). Although GRACE △TWS has been successfully 59 

used in hydrological science, it still has limitations in its further application in drought 60 

and flood monitoring. GRACE’s monthly TWSA data cover the period from 2002 to 61 

2016, and there are 13 months of data loss (Famiglietti et al., 2013). In the past ten 62 

years, some studies have been conducted using GRACE△TWS for drought and flood 63 

monitoring (Zhang et al., 2015). However, TWSA data before the GRACE launch is 64 



 

also necessary to understand the long-term trends of △TWS. In addition, there may 65 

not be reliable TWSA data between the period of the decaying orbit of current GRACE 66 

satellites and the launch of the GRACE Follow-On Mission in 2018. Thus, there is an 67 

urgent need to develop a model for expand GRACE data with high accuracy. 68 

Pan integrated several hydrological variable date records of the water cycle and used 69 

data assimilation technology to establish a water cycle data record set for 32 major river 70 

basins around the world from 1984 to 2006 (Pan et al., 2012). In this data set, TWS 71 

outside of the GRACE period is provided by the Variable Infiltration Capacity (VIC) 72 

model, which does not include simulations of changes in groundwater reserves, so the 73 

data may be missing the interaction between surface water and groundwater systems 74 

information (Liang et al., 1994). de Linage used a simple statistical model to predict 75 

TWSA data over Amazon by examining the anomalous changes in sea surface 76 

temperature (SST) from the equatorial central Pacific (Niño 4) and tropical North 77 

Atlantic (TNAI) (de Linage et al., 2013). Finally, the R2 between TWSA and a 78 

combination of Niño 4 and TNAI was 0.43 in the overall Amazon basin. Please note 79 

that due to the location and number of observing stations, it is not always possible to 80 

obtain complete water level data. Moreover, surface models (for example, VIC) usually 81 

ignore the interrelationship between surface water and groundwater, which may make 82 

the total water storage obtained by the model lose the accuracy. Therefore, data-driven 83 

models (such as ANN, SVM) that can obtain satisfactory results using available data 84 

can be used to extend TWSA. Long used monthly precipitation, monthly average 85 

temperature, and soil moisture storage (SMS) to construct an ANN model, and made a 86 



 

long-term forecast of TWSA of the Yunnan-Guizhou Plateau from 1979 to 2002 (Long 87 

et al., 2014). However, it is well known that a large amount of data is required to build 88 

a reliable and powerful ANN model, but the available monthly observation value of 89 

TWSA is 159 months. Therefore, more research should be conducted to establish a 90 

robust model for TWSA prediction. 91 

Support vector machines (SVM) are particularly suitable for modeling small sample 92 

data sequences (Cortes et al., 1995). It is based on the Vapnik-Chervonenkis (VC) 93 

dimensional theory and the principle of structural risk minimization. In theory, it can 94 

overcome local convergence and achieve a global optimal solution. The SVM has been 95 

widely used in streamflow prediction (Huang et al., 2014; Meng et al., 2019 and Meng 96 

et al., 2021). However, due to the short length of the available monthly TWSA, using a 97 

single model for TWSA expansion will lead to uncertainty and instability. ANN has 98 

been employed for the TWSA extension in the karst plateau of Southwest China (Long 99 

et al., 2014). At the same time, SVM has a strong ability for small sample data 100 

prediction. Therefore, in this paper, a combined prediction (CP) model (including SVM 101 

and ANN) is constructed for monthly TWSA extension. Meanwhile, hydrology 102 

variables (including streamflow, precipitation, evaporation, and SMS) were employed 103 

as potential explanatory variables of monthly TWSA. However, there is a correlation 104 

between these potential explanatory variables. In this paper, a flexible input selection 105 

strategy that can eliminate the interdependence between potential explanatory variables 106 

is established to find the best combination of explanatory variables for monthly TWSA 107 

expansion. 108 



 

Yunnan province, the study area, is one of the wettest regions in China, with a forest 109 

coverage rate as high as 50% (Han et al., 2019). Most of GRACE's research on TWSA 110 

focuses on the changes in groundwater reserves in the southwestern region and the karst 111 

plateau, as well as the monitoring of droughts and floods, but rarely pays attention to 112 

Yunnan Province (Long et al., 2014; Huang et al., 2019 and Long et al., 2015). 113 

Especially at the end of 2009, Yunnan province experienced a once-in-a-hundred-year 114 

drought, which caused huge losses to local production and life. Therefore, it is of great 115 

significance to predict TWSA with higher prediction accuracy.  116 

The objectives of this study are to (1) check the performance of the flexible input 117 

selection strategy for monthly TWSA reconstruction extension, (2) built an optimal 118 

combination of explanatory variables for monthly TWSA reconstruction and extension, 119 

(3) explore the performance of the ANN, SVM, and the CP model for monthly TWSA 120 

extension in Yunnan province using the optimal combination of explanatory variables. 121 

The extension of long-term TWSA data is of great valuable for understanding the 122 

impact of climate change on the hydrological cycle and provides inspiration for water 123 

resource management in Yunnan province. 124 

2. Materials and Methods 125 

2.1 Study region 126 

Yunnan Province (97.31°-106.11°E, 21.8°-29.15°N) covers an area of 394,100 km2 127 

(Fig. 1). The climate of Yunnan belongs to the subtropical plateau monsoon type, with 128 

clear distinctions between wet and dry seasons, and the temperature varies significantly 129 

with the terrain. Yunnan Province has an average rainfall of 1258 mm for many years 130 



 

and has abundant water resources. There are as many as 908 rivers with a runoff area 131 

of more than 100 square kilometers (Jiang et al., 2018). 132 

2.2 GRACE data, Climate data, Streamflow data, Soil moisture data 133 

In this study, the research data GRACE was got from The University of Texas Centre 134 

for Space Research (CSR) at http://isdc.gfz-potsdam.de/grace-isdc/. The monthly 135 

GRACE data lost 13 months of values, and these missing values were filled in with the 136 

month values on both sides of the missing data through mean interpolation. 137 

There are 27 meteorological stations in the province. The monthly precipitation and 138 

potential evaporation data (from January 1960 to December 2010) of these stations can 139 

be downloaded from the China National Meteorological Information Center 140 

(http://data.cma.cn/).  141 

In addition, monthly streamflow data (from January 1960 to December 2010) was 142 

collected from the hydrologic manual. Strictly control data quality during release. 143 

In this study, rasterized soil moisture data from 1960 to 2010 was obtained from the 144 

VIC model product. This production is obtained by the VIC model using the 145 

meteorological factors of the China Meteorological Administration (CMA). The 146 

monthly soil moisture data is obtained by averaging the rasterized soil moisture data in 147 

each hydrological station.  148 

2.3 Methods 149 

2.3.1 Artificial neural network (ANN) 150 

ANN is an intelligent algorithm designed by imitating the working mechanism of the 151 

human brain. It consists of three parts: input layer, hidden layers, and output layer. ANN 152 

http://isdc.gfz-potsdam.de/grace-isdc/


 

also needs weights and activation functions to simulate biological neural networks. The 153 

activation functions commonly used in the hydrology field are tangent, logistic, and 154 

linear. Detailed theoretical information about ANN can be found in (Zhang et al., 2014 155 

and Fang et al., 2018). In this paper, the ANN is developed with three layers. The 156 

sigmoid function was employed as the transfer function, and the optimal number of 157 

neurons in the hidden layer is 5 after several trying. 158 

2.3.2 Support vector machine (SVM) 159 

Cortes and Vapnik (1995) proposed the support vector machine (SVM) which is an 160 

efficient machine learning tool for time series forecasting. SVM uses a kernel function 161 

to map the input factors of a complex nonlinear problem to a high-dimensional space 162 

to simplify the complex problem, thereby transforming the complex nonlinear problem 163 

into a linear problem. SVM is built based on statistical learning theory, which can help 164 

SVM to obtain the global optimal solution. Some many papers and books have 165 

described the theory of SVM in detail (Yoon et al., 2016; Carrier et al., 2013; Ch et al., 166 

2013 and He et al., 2014), the description of SVM is omitted. The kernel function is the 167 

key for SVM to solve complex prediction problems, so, it’s important to choose a 168 

suitable kernel function. The kernel function includes linear, sigmoid, Radial Basis 169 

Function (RBF), and so on. In this paper, RBF is employed as the kernel function: 170 

     x, x 2 2exp /2
j j

K x x                                 (1) 171 

where σ represents the Gaussian noise level of standard deviation. 172 

2.3.3 Combined Prediction model  173 

Meanwhile, the combined prediction (CP) model was employed to predict monthly 174 



 

TWSA. The combined prediction can be expressed as follows: 175 

          
1 1 2 2
* *Y w X w X                            (2) 176 

where Y is the prediction value of TWSA using combined prediction, X1 is the 177 

prediction values of SVM, X2 is the prediction value of ANN, w1 is the weight of the 178 

prediction value of SVM, w2 is the weight of the prediction value of ANN. In this paper, 179 

the values of w1 and w2 are obtained by the Genetic algorithm (GA). The detail of the 180 

combined prediction model is shown in Fig. 2.  181 

2.3.4 Innovative input variable selection strategy  182 

To select the optimal input variable for monthly SWA prediction, an innovative input 183 

selection strategy is proposed. The detail of this strategy is demonstrated as follows: 184 

1. The 13 lags of streamflow {St, St-1,…,St-12}, precipitation {Pt, Pt-1,…,Pt-12}, 185 

evaporation {Et, Et-1,…,Et-12} and SMS {It, It-1,…,It-12} will be used as candidate 186 

input variables. 187 

2. The correlation coefficient between {Pt, Pt-1,…,Pt-12}, {Et, Et-1,…,Et-12} and 188 

output variables is calculated in MATLAB. Suppose {Pt, Pt-1, Pt-3, Pt-5} and {Et-189 

1, Et-2, Et-6} are the optimal input combinations of rainfall and evaporation. 190 

3. To get optimal input variable, a partial correlation algorithm is employed to 191 

calculate the partial correlation algorithm between streamflow {St, St-1,…,St-12}, 192 

SMS{It, It-1,…,It-12} and output variables. This algorithm can eliminate the 193 

influence of precipitation and evaporation on streamflow and SMS, the algorithm 194 

is as follows: 195 



 






 2 2(1 )(1 )

i i j j

i j

x x ji j

x y x x yx

x y x

yx

r r r
r

r r
                          (3) 196 

where 
ix y
r is the correlation coefficient between xi ({ Pt, Pt-1, Pt-3,Pt-5}, {Et-1, Et-2, Et-197 

6}) and output variables y, 
i jx x
r  is the correlation coefficient between xi ({Pt, Pt-1, Pt-198 

3,Pt-5}, {Et-1, Et-2, Et-6}) and xj ({ St, St-1,…,St-12}, {It, It-1,…,It-12}), 
jyx

r is the correlation 199 

coefficient between xj ({ St, St-1,…,St-12}, {It, It-1,…,It-12}) and output variables. And 200 

i jx y x
r  is the partial correlation coefficient between xj ({ St, St-1,…,St-12}, {It, It-1,…,It-201 

12})and output variables excluding the influence of xi ({ Pt, Pt-1, Pt-3,Pt-5} and {Et-1, Et-202 

2, Et-6}). 203 

2.3.5 Performance assessment principles 204 

 The general standard proposed by Moriasi et al. (2007) was introduced to evaluate 205 

the predictive performance of the model. The standard recommends using the Nash-206 

Sutcliffe efficiency (NSE) coefficient, the percentage of deviation (PBIAS) and the 207 

ratio of the root mean square error (RMSE) to the standard deviation of the observations 208 

(RSR). The NSE is defined as: 209 
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where z  is the average of the observations; zi and i
z

*  represent the i-th observation 211 

and predicted value, respectively; n is the length of observation. 212 

The PBIAS is as Eq. (5). 213 
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PBIAS can be used to calculate how far the predicted value differs from the observed 215 

value. 216 

The RSR is shown in Eq. (6), where the RMSE between the predicted value and the 217 

observed value is standardized based on the standard deviation of the observed value. 218 

The value range of this indicator is from zero to positive infinity, with zero being the 219 

best. 220 
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  The algorithms used in the proposed framework all can be easily implemented with 222 

the help of Matlab software or other sciences software. 223 

3. Results and discussion 224 

3.1 The performance of SVM and ANN using correlation coefficient algorithm 225 

In this paper, runoff, precipitation, evaporation, and SMS data are set to fourteen 226 

scenarios (Table 1) to find the optimal combination of input variables. The performance 227 

of SVM and ANN will be explored in fourteen scenarios. Meanwhile, two different 228 

input variable selection strategies are used to obtain the best input scenario for TWSA 229 

reconstruction and extension. 230 

The performance of SVM and ANN in 14 scenarios using correlation coefficient 231 

algorithm (CCA) are shown in Table 2. Table 2 shows that in Scenario 1 to Scenario 4, 232 

SVM and ANN have the best performance in Scenario 4 (NSE 85.16% of SVM, NSE 233 

81.33% of ANN). It is proved that SMS is the main factor affecting TWSA in Yunnan 234 

province (Han et. al 2019). At the same time, in Scenario 4, the performance of SVM 235 



 

is better than that of ANN, which proves that the predictive ability of SVM is better 236 

than ANN under a small number of samples. Among the 14 scenarios, the performance 237 

of SVM in scenario 10 is best, and the same results can be found for the performance 238 

of ANN (NSE 89.00% of SVM, NSE 87.77% of ANN). Interesting results indicate that 239 

evaporation also affected the TSWA in Yunnan province. 240 

3.2 The performance of SVM and ANN using the innovative input selection strategy 241 

However, CCA does not consider the interaction between input variables when 242 

calculating the correlation coefficient between input variables and output variables, 243 

which may mislead the determination of the best combination of input variables. Thus, 244 

an innovative input selection strategy is proposed to eliminate the interaction among 245 

input variables. Table.3 and Fig. 3 show the performance of SVM and ANN using 246 

innovative input selection strategy in fourteen scenarios. 247 

The results in Table. 3 and Fig. 3 show that in scenario 4 to 14, the performance of 248 

SVM and ANN is improved after using the innovative input selection strategy. Table. 3 249 

and Fig. 3 show that among the fourteen scenarios, the best performance of SVM 250 

appears in scenario 13 (NSE is 93.06%), and the best performance of ANN also appears 251 

in scenario 13 (NSE is 92.98%). The NSE values of SVM and ANN increased by 5.33% 252 

and 6.70%, respectively. The results prove that when the input variables are not 253 

independent, the innovative input variable selection strategy can improve the predictive 254 

ability of the model.  255 

Scenario 13 includes precipitation, evaporation, and SMS. The water balance 256 

formula in the basin system is P-R-E=±△S, in which P is precipitation, R is streamflow, 257 



 

E is evaporation and △S is water storage of the basin. At the same time, TWSA is the 258 

interannual variation of water storage (△S). Therefore, P, R, and E are the main factors 259 

affecting TWSA in Yunnan province.  260 

3.3 The performance of the combined prediction 261 

Table 3 and Figure 3 show that in scheme 13, the performance of SVM is better than 262 

that of ANN. However, in scheme 13, the performance of ANN is the best among the 263 

14 schemes. Therefore, in order to make full use of the advantages of support vector 264 

machines and artificial neural networks, a combined forecasting method is proposed. 265 

The performance of CP and other models is shown in Fig. 4. The results in Fig. 4 show 266 

that the performance of CP in scenario 13 is better than that of SVM (the NSE value is 267 

increase by 1.26%). Me, CP has the best performance among the five models under 268 

scenario 13 (NSE is 94.25%, PBISA is -32.83, RSR is 0.24). At the same time, Long et 269 

al. made predictions on the TWSA in the three regions of the Yunnan-Guizhou Plateau, 270 

and the prediction accuracy was 91%, 83%, and 76%, respectively. In this study, the 271 

NSE value of TWSA extension using CP model and innovative selection strategy is 272 

94.25%, and the prediction accuracy of the model has been improved. The results prove 273 

that the performance of CP in the reconstruction and expansion of TWSA is better than 274 

that of a single model. 275 

The extension values of monthly △TWS (1962~2001) obtained by CP using the 276 

innovative selection strategy in Yunnan province are shown in Fig. 5. The results in Fig. 277 

5 show that the monthly value of △TWS is the highest from June to August of the year, 278 

while the monthly value of △TWS is lower from November to April of the year. 279 



 

Meanwhile, the precipitation in Yunan Province is mainly concentrated from June to 280 

August, accounting for 60% of the annual precipitation, while the precipitation from 281 

November to April only accounts for 10-20% of the annual precipitation. The annual 282 

change of the extended monthly △TWS values is highly consistent with the annual 283 

change of precipitation in Yunnan Province, which proves the extension of TWSA is 284 

reliable. 285 

The annual △TWS value obtained by CP using the innovative selection strategy and 286 

the annual △TWS value obtained by the Global Land Data Assimilation System 287 

(GLDAS) are shown in Fig. 6. In the history of Yunnan province, there are seven 288 

extreme meteorological drought events during 1961~2001, that are 1962/1963, 289 

1968/1969, 1978/1979, 1980, 1983, 1987, and 1992 (Zheng et al., 2017). The results in 290 

Fig. 6 show that the annual △TWS values obtained by CP catch five of seven extreme 291 

meteorological drought events from 1961 to 2001. However, the annual △TWS value 292 

obtained from GLDAS only captured three of seven extreme meteorological drought 293 

events that occurred between 1961 and 2001. Moreover, the GLDAS △TWS value 294 

only captures the beginning of two extreme meteorological drought events in 295 

1968/1969 and 1978/1979 and failed to capture the water shortage in the middle and 296 

late stages of these two drought events. At the same time, the annual △TWS values 297 

obtained by the CP model also captured the two catastrophic floods that occurred in 298 

Yunnan in 1991 and 1998, but the GLDAS △TWS value did not capture the two 299 

catastrophic floods. Therefore, the accuracy of the TWSA extension obtained through 300 

the CP model is higher than the TWSA of the GLDAS product obtained through the 301 



 

physical model. Yunnan Province is located in a typical karst landform area, where 302 

surface water and groundwater are closely connected. However, physical models may 303 

ignore the interrelationship between surface water and groundwater, which may cause 304 

distortion of the total water storage data they generate. 305 

Figure 7(a) shows the correlation analysis between the monthly △TWS obtained 306 

through the CP model and the monthly normalized vegetation index (NDVI) during the 307 

verification period. As shown in Fig. 7(a), there is a significant negative correlation 308 

between NDVI and △TWS. Fig. 7(b) shows the monthly NDVI anomaly value and 309 

the monthly observation value of △TWS during the training period and the monthly 310 

△TWS extension value during the verification period. As shown in Figure 7(b), during 311 

the training period, the observed value of monthly △TWS is highly consistent with 312 

the monthly NDVI anomaly value. At the same time, the monthly △TWS is also 313 

highly consistent with the monthly NDVI anomaly value during the verification period. 314 

The results in Figure 7 prove that the TWSA extension value obtained through the CP 315 

model and the innovative input selection strategy has reliable accuracy. Therefore, in 316 

Yunnan Province, the reliability of the TWSA expansion value obtained through the CP 317 

model is higher than that of the GLDAS TWSA product. The results further proved that 318 

the CP model using an innovative selection strategy has high accuracy for the extension 319 

and reconstruction of TWSA in Yunnan Province. 320 

4. Conclusions 321 

The prediction accuracy and ability of the SVM, ANN, and CP using the innovative 322 

selection strategy were explored by predicting monthly TWSA series in Yunnan 323 



 

province in the present study. Meanwhile, fourteen scenarios of input variables were 324 

explored to select an optimal input scenario for TWSA prediction. The performance of 325 

the SVM was superior to the ANN due to its power prediction ability for a small sample 326 

set. Of the fourteen scenarios, the performances of SVM and ANN using CCA in 327 

scenario 10 (including evaporation and SMS) were optimal, and the performance of 328 

SVM was better than that of ANN. The performances of SVM and ANN using the 329 

innovative selection strategy were all better than that of SVM and ANN using CCA in 330 

scenarios 5 to 14. In scenario 13 (including precipitation, evaporation, and SMS), SVM 331 

using the innovative selection strategy performed best among fourteen scenarios (with 332 

NSE 93.08%), and the same result was found in the ANN (with NSE 92.13%). 333 

Therefore, input variables including precipitation, evaporation, and SMS are the 334 

optimal input variables for TWSA prediction. Moreover, in scenario 13, the 335 

performance of CP was superior to SVM and ANN using the innovative selection 336 

strategy (with NSE 94.25%). Thus, CP with the innovative selection strategy has good 337 

stability and high prediction accuracy for TWSA prediction. Therefore, this study 338 

provides a superior choice for monthly TWSA prediction. TWSA is a significant tool 339 

for the monitor drought and flood, providing a model with high prediction accuracy is 340 

extremely meaningful for disaster prevention and mitigation. 341 
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Figures

Figure 1

Location of the Yunnan province.



Figure 2

Flow chart of the Combined Prediction Model.



Figure 3

The performance of combined prediction (CP), ANN and SVM of TWSA using the innovative input
selection strategy in test period and veri�cation period.



Figure 4

Taylor diagram of prediction by SVM and ANN using correlation coe�cient algorithm (CCA), and
combined prediction (CP), SVM, ANN using the innovative input selection strategy in veri�cation period in
Yunnan province where blue contours represent Pearson correlation coe�cient; green contours represent
centered RMS error in the simulated �eld; and black contours represent standard deviation of the
simulated pattern.



Figure 5

The monthly TWS values obtained by CP using the innovative input selection strategy in Yunnan
province.

Figure 6

The annual TWS values obtained by CP model using the innovative input selection strategy and GLDAS
in Yunnan province



Figure 7

(a) The correlation analysis between monthly NDVI and monthly TWS by CP model using the innovative
input selection strategy in veri�cation period; (b) The monthly NDVI anomaly and monthly TWS.


