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Applying GRACE satellite data and hydro-meteorological parameters for 21 

predicting the combined terrestrial evapotranspiration index (CTEI) based on 22 

an improved SVM and a greedy regression approach 23 

Abstract  24 

Drought has become relatively one of the widespread extreme events that affect socio-economic 25 

sphere, ecological balance, environmental conditions, crop-yields, climate feedback mechanism, 26 

and water resources management. Monitoring of the drought is one of the challenging tasks, 27 

hence required to develop new techniques in prediction of this natural calamity accurately and 28 

timely. In this work, Combined Terrestrial Evapotranspiration Index (CTEI) that is forced 29 

through precipitation (P) and potential evapotranspiration (PET) is used for estimating drought. 30 

Also, this is a novel index developed for Indus-Ganga river basin, which also uses a Gravity 31 

Recovery and Climate Experiment (GRACE) terrestrial water storage anomalies (TWSA) data. 32 

Thirteen input-variables comprised of GRACE-TWSA, Global Land Data Assimilation System 33 

GLDAS-TWSA, Groundwater Storage Anomaly (GWSA), P, Land Surface Temperature 34 

(  LST), Wind Speed (WS), Evapotranspiration (ET), Runoff, air temperature (  ), PET, net-35 

shortwave (SWN) and long-wave (LWN) along with net radiation (NR) radiations were 36 

implemented for predicting CTEI. Further, thirteen different combinations were analyzed using 37 

an improved Sequential Minimal Optimization (SMO) algorithm for support vector machine 38 

(SVM) and a greedy linear regression method. Therefore, the objectives of this study are to 39 

develop several combinations based on machine learning models used for modeling CTEI, 40 

compare the accuracy and stability of these models in CTEI prediction, and select the best 41 

outcomes have been provided from these models. The performed error measures and statistical 42 

https://ieeexplore.ieee.org/abstract/document/4479862/


indicators prove that Combo 2 and 3 owing to SVM model are superior to the best combinations 43 

of Greedy model. Overall based on the results, the improved SVM is superior to Greedy model in 44 

estimating CTEI. SVM (Combo2: R=0.81) in spite of having a higher range of relative error, is 45 

superior to Greedy model (Combo3, R=0.77) for estimating CTEI. This method can be one of 46 

promising alternatives for estimating CTEI over major river basins across the world. 47 

Keywords: Drought index; Climate change; Greedy regression method; GRACE; Remote 48 

sensing; Support vector machine. 49 

1 Introduction 50 

One of the most significant catastrophic phenomena in nature is drought that has 51 

potentially severe outcomes on agriculture, socio-economic, and ecosystems (Wilhite 2000; Mo 52 

2011). Drought-related disasters have been a large increase by changing climate worldwide over 53 

the past decades, although with different intensities (Allen et al. 2011). In addition, with respect 54 

to the global warming phenomenon, the frequency and effect of drought are gradually growing; 55 

hence, it is very important to make a deep study on the drought phenomenon. With the purpose of 56 

quantifying drought, many researchers used hydrological and meteorological factors affecting 57 

drought to create various drought indices and compare drought frequency, duration, and intensity 58 

and its effect on temporal and spatial scales (Marcos-Garcia et al. 2017; Oloruntade et al. 2017). 59 

In this regard, several drought indices were introduced as a primary factor for predicting 60 

drought such as Palmer Drought Severity Index (PDSI) (Palmer 1965), Standardized Precipitation 61 

Index (SPI) (McKee et al. 1993), and Standardized Runoff Index (SRI) (Shukla and Wood, 2008; 62 

Paul et al., 2018),Vegetation Drought Response Index (VegDRI) (Brown et al. 2008), 63 

Standardized Stream flow Index (SSI) (Shukla and Wood 2008; Vicente-Serrano et al. 64 

https://www.powerthesaurus.org/with_the_purpose_of/synonyms


2010),Standardized Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al. 2010), 65 

Multivariate Standardized Drought Index (MSDI) (Hao and AghaKouchak 2013), Gravity 66 

Recovery and Climate Experiment (GRACE)derived Drought Severity Index (DSI) (Feng et al. 67 

2017; Zhao et al. 2017),water storage deficit index (WSDI) (Sun et al. 2018), Combined 68 

Climatologic Deviation Index (CCDI) (Sinha et al. 2019), and Combined Terrestrial 69 

Evapotranspiration Index (CTEI) (Dharpure et al. 2020). 70 

Among the above-stated drought indices, the SPI, PDSI, and SRI are the most common 71 

indicators applied to drought characterization. The SPI uses the long-term precipitation dataset 72 

(Wang et al. 2016), while the PDSI considers evaporation, precipitation, soil moisture, runoff, 73 

and other variables (Zargar et al. 2011) to estimate long-term drought periods. Besides, the SPEI 74 

is a drought indicator based on the PDSI and SPI for expressing meteorological drought. Based 75 

on the SPEI, Wang and Chen (2014) evaluated the application of this indicator in China and 76 

indicated that it has a good capability to present drought occurrence. Zhao et al. (2017) 77 

demonstrated that the SPEI was suitable for monitoring drought in both short- and long-term in 78 

China. Rivera et al. (2017) presented that the SSI can precisely show the extreme hydrological 79 

drought in the Central Andes, Argentina. Tirivarombo et al, (2018) proved that the SPEI can 80 

better describe drought than the SPI in the Kafue basin due to consider the evapotranspiration 81 

factor. Dharpure et al.(2020) presented the CTEI by combining the GRACE and meteorological 82 

variables such as precipitation (P) and potential evapotranspiration (PET). They indicated that 83 

this index has several advantages compared with the other drought indices. For instance, it can 84 

decrease simulation, numerical modeling, and parameterization. Also, the CTEI yielded a 85 

measurement of climatic parameters and water storage variations to determine hydrological 86 

drought occurrences.   87 



Predicting drought to decrease the damage made by the drought phenomenon is an 88 

inevitable issue. The most commonly utilized prediction models are artificial neural network 89 

(ANN) Borji et al., (2016),support vector machines (SVMs) (Ahmad et al. 2010; Weng 2012). 90 

Khan et al. (2020)developed wavelet-based hybrid ANN-autoregressive integrated moving 91 

average (ARIMA) models for predicting the SPI and the Standard Index of Annual Precipitation 92 

(SIAP). They indicated that the proposed model can provide very promising accuracy to predict 93 

the drought events. Li et al. (2020) used three data models (i.e., SVM, random forest (RF), and 94 

ARIMA) to predict the SPEI in the Guangzhong area in China. The authors showed that the RF 95 

and SVM models have better performance to predict the SPEI than the ARIMA model. Three 96 

data-driven models (i.e., SVM, ANN, and k-Nearest Neighbor (KNN)) were investigated for 97 

predicting drought over Pakistan (Khan et al., 2020). According to the results, the SVM and ANN 98 

were more accurate than the KNN to predict the droughts.   99 

The main goal of the present study was to introduce a novel data-driven model for 100 

predicting extreme droughts over India based on the Combined Terrestrial Evapotranspiration 101 

Index (CTEI). This study employs the CTEI as the drought index because of its incorporation of 102 

the GRACE data and meteorological variables (i.e., P and PET), thus better show the drought 103 

than the other indices (Dharpure et al. 2020). In this study, two novel models called SMO-SVM 104 

and greedy models are utilized for predicting the CTEI, which are not yet employed in 105 

developing drought prediction models. Therefore, an efficiency comparison between the CTEI 106 

prediction methods developed with the SMO-SVM and greedy methods will make an unrivaled 107 

opportunity for specifying their pros and cons. This study is also the first research which 108 

implemented the development of India-wide drought prediction models. Consequently, the 109 



proposed drought prediction models can help in better managing water resources systems 110 

required for India’s agriculture-dependent society. 111 

 112 

2   Material and methods 113 

2.1   Study Area 114 

The Ganga river basin (GRB) is one of the most populous (about 440 million people) 115 

river systems in the World (Anand et al. 2018). The basin is situated in the northern part of the 116 

country and lies between latitude 21º 32’ 8.6” - 31º 27’ 36.2” N and longitude 73º 14’ 33.4” - 90º 117 

53’ 18.9” E, over an area of 10,86,000 km2 
(Fig. 1).The GRB outspreads in four countries, i.e., 118 

India (79%), Nepal (14%), Bangladesh (4%), and China (3%). In India, it covers 8,61,452 km
2
, 119 

which is nearly 26% of the total geographic area of the country(India-WRIS 2012). The GRB 120 

originates in the Himalayan Mountains at the snout of the Gangotri glacier at an elevation of 121 

~7000 m a.s.l. The confluence of the Bhagirathi River and Alaknanda Rivers joins in the town of 122 

Devprayag, then officially called the Ganga River. The main tributaries of the Ganga River are 123 

the Yamuna, the Ramganga, the Gomti, the Ghaghra, the Sone, the Gandak, the Kosi, and the 124 

Mahananda. And, it flows for about 2,510 km, generally southeastward, through a vast plain to 125 

the Bay of Bengal.  126 

The main source of water in the Ganga River is a surface runoff generated by the 127 

precipitation (~66%), base flow (~14%), glacier melt (~11.5%), and snowmelt (~8.5%). The 128 

GRB received 84% of total rainfall during the monsoon season (June to October). Though, the 129 

monsoon season accounts for 75% of the rain in the upper basin and 85% of the rain in the lower 130 

basin (Shrestha et al. 2015). The elevation range varies from sea level to the highest mountain 131 

peak (~8850 m a.s.l) in the world.  132 



2.2   Data used 133 

2.2.1   GRACE Terrestrial Water Storage anomalies (TWSA) 134 

In this study, the 168 monthly solutions of GRACE data (level-3 RL-05, special 135 

harmonics) at 1°×1° spatial resolution were acquired from three research agencies, i.e., Center 136 

for Space Research (CSR) at the University of Austin/Texas, NASA Jet Propulsion Laboratory 137 

(JPL) and the German Research Centre for Geosciences (GFZ) were used for TWSA changes 138 

from January 2003 to December 2016 (14 years) (Table 1). However, 17 months of GRACE 139 

solutions were missing during the observation period; therefore, the missing solution of a 140 

particular month was replaced by the available solutions of sequent months (before and after)of 141 

the missing months (Long et al. 2015; Yang et al. 2017). The GRACE TWSA obtained from 142 

three data centre’s solution (JPL, GFZ, and CSR) were averaged for reducing the noise in the 143 

gravity field (Sakumura et al. 2014; Xiao et al. 2015). The TWSA includes the groundwater 144 

storage (GWSA), soil moisture storage (SMSA), canopy water storage (CWSA), surface water 145 

storage (SWSA), and snow water equivalent (SWEA) anomaly, expressed by Eq. 1. 146 

                                    (1) 147 

2.2.2   GLDAS observation 148 

GLDAS is a joint project designed by NASA, the National Oceanic and Atmospheric 149 

Administration (NOAA), and the National Centers Environmental Prediction (NCEP) by 150 

integrating the hydrological components obtained from the ground and satellite-based observation 151 

with fine spatial and temporal resolution (Rodell et al. 2004). The details of the data products are 152 

described by Rui and Beaudoing (2018). The GLDAS data comprises four Land Surface models 153 

(LSM) data, i.e., the Community Land Model (CLM2.0) (Dai et al. 2003), Variable Infiltration 154 



Capacity (VIC) (Liang et al., 1994; Srivastava et al., 2020a, 2020b; Maza et al., 2020), NOAH 155 

(Chen et al. 1996; Ek et al. 2003), and Mosaic (Koster and Suarez 1996). The spatial resolution of 156 

all the LSMs data is about 1°× 1°. For monthly TWS data through GLDAS, a summation of 157 

monthly soil moisture (SM) layer, snow water equivalent (SWE), and the Canopy Water Storage 158 

(CWS) from four LSM datasets were used from 2003 to 2016 (Table 1). The average of four 159 

LSM datasets was used to estimate the monthly TWS with minimum bias (Yang et al. 2017). 160 

Other researchers adopted a similar approach(Ahmed and Abdelmohsen 2018; Wu et al. 2019). 161 

None of these LSMs dataset includes groundwater storage and surface water storage (SWS)(Dai 162 

et al. 2003; Rodell et al. 2004). We assume that the SWS in the study area likely to be a minor 163 

component or small contribution over the region; therefore, we have neglected in this study. 164 

Numerous studies neglect the SWS changes for GWS estimation (Strassberg et al. 2007; Rodell 165 

et al. 2009; Tiwari et al. 2009). The GLDAS TWSA was converted into anomalies with the same 166 

consideration of GRACE data (baseline period of January 2004 to December 2009). The GWSA 167 

is obtained by subtracting the model-based          from the           (Sun et al. 2019) 168 

by rearranging Eq. 1. GLDAS has been used in numerous studies to isolate the GWSA from the 169 

GRACE derived TWSA in different regions of the world (Rodell et al. 2007; Leblanc et al. 2009; 170 

Tiwari et al. 2009). 171 

2.2.3   Tropical Rainfall Measuring Mission (TRMM)  172 

The Tropical Rainfall Measuring Mission (TRMM) 3B43monthly research Version 7 173 

(TRMM-3B43-V7) precipitation data at 0.25º × 0.25º spatial resolution was used over the Ganga 174 

river basins during the period 2003–2016 (Huffman et al. 2018) (Table 1). This product is 175 

designed for global precipitation analysis, and its algorithm combines several instruments 176 

(Huffman et al. 2007). TRMM precipitation products were widely used worldwide. Several 177 



authors have compared the TRMM data with observational data and reported good accuracy (Jia 178 

et al. 2011; Yang et al. 2017; Khan et al. 2018).  179 

2.2.4   Potential Evapotranspiration (PET)  180 

The daily global potential evapotranspiration (PET) with a spatial resolution of 1°× 1° 181 

datasets were used from 2003 to 2016 (Table 1). This data is generated from the climate 182 

parameter, i.e., extracted from the Global Data Assimilation System (GDAS) analysis fields. The 183 

NOAA generates the GDAS data every 6 hours, and it is freely available on the USGS website 184 

https://earlywarning.usgs.gov/fews/product/81. The daily PET is calculated on a spatial basis 185 

using the Penman-Monteith equation (Allen et al. 2006; Shuttleworth 1992; Srivastava et al. 186 

2017, 2018; Kumari and Srivastava 2020). The monthly and yearly PET was obtained using the 187 

accumulation of daily data. 188 

2.2.5   CTEI Description and Calculation 189 

This index was developed by Dharpure et al. (2020) using hydrological and climatological 190 

conditions over the Indus, Ganga, and Brahmaputra river basins, and also highlighted that the 191 

CTEI was highly correlated with the ground observation wells. The CTEI index was derived 192 

using satellite data and hydro-meteorological parameters for the period 2003–2016. They have 193 

also revealed that this index is able to quantify the drought occurrence and their severity on 194 

spatial as well as temporal scale. This model presents a comprehensive picture to estimate the 195 

drought events at regional scale where the ground observation is limited. The normalized 196 

distribution of all input variables in modeling CTEI is illustrated in Fig.2. 197 

https://earlywarning.usgs.gov/fews/product/81


2.3   Methodology 198 

2.3.1   SMO-SVM Algorithm  199 

One of the most advanced and relatively new machine-learning algorithms in the data-200 

dominated science and research field can be assigned to Support Vector Machine (SVM) 201 

algorithms. These SVMs are basically structured on the statistical learning theories and developed 202 

from the conceptual optimization hypothesis (Vapnik 1995; Vapnik 1998). It is generally used in 203 

order to achieve the best generalization capability for both the empirical relations and confidence 204 

intervals of machine learning. These SVMs have always been shown to perform extremely well 205 

and efficient for the optimizations and regressions studies (Vapnik et al. 1997; Collobert et al. 206 

2001). These are assumed and proven to be highly robust in nature for extremely noise mixed 207 

data in comparison to the other local models and algorithms which uses traditional chaotic 208 

methods.  The SVM estimation function (F) in any given regression scenario can be defined as:  209 

                                                                                           2) 210 

Where W is the weight age vector; Tf represents the nonlinear transfer function, which projects 211 

the input vectors towards a very high dimension feature space; and b is the constant variable. Fig. 212 

3 shows the schematic representation of the SVM algorithm.  213 

            A convex dual optimization problem was introduced by Vapnik (1995) that created an 214 

insensitivity loss function. Several algorithms have been developed and suggested for solving 215 

these dual optimization issues in the SVM (Shevade et al. 2000; Schölkopf and Smola 2002; 216 

Adamala and Srivastava 2018). In this current study, the Sequential Minimal Optimization (SMO) 217 

algorithm is used along with the SVM algorithm in order to solve the dual optimization problem. 218 

Several studies, such as Platt (1999) and Schölkopf and Smola (2002), have used these SMO in 219 



combination with SVMs. One of the major advantages for using SMO is that one can obtain any 220 

analytical solution of the subset that can be directly obtained without the help of a quadratic 221 

optimizer. Henceforth, all the model parameters of SVMs are trained by using the SMO 222 

algorithm in this study. The programming codes from the Library for Support Vector Machines 223 

(LIBSVM) are used for the calibration and validation of all the datasets (Chang and Lin 2011). 224 

2.3.2   A Greedy Method 225 

           A greedy strategy is a simple, intuitive algorithmic paradigm that starts optimal solution 226 

from the status quo and is used for solving problem-solving heuristic, and repeatedly chooses the 227 

‘superior’ choice from a fixed number of options based on the existing rather than following 228 

situations until no alternative is available (Black 2005).There has been a wide existence of this 229 

method in the literature for several decades. 230 

            In the greedy algorithm, there are several input parameters such as positive real numbers 231  ,  min,  < 1, and a function  : N × N → N. These parameters  ,  min, and  controls the 232 

iteration duration for each simulation. The function   takes the values   and   as inputs and sends 233 

backs the several numbers of iterations towards the algorithm main stage (Fig.4). In order to 234 

provide the best solutions, it is required to run the considerable iterations for maximizing the best 235 

fit and its approximation. Mainly there are two steps to carry out this whole process, such as: 236 

Initially, we apply a greedy algorithm in order to obtain the attainable solution, which is followed 237 

by the destruction phase. In this phase, we eliminate some of the elements from the current 238 

solution keeping the partial soluton aside. In the third stage of this process, which is called as 239 

construction phase, we implement the algorithm to the partial solution to obtain a different 240 

feasible solution.Further, we repeat the second and third stages until the best condition is 241 

satisfied. The combination of all variables was implemented as inputs to two models, as shown in 242 



Table 2  to select the best combination ofinput variables that has a high correlation with CTEI. 243 

The analyzed datasets were divided into two sections: the training period represented 80% of the 244 

dataset, and the remaining (20%) was for the testing period. 245 

2.4   Statistical analysis 246 

            The actual data of CTEI and modeled values were compared through the period of this 247 

study. To evaluate the accuracy of models, the following statistical indicators have been selected 248 

using root mean square error, coefficient of determination, and mean absolute error (Elbeltagi et 249 

al. 2020 b, a, c, d). All parameters defined as follows:       is an observed or actual value,  250        is simulated or foreseen value,        is the mean value of reference samples, and N is 251 

the total number of data points. 252 

1. Root mean square error 253 

RMSE is the sample standard deviation of the differences between foreseen and actual values. It 254 

is given by: 255 

                                 (3) 256 

2. Mean Absolute Error 257 

The mean absolute error evaluates the mean magnitude of the errors in a set of forecasts, without 258 

considering their sign. It’s an average over the test sample of the absolute differences between 259 

foreseen and actual values. It is defined as: 260 

                                                                           (4) 261 



3.  Relative Absolute Error 262 

The relative absolute error takes the total absolute error and normalizes it by dividing by the total 263 

absolute error of the simple predictor. 264 

                                                                                        (5) 265 

4. Root Relative Squared Error 266 

The relative squared error takes the total squared error and normalizes it by dividing by the total 267 

squared error of the simple predictor. By taking the square root of the relative squared error one 268 

reduces the error to the same dimensions as the quantity being predicted. 269 

                                                     (6) 270 

3    Results and Discussions 271 

             The descriptive statistics were analyzed for the data collected over the studied years, as 272 

shown in Table 3. This table showed that the SD had the highest value of 32.74 at SWN and the 273 

lowest value of 0.33 at WS. As mentioned before, 13 input variables comprised of GRACE TWSA, 274 

GLDAS TWSA, GWSA, P, LST, WS, ET, Runoff, Air Temp, NR, SWN, LWN, and PET were 275 

implemented for prediction of CTEI. Among available all influence inputs, 13 different 276 

combinations were examined using two soft computing models, namely a Greedy algorithm and 277 

SMO-SVM models. Table 4 demonstrates the performance metrics of the Greedy model, based 278 

on all datasets, for all combinations. The result clearly shows that Combo3 (R=0.77, RMSE=0.49, 279 

MAE=0.38, and RAE=63.23%) and Combo2(R=0.77, RMSE=0.5, MAE=0.37, and 280 

https://www.gepsoft.com/GeneXproTools/AnalysesAndComputations/MeasuresOfFit/RelativeSquaredError.htm


RAE=63.63%) by having highest correlation coefficient and lowest error metrics are identified as 281 

the superior input combination for prediction of CTEI, respectively. Besides, the Combo13 282 

(R=0.51 and RMSE=0.67) has the worth performance among all combinations. The statistical 283 

criteria for the SMO-SVM model are listed in Table 5. It is crystal clear that Combo2 and 284 

Combo3 have promising predictive performance in term of (R=0.81, RMSE=0.46, MAE=0.35 285 

and RAE=57.25%) and (R=0.80, RMSE=0.46, MAE=0.34 and RAE=59.27%), respectively. The 286 

statistical measures for training and testing phases are tabulated in Tables A and B in the 287 

appendix. Fig. 5 depicted the comparison between Greedy and SMO-SVM models in terms of 288 

five considered metrics for all combinations. A closer look at the bar plot of metrics reveals that 289 

the best performance has occurred in Combo 2 and 3 for both the AI-based model, and it can be 290 

included that SMO-SVM is superior to the Greedy model in estimating CTEI. Fig. 6 shows the 291 

scatter plots of all combinations for Greedy and SMO-SVM models in both training and testing 292 

phases. The distribution of the predicted points around line 1:1 demonstrates that for both Greedy 293 

and SMO-SVM models, Combo2 and Combo3 have more consistency with the measured value 294 

of CTEI. Although, the Combos 2, 3, and even Combo 4 of the SMO-SVM model perform better 295 

than Combo 2 and Combo 3 of the greedy model. The results obtained generated better 296 

performance compared to the findings of El Ibrahimi and Baali (2018), who applied SVM for 297 

predicting standardized precipitation index (SPI) and found that the determination coefficients 298 

(R
2
) ranged from 0.52 to 0.77 for training and testing periods.  As well, the developed models 299 

achieved an acceptable result than Dikshit et al. (2020), who stated that the highest correlation 300 

coefficient for modeling Standard Precipitation Evaporation Index (SPEI) was 0.75 by using 301 

SVM. In addition, These results are in agreement with those from Borji et al., (2016), who 302 

simulated the stream flow drought index (SDI)of different multi timescales and indicated that R
2 

303 

ranged from 0.65 to 0.99. Also, SVM has been used for predicting drought based on SPEI by Deo 304 



et al. (2018) and found that R
2 
ranged from 0.52 to 0.98. Moreover, these findings were extremely 305 

an acceptable and agree with those suggested by Fung et al., (2019), who applied an improved 306 

SVM for estimation of SPEI-1, SPEI-3 and SPEI-6, at various timescales and their findings 307 

resulted that R
2 

ranged from 0.83 to 0.95 for training and from 0.79 to 0.90 for validation periods. 308 

Furthermore, our results are similar to the results of (Komasi et al. 2018), who found that SVM 309 

algorithm-generated R
2 

of 0.86 for modeling SPI. Besides, these results coincide with the 310 

observations of Shamshirband et al.(2020), who found that R
2 

varied from 0.66 to 0.92 for 311 

prediction of SPEI, and varied from 0.67 to 0.90 for prediction of SPI during six-time delays. 312 

Moreover, the model finding were similar to those revealed by Zhang et al., (2019), who forecast 313 

the drought by applying SVM and illustrated that the R
2  

between SPEI calculated versus 314 

observed values were 0.827 to 0.833. 315 

             To get a better evaluation, visualization was applied by using a violin plot for each 316 

combination of models in Fig.7. Considering the shape of the violin plots, it can be concluded 317 

that for Greedy model the Combos 1, 2, and 3 have the closed predictive performance in 318 

predicting CTEI and Combo7 stand in forth rank. Also, in SMO-SVM the Combo 1, 2, 3, and 4 319 

can yield promising results in comparison other combination. Moreover, the Taylor diagrams for 320 

testing phase are depicted in Fig.5 for two considered model. Comparison between cut come of 321 

two model prove that Combo2, 3 and 4 in SMO-SVM and Combo2 and Combo3 in Greedy 322 

model due to having minimal physical distance to target point are identified as the best 323 

combination for prediction of CTEI. Hereafter, Combos 2 and 3 form two models are examined 324 

for error analysis to introduce the most efficient and accurate predictive model. 325 

             Fig.8 depicted the violin distribution function (Left) and diffusion plots (Right) of 326 

relative error for the best selected combination of Greedy and SMO-SVM model in testing phase. 327 



The error analysis the best selection combinations in testing phase implies that optimum relative 328 

error range for Greedy model is belong to Comb2 with ( 405 680rE   ) and for SMO-SVM 329 

model is owing to the Combo2 with ( 627 788rE   ).Besides, the attained result demonstrated 330 

that the SMO-SVM (Combo2, R=0.81) in spite of having higher range of relative error is superior 331 

to the Greedy model (Combo3, R=0.77) for estimation of CTEI. 332 

              Eventually, Fig.9 shows the cumulative frequency of relative percentage absolute error 333 

(RPAE) for all best combination in both AI models in tree scales comprised of all datasets, 334 

training and testing stages. According to the Fig.10, more than 60% of all data points for Greedy-335 

Combo2, Greedy-Combo3, SMO-SVM-Combo2, and SMO-SVM-Combo3 have the RPAE less 336 

than79%, 75.35%, 64.23%, and 67.2, respectively. Furthermore, for 90% of all data points, 337 

Greedy and SMO-SVM models can predict CTEI by the RPAE less than356.36, 356.36, 355, and 338 

356.25 for second and third combinations, respectively. The cumulative frequency of RPAE for 339 

training dataset (80% of all datasets) shows that the best selection input combinations of SMO-340 

SVM model are fairly promising approaches for prediction of CTEI. So, the performed error 341 

analysis proves that Combo 2 and Combo 3 owing to SMO-SVM model are superior to the best 342 

combinations of Greedy model. However, due to the close accuracy of the performance of the 343 

Combo2 and Combo3 can be inferred that the Combo3 with less input variable (11 influence 344 

variables) is considered as the first priority model for prediction of CTEI. It is worth noting that 345 

the entire selected alternative AI models for range of ( 0.5 0.5CTEI   ) cannot achieve to the 346 

high accuracy for prediction of CTEI. 347 



4    Conclusion  348 

             Assessment of drought is one of the most important tasks in the present condition as it 349 

leads to several adverse effects on the soil-water-atmosphere cycles of the earth systems across 350 

the different climate of the world. There exists a several techniques and machine learning 351 

methods in the literature to quantify drought; however based on CTEI this is one of the unique 352 

study that compares and contrast the relative role of improve SMO algorithm for support vector 353 

machine and a greedy linear method. Thirteen input variables were implemented for prediction of 354 

CTEI using an improved SMO algorithm for support vector machine and a greedy linear 355 

regression method.  Several combinations of each method were made to determine the best fit by 356 

using the statistical indicators and error measures. Based on the results of greedy model, we 357 

found that Combo3 and Combo2 respectively yield the highest performance than other combos 358 

with having correlation coefficient, R=0.77, RMSE=0.49, MAE=0.38 and RAE=63.23%) and 359 

(R=0.77, RMSE=0.5, MAE=0.37 and RAE=63.63%). These two combos have the highest value 360 

of R and lowest error metrics and it suggested as the superior input combination for prediction of 361 

CTEI, over IGB river basin. On the other hand, the least efficiency was shown by combo13 with 362 

R = 0.51 and RMSE=57.25% among all other 13 combinations.  When coming towards the 363 

results of SMO-SVM mode, combo2 and combo2 were having highest performance with R=0.81, 364 

RMSE=0.46, MAE=0.35 and RAE=57.25%) and (R=0.80, RMSE=0.46, MAE=0.34 and 365 

RAE=59.27% respectively. These combinations are similar to the greedy model but SMO-SVM 366 

has slight better performance. Among all the combos, the combo2 and combo3 are well suited for 367 

the estimation of CTEI over IGB using both the soft computing techniques. Further, in support to 368 

other error measure the RPAE also showed that combo2 and combo3 of Greedy and SMO-SMV 369 

model performed better with having less than 79%, 75.35%, 64.23%, and 67.2, respectively. 370 



Apart from this in the Greedy model the Combos 3 also has the closed predictive performance in 371 

predicting CTEI and followed by Combo7. On the other hand, for SMO-SVM Combo 3 and 4 372 

also yield promising results in comparison to rest of the other combinations. The cumulative 373 

frequency of RPAE for training dataset (80% of all datasets) shows that the best selection input 374 

combinations of SMO-SVM model are fairly promising approaches for prediction of CTEI. So, 375 

the perform error analysis proves that Combo 2 and Combo 3 owing to SMO-SVM model are 376 

superior to the best combinations of Greedy model and can be one of the promising alternatives 377 

for the estimation of CTEI over large river basins of different hydro-climatic regions of the world. 378 
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Figures

Figure 1

Location map of the Ganga river basin and its tributaries along with varying elevation.

Figure 2



The normalized distribution of all input variables in modeling CTEI

Figure 3

A schematic daigram to explain the SVM algorithm (adapted from Gong et al., 2016)



Figure 4

A schematic daigram to explain the Greedy algorithm (adapted from Cerrone et al., 2017)

Figure 5

The performance metrics bar plots for greedy and SVM-SMO models



Figure 6

The scatter plots of all combinations for Greedy and SMO-SVM models (part 1)



Figure 7

The comparison between the distribution function of measured and predicted CTEI in models for all
datasets



Figure 8

The Taylor diagram of all combination for Greedy (Up) and SMO-SVM (Down) models in testing phase



Figure 9

the relative error (%) distribution function (Left) and measured CTEI versus relative error (%) (Right) for
greedy and SMO-SVM model in superior combinations for testing phase



Figure 10

The cumulative frequency of relative absolute error (%) for superior predictive model for index of CTEI
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