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Abstract

:

Central India faces a freshwater shortage due to its diverse terrain, sudden change in precipitation patterns and crystalline rock covered subsurface. Here, we investigate the patterns in terrestrial water storage anomaly (TWSA) over the last two decades, and also study the influence of the COVID-19 lockdown on TWSA in the drought-prone regions of central India, mostly covering the Vidarbha region of the Indian state of Maharashtra. The Vidarbha region is arguably the most drought-affected region in terms of farmer suicides due to crop failure. Our forecast data using multiple statistical approaches show a net TWSA rise in the order of 3.65 to 19.32 km3 in the study area in May 2020. A short-term rise in TWSA in April–May of 2020 is associated with lockdown influenced human activity reduction. A long-term rise in TWSA has been observed in the study region in recent years; the rising TWSA trend is not directly associated with precipitation patterns, rather it may be attributed to the implementation of water management policies.
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1. Introduction


Freshwater availability is a crucial issue in central India due to its diverse terrain, changing precipitation patterns and non-favorable subsurface structure mostly composed of jointed or fractured crystalline rocks [1]. Semi-arid climate prevails in this region and a sudden decline in monsoonal precipitation often leads to severe water scarcity and drought [2]. As a result, most of these regions are characterized as drought prone, and management programs are already in place in the form of preventive measures by the government authorities [3]. Hydrological drought is one of the reasons for crop failure as well as farmer distress in central India [4]. The eastern part of the Indian state of Maharashtra, the Vidarbha region, has been subjected to large-scale droughts as well as the largest number of farmer suicides in India over the years [5,6]. Maharashtra (mostly the eastern part) reported a massive 3030 incidents of farmer suicides in 2015 alone, mostly linked to bankruptcy and indebtedness (>42%) as a result of crop failure [7]. Long-term patterns of water storage change need to be urgently investigated in this region to enable proper management of the available water resources.



To contain the extent of the COVID-19 pandemic, India undertook a nation-wide lockdown for 68 days between 24 March and 31 May 2020 (https://en.wikipedia.org/wiki/COVID-19_pandemic_lockdown_in_India#Lockdown accessed on 29 July 2020). COVID-19 spreads havoc in densely populated countries like India, with 513,226 deaths and ~42.89 million total infections up to 25 February 2022 [8]. Maharashtra has been the worst affected state in India, with >18% of the total infections and ~28% of the total deaths reported up to 26 February 2022 [9]. As a result, most economic activities in Maharashtra, including agriculture, have stalled for a prolonged period within the state, particularly during the nationwide lockdown in 2020. This led to a unique test bed to study the human influences on the hydrologic cycle.



Water storage prediction/forecasting has been performed over the years using a suite of classical and contemporary statistical methods. Regression-based analyses are preformed to estimate groundwater level responses from long ago [10,11,12]. Apart from linear regression estimates, auto regressive (AR), moving average (MA) and a combination of these two, such as the auto regressive moving average (ARMA) and auto regressive integrated moving average (ARIMA) have been widely used in hydrology over the years [13]. With the advent of intensive computing resources, artificial intelligence (AI) based approaches have been widely applied in hydrologic modeling. Artificial neural network (ANN) based approaches have also been used for a long time in both stream flow [14] and groundwater level predictions [15]. Many other AI based approaches are available nowadays, and are providing encouraging outputs in parts of the globe with less computational requirement [13,16,17,18].



We used terrestrial water storage (TWS) data from the Gravity Recovery and Climate Experiment (GRACE) and its Follow-on (GRACE-FO) missions between April 2002 and August 2020. Both of the GRACE missions are designed to monitor the continuous temporal variability in Earth’s gravity field that may arise as a result of the mass changes in atmospheric, oceanic, and terrestrial water and solid earth domains across the globe [19,20,21]. TWS changes are estimated after eliminating the influences of solid earth processes [22] and the atmospheric and oceanic processes [23]. Here, TWS anomalies are investigated in the Vidarbha region (Figure 1) to estimate the influence of either the COVID-19 linked lockdown or other factors on the local water budget. We also study the long-term patterns of TWS and their controlling factors in the drought prone region. With the help of multiple statistical approaches, we have attempted to quantify the net change in TWSA due to the influence of lockdown and stalled human activities.




2. Data and Methods


2.1. Study Area


Study area (Figure 1a, red box) includes the Vidarbha region in Maharashtra and parts of southern Madhya Pradesh. Study area covers parts of 11 districts of Maharashtra (Akola, Amravati, Bhandara, Chandrapur, Garhchiroli, Gondiya, Hingoli, Nagpur, Wardha, Washim, Yavatmal) and five districts of Madhya Pradesh (Balaghat, Betul, Chhindwara, Harda, Seoni). The subsurface is mostly composed of basalt with some patches of quartzite, schist and granite observed [26]. Black soil dominates the soil types in the area with its occurrence in the weathered zone that sometimes reach up to 20 m [27]. The region receives annual precipitation in the range of 600–1200 mm with low to high values in a western to eastern direction [28]. More than 90% of the precipitation occurs in the June to September monsoon months (Figure 2a). The study area constitutes a ~3° × 3° mascon block (mass concentration blocks that optimally represent GRACE’s inter-satellite ranging observations) in GRACE JPL’s mascon solution [29]. The recent GRACE-based terrestrial water storage (TWS) products are released at the spatial resolution of a 0.5° × 0.5° grid, however, their native resolution is ~3° × 3°, and one of the native pixels selected here [29,30,31]. Natural vegetation and cropland covers more than 90% of the study area (Figure 1b). Eastern and northern parts are mostly covered by natural vegetation while the south-western part is dominated by cropland. Areas equipped for irrigation show a coverage of 10–80%, while most of the areas are within a 30% irrigation equipment coverage area in 2013 (Figure 1c). Groundwater supports the majority of the irrigation demand in the south-western part in which croplands are mostly found and the precipitation rate is comparatively lower; surface water irrigation is dominant in the eastern part (Figure 1d). More than 50% of the irrigated land was supported by groundwater in Vidarbha [32]. The absence of major rivers and streams in this region further increases groundwater dependency in non-monsoon months.




2.2. GRACE TWSA


Gridded (0.5° × 0.5°) RL06 TWS mascon solution change data are obtained from the National Aeronautics and Space Administration (NASA) Jet Propulsion Laboratory (JPL) archive [29,30,31]. Satellite laser ranging data are used for estimating the degree 2 and order 0 coefficients [33]. The influence of elastic deformation of the subsurface due to the post glacial rebound signals are modeled following A et al. [34]. Post processing filters are not used for noise removal, rather a priori information is used [29]. In this approach, 3° × 3° mass concentration blocks cover the entire globe, and the dimensions serve as the native resolution of the data product [29]. The coastline resolution improvement (CRI) filter was used in the processed data to remove the ocean signal [29]. To increase the resolution of the data and derive the output at 0.5° × 0.5° globally, a Community Land Model (CLM) hydrology run was performed at the same resolution to determine the scale/gain factors [30]. As recommended by the data providers, we used scale factors to improve the TWS estimates at each pixel data. We obtained the data for 186 months between April-2002 and May-2020. TWS anomalies are computed after removing the long-term mean TWS from the individual temporal data points at the pixel level (0.5° × 0.5°).




2.3. Precipitation and Evapotranspiration


We used the 0.05° × 0.05° gridded rainfall data from the Climate Hazards group Infrared Precipitation with Stations (CHIRPS) archive produced by the United States Geological Survey (USGS) and the Climate Hazard Center of the University of California Santa Barbara [35]. Both the gauge-based precipitation estimates as well as the infrared-based cold cloud duration estimates from the satellite observations are blended together to create the data [35]. Some of the major advantages of CHIRPS are its very low latency period (less than a month) and the high spatial resolution (0.05° × 0.05°) [35]. Precipitation data from CHIRPS are well comparable with the gauge-based estimates in India [36] and on the high mountain Asia region [37].



We used evapotranspiration (ET) estimates from the Global Land Data Assimilation System (GLDAS) model simulations [38]. ET estimates from two separate land surface models, i.e., Noah and Catchment Land Surface Model (CLSM) are used. CLSM L4 data (v. 2.10) and Noah L4 data (v. 2.10) are used. ET estimates from the Noah model are reported to perform better in Tibetan plateau [39] and in parts of the United States [40]. Apart from Noah ET estimates, recent studies show CLSM ET estimates are also performing well in parts of the United States [41].




2.4. Forecasting Techniques


In order to show the influence of the lockdown-linked human activity reduction on TWSA, we performed several statistical tests to forecast the TWSA for the last 7 months from November 2019 to May 2020. The study period was restricted to May-2020 as the monsoon starts in June and significantly influence the water availability. Precipitation data from 2002 to 2020 indicates only 6.43% of the total annual rainfall has occurred during the 7-month time period, i.e., November to May (Figure 2). With precipitation being the major driver of TWSA, and assuming irrigation patterns have not changed over the years, we have performed univariate analyses using the TWSA data between August 2002 and October 2019 (207 months) as an input. Missing GRACE TWSA data are filled by linear interpolation.



The following six approaches are used for forecasting the TWSA. First, we performed regression analyses on the time-series data to forecast the TWSA data. Autoregressive integrated moving average (ARIMA) is one of the most widely used approaches for time series forecasting since its inception in the 1970s [10,42,43,44]. ARIMA models compute the autocorrelation in the data. The ARIMA model can be represented as [10,42,44]:


   (  1 −  ϕ 1  B − ⋯ −  ϕ l   B l   )     (  1 − B  )   m   y t  = c +  (  1 +  θ 1  B + ⋯ +  θ n   B n   )   



(1)




where the first part represents the autoregressive (AR) functions of the backshift operator (B). The second part represents the functions of differences, and the last part represents the moving average (MA) functions. l, m and n represent the order of the AR part, the degree of the first differencing and the order of the MA part, respectively. c is a random component.



Exponential smoothing (ETS) is another widely used approach for time series forecasting originally introduced by Brown and Holts in the 1960s [45,46,47,48]. ETS is a state space model that can simulate the level, trend and seasonal data change over time [49]. Please see Gardner [48,49] and Hyndman et al. [44] for more details on the functions of different types of ETS models.



A feed forward neural network with a single hidden layer is applied through the neural network autoregression (NNAR) model. Here, time lagged TWSA values are used as an input in the model to compute the forecast output.



Seasonal and trend decomposition through the Loess smoother (STL) method was applied on the data following Cleveland et al. [50]. In this process, the time-series data (Yt) has been disaggregated into trend (Tt), seasonal (St) and remainder (Rt) components:


   Y t  =  T t  +  S t  +  R t   



(2)







We use another state space model named TBATS (T for Trigonometric regressors to model multiple-seasonalities; B for Box-Cox transformations; A for ARMA errors; T for trend; S for seasonality) to perform the TWSA forecast. In a completely automated manner, TBATS employs Fourier equations with an exponential smoothing state space model along with a Box–Cox transformation [51]. The newly developed method was introduced for the complex seasonal data. Please see De Livera et al. [51] for more details on this method.




2.5. Forecasting Performance Indicators


The performance of the forecast data is examined using statistical approaches, comparing with the observed TWSA. Nash–Sutcliffe efficiency (NSE), percent bias (PBIAS), and root mean square error to standard deviation ratio (RSR) have been widely used in hydrology over the years to test the performance of the predictors [52]. NSE can be represented as the ratio of residual variance and data variance [53].


  NSE = 1 −  [      ∑   i = 1  n     (   x  i     −  y i   )   2        ∑   i = 1  n    (  x i  −  x ¯  )  2       ]     



(3)




where, xi and yi represent the observed and simulated values; i (= 1, 2, 3, …, n) indicate the number of data points;   x ¯   and   y ¯   representing the mean values.



The average deviation of the forecast TWSA from the observed values is represented as PBIAS [54]).


  PBIAS =     ∑   i = 1  n   (   x  i     −  y i   )  × 100     ∑   i = 1  n   x i         



(4)






  RSR =       ∑   i = 1  n    (  x i  −  y i  )  2          ∑   i = 1  n    (  x i  −  x ¯  )  2       



(5)







The root mean square error (RMSE), mean absolute error (MAE) and the Pearson’s correlation coefficient (R) are also computed to show the deviation of forecast TWSA from the observed values [55].


  RMSE =     ∑   i = 1  n       (   x i  −  y i   )   2   n     



(6)






  MAE =     ∑   i = 1  n   |   x  i     −  y i   |   n       



(7)






   Pearson ’ s   correlation     ( R )  =     ∑   i = 1  n   (   x i  −  x ¯   )   (   y i  −  y ¯   )        ∑   i = 1  n     (   x i  −  x ¯   )   2        ∑   i = 1  n     (   y i  −  y ¯   )   2       



(8)









3. Results


3.1. Precipitation and TWSA Patterns


Precipitation shows a strong seasonality with the highest recorded values in July and August (Figure 2a). Hodrick–Prescott (HP) trends are computed to separate the long-term trend of precipitation from the intra-annual cycle components [56,57]. The HP trend in precipitation shows a decreasing pattern in recent years. On the other hand, TWSA shows an increasing HP trend in recent years. TWSA signals exhibit strong seasonal variability with highest values from August to November (Figure 3). The intra-annual rise in TWSA during pre-monsoon to monsoon months is linked to precipitation patterns, however, the long-term HP trend in TWSA is not explainable by precipitation only.



Cross-correlation analysis between monthly precipitation and TWSA data shows the best correlation results for 2-month lagged precipitation (r = 0.68, p < 0.001) followed by 1-month lagged precipitation (r = 0.65, p < 0.001). Precipitation influence on TWSA thus would be better observed in a 1-2 month lag time period. January to May monthly mean TWSA values between 2002 and 2020 show the highest monthly TWSA values in 2020 in all of the 5 months. The precipitation rate was found to be the third highest during 2019–2020 in 2002–2020 (Figure S1).



Annual TWSA data show strong seasonality, with the highest values during the monsoon months (Figure 3). This is an obvious fact in the study area, as precipitation is the major in-flow component of the hydrological cycle. The lowest TWSA values are found in the pre-monsoon months of May and June. The highest TWSA values in April and May are observed in 2020. Interestingly, TWSA in April and May 2020 show positive TWSA when comparing all time values that might result from the restricted human activities in the lockdown period, including irrigation (Figure 4). Although it is difficult to quantitatively distinguish the influence of 2019–2020 precipitation and the reduced human activities during lockdown on TWSA, the occurrence of positive TWSA during the pre-monsoon (April–May) period definitely show a ray of hope in this drought-prone region.



Quarterly, in situ groundwater level data from the Central Groundwater Board (CGWB) in this region show a general long-term increase during 2003–2017 (Figure 5). We selected the wells with continuous data records in the study period and have at least three out of four observations per year. The data show an increasing groundwater level trend in 233 out of 347 observation wells (Figure 5a). Mean quarterly groundwater levels show increasing values (Figure 5b) at rates of 3.31 cm/yr.




3.2. Evapotranspiration and TWSA Patterns


ET provides cumulative information on seasonal surface water (river, lakes, tanks, ponds, dams, etc.) availability and irrigation if temperature is not varying (for example, on comparing a particular seasonal data for multiple years) and the transpired fraction by the incident plant species. ET also exhibits strong seasonality (Figure 6a) and mostly follow precipitation patterns (r > 0.62, p < 0.001; with 1-month lag, r = 0.81, p < 0.001). Both CLSM and Noah-based ET values are well correlated with the TWSA (r > 0.66, p < 0.001). Distribution of monthly ET values between January and May of 2002–2020, along with the 2020 values, are shown in Figure 6b. ET values from both of the models are observed to be at the highest in January and February 2020 as the irrigation intensity increases in recent years, however, they are a little lower than the highest monthly ET values in March to May-2020 (Figure 6b). Comparatively higher freshwater availability in March, 2020, is observed through TWSA estimates supporting the higher surface water availability. On the other hand, without any significant change in precipitation in April and May, 2020, from its long-term mean, a sudden decrease in ET from January to March 2020 values might indicate a reduction in irrigation imposed by the lockdown (Figure 6c,d).




3.3. Statistical Forecasting of TWSA


In order to investigate the TWSA rise in April–May 2020, we have performed multiple statistical forecasting analyses using the data up to October 2019 as input, and predicted the TWSA for the next 7 months, i.e., November 2019 to May 2020 (Figure 7). The 95% confidence interval for different approaches has shown the uncertainties associated with the forecasting experiment. Performance statistics show the best forecast data from the ETS method followed by the STL method (Table 1; Figure 7). Both of the forecast values overestimated the TWSA data in February to April 2020, with underestimation in May 2020 (Figure 7). The forecast TWSA values from other methods largely underestimate the observed TWSA in May 2020 (Figure 7). As already discussed, it is very difficult to separate out the influence of the pandemic-linked lockdown on TWSA rise, considering the multiple feedbacks associated with the components of hydrological cycle. Our forecast values considering purely stochastic approaches provide some information on the quantitative rise in TWSA values considering a business as usual scenario. Our analyses indicate an overall TWSA rise of 3.65 to 19.32 km3 (estimated based on May 2020 values only), which is most likely linked with COVID-19 lockdown in the study area.





4. Discussions


4.1. Influence of Policy Change on Long-Term TWSA Patterns


Long-term TWSA and precipitation HP trends are negatively correlated (r = −0.22, p = 0.001). Water management policy implementation in Maharashtra might have played a crucial role in this rise in TWSA from 2011 onwards. An intensive irrigation project was undertaken by the government agencies to improve the agriculture productivity in the Vidarbha region in 2012 [58]. Two separate schemes, Jalyukt Shivar (JYS), and Galmukt Dharan and Galyukt Shivar (GDGS), were introduced in 2014 as a 5-year program [4]. JYS was planned to utilize the decentralized water to support irrigated cropland. De-silting was done in the water tanks in GDGS, and the silts were used in farmland to support productivity. Both of the plans facilitate groundwater recharge, and approximately 25,000 villages were planned to be made drought-proof through these policy implementations [4]. Prior to these policy changes, another policy change (the Maharashtra Management of Irrigation Systems by Farmers Act) was introduced in 2005 to improve the water management scenario in Maharashtra [59]. Furthermore, the Maharashtra Groundwater Act (1993) was previously introduced to regulate the groundwater abstraction activities in depleted regions [32]. A recent World Bank and Government of India funded project started from 2018 on climate resilient agriculture with one of the primary aims to improve water security at farm level [60]. The ongoing project will continue until 2024 and envisions to contribute to efficient irrigation water usage, construction of surface and subsurface structures, etc. These ongoing sustainable management practices would cause a net reduction in water usage and thus improve the water availability in the area.



A general declining long-term precipitation trend does not explain the long-term rise in TWSA (Figure 2). A rise in groundwater storage has been observed in parts of western and southern India due to policy implementation [28]. Similar reasons (as discussed in the earlier section) may have played a major role in the long-term TWSA rise in this region. Maharashtra leads the way in dam construction in India, with 2354 large dams out of the total 5701 constructed large dams in India [61]. These artificial structures induce groundwater recharge and result in groundwater replenishment in these crystalline rock structures [62]. Even a small-scale artificial recharge structure promotes a groundwater level rise of as much as 2.8 m in nearby dug wells in basaltic terrain [63]. Our observation of a 1–2 month lagged relationship of TWSA with precipitation is consistent with the findings of Frappart et al. [64] in the Amazon basin, and the findings of Prakash et al. [65] in northern India. Both the studies reported limited long-term influence of precipitation on TWSA patterns in their respective study regions.




4.2. Change in Cropping Patterns


We used the MOD13C2 (v006) monthly normalized difference vegetation index (NDVI) data products from the NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS) sensors on Terra satellite [66]. Shrubs, grassland and some matured crops exhibit NDVI in the range of 0.2 to 0.5, while dense forest and fully grown crops can exhibit NDVI with values > 0.6 [67]. Bhanja et al. [68] observed a strong relationship between NDVI and groundwater storage in parts of India. We used NDVI data to further investigate the TWSA patterns. Pulses and wheat are the two major varieties of food crops that are grown in the study area during the rabi season. Cotton is one of the major crops grown in this region covered by black soil [58]. Figure 8 shows the NDVI values between January and May in 2016–2020. NDVI values are found to be higher in January and continue reducing until they reach their lowest values in May. On comparing the values in 2016–2020, NDVI values are found to be the highest in 2020. The four districts in Maharashtra (Amravati, Nagpur, Gadchiroli and Chandrapur) that show unusually higher rates (116–264%) of cotton cropping area in 2020 compared to the 2016–2019 average values are marked in red color in Figure 8. High rates of cotton cropping may also increase transpiration, particularly in January and February 2020 as observed in Figure 6. Cotton sowing generally starts in June–July and harvesting/picking extends up to February in the Vidarbha region, and intercropping with some pulses (pea, gram, sorghum, etc.) is practiced [69]. Cotton exhibits a diverse range of NDVI values from the growing stage (0.19–0.30) to blooming (0.30–0.42), and finally to the picking/harvesting phase (0.34–0.07), with occasional maximum values of 0.65 during the growing and blooming phase [70]. The distinct change in NDVI between February and March might be associated with the harvesting time of cotton and preparation of the land for other crops; this is not clear in 2020 (Figure 8). Similar to cotton, wheat also exhibits dynamic NDVI values during its growth at a range of 0.25 to 0.85 [71]. The cropped areas for other rabi crops including wheat (district-wise cropped area in 2020 comparable to 2016-2019 data) and gram (district-wise cropped area in 2020 comparable to 2016–2019 data with some exceptions) show near normal values in 2020 compared to the 2016–2019 estimates. Normal wheat sowing time in central India extends up to the second week of December [72]. Wheat also requires additional step-wise irrigation, a total of six times for its growth [72]. Precipitation is not too adequate in the post-monsoon period to support the irrigation that requires either groundwater or surface water as a source.



Monsoon precipitation patterns are highly variable and sudden shifts result in meteorological drought in Vidarbha. The region was subjected to 12 meteorological drought-years (annual precipitation rate was 26% or lesser than normal) from 1871 to 1984 [73]. The region experienced 5–15% moderate meteorological drought-years in 1901–2003 [74]. Standardized precipitation index (SPI) based study indicates that the probability of occurrence of extreme drought is as high as 9% in 5 out of 16 districts within the study area [75]. The absence of major rivers and streams, as well as crystalline rock covered subsurface structure, requires water managers to adopt rain water harvesting in the study region to ensure water availability in non-monsoonal months. Water management policy implementation in the form of constructing tanks and other surface water structures also facilitates groundwater recharge and reduces water loss through evapotranspiration. These might play a key role in the TWSA replenishment observed in recent years. The typical structure of the monsoon is 4 months of precipitation with >90% of annual precipitation coverage, leaving the pre-monsoon (April–May) time dry with minimal TWSA. However, the COVID-19 lockdown imposed the lowering of irrigational activities, which might have played an important role in improving TWSA during April–May of 2020, with positive TWSA values that were estimated comparing all monthly TWSA including monsoonal months during April 2002 and May 2020. On a final note, the reduced human activity-linked rise in TWSA in April–May 2020 exhibits an improved water storage situation that represents a ‘once in a century’ scenario in such a drought prone area, where millions of dollars have already been spent toward this cause [4,32,58,59,60]. The lockdown-linked curb of pumping is also a rare phenomenon that encourages studies on groundwater storage change. Future studies could look at estimating groundwater recharge without, or minimally influenced by, irrigation.





5. Conclusions


We investigated the short- and long-term patterns in TWSA in the water scarce regions of central India, where a massive number of farmer suicides are taking place. Major findings of our study include an overall rise in the TWSA trend observed in recent years. Precipitation patterns cannot explain the rising TWSA trend, while the implementation of multiple sustainable water management policies might be the reason. Observation of positive TWSA during April–May 2020 might be associated with the reduction in human activities, including irrigation, due to the imposed lockdown to control the spread of COVID-19. On comparing the NDVI data in January to May between 2016 and 2020, along with crop data, higher NDVI values in 2020 were attributed to the rise in cotton production in four districts of Maharashtra state. TWSA forecasting using multiple statistical approaches indicate a rise in TWSA at the rates of 3.65 to 19.32 km3 in the area during May 2020, most likely linked to COVID-19 lockdown imposed reductions in irrigational activities.
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Figure 1. (a) The study region is marked by the red line. Administrative boundaries of Indian states (MH: Maharashtra; MP: Madhya Pradesh) and the Godavari river basin are shown. (b) Land use land cover data for 2005 are plotted using data from the Oak Ridge National Laboratory’s database [24]. (c) The irrigation equipped area as a percentage of total land area and (d) the percentage of area irrigated by groundwater out of the total irrigation equipped area (plotted using data from Siebert et al. [25]). 
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Figure 2. (a) Monthly mean precipitation time-series. Hodrick–Prescott (HP) trend is shown in blue color. (b) Monthly mean terrestrial water storage (TWS) anomaly and its HP trend in the study region. 
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Figure 3. Monthly TWSA data distribution during August 2002 and May 2020. 
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Figure 4. Monthly mean TWSA in January to May during 2002–2020. 
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Figure 5. (a) Spatial trends in in situ groundwater level between 2003 and 2017; (b) box plot of in situ groundwater level (n = 347). Symbols representing the mean, median, maximum, 10th percentile, 25th percentile, 75th percentile and 90th percentile are shown in inset. 
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Figure 6. (a) Monthly mean evapotranspiration (ET) from the two land surface models, CLSM and Noah simulation in 2002–2020. (b) Box plot of monthly ET data between January and May. Box, whisker and symbols represent the statistics shown in the inset. Monthly values of (c) CLSM ET and (d) Noah ET. 
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Figure 7. Comparison of forecast performances between observed (GRACE) and forecast (six stochastic models) TWSA from November 2019 to May 2020. The following stochastic models are used: (a) ARIMA (Autoregressive integrated moving average); (b) ETS (Error, Trend, Seasonal or the Exponential Smoothing); (c) NNAR (Neural Network Autoregression); (d) Reg. based (time-series regression based); (e) STL (Seasonal and trend decomposition through Loess smoother) and (f) TBATS (T for trigonometric regressors to model multiple-seasonalities; B for Box–Cox transformations; A for ARMA errors; T for trend; S for seasonality). 95% confidence interval is shown as patterns. 
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Figure 8. Normalized Difference Vegetation Index (NDVI) values in the study area during January to May in 2016–2020. 
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Table 1. Performance statistics of 6 statistical forecasting methods used for TWSA forecasting.
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	ARIMA
	ETS
	NNAR
	Regression Based
	STL
	TBATS





	NSE
	0.59
	0.87
	0.26
	0.40
	0.85
	0.73



	PBIAS %
	52.66
	2.03
	74.54
	65.28
	−11.58
	36.75



	RSR
	0.59
	0.33
	0.80
	0.72
	0.36
	0.49



	RMSE
	7.67
	4.24
	10.30
	9.23
	4.59
	6.27



	MAE
	7.01
	3.57
	9.34
	8.23
	3.60
	5.54



	R
	0.95
	0.94
	0.95
	0.94
	0.93
	0.94
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