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सार — शषु्क भूमि दनुिया भर िें जलवाय ुपररवर्ति और िािवीय गनर्ववधियों के मलए सबसे संवेदिशील क्षेत्रों िें 
से एक है। भववष्य की जलवाय ु प्रववृि पररदृश्यों का आकलि शषु्क भूमि प्रबिंि निर्तय लेिे के मलए िूल्यवाि 
व्यावहाररक जािकारी प्रदाि करर्ा है। हुआगं एट अल. (2017) के अिसुार, इस सदी र्क वशै्श्वक शषु्क भूमि का 50% 
से अधिक ववस्र्ार हो जाएगा, श्जसिें अधिकर्ि (78%) िव ववस्र्ाररर् शुष्क भूमि ववकासशील देशों िें होगी। शषु्क 
भूमि के ववस्र्ार और िरुस्थलीकरर् की संभाविा को सिझिे, िरुस्थलीकरर् को कि करिे और रोकिे के मलए 
प्रारंमभक कारतवाई का िागतदशति हेर् ुबगंाल शुष्क भूमि ववस्र्ार के िहत्वपरू्त पवूत सूचक चर (र्ापिाि और वर्ात) की जांच 
कररे् हैं। र्ापिाि और वर्ात (2022-2041) के मलए पवूातग्रह-सही CMIP6 अििुानिर् जलवाय ु पररवर्ति डेटा के प्रववृि 
ववश्लेर्र् का उपयोग कररे् हुए, पररर्ाि संकेर् देरे् हैं कक भववष्य िें शषु्क भूमि का ववस्र्ार र्ापिाि िें वदृ्धि और 
िॉिसूिी वर्ात िें धगरावट से सभंव है। अगले दो दशकों (2022-2041) िें बगंाल के शषु्क क्षेत्र +0.1 से +0.5 डडग्री 
सेश्ल्सयस ऊष्र् होंगे और िॉिसूि अवधि के दौराि कुल वर्ात -2.57 से -13.43 मििी र्क कि हो जाएगी। यह देखरे् 
हुए कक ये चर शषु्क भूमि ववस्र्ार के िहत्वपरू्त पवूत सूचक हैं क्योंकक वाष्पोत्सजति और मिट्टी की ििी िें किी को 
बढािे िें उिकी भूमिका है, अििुाि लगाया जा सकर्ा है कक पािी की किी, भूमि क्षरर् और िरुस्थलीकरर् से 
प्रभाववर् आबादी िें वदृ्धि एक संभाववर् पररर्ाि हो सकर्ी है। यह शोि पत्र भववष्य की जलवाय ु पररश्स्थनर्यों िें 
प्रभावी शुष्क भूमि प्रबिंि, जवै वववविर्ा संरक्षर् और भमूि उपयोग योजिा के मलए िहत्वपरू्त जािकारी प्रदाि करर्ा है। 

 
 
ABSTRACT. Drylands are some of the most sensitive areas to climate change and human activities around the 

globe. Assessment of future climate trend scenarios provides valuable practical information for dryland management 

decision-making. According to Huang et al. (2016), more than 50% of global drylands will expand by this century, with a 

maximum (78%) of newly expanded dryland occurring in developing countries. To understand the potential for 

expansion of drylands and desertification, we examine critical predictor variables (temperature and precipitation) of 

Bengal dryland expansion to guide early actions to mitigate and prevent desertification. Using trend analysis of bias-
corrected CMIP6 projected climate change data for temperature and precipitation (2022-2041), results indicate that future 

dryland expansion is possible from increases in temperature and declines in monsoonal precipitation. Over the next two 

decades (2022-2041), Bengal dryland areas will be +0.1 to +0.5 °C warmer and rainfall will decrease by -2.57 to -13.43 
mm total during the monsoon period. Given that these variables are critical predictors of dryland expansion due to their 

role in driving evapotranspiration and soil moisture deficits, we anticipate an increase in the population affected by water 

scarcity, land degradation and desertification may be a potential outcome. Our work provides information critical for 
effective dryland management, biodiversity conservation, and land-use planning under future climate conditions. 

 

Key words  – Climate change, Drylands, Desertification, Prediction, Decadal, Trend analysis. 
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1. Introduction 

 

Drylands are regions where evaporation from 

surfaces and transpiration by plants (evapotranspiration) 

exceed precipitation (Huang et al., 2016). According to 

the United Nations Environment Management Group, 

many drylands around the world are heavily impacted by 

climate change (UNEMG, 2011). Long-term climate 

patterns affect water availability, desertification potential, 

and the danger of increasing occurrence of droughts and 

floods (Jain & Kumar, 2012). The southwest (SW) 

monsoon is the only source of precipitation over dryland 

areas. Due to spatially heterogeneous rainfall distribution, 

and water demand exceeding water availability, large 

groundwater storage reservoirs are largely responsible for 

storage and transport of natural subsurface flow and for 

provisioning the region’s water requirements (Jain & 

Kumar, 2012). Also, heavy rainfall in the monsoon 

months results in water scarcity in many parts of the 

region during the non-monsoon periods (Jain & Kumar, 

2012) due to undulated topography creating flooding 

conditions that quickly result in lost water from basins. 

Therefore, dryland regions always suffer from insufficient 

water, both domestic (agriculture) and drinking. 

Understanding the water-energy balance of precipitation, 

evapotranspiration, streamflow and temperature through 

data collection (e.g. Sprenger et al., 2022) and data 

analysis of future changes in these variables will be 

essential to prevent flooding, manage water resources 

such as through managed aquifer recharge (e.g. 

Uhlemann, et al., 2022), save lives and property and 

secure economic activities. Insufficient rainfall has a 

substantial adverse influence on water supply, water 

quality (Arora et al., 2020) and aquatic ecosystems 

(Rogers et al., 2021; Matheus Carnevali et al., 2021) 

which are additional secondary impacts to desertification. 

While many studies have attempted to determine trends in 

precipitation and temperature, most of these assess either 

annual or seasonal series of climate variables for some 

individual stations or groups of stations (Brahim et al., 

(2017), Lal (2001), Sinha Ray et al. (2003), Kumar et al. 

(2010)). Past studies have indicated that there is no clear 

trend in average annual temperature and precipitation in 

and around the Bengal study area (Das  et al. (2017), Jain 

and Kumar (2012)).  

 

Accurate climate forecasting is challenging in 

operational water resources management because it 

requires downscaling and bias-correction of projected 

climatic grid cells to the local level (Lee et al., 2018). 

Several methods are available for precipitation 

forecasting, such as numerical weather prediction (NWP) 

models, statistical methods and machine learning 

techniques (Hofmann et al., 2008, Rasmussen et al., 

2006). Bias-corrected climate projection datasets exist that 

use Empirical Quantile Mapping (EQM) output from 

General Circulation Models (GCMs) of Coupled Model 

Intercomparison Project-6 (CMIP6) (e.g. Mishra et al. 

(2020 a, b)). Predictions of temperature and precipitation 

for different regions around the world vary considerably 

among 21 General Circulation Models (GCMs) used by 

the Intergovernmental Panel on Climate Change (IPCC)  

in its sixth assessment (Mortimore et al., 2009).             

For example, it is highly likely that winter precipitation 

will increase in the tropics and Tibetan plateau, and there 

will be increased risk of drought in the Mediterranean and 

Central America (Mortimore et al., 2009). These changes 

can have varied implications around the world from 

dryland expansion, greening of the Sahel (Herrmann et al., 

2005), greater risk of algal blooms (Cheng et al., 2021) 

and vulnerability of fragile ecosystem structure along 

coastlines from water and sea-level variations     

(Enguehard et al., 2022). Various studies on climate 

prediction and trend analysis have been published using 

GCMs on different spatial scales to help construct future 

climate scenarios (Lee et al., 2018). While not all dryland 

regions are expected to become drier (IPCC 2007) in some 

(if not all) drylands, variability in crucial climate 

parameters (including the amount and distribution of 

temperature, precipitation and evapotranspiration) is 

expected to grow (UNEMG, 2011). Prior studies have 

investigated variable climatic trends for the              

Bengal dryland region and they have found a warming 

climate for the future (Sadhukhan et al., 2003, Rath et al., 

2022). Our research builds upon these prior works and 

assesses future projection of climatic temperature and 

precipitation in the Bengal dryland region at the local 

scale which are the main factors responsible for potential 

desertification & dryland expansion in the next two 

decades (2022-2041). 

 

2.  Study area  

 

The dryland study area of West Bengal extends 

geographically between 85° 40′ - 88° 15′ East longitude 

and 21° 45′ - 24° 45′ North latitude (Fig. 1), with an 

approximate areal size of 28,697 km2 (25.47 % of the total 

area of West Bengal state). The area around the plateau 

and highlands is flanked by the eastern fringes of 

the Chota-Nagpur Plateau (Bera et al., 2014) and mostly 

contains lateritic soils. Present temperature highs in 

summer average 45 °C and in winter average 10 °C. 

Average total annual rainfall is 1,250 mm driven by the 

Southwest monsoon which is the only source of 

precipitation in the area. With a total population of 17 

million (Census of India, 2011) most people are involved 

in the agricultural sector, i.e., agriculture, hunting, forestry 

and fisheries, so the projected climatic variability and 

change will have significant impacts on these 

populations.  
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 Figs. 1. (a &b). (a)  Location map of the study area and the Bengal dryland region within India, (b) Map showing the grid locations that 

are associated with climate stations where on-the-ground observations are available. Grid cells #2, 7 and 26 will be referenced in later figs. 

 
3.  Data & methods used 

 

3.1.  Datasets used 

 

All datasets including bias-corrected, downscaled, 

and validated daily precipitation, minimum and maximum 

temperature CMIP6 data and historical data were provided 

by Mishra et al. (2020 a, b) for 13 GCM models and four 

shared socio-economic pathways (SSPs) including ssp126, 

ssp245, ssp370 and ssp585 for the period of 1951 to 2100. 

Historical gridded climate data (1951-2014) used in the 

validation procedure was provided by the India 

Meteorological Department (IMD) with 0.250 degree 

gridded spatial resolution and available from 1901-2018 

(Mishra et al., 2016, Pai et al., 2014, Sheffield et al., 

2006). The period 1951-2014 represents the time period of 

the observed dataset that Mishra et al. (2020 a, b) used to 

develop the cumulative distribution functions (cdfs) and 

the transfer functions (described below). The raw 

historical and projected CMIP6-GCM climate data is 

available at a daily temporal resolution and 0.250 degree 

gridded spatial resolution from the CMIP6 project 

(https://esgf-node.llnl.gov/projects/cmip6/) however the 

bias-corrected, downscaled and validated data is already 

publically available (https://zenodo.org/records/3987736). 

For the purposes of this study, however, we used 

previously bias-corrected, downscaled, and validated 

datasets provided by Mishra et al. (2020 a, b) and we 

apply a novel application of this data for the Bengal study 

region, similar to the study design outlined by Singh et al. 

(2023). We discuss the brief details of the bias-correction 

procedure, downscaling, and validation below, however 

we refer the reader to Mishra et al. (2020 a, b) for 

additional details. The datasets that we have access to and 

used in this study do not include evapotranspiration (ET), 

unfortunately. While we acknowledge that historical and 

projected raw ET data might be available from the raw 

CMIP6 data sources, it is not a part of the published data 

provided to us by Mishra et al. (2020 a, b) which is 

already bias-corrected, downscaled, and validated. For the 

purposes of this study, we approximate the potential for 

desertification by analyzing both warming (temperature, 

°C) and drying (precipitation, mm) trends. 

 

3.2. Bias correction method 

 

Empirical Quantile Mapping (EQM) downscaling is 

a method to bias correct data and its performance is well-

established compared to other methods (Maurer et al., 

2010, Thrasher et al., 2012, Bürger et al., 2012). Mishra et 

al., (2020b) used this statistical bias-correction method to 

remove the systematic biases inherent in the data. EQM is 

used to statistically downscale the bias-corrected daily 

maximum temperature and precipitation gridded data to 

the local and regional scale from a local set of 

observations. Gridded 0.25 degree ground-based 

observations of the variables are available for the years 

1901-2018 and are obtained from the IMD as documented 

by Pai et al. (2014) and Sheffield et al. (2006) however 

Mishra et al. (2020 a, b) only used the period 1951-2014 

to develop the cdfs and transfer functions. Bias-corrected 

maximum temperature and precipitation outputs from the 

historical period using the 0.25 degree gridded outputs are 

compared across the 13 GCMs from CMIP6 scenarios 

including Shared Socioeconomic Pathways (SSP), 

SSP126, SSP245, SSP370 and SSP585 scenarios for the 

2015-2100 time periods. Mishra et al. (2020b) found that 

EQM successfully corrected the biases in the GCM 

(a) (b) 
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datasets including mean and extreme precipitation and 

minimum and maximum temperature. Since Mishra et al., 

(2020a, b) already validated the EQM procedure, we do 

not reproduce the validation procedure here, and instead 

focus on the analysis and interpretation of results applied 

to the Bengal study region for assessing desertification. 

 

EQM is a method to bias-correct and statistically 

downscale GCM datasets. Output time series of the 

variables including maximum temperature and 

precipitation were obtained from CMIP6 GCMs and 

exhibit inherent biases. Because of this inherent bias, 

these outputs need to be bias-corrected to produce 

topographically and regionally appropriate estimates at 

local scales for climate change assessment for decision-

making. To achieve bias-correction, statistical 

transformations using cumulative distribution functions 

(cdfs) are used to map the model output (xm) to the cdf of 

the observations (xo) to produce bias-corrected model 

values (xo
m). In general, this transformation can be 

formulated as Eq.1 (Piani et al., 2010; Boé et al., 2007) 

where we attempt to find some function f to do the 

transformation. The cdfs (Fo and Fm) of xo and xm are 

known in this case: 

 

xo
m = f(xm)         (1) 

 

cdf(xm) = Fm(xm)       (2) 

 

cdf(xo) = Fo(xo)       (3) 

 

where, xo
m is the bias-corrected model output, xm is 

the model data from the GCM, xo is the observations, and 

Fm and Fo are the Cumulative Distribution Functions 

(CDFs) of xm and xo respectively (Eq. 2 and Eq. 3). If the 

statistical distribution of xm and xo are known (Fo and Fm), 

the transformation f can be written as Eq. 4 where we 

estimate the bias-corrected output by matching the cdf of 

the model output (Eq. 2) to the cdf of the observations 

(Eq. 3): 

 

xo
m = F− 1

o(Fm (xm))        (4) 

 

Equation 4 maps the model outputs to the cdf of the 

observations providing bias-corrected model output. Once 

the cdfs are found, Eq. 4 can also be applied to projected 

climate data which exists in the absence of observations.  

 

3.3.  Spatial Interpolation method 

 

All gridded data was mapped onto point (station) 

scales based on latitude and longitude using the Arc-GIS 

platform. Additionally, across the region, 84 stations were 

used to conduct an Inverse Distance Weighted 

interpolation (IDW) analysis and 43 of those stations fall 

directly within the study area. One of the best spatial 

interpolation methods is IDW (Das et al., 2017) which 

predicts unknown values in areas based on known points. 

IDW is conducted in the Arc-GIS platform. For all data 

analysis, we used various software like SPSS and MS 

Excel. 

 

3.4.  Data validation  

 

While Mishra et al. (2020b) already describe the 

validation details, we provide a brief overview here. Daily 

temporal resolution projections of maximum temperature 

and precipitation were bias corrected for the entire period 

of available GCM data (1951-2100). For the purposes of 

our study, we only consider the time period (2015-2041) 

for analysis, even though a longer projected time series is 

available. This method of data validation begins by first 

estimating the projected changes of mean annual 

precipitation and temperature using the raw data from the 

CMIP6-GCM. The projected changes were calculated 

from the GCMs for the late 21st century and analyzed 

alongside the historical reference period (1985-2014). 

Then, the multimodal ensemble mean of the projected 

changes from CMIP6-GCMs was calculated. After the 

multimodal ensemble mean is calculated for the 21st 

century projections, then the bias correction method is 

applied using the transform functions obtained for the 

period 1951-2014. Therefore, bias-corrected precipitation 

and temperature data was used for the historical (1951-

2014) and future (2015-2041) periods. Finally, the 

uncertainty CMIP6-GCM data for mean annual 

precipitation, maximum and minimum temperatures were 

assessed against the observations from IMD (see Mishra 

et al. (2020 a, b)). Validation for the historical period 

(1985-2014) between observations and CMIP6-GCM data 

was conducted for the maximum and minimum 

temperatures and precipitation. Validation is conducted by 

comparing the mean seasonal cycle between the 

observations (1985-2014) and the CMIP6-GCM bias-

corrected data for the historical period (1985-2014) and 

the level of uncertainty is quantified using one standard 

deviation confidence interval for the average seasonal 

cycle. Mishra et al. (2020b) found that the seasonal cycle, 

and the co-variability of precipitation and temperature 

compared well between the observations and CMIP6-

GCM data which is a successful demonstration of EQM 

for bias-correcting data. Mishra et al., 2020b also have 

shown that the transform functions are effective in 

reducing biases over the validation period of 1985-2014. 

 

Statistical significance of the trends for precipitation 

and temperature are analyzed by decade (2022-2030 and 

2031-2041) for all grid cells over the Bengal region by 

conducting a Kruskall-Wallis test. The Kruskall-Wallis 

test  is  a  rank – based  non - parametric  alternative to the  
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Fig. 2.  Bar & Line graph for the monthly projected maximum precipitation and temperature data from 2022-2041. Bar graph represents the summation 

of the monsoonal rainfall (mm) monthly average for grid cell associated with station ID #26. The linear trend for precipitation is shown in green. The 
yellow line graph represents the daily average maximum temperature (0C) with the linear trend line shown in red for grid cell associated with station ID #2. 

 

 
 

Fig. 3. Bar and Line graph for the monthly projected minimum precipitation and temperature data from 2022-2041. Bar graph represents the summation 

of the lowest value of monsoonal precipitation (mm) monthly minimums for grid cell associated with station ID #2. The linear trend is shown in green. 

The yellow line graph represents the minimum temperature (0C) with the linear trend line shown in red for the grid cell associated with station ID #7.  

 

ANOVA test that is used to determine if there are 

statistically significant differences between two or more 

groups. The Kruskall-Wallis test determines if the groups 

have the same mean on ranks and the statistical 

significance between the groups. We split the data up by 

the first decade  2022-2030 and second decade  2031-2041 

and included all Bengal region spatial grid cells for 

temperature and precipitation in the grouping.  
 

4.  Results and discussion 
 

4.1. Climatic change and trend analysis  

 (2022-2041) 
 

Bias-corrected future maximum temperature and 

precipitation projections for two decades (20 years) are 

shown annually (maximums Fig. 2 and minimums Fig. 3) 

and a table of values are provided in Supplementary 

Tables S1 (temperature) and S2 (precipitation). We 

averaged and summed daily projected precipitation and 

temperature for the monsoon period (June - October). The 

daily average temperature and monthly average period for 

rainfall was assessed from the trend analysis shown in 

Figs. 2 and 3.  The data in Figs. 2 and 3 represent spatial 

averages from the respective grid cells: for the 

precipitation and temperature maximums (Fig. 2), the 

spatial average is conducted for grid cells associated with 

station ID #2 and #26 respectively. For the precipitation 

and temperature minimums (Fig. 3), the spatial average is 

conducted for the grid cells associated with station ID #2 

and #7 respectively. Monthly average monsoon 

precipitation decreases during the first two decades (2021-

2041) at the station with the largest initial precipitation 

(station ID #26, 439.6 mm, initial year 2022) and declines 

by 117.9 mm over the 20 year period. At station ID #2, 

precipitation declines by 36.1 mm over the two decades. 

Average precipitation and temperature  values  during  the 
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TABLE 1 

 

Decadal Monsoon Climatic Variation (June to October) 2022-2041 

 

S.ID Longitude Latitude 
Maximum Temperature (ºC) Monthly Rainfall (mm) Monsoon period 

2022-2031 2032-2041 ∆2022-2041 2022-2031 2032-2041 ∆2022-2041 

1 85.875 23.125 34.09 34.42 0.33 249.70 236.27 -13.43 

2 85.875 23.375 34.24 34.58 0.34 236.67 224.63 -12.04 

3 86.125 23.125 33.15 33.48 0.33 256.27 244.23 -12.04 

4 86.125 23.375 33.27 33.62 0.35 253.42 241.21 -12.22 

5 86.375 23.125 33.02 33.36 0.34 262.80 251.59 -11.21 

6 86.375 23.375 32.85 33.21 0.36 259.77 248.02 -11.75 

7 86.625 22.625 32.74 33.02 0.28 271.37 264.38 -6.99 

8 86.625 22.875 32.77 33.08 0.31 270.65 261.52 -9.12 

9 86.625 23.125 32.86 33.20 0.34 272.27 262.10 -10.17 

10 86.625 23.375 33.16 33.53 0.37 267.30 256.56 -10.75 

11 86.625 23.625 33.51 33.91 0.40 262.80 251.84 -10.96 

12 86.875 22.125 33.03 33.30 0.27 305.30 299.72 -5.58 

13 86.875 22.375 33.12 33.38 0.27 290.53 285.13 -5.40 

14 86.875 22.625 32.98 33.26 0.28 283.27 276.32 -6.95 

15 86.875 22.875 32.79 33.10 0.31 274.14 266.30 -7.84 

16 86.875 23.125 33.02 33.36 0.34 268.64 260.89 -7.75 

17 86.875 23.375 33.15 33.52 0.37 263.68 256.12 -7.55 

18 86.875 23.625 33.52 33.92 0.41 263.86 255.63 -8.24 

19 87.125 22.125 33.17 33.44 0.27 311.77 304.82 -6.95 

20 87.125 22.375 32.78 33.04 0.26 299.40 293.57 -5.83 

21 87.125 22.625 32.63 32.91 0.27 287.54 281.56 -5.97 

22 87.125 22.875 32.97 33.28 0.31 270.66 264.95 -5.71 

23 87.125 23.125 33.00 33.35 0.34 260.09 255.18 -4.91 

24 87.125 23.375 33.23 33.60 0.38 256.86 252.31 -4.55 

25 87.125 23.625 33.42 33.83 0.41 268.63 262.73 -5.90 

26 87.375 21.875 33.53 33.84 0.31 338.75 326.99 -11.77 

27 87.375 22.125 33.19 33.47 0.28 321.71 312.69 -9.02 

28 87.375 22.375 32.80 33.05 0.26 302.88 296.34 -6.55 

29 87.375 22.625 32.66 32.92 0.26 289.78 285.14 -4.64 

30 87.375 22.875 33.05 33.35 0.30 275.16 271.58 -3.58 

31 87.375 23.125 33.24 33.59 0.35 265.60 262.79 -2.82 

32 87.375 23.375 33.33 33.71 0.38 265.21 262.63 -2.57 

33 87.375 23.625 33.34 33.75 0.41 270.81 267.91 -2.91 

34 87.375 23.875 33.53 33.96 0.43 278.69 273.33 -5.35 

35 87.625 22.125 33.18 33.47 0.29 334.90 325.72 -9.18 

36 87.625 22.625 32.75 33.02 0.27 295.71 291.31 -4.40 

37 87.625 23.125 33.12 33.46 0.34 276.34 273.51 -2.83 

38 87.625 23.625 33.41 33.83 0.42 267.35 264.57 -2.78 

39 87.625 23.875 33.44 33.87 0.43 268.24 262.07 -6.17 

40 87.625 24.125 33.55 33.99 0.44 277.57 268.50 -9.07 

41 87.875 23.625 33.42 33.83 0.42 263.57 258.57 -5.00 

42 87.875 24.125 33.63 34.08 0.44 273.26 262.68 -10.58 

43 87.875 24.375 33.69 34.15 0.46 272.19 258.84 -13.34 
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TABLE S1 
 

Daily Average Maximum Temperature during the Monsoon period (June-October) (°C) from 2022-2031 and 2032-2041 
 

S. ID Longitude Latitude 2022 2023 2024 2025 2026 2027 2028 2029 2030 2031 

1 85.875 23.125 33.08 34.21 33.69 34.56 33.67 33.91 35.05 34.22 34.36 34.19 

2 85.875 23.375 33.24 34.35 33.81 34.74 33.82 34.05 35.17 34.35 34.53 34.35 

3 86.125 23.125 32.16 33.25 32.72 33.62 32.67 32.99 34.09 33.24 33.45 33.29 

4 86.125 23.375 32.31 33.36 32.80 33.76 32.79 33.12 34.18 33.35 33.60 33.43 

5 86.375 23.125 32.06 33.09 32.58 33.49 32.48 32.89 33.95 33.08 33.37 33.21 

6 86.375 23.375 31.93 32.92 32.34 33.33 32.31 32.73 33.75 32.89 33.22 33.07 

7 86.625 22.625 31.77 32.77 32.43 33.16 32.16 32.63 33.68 32.80 33.08 32.91 

8 86.625 22.875 31.85 32.81 32.39 33.19 32.20 32.67 33.67 32.81 33.14 32.97 

9 86.625 23.125 31.97 32.91 32.41 33.30 32.28 32.77 33.75 32.88 33.26 33.10 

10 86.625 23.375 32.28 33.21 32.62 33.63 32.56 33.08 34.05 33.15 33.59 33.43 

11 86.625 23.625 32.67 33.59 32.94 33.96 32.93 33.43 34.35 33.46 33.92 33.82 

12 86.875 22.125 32.16 33.00 32.81 33.41 32.53 32.90 33.96 33.14 33.25 33.16 

13 86.875 22.375 32.24 33.09 32.87 33.50 32.54 33.01 34.03 33.17 33.44 33.30 

14 86.875 22.625 32.10 32.96 32.68 33.37 32.36 32.88 33.88 32.99 33.37 33.20 

15 86.875 22.875 31.94 32.79 32.41 33.18 32.16 32.71 33.66 32.77 33.21 33.03 

16 86.875 23.125 32.19 33.05 32.56 33.43 32.39 32.96 33.88 32.97 33.48 33.30 

17 86.875 23.375 32.34 33.20 32.60 33.57 32.50 33.10 33.99 33.06 33.64 33.46 

18 86.875 23.625 32.75 33.60 32.92 33.92 32.90 33.48 34.32 33.39 34.00 33.87 

19 87.125 22.125 32.41 33.09 32.96 33.50 32.65 33.04 34.04 33.24 33.42 33.34 

20 87.125 22.375 32.02 32.70 32.54 33.11 32.19 32.66 33.63 32.80 33.13 33.00 

21 87.125 22.625 31.88 32.57 32.34 32.98 32.00 32.53 33.48 32.61 33.06 32.89 

22 87.125 22.875 32.22 32.94 32.60 33.34 32.32 32.90 33.81 32.91 33.44 33.26 

23 87.125 23.125 32.25 33.01 32.53 33.38 32.33 32.96 33.83 32.89 33.52 33.32 

24 87.125 23.375 32.49 33.27 32.67 33.61 32.54 33.21 34.04 33.07 33.78 33.58 

25 87.125 23.625 32.72 33.51 32.81 33.78 32.76 33.41 34.18 33.22 33.97 33.80 

26 87.375 21.875 32.85 33.40 33.38 33.82 33.05 33.36 34.44 33.66 33.68 33.67 

27 87.375 22.125 32.52 33.07 32.99 33.49 32.62 33.06 34.04 33.24 33.46 33.40 

28 87.375 22.375 32.14 32.68 32.56 33.10 32.17 32.68 33.61 32.79 33.18 33.07 

29 87.375 22.625 32.02 32.55 32.38 32.96 32.02 32.56 33.45 32.60 33.11 32.96 

30 87.375 22.875 32.38 32.99 32.67 33.39 32.36 32.99 33.86 32.93 33.56 33.37 

31 87.375 23.125 32.55 33.23 32.76 33.60 32.51 33.23 34.05 33.07 33.81 33.61 

32 87.375 23.375 32.65 33.37 32.76 33.69 32.59 33.34 34.11 33.11 33.96 33.73 

33 87.375 23.625 32.70 33.43 32.72 33.66 32.64 33.35 34.06 33.08 33.96 33.76 

34 87.375 23.875 32.94 33.69 32.91 33.79 32.91 33.54 34.18 33.26 34.09 33.97 

35 87.625 22.125 32.59 33.06 33.00 33.45 32.58 33.07 34.00 33.20 33.45 33.40 

36 87.625 22.625 32.17 32.64 32.48 33.03 32.07 32.67 33.51 32.64 33.19 33.05 

37 87.625 23.125 32.53 33.11 32.65 33.43 32.38 33.12 33.86 32.90 33.71 33.47 

38 87.625 23.625 32.84 33.52 32.79 33.70 32.67 33.46 34.08 33.10 34.08 33.83 

39 87.625 23.875 32.94 33.61 32.83 33.65 32.80 33.47 34.03 33.14 34.04 33.87 

40 87.625 24.125 33.12 33.78 32.94 33.68 32.99 33.56 34.06 33.26 34.08 33.99 

41 87.875 23.625 32.96 33.55 32.83 33.67 32.67 33.49 34.01 33.08 34.13 33.79 

42 87.875 24.125 33.29 33.88 33.04 33.74 33.05 33.67 34.09 33.33 34.20 34.03 

43 87.875 24.375 33.40 34.00 33.09 33.72 33.18 33.72 34.08 33.42 34.19 34.10 

 
S. ID Longitude Latitude 2032 2033 2034 2035 2036 2037 2038 2039 2040 2041 

1 85.875 23.125 34.62 35.30 33.19 33.22 35.11 35.18 35.36 33.28 35.35 33.60 

2 85.875 23.375 34.75 35.44 33.33 33.37 35.28 35.38 35.53 33.39 35.53 33.77 

3 86.125 23.125 33.68 34.38 32.29 32.31 34.15 34.26 34.41 32.31 34.33 32.67 

4 86.125 23.375 33.79 34.48 32.41 32.45 34.31 34.45 34.56 32.41 34.49 32.82 

5 86.375 23.125 33.55 34.28 32.21 32.21 34.01 34.15 34.28 32.15 34.14 32.57 

6 86.375 23.375 33.38 34.08 32.04 32.08 33.89 34.06 34.14 31.98 34.01 32.42 

7 86.625 22.625 33.24 34.05 31.98 31.92 33.59 33.67 33.88 31.94 33.67 32.26 

8 86.625 22.875 33.27 34.03 32.02 32.00 33.66 33.82 33.93 31.97 33.74 32.32 

(b) 

(a) 
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TABLE S1, (b) (Conti.) 

S. ID Longitude Latitude 2032 2033 2034 2035 2036 2037 2038 2039 2040 2041 

9 86.625 23.125 33.37 34.11 32.10 32.13 33.83 34.03 34.07 32.04 33.90 32.45 

10 86.625 23.375 33.67 34.42 32.37 32.42 34.21 34.45 34.45 32.28 34.28 32.78 

11 86.625 23.625 34.04 34.77 32.74 32.82 34.58 34.90 34.80 32.65 34.65 33.15 

12 86.875 22.125 33.49 34.29 32.39 32.29 33.76 33.73 34.00 32.47 33.99 32.59 

13 86.875 22.375 33.57 34.39 32.44 32.37 33.86 33.91 34.15 32.46 34.02 32.67 

14 86.875 22.625 33.43 34.26 32.27 32.23 33.77 33.89 34.06 32.25 33.88 32.55 

15 86.875 22.875 33.24 34.04 32.07 32.07 33.64 33.84 33.90 32.03 33.73 32.39 

16 86.875 23.125 33.48 34.28 32.28 32.32 33.96 34.22 34.18 32.23 34.02 32.66 

17 86.875 23.375 33.60 34.40 32.39 32.46 34.17 34.49 34.35 32.31 34.20 32.83 

18 86.875 23.625 34.00 34.77 32.77 32.89 34.57 34.98 34.73 32.70 34.60 33.21 

19 87.125 22.125 33.59 34.37 32.57 32.53 33.83 33.83 34.08 32.69 34.12 32.79 

20 87.125 22.375 33.19 33.98 32.16 32.13 33.44 33.51 33.73 32.22 33.64 32.40 

21 87.125 22.625 33.04 33.83 31.99 31.99 33.33 33.49 33.63 32.01 33.49 32.26 

22 87.125 22.875 33.38 34.20 32.29 32.33 33.77 34.01 34.02 32.29 33.88 32.63 

23 87.125 23.125 33.41 34.25 32.29 32.36 33.90 34.23 34.11 32.26 33.96 32.69 

24 87.125 23.375 33.63 34.47 32.50 32.60 34.22 34.61 34.37 32.44 34.23 32.96 

25 87.125 23.625 33.85 34.66 32.69 32.85 34.45 34.93 34.56 32.64 34.45 33.17 

26 87.375 21.875 33.93 34.77 32.98 32.94 34.16 34.10 34.40 33.21 34.66 33.22 

27 87.375 22.125 33.57 34.38 32.62 32.61 33.80 33.83 34.08 32.77 34.15 32.87 

28 87.375 22.375 33.16 33.94 32.22 32.23 33.39 33.50 33.69 32.31 33.63 32.47 

29 87.375 22.625 33.01 33.79 32.07 32.10 33.27 33.48 33.57 32.11 33.46 32.35 

30 87.375 22.875 33.41 34.25 32.40 32.45 33.79 34.08 34.05 32.41 33.92 32.76 

31 87.375 23.125 33.61 34.50 32.54 32.63 34.12 34.49 34.32 32.52 34.17 32.98 

32 87.375 23.375 33.69 34.59 32.61 32.75 34.32 34.76 34.43 32.56 34.30 33.12 

33 87.375 23.625 33.72 34.59 32.63 32.82 34.35 34.91 34.42 32.58 34.32 33.16 

34 87.375 23.875 33.97 34.78 32.85 33.09 34.49 35.19 34.57 32.83 34.50 33.34 

35 87.625 22.125 33.54 34.37 32.62 32.65 33.78 33.83 34.07 32.80 34.16 32.91 

36 87.625 22.625 33.08 33.89 32.14 32.21 33.35 33.59 33.66 32.22 33.55 32.47 

37 87.625 23.125 33.45 34.33 32.44 32.58 33.94 34.35 34.11 32.45 34.00 32.90 

38 87.625 23.625 33.75 34.70 32.69 32.92 34.42 35.06 34.45 32.66 34.37 33.27 

39 87.625 23.875 33.84 34.66 32.78 33.07 34.36 35.13 34.40 32.79 34.37 33.28 

40 87.625 24.125 34.00 34.72 32.93 33.28 34.40 35.31 34.44 32.98 34.46 33.37 

41 87.875 23.625 33.74 34.68 32.69 33.01 34.39 35.10 34.37 32.73 34.35 33.28 

42 87.875 24.125 34.05 34.80 33.00 33.41 34.46 35.46 34.48 33.09 34.53 33.47 

43 87.875 24.375 34.15 34.83 33.09 33.55 34.45 35.60 34.49 33.21 34.59 33.51 

 

TABLE S2 
 

Monsoon Rainfall Totals (June-October) of Bengal Dryland areas from 2022-2031 and 2032-2041 (mm) 

 

S. ID Longitude Latitude 2022 2023 2024 2025 2026 2027 2028 2029 2030 2031 

1 85.875 23.125 304.906 263.944 259.122 208.892 260.872 368.728 162.918 233.372 169.956 264.25 

2 85.875 23.375 284.374 254.248 243.472 200.796 249.888 336.104 160.974 220.18 160.378 256.284 

3 86.125 23.125 308.816 280.508 268.204 211.026 276.2 365.652 165.334 247.28 172.074 267.616 

4 86.125 23.375 308.708 282.908 262.01 209.406 276.496 364.454 161.65 238.772 164.848 264.96 

5 86.375 23.125 313.112 292.442 275.998 215.146 289.342 360.778 171.956 260.254 179.956 269.03 

6 86.375 23.375 316.062 297.846 269.032 213.718 288.094 358.578 166.034 251.652 171.538 265.172 

7 86.625 22.625 319.934 281.506 295.422 218.704 288.204 383.828 186.82 279.06 195.204 265.022 

8 86.625 22.875 323.098 293.996 291.16 216.04 296.83 379.898 176.762 277.136 185.328 266.216 

9 86.625 23.125 330.392 309.368 289.018 216.412 307.626 381.394 167.966 276.166 175.886 268.446 

10 86.625 23.375 322.182 313.612 280.02 217.68 307.156 359.692 165.484 269.13 171.546 266.506 

11 86.625 23.625 311.862 313.194 276.02 216.256 305.298 345.274 160.066 269.306 168.018 262.71 

12 86.875 22.125 380.964 338.668 357.594 241.698 307.25 428.672 193.19 308.338 221.956 274.714 

13 86.875 22.375 352.458 313.202 333.186 226.46 302.41 430.308 182.4 303.848 198.17 262.866 

14 86.875 22.625 336.184 304.604 312.518 225.996 304.954 403.832 188.22 298.512 193.41 264.438 

15 86.875 22.875 327.93 304.66 297.294 220.28 303.02 378.412 180.934 287.34 182.936 258.63 

(a) 
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TABLE S2, (a) (Conti.) 

S. ID Longitude Latitude 2022 2023 2024 2025 2026 2027 2028 2029 2030 2031 

16 86.875 23.125 326.648 309.262 288.958 214.754 307.978 368.472 168.036 280.942 168.342 252.986 

17 86.875 23.375 321.516 310.088 279.948 215.542 309.39 346.794 164.954 273.748 163.338 251.438 

18 86.875 23.625 315.894 309.502 280.916 220.816 309.048 334.318 170.32 276.878 168.24 252.7 

19 87.125 22.125 389.726 359.748 378.174 243.644 316.684 429.056 195.514 320.168 220.622 264.368 

20 87.125 22.375 365.922 339.382 350.07 232.2 313.02 440.106 185.012 318.526 195.662 254.09 

21 87.125 22.625 342.742 319.758 320.602 230.598 311.562 404.496 191.202 309.03 189.622 255.74 

22 87.125 22.875 320.746 304.468 297.176 221.188 302.072 360.226 184.182 290.89 179.316 246.344 

23 87.125 23.125 314.512 300.264 283.122 212.15 302.494 341.05 169.854 279.294 162.61 235.52 

24 87.125 23.375 312.036 301.072 276.702 212.82 307.504 324.886 166.158 276.222 156.68 234.502 

25 87.125 23.625 323.44 313.108 290.49 226.448 321.55 329.54 178.338 291.736 165.978 245.68 

26 87.375 21.875 439.612 425.216 448.722 253.878 337.012 448.72 196.082 340.116 239.606 258.566 

27 87.375 22.125 399.972 385.188 394.572 252.064 328.578 432.298 205.292 330.996 227.132 261.05 

28 87.375 22.375 364.464 350.17 353.25 241.884 318.158 417.318 201.178 324.276 204.11 254.032 

29 87.375 22.625 343.412 329.834 326.732 235.22 316.304 395.182 197.172 316.968 188.604 248.362 

30 87.375 22.875 326.632 316.074 307.816 226.018 312.38 360.736 187.862 301.33 175.074 237.69 

31 87.375 23.125 317.568 307.99 294.468 220.468 312.964 334.312 180.552 292.452 163.9 231.368 

32 87.375 23.375 318.888 309.108 291.732 223.524 322.128 318.894 180.488 294.892 159.706 232.692 

33 87.375 23.625 322.116 314.906 301.418 230.988 334.538 317.268 183.796 305.814 160.308 236.962 

34 87.375 23.875 324.888 319.054 317.564 242.676 337.068 319.64 194.846 322.254 168.046 240.834 

35 87.625 22.125 407.514 408.196 422.152 259.9 346.918 438.962 213.648 356.682 233.33 261.676 

36 87.625 22.625 345.154 340.432 339.55 236.674 328.668 400.958 201.914 338.48 183.544 241.686 

37 87.625 23.125 321.62 317.528 308.78 229.814 334.116 336.796 196.144 317.548 167.56 233.486 

38 87.625 23.625 306.058 305.72 300.552 230.132 339.698 299.666 195.622 309.634 158.606 227.826 

39 87.625 23.875 298.634 300.584 311.888 237.024 336.396 293.154 202.316 315.336 161.44 225.596 

40 87.625 24.125 301.314 308.706 335.42 248.652 346.658 296.282 213.474 333.642 163.874 227.672 

41 87.875 23.625 286.702 292.774 295.558 225.604 346.452 290.61 207.384 314.308 155.154 221.11 

42 87.875 24.125 280.342 298.932 339.054 246.732 362.458 284.802 224.05 335.102 147.486 213.594 

43 87.875 24.375 271.948 287.266 350.612 257.144 356.302 273.9 232.268 327.35 152.494 212.572 

 

S. ID Longitude Latitude 2032 2033 2034 2035 2036 2037 2038 2039 2040 2041 

1 85.875 23.125 299.262 173.132 232.764 296.372 276.614 199.264 165.892 273.552 188.436 257.406 

2 85.875 23.375 279.566 175.902 227.742 283.318 262.096 177.282 158.196 258.868 175.15 248.176 

3 86.125 23.125 310.892 176.262 241.218 302.874 279.872 205.408 164.238 292.49 206.704 262.39 

4 86.125 23.375 308.428 182.876 242.428 297.65 277.082 189.664 159.552 291.96 198.198 264.214 

5 86.375 23.125 316.208 183.574 251.786 303.662 279.98 216.93 166.84 303.306 224.566 269.04 

6 86.375 23.375 316.82 189.594 252.334 294.218 276.926 199.896 161.218 304.828 216.634 267.736 

7 86.625 22.625 332.41 171.548 253.28 324.522 278.024 276.224 177.006 310.606 252.606 267.592 

8 86.625 22.875 333.522 175.044 254.092 320.302 283.174 244.732 169.944 319.326 244.986 270.122 

9 86.625 23.125 340.442 182.926 259.36 315.568 290.802 223.882 164.834 326.898 240.702 275.572 

10 86.625 23.375 326.948 193.45 264.386 300.792 287.976 201.078 163.388 320.694 231.026 275.816 

11 86.625 23.625 312.444 199.844 262.184 295.996 286.354 186.134 164.468 310.052 225.402 275.488 

12 86.875 22.125 356.498 172.612 278.172 390.774 313.296 320.474 207.272 372.148 285.45 300.51 

13 86.875 22.375 361.996 161.27 261.278 371.652 302.118 299.028 185.352 352.338 273.802 282.508 

14 86.875 22.625 350.406 172.792 265.252 349.412 294.222 271.604 180.998 338.858 262.51 277.156 

15 86.875 22.875 337.89 179.088 264.102 327.964 286.968 240.2 173.762 329.914 250.244 272.91 

16 86.875 23.125 339.052 181.772 263.392 313.856 288.114 214.922 165.572 329.622 240.672 271.89 

17 86.875 23.375 331.076 191.574 267.982 298.29 285.776 194.538 163.622 323.904 231.886 272.564 

18 86.875 23.625 319.374 204.494 270.716 296.108 284.444 187.68 171.224 314.694 231.054 276.482 

19 87.125 22.125 359.26 179.232 288.614 404.906 318.246 308.404 213.282 382.486 289.592 304.176 

20 87.125 22.375 369.746 165.814 273.568 390.178 311.258 289.298 190.508 374.706 281.554 289.09 

21 87.125 22.625 354.646 176.044 275.836 360.31 299.994 262.626 184.802 353.824 266.866 280.674 

22 87.125 22.875 329.448 181.502 269.94 326.31 284.768 230.794 177.174 330.27 247.274 272.002 

23 87.125 23.125 325.726 181.164 265.892 305.882 278.392 205.664 167.02 322.28 235.08 264.702 

24 87.125 23.375 323.422 190.426 270.102 293.122 278.276 186.29 165.312 319.02 230.568 266.53 

25 87.125 23.625 329.148 211.088 282.706 303.99 288.52 186.698 177.924 324.95 240.898 281.344 

(b) 
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TABLE S2, (b) (Conti.) 

S. ID Longitude Latitude 2032 2033 2034 2035 2036 2037 2038 2039 2040 2041 

26 87.375 21.875 367.8 190.752 307.372 454.022 332.46 321.404 237.21 425.976 311.15 321.708 

27 87.375 22.125 363.248 192.352 303.848 420.612 322.082 301.294 223.26 396.72 294.07 309.444 

28 87.375 22.375 358.392 182.444 291.922 390.67 311.872 277.894 202.398 375.764 279.664 292.368 

29 87.375 22.625 352.666 181.66 287 366.962 303.498 253.74 190.626 364.158 267.298 283.812 

30 87.375 22.875 337.33 185.824 282.934 336.816 291.57 227.99 182.562 344.466 251.448 274.848 

31 87.375 23.125 329.198 190.76 281.402 315.402 283.9 204.894 175.886 332.67 242.946 270.826 

32 87.375 23.375 332.176 202.26 288.228 304.618 285.73 188.814 174.398 331.086 243.458 275.55 

33 87.375 23.625 334.098 217.556 295.032 307.362 291.936 184.112 182.41 332.816 248.142 285.592 

34 87.375 23.875 327.24 234.702 296.066 317.976 294.07 189.06 198.138 326.166 253.948 295.976 

35 87.625 22.125 375.564 200.98 324.206 443.934 329.362 299.758 232.184 422.318 306.848 322.06 

36 87.625 22.625 360.03 181.798 299.64 380.552 304.72 247.476 192.302 384.068 274.776 287.716 

37 87.625 23.125 337.066 197.532 301.568 326.45 289.902 206.548 185.896 353.548 254.786 281.76 

38 87.625 23.625 318.044 215.936 302.862 298.418 283.53 182.83 186.616 331.138 243.276 283.068 

39 87.625 23.875 302.248 226 295.762 297.444 276.868 183.222 194.796 316.152 242.822 285.392 

40 87.625 24.125 296.51 246.086 298.196 305.17 280.674 186.992 208.68 314.462 251.982 296.234 

41 87.875 23.625 299.592 208.262 310.968 285.482 270.14 180.608 188.138 328.316 234.208 279.98 

42 87.875 24.125 284.196 235.242 303.494 289.734 270.718 179.534 202.514 321.794 248.376 291.172 

43 87.875 24.375 266.496 245.072 294.554 286.54 260.248 180.966 207.796 303.71 249.548 293.504 

 

 
 

Fig. 4. Projected decadal (2022-2031) and (2032-2041) maximum temperature variations (+ indicates increases, and – indicates decreases) are shown. 

The IDW interpolated temperature variation values are mapped for the entire region. Green values indicate temperature rises between +7.6 to +9.2 °C and 
red/pink values indicate the higher temperature rises between +12.4 to +13.75 °C. 
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Fig. 5. Projected decadal (2022-2031) and (2032-2041) of precipitation variations (+ indicates increases and – indicates decreases) are shown. The IDW 

interpolated precipitation values are mapped for the entire region. Green values indicate larger magnitude decreases in precipitation (-13.4 to -12.2 mm), 

and pink/light pink values indicate the smallest magnitude decreases in precipitation (-3.7 to -2.5 mm). 
 

monsoon period for each decade by station ID and average 

change values (∆) are provided in Table 1. Station ID # 2, 

and Station ID #26 are highlighted because they represent 

the lowest and highest average precipitation for the region. 

The Kruskall-Wallis test for statistically significant 

differences indicates a significant negative difference in 

preci-pitation by decade at the p < 0.1 level (decade 2022- 

2030 versus 2031-2041, chi-squared = 3.2349, df = 1, p-

value = 0.07209) when evaluated for the entire Bengal 

region . 

 

Future maximum temperature gradually increases; in 

the first-decade, daily average maximum temperature 

across the entire region is 33.10 °C, whereas in the second 

decade the highest max-temperature is 33.50 °C (station 

ID #43) representing almost 0.5 degree °C rise in 

temperature. At station ID #26, the initial 2022 year 

temperature is 32.85 °C, and will increase by 3.823 °C 

over the next two decades based on the linear trend. Over 

the two-decades of interest (2022-2041), temperature will 

increase between 0.1 °C - 0.5 °C (regression linear 

forecast lines, Figs. 2 and 3). The Kruskall-Wallis test for 

statistically significant differences indicates a significant 

positive difference in temperature by decade at the p << 

0.01 level (decade 2022-2030 versus 2031-2041, chi-

squared = 36.741, df = 1, p-value = 1.349e-09) when 

evaluated for the entire Bengal region.  

 

Annual projected precipitation data shows a long-

term declining change from 2022 to 2041. For the Bengal 

dryland region, the CMIP6-GCM shows a drying bias   

(15-20%) in mean annual rainfall. However, the 

multimodal ensemble mean annual precipitation is 

projected to slightly increase under the projected future 

climate over the entire sub-continent of India and the 

South Asia region (Mishra et al., 2020b). While it is 
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common for GCM scenarios to widely vary with the SSP, 

the projected increase in precipitation under the multi-

model ensemble mean of future climate varies with the 

scenario considered and does not represent local 

conditions. Given the wide ranging variability across the 

continent, we find that for the local Bengal dryland region, 

the climate will be warmer and dryer due to increasing 

temperature and decreasing rainfall contributing to 

possible future dryland expansion. 

 

4.2.  Spatial analysis  

 

The interpolated thematic maps for precipitation and 

temperature variables are shown over the entire Bengal 

dryland region (Figs. 4 and 5). Spatially, we find 

regionally variable differences in projected monsoon 

temperature and precipitation. While the average values of 

climate variables are summarized by decade (2022-2031) 

and (2032-2041) in Table 1, spatially variable changes in 

temperature and precipitation are shown in the maps in 

Figs. 4 and 5. Fig. 4 shows the IDW constructed spatial 

variability in temperature change patterns by decade. Bar-

graphs indicate point-scale data. Fig. 5 shows the IDW 

constructed spatial variability in precipitation change 

patterns by decade with bar-graphs similarly indicating 

point scale data. Spatially, temperature increases across 

the entire dryland region during the monsoon period (June 

to October), whereas rainfall decreases across the entire 

region albeit by slightly different magnitudes with rainfall 

decreasing the most in the eastern Bengal region (Fig. 5, 

Table 1). In the next two decades, the climatic 

environment of the dryland region will experience 

warming and reduced precipitation, contributing to 

potentially greater soil moisture deficits and 

evapotranspiration. Combined with a rapidly growing 

human population, these future climatic conditions will 

exacerbate the risk of land degradation and desertification 

(Huang et al., 2016).  

 

5.  Discussion and future work 

 

Our research indicates that the Bengal dryland region 

will experience warmer and dryer future climate 

conditions which can exacerbate the potential for 

desertification. Our work finds that assessing dryland 

areas using bias-corrected data is consistent with 

observations for the climatological mean period and can 

be used to project future climate patterns for this region. 

Therefore, observational datasets will be critical to better 

predict future climate change and their implications in 

different sectors (e.g., water resources and agriculture). 

Also important are observations of precipitation and 

temperature that can be used to model recharge and 

groundwater storage potential in critically important arid 

regions of the world (Bera et al., 2022). Furthermore, 

using validation data, novel techniques to conduct aquifer 

recharge site selection, and physically-based models, will 

be needed to consider the physical changes introduced 

under climate scenarios such as precipitation, temperature, 

biogeochemistry, and land-use changes in the next century 

(Newcomer et al., 2014, Maina et al., 2020, Maavara et 

al., 2021). Our findings have important implications 

indicating potential desertification and designing 

sustainable development and land-use plans for the 

coming century in response to these changes will be of 

upmost importance. These climate change variables will 

be critically important when considering how to design 

land management strategies under future climate change. 

 

6. Conclusion 

 

Studies of climate change highlight the highly 

variable nature of temperature and precipitation 

projections in dryland regions. We find trends in 

monsoonal temperature and precipitation with increasing 

temperature (+0.1 to +0.5 °C) and decreasing precipitation 

(- 2 to -12 mm) observed over the next two decades at 

spatially variable rates across the Bengal region. These 

warming and drying trends in the study area are widening 

the gap between water demand and supply, hence the need 

for ways and solutions to capture and store needed water 

supplies. Additionally, the significance of these changes 

lie in the response of evapotranspiration and soil moisture, 

with previous work suggesting that even a small 

temperature increase of +5% can lead to 14% greater 

evapotranspiration (Goyal, 2004). Urgent steps need to be 

undertaken on both local and state levels to address the 

widening water availability gap. Some of the solutions 

would be new agricultural practices that require smaller 

quantities of water, rainwater harvesting, surface water 

utilization plans, managed aquifer recharge and the use of 

more eco-friendly energy in various economic sectors. 
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