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Abstract

Climate variability and increasing water demand are intensifying drought vulnerability
in the monsoon-dependent Mahanadi River Basin (MRB), India. Conventional drought
assessments often examine individual drought types separately and may overlook the
role of groundwater storage in shaping overall drought vulnerability. This study
develops an integrated multivariate framework for assessing drought vulnerability by
combining meteorological, agricultural, hydrological, and groundwater drought
characteristics across the basin. A Composite Drought Index (CDI) was developed
using Principal Component Analysis, Copula functions, Random Forest, and a Spatial
Neighborhood Aggregation Encoder. Among these approaches, the Copula-based
CDI demonstrated the strongest agreement with independent atmospheric moisture
stress, with correlations of -0.86, -0.89, -0.92, and -0.81 with Vapor Pressure Deficit at
1-, 3-, 6-, and 12-month timescales, respectively. The Copula-based CDI was
subsequently integrated as the exposure component with 17 sensitivity and 11

adaptive-capacity indicators to develop a spatial drought vulnerability framework. A
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Bagging ensemble classifier was trained using historical district-level drought
observations and evaluated using an independent testing dataset. The model
achieved 89.6% accuracy, with precision, recall, and F1-score of 87.5%, 98.1%, and
92.5%, respectively, and an AUC-ROC of 0.945. The resulting vulnerability
assessment indicates that approximately 25% of the basin falls within the very-high
vulnerability class and 36% within the high vulnerability class, with prominent hotspots
across the central, northern, southern, and southeastern sectors. By linking
atmospheric and surface drought conditions with subsurface water-storage depletion
and socio-environmental coping capacity, the proposed framework provides a
comprehensive basis for identifying spatially differentiated drought vulnerability and

supporting targeted drought management and water-resource planning in the MRB.

Keywords: Groundwater Drought, Composite Drought Index, Multivariate Drought

Vulnerability, Machine Learning, Bagging

Highlight

e Development of composite Drought Index incorporating meteorological,
agricultural, hydrological, and groundwater drought

e Bagging-based drought vulnerability assessment integrating CDI in Exposure
index

e Western and northern parts of the MRB identified as highly vulnerable to

drought

Abbreviations

Mahanadi River Basin: MRB

Bay of Bengal: BOB

Composite Drought Index: CDI

Principal Component Analysis: PCA

Random Forest: RF

Spatial Neighbourhood Aggregation Encoder: SNAE
Meteorological Drought: MD
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Agricultural Drought: AD

Hydrological Drought: HD

Groundwater Drought: GD

Groundwater: GW

Groundwater Storage: GWS

Groundwater Level: GWL

Standardised Precipitation-Evapotranspiration Index: SPEI
Equivalent Standardized Soil Moisture Index: ESSMI
Standardized Streamflow Index: SSI
Groundwater Drought Index: GDI

Drought Vulnerability: DV

DV Index: DVI

Root Zone Soil Moisture: RZSM

Digital Elevation Model: DEM

Topography Wetness Index: TWI

Normalized Difference Vegetation Index: NDVI
Normalized Difference Water Index: NDWI
Land surface temperature: LST

Exposure Index: El

Sensitivity Index: Sl

Adaptive Capacity Index: ACI

Vegetation Health Index: VHI

Vapour Pressure Deficit: VPD

Topography Wetness Index: TWI

Crop intensity: ClI

Net Sown Area: NSA
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1 Introduction

Owing to anthropogenic climate change, the recurrence and intensity of
hydroclimatic extremes such as droughts, floods, landslides, and heatwaves have
increased worldwide, threatening human beings and natural systems [1]. Among these
extremes, drought is the most complex and economically damaging natural hazard
due to its higher frequency, longer duration, and severe economic consequences [2],
[3]. Recent global assessments indicate that global mean surface temperatures have
reached 1.75 °C above the preindustrial climate [4], causing more severe and
widespread drought conditions. Consequently, nearly 30% of the global land surface
faced drought in 2025 [5]. India is among the countries most vulnerable to drought,
with nearly two-thirds of its geographical area susceptible to recurrent drought events
[6], [7]- Its hydroclimate is governed by the Indian Summer Monsoon (ISM) [8], [9],
which is highly sensitive to land-ocean thermal contrasts, sea surface temperature
(SST) patterns, and large-scale ocean-atmosphere interactions [10], [11], [12].
However, anthropogenic warming has raised surface temperatures and altered the
SST pattern, modifying atmospheric circulation, contributing to greater variability in the
temporal and spatial distribution of monsoon rainfall. Consequently, the frequency and
severity of droughts have increased across the country. As an agriculture-dominant
country and home to 1.4 billion people, India is highly dependent on ISM, and droughts
have profoundly impacted agricultural productivity, water resource management, and

socio-economic well-being [13].

Traditionally, drought occurred when there is a precipitation deficit. However,
contemporary drought science recognizes drought as a complex and interconnected
process that propagates through different components of the hydrological cycle [14].
Initially, drought started as meteorological drought (MD), reducing soil moisture and
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leading to agricultural drought (AD), followed by lower levels of streamflow and
reservoir levels, which result in hydrological drought (HD) and eventually lead to
groundwater storage (GWS) depletion, causing Groundwater Drought (GD) [15], [16],
[17], [18]. Several Drought Indices were developed for understanding different types
of droughts. For example, the Standardised Precipitation Index (SPI) [19] or the
Standardised Precipitation-Evapotranspiration Index (SPEI) [20] incorporated only
precipitation or both precipitation and evapotranspiration for MD monitoring. Soil
moisture-based Indicators, such as Soil Moisture Deficit Index (SMDI) [21], Soll
Moisture Index (SMI) [22], and vegetation-based indicators, including Vegetation
Health Index (VHI) [23], are used for AD analysis. Similarly, the Standardized
Streamflow Index (SSFI) is used for the HD analysis [24]. In recent decades, GD has
become a centre of research as it serves as a hidden water storage during extreme
dry periods. For GD studies, the Groundwater Drought Index (GDI) was developed
from GRACE GWS anomaly data (GWSA) [25]. However, a single drought index does
not capture the full range of drought-related information [26]. Therefore, CDIs have

emerged in recent years.

In India, many researchers have developed CDI using multiple drought
components for drought assessment. Kanthavel et al. [27] proposed a D-vine copula-
based CDI using many hydrometeorological variables to address the nonlinear
relationship among MD, AD, and HD in the Upper Tapti River Basin. Prajapati et al.
[28] also used PCA-based CDI to monitor MD, AD, and HD in the Marathwada region
of Maharashtra and highlighted the advantages of CDI in capturing drought severity
and magnitude over individual indicators. Again, the PCA-based CDI method was
adopted by Saini et al. [29] integrating MD, AD, and HD in the Banas River basin of

Rajasthan to improve drought characterization and reduce the uncertainties
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associated with single drought indicators. Tarate et al. [30] utilized the Analytical
Hierarchy Process (AHP) to establish a Multi-Criteria Decision-Making (MCDM) CDI
using Vegetation Condition Index (VCI), Precipitation Condition Index (PCI), and
Terrestrial Water Storage Anomaly Condition Index (TWSACI), and the CDI showed a
significant correlation with crop yield data. A notable advancement in composite
drought assessment was made by Shah & Mishra [31] who developed a CDI
combining MD, AD, GD, and HD for the Sabarmati and Brahmani River Basin. This
study highlighted that the integration of GW data significantly enhanced the depiction
of drought evolution, especially in cases where GW is the main source of freshwater
during prolonged dry events. Recent advances in numerical modelling and Machine
Learning (ML) have also improved the complex interaction of the GW system with

other components of the hydrological cycle [32].

Although these studies have provided significant value to integrated drought
monitoring, the incorporation of GD in CDI has received less attention, and most
existing CDIs primarily focus on drought characterization and hazard assessment.
However, drought hazard alone does not determine the magnitude of drought impacts,
as regions experiencing similar drought severity may exhibit markedly different levels
of damage depending on their biophysical, socio-economic, and institutional
characteristics [33,34]. Therefore, assessing drought vulnerability (DV) has become
equally important for understanding the susceptibility of natural and human systems
to drought and for developing effective adaptation and mitigation strategies. The
Exposure-Sensitivity-Adaptive Capacity (ESA) approach, as suggested by the
Intergovernmental Panel on Climate Change (IPCC), is commonly used to assess DV
[35]. Within the ESA framework, the exposure component is commonly represented

using drought indicators. However, previous studies have predominantly relied on
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single drought indices [36], [37], [38], [39]. Although these indices effectively represent
specific dimensions of drought, they do not fully capture its cascading evolution.
Recently, many researchers have proposed an integrated DV assessment framework
by incorporating a multivariate drought hazard within the ESA framework,
demonstrating the advantages of considering multiple drought characteristics over
conventional single-index approaches [40], [41], [42], [43]. Nevertheless, even in this
integrated framework, GD was not explicitly incorporated into the DV component. To
address these knowledge gaps, the present study develops an integrated CDI by
combining MD, AD, HD, and GD indicators and subsequently incorporates it as the
exposure component within the IPCC-based ESA framework to assess spatial DV

across the MRB.

2 Study area

MRB, the 2"? largest basin in peninsular India, covers 4.3% of India’s territory [44].
This basin is geographically bounded by 19-8" and 23-32' North latitudes and 8028’
and 86°43' East longitudes, covering an area of 141,589 sq. km (Fig. 1). The Mahanadi
River originates in Chhattisgarh, flows through Maharashtra, Jharkhand, and Odisha,
and discharges into the Bay of Bengal (BOB). The annual average discharge from the
basin is 1800 m?/sec. During summer, it increases up to 6352 m3/sec, while in the dry
season, the value reduces to 759 m?/sec [45]. The basin lies in a tropical environment,
receiving an annual average rainfall of 1463 mm, with around 85% of the rain occurring
during the southwest monsoon (June to September). The basin also experiences high
relative humidity, high mean temperatures, and short, mild winters. This raises surface
temperature by 1.1°C/century, potentially intensifying climatic extremes and drought
phenomena [46]. The basin has experienced many climatic disasters, including floods,

droughts, and cyclones, every year due to increased temperatures, urbanization, and
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reduced water yield [47], [48]. Even though droughts are not new in this region, their
frequency and intensity have increased since 1965. The drought that occurred from
September 2008 to November 2010 lasted for 27 months, causing crop failures,
affecting farmers, and creating socio-economic problems [49]. Therefore, a DV

assessment of this region is essential for strategic planning and management.
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Fig. 1 Location map of the Mahanadi River Basin (MRB). Red dashed lines
indicate the State boundaries surrounding the basin. The inset India map
represents the geographical position of MRB within India

3 Datasets used

In this study, various hydro-meteorological, environmental, socio-economic, and
topographical datasets were considered to develop the CDI and DV map (Table 1).
The CDI integrated four key drought components (meteorological, agricultural,
hydrological, and GW). For MD, SPEI was considered as it integrates both
precipitation (P) and atmospheric evaporative (AET) demand. Thus, it captures
climatic water deficits more comprehensively than precipitation alone [50]. AD was

represented by Root Zone Soil Moisture (RZSM), as it directly reflects the water



210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

available to vegetation and crops and provides a more direct measure of plant-
available water stress [51]. HD was characterized by runoff, as reductions in runoff
reflect the response of surface-water availability to sustained precipitation and soil-
moisture deficits [52]. GD was represented using GWSA, derived from GRACE
observations, because GWSA directly reflects temporal changes in subsurface water
storage and enables the detection of GW depletion during prolonged dry conditions.
The GWSA was derived from the Terrestrial Water Storage Anomaly (TWSA) from the
CSR GRACE-FO RL06 Mascon product data between April 2002 and December 2023
at 0.25° spatial resolution [53]. SPEI was calculated from climatic water deficit series
using P and PET. The P data were acquired from the ERA5 reanalysis dataset [54],
while the PET, RZSM, air temperature, relative humidity (RH), and dew point
temperature data were collected from the ERA5-Land Monthly Aggregated dataset
from 2000 to 2023. Runoff data were also derived from the ERAS-Land reanalysis
product [55]. All these datasets were collected on the Google Earth Engine (GEE)
platform (https://code.earthengine.google.com/). Collectively, these indicators
represent distinct but interconnected components of drought evolution, from
atmospheric water deficit and root-zone moisture stress to surface-water and GWS
deficits.

Apart from CDI, many environmental and climatic factors were considered for DV
mapping (Table 2). Shuttle Radar Topography Mission Digital Elevation Model (SRTM
DEM) is considered in this study for computing slope, drainage density, distance to
streams, and Topography Wetness Index (TWI)
(https://www.earthdata.nasa.gov/data/instruments/srtm). Soil texture data were taken
from the FAO Soil Portal [56] and the lithology data were obtained from the Geo Data

India portal (https://geodataindia.gov.in). Vegetation and moisture indicators, including
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Normalized Difference Vegetation Index (NDVI) and Normalized Difference Water
Index (NDWI), were derived from the Dynamic World dataset available in GEE for
2023 [57]. The Dynamic World dataset provides near-real-time land cover information
generated from Sentinel-2 imagery at 10m spatial resolution and has been widely
applied in land surface and environmental studies. Information on groundwater level
(GWL) was accessed from India-WRIS (indiawris.gov.in), as a lowering of GWL
indicates a rising threat of drought. All the socio-economic, demographic, health, and
infrastructure-related indicators used for adaptive capacity assessment were obtained
from the Census of India (https://censusindia.gov.in/census.website/data/census-
tables) and the National Family Health Survey (NFHS-5)

(https://nfhsS.indiagis.org/nfhs5/).

Table 1 Source and resolution of considered parameters

Data Sources Resolution T"T‘e
Period
Rainfall ERAS5 Reanalysis 0.25°
Potential
Evapotranspiration
Dew point ERAS5-Land Monthly .
temperature Agareqates 0.1
Air temperature 9greg
Root Zone Soil 2000-2023
Moisture
Total Water GRACE RL06 Mascons 0.25°
Storage
Land surface MOD11A1 v6.1 1 km
temperature
. ERA5-Land Monthly o
Wind Speed Aggregates 0.1
NDVI Sentinel-2 / Dynamic World 10 m 2023
NDWI y
. SRTM DEM / USGS
Altitude EarthExplorer 30m
Soil texture FAO Soil Portal 1:800000
Lithology GeoData India
Groundwater Level India-WRIS Station 2000-2023

Crop intensity DES Agriculture Statistics District 2000-2023

10



Net Sown Area
Fallow, Barren,
Forest land
Population Density
Rural population
Literacy rate
Poverty
Safe Water for
drinking
Sanitation
Stunting

Underweight NFHS-5 (2019-21)

Anaemia

Clean fuel for
cooking

Electricity

Census of India

2011

2019

247

248 Table 2 Factors selected for DV mapping with causes and their impact on drought

Vuln_erablllty Data Impact Drought Relevance
Indicators Type
The increase in  drought
. frequency reduces crop
Frequency of CDI Indirect productivity and has an impact on
the socio-economic status
Exposure High intensity of drought largely
Index . . influences crop productivity
Intensity of CDI Indirect and the economic status of the
farmers
Land surface . High LST indicates surface
Indirect ) -
temperature dryness and moisture deficiency
Strong winds enhance
Wind Speed Indirect evaporation and soil moisture
loss
Altitude Indirect E.Iev.atlo.n influences  rainfall
distribution and runoff processes
. . Coarse soils retain less moisture
Soil texture Indirect . h e
Sensitivity and mcrea_se_droyg t sensitivity
. . Controls infiltration and GWS
Index Lithology Indirect .
capacity
GWL Direct  Declining GWL increases DV
High cropping pressure
Crop intensity Indirect increases agricultural  water
demand
Net Sown Area Indirect A larger cultivated area increases

exposure to AD

11
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Fallow, Barren,
Forest land

NDVI

NDWI

Population Density

Rural population

Literacy rate

Poverty

Safe Water for

Adaptive drinking

Capacity

Indicators Sanitation

Stunting
Underweight

Anaemia

Clean fuel for
cooking

Electricity

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Indirect

Barren/fallow land increases
drought  susceptibility, while
forests reduce it

Lower vegetation health reflects

drought stress and reduced
biomass
Lower water index indicates

moisture deficiency and surface
dryness

High population increases
pressure on water resources
Rural communities are more
dependent on climate-sensitive
livelihoods

Higher literacy improves
preparedness and adaptive
capacity

Poor communities have lower
resilience to drought impacts

Limited access to  water
increases vulnerability during
drought

Poor sanitation  aggravates

drought-related health risks
Indicates  chronic  nutritional
vulnerability under drought stress
Reflects food insecurity and
reduced adaptive resilience
Poor health conditions reduce
coping capacity during drought
Represents socio-economic
resilience and living conditions
Better infrastructure improves
adaptive capacity during drought

4 Methodology

In the present study, the DV assessment was conducted using a systematic, multi-

major steps (Fig. 2) as follows:

component geospatial modelling approach that incorporates physical drought

indicators alongside socio-economic measures. The overall process involves five

Step 1: Developing a CDI using four key drought components (meteorological,
agricultural, hydrological, and GD) to capture the comprehensive drought situation,

which further served as the primary input for exposure indices

12
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Step 2: Collection of DV indicators based on literature reviews and data availability.
Finally, these were classified into three key components, called Exposure, Sensitivity,
and AC, based on the theoretical framework of IPCC. All thematic layers were
prepared and processed in the ArcGIS environment.

Step 3: Historical drought-affected areas were compiled from government sources
and randomly divided into training and testing datasets (70:30) for model development.
Step 4: Using statistical and ML approaches, Exposure Index (El), Sensitivity Index
(SI), and Adaptive Capacity Index (ACI) were generated. Finally, these three indices
were combined to produce the DV Index (DVI).

Step 5: Efficiency of the statistical and ML models was analysed using Area under the
ROC curve (AUC-ROC), overall accuracy, precision, recall, F1 score, Mean Absolute

Error (MAE), and Root Mean Square Error (RMSE).

Sensitivity

Exposure | | | Adaptive

Altitude, Slope
Drainage Densily
TWI, Soil texture

Population Density
Rural population
Literacy rate

Lxtreme/Severe
drought trequency of
1, 3, 6, and 12 months

Vapour pressure deficit

Land surface
temperature

Crop intensity
Nel Sown Area,
Fallow, Barren, Forest
land
Groundwatcer Level

Lithology, Wind Speed Poverty
Distance to stream Water
ExtremeiSevere Wel Day Frequency S tabon
drought intensity of 1, Aridity index Stunting
3, 6, and 12 months NDVT & NDWT Underweight

Anaemia (All women
15— 49 yoars)
Clean fuel for cooking
Electricity

Historical drought points

Training (70%)

Testing (30%)

Validation by AUC-
ROC, Accuracy,
Preeision, RMSE,
Recall, F1l

Exposure Index

b4

Statistical and Bagging
I .

|

Sensitivity
Tndex

Adaptive

[

RELATIVE DRY

VULNERABILITY MAPS

Fig. 2 Methodology flowchart

Capacity Index
I
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4.1 Development of Composite Drought Index

To develop a CDI for each grid cell, SPElI, RZSM, GWS, and runoff were
considered. SPEI was selected because it incorporates both precipitation and PET,
making it a robust indicator of MD [58], whereas RZSM reflects moisture availability in
the root zone, making it a direct proxy for AD [51]. Runoff was included to represent
SW availability and overall hydrological response [52]. Further, GWS accounts for the
changes in subsurface water reserves and helps capture long-term drought conditions
[59], [60]. Together, these four variables provide a multifaceted view of drought
conditions, covering meteorological, agricultural, surface hydrological, and GW
components. This approach considered four main steps: (1) computing the cumulative
probability of each variable to transform the original time series into a uniform
distribution ranging from 0 to 1; (2) fitting and selecting the most appropriate Copula
function, then using it to build the joint cumulative probability series; (3) applying the
empirical Kendall distribution function to the joint series to derive the probabilistic
drought measure; and (4) standardizing that sequence to produce the final CDI.
Climatic water deficit sequences (D;) were calculated using monthly P and AET as in
Eq. (1) [61]:

D; = P, — AET; (1)

Since the hydrometeorological variables exhibited strong non-normality and
variable-specific distributional characteristics, a non-parametric probabilistic
standardization approach was adopted instead of fitting predefined parametric
probability distributions. To avoid uncertainties associated with fitting predefined
parametric probability distributions, a non-parametric Gaussian kernel density
estimator (KDE) was adopted [62]. The KDE approach estimates the probability

density functions (PDFs) without assuming any predefined distribution for the data. In

14



298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

this method, all observations contribute to estimating the PDF, with each observation's
contribution determined by a kernel density function. Gaussian kernel functions were
employed because of their widespread applicability and stable performance in
hydrological and climatological studies [63], [64], [65], [66]. The PDF for a given

observation x was estimated as:

t — yi\2
Fo =y =ew[-3 (5] @

Where n denotes the number of observations, h represents the bandwidth
parameter, and x; corresponds to the observed values [67]. Observations closer to the
target value contribute more strongly to the estimated density, whereas distant
observations contribute more strongly to the estimated density, whereas distant

observations contribute less. The bandwidth parameter was also estimated using

Silverman’s rule of thumb as:

IQR 1
= i —_— -1/5
h = 0.9 min (0' , 1.34) n 3)

where ¢ represents the standard deviation, and IQE denotes the interquartile range
[67].
The cumulative distribution function (CDF) was subsequently obtained through

numerical integration of the estimated PDF as given in eq (4) [62] :

X

F() = f fde @

The estimated cumulative probabilities were then transformed into standard
normal variates using the inverse standard normal function as expressed in eq (5)
[19]:

Z; =9 F(x)) (5)

15
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where Zi represents the standardized drought indices, including SPEI, equivalent
Standardized Soil Moisture Index (ESSMI), Standardized Streamflow Index (SSI), and
GDI, and @~ denotes the inverse standard normal distribution function.

To examine how different statistical, probabilistic, machine-learning, and deep-
learning approaches integrate the four drought components into a unified
multidimensional drought signal, four complementary CDI construction approaches,
such as PCA, RF, Copula, and SNAE (Fig. 3), were evaluated. These approaches were
selected to represent different strategies for dimensionality reduction, dependence
modelling, nonlinear ML integration, and deep-learning-based feature representation,

respectively.

4.1.1 Formulating CDI Using PCA
The standardized drought indicators obtained through KDE were

integrated using PCA. It is a multivariate statistical technique that transforms
correlated variables into a smaller number of orthogonal principal components
while preserving the maximum amount of variance contained in the original
dataset. It has been widely adopted in developing CDI to monitor drought
assessment[68], [69], [70], [71]. A correlation coefficient matrix of dimension
(p X p) was the 1st step in developing PCA computation, where p is the number
of input parameters. In this study, p is taken as four (SPEI, ESSMI, SSI, and
GDI); thus, a 4 x 4 matrix was developed. A correlation matrix was then
computed to quantify the relationships among the four drought variables [72].
Kaiser-Meyer-Olkin (KMO) test was adopted to check the suitability of the PCA
datasets. It determines whether the observed correlation structure is sufficiently

enough to extract reliable PCs. Higher KMO values indicate stronger common

16
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variance among the variables and greater suitability for dimensionality

reduction [73].

Further, eigenvalues and their corresponding eigenvectors were
determined by eigen decomposition of the correlation matrix. The eigenvalues
are the amount of variance explained by each PC, while the eigenvectors
(loading coefficients) are the contribution of the original drought indicators to
the extracted components. PCs are mutually orthogonal; thus, each component
represents an independent source of variability within the dataset. The 15t PC
(PC1) that contributed the greatest percentage of the total variance was chosen
to estimate the weights of the four drought indicators. The squaring of the
loading coefficient of the variable with respect to PC1 gave the relative
contribution of the variable to the dominant mode of variability (Fig. 3a). After
normalizing the square loadings, the resulting values were then used as the

weights of the CDI as —

CDIly m=W spel,m X SPEl'y m* W gssmi, m X ESSMIy 1+ W gg) m %

SSly . m*W epi,m X GDly 1 (6)

4.1.2

Where y and m represent the year and month, respectively. CDI, , is the
Composite Drought Index for a particular year and month. w gpg n,
W EssMmi, m» W sg;, m @Nd W gpr, m are the PCA-derived weight coefficients from
the SPEI, ESSMI, SSI, and GDI, respectively [69].

Formulating CDI Using Copula

To account for nonlinear dependence among the drought indicators, a
Copula-based CDI was also developed [74], [75], [76]. According to Sklar [77],

any multivariate joint distribution can be represented using its marginal
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4.1.3

distributions and an appropriate copula function. For an n-dimensional joint
probability distribution function F(x;,x, - - x,,), the relationship between the

joint distribution and marginal distributions can be expressed as :

F(xl»xz ’ "'xn) = C[Fxl(xl)'sz (xz)'---fon(xn)] )

Where C denotes the Copula function and F (xq), F,(x2),..., . (x,)

represent the marginal cumulative distribution functions of the variables.

Four marginal probability distributions were utilized in this study, namely
Gaussian, Logistic, generalized extreme value (GEV), and t location-scale
distributions. The Kolmogorov-Smirnov (K-S) statistic proposed by Massey [78]
was used to evaluate the fitting performance of these marginal distributions.
Finally, three widely used Copula functions, namely the Gaussian, t, and Frank
Copulas, were employed for modelling the joint distribution among drought
indices. The cumulative probability sequences of SPEI, ESSMI, SSI, and GDI
were integrated using the optimal Copula function to derive the joint cumulative

probability sequence (p;) as:
p; = C(SPEI;, ESSMI,,SS1;,GDI;) (8)

Finally, the copula-fitted cumulative probability sequence was transformed
into standardized normal variables using the inverse normal transformation

using equation (5) to derive the CDI (Fig. 3b).

Formulating CDI Using RF

RF regression model was employed to develop an ML-based CDI (RF-
CDI). Itis an ensemble learning technique that uses the output of many decision

trees (DT) to make complex nonlinear predictions while minimizing the
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possibility of overfitting through bootstrap aggregation and random selection of
features. Due to its flexibility and robustness to multicollinearity and nonlinear
interaction between variables, RF regression has become one of the most
popular techniques used in drought predictions[79], [80], [81]. The predictor

matrix (X) for each grid cell was formed as —
Xi = [SPEI“ESSMI“SSIU GDIL] (9)

For each grid, the time series data were randomly split into training and
testing datasets (80:20) for performance evaluation of the models. Predictor
variables were 1st srandardized to increase the numerical stability of the
training algorithm. The model was initialized using bootstrap sampling with out-
of-bag (OOB) validation. The model was trained using 1000 ensemble trees to
provide stable estimates. At each iteration, the OOB error, testing coefficient of
determination (R?), and root mean square error (RMSE) were calculated using
Egs. 10-13 to measure the convergence of the model and the optimal ensemble

size (Fig. 3c).

OOB Error =1 — 00B Score (10)

n ~00B2
i=1\YVi — Vi )
OOB Score = 1 — =% A _ 11
m G-y
RZ = 1 Ty — 902
=1-Sr—= 12
L i—-9

n
1
RMSE= |- (=907 (13)
i=1
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4.1.4

where y;and jy;,denote the observed and predicted CDI values,

respectively.

After training, the optimized RF model was run on the entire predictor
dataset for each grid to calculate RF-CDI. The predicted CDI values were

subsequently standardized to obtain a dimensionless drought index as follows

CDInr —
RF — CDI = +ﬂ (14)

The relative significance of each drought indicator was assessed using the
feature importance values from the trained RF algorithm. These values were
calculated based on the decrease in prediction error attributable to each
predictor and provide a quantitative estimate of the influence of MD, AD, HD,

and GD on prediction.

Formulating CDI Using Spatial Neighbourhood Autoencoder (SNAE)

To construct a DL-based nonlinear CDI, the SNAE approach was
considered by integrating KDE-derived drought indicators. While traditional
autoencoders analyze each grid separately [82], this method incorporates local
spatial information through a neighborhood aggregation layer, enabling the
network to learn both the nonlinear relationships among drought indicators and
the spatial dependence between neighboring grid cells [83]. The input datasets

form a three-dimensional tensor as-
X ERTXNX4 (15)

Where T is the number of time steps, and N is the number of grid cells.
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To understand the effect of network complexity, five different architectures
of encoders with depths ranging from one to five hidden layers were considered
separately. The architecture with the minimum validation loss value was chosen
for the computation of the CDI. The spatial neighborhood of the grid cells was
determined by their geographical coordinates. A BallTree algorithm was applied
with the Haversine distance measure to determine the neighboring grid cells
within a 20 km radius [84]. The set of neighboring grids was used to build the
spatial aggregation layer. This layer allows each grid cell to include information
about its neighbourhood during feature extraction (Fig. 3d). Following the
graph-based neighborhood aggregation principle [85], the aggregated feature
representation for the " grid cell is expressed as

M X
Yi _ W(Z]EN(l) ij ]) (16)
Yjenc) Mij

where Y; is the output feature vector of the i*"grid cell after neighborhood
aggregation, X; is the input feature vector of the j™neighboring grid cell. N(i) is
the set of neighboring grid cells within the 20 km search radius. M;; is the binary
neighborhood mask, where M;; = 1 if grid j belongs to the neighborhood of grid

i, and 0 otherwise. W is the trainable weight matrix learned during model
optimization. Following the neighborhood aggregation, channel attention was
applied to adjust the importance of the selected spatial features. The attention
coefficients were calculated using the fully connected layer along with the
Softmax activation function to ensure positivity and normalization of the weights
across all channels [86]. The weighted feature representations then served as
the input to the next encoder layer. The deepest encoder layer gives the latent
bottleneck representation for extracting the essential nonlinear spatial features
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4.1.5

from all four drought indicators. The decoder reconstructs the original drought
indicators from the latent bottleneck representation by means of fully connected
layers along with the skip connections provided by the encoder. The network
parameters were optimized by minimizing the reconstruction loss, which is

defined as —

B is the batch size, N is the total number of grid cells, and C is the number

of input drought indicators, X, ; ; is the original value of the k™" drought indicator
for the i" grid cell in the b™" training sample, and X,,,, are the SNAE model

reconstructed values [82].

Adam optimizer with a learning rate of 0.001, a batch size of 28, and a
maximum of 1000 training epochs was used to train the SNAE model. The data
samples were randomly divided into training and testing sets (80:20). Upon
completion of the training process, the encoder was applied to generate the
latent space for each grid cell and at each time step. For architectures
producing multiple latent feature channels, the bottleneck features were
averaged across channels to obtain a single composite drought representation.

Finally, the latent space features were normalized to generate the SNAE-CDI.

Validation of CDI models

Multivariate statistical analysis (PCA), probabilistic dependence modelling
(Copula), ML-RF, and DL-SNAE approaches represent fundamentally different
modelling paradigms. Owing to their distinct mathematical formulations,

assumptions, and learning mechanisms, direct comparison based on model-
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specific statistical measures is insufficient. Accordingly, the four approaches
were evaluated within a common validation framework to determine which
modelling paradigm most effectively represents the multidimensional and
spatially heterogeneous drought signal of the MRB. Vegetation Health Index
(VHI), Land Surface Temperature (LST), and Vapour Pressure Deficit (VPD)
were selected to evaluate the CDI model's representation of drought conditions.
Because none of these indicators represents an absolute ground-truth measure
of drought, their relationships with the CDI were interpreted as measures of
external consistency and drought-response agreement rather than direct
validation against observations. VHI reflects vegetation stress resulting from
moisture deficiency. It combines the Vegetation Condition Index (VCI) and the
Temperature Condition Index (TCI), thereby accounting for both moisture
availability and temperature-induced stress [87], [88]. The VCI was derived from
the NDVI, which was obtained from the MODIS MOD13A2 Version 6.1 product
[89]. LST was used to derive TCI, which was obtained from the MODIS Terra
LST data (MOD11A1 V6.1) product [90]. All these data were derived in the

GEE platform. The VHI was calculated as [91]:

VHI = a xVCI+ (1 —a) X TCI (18)
where a (= 0.5) is the weighting coefficient. The VCI and TCI were calculated

as:

ey = NDVI=NDViyin o
= X
NDVIgw — NDVii (19

rer = ETmax ZLST 00 0
~ LST,45 — LST i (20)
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LST, which served as a proxy for the surface thermal state, and moisture
deficiency were also considered. During drought conditions, reduced soil
moisture limits evaporative cooling, resulting in elevated surface temperatures.
For the atmospheric drought indicator, VPD was incorporated as higher VPD
values intensify evapotranspiration and plant water loss, thereby increasing
drought conditions. It was calculated from air temperature (T in °C) and RH (%)

data. VPD was calculated as:
VPD = e;— e, (21)
where e and e, represents saturation vapour pressure and actual vapour
pressure, respectively, and is calculated as —

17.27T

e = 0.6108 exp (m) (22)

RH 23
= X —
ea eS 100 ( )

The correlation (r) between the CDI models and VPD, LST, and VHI was

calculated as —

=X =X - 7)

: \/Z?zl(xi - ’?)2\/2121(16- —7)2

(24)

where X; is the CDI from different models at the i observation and Y; is
the VHI, VPD, or LST. X and Y are the respective mean values. n is the total

number of observed values.
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Fig. 3 Schematic workflow illustrating the construction of CDIs using four different
approaches: (a) the statistical approach using PCA, (b) the probabilistic approach based
on copula theory, (c) the ML approach using an RF regression model, and (d) the DL

approach using the SNAE model. All

these methods utilize KDE-standardized

Precipitation-evapotranspiration data, soil moisture, runoff, and GW storage data as input

to produce monthly grid-wise CDI
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4.2 Exposure Indicators

El indicates the degree to which a region is subjected to drought [92]. Extreme &
severe drought frequency and intensity of 1,3,6,12 months, LST, and VPD are some
of the parameters considered as El in this study. The CDI from the best-performing
model was used to calculate the mean intensity and frequency of extreme and severe
drought. For this, run theory was applied to the time series CDI, and intermittent wet
months should not exceed 3 months. The drought characteristics were subsequently
analysed at 1,3,6,12 months, to capture short-, medium-, and long-term drought
variability. Drought conditions were classified as extreme and severe when the CDI
values fell below -2 and ranged between -1.5 and -1.99, based on the drought
classification values [19]. Drought frequency represents the occurrence of drought
events during the study period, while intensity is the average severity of all identified
drought events and is computed using the formulas [93]:

l

DF; = (;) x 100 (25)

N;
1
DI, = (ﬁl) Zcmj (26)
]:

where DF; and DI; represent the drought frequency and intensity, respectively, for
time scale i. N; is the number of drought months at different time scales, and n is the
total number of observations.
4.3 Sensitivity Indicators
The Sl is an important component of the Vulnerability Index mapping as it
measures how susceptible areas are to drought conditions. It serves as a crucial
indicator of how a system responds to widespread stressors [94]. Altitude, Slope,

Drainage Density, Topography Wetness Index (TWI), Soil texture, Lithology, Wind
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Speed, Distance to stream, Wet Day Frequency (WDF), Aridity index (Al), NDVI,
NDWI, Crop intensity (Cl), Net Sown Area (NSA), Fallow, Barren, forest land, and
GWL were considered for Sl calculation. Soil texture is an important parameter, as
coarse soil won't retain moisture and will allow it to move deeper into the soil. Thus,
the upper part of the soil will be dry, becoming prone to drought. Meanwhile, if the soil
is fine, it will retain the moisture in the upper layer, preventing drought [95]. Lower TWI
indicated reduced soil moisture accumulation and weaker water retention capacity,
making an area more vulnerable to drought. The composition of the bedrock also
affects DV, as it determines the water storage capacity through weathering processes
[96]. Drainage density affects the hydrological properties of a drainage basin. Areas
with low drainage density are more vulnerable to droughts, as low drainage density
implies less runoff and water availability for consumption [97]. Areas away from rivers
are more susceptible to drought conditions, as the supply of water decreases with
increasing distance [98]. Areas with lower WDF are more prone to drought conditions.
A decline in GWL affects GW availability, causing an increase in drought conditions
[99]. NDWI is also an important indicator for drought detection as it represents the
water condition of an area [100]. Al can be calculated from potential evapotranspiration

(PET) and AET as follows:

/= PET — AET

X1 2
PET 00 (27)

As the Al increases, the dryness will also increase, leading to drought-like
conditions [101]. Cl is the ratio of net cropped area to gross cropped area, and as
drought intensity increases, crop intensity also increases [102]. If the NSA increases,
then drought will affect agriculture more. Barren land is more likely to be affected by
drought, and if it is covered by forest or vegetation, then it can be protected from

dryness [103]. Bare terrain is more susceptible to drought. NDVI is the normalised
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value of vegetation and ranges from -1 to 1. If it is closer to 1, then it indicates large
plant cover, and when it is closer to -1, it represents barren land [104]. They were

calculated as :

NDV] — NIR — Red 28

" NIR + Red (28)

NDWI — Green — NIR 29
" Green + NIR (29)

where NIR is near-infrared reflectance.

4.4 Adaptive capacity (AC)

Vulnerability is often regarded as the inability of people to effectively counter a
widespread stressor [105]. As a result, AC is the ability of a population or system to
cope with, adapt to, and overcome negative consequences of drought through socio-
economic, demographic, nutritional, and infrastructural resources [106]. The climate-
population interactive effects have been the dominant factors driving recent changes
in drought exposures [107]. An increase in population density has posed immense
pressure on water security [108]. Therefore, in this study, demographic factors like
population density, rural population, literacy rate, and poverty were considered to
characterize the human dimensions of DV and exposure. Health indicators like child
stunting, underweight, and women's anaemia were also considered as they represent
important dimensions of social and health vulnerability under drought conditions. Child
stunting and underweight are widely recognized indicators of chronic malnutrition and
long-term food security, while anaemia reflects poor nutritional status and reduced
physiological resilience [109], [110]. All these indicators were derived from district-wise
census data and the National Family Health Survey (NFHS) and then converted into

raster layers in ArcGIS. These layers were further standardized. Indicators contributing
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positively to adaptive capacity were standardised using the Fuzzy Large function,
while those negatively affecting were standardised using the Fuzzy Small function.
The standardized layers were subsequently integrated using the Bagging ensemble
technique to generate the final Adaptive Capacity Index (ACI).

4.5 Statistical technique for Drought Vulnerability Mapping

A statistical DVI model involved the integration of three main aspects of
vulnerability (EI, Sl, ACIl) as proposed by the Intergovernmental Panel on Climate
Change [35]. Before integration of the indicators, all indicators were normalized to
ensure uniformity of scale for elimination of dimensional inconsistency. The
composite DVI was obtained as [111], [112] -

DVI = (EI + SI) — ACI (30)

With an increase in exposure and sensitivity, the vulnerability will increase, but
it decreases with higher AC. The resulting vulnerability values were classified into five
categories that include very low, low, moderate, high, and very high.

4.6 Bagging for Drought Vulnerability Mapping

Bagging (Bootstrap Aggregating) is an ensemble learning method proposed by
Breiman [113], which enhances prediction accuracy by decreasing the variance of
the individual decision trees through bootstrap sampling and aggregation. This
algorithm creates different bootstrap samples from the initial training dataset, then fits
each sample with the independent base learner, and finally aggregates their results
to achieve a better model. Due to its resiliency to overfitting and capacity to learn
complicated non-linear functions, it has been utilized in environmental hazard and
susceptibility mapping applications [114], [115], [116].

The drought inventory has been prepared based on the district level information
available about the drought of 2016 from the drought affected districts information

available from the Government of Odisha
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(https://srcodisha.nic.in/fannualReport/oF24 XdPzAnnualReport2015-16.pdf) and JNA

report of Chhattisgarh (https://sphereindiablog.wordpress.com/wp-

content/uploads/2016/09/ina-report-chhattisgarh-drought.pdf). The drought affected

district boundary information was spatially overlapped with the 1,896 analysis grids
used for the study. All the grids were assigned a drought label based on their spatial
presence (drought = 1, non-drought = 0). The binary drought inventory was integrated
with the selected El, Sl, and ACI indicators to construct an ML dataset. Consequently,
each of the 1,896 grid cells consisted of one binary response variable and the
corresponding predictor variables.

The complete dataset was divided randomly into 70% training data and 30%
testing data. The training data were used to construct the Bagging classifier, whereas
the testing data were used for the evaluation of the constructed model. In the training
process, several bootstrap samples were created using the training data via a random
sampling with replacement technique. Each bootstrap sample was then used to train
a single decision tree, and the final prediction of the DV class was obtained by
aggregating the predictions of all trees through majority voting. The final prediction of
the Bagging classifier is given by [113]

P (x) = mode{f;(x), fo(x), ... ..., fr(x)} (31

where Y (x) is the predicted DV class, f,(x) is the prediction of the b"decision
tree, and B is the total number of trees in the ensemble. The trained model was
subsequently applied to all 1,896 grid cells to produce the spatial DVM. Finally, the
predicted vulnerability values were classified into five classes (very low, low,
moderate, high, and very high vulnerability) using the Jenks Natural Breaks
classification method in ArcGIS.

4.7 Model performance evaluation

30



651

652

653

654

655

656

657

658

659

661

662

663

660

664

665

666

667

668

669

The predictive accuracies of the statistical and Bagging models were tested on an
independent dataset that consisted of 30% of the total data. The model’'s performance
was calculated based on the confusion matrix and several widely adopted evaluation
metrics, such as Accuracy, Precision, Recall, F1-score, RMSE, and Area Under the
Curve-Receiver Operating Characteristic (AUC-ROC) (Egs. 32-38). The confusion
matrix summarizes the classification results in terms of True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN), from which the
evaluation metrics were computed [117]. The overall classification accuracy,

precision, and recall were calculated as -

| ~ TP + TN .
CCuracy = TP ¥ TN+ FP + FN (32)
Precision = ——. 33
recision = TFP (33)
Recall = —+ 34
T TPYFEN (34)

The harmonic mean of precision and recall was determined using the F1-score

_ 2 X Precision X Recall

Precision + Recall (35)

The prediction error was quantified using the Root Mean Square Error (RMSE) -

n
1
RMSE = =3 (y,=9)"  (36)
i=1
where y;and y; denote the observed and predicted classes, respectively, and n is the

total number of observations [118]. The ROC curve was used to evaluate the

discrimination capability of the developed models by plotting the True Positive Rate
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(TPR) against the False Positive Rate (FPR) at different classification thresholds [119].

The TPR and FPR were computed as -

TPR = P 37
TP +FN (37)
FPR = kP 38

" FP+TN (38)

The AUC provides a threshold-independent measure of classification performance,
with values ranging from 0.5 (random classification) to 1.0 (perfect classification).
Higher AUC values indicate better discrimination between drought and non-drought

classes.

5 Results
5.1Validation of KDE-based probabilistic Standardization

The Q-Q plots of the original D, RZSM, runoff, and GWS, together with their
corresponding standardized indices, including SPEI, ESSMI, SSI, and GDI, showed
the effectiveness of the non-parametric KDE-based probabilistic standardization
framework in transforming the original hydroclimatic variables into approximately
standardized normal variables. The original variables showed pronounced curvature
and substantial deviations from the reference line. Among the variables, D and runoff
displayed the strongest non-normal characteristics, particularly in the lower and upper
quantiles, indicating high skewness and heterogeneous distributional behaviour (Fig.
4 a,e). RZSM and GWS also deviated considerably from the theoretical normal line,
although the deviations were comparatively less pronounced (Fig. 4 c,g). These
results confirm that these variables exhibit complex statistical characteristics that
can’'t be adequately represented by a single predefined parametric probability
distribution. After applying the KDE-based probabilistic transformation, the
corresponding standardized indices showed substantial improvement, exhibiting
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near—linear behaviour over the central quantile ranges. Compared with the raw

variables, these standardized indices demonstrated improved symmetry and reduced

distributional irregularities, thereby enhancing their suitability for multivariate drought

analysis. The standard deviations of SPEI, ESMI, SSI, and GDI exhibited values close

to 1, indicating effective normalization and improved comparability among drought-

related variables (Fig. 4 b,d,f,h).
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Fig. 4 Normal Q-Q plots showing the probabilistic standardization of the original
hydroclimatic variables and their corresponding KDE-based standardized drought
indices: (a) climatic water deficit (D), (b) SPEI, (c) root zone soil moisture (RZSM),
(d) ESSMI, (e) runoff, (f) SSI, (g) groundwater storage (GWS), and (h) GDI. The
original variables exhibit substantial departures from the theoretical normal
distribution, whereas the standardized indices show improved agreement with the
theoretical normal quantiles, indicating effective probabilistic standardization using

the non-parametric KDE framework
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5.2Performance evaluation of CDI models
5.2.1 Evaluation of PCA-based CDI

To construct the CDI using the four KDE-standardized drought indices, the PCA
method has been used. Before PCA, the correlation among the drought indicators
was analysed, showing a positive correlation (0.31 to 0.89) (Fig. 5a). This indicated
the existence of common variability, which is needed for performing PCA. The
strongest relationship is observed between AD and HD (r = 0.89), while MD and AD
have r = 0.82 and HD and GD have r = 0.73, indicating a strong connection between
AD, HD, and GD. In contrast, the lower correlation between MD and GD (r = 0.31)
corresponds to a delayed response of the GW system to the MD, which can be
explained by temporal propagation of drought effects from the atmosphere to GW.
The suitability of the datasets was further analyzed with the KMO test for all grids,
ranging from 0.57 to 0.73, with nearly 97% of the grids exhibiting >0.60, suggesting
acceptable sampling for PC extraction (Fig. 5b). Further, the eigenvalue distribution
(Fig. 5c) showed a sharp decline after 1t principal component (PC1), with mean
eigenvalue of 3.7 (greater than the Kaiser criterion), whereas the remaining PCs have
eigenvalues <1. This explains the dominance of PC1 in capturing the dominant
variability among the four drought indicators. The cumulative explained variance (Fig.
5d) also illustrates that PC1 alone explained approximately 80% of the total variance,
while the cumulative variance is >95% after the inclusion of PC2. Furthermore, the
relation between variables and PCs revealed strong positive contributions from GD
and HD, moderate positive contribution from AD, and a contrasting negative
contribution from MD, consistent with the typical drought propagation sequence from
meteorological deficits to hydrological and GW responses (Fig. 5e). Furthermore, the

boxplot of PC1-derived weights (Fig. 5f) highlighted the relative contributions of each
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indicator, with AD and HD showing the highest mean weights (approximately 0.30),
followed by GD (around 0.19), and MD exhibiting the lowest weight (approximately
0.22), reflecting their differential influence on the dominant drought variability mode.
These results collectively validate the use of PC1 scores as a robust CDI that
captures the integrated drought signal with minimal information loss, providing an

effective tool for comprehensive drought monitoring and assessment across the study

region.
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Fig. 5 Principal Component Analysis (PCA) for the development of the CDI. (a)
Correlation matrix of the four drought indicators, (b) Kaiser-Meyer-Olkin (KMO) test
results, (c) Eigenvalues of the principal components, (d) Cumulative variance
explained by successive principal components, (e) PCA loading biplot (PC1-PC2),
(f) PC1-derived weights of the drought indicators used for CDI construction
5.2.2 Evaluation of copula-based CDI
The goodness-of-fit of the marginal probability distributions for individual
indices was assessed using the K-S statistic for 1896 grids, and based on the results,

the optimal probability distribution for each grid cell was selected. Lower K-S values

indicate better agreement between the empirical and theoretical cumulative

35



741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

distribution functions. For SPEI, the Gaussian showed lower median K-S statistics,
whereas the Logistic distribution exhibited larger K-S values, exceeding 0.11 in
several grids (Fig. 6a). Again, for ESSMI, the Gaussian distribution exhibited lower
median values compared to other distributions. The GEV distribution showed several
outliers exceeding 0.14, indicating unstable fitting performance across multiple grid
cells (Fig. 6b). In the case of SSI, the GEV distribution produced the lowest median
K-S statistic (Fig. 6¢), while for GDI, the Gaussian, GEV, and t distributions
demonstrated relatively similar median K-S statistics (Fig. 6d).

Further, Fig. 6e illustrates the spatial distribution of the optimal copula functions
selected for CDI development for each grid. The Frank model dominated in most grid
cells (923), particularly across the central and western regions of the area. In contrast,
t-copula was selected for 868 grids and showed widespread occurrence across the
eastern and southern regions. The Gaussian copula was selected for comparatively
fewer grid cells (105 grids). The limited occurrence of the Gaussian copula indicates
that the linear dependence structures were insufficient to adequately characterize the
complex multivariate drought relationships across the majority of the study area.
Therefore, instead of applying a single copula model uniformly across the entire study

area, the present study adopted a grid-wise adaptive Copula selection framework.
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Fig. 6 Marginal distribution fitting and spatial distribution of the optimal copula
families used for constructing the Copula-based CDI. Boxplots of the Kolmogorov-
Smirnov (K-S) statistics obtained for four candidate marginal distributions
(Gaussian, Generalized Extreme Value (GEV), Logistic, and Student's t) fitted to
(a) SPEI, (b) ESSMI, (c) SSI, and (d) GDI. Lower K-S values represent superior
distributional fit. (e) Spatial distribution of the optimal copula families selected for
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1,896 grid cells, illustrating the dominance of the Frank copula, with localized
occurrences of the Gaussian and Student's t copulas across the MRB

5.2.3 Evaluation of RF-based CDI

The RF model was developed independently for each of the 1,896 grid cells
using the four KDE-standardized drought indicators as predictor variables. Since RF
models were developed for each grid cell, the performance of the entire model was
evaluated by summarizing the statistical distributions of the training and testing
metrics rather than presenting individual model diagnostics. The distribution of the
training, testing, and OOB coefficients of determination displayed consistently high
predictability within the basin (Fig. 7a). The median value of the training R* was higher
than 0.99, which means that the RF model was successful in capturing the nonlinear
relationships between the four drought indicators used for modeling. The median R?
for testing also showed high values (around 0.988), suggesting excellent
generalization capability and minimal degradation in predictive accuracy for unseen
data. Also, the OOB score, which is the internal cross-validation metric derived using
bootstrap resampling, had a median value of about 0.983, showing the robustness
and consistency of the ensemble learning technique. The relatively small difference
among the training, testing, and OOB statistics indicates that the RF model did not
exhibit noticeable overfitting despite being trained independently for each grid cell.
The prediction errors thus provided additional evidence about the consistency of the
RF-based CDI (Fig. 7b). The median value of the training RMSE was roughly 0.075,
whereas that of the testing RMSE increased to 0.084, which means that the predictive
power was quite consistent during the independent validation process. Although a

limited number of grids exhibited relatively larger testing errors, the overall
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interquartile range remained narrow, demonstrating that the RF model produced
stable predictions throughout most of the study area.

The relative importance of the predictor variables showed considerable
disparity in their contributions to the development of CDI (Fig. 7c). ESSMI was found
to be the most significant predictor variable, with the highest median value of feature
importance (0.50), indicating that SM conditions provided the dominant information
for estimating the integrated drought response. The second highest importance level
was shown by SSI with a median value of 0.34, which underscores the significant role
of streamflow anomalies in defining HD. In comparison, SPElI demonstrated
considerably lower importance (0.10), with GDI showing the lowest (0.05). The
reduced importance of GD reflects its delayed response relative to MD and HD
processes, resulting in greater redundancy with the antecedent drought indicators
already represented by ESSMI and SSI.

5.2.4 Evaluation of SNAE-based CDI

Network depth is one of the major determinants governing the representational
capability of DL models, as it can capture hierarchical nonlinear features from input
data. To examine the effect of network complexity on the representation of the four
KDE-based drought indicators, five different SNAE structures with one to five encoder
layers were examined. The loss functions for training and validation are provided in
Fig. 7d-e. The loss functions showed smooth and stable convergence during the
optimization process. This revealed that the utilized neighbourhood aggregation
technique along with the attention mechanism was capable of learning the nonlinear
interactions among various drought indicators. The training losses (Fig. 7d)
experienced a steep decline during the initial training process, followed by a steady

decline till convergence. The steep decline showed that the SNAE model was able to
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learn the dominant nonlinear interactions between the four drought indicators in a few
optimization steps. However, distinct differences were observed in the convergence
characteristics among the evaluated architectures. The enlarged inset showed that the
three-layer encoder experienced the steepest decline in reconstruction loss,
converging much faster than the other architectures. In contrast, the one- and two-
layer encoders converged more gradually, suggesting that shallow architectures
possess insufficient hierarchical representation to efficiently capture the complex
nonlinear interactions and spatial dependence among neighbouring drought grids. The
same trend was also noticed for the validation dataset (Fig. 7e). The validation loss
decreased consistently throughout the optimization process and closely followed the
training loss for all five architectures, indicating excellent generalization capability and
the absence of noticeable overfitting despite training for 1000 epochs. The narrow
separation between the training and validation curves demonstrates that the spatial
neighbourhood aggregation and channel attention mechanisms effectively regularized
the network while preserving the essential drought information. At the early stages of
optimization, the three-layer encoder again showed the most rapid decline in validation
loss. With around 150 training epochs, all architectures converged to the same
validation loss level. Considering both convergence behaviour and computational
efficiency, the three-layer encoder architecture was selected for the development of

the final SNAE-CDI.
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Fig. 7 Optimization and performance evaluation of the RF- and SNAE-based
composite drought index models. (a) Training and testing R? values together with
the out-of-bag (OOB) score of the RF model. (b) Training and testing RMSE of
the RF model. (c) Relative feature importance of the input drought indicators
(SPEI, ESSMI, SSI, and GDI) used in the RF model. (d) Training loss and (e)
validation loss of SNAE architectures with encoder depths ranging from one to
five hidden layers
5.2.5 Comparison of CDI models
The performance of the four CDI models was evaluated at both seasonal (MAM,
JJAS, ON, and DJF) and accumulation-period (1-, 3-, 6-, and 12-month) scales using
VHI, LST, and VPD (Fig. 8). The seasonal analysis was conducted to check whether
each CDI model can capture drought conditions in contrasting hydroclimatic
conditions throughout the annual cycle or not. Further, the accumulation period
analysis was done to evaluate the response of the models to drought persistence
over different temporal scales. Higher values of CDI indicate wet conditions and

healthy vegetation; a positive correlation of CDI with VHI is anticipated. On the other

hand, LST and VPD tend to rise during droughts due to reduced evaporative cooling
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and increased evaporative demand. Hence, the negative correlations between CDI
and LST and VPD suggest better model performance.

Among the evaluated approaches, the Copula model exhibited the most
consistent agreement with VHI throughout the study period (Fig. 8a). Seasonal
correlation coefficients were 0.83 (MAM), 0.30 (JJAS), 0.77 (ON), and 0.91 (DJF),
while the accumulation-period correlations remained consistently high at 0.84, 0.86,
0.86, and 0.82 for the 1-, 3-, 6-, and 12-month CDIs, respectively. Unlike the other
models, the Copula approach maintained relatively uniform performance across both
seasonal and temporal scales, suggesting that it effectively captured the dependence
structure among all drought components without substantial loss of information. The
SNAE model also showed excellent agreement with VHI, although its performance
varied more noticeably across the different seasons. Seasonal correlations were 0.79
(MAM), 0.26 (JJAS), 0.58 (ON), and 0.90 (DJF). However, the model exhibited a
substantial improvement with increasing accumulation period. The strongest
relationship among all evaluated models was observed for the 6-month CDI (r = 0.96),
closely followed by the 3-month CDI (r = 0.95). The RF model also demonstrated
strong agreement with vegetation dynamics. Seasonal correlations of 0.84 (MAM),
0.23 (JJAS), 0.80 (ON), and 0.92 (DJF) were obtained, while the corresponding
accumulation-period correlations were 0.79, 0.79, 0.78, and 0.78 for the 1-, 3-, 6-,
and 12-month CDls, respectively. Although the RF model performed comparably to
the Copula model during the seasonal analysis, particularly during DJF, the
correlations gradually declined with increasing accumulation period, indicating
relatively lower temporal consistency than the Copula and SNAE models.

The relationship between CDI and VPD was consistently negative for all

modelling approaches (Fig. 8b). Similar to the VHI validation, the Copula, SNAE, and
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RF models exhibited substantially stronger agreement with VPD than the PCA model.
The Copula model showed the strongest and most stable performance, with seasonal
correlations of -0.90 (MAM), -0.62 (JJAS),-0.94 (ON), and -0.92 (DJF). The
accumulation-period correlations remained consistently high at -0.86, -0.89, -0.92,
and -0.81 for the 1-, 3-, 6-, and 12-month CDIs, respectively. The SNAE model also
demonstrated strong correspondence with VPD, with seasonal correlations of -0.79,
-0.57, -0.72, and -0.86 during MAM, JJAS, ON, and DJF, respectively. Similar to the
VHI results, the strongest agreement was observed at the 6-month accumulation
period (r = -0.94), followed by -0.85 (3-month) and -0.75 (1-month). The RF model
also produced consistently strong negative correlations across both seasonal and
accumulation-period analyses, exhibiting performance comparable to the Copula
model during most seasons but with relatively greater variability across the
accumulation periods.

The comparison between CDI and LST also revealed predominantly strong
negative correlations across all modelling approaches (Fig. 8c). The Copula model
again demonstrated the most consistent performance, producing seasonal
correlations of -0.80 (MAM), -0.06 (JJAS), -0.77 (ON), and -0.90 (DJF). The
corresponding accumulation-period correlations were -0.62, -0.62, -0.62, and -0.82
for the 1-, 3-, 6-, and 12-month CDIs, respectively. The relatively stable correlations
across both seasonal and temporal scales further demonstrate the robustness of the
Copula-derived CDI in representing thermal responses to drought. The SNAE model
exhibited seasonal correlations of -0.74 (MAM), 0.08 (JJAS), -0.59 (ON), and -0.85
(DJF), while the accumulation-period correlations increased to -0.78, -0.86, -0.90, and
-0.76 for the 1-, 3-, 6-, and 12-month CDls, respectively. The strongest relationship

was again observed for the 6-month CDI (r =-0.90), confirming the superior
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performance of SNAE in representing prolonged drought conditions. The RF model
also demonstrated good agreement with LST, particularly during the seasonal
analysis. However, the correlation coefficients gradually weakened with increasing
accumulation period, indicating comparatively lower consistency than the Copula and
SNAE models.

PCA had the lowest correlation values for all validation metrics regardless of
season or accumulation period. The lower performance may be due to inherent
limitations of PCA, which is based on linear orthogonal transformations and assumes
linear relationships between the variables involved [120]. However, drought evolves
from complex nonlinear interactions between meteorological, agricultural,
hydrological, and GW processes. Thus, PCA does not capture these nonlinear
relationships well enough, resulting in lower correlations with VHI, LST, and VPD.

The JJAS season showed the minimum correlation coefficients for VHI, VPD,
and LST variables. The southwest monsoon period is associated with heavy
precipitation, cloud cover, and soil moisture, reducing drought stress conditions in the
basin. During this period, the vegetation quickly recovers, reducing the sensitivity of
the VHI to drought changes [121]. At the same time, increased ET reduces LST and
VPD [122], [123], decreasing the relationship with drought conditions. Moreover, the
dominance of short-term meteorological variability during the monsoon can mask
cumulative drought signals, resulting in lower correlations between CDI and the
independent validation indicators.

Further grid-wise correlation analysis was also performed (Fig. 8d-f) to evaluate

the spatial robustness of the CDI models across 1,896 grids within the basin. The
correlation coefficients were classified into four performance categories, namely poor

(r < 0.5), Moderate (0.5 <r < 0.6), Good (0.6 <r < 0.7), and Excellent (r 2 0.7). For
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VPD and LST, the classes were defined as Poor (r > -0.5), Moderate (-0.6 <r <-0.5),
Good (-0.7 < r=-0.6), and Excellent (r =-0.7). The grid-wise comparison with VHI (Fig.
8d) revealed substantial differences among the four CDI models. The PCA model
consistently exhibited the weakest spatial performance (100% of the grids under the
poor category) for the 1-, 3-, and 6-month CDIs, and 98% remained poor even for the
12-month CDI. The Copula model demonstrated a marked improvement with
increasing accumulation period. For the 1-month CDI, nearly 67% of the grids were
classified as poor, whereas 31% exhibited moderate correlations and only 2% were
categorized as good. However, the proportion of good and excellent correlations
increased substantially to 35% for the 3-month CDI, 67% for the 6-month CDI, and
76% for the 12-month CDI. Notably, the 12-month Copula CDI contained 42% of the
grids within the excellent category, including 5% with correlation coefficients exceeding
0.8, representing the highest spatial agreement among all models. The RF model
exhibited a similar trend, with the proportion of poor correlations decreasing
progressively from 55% at the 1-month timescale to 11% for the 12-month CDI.
Concurrently, the percentage of grids classified as good or excellent increased from
only 7% at the 1-month scale to 35%, 56%, and 68% for the 3-, 6-, and 12-month
CDils, respectively. The RF model therefore showed considerable improvement in
representing vegetation dynamics with increasing drought accumulation. The SNAE
model also demonstrated progressive enhancement in spatial performance with
increasing accumulation period. While the 1-month CDI was dominated by poor
correlations (100%), the proportion of poor grids decreased to 94%, 65%, and 58% for
the 3-, 6-, and 12-month CDIs, respectively. Simultaneously, the percentage of grids
exhibiting good and excellent agreement increased from 5% for the 6-month CDI to

approximately 12% for the 12-month CDI, indicating improved representation of
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vegetation conditions at longer accumulation periods, although its spatial performance

remained lower than that of the Copula and RF models.

The validation against VPD (Fig. 8e) produced the strongest overall spatial
agreement among the three independent drought indicators. The PCA model again
exhibited extremely poor performance, with virtually 100% of the grids remaining within
the poor category across all accumulation periods. The Copula model consistently
demonstrated excellent spatial performance. Approximately 46% of the grids were
classified within the excellent category for the 1-month CDI, increasing to 66% and
73% for the 3- and 6-month CDls, respectively, before remaining high (57%) for the
12-month CDI. More than 95% of the grids were classified within the good and
excellent categories for the 6-month CDI, indicating exceptional spatial representation
of atmospheric drought conditions. The RF model also exhibited excellent spatial
performance, with 41%, 56%, 76%, and 49% of the grids classified within the excellent
category for the 1-, 3-, 6-, and 12-month CDls, respectively. Similar to the Copula
model, the 6-month CDI provided the strongest spatial agreement, with more than 94%
of the basin classified within the good or excellent categories. The SNAE model
exhibited comparatively weaker performance than the Copula and RF models but still
showed noticeable improvement with increasing accumulation period. The proportion
of poor correlations decreased from 100% for the 1-month CDI to approximately 61%
for the 6- and 12-month CDIs, while the proportion of good and excellent correlations

increased to 15% and 19%, respectively, at the longer accumulation periods.

The grid-wise validation against LST (Fig. 8f) exhibited trends comparable to
those observed for VHI. The PCA model again showed the weakest performance, with
nearly all grids remaining within the poor correlation category throughout all
accumulation periods. The copula model exhibited the greatest improvement with
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increasing accumulation period. The proportion of poor correlations declined
substantially from 92.39% for the 1-month CDI to 29.42% for the 12-month CDI, while
the percentage of grids classified within the good and excellent categories increased
from less than 1% to approximately 42%. The RF model showed a similar spatial
pattern, although with slightly lower overall performance than the Copula model. Poor
correlations decreased from 92.45% to 37.98%, whereas the proportion of good and
excellent correlations increased to approximately 31% at the 12-month accumulation
period. The SNAE model also showed progressive improvement with increasing
accumulation period, although the enhancement was comparatively smaller than that
of the Copula and RF models. Poor correlations declined from 100% at the 1-month
timescale to 88% at the 12-month CDI, while only a small proportion of grids attained

good agreement.

This validation analysis consistently demonstrated the superior performance of
the Copula-derived CDI over the PCA, RF, and SNAE models. The Copula model
maintained strong and stable correlations with VHI, VPD, and LST across seasonal
and accumulation-period analyses, while also exhibiting the highest proportion of grids
classified within the good and excellent correlation categories across the 1,896 grid
cells. Although the SNAE model achieved the highest correlations at the 3- and 6-
month accumulation periods, the Copula model showed greater overall spatial
consistency. Therefore, the Copula-derived CDI was selected for all subsequent

analyses.
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Fig. 8 Performance evaluation of the CDI models using independent drought
indicators. Pearson correlation coefficients between the CDI models and (a)
Vegetation Health Index (VHI), (b) Vapour Pressure Deficit (VPD), and (c) Land
Surface Temperature (LST) at seasonal (MAM, JJAS, ON, and DJF) and
accumulation (1-, 3-, 6-, and 12-month) scales. The *** and ** denote p-values <
0.001 and < 0.01, respectively. Grid-wise distribution of correlation performance
classes for (d) VHI, (e) VPD, and (f) LST across the study area. For VHI, the
correlation classes were defined as Poor (r < 0.5), Moderate (0.5 < r < 0.6), Good
(0.6 =r<0.7), and Excellent (r =2 0.7). For VPD and LST, the classes were defined
as Poor (r > -0.5), Moderate (-0.6 <r <-0.5), Good (-0.7 < r £ -0.6), and Excellent
(r=-0.7)

5.3Exposure Index (El)

El was represented by the frequency and intensity of extreme and severe
drought derived from the CDI at 1-, 3-, 6-, and 12-month accumulation periods,
together with LST and VPD (Fig. 9). The spatial distribution of drought frequency
revealed considerable heterogeneity across the MRB. Extreme drought events
were more frequent over the western, south-western, and central parts of the basin,
whereas the eastern coastal region generally exhibited lower drought occurrence
(Fig. 9a-d). A comparable spatial pattern was observed for severe drought
frequency (Fig. 9e-h), although the affected area was more extensive owing to the

less stringent drought threshold. As the accumulation period increased from 1 to
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12 months, drought frequency became spatially more coherent, indicating the
persistence of prolonged hydrological deficits and the cumulative influence of
antecedent moisture conditions. The spatial pattern of drought intensity broadly
corresponded with that of drought frequency, with the western and south-western
regions experiencing the most severe drought conditions (Fig. 9i-p). Greater
drought intensity at longer accumulation periods indicates the persistence of
moisture deficits and reflects the increasing dominance of long-term hydrological
processes over short-term climatic variability. In contrast, the eastern coastal belt
generally exhibited lower drought intensity, suggesting the moderating influence of
higher rainfall and proximity to the BOB. The climatic exposure variables further
supported these observations. LST was highest across the western and central
basin, while comparatively lower temperatures prevailed over the eastern coastal
region (Fig. 9q). Elevated surface temperatures enhance evapotranspiration and
accelerate soil moisture depletion, thereby increasing drought exposure. Similarly,
VPD exhibited a pronounced west-to-east gradient, with higher atmospheric
moisture demand dominating the western and central regions and lower values
occurring in the humid eastern basin (Fig. 9r). The spatial correspondence between
elevated LST, high VPD, and recurrent drought hotspots indicates that these
regions are subjected to greater atmospheric evaporative demand and
consequently experience higher drought exposure. Collectively, the exposure
indicators identify the western and central parts of the basin as the most drought-
prone regions, while the eastern coastal zone remains comparatively less exposed

because of its more humid climatic conditions.
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Fig. 9 Spatial distribution of the exposure indicators used for drought exposure
assessment in the MRB: (a-d) extreme drought frequency at 1-, 3-, 6-, and 12-
month timescales, respectively; (e-h) severe drought frequency at 1-, 3-, 6-, and
12-month timescales, respectively; (i-1) extreme drought intensity at 1-, 3-, 6-, and
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Finally, the bagging approach was used to create the exposure map using

these parameters. The areal distribution (Table 3) indicates that 28% of the basin falls
under the high exposure category, followed by 25%, 21%, 14%, and 12% in the
moderate, low, very low, and very high categories, respectively. Nearly 40% of the
basin is classified within the high to very high exposure categories, signifying a
considerable wvulnerability to drought-inducing climatic conditions. The spatial
distribution of the EI (Fig. 12a) reveals that the western region, particularly
Chhattisgarh, exhibits the highest exposure, due to the combined occurrence of
frequent and intense drought events together with elevated LST and VPD (Fig. 9a-r).
These conditions reflect persistent atmospheric moisture stress and enhanced
evaporative demand, thereby increasing the region's climatic exposure (Kumar et al.,
2024; Mukherjee & Poonia, 2026; Soubhagya et al., 2026). Additionally, localized
high-exposure areas are found in the southern interior and along the coastal regions
of Odisha, indicating that both inland drought-prone areas and specific coastal zones
are experiencing heightened climatic stress.
5.4 Sensitivity Index (Sl)

Sensitivity indicators exhibit marked spatial heterogeneity across the basin. (Fig.
10a-r). In the northern and north-western parts, higher elevation and steeper slopes
are found, representing various mountains at the basin border. Meanwhile, the eastern
coastal part has low elevations (Fig. 10a-b). Similarly, drainage density is higher in the
northern, western, and central regions, and in the eastern coastal plain the value
reduces, reflecting the older stage of river (Fig. 10c). In contrast, TWI exhibits limited

spatial variation, with slightly higher values confined to valley bottoms and low-lying
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areas (Fig. 10d). Most of the basin lies in proximity to stream networks, although
comparatively larger distances are observed locally in the eastern coastal region (Fig.
10e). GW levels showed a distinct west-to-east gradient, with comparatively shallow
GW occurring in the eastern basin and deeper GW levels towards the western and
central regions (Fig. 10f). Wind speed is highest over the south-western and western
parts of the basin and gradually decreases towards the eastern coastal belt (Fig. 10g).
Similarly, WDF is comparatively higher in the eastern coastal region and lower over
the western interior (Fig. 10h), whereas the Al exhibits an opposite pattern, indicating
relatively drier climatic conditions across the central and western basin (Fig. 10i).
Land-use and vegetation indicators also demonstrate considerable spatial variability.
Higher Cl is concentrated over the eastern and south-eastern agricultural regions,
while relatively lower values occur towards the north (Fig. 10k). Net sown area, barren
land, fallow land, and forest cover display fragmented spatial distributions reflecting
the heterogeneous land-use practices across the basin (Fig. 10l-0). NDVI indicates
comparatively denser vegetation over the eastern and south-eastern parts of the
basin, whereas lower vegetation greenness is evident in portions of the western and
central regions (Fig. 10p). NDWI reveals that surface water bodies occupy only a
limited proportion of the basin and are mainly associated with river channels and
reservoirs (Fig. 10q). Soil texture (Fig. 10j) and lithology (Fig. 10r) exhibit substantial
spatial variability, reflecting diverse geological formations and soil characteristics that

influence infiltration, GW recharge, and soil water retention across the basin.

The individual Sls were subsequently integrated using the Bagging model to
generate the composite sensitivity map (Fig. 12b). The Sl exhibits an even greater
concentration of highly vulnerable areas, with both high and very high sensitivity

classes each accounting for 25% of the basin area, while moderate, low, and very low
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sensitivity cover 23%, 22%, and 6%, respectively. About half of the basin area is
highly sensitive to drought, indicating that a large proportion of the watershed is highly
responsive to drought conditions (Table 3). The spatial distribution of SI shows a
distinct east-west pattern, whereby the eastern and southeastern parts, largely
covering Odisha state, are more sensitive to droughts. Such a high level of sensitivity
is due to the presence of Al, poor drainage density, fragmented forest cover, more
agricultural lands, and unfavourable soil/lithology. Drought hot spots also exist around
Nuapada and Sihawa in the southern part of the basin because of these physico-
environmental features as well. In contrast, the western and northwestern parts, such
as Raipur, Pandariya, Korba, and Chirimiri, showed very low sensitivity due to
favorable hydro-environmental conditions, good vegetation cover, and higher water

availability.
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Fig. 10 Spatial distribution of the sensitivity indicators used for drought sensitivity
assessment in the MRB: (a) Digital Elevation Model (DEM), (b) slope, (c) drainage
density, (d) Topographic Wetness Index (TWI), (e) distance to stream (D2S), (f)
groundwater level, (g) wind speed, (h) wet-day frequency, (i) aridity index, (j) soll
texture, (k) cropping intensity, (I) net sown area, (m) barren land, (n) fallow land, (0)
forest cover, (p) Normalized Difference Vegetation Index (NDVI), (q) Normalized
Difference Water Index (NDWI), and (r) lithology
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5.5Adaptive Capacity Index (ACI)

ACI comprised population density, rural population, literacy rate, poverty, sanitation
facilities, access to improved drinking water, prevalence of stunting among children
under five years, anaemia among women aged 15-49 years, prevalence of
underweight children under five years, access to clean cooking fuel, and electricity
availability (Fig. 11a-k). These socio-economic indicators exhibit considerable spatial
heterogeneity across the MRB, reflecting substantial differences in demographic
characteristics, living conditions, public infrastructure, and human well-being.
Population density is highest around the major urban centers of Raipur, Bilaspur, and
Bhubaneswar, whereas comparatively lower densities are observed in the northern
and interior districts (Fig. 11a). Similarly, the rural population is concentrated in the
western and central agricultural districts, while relatively lower rural populations occur
in the northern uplands (Fig. 11b). Literacy rates are generally higher in the eastern
coastal districts surrounding Bhubaneswar and lower across portions of the southern
interior (Fig. 11c). Poverty exhibits a contrasting distribution, with comparatively higher
levels in the northern and southern boundary districts and lower levels across the
western and eastern coastal regions (Fig. 11d). Infrastructure-related indicators also
display marked spatial variation. Access to sanitation, improved drinking water, clean
cooking fuel, and electricity is comparatively higher in the western urbanized districts
and along the eastern coastal belt, whereas lower coverage is evident across the
southern interior and parts of the central basin (Fig. 11e, f, j, and k). Health indicators,
including childhood stunting, anaemia among women, and underweight children, show
elevated prevalence in the eastern interior districts, indicating relatively poorer health
conditions and lower adaptive capacity in these regions (Fig. 11g-i). Collectively, these

indicators reveal pronounced spatial disparities in socio-economic development,
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infrastructure availability, and public health, which strongly influence the basin's

capacity to cope with drought.

The individual AC indicators were subsequently integrated using the Bagging
model to generate the composite ACI (Fig. 12c). AC is dominated by the moderate
class (34%), followed by high (26%), low (16%), very high (13%), and very low (11%)
adaptive capacity (Table 3). Overall, 39% of the basin exhibits high to very high
adaptive capacity, whereas 27% falls within the low and very low categories,
highlighting substantial spatial disparities in drought coping capacity. The spatial
distribution of ACI shows almost an inverse pattern to sensitivity. Areas with high to
very high AC include the western and south-western basin, especially in and around
Raipur and adjoining districts, as well as the eastern coastal belt in and around
Bhubaneswar. This is due to relatively higher literacy rates, better access to sanitation,
drinking water, power, clean fuel, relatively lower poverty levels, and better health
indices, making them more resilient towards the impacts of drought. On the other
hand, the southern and southeastern interior part, covering Phulbani, Nuapada, and
adjoining areas, showed low to very low AC, because of relatively poor infrastructure,
lack of basic amenities, high poverty, and poor health indices. The central basin,
covering Bilaspur, Korba, Raigarh, and Sambalpur, is mainly comprised of moderate
AC areas, showing an intermediate level of resilience between the highly adaptive

western and coastal areas and the less adaptive southern interior.
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Fig. 11 Spatial distribution of the adaptive capacity indicators used for drought
adaptive capacity assessment in the MRB. (a) population density, (b) rural
population, (c) literacy rate (population aged =7 years), (d) poverty, (e) sanitation, (f)
access to improved drinking water, (g) prevalence of stunting among children aged
<5 years, (h) prevalence of anaemia among women aged 15-49 vyears, (i)
prevalence of underweight children aged <5 years, (j) access to clean cooking fuel,
and (k) electricity access
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Fig. 12 Spatial distribution of the drought vulnerability (DV) components and
vulnerability maps for the MRB. (a) El, (b) Sl, (c) ACI, (d) inventory points showing
drought and non-drought samples used for model development and validation, (e)
drought Vulnerability Index (DVI) derived using the conventional statistical approach,
and (f) Bagging-based drought vulnerability map (DVM)
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Table 3 Areal distribution (%) of the El, SI, ACI, statistical VI, and Bagging-based DVM
across the five vulnerability classes (very low, low, moderate, high, and very high) in
the MRB.

Very Very
low high
Exposure 14% 21% 25% 28% 12%
Sensitivity 6% 22% 23% 25% 25%
AC 1% 16% 34% 26% 13%
Bagging 8% 10% 21% 36% 25%
Statistical 14% 21% 24% 28% 13%

Indices Low Moderate High

5.6 Drought Vulnerability Assessment using Statistical and Bagging
Approaches

The EI, Sl, and ACI were integrated to generate DVM using both the
conventional statistical approach and the Bagging ensemble model (Fig. 12e-f). The
resulting vulnerability maps were classified into five categories, namely very low, low,
moderate, high, and very high, using the Jenks natural breaks classification method in
ArcGIS. In the statistical DVM, 28% of the basin is highly vulnerable, followed by
moderate (24%), low (21%), very low (14%), and a very small portion (13%) belongs
to the high vulnerability zone. Overall, 41% of the basin is categorized as high to very
high vulnerability. The Bagging-based DVM exhibits a noticeable shift in the spatial
distribution of vulnerability. 25% of the basin is very highly vulnerable, while 36% of
the basin shows high vulnerability. Consequently, 21% of the area is moderate, 10%

is low, and 8% belongs to very low vulnerability (Table 3).

Spatially, the statistical DVM (Fig. 12e) depicts isolated zones of high and very
high vulnerability in the northern, southern, and eastern portions of the basin, while
most of the central and western areas are in low- to moderate-vulnerability zones.
Most of the coastal areas have low vulnerability due to relatively higher AC.
Meanwhile, the bagging-based DVM (Fig. 12f) shows a much more consistent and

contiguous pattern of vulnerability. Large zones of high to very high vulnerability are
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present in the central, northern, southern, and southeastern parts of the basin,
specifically around Korba, Raigarh, Sambalpur, Phulbani, Nuapada, and Sihawa. The
western boundary near Raipur and the coastal zone showed relatively lower
vulnerability due to the higher AC. Compared with the statistical approach, the Bagging
model reduces isolated patches of vulnerability and produces smoother transition
zones, thereby capturing the nonlinear interactions among exposure, sensitivity, and

AC more effectively.

5.7Performance Evaluation of the Statistical and Bagging-Based Vulnerability
Model

The predictive performance of the conventional statistical VI and the Bagging-
based DVI was evaluated using Accuracy, Precision, Recall, F1-score, RMSE, and the
AUC-ROC for both the training and testing datasets. The ROC curves clearly
demonstrate the superior discrimination capability of the Bagging model over the
conventional statistical approach. During the training period, the statistical VI had an
AUC value of 0.77, while the Bagging model gave an excellent AUC value of 0.97,
representing an improvement of approximately 26.1% (Fig. 13a). For the testing data,
the AUC value was 0.75 for the statistical method and 0.95 for the Bagging model (Fig.
13b). This represents an increase of 25.6%. In addition, the low gap between the
training and testing data of the Bagging model (0.97 vs 0.95) indicates good

generalization capability with minimal evidence of overfitting.
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Fig. 13 ROC curves comparing the predictive performance of the conventional
statistical DVI (red line) and the proposed Bagging-based DVM (blue line) for the (a)
training and (b) testing datasets. The Bagging model consistently achieved higher
AUC-ROC values than the statistical model

Statistical significance of the ROC analysis also showed the efficiency of the
Bagging model (Table 4). Both the statistical and Bagging models showed very
significant (p < 0.001) AUC values for the training and testing samples. For the training
sample, the 95% confidence interval was extremely narrow (0.96-0.97), while for the
testing sample it was 0.93-0.96. The high tightness of the confidence interval suggests
the high accuracy and stability of the predictive model. However, the confidence
interval of the statistical model was significantly lower, with 0.74-0.79 for training and
0.71-0.80 for testing. The substantially higher AUC values together with the narrower
confidence intervals demonstrate that the Bagging model provides a more reliable
classification of drought-vulnerable and non-vulnerable regions than the conventional

statistical approach.

The superiority of the Bagging model was consistently reflected in the
remaining evaluation metrics (Table 5). While training, the Bagging model recorded

an accuracy of 92.1%, while the statistical model only recorded 65.3%. Similarly, there
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was an improvement in the testing accuracy, which increased from 65.4% in the
statistical model to 89.6% in the Bagging model. There was significant improvement
in precision. The statistical model had a precision rate of 0.65 for both training and
testing, while this value increased to 0.91 and 0.88 for training and testing,
respectively, for the bagging model. The recall value of the Bagging model was 0.98
for both the training and testing datasets against 1 in the case of the statistical model.
Also, the F1-score improved greatly from 0.79 in the statistical model for both training
and testing, while the bagging model had 0.94 and 0.93 for training and testing,
respectively. Consistent with these improvements, the RMSE decreased from 0.6 to
0.27 for the training dataset and from 0.60 to 0.3 for the testing dataset, demonstrating
that the Bagging model produced considerably lower prediction errors than the

conventional statistical vulnerability model.

Table 4 Statistical comparison of the AUC-ROC for the statistical VI and the
Bagging-based DVM for the training and testing datasets.

Asymptotic

Asymptotic 9.5%
Model Area Std. Sig. (p- Confidence

(AUC) Error ) Interval

value)

Lower Upper
Bound Bound
Training VI 0.77 0.0138 0.000 0.74 0.79
Bagging 0.97 0.00 0.000 0.96 0.97
Testing VI 0.75 0.02 0.000 0.71 0.80
Bagging 0.95 0.01 0.000 0.93 0.96

Table 5 Performance evaluation of the statistical VI and the Bagging-based DVM

Model ';lé%' Accuracy Precision RMSE Recall F1

Trainin Vi 0.77 0.65 0.65 0.60 1.00 0.79
9 Bagging 097 092 0.91 027 098 094
Testin Vi 0.75 0.65 0.65 0.60 1.00 0.79
9 Bagging 095  0.90 0.88 029 098 093
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6 Discussion

In the last few decades, climate change has caused a variety of natural
calamities worldwide, and India is no exception [127]. Climate change has caused
many natural hazards, such as droughts, floods, and landslides [128], [129], [130].
Still, drought is the most destructive natural calamity, which can cause significant
economic loss and can have an adverse impact on human beings [131]. Unlike other
hazards, drought is a cascading event that propagates through different components
of the hydrological system, beginning with precipitation deficits and subsequently
affecting soil moisture, surface water, GW, ecosystems, and socio-economic systems
[132], [133], [134]. Consequently, DV depends not only on climatic factors but also on
the dynamics between environmental features, availability of water resources, and the
adaptability of human systems to these factors [135], [136], [137]. Developing reliable
DV assessments has therefore become a fundamental requirement for sustainable
water resource management, agricultural development, and climate change
adaptation, especially in monsoon-affected river basins where climatic variability and

anthropogenic stresses have increased water insecurity [131], [138], [139].

DV has been studied worldwide through hydro-climatological, environmental,
and socio-economic indices by applying multi-criteria decision-making methods[140],
fuzzy logic [141], entropy weighting [142], and ML approaches [143]. Even though
these analyses have made considerable contributions to drought-risk assessment,
they often represent drought conditions through precipitation deficits, vegetation
stress, or SW availability, whereas GD remains comparatively underrepresented
despite its largest accessible freshwater reserve supporting agriculture, domestic
supply, and ecosystems during prolonged dry periods [144]. GD is fundamentally
different from MD and AD due to its lagged response to precipitation shortages and
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prolonged recovery phase [145], [146]. Aquifer systems often continue to experience
water-level depletion even after rainfall conditions recover due to the recharge deficit,
GW abstraction, and the properties of aquifer storage. Therefore, the duration of GD
is typically greater than the duration of other drought types and represents one of the
most critical components of long-term water security under increasing climatic
variability. Although recent studies have attempted to integrate multiple drought types
into a single composite indicator for drought monitoring [31], [147], [148], [149], their
application in regional DV modelling remains limited. This study thus advances
previous studies by introducing GD along with MD, HD, and AD through the Copula-

CDI, which is subsequently incorporated into an ML framework for regional DVM.

Within the MRB, drought studies have mostly concentrated on MD and AD,
rainfall variability, drought frequency, and GIS-based drought risk assessment. For
example, Samantaray et al. [150] identified AD hotspots in the middle MRB using a
Copula-based severity—duration—frequency framework integrated with ML. Likewise,
recent basin-scale drought risk assessments have integrated meteorological,
hydrological, agricultural, and socio-economic indicators using the Analytical
Hierarchy Process (AHP) and geospatial techniques to delineate drought-prone
regions and support integrated drought management strategies [151]. Furthermore,
recent investigations have evaluated the future evolution of MD under changing
climatic conditions using precipitation-based drought indices and climate projections,
highlighting an increasing frequency and severity of drought events under future
warming scenarios [152]. Despite these important contributions, such studies have
ignored GD as one of the components of DV analysis. GW is an important source of
irrigation and drinking water supply in the entire basin. The upper part of the basin,

located in Chhattisgarh, is recognized as the Rice Bowl of India [153]. Here, GW is
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used as an important supplementary irrigation source during rainfall-deficient years.
Consequently, declining GW levels reduce irrigation reliability, increase pumping
costs, and threaten agricultural productivity. In contrast, the downstream of MRB
(coastal area of Odisha) faces significant vulnerability from the intrusion of saline water
[154], [155], where GW depletion leads to a lowering of the fresh water hydraulic
heads, resulting in salinization of GW and hence leading to reduced availability and
quality of water for agricultural and domestic purposes. Therefore, incorporating GD
into the CDI provides a more realistic representation of DV by accounting for both GW
quantity and quality stresses, which are inadequately captured by precipitation- or SW-

based assessments alone.

Among the evaluated composite drought models, the Copula-based CDI
provided the most reliable representation of drought conditions because it explicitly
models the nonlinear dependence among all drought types while preserving the
marginal characteristics of each drought indicator. Drought propagation within the
hydrological cycle is inherently nonlinear, particularly for GW systems where delayed
recharge and aquifer storage introduce significant temporal lags between MD and GD
[156], [157]. Conventional statistical aggregation methods generally assume simplified
relationships among drought indicators and therefore cannot adequately capture these
complex interactions [69], [71]. In contrast, the Copula framework effectively
characterises compound drought behaviour, resulting in a more realistic
representation of drought evolution and improved performance in subsequent

vulnerability modelling [74], [76], [158].

The spatial vulnerability pattern further demonstrates the importance of
integrating multiple drought dimensions. The Western region of the basin was marked
by high climatic exposure due to constant rainfall variability, high evaporation rate, and

65



1285

1286

1287

1288

1289

1290

1291

1292

1293

1294

1295

1296

1297

1298

1299

1300

1301

1302

1303

1304

1305

1306

1307

1308

1309

rain-fed agriculture. However, most parts of Odisha had higher drought sensitivity,
which suggests that environmental characteristics, dependence on GW, land
conditions, and socio-economic aspects increase the impact of drought even if the
level of climatic exposure is not that high. The adaptive-capacity assessment showed
that districts possessing better infrastructure, access to drinking water, sanitation,
electricity, and improved socio-economic conditions exhibited greater resilience,
whereas interior regions characterised by lower developmental indicators remained
less capable of coping with prolonged drought events. Integrating these three
dimensions identified extensive areas of high and very high drought vulnerability,
demonstrating that DV arises from the interaction between climatic stress,
environmental susceptibility, GW availability, and adaptive capacity rather than from

precipitation deficits alone.

The Bagging-based DVM substantially outperformed the conventional
statistical vulnerability approach, achieving higher Accuracy, Precision, Recall, F1-
score, and AUC-ROC while simultaneously reducing prediction errors. Ensemble
learning effectively captures nonlinear relationships [159] and complex interactions
among El, Sl, and ACI that are difficult to represent through conventional weighted
aggregation methods. Consequently, the Bagging model produced a more reliable
spatial representation of DV and improved identification of highly vulnerable regions
across the basin. These findings demonstrate that integrating a Copula-based CDI

with ensemble ML techniques provides a robust framework for regional DVM.

Overall, this study provides a comprehensive framework that links GD
monitoring, compound drought characterization, and ML-based DV assessment within
a single modelling framework. Such an approach is particularly valuable for large
monsoon-dominated river basins where GW increasingly functions as the primary
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buffer against prolonged rainfall deficits. The resulting vulnerability maps can support
GW recharge planning, conjunctive SW-GW management, irrigation scheduling,
drought preparedness, and climate adaptation strategies. Because climate change is
expected to increase drought frequency, GW stress, and irrigation demand across
peninsular India, incorporating GD into regional vulnerability assessments offers a
more realistic basis for long-term water-resource management than assessments

based solely on MD or AD indicators.

Conclusion

This study presented a framework for assessing DV in the MRB through MD,
AD, HD, and GD using the Copula-based CDI method, followed by coupling it with the
Bagging machine-learning method. The Copula-based methodology has been used to
capture the non-linear dependence among various types of droughts to create a more
realistic compound drought. The vulnerability assessment revealed distinct spatial
variability across the basin, where the western region has relatively high climatic
exposure, whereas the eastern and coastal region of the basin has higher drought
sensitivity due to environmental and socio-economic limitations. Furthermore, the
adaptive capacity analysis shows that infrastructural improvement, availability of
drinking water, sanitation, electricity, and other socio-economic aspects contribute
greatly to increasing drought resilience. Consequently, the highest DV was observed
in areas where high exposure and sensitivity coincided with limited adaptive capacity.
The Bagging model significantly outperformed the conventional statistical approach,
confirming the capability of ensemble learning to capture complex nonlinear

interactions among DV components.
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A major contribution of this study is the consideration of GD in the evaluation of
DV, which has been neglected by previous studies. Considering the contrasting
hydrogeological conditions of the basin, the presented approach allows for a more
realistic estimation of long-term drought vulnerability and would be useful for GW
recharge, conjunctive use of surface and GW, irrigation, and climate adaptation. The
proposed methodology can be utilized in other GW-dependent river basins and can
assist policymakers and water-resource managers in developing effective drought

mitigation and sustainable GW management strategies.
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