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Aisell (GCMs) & 3T3¢Yc 1 39T ok a0 fdgr & ol ool & g@ & yfasdl W vs 3ea-
3cHs aReed (RCP 85) & wamal & Sfig &Xar gl #Aad dath g@ 1 AWdhepa a¥or gasia
(Standardized Precipitation Index - SPI) gaRT 3ifRefaid fRar = &1 a¥ 2006-2020 & fow HRa AEH
fa=rer f@mT (IMD) & 3radlierall & AU GCM a¥oT &I HgHacy &l Hisel & Yelel & Hodidhel fohal
IAT AT, TAASS Yedd e gl AlsaT HadGEM2-AO, MRI-CGCM3, MIROC5, CESM1-CAM5 3
CCSM4 2| oAt Hhd & & fh gooh & Avas g@ & 78Rar & owremr ~30% & gefey gl forae
T, S IR TERRY G 30k yeiad gl a¥ 2021-2050 F ERweT AW IR et v weaen
ool A IFAE ¢, S Y At § 9RT A\ @t g@ F Fod @A F Fha & §1 - FTeifh TAH
q@ &1 gea3it H faaend (Deterministic) sifasaarolt wgr @ ST TRl §, e Sgerd auT yomelr 3
IR v Rufat & @ e sar-TerE w1 gema &t §1 g (Rgaes) qur 9fard (ifssres) ast &
e 3T TR B FAA (R? = 0.63-0.73) 38 &1 7 oifdsy & gur Nfew & 3mwest & v g Aselr
& SUGFAT F FAGA HA L

ABSTRACT. Understanding precipitation projections under climate change in semi-arid regions such as South
Bihar is crucial for water-resources planning. This study examines the impacts of a high-emissions scenario (RCP 8.5) on
drought patterns across the southern districts of Bihar using outputs from 14 downscaled, regionally adjusted global
climate models (GCMs). Meteorological drought is characterized with the Standardized Precipitation Index (SPI). Model
performance was evaluated by correlating GCM precipitation with India Meteorological Department (IMD) observations
for 2006-2020; the best-performing models were HadGEM2-AO, MRI-CGCM3, MIROC5, CESM1-CAMS5, and
CCSM4. Projections indicate an ~30% increase in the severity of mild-to-moderate droughts, with Gaya, Jamui, and
Lakhisarai most affected. The likelihood of rainless spells during 20212050 is projected to rise, signalling a growing
risk of dry spell driven meteorological drought. While individual drought events cannot be predicted deterministically,
the evolving rainfall regime suggests greater alternation between wet and dry conditions. Strong agreement between
simulated and observed precipitation (R? = 0.63-0.73) supports the suitability of these models for assessing future
drought risk in this region.

Key words - Climate change, Meteorological Drought, SPI, GCMs, South Bihar.

1. Introduction quality, especially under drought stress (Fahad et al.
2022). By disrupting soil-plant-atmosphere interactions,

Climate change is a critical driver of variability in it is impairing agricultural operations, reducing
plant development, growth, and ultimately crop yield and production, and contributing to higher food prices
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worldwide (Clair et al. 2010; Newton et al., 2011).
Sustained gains in agricultural productivity and rural
livelihoods therefore require sustainable soil and water
management Kar et al. (2022). Drought is
a phenomenon characterized by prolonged periods of
hydro-meteorological parameter imbalances resulting
from continuous episodes of dry seasons and limited
rainfall Mishra and Singh (2010). It is commonly
classified into four types of drought which can
be classified as meteorological, agricultural, hydrological,
and socio-economic droughts (Wilhite and Glantz
1985; Mishra and Desai 2005). Meteorological drought
refers to extended periods of below-normal
precipitation and is characterized by the magnitude
of departure from normal and the duration of dry spells;
it elevates wildfire risk, depletes soil moisture,
and stresses vegetation (Santos 1983; Chang 1991).
Meteorological drought is often described by the degree
of dryness (in comparison to some "normal" or
average amount) and the length of the dry period that
can raise the risk of wildfires, reduce soil moisture,
and have an influence on vegetation health. Hydrological
drought manifests as reduced streamflow, reservoir
storage, and groundwater levels and often follows
extended rainfall shortages (Alamgir et al., 2020; Hayes et
al., 1999). These moisture deficits propagate through the
water cycle, driving agricultural drought via soil-moisture
depletion, crop failure, and reduced water availability Van
Dijk et al. (2013).

Regionalization-classifying ~ space  into  zones
with  similar  drought behavior, helps identify
adjacent areas with comparable characteristics and
supports  targeted risk management (Aon and
Biswas, 2023). Meteorological drought exhibits
complex spatial organization, with diverse areal
extents and spatial patterns (Vicente-Serrano 2006).
Globally, numerous studies have analyzed the
spatio-temporal variability of drought using regional
classification techniques such as principal component
analysis and mesoscale pattern typing (Cheval et al.,
2014; Debanli et al. (2017); Kalisa et al., 2020;
Merabti et al., 2018; Mustafa and Rahman 2018). In
India, several works have applied the Standardized
Precipitation Index (SPI) to assess spatio-temporal
drought dynamics (Mishra and Desai, 2005; Mishra and
Nagarajan, 2011; Thomas et al., 2015; Mahajan and

Dodamani  2016; Gupta and Jain, 2018:2019;
Anandharuban  and  Elango  2021). However,
comprehensive regionalization coupled with detailed
regional  drought-frequency  analysis  prior  to

characterization remains limited. Additional SPI-based
regional assessments include Rajasthan (Mundetia and
Sharma, 2015) and the impacts of drought on rice
productivity in Odisha (Raja et al., 2014).
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Global Climate Models (GCMs) are powerful
numerical tools that employ three-dimensional
representations of physical processes within the land
surface, ocean, and atmosphere. GCMs have been
developed to simulate the current climate and its effects
on climatic variables within hydrological networks,
enabling researchers to address climate change and its
impacts (Charles et al., 2010; Hayes et al., 1999).
The latest phase of the Coupled Model Intercomparison
Project, CMIP6, offers improved simulations of
historical variability and future projections (Raju and
Kumar, 2014; Patel et al., 2023; Salehie et al., 2023).
Compared with CMIP5, CMIP6 features a new generation
of models, a later historical end/start year ( 2015 for
CMIP6 vs. 2006 for CMIP5), and an updated scenario
framework for concentrations, emissions, and land use
Gidden et al. (2019). However, uncertainties remain
regarding how well CMIP6 models capture the climate
response to anthropogenic forcing over South Asia
(Allabakash and Lim, 2022). In India, numerous studies
have combined SPI with GCM outputs to examine
meteorological drought. For example (Laddimath and
Patil, 2020) assessed future meteorological drought in
the Bhima basin using CMIP6 multi-model projections,
and (Saharwardi and Kumar, 2022), evaluated future
drought changes and associated uncertainties across
India’s homogeneous regions. These studies generally
compute drought severity with SPI and project increases
in drought intensity and frequency under high-emissions
scenarios.

However, prior studies have not quantified drought
magnitude at individual stations for both historical
observations and future projections. Focusing on South
Bihar, we address this gap and find growing vulnerability
to drought, warranting a thorough assessment of severity.
Accordingly, this study conducts a station-by-station,
spatio-temporal evaluation of drought severity using the
Standardized Precipitation Index (SPI) at 1-, 3-, 6-, and
12-month time scales.

In this study, we developed a GCM-ranking
framework that integrates three multi-criteria decision-
making (MCDM) methods Compromise programming
(CP), Cooperative game theory (CGT), and the Technique
for order preference by similarity to ideal solution
(TOPSIS) to evaluate model skill using simulated
precipitation. Unlike prior work, this combined scheme
provides a more comprehensive and nuanced assessment
across multiple performance indicators. We focus on
CMIP5 owing to its longer and more recent historical
coverage, updated scenario framework, and practical data
availability for the region (Balaji et al., 2018), while
noting the scarcity of station-scale precipitation modeling
tailored to Bihar. Therefore, this study aims
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Fig. 1. Location map of the South Bihar study area

To analyze meteorological drought in five districts of
South Bihar using the Standardized Precipitation Index
(SPI).

To Identify and rank the most suitable CMIP5 GCMs
at each station by combining multiple statistical
performance indicators and assessing their influence on
the rankings.

To project drought conditions for 2021-2050 under
the RCP 8.5 scenario using the selected GCM ensemble.

2. Data and methodology

2.1. Study area

This study focuses on Bihar, a state in eastern India
(area: 94,163 km?; mean elevation ~150 m). The climate
is humid subtropical, with hot, dry summers and cool
winters. Our analysis centers on South Bihar (14,385 kmz;
84.0°-87.5° E, 24.0°-25.0° N), encompassing five
districts-Gaya, Jamui, Lakhisarai, Nalanda, and Nawada
(Fig.1;Table 1. Although both Bihar and South Bihar
share a humid subtropical regime, notable gradients exist.
State wise, seasonal variability is pronounced, and
northern districts influenced by Himalayan foothill
circulation and major rivers are more flood-prone. By
contrast, South Bihar is relatively hotter and drier, with
longer, more intense summers (often >40 °C), cooler
winters (5-10 °C), and lower annual rainfall (=800-1300
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TABLE 1
IMD Stations
S.no Station Latitude Longitude Elevation(m)
1 Aerodrome 24.74°N 84.94°E 116
2 Fatehpur 24.63°N 85.22°E 150
3 Chakaibanda ~ 24.55°N 86.39°E 82
4 Sikandra 24.95°N 86.03°E 56
5 Halsi 25.02°N 86.04°E 46
6 Lakhisarai 25.15°N 86.09°E 7
7 Bihar 25.20°N 85.51°E 55
8 Chandi 25.32°N 85.40°E 47
9 Nawada 24.88°N 85.54°E 80
10 Rajauli 24.65°N 85.50°E 135

mm versus a state average of ~1120 mm). These
conditions increase the region’s drought susceptibility,
motivating our focus on South Bihar. Most rainfall occurs
during the southwest monsoon (June—September).

2.2. Data used

We used monthly precipitation observations from the
India Meteorological Department (IMD), Pune (Data
Supply Portal: https://dsp.imdpune.gov.in) for 1975-2020
to analyze historical meteorological drought. Future
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Fig. 2. SPI Drought calculation and detailed methodology

projections were obtained from 14 Coupled Model
Intercomparison Project Phase 5 (CMIP5) global climate
models via the ESGF node (https://aims2.1Inl.gov/search),
analyzed under the high-emissions RCP 8.5 scenario.

2.3. Methodology

This study employs the Standardized Precipitation
Index (SPI), a widely used drought metric in
meteorological and hydrological services worldwide.
Because SPI standardizes precipitation anomalies, it
enables consistent comparison of drought conditions
across regions and time scales. Introduced by (McKee et
al. 1993) and was authorized by the World Meteorological
Organization (WMO) in 2011 for use in drought
categorization. SPI is computed by fitting a two-parameter
gamma distribution to aggregated monthly precipitation
(for a chosen accumulation window), converting the
cumulative probability to a standard normal variate
(mean =0, SD = 1). The gamma model has been shown to
fit precipitation well (McKee et al. 1993; Stagge et al.
2015; Yacoub and Tayfur 2017). Months with zero
precipitation are handled via a mixed-distribution
adjustment before transformation. For robust estimation,
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(Guttman (1998) recommends that at least 40-60 years of
precipitation data t stabilize the central portion of the
distribution and roughly 70-80 years for the tails.

The non-parametric Mann—Kendall (MK) test is
widely used to detect monotonic (increasing or
decreasing) trends in time-series data without assuming a
specific distribution. It compares the ranks of all
observation pairs; a positive z-statistic indicates an
upward trend and a negative value a downward trend.
Statistical significance is assessed via the p-value, with p
< 0.05 commonly used to reject the null hypothesis of no
trend. Owing to its robustness to non-normality, outliers,
and missing values, the MK test is well suited to
hydroclimatic variables such as rainfall and temperature.

The flowchart which is shown in Fig. 2. depicts a
comprehensive procedure for analyzing meteorological
data, focusing primarily on Monsoonal precipitation
patterns and drought indices, also making predictions for
future climate scenarios. Initially, the process iterates over
each of the 10 meteorological stations, acquiring monthly
precipitation data from IMD Pune and -calculating
Standardized Precipitation Index (SPI) values for multiple
time scales, especially for Monsoon seasons i.e. SPI
1(June month), SPI 3(June, July and August Months), SPI
6(June-November) and SPI 12(January-December). Future
projections are made using GCM CMIP5 precipitation
data which is easily available, followed by rigorous
performance evaluation using various metrics like
correlation coefficient, RMSD, and NSE given in TABLE
5. Indicators are calculated for each station, and average
weights are determined using Entropy and Analytical
Hierarchy Process (AHP). An ensemble approach was
utilized further by using the values of the top 5 models for
precipitation data and downscaled using polynomial
regression. The SPI was recalculated for different time
scales based on the downscaled data, and comparisons
were done with historical data to analyze drought
conditions.

The probability density function of the gamma
distribution is shown below:

1

X
ot € for x>0

(x) = 1)

where o >0 is the shape factor, B >0 is a scale factor, x >0
as the amount of precipitation.

[ (o) is the gamma function which is defined as

M@ = j yele . dy @
0
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TABLE 2

Global Climate Models (GCMs) used in this Study

Resolution (lat°

No. Institution Model name o
x long®)
Institute Pierre-Simon
1 Laplace, France IPSL-CM5A-MR  2.5%1.2676
National Centre for
2 Atmospheric Research, CCsSM4 1.25%.9424
USA
Institute for Numerical
E Mathematics, Russia INbAREh 2D
Beijing Climate Centre,
4 China Meteorological Bcgfl\ig/ll' 2.8x2.8
Administration
Community Earth System
5 Model Contributors, NCAR CESM1-CAM5  1.25x0.9424
USA
Commonwealth Scientific
and Industrial Research
6 Organization with CSIRO Mk3.6.0  1.875x1.875
Queensland Climate Change
Centre of Excellence
NASA Goddard Institute for
7 Space Studies GISS-E2-H 2.5x2.0
National Institute of
Meteorological
8 Research/Korea HADGEM2-A0 1.25%1.875
Meteorological
Administration
Japan Agency for Marine- ! )
9 Earth Science and bRl 2 2.8x2.8
CHEM
Technology
10 Nat_lonal Institute f(_)r MIROC-ESM 28x2.8
Environmental Studies
Atmospheric and Ocean
11  Research Institute, The MIROC5 14x1.4
University of Tokyo
12 Max Planck Institute for MPI-ESM-LR 1.95% 9424
Meteorology, Germany
13 Meteorol.oglcal Research MRI-CGCM3 1.95x1.25
Institute, Japan
14 Norwegian Meteorological NOESM1-M 2 5x1.875

Institute, Norway

To fit the distribution to the data, o and B values
must be estimated. (Edwards 1997) proposed the
following approach for estimating these parameters using
(Thom 1958) approximation for maximum likelihood:

&=i<1+ /1+ﬁ>
4A 3

A

B

©)

(4)

QIR

(where Si= it station Sy= Total Number of station)
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TABLE 3

Mann-Kendall Trend test for Meteorological Stations

Stations z n p
RAJAULI -2.67 46 0.007
NAWADA -1.53 46 0.125
CHANDI -2.21 46 0.026

BIHAR -0.07 46 0.939

LAKHISARAI 1.74 46 0.08
HALSI -1.13 46 0.255
SIKANDRA -3.07 46 0.002
CHAKAIBANDA -2.78 46 0.005
FATEHPUR -3.44 46 0.0005
AERODROME -2.53 46 0.025
TABLE 4

Defining the severity of drought based on SPI value
(Shah, Bharadiya, and Manekar 2015)

SPI VALUES DROUGHT INDEX
>2 Extreme Wet
1.50t0 1.99 Very Wet
1.00 to 1.49 Moderately Wet
-0.99to 0 Mild Dry
-1.49 to -1.00 Moderately Dry
-1.99 to -1.50 Severely Dry
<-2 Extreme Dry

where,

A= In(x) - 2= )

For n observations, the following derivation is
utilised. After that, the derived parameters are utilized to
compute the cumulative probability of precipitation &
event that has been observed. For a specific month or any
other period: -

60 = [Fg() - dx = - fxx“_l-e_%-dx )

xr
B*ra ),

Now, putting the value of t fort = x /8 gives the
value in equation (7) to an incomplete gamma function as
given below, the cumulative distribution function is then
given by:

—[Fte et dt ©)

© =@

Because the gamma function is essentially not
defined for x = 0, and a precipitation distribution may
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TABLES5

Performance indicators used in the study

S.no  Statistical performance indicator Formula Notations
' o Yo —X)(y; —¥) So, and Ss, standard deviations of historic and simulated values. T is
L Correlationicoeficient(CC) (T—-1)-sg-5, the no. of dataset x= number of datasets.
. - (g —y)? i, dataset ing from 1,2 . ...
2. Nash Sutcliffe Model Efficiency (NSE) 1 — Zia b =y I, dataset number varying from 1, x

Y (i — %)?
T

3. Sum of Squares of Deviation (SSD) Z(x,- —y)?
i=1
1 T
4, Mean Square Deviation (MSD) Tz("i —y)? X andy,
i=1
5 Normalised Root Mean Square (%) ST (- y)?
: Deviation(NRMSD) A
x
1
g Absolute Normalised Mean Biased i (0~ x)
' Deviation (ANMBD) x
1 T
7. Root Mean Square Deviation (RMSD) ?Z(xi —y,)?
i=1
T
8 Average Absolute Relative Déviations 1 (i —x)
: (AARD) T x;

i=i

x, and y, are mean values of historical and simulated

x; and y; are observed and simulated values respectively. T is number of

datasets.

are observed and simulated values respectively. T is number of
datasets.

x and y, are mean values of historic and simulated;

xi and y;, are historic and simulated value.

xi and y; are observed and simulated values respectively. T is number of

datasets.

x; and y; are observed and simulated values respectively. T is number of

datasets.

k(@) =Value of indicator j for GCM a; rj=Weight assigned to the indicators. K| = Anti ideal value for each indicator and j=1, 2...J where J is the number of indicators

contain zeros Shah et al. (2015) the cumulative probability
becomes:
Hx)=q+ (1 —q) G(x) 8)
where ¢ is the probability of precipitation=0. H(X) is
then transformed to the standard normal random variable

Z, with zero average and variance equals to one, which
becomes the value of the SPI.

z=SPI = (t - %) for, 0<H(X)<05  (9)
z=SPI = (t - %)for,o.kmx)d.o (10)
where,
t= [In (H (i)z). for ,0<H(x)<0.5 (11)
And,
t= | (%) (12)
(1-H(M))
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where,

C¢=2.515,C,=0.80285,C,=0.0103,d,=1.43278,
d>=0.18926 and d3=0.00130 (Mishra and Desai 2005)

For future drought assessment, we employed a
CMIP5 multi-model ensemble MME; Fig. 2. At each
station, all 14 GCMs were evaluated against IMD
precipitation using the performance indicators in TABLE
5. Indicator weights were derived independently using the
Entropy weight method and the Analytic Hierarchy
Process (AHP), then averaged to obtain a composite
weight vector (Pomerol et al. 2000; Raju and Kumar
2014). The weighted indicators were supplied to the
MCDM ranking schemes (CP, CGT, and TOPSIS) to
produce station-wise ranks. The top five models at each
station were then combined into an ensemble, and their
monthly precipitation was downscaled/bias-adjusted prior
to SPI computation.

(i) Entropy Weight Method (EWM)- EWM provides
objective indicator weights based on the information
content (dispersion) of each indicator across models.
Indicators with greater differentiation (lower entropy)
receive higher weights, reducing subjective bias in
weighting. The major benefit of the EWM over other
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Fig. 3. SPI 3, SP1 6, and SPI 12 Plots for Drought prone area for Gaya

subjective weighting models is the elimination of human
influence with the weight of indicators, which improves
the impartiality of the outcomes of the thorough review.
The EWM measures the level of differentiation to assess
value. More information can be gleaned from an index
whose degree of differentiation is higher than the
measured value's degree of dispersion.

(i) Analytic Hierarchy Process (AHP): AHP derives
subjective/experiential weights via pairwise comparisons
of indicators on a common scale, followed by eigen
vector extraction to obtain the priority weights;
consistency is checked via the consistency ratio (CR)
Donegan et al. (1992). Model performance is then
aggregated additively across indicators using these
weights. In our workflow, EWM and AHP weights were
computed independently and averaged to form a
composite weight vector used in subsequent MCDM
ranking of the 14 GCMs.

GCM skill was evaluated by comparing simulated
precipitation with historical observations (hindcasts),
enabling selection of the best-performing models for
subsequent analysis (Mujumdar and Kumar 2012).
Performance was quantified using eight indicators sum of
squares of deviations (SSD), mean square deviation
(MSD), root mean square deviation (RMSD), normalized
RMSD (NRMSD), absolute normalized mean bias
deviation (ANMBD), average absolute relative deviation
(AARD), correlation coefficient (CC), and Nash-Sutcliffe
efficiency (NSE) with formulas given in TABLE 5.
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Station-wise model ranking was then performed
using three multi-criteria decision-making (MCDM)
methods: compromise programming (CP), cooperative
game theory (CGT), and the technique for order
preference by similarity to an ideal solution (TOPSIS).
The resulting ranks were averaged to obtain a robust
overall rank for each GCM at each station.

(1) Compromise Programming (CP): - It is established
on distance measure Linear Programming (Lp)
metric (Raju and Kumar 2014). The GCMs are
ranked using compromise programming (CP), a
remote  decision-making  method. @ The  rating
patterns derived for individual grid points are
combined using a group decision-making approach.

Moreover, a straightforward ensemble strategy is
recommended.
J Plrx P 1/P
L, = Z,--lrf ki —k; - (a)] (13)

where k;j = Value of Indicator j for GCM a; rj =Weight
assigned to the indicator j; P = parameters (1, 2 ..... )

also, kj" =Ideal value of each indicator j among available.

(2) Cooperative Game Theory (CGT): In the CGT
formulation for MCDM, each indicator acts as a “player,”
and an alternative (here, a GCM) gains payoff according
to its closeness to the ideal (and, equivalently, distance
from the anti-ideal, i.e., worst observed performance).
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After normalizing indicators so that larger is better, the
payoff for model a is computed as a weighted distance
from the anti-ideal:

4

ki(a)-k**
pa = nl_, l@K (14)

For indicators where "smaller is better,” the
normalization is adjusted accordingly. A higher value of
Da indicates that the model is closer to the ideal and
farther from the anti-ideal. The models are then ranked in
descending order of Da, with higher values indicating
better overall performance.

(3) Technique for Order Preference by Similarity to an
Ideal Solution (TOPSIS): It is a compensatory Multi-
Criteria Decision Making (MCDM) method that ranks
alternatives based on their proximity to the ideal solution
(best performance on every criterion) and distance from
the anti-ideal solution (worst performance on every
criterion). The process involves the following steps:

(i) Normalize the Decision Matrix: First, normalize the
decision matrix. Then, apply the indicator weights rj (from
the EWM-AHP average) to obtain the weighted matrix.

(if) Define the Ideal and Anti-ldeal Solutions: Define the
ideal solution kj* and the anti-ideal solution kj«x for each
indicator across all models, using benefit/cost conventions
to ensure that all criteria are oriented such that "larger is
better."”

(iii) Compute Euclidean Distances: Calculate the
Euclidean distances of model a from both the ideal and
anti-ideal solutions:

Distance from the Ideal Solution:

DS = [£hy1(K@ - &) (15)
where K;"= Ideal values

Distance from the Anti-Ideal Solution

DSz = |4k (@ — K7 (16)
And K™= Anti-ideal value, a is the particular GCM
(iv) Calculate Relative Closeness to the Ideal: Further
we calculate Relative Closeness CR,

_ DSq
CR, = (psz+DsT) an
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where 0< CRa <I. A higher value of CRa indicates that
the model is closer to the ideal solution.

(v) Rank the Models: Finally, rank the models in
descending order of Ca, with higher values indicating
better performance.

By using TOPSIS alongside CP and CGT methods,
we can perform a robustness check on the preference
ordering. All methods are supplied with the same
averaged weights to obtain consistent station-wise ranks
Srinivasa Raju and Nagesh Kumar (2015).

Finally, for better Ranking the ensemble of best five
models for each station were used for downscaling the
future precipitation data (2021-2050) with the help of a
second-degree polynomial fitted between the period
(2006-2020) using the least squares regression method.
The output values show the acceptable results which can
be seen in the further result section.

3. Results and discussion
For the preliminary process trend test were done
station-wise, i.e TABLE 3 the MK test reveals

predominantly negative z-values, indicating declining
precipitation at several locations-Rajauli, Chandi,
Sikandra, Chakaibanda, Fatehpur, and Aerodrome-with
statistically significant trends in multiple cases (e.g.,
Aerodrome: z = —2.53, p = 0.025). These declines are
consistent with more frequent dry spells and reduced
rainfall intensity, implying heightened meteorological-
drought risk. By contrast, Lakhisarai exhibits a positive
but non-significant trend, suggesting localized increases
insufficient to offset the broader drying signal. The
Coexistence of significant and non-significant trends
across neighbouring stations highlights strong spatial
heterogeneity, likely influenced by topography,
microclimates, and land-use change. Overall, the pattern
underscores South Bihar’s vulnerability to shifting
precipitation regimes and signals early warning signs of
long-term water stress.

3.1. Historical analysis using SPI

Historical SPI (1975-2020) computed from IMD
station data shows notable shifts in drought occurrence
across Gaya, Jamui, Lakhisarai, Nalanda, and Nawada.
Fig. 3 to Fig. 8 present SPI time series for all ten stations.
At many stations, events with SPI < —1.5 at 6- and 12-
month scales have become more frequent after 2000,
indicating a shift from moderate to severe-and
occasionally extreme drought conditions. Across several
districts, the share of drought years increased by roughly
10-30% (station-dependent).
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Fig. 3 shows SPI at 1-, 6-, and 12-month scales for
Aerodrome (top row) and Fatehpur (bottom row) during
1975-2020. At Aerodrome, negative anomalies intensify
after ~2000: events with SPI < —1.5 occur more often at
SPI-6 and SPI-12, with clusters around 2002—2009 and
2014-2020, while strong positive spikes common in the

1980s-1990s become infrequent and weaker. Fatehpur
exhibits a stronger drying signal: since ~2000 the SPI-6/-
12 series are predominantly negative, including several
extreme events (SPI < —2), indicating persistent multi-
month moisture deficits. The SPI-1 series at both stations
remains more variable year-to-year, but dry Junes become
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Fig. 6. SPI plots for drought prone area for Nalanda

noticeably more frequent after 2000. Together, these
patterns indicate a shift from episodic wet-dry
fluctuations to more sustained drought conditions in the
later decades, particularly at Fatehpur.

The Jamui stations show a clear post-2000 shift
toward drier conditions. Chakaibanda is predominantly
wet through the 1980s-mid-1990s, but after ~2000 the
SPI-6/-12 series turn negative more frequently, with
several severe (SPI < —1.5) and occasional extreme (SPI <
—2) events during the 2010s; SPI-1 remains noisy, yet dry
Junes become more common after 2005. Sikandra exhibits
a stronger and more persistent drying signal: SPI1-6 and
SPI-12 are largely negative from the late 1990s onward,
punctuated by multiple severe-to-extreme episodes,
indicating sustained multi-season to multi-annual moisture
deficits. Overall, the records indicate a transition from
episodic wet-dry variability to sustained drought
propensity in Jamui after 2000, with Sikandra being the
most affected.

Fig. 5 & Fig. 6 summarizes SPI at 3-, 6-, and 12-
month scales for Halsi (Lakhisarai) and Chandi (Nalanda)
during 1975-2020. At Halsi, negative anomalies become
more frequent after ~2000, with several severe events (SPI
< —1.5) at SPI-6/-12, especially post-2010, indicating
persistent multi-season moisture deficits; pre-2000 records
show a more balanced mix of wet and dry years. Chandi
exhibits a similar evolution, with extended dry spells in
the early 2000s and again after 2010, and SPI-6/-12

remaining negative for long stretches, consistent with
long-term drought conditions. Positive SPI values before
2000-mark wetter intervals at both stations. Overall, both
locations show a shift in the last two decades from
episodic variability to sustained drought propensity,
underscoring increasing aridity and hydroclimatic
variability in South Bihar.

The drought episodes in the Lakhisarai district state
that both Halsi and Lakhisarai stations indicate a higher
incidence of severe to extreme drought events for SPI 6
and SPI 12 between 1990 to 1995, mainly for Lakhisarai
stations. Similarly, in the Nalanda district, Chandi and
Bihar stations were analyzed, with Chandi exhibiting
more frequent drought events after 2000 for both SPI 6
and SPI 12. Additionally, for the Nawada district, the
stations Nawada and Rajauli were studied, with Rajauli
demonstrating a greater occurrence of drought events
between 2000 to 2015 across different SPI timescales.

Fig. 8 illustrates that stations such as Aerodrome,
Chakaibanda, Halsi, and Lakhisarai depict severe drought
conditions for SPI 1 during the month of June.

A short-term dryness is provided by SPI 1 (1-Month
i.e June month) and SPI 3 (3-Month, i.e June-august),
which highlights sensitivity to abrupt changes in
precipitation and suitability for monthly and seasonal
assessments. Here we can see there is not much significant
dryness observed in the short-term Drought index. On the
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Fig. 8. SPI 1 Plots for Some Meteorological stations

other hand, SPI1 6 (6-Month i.e. June-November) and SPI
12 (12-Month i.e. Jan-Dec) focus on more consistent
views across half-year and annual intervals while
balancing short-term unpredictability.

3.2. Ranking of CMIP5 GCMs model and
Determination of Most suitable GCM for the
Study Area

Performance indicators and their weights (Entropy
and AHP) are provided in the Supplementary Material.
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Fig. 9 shows boxplots of station-wise averaged ranks
obtained from three MCDM methods CP, CGT, and
TOPSIS and their arithmetic mean. Across the 14 GCMs,
the top five are HadGEM2-A0, MRI-CGCM3, MIROCS5,
CESM1-CAM5, and CCSM4; MRI-CGCM3 and
HadGEM2-AO most consistently rank highest, whereas
GISS-E2-H and IPSL-CM5A-MR rank lowest. Notably,
IPSL-CM5A-MR shows a narrow interquartile range (low
variability) yet a poor median rank stability does not
imply skill while CESM1-CAM5 and MIROC-ESM
exhibit wider spreads, indicating sensitivity to method and
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station. Rank disparities among CP, CGT, and
TOPSIS (including outliers) underscore the value of
a multi-criteria approach. Accordingly, the top five
models at each station were selected to construct the
ensemble used for downscaling and subsequent SPI
analysis.

3.3. Downscaling of GCMs simulated data

After identifying the top five GCMs at each station,
we formed an ensemble and applied a second-degree
polynomial bias - correction/ downscaling between
simulated and observed precipitation. ensemble models, a
critical step in refining precipitation predictions involves
the application of a second-degree polynomial regression
model. This model, represented as y = Ax? + Bx + C,
captures the relationship between the General Circulation
Model (GCM) simulated precipitation (x) and the
observed Indian Meteorological Department (IMD) data
(y) for each specific station. The coefficients A, B, and C
are determined through the least square’s regression
method, optimizing the fit of the polynomial curve to the
historical data. With the established regression model,
projections for precipitation over each station are made for
the upcoming years from 2021 to 2050. The polynomial
equation enables a nuanced understanding of the
simulated versus observed precipitation trends, accounting
for the complex interplay between variables. The
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precision of the second-degree polynomial regression
model allows for a more accurate representation of
potential shifts in rainfall, providing decision-makers with
actionable information to address evolving climate
conditions.

By applying this methodology across various
stations, researchers and policymakers gain a
comprehensive view of regional precipitation forecasts,
facilitating proactive measures to mitigate the impact of
changing climatic conditions on local ecosystems,
agriculture, and water availability. The integration of
ensemble models and polynomial regression enhances the
robustness of climate predictions, contributing to a more
resilient and adaptive approach in the face of ongoing
environmental changes.

3.4. Validation of GCM predicted rainfall

The predicted values from the previous step are
validated with observed IMD data. Fig. 10 to Fig. 14
shows the time series plots of GCM simulated (ensemble)
and IMD observed rainfall data at monthly timescale. The
results indicate a good match of GCM simulated
precipitation with IMD observed data. The variability is
well captured but the peaks are underestimated by the
GCMs. This can be attributed to the coarse resolution of
the GCM data.
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The shaded area illustrates the range of variability
among simulated model outputs, presenting time series
comparisons of precipitation data from the Indian
Meteorological Department (IMD) alongside simulated
data from the General Circulation Model (GCM). These
figures surely representing us the both data have strong
correlation.

For Lakhisarai and Nalanda (2006-2020), the
downscaled GCM ensemble closely tracks IMD monthly
seasonality and interannual variability, indicating strong
agreement. Peak rainfall, however, is systematically
underestimated IMD extremes exceed the ensemble. The
blue-shaded band marks the ensemble spread; most
observations fall within this range, supporting overall
skill. Nonetheless, the attenuation of extremes suggests
scope for refinement (e.g., variance/quantile-based bias
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correction or higher-resolution inputs) to better capture
heavy-rainfall events.

The scatter plots depicting the relationship between
the observed IMD (x-axis) and predicted GCM model (y-
axis) precipitation are presented in Fig. 15. The analysis
reveals a strong correlation between the predicted and
observed precipitation values, with R2 values ranging from
0.628 to 0.732. Notably, the highest R? value of 0.732 was
recorded at the Gaya station, indicating a robust fit
between the observed and modelled data. In contrast,
Nawada exhibited the lowest R2? value of 0.628,
suggesting a slightly weaker correlation. The results for
other stations Lakhisarai (R? = 0.716), Jamui (R% = 0.663),
and Nalanda (R? = 0.656) demonstrated generally
acceptable levels of model performance. These findings
suggest that the GCM model provides a reliable
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approximation of observed precipitation, particularly in
regions like Gaya and Lakhisarai, where the highest R?
values were observed. The scatter plots for all districts,
including Nawada, Jamui, and Nalanda, are presented in
accordance with the reviewer's request, further supporting
the consistency of the model across different regions.

3.5. Future drought analysis using SPI

The future analysis of SPI values, derived from the
precipitation data of GCMs simulated output spanning the

period 2021-2050, reveals noteworthy trends in drought
occurrences across several districts in different timescales,
mainly in Gaya Jamui, Lakhisarai Nalanda and Nawada.
Fig. 16 to Fig. 20 depict the SPI plots derived from
simulated future data using GCMs models spanning the
timeframe from 2021 to 2050.

Examining the various time scales, SPI reveals a
constant trend in wetness after 2040. This could be
attributable to enhanced moisture convergence and also
increased convective activity caused by accelerated global
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warming and related feedback mechanisms, as simulated
by CMIP5 models.

The future Standardized Precipitation Index (SPI) for
both Aerodrome and Fatehpur indicates a rise in
precipitation variability. The SPI3, SPI6, and SPI12
values reflect periods of long-term drought (negative SPI,
shown in red) and excessive rainfall (positive SPI, shown
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SPI 3, SPI 6, and SPI 12 Plots for Jamui Districts

in blue). In Aerodrome, extreme positive SPI values are
observed after 2040, with a peak around 2050, suggesting
a transition towards drier conditions. However,
intermittent periods of drought persist in the later years. In
Fatehpur, droughts become progressively severe until
2040, after which the region experiences drier conditions
in subsequent years. This pattern, with fluctuations
between drought and rainfall, suggests significant climate
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Fig. 19. SPI 3, SPI 6, and SPI 12 Plots for Nalanda Districts

variability for both locations. The alternating wet and dry
periods indicate that both areas will likely face more
frequent extreme weather events. Therefore, adaptive
water resource management strategies should be
considered to mitigate the effects of drought and leverage
drier periods for sustainable development.

In the Gaya district, stations like Aerodrome and
Fatehpur show an increased frequency of drought
occurrences. SP16 and SP112 data for Aerodrome indicate
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an escalation in drought events post-2030, while Fatehpur
experiences an increase in drought cases from SPI3 and
SP16 until 2040, followed by a shift towards wetter
conditions thereafter. Similarly, in the Jamui district, the
Chakaibanda station exhibits severe to extreme
drought conditions for SPI13 and SP16 between 2030 and
2040, transitioning to wetter conditions afterward.
In Jamui, stations, such as Sikandra showcase
persistent dryness during the monsoon period from 2030
until 2040.
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Fig. 21. Drought percentages mild moderate and severe for SP16

In the Lakhisarai district, Halsi experienced extreme
drought cases between 2030 and 2040, while Lakhisarai
station shows consistent dryness, particularly in the
monsoon season, as evidenced by SPI 3 data. The trends
in Nalanda district stations, Chandi and Bihar,
mirror those observed in Gaya and Jamui, with severe
drought prevalent between 2030 to 2040 across different
SPI timescales, followed by a shift towards wetter
conditions after 2040. Finally, in the Nawada district,
stations like Nawada and Rajauli initially exhibit dry SPI
periods from 2030 to 2040, followed by wetter periods
thereafter.

3.6. Effect of Climate change on Drought indices

Using the predicted precipitation data for the period
2021-2050, the future SP16 and SP112 were estimated and
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Fig. 22. Drought Percentages change for mild, moderate-severe, and
extreme cases (SPI12)

compared with the past SPI indices as shown in TABLE
6& TABLE 7 as well as in Figs. 21 and Fig. 22. Here
TABLE 6 droughts (i.e. mild, moderate, severe, and
extreme) for Historical and Predicted scenarios for all ten
stations. During the historical time, on average there were
nearly 20-40% mild cases,10-20% moderate and 5 to 10
% severe to extreme cases, which changed to about 40-
60% mild, 10-15 % Moderate. Although there is an
average increase in mild cases, Chandi station, shows a
drop in mild cases, whereas these cases have nearly
doubled in Aerodrome , Bihar, Fatehpur, and Halsi
stations Similarly, for the moderate cases, four stations,
Bihar, Chandi, Nawada, Rajauli show significant increase
in severe drought cases.

Analysis of future climate scenarios reveals that
even the most conservative projections, derived from the
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TABLE 6

Percentage of drought severity for IMD Individual Meteorological stations

SPI6
%age Change Historical (1975-2020) Predicted (2021-2050)
. Mode Mild Moderate Severe Extreme
- Mild Severe Extreme - - - -

S. No Station -rate Min Max Min Max Min Max Min Max
1 Aerodrome 2609 2174 | 247 |NN000| 2889 | 5111 444 889 |000N 667 000N 667
2 Bihar 2174 652 870 435 1778 4222 JOB0N 1333 222 667 | 222 667
3 Chakaibanda  30.43 1087 652 [WNO00NN| 3333 37.78 444 667 [000 6.67 6.67
4 Chandi 4348 870 | 217 217 2222 4444 444 1778 | 222 667 6.67
5 Fatehpur 1957 1087 435 435 3556 4222 222 667 444 889 4.44
6 Halsi 2391 435 652 435 1556 4000 222 6.67 6.67 6.67
7 Lakhisarai 3478 870 435 217 2889 3778 444 1111 6.67 6.67
8 Nawada 3913 652 | 217 217 2667 4444 444 1333 6.67 6.67
9 Rajauli 3478 217 870 217 2444 4444 444 667 1111 6.67
10 Sikandra 4130 217 217 435 3333 6.67 1111 6.67

TABLE 7
Percentage of Drought severity for IMD Individual Meteorological Station
SPIL2
% Change Historical (1975-2020) Predicted (2021-2050)
. Mild Mode Severe Extreme . Mild Moderate -Severe Fxtreme
S. No Station -rate Min Max Min Max Min Max Min Max
1 Aerodrome | 3261 870 652 |WNO00NN| 2444 | 4222 222 1111 | 222 667 4.44
2 Bihar 2391 652 652 217 2444 3556 222 | 1111 | 222 667 8.89
3 Chakaibanda = 2826 1304 652 [WH000 " 2889 4000 222 1111 444 667 4.44
4 Chandi 4130 652 | 217 217 2667 | 4444 222 1111 [J00N 6.67 6.67
5 Fatehpur 2174 1087 435 435 2444 4222 222 2000 222 6.67 222
6 Halsi 2391 652 652 435 2000 3778 222 1556 | 000 6.67 4.44
7 Lakhisarai | 3943 1087 435 |WNO0ONN 2444 4000 667 17.78 222 889 o
8 Nawada 36.96 652 435 217 2222 | 4667 667 1556 [000 1333 4.44
9 Rajauli 3261 217 870 217 3111 4222 444 1111 | 222 667 4.44
10 Sikandra | 36.96 435 217 435 3333 | 4889 444 1333 [1000 667 4.44

minimum values of the five best-performing climate
models, indicate a significant increase in severe and
extreme weather events across numerous stations, with

notable  occurrences  projected for  Aerodrome,
Chakaibanda, Chandi, Lakhisarai, Nawada,
and Rajauli.

In the TABLE 7 analysing the values for historical
and predicted conditions across various stations reveals
predominantly mild deviations from the long-term average
precipitation. For instance, at Aerodrome, the historical
Percentage drought indicates a wet condition, constituting

32.61% above the average, while the predicted suggests a
deviation of 42.22 %. Similarly, stations like Fatehpur,
and Halsi, shows almost double change in predicted years.
For moderate drought significant change can be seen over
Bihar,Chandi, Fatehpur, Halsi, Nawada, and Sikandra
stations up to 10-15% except Chakaibanda shows decrease
in moderate drought. Severe to extreme droughts are
observed at most stations, except at Fatehpur, Halsi and,
and Sikandra.

The percentage changes indicate departures from the
long-term average, but the overall pattern suggests
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relatively stable conditions with only minor variations in
precipitation levels expected over the next 12 months
across these locations.

The above two drought severity tables can be shown
through the following Graph Plots which show the
Percentage Drought changes for SPI 6 and SPI 12 cases
respectively.

In the above two figures, we can see the percentages
of drought severity changes in the historical and predicted
periods overall. Moreover, station like Bihar shows a
negative percentage change in severe cases as in Fig. 21
and Fatehpur in Fig. 22 shows negative predicted drought
in extreme cases.

4. Conclusions

This study on meteorological drought was
conducted in the southern districts of Bihar. Initially,
historical analysis utilized IMD precipitation data, and
future climate scenarios were forecasted using outputs
from 14 Global Climate Models (GCMs) of CMIP5,
which were downscaled and adjusted for the region. In
this process, projections for precipitation data were made
based on the RCP8.5 greenhouse gas scenarios. To
validate the model, a comparison was made between India
Meteorological Department (IMD) data and various
CMIP5 gridded GCM data for the period 2006-2020.
Subsequently, future precipitation data was employed for
meteorological drought forecasting using the Standardized
Precipitation Index. Our analysis revealed that GCM data
demonstrated an accuracy exceeding 72%, indicating
reliability. This finding is promising, as it suggests
the potential for taking essential measures to address
future drought conditions and provide assistance to
those in need.

The study can be concluded in the following points:

(i) Examination of historical SPI revealed distinct
patterns of severe drought occurrences in various districts
of South Bihar. Gaya and Nalanda were affected by three
severe drought years each, while Jamui experienced five,
Lakhisarai encountered two, and Nawada endured three
such extreme events.

(if) Utilizing MCDM techniques, the performance of
Global Climate Models (GCMs) across South Bihar
stations was evaluated. Results indicated consistent
excellence of the MRI-CGCM3 model, with GISS-E2-H
ranking least favourable among the 14 GCMs assessed.
Notably, HadGEM2-AO, MRI-CGCM3, MIROCS,
CESM1-CAMS5, and CCSM4 emerged as the top-
performing models.
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(iii) Analysis of station-level downscaled precipitation
data demonstrated commendable performance, evidenced
by R? values ranging from 0.732 to 0.628 when
compared against observed Indian Meteorological
Department data.

(iv) Projections for future drought occurrences suggest an
escalation in frequency, particularly post-2030. Gaya is
anticipated to face four severe drought years, Nalanda
two, Lakhisarai one severe to extreme drought, Jamui one
severe drought, and Nawada two severe to
extreme drought events. These findings underscore the
pressing need for proactive measures to mitigate the
anticipated impact of these projected droughts on the
affected regions.

5. Future scope

While the study utilized SPI, future research could
explore advanced statistical techniques such as artificial
neural networks (ANN) and support vector regression
(SVR). These sophisticated methods can potentially
enhance the accuracy of drought forecasting, providing
more robust insights into future trends. Considering
forecasted research, there is a crucial need to develop
effective drought mitigation strategies tailored to the
specific challenges faced by South Bihar. Future studies
should focus on the exploration, assessment, and
implementation of feasible and impactful mitigation
measures to alleviate the impact of droughts in the region.
Acknowledging the uncertainties inherent in GCMs,
future investigations should delve into understanding how
model uncertainties may influence the accuracy of drought
predictions. Ongoing research efforts should focus on the
continual refinement and development of more precise
GCMs specifically designed for drought forecasting in the
South Bihar region. This proactive approach will
contribute to the improvement of prediction accuracy and
the reliability of future projections.
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