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ABSTRACT

This study assesses drought in the Ganga River Basin using standard precipitation index (SPI), Gravity Recovery and Climate Experiment

Drought Severity Index (GRACE-DSI), and vegetation condition index (VCI) via geographic information system (GIS) and non-parametric

tests. Future SPI trends show increasing drought severity from 1986 to 2020. GRACE-DSI analysis (2002–2020) indicates a potential rise in

drought conditions. VCI computations reveal vegetation health dynamics. Findings suggest an impending severe drought in the Ganga

Basin, necessitating urgent water resource management. Drought causes are linked to precipitation changes and resource over-exploitation

in changing climate conditions. The study emphasizes implementing measures like water conservation, sustainable land use, and ground-

water recharge strategies to mitigate drought impacts.
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HIGHLIGHTS

• Integrated drought assessment: Using GIS and multi-temporal data, this study evaluates SPI, GRACE-DSI, and VCI in the Ganga Basin.

• Future drought warning: SPI trends and negative GRACE-DSI slopes signal rising drought risks, emphasizing proactive water resource

management.

1. INTRODUCTION

Globally, the research society has focused extensive concern on climate change and fluctuation. It is undeniable that climate
change will have an impact on not just disasters but also water quality, biodiversity, and other ecological processes (Hasan &

Rai 2020; Jain & Singh 2020; Hasan et al. 2022; Aldrees et al. 2023). Hydrology is significantly impacted by climate change,
which modifies precipitation patterns and the frequency and severity of droughts (Mehta & Yadav 2021; Mehta et al. 2023).
These modifications upset the components of the water balance, impacting the distribution, quality, and availability of water.
This has an impact on the productivity of water usage and raises dangers associated with water. It is anticipated that evapo-

transpiration will increase, while total runoff may decrease, causing changes in hydrological regimes (Karam et al. 2023; Qiu
et al. 2023). Furthermore, stream flows are increased by more frequent and intense rainfall events, but snowfall is converted to
rainfall by higher temperatures, lowering the amount of water stored in the snowpack. Mitigation methods that are tailored to

the unique consequences of climate change on hydrology on a regional level are necessary to address these difficulties
(Hassan et al. 2023). The availability of groundwater and the flow of that water are influenced by topographical, hydrological,
biological, geological, and atmospheric variables (Prasad et al. 2020; Akhtar & Rampurawala 2024). Therefore, it is vital to

study the sustainability of irrigation water management in an agriculturally intensive region to recognize food safety as well as
environmental and socioeconomic growth in the context of climate change. Standardized precipitation index (SPI), Gravity
Recovery and Climate Experiment (GRACE), and vegetation condition index (VCI) enable the examination of relationships
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between meteoroidal, terrestrial, and vegetation droughts under changing climatic conditions, and their teleconnection. The

employing of drought index analysis is beneficial for drought assessment in order to consider strategies for reducing, and
adapting to climate change (Mehta & Yadav 2022; Mehta et al. 2023). The standardizd precipitation index (SPI), which
may be hand-me-down to appraise the water dearth in a variety of time periods, is one of the most used indices for this pur-

pose. However, it only considers variations in precipitation levels as its single variable (Jos et al. 2022). It is regarded as a
global drought index and is operationally used in many hydrological and meteorological services (Cheval 2016).

By calculating the SPI, it is possible to precisely monitor the emergence and worsening of meteorological drought during
times of high variability in precipitation patterns (Kubicz 2018). The SPI is employed in the Das et al. (2020) study to track the

geographic extent and severity of drought events in the Luni River Basin using the long-term precipitation monthly data of 39
rain gauge sites (1973–2016). Major drought episodes were reported in the following years, according to the annual SPI result:
1981, 1984, 1985, 1988, 1989, 1991, 1993, 1999, 2000, 2004, 2005, and 2008. Another study was conducted by Meshram et al.
(2018), to analyze the Tonnes River Basin’s droughts from 1969 to 2008. Drought is detected across the study region using
precipitation data collected at four-gauge sites. The 3-month SPI is used to calculate the occurrence of drought. According
to their findings, the Allahabad, Rewa, and Satna stations experienced severe drought during the years 1973 and 1979.

Recent Multi-Criteria Decision-Making Tool (MCDM) used for drought assessment, flood, ecology, irrigation suitability,
and groundwater quality analysis (Rehman et al. 2021, 2022; Alharbi et al. 2022; Hasan & Rai 2023; Molla et al. 2023).
The total amount of rainfall between June and November is the main factor influencing the drought pattern in the Tonnes

River Basin. In Kalura’s (2021) study, the SPI-12 time series was developed using the mean annual rainfall across the
basin over 69 years. It was discovered that the Tons basin experienced drought 21 times in total or once every three years.
The GRACE-DSI and other modern indices are examined throughout four significant Indian river basins – the Ganga,
Krishna, Godavari, and Mahanadi – in order to assess their applicability. Furthermore, it is clear that there have been at

least two drought episodes in virtually all of the river basins, with intensities fluctuating from D1 (moderate drought) to
D4 (severe drought) (Sinha et al. 2019). Rawat et al. (2022) studied the GAREC-DSI and CCDI (Climate Change Data Inte-
gration), and resulted that when compared to CCDI, GRACE DSI displays strong declining tendencies over the majority of

the Indian sub-basins, showing that terrestrial water storage (TWS) depletion is the primary cause of most drought episodes.
Satishkumar et al. (2020) used combined drought indices, including GRACE-DSI, during 2002–2016 over the Godavari,
Krishna, Pennar, and Cauvery river basins, utilizing the Pearson correlation coefficient (r). Kamble et al. (2021) used Normal-

ized Difference Vegetation Index (NDVI)-based vegetation condition index (VCI) from 2000 to 2015 was used to track
agricultural dryness over Allahabad, Kanpur, and Lucknow districts. Another study Quiring & Ganesh (2010), analyzed
data from Texas regions to analyze the linkage between the satellite-based VCI and several commonly used meteorological
drought indicators during the course of 18 rising periods (March–August, 1982–1999). The temporal and geographical differ-

ences in drought were examined in a study conducted in China using VCI data collected from 1982 to 2010 and the result
depicts that the VCI improved in the majority of agricultural regions, showing that the occurrence of droughts reduced
over time (Qian et al. 2016). The southern region saw a more pronounced decline in drought frequency than the northern

region. Recent studies in the Ganga Basin show that there is an alarming rate of groundwater over-exploitation over the
past two decades leads to the formation of dark zones responsible for the groundwater drought in the Ganga Basin
(Hasan et al. 2024). Hence, this research serves as a basis for informed decision-making and policy formulation to address

the challenges posed by drought in the Ganga River Basin and similar water-stressed regions worldwide. The Ganga Basin
is the largest river basin in India, and as such, it is significant because of its diverse geographic extent spanning multiple
states, its large population and reliance on irrigation, its vulnerability to climate change, and the complexity of groundwater

dynamics. It also provides a comprehensive platform for research on hydrology, climate, agriculture, and human–environ-
ment interactions (Kumar 2017; Akhtar 2023) These factors led us to choose the Ganga Basin for our study. This study
investigates the relationship between meteorological variables and drought indices in the Ganga Basin, projecting future
trends in drought severity. It aims to identify vulnerable regions and guide targeted interventions for adaptation.

2. STUDY AREA

The river Ganga rises in the Gangotri Glacier in Gaumukh and flows through the Uttarkashi district of Uttarakhand, India,
with geographic extents of 21°320 to 31°280 North Latitude and 73°240 to 89°50 East Longitude, and a mean elevation of
∼386.12 m above the average sea level is the only the focus of the study (Figure 1). The Ganga River Basin is the greatest
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Figure 1 | Study area of the Ganga and sub-basin with grid points (S1–S74) and mean vegetation-conditioned index.
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river basin in India and the 4th largest river basin globally (Jain & Singh 2020). The states of, Uttar Pradesh, Uttarakhand,

Jharkhand, Bihar, Rajasthan, West Bengal, Punjab, Haryana, Madhya Pradesh, Himachal Pradesh, and Delhi are located in
the Ganga Basin of India. Studies using regional climate models in the Ganges basin foresee a rise of 1°–4° in the average
yearly temperature from 2010 until 2050 (Moors et al. 2011). The Ganga Basin is one of the most irrigated places in the

world, with groundwater irrigation used in around 57% of irrigated lands. 8% of the world’s population and 0.6% of the
world’s total land area are in the Ganga basin. In addition, the basin has 10.3% of the world’s irrigated land (Siebert et al.
2015; Dangar & Mishra 2021).

3. DATA AND METHODOLOGY

The work focuses on the different drought indices based on which different datasets were procured from the different
agencies to carry out the work, which is elaborated in detail within the sub-section. This study utilizes three types of data
to calculate different drought indices. First, precipitation-gridded data spanning from 1986 to 2020 provides information
on precipitation distribution, obtained from India Meteorological Department (IMD)-gridded data with a spatial resolution

of 0.25° � 0.25° (Pai et al. 2014). Second, recent GRACE monthly mass grids (RL06) from 2002 to 2020, processed at the
Jet Propulsion Laboratory (JPL), with a resolution of 1° � 1°, are employed (Landerer & Swenson 2012). Finally, the VCI
is derived by integrating NDVI values from National Oceanic and Atmospheric Administration (NOAA) CDR (Climate

Data Record) and AVHRR (Advanced Very High-Resolution Radiometer) satellite data covering the period from 1986 to
2020 having a spatial resolution of 0.05° � 0.05° (Vermote & NOAA CDR 2019, 2022).

3.1. Standard precipitation index

As per the guiding principle of the World Meteorological Organization, the sole input parameter needed for the SPI’s exten-
sive drought forecasting index is precipitation. It has been frequently used to represent meteorologically thirsty spells and is
seen to be a database of the result to represent meteorological droughts. Since it is simple to use, geographically stable with

the analysis, and predictive thereby it may be utilized throughout hazard planning and process modeling, and is customizable
to the time periods of the recipient’s concern, it continues to be a popular option among researchers in drought studies
(Meshram et al. 2018). McKee et al. (1993) introduced the SPI, and a drought scenario happens when the SPI values are

consistently low and sink to a level of 1 or below. However, the dry spell terminates once the SPI numbers are greater
than 0. Consequently, the length and intensity of each drought period may be used to characterize it. It enables us to deter-
mine if a drought will occur at a certain timeline of interest for any precipitation station with historical data. When using long-
term precipitation data for the relevant time period, the SPI is determined for any place. The long-term data are equipped

having a gamma probability distribution function, which is converted into an ordinary dispersal to a generate zero median
SPI for the specific place and time period. The negative and high SPI values, respectively, represent below-average and
above-average precipitation. Precipitation below the average suggests dryness, whereas precipitation over the median suggests

wetness occurrences (Tefera & Bello 2019; Ahmad et al. 2022; Mohammed et al. 2022).
The SPI is referred to as the degree of standard deviations that occur when the reported precipitation differs from the con-

tinuing average for an evenly spaced unpredictable component after the precipitation is translated into normalized numerical

values. SPI is less complicated to use than other drought indicators since it just needs a single input feature for the collection
of long-term precipitation (Tirivarombo et al. 2018). The SPI is ideal for both agricultural and hydrological purposes because
of its temporal flexibility. Any zone’s SPI computation depends on the continuing precipitation history for the chosen span of

time. During the SPI, if it is continually negative and reaches a power level of �1.0 or below, a drought event happens. In the
case of a positive SPI, the event is over. Therefore, the beginning, the end, and the severity of each month of a drought period
determine its long-term existence (Meshram et al. 2018). The long-term daily precipitation data were procured from IMD for
the period of 36 years (1986–2020) (Pai et al. 2014). A drought in the weather can have several negative repercussions, and as

SPI may be computed crosswise various precipitation growth periods there are numerous SPI gauges that can be used to esti-
mate these effects. In this work, we computed SPI-3, SPI-6, SPI-9, and SPI-12. SPI-3 evaluates short-term drought conditions,
which is vital for agricultural planning (Hadri et al. 2021); SPI-6 identifies extended dry periods impacting water availability,

soil moisture, and vegetation (Sazib et al. 2018); SPI-9 aids in comprehending persistent droughts affecting groundwater
levels, reservoirs, and ecosystems (Liu et al. 2019); SPI-12 is essential for water resource management, hydrological planning,
and gauging drought’s overall impact on ecosystems and communities (Rezaiy & Shabri 2023).
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When calculating the SPI using Equations (1)–(5), a station’s total precipitation frequency distribution is estimated with a

gamma probability distribution function (Shah et al. 2015). The frequency or probability exponential distribution serves as the
definition of the gamma distribution.

g(x) ¼ 1
baG(a)

xa�1e�x=; (1)

when the gamma probability distribution function’s alpha (α). 0 shape factor and beta (β). 0 scale parameter are estimated

over timeframes of 3 months at each station (Meshram et al. 2018).

G(a) ¼
ð1
0
ya�1e�y

where Γ(α) represents the gamma component (Shah et al. 2015).
A frequency analysis of the total quantity of precipitation at a station is used to compute the SPI by adapting a gamma den-

sity function of probabilities to it. To estimate α and β as best as possible, the maximum likelihood solutions are applied:

a ¼ 1
4A

1þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ 4A

3

r !

b ¼ �x
m

A ¼ In(�x)�
P

In(x)
n

where n is the number of rainfall stations. The accumulated likelihood is given by:

G(x) ¼
ðx
0
g(x)dx ¼ 1

baG(a)

ðx
0
xa�1e�x=fdx (2)

Letting t¼X/β, the formula becomes the gamma function that is not complete.

G(x) ¼ 1
Ga

ðx
0
ta�1e�t dt ¼ 1

G(a)

Xt
t¼0

ta�1e�b

The accumulated likelihood is as follows when x¼ 0 and the gamma function cannot be defined:

C(x) ¼ qþ (1� q)G(x) (3)

where q is the likelihood of a zero, and C(x) is an accumulated likelihood.

Using the approximate conversion method, the accumulated possibility is then converted to the normalized arbitrary
variable Z, which is the rate of the SPI: (Meshram et al. 2018)

Z ¼ SPI ¼ � t� c0 þ c1tþ c2t2

1þ d1tþ d2t2 þ d3t3

� �
(4)

for 0.5�C(x). 0

Z ¼ SPI ¼ þ t� c0 þ c1tþ c2t2

1þ d1tþ d2t2 þ d3t3

� �
(5)
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for 1.0�C(x). 0.5

t ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
In

1

(C(x))2

 !vuut

for 0.5�C(x). 0

t ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
In

1

1:0� (C(x))2

 !vuut

for 1.0�C(x). 0.5

C0 ¼ 2:515517, C1 ¼ 0:802853, C2 ¼ 0:010328,

d1 ¼ 1:432788, d2 ¼ 0:189269, d3 ¼ 0:001308

An SPI value of 1 and above indicates that a wet event has occurred. Z. 2.0 values designate extremely heavy rainfall over
the designated timeframe. A SPI result between 1.Z.�1 indicates a rainfall event that is roughly typical. Furthermore,
drought occurrences are directed by a Z-score of �1 or less. The presence of a severe drought is indicated when the Z-
score is less than �1.5 (Table 1) (Meshram et al. 2018).

3.2. Gravity Recovery and Climate Experiment Drought Severity Index (GRACE-DSI)

National Aeronautics and Space Administration (NASA) and Deutsches Zentrum für Luft- und Raumfahrt (German Aero-
space Center) collaboratively developed the GRACE mission in March 2002 (Cheng & Tapley 2004; Rodell et al. 2004;
Jacob et al. 2012; Landerer & Swenson 2012; Hasan et al. 2023). Two satellites were launched as part of the GRACE project,

one after the other in a near-polar orbit ∼500 km above the Earth’s surface, separated by ∼220 km (Vishwakarma 2020). The
mission’s primary goal consists of precisely gauging the Earth’s gravity influence each month (Mukherjee & Ramachandran
2018). In this study, the analysis is based on the most recent GRACE monthly mass grids (RL06) processed at the JPL having

1° � 1° resolution from 2002 to 2020. Another advantage of RL06 is that, over coastlines, the signal leakage errors are
decreased by the coastal resolution improvement filter to improve the data accuracy of GRACE Terrestrial Water Storage
Anomaly (TWSAs) (Wiese et al. 2016). Monthly mean TWSA irregularities, which are like rainwater collection anomalies
and water height, are used to express the estimated mass variances of GRACE acquired by monitoring the temporal fluctu-

ation in gravity. A water mass balance technique is used to calculate variations in available water storage (combined
conservation of groundwater and surface reservoir variations) in any basin. The various TWSA components consisting of
soil moisture (SM), snow water equivalent, surface water (SW), and ground water are all included in the TWS anomaly

Table 1 | Categorization of SPIs depending on their range values (McKee et al. 1993)

SPI range Category

þ2 or more Extremely wet

1.55–1.99 Very wet

1.00–1.49 Moderately wet

�0.99 to 0.99 Near-normal

�1.00 to �1.49 Moderately dry

�1.5 to �1.99 Severely dry

�2 to less Extremely dry
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measurement (Singh et al. 2018):

TWSt ¼ SMt þ SWEt þ SWt þGWt

where the function of time is indicated by the subscript t. Successful drought mitigation measures may be transferred to differ-
ent places with the use of drought monitoring and research based on standardized drought indices. Since it is a standardized

drought measure that takes into consideration the geographical fluctuation in TWS that directly influences the characteriz-
ation of drought (Liu et al. 2020). The standardized aberrations of GRACE TWS are what the GRACE-DSI is described as
(Zhao et al. 2017; Gerdener et al. 2020) using Equation (6):

GRACE�DSIi,j ¼
TWSi,j � TWSj

sj
(6)

where i is the years that range from 2002 to 2020 and j is a season that ranges from premonsoon, summer, monsoon, post-
monsoon to annual, TWSj and sj are, respectively, the average and standard deviation of TWSA differences in seasonal j
(Table 2).

3.3. Vegetation condition index

By combining the NDVI values from NOAACDR and AVHRR satellite data (Vermote 2019, 2022), the VCI was computed as
it can differentiate between short-term climatic cues and long-term biological signals. VCI acts as a more accurate indication

of SM sensitivity than NDVI. VCI compares the NDVI data for a certain time to the maximum (max) and lowest (min) data
values of the NDVI values pertaining to the whole period under consideration. VCI is a percentage (%) that indicates the
most and least values of the measured data over the course of the previous year and is calculated as below (Aksel 2021)

using the following equation:

VCI ¼ NDVIcurr �NDVImin

NDVImax �NDVImin
� 100 (7)

High VCI readings (60–100)% show that the vegetation was in good condition, in contrast to the low VCI values (0–40)%
that show that the vegetation is in terrible health. Moreover, moderate values (40–60)% represent the fair vegetation index
(from the Drought Management Manual, Govt. of India). The normalization is used to reduce the impact of spatial patterns

in NDVI vegetation between various land cover types and climatic conditions and to emphasize comparative shifts in the
local NDVI signal over time (Boqer & Science 2009).

Table 2 | The GRACE-DSI is a dimensionless measure for detecting drought and unusually damp conditions (Zhao et al. 2017)

Category Description GRACE-DSI

W4 Exceptionally wet 2.0 or more

W3 Extremely wet Between 1.60 and 1.99

W2 Very wet Between 1.30 and 1.59

W1 Moderately wet Between 0.80 and 1.29

W0 Slightly wet Between 0.50 and 0.79

WD Near-normal Between 0.49 and �0.49

D0 Abnormally dry Between �0.50 and �0.79

D1 Moderate drought Between �0.80 and �1.29

D2 Severe drought Between �1.30 and �1.59

D3 Extreme drought Between �1.60 and �1.99

D4 Exception drought �2.0 or below
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3.4. Modified Mann–Kendall test (MMK)

The Mann–Kendall test was employed to assess climatic changes in different places worldwide. The following procedure was
used to calculate the outline of the statistical test for the MMK test (Hamed & Rao 1998; Jena et al. 2021):

S0 ¼
Xn�1

k¼1

Xn
kþ1

sign(xj � xk); j . k (8)

where n is the number of observations, x is the dynamic time warping (DTW) trend analysis, and j and k, correspondingly,
between 2 and n and 1 to n� 1 (Gocic & Trajkovic 2013). The readings are likely to be greater (relatively small) than earlier

reports, according to a positive (negative) value for S0. When the results are positively (negatively) autocorrelated, the devi-
ation of S0 is drastically underestimated (overestimated). For a mMK test, the modified variable is computed as follows
(Ahmadi et al. 2018):

V�(S0) ¼ var(S0)� n
n�
S
¼ n(n� 1)(2nþ 5)

18
� n
n�
S

(9)

where V(S0) is the modified variances and n/nS is the correction factor specified by:

n
n�
S
¼ 1þ 2

n(n� 1)(n� 2)
�
Xn�1

i¼1

(n� 1)(n� i� 1)(n� i� 2)rS(i)

when nS is regarded as an appropriate number of samples required to account for the autocorrelation in the rank, i ranges
from 1 to n� 1, and rS is the autocorrelation function of the ranks of the remarks. When there are more than 10 samples, the

standard normal variable Z is calculated as:

A dropping trend for DTW is made known by positive Z values, and a rising drift is indicated by negative Z values. The
assumption or hypothesis (H0) is validated if |ZS|,Z0.05/2 for a specific statistical significance; otherwise, it is discarded.

Figure 2 presents the thematic flowchart of the adopted methodology.

4. MODELING RESULTS

4.1. Standard precipitation index (SPI)

4.1.1. Descriptive analysis of SPI-3

The SPI-3, which is connected to 3 months’ average rainfall accumulation, is a drought indicator used to identify the direct
effects of drought. As per our analysis of the 3-month SPI, a total of 418 occurrences were recorded at each of the 74 sites we
chose throughout the Ganga River basin over the specified time period (Figure 3). We found that the largest individual

drought event recorded during the whole period of the study was near-normal rainfall conditions (i.e., 24,520), while the
lowest was extreme drought conditions (i.e., 439) after doing a frequency analysis for full drought events comprising all
grid points. In addition, although an extreme drought occurred 13 times at grid S-35 by following grid S-8 (12 times)

and S-2, S-20, and S-27 (every 11 times) during the course of the period, it only happened once at grid S-24, S-47, S-53,
and S-55. The total number of severe drought events that occurred was 1,050, and we found that the grid with the fewest
severe drought events (6 times) was S-3 and S-30, whereas grid S-69 had the most severe drought events (31 times). If we
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talk about wet circumstances, there are a total of 1,359 very wet and 2,839 moderately wet occurrences, as well as 725
extreme wet events in which grid S-29 and S-60 independently recorded the greatest (16 times) and lowest (4 times) extreme
wet conditions, respectively. There is not a single case of a moderate drought event recorded in the SPI-3 analysis over the

study area.

Figure 2 | Adopted methodology.

Figure 3 | Frequency analysis of SPI-3, SPI-6, SPI-9, and SPI-12 (y-axis – number of events).
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The analysis of the 3-month standardized precipitation index (SPI3) reveals diverse trends in precipitation across different

regions (Figure 4(a)). Out of the 74 grid points examined, it can be observed that 12 grids have experienced a significant
decreasing trend (SDT), as evidenced by a Z-Significance value less than �1.96. This implies that there has been a notable
reduction in precipitation in those regions over the 3-month period. Conversely, the 31 grid exhibits a non-significant decreas-

ing trend (NSDT), with a Z-significance value between 0 and �1.96, suggesting a downward trend in precipitation, although
not statistically significant. Similarly, there are 25 grids with a non-significant increasing trend (NSIT), as their Z-significance
value ranges from 0 to 1.96, indicating a mild upward trend in precipitation. Conversely, five grids have a significant increas-
ing trend (SIT), with a Z-significance value greater than 1.96, showing a marked increase in precipitation. Only one grid had

no trend, as its Z-significance value was 0, implying no significant variation in precipitation. Therefore, the data highlight the
considerable variability in SPI3 trends among different regions, with some areas experiencing significant changes in precipi-
tation, while others demonstrate non-significant trends in either direction.

Based on the zonal statistics, the minimum Sen’s slope values range from �0.002705 to �0.000112 (Table 3). The sub-basin
with the very minimum Sen’s slope value is Bhagirathi, with a value of �0.002705. The other sub-basins with relatively low
Sen’s slope values (below �0.0015) are Yamuna Lower, Ghaghra, Ram Ganga, Gandak, and Kosi. Most of the sub-basins

have Sen’s slope values between �0.0015 and �0.0005, indicating moderate to low levels of precipitation.
Overall, the analysis suggests that the precipitation levels in most of the sub-basins are within normal ranges, although some

sub-basins have experienced lower precipitation levels than others (Figure 4(a)). The very minimum value experienced sub-

basin is Bhagirathi. The maximum Sen’s slope value was observed at 0.001186 in Yamuna Upper, which is the highest value
among all sub-basins. On the other hand, the least maximum value is observed in Bhagirathi, which is 0. Among the sub-
basins, some of the other notable maximum Sen’s slope values are observed in Ram Ganga (0.001102), Yamuna Middle
(0.001014), Banas (0.000796), and Kali Sindh (0.000886). The sub-basins with relatively lower maximum Sen’s slope

Figure 4 | Future trend of SPI using MMK and Sen’s slope.
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values include Tons (0.000152), Above Ram Ganga Confluence (0.000132), and Kosi (�0.000102). The mean SPI-3 Sen’s
slope values range from �0.001142 to 0.000377 (Figure 5). The Bhagirathi sub-basin has the lowest mean Sen’s slope

value of �0.001142, indicating that it has the driest conditions. The Damodar sub-basin has the second-lowest mean Sen’s
slope value of �0.001054, which suggests that it also has dry conditions. The Yamuna Upper sub-basin has the highest
mean Sen’s slope value of 0.000023, indicating that it has the wettest conditions. The Chambal Upper and Banas sub-
basins also have positive mean Sen’s slope values, indicating relatively wet conditions. Most sub-basins (13 out of 19)

have negative mean Sen’s slope values, indicating that they have dry conditions. The range of mean Sen’s slope values is rela-
tively small, with the difference between the wettest and driest sub-basins being less than 0.002.

4.1.2. Descriptive analysis of SPI-6

The 6-month SPI is particularly effective in visualizing precipitation over the course of the seasons and identifying seasonal to
medium-term variations in precipitation (Pandey & Rao 2019). Our SPI-6 analysis includes 74 locations with a total of 415

incidents at each grid; the majority of them occur under near-normal circumstances (23,755) while the fewest events occur
under severe drought conditions (only 18 times). In addition, the frequency of both extremely dry and extremely wet circum-
stances is almost equal (656 and 657, respectively). Furthermore, the frequency of extreme drought episodes was lowest at

grids S-47, S-6, and S-13 (only 2 times), while it was greater (21 times) at grids S-20 and S-60, and at site S-24, no extreme
drought event happened throughout the period. Several grids, including S-4, S-10, S-13, S-15, S-23, S-34, S-50, S-56, S-57,
S-64, S-67, and S-69, have only experienced severe drought once; S-27 has encountered it twice; and S-62 has suffered it

Table 3 | Band statistics of SPI in the Ganga Basin

Build parameter SPI-3 SPI-6 SPI-9 SPI-12

Minimum value �0.003 �0.003 �0.004 �0.005

Maximum value 0.001 0.001 0.002 0.003

Mean value �0.0003 �0.0003 �0.0005 0.0006

Standard deviation 0.0005 0.0008 0.0011 0.0013

Figure 5 | Zonal statistical mean of sub-basins in the Ganga River system.
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three times; the rest of the sites did not experience any severe drought circumstances. Moderate drought occurrences now

happen most frequently (30 times) at grid S-13 and least frequently (8 times) at grid S-72. On the other side, conditions
that were extremely wet, very wet, and moderately wet were detected 657, 1,381, and 2,895 times, respectively.

The study examined 74 grids to determine trends in SPI6, a measure of drought conditions (Figure 4(b)). Of this grid, 5

(6.76%) exhibited a SIT in SPI6, indicating a worsening of drought conditions over time in those regions. A total of 26
grids (35.14%) showed a non-significant increasing trend, suggesting that there may be some increase in drought conditions,
but it is not statistically significant. On the other hand, 30 grids (40.54%) showed a non-significant decreasing trend, implying
some improvement in drought conditions, but it is not statistically significant. The remaining 13 grids (17.57%) displayed a

significant decreasing trend in SPI6, suggesting that drought conditions are improving over time in those regions. Therefore, it
can be concluded that the majority of the grid (65.68%) shows either a non-significant or an SIT in SPI6, indicating that
drought conditions are generally getting worse over time in the study region.

The SPI-6 is a measure of drought intensity based on the precipitation data for a period of 6 months. The zonal statistical
Sen’s slope minimum of all sub-basins except Banas and Bhagirathi have negative values, indicating that these areas have
experienced drought conditions over the past 6 months. Yamuna Lower, Chambal Lower, Ram Ganga, and Ghaghra have

the lowest minimum Sen slope values, indicating that these areas have experienced the most severe drought conditions.
Kali Sindh and Chambal Upper have the least severe drought conditions among the sub-basins with negative values. The high-
est Sen’s slope of SPI-6 value is 0.001739 for the Chambal Upper sub-basin, and the lowest Sen’s slope value is �0.000385 for

the Kosi sub-basin. The Sen’s slope values for most sub-basins are positive, indicating an increasing trend in precipitation over
time. The highest positive Sen slope values are observed for the Chambal Upper, Yamuna Middle, Ram Ganga, Ghaghra, and
Banas sub-basins. However, two sub-basins, Kosi, and Bhagirathi, show negative Sen’s slope values, which indicate a decreas-
ing trend in precipitation over time. With a Sen’s slope value of 0.000043, the Tons sub-basin has the lowest slope, indicating a

rather steady trend in precipitation. The Sen’s slope values for the sub-basins range widely, from �0.000385 to 0.001739,
demonstrating that the trends in precipitation in the various sub-basins are not all the same. Only six of the 19 sub-basins
(Banas, Chambal Lower, Kali Sindh, and Chambal Upper) have a positive mean SPI-6 score (Figure 5), which denotes a

wetter-than-average condition. The SPI-6 value for the remaining 13 sub-basins is negative, which indicates a drier-than-
average situation. Bhagirathi is the sub-basin with the lowest mean SPI-6 rating, signifying the worst level of drought. The
values range from �0.001559 for Bhagirathi to 0.000760 for Chambal Upper, which shows a substantial difference in the

severity of the drought between the sub-basins.
Overall, the analysis reveals that most of the sub-basins are currently experiencing drought conditions, with only a few

having above-average precipitation levels.
Overall, the analysis of the standard deviation of Sen’s slope values of precipitation data for 19 sub-basins suggests that

there is significant variability in precipitation data among the sub-basins. The sub-basins with higher standard deviation
values need more attention for better water management practices. The sub-basins with lower standard deviation values
can be used as benchmarks for comparison and evaluation of other sub-basins.

4.1.3. Descriptive analysis of SPI-9

The SPI-9 gives information on inter-seasonal precipitation patterns at a time range of medium intervals. Droughts typically

take a season or more to emerge (Pandey & Rao 2019). The analysis of the nine-month SPI reveals that we looked at 74
research locations, with 412 incidents at each grid (Figure 3). Near-normal circumstances saw the greatest number of inci-
dents (23,560), while extremely wet conditions saw the least number of events (648). If we were to discuss each category

separately, grid S-60 had the most extreme drought incidents (27), whereas grids S-23, S-24, and S-65 experienced the
fewest (only 2); additionally, there was no severe drought occurrence at grid S-71. The grids with the highest frequency of
severe drought (32 times each) are S-41, S-57, S-68, and S-73, while S-72 has the lowest frequency. However, the study
areas as a whole had 648, 1,370, and 2,825 occurrences for the extremely wet, very wet, and moderately wet circumstances,

respectively.
Out of the 74 grid points, 8 grids (approximately 11%) show a SIT in SPI9, indicating a consistent increase in precipitation

over the 9-month period (Figure 4(c)). This trend could be related to factors such as climate change or natural variability in

weather patterns. Around 35% of the grid (26 out of 74) show an NSIT in SPI9. This means that these grids have a slight
increase in precipitation over the 9-month period, but the trend is not statistically significant. These trends could be related
to natural variability in the weather patterns or local factors such as land-use changes or urbanization. Similar to the previous
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instance, a modest drop in precipitation throughout the nine months is shown by 24 out of 74 grids (or roughly 32%), but the

trend is not statistically significant. Once more, these developments can be attributed to local variables like urbanization or
changes in land use. A substantial declining trend in SPI9 is present in almost 22% of the grid (16 out of 74), showing a steady
decline in precipitation over the past 9 months. This pattern may be influenced by variables like climate change or climatic

fluctuations. It is crucial to remember that the trends found in SPI9 may have a big impact on the research region. For
instance, major trends in precipitation could cause flooding and effects on infrastructure, while significant trends in precipi-
tation could cause drought conditions, water scarcity, and implications on agriculture. The trends in SPI9 should also be
taken into account in light of additional variables such as climate change, urbanization, and changes in land use. For instance,

increasing urbanization and land-use changes may alter precipitation patterns, while climate change may increase the fre-
quency of extreme weather events like floods and droughts. The majority of sub-basins have negative minimum values,
which show a decreasing tendency in precipitation over time as captured by the data (Figure 5). Bhagirathi, which has a mini-

mum value of �0.004407, is the sub-basin with the most negative value, followed by Yamuna Lower, Ram Ganga, and
Ghaghra, which have minimum values of �0.004167, �0.003125, and �0.003125, respectively. This shows that the
amount of precipitation in these sub-basins has significantly decreased during the research period. On the other hand, several

sub-basins, such as Banas, Chambal Upper, and Kali Sindh, show slightly positive or close to zero minimum values, indicating
a rather consistent trend in precipitation. The analysis as a whole indicates that most sub-basins in the examined area are
seeing a decreasing trend in precipitation, which may have important repercussions for the region’s management of water

resources and environmental sustainability. With values of 0.002222, Yamuna Middle, 0.002187, and 0.002076, respectively,
the Ghaghra sub-basin has the highest maximum Sen’s slope value. The highest maximum Sen’s slope value is found in the
Chambal Upper sub-basin. Precipitation has been increasing in these sub-basins during the past few years, which may be due
to climate change or natural variability. However, the maximum Sen’s slope values for the Tons, Kosi, and Bhagirathi sub-

basins are negative, showing a tendency for precipitation decline. The greatest Sen’s slope value for Tons is �0.000051,
and the highest values for Bhagirathi and Kosi are �0.000478 and �0.000561, respectively. Less precipitation is experienced
in these sub-basins, which may cause drought and a shortage of water. The other sub-basins maximum Sen’s slope values

range from 0.000714 to 0.001826, which suggests a generally steady trend in precipitation through time. This does not necess-
arily imply that there has been no change in the amount of precipitation; rather, it simply means that the change has not been
sufficiently significant to reveal a definite trend. To maintain sustainable water use and lower the risk of flooding, it is impor-

tant to monitor and carefully manage the sub-basins with increasing precipitation trends. The effects of water shortage and
drought can be reduced by paying attention to the sub-basins with decreasing precipitation trends. According to Figure 5, the
zonal statistical mean values range from �0.002022 for the Bhagirathi sub-basin to 0.001219 for the Chambal Upper sub-
basin. Examining the results reveals that most sub-basins have negative mean Sen’s slope values, which point to a trend in

precipitation that is declining with time. The sub-basins Bhagirathi, Damodar, Kosi, Gandak, and Son have the most negative
values. This may indicate that these sub-basins are being more severely affected by climate change in terms of precipitation
decline. However, several sub-basins such as the Chambal Upper, Kali Sindh, Banas, and Tons sub-basins have positive mean

Sen’s slope values, which could indicate a long-term tendency of increasing precipitation. This would also suggest that some
sub-basins are less severely affected by climate change and might even gain from more precipitation.

4.1.4. Descriptive analysis of SPI-12

In general, 12-month SPI values are related to stream flows, reservoir levels, and even groundwater levels over long time
frames (Pandey & Rao 2019). A total of 409 occurrences are recorded at each of the 74 sites that are under analysis. The

majority of events (23,486) according to the SPI-12 study results are in close to average weather, whereas the least
number of incidents are associated with extremely wet weather (658) (Figure 3). Furthermore, a total of 711 incidents
occurred under extreme drought conditions, occurring just once at certain grids (S-21, S-28, S-37, S-43, S-53, S-54, S-55,
S-67, and S-71), and 28 times at grid S-8. These conditions never occurred at grids S-12, S-25, and S-29 throughout the

entire study period. Moreover, just one instance of a severe drought occurred at grid S-72, whereas the highest 38 instances
occurred at grid S-41. On the other hand, there have been 658, 1,393, and 2,702 observations of extremely wet, very wet, and
moderately wet incidents, respectively.

The study investigated the trends in SPI12 values across 74 grids in the study region (Figure 4(d)). Of these, 8% or 6 grids
exhibit a SIT in SPI12 values, indicating an improvement in drought conditions over these regions. However, due to the
absence of information regarding the geographical distribution of this grid, it is not possible to draw any overarching
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conclusions about the improvement of drought conditions across the entire study region. However, 36% of the grids, or 27

grids, exhibit NSIT in the SPI-12 values, suggesting a general tendency of increasing precipitation over these areas. Despite
not being statistically significant, this tendency may nonetheless be beneficial for a number of industries, like agriculture and
water supplies, which rely on rainfall. On the other hand, SPI-12 values of over 30% of the grids, or 22 grids, show an NSDT,

which indicates a general pattern of decreasing precipitation over these regions. Agriculture, water supply, and other indus-
tries that depend on rain might all suffer from such a decline. 19 out of the 74 grids, or 26%, show a significant decreasing
trend (SDT) in SPI-12 values, which indicates a marked deterioration in the drought conditions in these areas. The conse-
quences of this could include crop failures, water shortages, and other negative effects on the environment and society. To

reduce the detrimental consequences of drought conditions in many sectors, it is important to address these challenges.
First, the Bhagirathi sub-basin has the lowest minimum Sen’s slope value of �0.00503, indicating that it has the most severe

drought condition in terms of the SPI_12 analysis (Figure 4(d)). Second, the sub-basins of Yamuna Upper, Yamuna Middle,

Banas, and Kali Sindh have negative minimum Sen slope values, implying that they are also experiencing a drought con-
dition. Third, the sub-basins of Ram Ganga, Ghaghra, Chambal Lower, Gomti, Ghaghra Gomti Confluence, Tons, Son,
Gandak, and Kosi have slightly negative to almost neutral minimum Sen’s slope values, suggesting that they are experiencing

a relatively mild drought condition or normal conditions. Finally, the sub-basin of Chambal Upper has a slightly positive mini-
mum Sen’s slope value, indicating that it is experiencing slightly more than average precipitation. Overall, the result indicates
that many of the sub-basins are experiencing drought conditions based on the SPI_12 analysis of precipitation data. The sever-

ity of the drought varies, with some sub-basins experiencing more severe drought conditions than others. However, it is worth
noting that the SPI_12 analysis only provides a snapshot of the current situation, and long-term trends should also be con-
sidered to fully understand the drought situation in these sub-basins.

Overall, the maximum Sen’s slope values range from �0.000740 to 0.002645. Among the sub-basins with positive maxi-

mum Sen’s slope values, Ram Ganga has the highest value of 0.002645, followed closely by Chambal Upper and Kali
Sindh with values of 0.002507 and 0.002381, respectively. Yamuna Upper, Yamuna Middle, Banas, Ghaghra, Yamuna
Lower, Chambal Lower, Gomti, and Ghaghra Gomti Confluence also have positive maximum Sen’s slope values ranging

from 0.002308 to 0.001017. On the other hand, six sub-basins have negative maximum Sen’s slope values ranging from
�0.000740 to �0.000123. Therefore, the sub-basins with positive maximum Sen’s slope values are likely to have experienced
more precipitation over the analyzed period, while the sub-basins with negative values experienced less precipitation.

Overall, the mean Sen’s slope values range from a positive 0.001518 for the Chambal Upper sub-basin to a negative
0.002216 for the Bhagirathi sub-basin (Figure 5). First, the sub-basin with the highest mean Sen’s slope value, Chambal
Upper, stands out from the rest of the sub-basins with a positive value. This suggests that this sub-basin has received more
precipitation than the other sub-basins during the period of analysis. Second, the sub-basins with the lowest mean Sen’s
slope values, Bhagirathi, Damodar, Kosi, Gandak, and Son, are all negative and have relatively large absolute values. This
indicates that these sub-basins have received less precipitation than the other sub-basins during the period of analysis. Overall,
the mean Sen’s slope values of the SPI_12 analysis of precipitation data for the 19 sub-basins show that some sub-basins have

received more precipitation than others during the period of analysis. The sub-basins with the lowest mean Sen’s slope values
are cause for concern, as they have received significantly less precipitation than the other sub-basins. This could have impli-
cations for water availability, agriculture, and other aspects of life in those areas.

4.2. Gravity Recovery and Climate Experiments – Drought Severity Index

The GRACE-DSI provides worldwide continuous drought monitoring for the whole terrestrial hydrologic cycle (i.e., snow,

SW, soil moisture, and groundwater).

4.2.1. Descriptive analysis of winter GRACE-DSI

Following G-DSI analysis for the winter session, we discovered that exceptional drought episodes only occurred four

times throughout the study region at grids S-1, S-2, S-3, and S-4, while severe drought was the most common drought
event (183 times). In addition, 103 and 146 instances of light and moderate drought, respectively, were recorded. In this
study, we showed no extreme drought occurrences over the entire study area. In total, 428 events were classified as ‘near-
normal’, which is the maximum number of events for a single condition. On the other hand, slightly wet, moderately wet,
and severely wet circumstances were observed 206, 119, and 71 times, respectively. Furthermore, 69 events were recorded
as ‘extremely wet’, while only 3 events were ‘exceptionally wet’ over the study region.
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The analysis of data collected from 74 grids in the region indicates a widespread trend toward increasing drought severity

during the winter season. Specifically, 63 of these grids exhibit a significant decreasing trend in winter GRACE_DSI values,
which strongly suggests that drought conditions in the region have been worsening. In contrast, only three grids demonstrate
a significant increasing trend, and two others show a non-significant increasing trend. While these grids represent a minority,

their presence reinforces the notion that increasing drought severity is a pervasive phenomenon across the study region. In
addition, six grids display a non-significant decreasing trend, which may imply either a lack of statistical significance or insuf-
ficiently strong evidence of a decreasing trend. The implications of this trend are significant and far-reaching, as it could have
serious impacts on sectors such as agriculture and water resources, which depend on a consistent and reliable supply of water.

The results show that the minimum Sen’s slope values range from �0.089828 to �0.175235 across.
The sub-basin with the lowest minimum Sen’s slope value is Chambal Upper with a value of �0.089828, while the sub-basin

with the highest minimum Sen’s slope value is Yamuna Upper with a value of �0.175152. On average, the sub-basins have a

minimum Sen’s slope value of �0.164, which indicates a moderate to low level of groundwater storage. The sub-basins
Yamuna Upper, Above Ram Ganga Confluence, and Ram Ganga have the lowest minimum Sen slope values, suggesting a
high level of groundwater depletion (Figure 6). In contrast, the sub-basin Chambal Upper has the highest minimum Sen’s
slope value, indicating a relatively stable groundwater storage. The findings as a whole show the substantial spatial diversity
in groundwater storage throughout the sub-basins. While the sub-basins in the southern and eastern regions of India, such as
Chambal Upper, Kali Sindh, Tons, Son, and Damodar, have relatively stable groundwater storage, the sub-basins in the north-

western and central regions, such as Yamuna Upper, Above Ram Ganga Confluence, and Ram Ganga, are more susceptible
to groundwater depletion (Figure 11(a)). These results point to the necessity of groundwater management techniques that are
region-specific to ensure the sustainable use of this essential resource. The range of the maximum Sen’s slope values is
between �0.166212 and 0.088779. Overall, the findings imply that the majority of sub-basins have maximum Sen’s slope

values that are negative, indicating a tendency toward declining winter groundwater storage. The sub-basins Ram Ganga,
Above Ram Ganga Confluence, and Kosi have the highest maximum negative values for Sen’s slope. Only three sub-
basins (the Yamuna Lower, Kali Sindh, and Chambal Upper), however, have maximum Sen’s slope values that are positive,

demonstrating an upward trend in winter groundwater storage. Ram Ganga, Above Ram Ganga Confluence, and Kosi are the
sub-basins with the biggest absolute maximum Sen’s slope values, showing the most dramatic decreasing trend in winter
groundwater storage. This might be the result of several factors, like excessive groundwater extraction or modifications to

the pattern of precipitation. Damodar, Bhagirathi, and Banas are three sub-basins having substantially lower absolute

Figure 6 | Zonal statistical mean of winter GRACE-DSI in the Ganga basin.
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maximum Sen’s slope values. Overall, the findings imply that, with a few notable exceptions, the winter groundwater storage

trend in the study area is primarily falling. The majority of the sub-basins have negative mean values, with the exception being
Chambal Upper, which has a marginally positive mean value. The range of the mean values is from �0.171569 to 0.007773.
The sub-basin with the lowest mean value is Yamuna Lower, which has a value of �0.104319, and the lowest negative mean

value is in Kali Sindh, which is at �0.042698. Chambal Upper is the sub-basin with the highest negative mean value of
�0.171569. The implication of the negative mean values is a decline in the sub-basin’s overall winter water storage.
Higher negative mean values may indicate more severe water scarcity, whereas lower negative mean values may indicate rela-
tive improvement in certain sub-basins. The water storage dynamics may alter throughout other seasons; therefore, it is

important to keep in mind that the mean values only give an overview of the winter season. The amount of water stored
in the sub-basins can also be impacted by additional factors, including climate change and human activity.

4.2.2. Descriptive analysis of summer GRACE-DSI

According to S-GDSI (GRACE-Drought Severity Index) data, the research area’s grids S-16, S-60, and S-65 only saw three
instances of extreme drought, compared to 138 moderate drought occurrences overall. The frequency analysis shows that

exceptional drought conditions were only reported at 37 sites once, while there were 71 occasions when slight drought con-
ditions were present. In addition, 119 events are under severe drought conditions. Overall, most of the events that happened
over the study region were near-normal (561). However, in this summer’s GDSI, there was not a single case of exceptionally

wet conditions. Moreover, slight and moderate wet conditions were observed 136 and 216 times, whereas there were 87 and
38 events of severe wet and extreme wet conditions, respectively. Out of the 74 grids, the majority (63) exhibit a noteworthy
declining pattern in summer GRACE_DSI, which is supported by a Z-score less than �1.96. This finding implies that the
region has undergone a significant escalation in drought severity during the summers. Conversely, only three grids demon-

strate a significant upward trend in summer GRACE_DSI, indicating that there could be some relief from drought
conditions in these specific areas. In addition, six grids reveal a non-significant decrease in trend, while two grid show a
non-significant increase in trend. This outcome suggests that there is no substantial trend in drought severity in those

locations during the summers. Considering the significant decreasing trend in Summer GRACE_DSI observed in most
grids, it is likely that the region experiences more recurrent and severe droughts in the summers. This phenomenon corre-
sponds with the anticipated consequences of climate change, which may amplify the frequency and severity of droughts in

numerous areas. Contrarily, the rising trend seen in a small number of grids may be attributable to regional variables,
such as improved water management strategies or changes in land use, which may have reduced the intensity of the drought
in those locations. Most of the grids show a large declining trend in summer GRACE_DSI, which is consistent with the effects
of climate change, and the data show that the region has suffered a considerable increase in drought severity throughout the

summers. This demonstrates the need for adequate action to reduce the negative consequences that droughts have on the
affected communities.

The main finding of the analyses is that all the sub-basins have negative minimum Sen’s slope values (Figure 7). This

suggests a decline in the amount of terrestrial water stored in all the sub-basins over the summer. The Ram Ganga sub-
basin has the lowest minimum Sen’s slope value (�0.175235) which indicates that it has the greatest reduction in TWS
when compared to all other sub-basins. The Chambal Upper sub-basin, on the other hand, has the greatest minimum

Sen’s slope value, at �0.089828, which denotes a somewhat slower decline in TWS over the summer. Another finding
from the table is that the sub-basins with the highest minimum Sen’s slope values are usually found in India’s north, while
those with the lowest values are found in the country’s center and south.

This could be due to differences in rainfall patterns and water management practices in these regions. Overall, the result
provides useful information on the seasonal changes in TWS in different sub-basins in India.

The result presents zonal statistics of the maximum Sen’s slope values of summer GRACE DSI analysis of GRACE data of
19 sub-basins (Figure 7). The maximum values range from �0.166212 to 0.088779, indicating significant variation in the water

storage trends across the sub-basins. The highest maximum value of 0.088779 is recorded in Chambal Upper, suggesting an
increase in water storage during the summer. In contrast, the lowest maximum value of �0.166212 is observed in Ram Ganga,
indicating a significant decrease in water storage during the summer. Most sub-basins, including Yamuna Upper, Above Ram

Ganga Confluence, Yamuna Middle, Ghaghra, Gomti, Ghaghra Gomti Confluence, Kosi, and Bhagirathi, have negative maxi-
mum values, indicating decreasing water storage trends during the summer. However, the maximum values for the Yamuna
Lower, Kali Sindh, and Damodar sub-basins are positive, indicating a rise in water storage over the summer. The highest
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values for the remaining sub-basins (Banas, Chambal Lower, Tons, Son, and Gandak) are close to zero, indicating that sum-
mertime water storage changes are unlikely to be significant. The zonal statistics of the maximum Sen’s slope values, in
general, show a considerable variation in water storage patterns throughout the sub-basins. The majority of sub-basins nega-

tive maximum values indicate a drop in water storage over the summer, which could be explained by higher
evapotranspiration, lower precipitation, or anthropogenic activity. However, the positive maximum values in a few sub-
basins (between �0.171569 and 0.007773) point to a rise in water storage, which may be caused by more precipitation or

a decline in human activity. The table’s primary features are its negative mean values; only one of the sub-basins has a some-
what positive number. The mean value for Yamuna Upper is �0.171569, while the mean value for Kali Sindh is �0.042698.
In the majority of the sub-basins, the summertime TWS decreases, as indicated by the negative mean values. The only sub-
basin with a marginally positive result is Kali Sindh, which would point to a marginal rise in TWS throughout the

summer. Overall, the results show how seasonal variability affects TWS in various sub-basins. In addition, it highlights
how crucial it is to manage and monitor water supplies to ensure their sustainable use in light of shifting climatic conditions.

4.2.3. Descriptive analysis of monsoon GRACE-DSI

As per the M-GDSI result, the frequency of extreme and exceptional drought conditions is the same as the S-GDSI data, but

the occurrence of low, moderate, and severe drought is slightly different. By contrast, in this case, only one case of exceptional
wet conditions happened at grid S-8. Overall, the rest of the wet conditions were observed almost exactly the same as S-GDSI.

In this case, the majority of the grid (66 out of 74) has shown a significant decreasing trend in Monsoon GRACE_DSI, indi-
cating a reduction in surface SM over time. This trend has significant implications for agriculture, water resources, and the

environment. Conversely, only five grids show a non-significant decreasing trend, while three grids show a non-significant
increasing trend, implying insufficient evidence to determine the trend of surface SM in these areas. Meanwhile, none of
the grids indicate a SIT in monsoon GRACE_DSI, highlighting a high level of consistency in the decreasing trend of surface

SM across the study region. The downward trend in monsoon GRACE_DSI is concerning since it can lead to environmental
and social challenges such as water scarcity, soil erosion, and reduced agricultural productivity. The trend’s possible causes
include climate change, deforestation, land-use change, and groundwater extraction. In addition, the decreasing trend in

Figure 7 | Zonal statistical mean of summer GRACE-DSI in the Ganga basin.
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monsoon GRACE_DSI aligns with the general trend of decreasing monsoon rainfall in the area over the past few decades. This

trend is attributed to various factors, such as global warming, land-use change, and aerosol pollution. Furthermore, the study
region is susceptible to natural disasters such as floods, droughts, and landslides, and the decreasing trend in monsoon
GRACE_DSI could exacerbate the frequency and intensity of these disasters, leading to significant economic and social losses.

The main features of the data can be highlighted as follows (Figure 8):

• The minimum Sen’s slope values for all sub-basins fall between �0.166554 and �0.109959, indicating a relatively narrow

range of values.

• Chambal Upper has the lowest Sen’s slope value of �0.109959, while Yamuna Upper has the highest value of �0.166554.

• The majority of sub-basins (13 out of 19) have a minimum Sen’s slope value ranging from �0.160165 to �0.14161,

suggesting that these sub-basins may have similar patterns of TWSA during monsoon season.

• Chambal Lower has a minimum Sen’s slope value of �0.153496, which is slightly higher than the majority of sub-basins but
still falls within the range of �0.160165 to �0.14161.

• Kali Sindh has the lowest Sen’s slope value among the sub-basins within the range of �0.160165 to �0.14161, indicating a
possible water scarcity issue in this sub-basin.

• Chambal Upper has a significantly lower Sen’s slope value compared to all other sub-basins, indicating a higher degree of
water scarcity in this region.

Overall, the information points to a rather restricted range of values for the minimum Sen’s slope values for the 19 sub-
basins. There are differences in the values as Chambal Upper has the lowest value and Yamuna Upper has the highest.
During the monsoon season, most of the sub-basins exhibit a similar pattern of water availability, with 13 of 19 falling

within a constrained range of �0.160165 to �0.14161. The lowest rating among these is for Kali Sindh, suggesting a potential

Figure 8 | Zonal statistical mean of monsoon GRACE-DSI in the Ganga basin.
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problem with water availability. Chambal Lower is still within this range despite having a slightly higher value. The infor-

mation demonstrates the necessity of further investigation and management of water resources in sub-basins with lower
Sen’s slope values, particularly in Chambal Upper and Kali Sindh.

The negative values of the maximum Sen’s slope values, which show a declining trend in groundwater storage in most of

the sub-basins, are the major highlights of the table (Table 4). The Kosi, Yamuna Upper, and Above Ram Ganga Confluence
sub-basins exhibited the largest negative Sen’s slope values. The upper, middle, and lower sub-basins of the Yamuna River
basin were found to have negative maximum Sen’s slope values. In addition, the maximum Sen’s slope values in the
Ganges River’s Ram Ganga and Ghaghra sub-basins are negative. Contrarily, the maximum Sen’s slope value for the Chambal

Upper sub-basin is positive, indicating a rising trend in groundwater storage. A negative maximum Sen’s slope value was
found in the Kali Sindh sub-basin, which only suggests a modest decline in groundwater storage. Similar results may be
seen for the Bhagirathi sub-basin, which shows a modest drop in groundwater storage and a moderate maximum negative

Sen’s slope value. The bulk of the sub-basins appear to be seeing a downward trend in groundwater storage, which could
have a significant impact on the region’s future water availability. To ensure the sustainability of water resources in the
impacted regions, appropriate groundwater management measures are required, as shown by the negative values of maxi-

mum Sen’s slope values. Yamuna Upper has the lowest mean value and Chambal Upper has the greatest mean value,
with values ranging from �0.164192 to �0.040302. It generally seems that the majority of the sub-basins have negative
mean values, which suggests that during the monsoon season, TWS decreases. Yamuna Upper, Yamuna Lower, and Kali

Sindh have the lowest mean values, which may indicate that these regions experience more severe water stress during the
monsoon season. Contrarily, the sub-basins with higher mean values, such as the Ganges and the Upper Chambal, would
suggest that these regions have more consistent water supplies during the monsoon. The availability of water in these sub-
basins may also be impacted by other factors such as rainfall, groundwater recharge, and irrigation methods. It is crucial

to keep in mind that the figures indicate the mean of Sen’s slope values.

4.2.4. Descriptive statistics of post-monsoon GRACE-DSI

The post-monsoon (PM)-GDSI recorded 67 (slight drought), 139 (moderate drought), and 122 (severe drought) cases, as well

as 37 exceptional drought events, which is nearly identical to the S-GDSI and M-GDSI. In addition, a total of 561 cases of
near-normal conditions occurred, with 84 events of severe wetness and 37 events of extreme wetness.

The data collected from 74 grids suggests a consistent decline in groundwater storage in the study region during the post-

monsoon season over the years. Specifically, 66 out of 74 grids show a significant decreasing trend in post-monsoon GRACE_
DSI, indicating the severity of the issue. This consistent decline could be attributed to several factors, such as over-exploita-
tion of groundwater resources, climate change, and variability in rainfall patterns. In contrast, only one grid point out of the

74 shows a SIT in post-monsoon GRACE_DSI, implying an improvement in groundwater storage at that location. However, it
is challenging to draw a conclusion based on this single grid, as it could be due to specific interventions or natural factors. In
addition, four grids show an NSIT in post-monsoon GRACE_DSI, indicating an increasing trend that is not significant
enough to reject the null hypothesis of no trend. Similarly, three grids show an NSDT in post-monsoon GRACE_DSI. The

significant decreasing trend in post-monsoon GRACE_DSI across the majority of the grid highlights the potential stress
and over-exploitation of groundwater resources.

The minimum Sen’s slope values range from �0.102516 in the Chambal Upper sub-basin to �0.178548 in the Ghaghra sub-

basin (Figure 9). Overall, the result depicts that the sub-basins with higher minimum Sen’s slope values (such as Ghaghra,
Yamuna Upper, and Above Ram Ganga Confluence) may have experienced more severe water stress during the post-

Table 4 | Band statistics of GRACE-DSI

Build parameter W-GDSI S-GDSI M-GDSI PM-GDSI AN-GDSI

Minimum value �0.18 �0.18 �0.17 �0.19 �0.18

Maximum value 0.09 0.09 0.02 0.06 0.09

Mean value �0.13 �0.13 �0.13 0.14 �0.15

Standard deviation 0.05 0.05 0.03 0.04 0.05

GDSI, GRACE-Drought Severity Index; PM, post-monsoon.
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monsoon period compared to sub-basins with lower minimum Sen’s slope values (such as Chambal Upper and Kali Sindh).

This may be due to factors such as low rainfall, high evapotranspiration, or excessive groundwater extraction. It could mean
that the sub-basins with lower minimum Sen’s slope values would have seen improved post-monsoon water availability.
Hence, it is crucial to remember that the minimum Sen’s slope values do not reflect long-term trends or the total water avail-

ability in the sub-basins; rather, they simply offer a snapshot of water availability within a given time period. To completely
comprehend the state of the water resources in these sub-basins, additional research and monitoring are necessary.

The major highlight of the table is the negative maximum values of most of the sub-basins, which show a downward trend
in groundwater storage (Figure 9). Ghaghra is the sub-basin with the highest negative value, indicating the greatest loss in

groundwater storage. However, the highest values for the Yamuna Lower, Kali Sindh, Chambal Upper, and Gandak sub-
basins are positive, showing a rising trend in groundwater storage. The increase in storage is less significant than the decrease
in other sub-basins, though. With a minimum negative score of �0.053354, Banas is the sub-basin that has experienced the

least loss in groundwater storage. Damodar and Bhagirathi are two additional sub-basins with comparatively modest negative
values. The table summarizes a downward trend in groundwater storage for the majority of the sub-basins. It emphasizes the
need for improved water management techniques and conservation measures to enable long-term sustainable groundwater

use. Furthermore, the sub-basins with a growing trend in groundwater storage may offer insightful information into successful
water management techniques that can be applied to other sub-basins to ensure a sustainable water supply. Based on the
water balance, the mean Sen’s slope values describe the temporal variations in the water storage in the sub-basins and

can be either positive or negative. The negative figures in the table show that water storage decreased after the monsoon.
The main features of the table are as follows (Figure 9):

• The mean Sen’s slope values of the sub-basins range from �0.172504 to �0.018045, with a mean of �0.142662.

• The sub-basin with the highest mean Sen’s slope value is Chambal Upper, indicating an increase in water storage during the

post-monsoon period.

• The sub-basin with the lowest mean Sen’s slope value is Ghagra, indicating a significant decrease in water storage during
the post-monsoon period.

• Most of the sub-basins have negative mean Sen’s slope values, indicating a decrease in water storage during the post-mon-
soon period.

Overall, the table indicates that the post-monsoon period has led to a decrease in water storage in most of the sub-basins,
with only Chambal Upper showing an increase. The significant decrease in Yamuna Lower and the negative mean Sen’s

Figure 9 | Zonal statistical mean of post-monsoon GRACE-DSI in the Ganga basin.
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slope values of other sub-basins suggest the need for water management strategies to ensure sustainable water use in these

regions.

4.2.5. Descriptive statistics of annual GRACE-DSI

Finally, an annual frequency analysis of the chosen study area showed 37 events of exceptional drought and only 3 events of

extreme drought conditions on the same grid as S-GDSI. The most frequent drought conditions occurred in moderate drought
conditions (140), while 121 events of severe drought were observed. According to the analysis, no exceptional wet conditions
occurred during the period, with 86 events of severe wet and 39 extreme wet conditions observed.

The study analyzed 74 grids and found that 64 grids (86.5%) have experienced a significant decrease in annual GRACE_
DSI, indicating a decline in groundwater storage in these regions over the study period. Meanwhile, only one grid (1.4%)
showed a SIT in Annual GRACE_DSI, suggesting an increase in groundwater storage. Nevertheless, this increase was not

significant enough to be considered a positive trend, and further analysis is required to understand its causes. In addition,
three grids (4%) have shown a NSIT, implying a slight increase in groundwater storage that is not statistically significant.
The groundwater storage in six grids (8%) has also shown an NSDT, which is also not statistically significant. There are a

number of reasons why the majority of the grid has a substantial decreasing trend (SDT) in groundwater storage, including
overuse of groundwater resources, a decline in rainfall, and an increase in water demand brought on by population expansion
and economic development. Groundwater storage is on the decline, which could have negative effects on the ecosystem such
as land subsidence and seawater intrusion. These results highlight how crucial it is to manage groundwater resources sustain-

ably in the research area. Promotion of effective irrigation techniques, regulation of groundwater abstraction, rainwater
collection, and preservation of wetlands and other natural recharge zones are some of the potential actions that might be
taken to manage groundwater resources sustainably in the research area. Such actions can be taken to minimize the ground-

water storage trend toward decline and guarantee the long-term viability of the local water supplies. In the majority of the sub-
basins, the minimum Sen’s slope values, which range from �0.110014 to �0.178903 (Figure 10), show a falling trend in water
storage. This indicates that there is less water available in these sub-basins now than there was previously. Sen’s slope values

are lowest in Chambal Upper (�0.110014), Kali Sindh (�0.155462), and Son (�0.158854), showing a more dramatic falling
trend in water storage than is the case in other sub-basins. Banas (�0.16888), Tons (�0.162691), and Damodar (�0.164626)
had the highest Sen’s slope values, indicating less in water storage than other sub-basins. Sen’s slope values for the three sub-
basins of the Yamuna River basin, Yamuna Upper, Yamuna Middle, and Yamuna Lower, range from �0.17496 to �0.178903,

Figure 10 | Zonal statistical mean of annual GRACE-DSI in the Ganga basin.
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suggesting a considerable decline in water storage in this basin. Compared to the Ghaghra sub-basin (�0.175471) and the

Gomti sub-basin (�0.176259), the Sen’s slope value for the Ghaghra Gomti Confluence sub-basin is comparatively lower
(�0.174398). This shows a less severe water storage trend in the Ghaghra Gomti Confluence sub-basin compared to the
other two sub-basins. The sub-basins maximum Sen’s slope values range from �0.171514 to 0.086715. Ram Ganga and Cham-

bal Upper have the highest maximum Sen’s slope values, while Yamuna Lower and Kali Sindh have the lowest maximum
Sen’s slope values. Negative maximum Sen’s slope values for any sub-basin suggest a downward trend of groundwater
level during the study period, indicating that the drought conditions in certain areas are getting worse. Chambal Upper is
the sub-basin with the highest positive maximum Sen’s slope value, indicating that the area’s groundwater levels are rising.

Sub-basins with moderately negative maximum Sen’s slope values, like Tons and Son, suggest a progressive fall in ground-
water levels, which, if not reversed, could result in future drought conditions. The findings also show that the maximum
Sen’s slope values in some of the sub-basins, such as Kali Sindh and Yamuna Lower, are extremely low. This suggests that

the groundwater levels in those places have remained comparatively steady during the course of the study, which is encoura-
ging for the security of the water supply in those areas. According to Figure 10, the sub-basins mean Sen’s slope values range
from �0.172417 for Yamuna Upper to �0.010466 for Chambal Upper. The sub-basins Kali Sindh, Yamuna Lower, and Banas

have the lowest mean Sen’s slope values, indicating a less severe level of drought. On the other side, sub-basins including Ram
Ganga, Yamuna Middle, and Ghaghra Gomti Confluence that have higher mean Sen’s slope values are going through more
severe droughts. The findings also imply that the Yamuna River basin, which has sub-basins with high mean Sen’s slope

values, is currently facing the worst drought conditions. On the other hand, the lower mean Sen’s slope values in the sub-
basins of Chambal Upper and Kali Sindh indicate better drought conditions. The graphic representation of GRACE-DSI
Sen’s slope is shown by Figure 11. The GRACE-DSI Sen’s slope of the zonal statistical mean of the sub-basin is shown by
Figure 12. Figure 13 shows the frequency analysis of different GRACE-DSI.

Figure 11 | Graphical representation of GRACE-DSI Sen’s slope.
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4.3. Vegetation-conditioned index (VCI)

The study examined 19 sub-basins to determine trends in VCI over a certain period. Results show that six sub-basins, com-
prising 31.6% of the total sub-basins, exhibited a significant increase in VCI with Z-significance values greater than 1.96.
This finding implies a significant improvement in vegetation health in these sub-basins during the study period (Table 5).

Figure 12 | GRACE-DSI Sen’s slope of the zonal statistical mean of the sub-basin.

Figure 13 | Frequency analysis of different GRACE-DSI.
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On the other hand, 11 sub-basins, or 57.9% of the total sub-basins, exhibited a non-significant increase in VCI with Z-signifi-
cance values ranging from 1.96 to zero. This suggests that while there has been a positive trend in vegetation health in these
sub-basins, the trend is not statistically significant. Interestingly, none of the sub-basins showed a non-significant decrease in

VCI over the study region, with Z-significance values ranging from zero to �1.96. However, two sub-basins, comprising 10.5%
of the total sub-basins, showed a significant decrease in VCI with Z-significance values less than �1.96, implying a significant
decline in vegetation health in these sub-basins during the study period.

5. DISCUSSION

In the 3-month SPI analysis, we observed that the Chambal Upper region (the South-western part of the Ganga River Basin)
exhibited the wettest conditions (Figure 4(a)). This region, along with the Kali Sindh, Banas, and Yamuna Middle areas,
experienced increased vegetation throughout the study period. The wetter conditions can be attributed to above-average pre-
cipitation in these areas, leading to higher water levels and greener landscapes. In contrast, the Above Ram Ganga

Confluence, Bhagirtahi, and Damodar River basins faced the driest conditions. These regions experienced decreased water
levels and reduced greenery during this period, likely due to below-average rainfall. In the 6-month SPI analysis, we found
that the Chambal Upper region (the South-western part of the Ganga River Basin) continued to have the wettest conditions,

along with the Yamuna Middle areas, Ram Ganga, and Ghaghra Gomti sub-basins (Figure 4(b)). These regions also experi-
enced increased vegetation over the study period. Similar to the 3-month SPI analysis, the Above Ram Ganga Confluence,
Bhagirtahi, and Damodar River basins faced relatively drier conditions compared to the wetter regions. These areas still

had lower water levels and greener landscapes than the 3-month analysis, despite a modest rise in water levels. The mid-
region of Ghanghra, Gomti, Ghaghra Gomti Confluence, and Yamuna Middle showed the wettest conditions in the 9-
month SPI analysis (Figure 4(c)). Throughout the course of the study, these areas had an increase in vegetation, indicating
positive moisture availability while the Gomti river basin’s upper stream saw the driest weather. This area saw lower

water levels and less greenery than other locations, presumably as a result of less precipitation. The eastern portion of the
Ganga River Basin, where the Ghanghra, Gomti, Ghaghra, and Gomti Confluence is located, had the wettest conditions,
according to the yearly SPI study (Figure 4(d)). Over the course of the study, the vegetation in these areas grew, indicating

adequate rainfall. On the other hand, of all the sub-basins, the upper stream of the Gomti River basin saw the driest circum-
stances. Reduced vegetation and water levels in this area suggest below-average precipitation and likely water stress. Overall,
the Ganga River Basin SPI analysis showed regional and temporal changes in precipitation and their impacts on water avail-

ability and vegetation development. In several sub-basins, wet conditions and increasing vegetation were seen, indicating
good rainfall patterns. Other sub-basins, on the other hand, showed drier conditions, decreasing water levels, and diminished
vegetation, indicating fewer precipitation amounts. Regional weather patterns, air circulation, geography, and climatic

elements that affect the Ganga River Basin’s rainfall patterns may all be contributing factors to these fluctuations.
The study’s main result is that there is a general tendency in the area toward increased drought intensity annually, which

strongly implies that the region’s drought conditions have been getting worse. While a minority of grid points represent sig-
nificant and non-significant increasing trend, and their presence reinforces the notion that increasing drought severity is a

pervasive phenomenon across the study region. The study’s findings are consistent with previous research on drought sever-
ity. The study by Vicente-serrano & Beguería (2014) analyzed the impact of temperature rise on drought severity worldwide
and reported variable results. Another study by Aadhar & Mishra (2019) examined the effect of climate change on the fre-

quency of drought over India and found that by the end of the 21st century, there was a 150% increase in the region
experiencing severe drought. These studies have been based on drought indices obtained from low-resolution gridded climate
data. According to the annual data, the region is experiencing droughts that are becoming more severe. Sectors that depend

Table 5 | Band statistics of VCI

Long period VCI

Minimum value 14.38

Maximum value 92.47

Mean value 50.69

Standard deviation 7.71
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on a steady and continuous supply of water, including agriculture and water resources, might be seriously impacted by this.

The report also emphasizes the necessity for more study to comprehend this trend’s sources and effects on society (Yu et al.
2018). This study has some drawbacks, including its single-region emphasis and dependance on information gathered from
just 74 locations. To properly understand the reasons and effects of this trend, future research should broaden the study’s geo-
graphic reach and gather data from more locations.

The study examined 19 sub-basins to discover any recurring patterns in the VCI throughout time. Results show that VCI has
significantly increased in around one-third of all sub-basins (Figure 1). This finding implies that during the investigation, plant
health in these sub-basins has greatly improved. On the other hand, almost half of the sub-basins total area saw a non-signifi-

cant increase in VCI. Despite the fact that the vegetation health in these sub-basins has gotten better over time, the trend is not
statistically significant. It is interesting to notice that there was no non-significant reduction in VCI across the research
region’s sub-basins. However, two sub-basins showed a significant reduction in VCI, indicating a significant decline in the

health of the vegetation in these sub-basins over the course of the study (Figure 14). The findings show that during that
time, vegetation health has typically increased throughout the research region. However, this improvement is not statistically
significant for more than half of the total sub-basins investigated. The research also found that none of the sub-basins VCI

declines in comparison to the study region were non-significant. This shows that the vegetation’s health has not declined
during the research period. These findings suggest that although the health of the vegetation has generally improved over
the study period throughout the research area, this improvement is not statistically significant for more than half of the

total sub-basins examined. The findings show that there are still certain areas where the vegetation’s health has to be
improved. This study has some limitations, including its single-region focus and reliance on remote sensing data rather
than observations made on the ground. Future research into additional locations and the incorporation of ground-based
observations with remote sensing data may advance this study.

To understand the environmental relationship of various drought indices, multi-point pixel-based correlation studies were
carried out over the long period average mean. The degree of similarity between various parameters (GRACE-DSI [W, M,
PM], SPI [3,6,9,12], and VCI) was determined by correlation analysis; a relationship between a parameter and a value on

a scale of �1 to þ1 indicates a negative relationship and a positive relationship, respectively (Hasan & Rai 2020). The cor-
relation coefficient matrix of the teleconnection indices was evaluated on temperature and precipitation in Iran (Ahmadi
et al. 2022).

The correlation matrix provided offers insights into the intricate relationships among various drought indices, including the
GRACE-DSI for different seasons, SPI across different time frames, and VCI. The correlation values, ranging from �1 to 1,

Figure 14 | VCI Sen’s slope zonal statistical mean of sub-basin trend.
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provide a nuanced understanding of how these indices interact: where 1 denotes a perfect positive correlation, �1 is a perfect
negative correlation, and 0 is a no connection.

There is the strongest positive correlation found between SPI-9 and SPI-12, 0.87469 indicates that when the dryness is high
for 9 months, it is very likely to persist and be high for 12 months as well. Conversely, robust negative correlation surfaces
between GRACE-DSI-PM (Drought Severity Index – Post Monsoon) and SPI-3, �0.70152 signifies a substantial opposing
trend, suggesting that elevated post-monsoon drought severity tends to coincide with diminished precipitation levels in the

preceding three months. For instance, it could indicate that high drought severity measured by one index during a specific
period is likely followed by a significant improvement in drought conditions as measured by the other index. This information
would be valuable for understanding and potentially predicting drought patterns.

Further examination of the correlation matrix unveils notable trends and patterns within the dataset. For instance, there is a
moderate positive correlation between SPI-3 and SPI-6 (0.71078), GRACE-DSI_W and SPI-3 (0.50016), SPI-6 and SPI-9
(0.47756), as well as indicating consistency in precipitation patterns over successive periods. In addition, a moderate negative

correlation exists between VCI and GRACE-DSI_W (�0.42131), suggesting that increased winter drought severity corre-
sponds with decreased vegetation health.

6. CONCLUSION

After analyzing the precipitation, GRACE-DSI, and VCI multi-temporal datasets, we have concluded that the Ganga River
Basin will experience an increasing trend of drought over the study period. Specifically, in the short-term (3-month SPI) analy-

sis, the south-western region is projected to have more water availability, while other regions are facing scarcity of water.
However, in the SPI-6 analysis, water availability in the south-western region has decreased while the northern and eastern
regions are showing an increasing trend of water availability. The 9-month SPI results indicate that the eastern part of the

Ganga River basin and a small part of the northern region have wet conditions, while the rest of the region experiences
water scarcity throughout the basin. The zonal mean of all the sub-basins shows declining GRACE-DSI in all seasons
except Upper Chambal, which shows a positive increase in winter and summer. All sub-basins show a positive increase in

vegetation health dynamics except Sone and Tons sub-basins, which have decreased vegetation health. In conclusion, this
study can aid in taking appropriate measures for future water security in the affected region. The findings of this study can
be utilized by policymakers and water resource managers to implement effective drought mitigation strategies in the
region (Figure 15). By understanding the spatial and temporal patterns of drought, the government can prioritize the allo-

cation of resources toward areas that are most affected by drought, thereby reducing the impact of drought on agricultural
productivity and livelihoods. This study also highlights the need for sustainable water resource management practices in
the Ganga Basin, including the promotion of water harvesting and conservation techniques, to ensure long-term water secur-

ity in the region to achieve agenda 2030 of the United Nations Sustainable Development Goals.
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