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Introduction: The goal of this study is to decompose the influence of
specific hydrologic reservoirs in the Earth's critical zone that interact to create
observed total water supply (TWS) anomalies in the highly altered and densely
populated Indus, Ganges, and Brahmaputra drainage basins. Understanding
the contributions to TWS anomalies can help find potential solutions for the
sustainability of human water supply.

Methods: We compare changes in the macroscale hydrology of three important
High Mountain Asian drainage basins through seasonal and long-term trends in
TWS. Statistical time-series analysis of nine individual TWS components modeled
by a hydrologic model are used to simulate water storage terms.

Results: Long-term TWS trends look similar across the study basins, we find that
the drivers and causes of trends and their seasonal variability are fundamentally
different in each basin. TWS declines in the Indus and Ganges watersheds are
primarily driven by the depletion of aquifers (67% and 76%, respectively) due
to irrigated land expansion and water overuse. The Brahmaputra lower aquifer
water use stress, and its TWS drop is mostly due to the melting of glaciers,
the highest rate over all three basins. The Ganges and Brahmaputra have a
quasi-monotonic decline of TWS, and the Indus basin exhibits a non-monotonic
trend line of TWS due to different stages of its aquifer depletion relevant to
aquifer water accessibility limited by well depth thresholds. Seasonal variability
is primarily controlled by soil moisture saturation, shallow groundwater levels,
reservoir storage, and snow accumulation for the Ganges and Brahmaputra
basins. The Indus is driven by high mountain storage of snow and glaciers.

Discussion: The combination of hydrologic modeling and gravity observations
show the effectiveness of identifying the critical components that make up TWS.
Understanding the spatially heterogeneous drivers of observed TWS decline
allows us to translate satellite observations into policy-relevant information.
Because this functionality is built within a process-based hydrological model,
future projections can illuminate those aspects of the hydrological cycle that
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require additional attention by decision makers to ensure adequate water
resources are available for all.
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hydrology, total water storage, High Mountain Asia, GRACE seasonal cycle TWS,

modeling

1 Introduction

Total water storage (TWS) over the terrestrial land surface drew
the attention of the scientific community with the launch of the
NASA GRACE! mission in 2002, as significant negative anomaly
trends were found at locations around the globe, many of which
are contributing to sea level rise (Rodell et al., 2024). One of the
largest TWS declines on the planet occurred in Central Asia and
Northern/Eastern regions of India and Pakistan (Rodell et al., 2009;
Bhanja et al., 2020; Swain et al., 2022). The prevailing hypothesis
is that depletion of aquifer water storage due to a large volume
of groundwater withdrawals for irrigation and other water needs
is the source or cause of these anomalies (Zaveri et al., 2016;
Joseph et al,, 2019). The hypothesis is supported by consistent
TWS anomalies in other regions with high population density and
intensive irrigated crop production in hot and relatively dry climates
(Doll et al, 2014; Liu et al,, 2022). On the other hand, rising
temperatures, atmospheric precipitation intensity and pattern shifts
(Das and Meher, 2019; Dollan et al., 2024; Forootan et al., 2024),
and the recession of mountain glaciers (Rounce et al., 2023) also
contributed to the changes in TWS. Understanding the detailed
contributions to TWS anomalies can help us find possible solutions
for the sustainability of water supply for human needs (Mishra et al.,
2020; Mishra et al., 2021; Scanlon et al., 2023), food production
(Rodell et al., 2018), and ecosystem sustainability (Srivathsa et al.,
2023). Changes to component stores comprising TWS have unique
implications for local water resources. For instance, communities
reliant on groundwater abstraction could exhibit declining TWS
associated solely with groundwater storage reduction, or declining
TWS could also result from persistent declines in surface water
storage. In the latter case, abstraction has led to streamflow capture,
which engages new policy constraints and stakeholders in policy
building for resource management (Bierkens and Wada, 2019;
Gleeson et al., 2020; Huggins et al., 2023).

Hydrologic model simulation provides a means of estimating the
relative contribution of climate variability and human withdrawal
intensity on observed TWS trends and seasonality (Doll et al.,
2014; Scanlon et al., 2018; Scanlon et al., 2019; Mehrnegar et al.,
2021; Tangdamrongsub, 2023; Forootan et al., 2024). In Central
Asia and the Northern/Eastern regions of India, specifically
in the Indus, Ganges, and Brahmaputra (IGB) watersheds, it
remains unclear what factors contribute to the observed TWS
anomalies: anthropogenic water use or climate-related hydrological
change (Loomis et al., 2019; Yoon et al., 2019; Humphrey et al.,
2023). Modeling efforts linking TWS anomalies in India with
anthropogenic factors have been reported (Xie et al., 2020) despite

1 In this article, we use the term GRACE to describe the combined data
from both the GRACE and GRACE-FO missions.
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significant changes in the natural precipitation patterns and net
glacier mass loss (Maina et al., 2022; Rounce et al., 2023).

The goal of this study is to decompose the influence of specific
hydrologic reservoirs in the Earths critical zone that interact to
create observed TWS anomalies in the highly altered and densely
populated IGB drainage basins. While the headwaters of the
IGB basins are in the Himalayan mountains with glacier storage
undergoing change consistent with TWS anomalies, downstream
regions have extensive irrigated agriculture that also alters sufficient
volumes of water to be observable from GRACE (Rodell et al.,
2009; Panda and Wahr, 2016; Arshad et al., 2024; Forootan et al.,
2024). Water use for irrigation is intensive, with many canals
moving water both within and between watersheds (Lammers,
2022) that have historically led to an increase in aquifer storage
within the region (MacDonald et al, 2016). Since the mid-
1900s, through a series of governmental incentives (Shah, 2007;
Badiani et al, 2012), significant development of groundwater
pumping has reduced aquifer storage locally throughout the IGB
basins, leading to depletion that is easily recognizable as a decrease
in TWS (Rodell et al., 2009; Richey et al., 2015). We sought to
investigate and disambiguate the role of glacier recession from
direct human sources of hydrologic alteration to understand the
TWS anomalies observed. We used a modeling approach based
on the use of reanalysis climate and glacier data, population, and
crop planting information to drive the land hydrology processes,
along with assimilation of remote sensing data from GRACE
platforms for model calibration. The University of New Hampshire
Water Balance Model (WBM), designed to simulate natural and
anthropogenic hydrological processes pertinent to all major forms
of water storage (Grogan et al., 2022), was used. In this article, we
regard anthropogenic processes as those directly driven by humans
(e.g., irrigation, domestic water use, groundwater withdrawals).
Although natural processes can have an anthropogenic component
(e.g., atmospheric warming, glacier melt, and river discharge
changes), we regard these as indirect effects and we make no
attempt to disaggregate their human and natural components,
WBM calculates TWS as the sum of several instantaneous water
storage variables both on and below the land surface. We
calibrated the model to the TWS anomalies observed over the
IGB basins and decomposed the trend and seasonal variation of
these modeled variables to evaluate the contribution that each
hydrologic reservoir within the critical zone made to the observed
TWS anomalies.

2 Methods

There are two groups of methods in this work. The first group
relates to hydrological modeling using the University of New
Hampshire Water Balance Model and its calibration by matching
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modeled total water storage (TWS) changes to observed gravity
anomalies derived from GRACE data. The second group of methods
is relevant to the statistical analysis of the model output time
series data to quantify each hydrological storage component in the
TWS changes.

2.1 WBM description and model calibration
In this study, we used WBM v2.0 (Grogan

2022; WBM Contributors, 2022), a process-based macroscale
hydrological model that simulates the land portion of the water

et al,

cycle. Its computational modular framework includes a large
number of vertical and horizontal water fluxes and cumulative
routing of several types of land runoff through a digital river
network (Prusevich et al., 2024) for river flows, natural lakes,
and human-made hydro-infrastructure with river impoundments
and their reservoirs, irrigation, livestock, domestic, and industrial
water use delivery networks (Grogan et al., 2022). Land processes
are represented as spatially distributed storage areas using a
mix of reduced-physics and conceptual equations (Dingman,
2002; Bring et al., 2017; Panyushkina et al., 2021; Tretiakov and
Shiklomanov, 2022) and include most water intensive anthropogenic
systems such as agricultural land use for crops (Grogan et al., 2015;
Grogan et al., 2017; Zuidema et al., 2020; Wisser et al., 2024), hydro-
infrastructure (Rougé et al., 2021), impervious surfaces, and other
land use factors that affect water pathways and water storage. WBM
code is open source, with high-level descriptions published by
Grogan et al. (2022) and full technical documentation available
on the WBM GitHub code repository (WBM Contributors, 2022).
The WBM simulation spatial domain used a subset of the MERIT-
Plus (Prusevich et al., 2024) 5-arc-minute resolution grid for the
Indus, Ganges, and Brahmaputra basins (Figure 1). The choice of
using WBM is supported by the large number of storage variables
contributing to TWS and its integration with an external glacier
model to provide a comprehensive picture of TWS changes over
the domain.

The seasonal and long-term changes in aquifer and groundwater
storage are major factors in the origin of gravity anomalies
detected by the GRACE program satellites (Scanlon et al., 2018;
Scanlon et al., 2019). The GRACE mascon, or mass concentration,
is a commonly used spatial unit for evaluating the anomalies
from GRACE observations; they are tiles over the land and ocean
surface of approximately 3° by 3° equivalent areas (Loomis et al.,
2021). An aquifer and groundwater process simulation module in
WBM [see documentation in (WBM Contributors, 2022)] makes it
suitable for assessing changes in TWS and exploring the magnitudes
of the contributing factors. The module implementation draws
heavily from the USGS MODFLOW model, a widely used software
package for aquifer and groundwater simulations (Harbaugh,
2005; Langevin et al., 2017). In this work, the simulations use
aquifer properties and geometry from de Graaf et al. (2015)
and de Graaf et al. (2017). The WBM groundwater module is
fully integrated with other surface and subsurface hydrological
processes and anthropogenic water withdrawals, allowing us to
dynamically estimate aquifer storage changes. A list of all WBM
simulated instantaneous water storage components of TWS is given
in Table 1.
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2.2 Model input and parameterization

For this study, we used an extended set of natural and
anthropogenic processes in the model setup (Table 2).

Natural processes parameters describing evapotranspiration,
runoff generation, and river routing were set to the default values
established to be least biased for global simulations and exhibit
minimal bias in temperate forested and montane watersheds
(Fekete et al., 2004; Wisser et al., 2010a; Grogan et al., 2022).

Parameter tuning for anthropogenic processes (irrigation and
other human use water withdrawals) was carried out as these
processes have wide uncertainty and process variability depending
on the local/regional practices, water use technologies, and
regulations (Mohan et al.,, 2024). While most model inputs and
parameters for these anthropogenic processes listed in Table 3 are
used from the referenced data sources, three parameters require
calibration. They are known to have a high level of uncertainty
(Wisser et al., 2008; Zuidema et al., 2020) and, thus, can affect
long-term TWS trends over this region:

a) The distance at which irrigation water withdrawals can
access stream and reservoir storage water (“IrrSearchDist”).
This variable represents local and regional development
of irrigation water delivery hydro-infrastructure, such as
stream/reservoir water diversion locks, canals, levadas, or
pipelines.

b) Maximum groundwater well depth limiting access for

irrigation water withdrawals from aquifers (“wellMax”). The

regional variability of irrigation well depth depends on factors
such as the cost of water pumping and extraction, as well
as the availability of other water sources (e.g., streams and

reservoirs) (Jasechko and Perrone, 2021; Alkon et al., 2024).

Here, we vary the well depth limit with the same value over the

entire IGB domain.

The fraction of non-consumptive irrigation water that

recharges groundwater (“ReturnCoeff”). The groundwater

portion of the non-consumptive irrigation water percolates
to shallow groundwater first and then to deep aquifers. The
other portion of the non-consumptive irrigation water goes
to the irrigation runoff storage pools that generate irrigation
return flow to local streams. The non-consumptive irrigation
water is also called inefficient irrigation water and depends
on available irrigation technologies and farming practices

(Zuidema et al., 2020). In these basins, irrigation efficiency is

between 45% and 66% of water applied to the crop fields (Déll

and Siebert, 2002). The WBM “ReturnCoeff" input parameter
that controls the ratio between groundwater and surface runoff

portion of non-consumptive irrigation water is used as a

proxy for the groundwater recharge rate of non-consumptive

irrigation water.

These parameters were optimized for the best fit to observations
using a discrete chi-square error minimization technique with the
amoeba (Nelder-Mead simplex) algorithm (Press et al., 1992). We
used rounding of the new evaluated parameters to the discrete
value nodes by the “Interval” parameter (Harvey, 1982) in Table 3.
The function to fit was a monthly observed TWS time series
from the GRACE satellite mass concentration anomalies (mascon)
(Loomis et al, 2021) aggregated to the river basin area using
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and Brahmaputra (yellow).

WBM simulation domain that is a subset of the MERIT-Plus river network (Prusevich et al., 2024) for drainage basins of the Indus (red), Ganges (blue),

weighted averages of the 3 x 3 arc degree tiles (Tellus, 2018). The
resulting chi-square value (XZ) of the discrete optimized (“Best
Match Value” in Table 3) was 13.98. According to the method
(Press et al., 1992), its division by the chi-square distribution degree
of freedom (v = 165 in this study) yields the match distribution
normalized standard error that, in order to be valid, must be less
than one; that is, o> =X2/V < 1. In our case, we have 13.98/165 <
1, which indicates the validity of the minimization. The number of
amoeba iterations from the median range values in Table 3 to find
the best match was 12. The x* and v function minimization metrics
are defined by Press et al. (1992):

r :g,(yi_y(xi;élmaM))z 0

0;

and
v=N-M (2)

where v is the chi-square distribution degree of freedom that is large
enough (v = 150 in this study and must be >3) to ensure the validity
of the minimization, N = 168 is the number of observation time
series points (GRACE monthly data from 2002-04 to 2018-12 with
some data gaps), and M = 3 is the number of function parameters
to optimize (WBM input parameters) described above. Values for
o; are all set to a constant of 1 due to unknown values for the
GRACE mascons and, therefore, provide no scaling to the data value
estimates.

Resultant parameter estimates for the three factors included
are presented in Table 3 and were determined uniformly over the
IGB domain. Irrigation search distance, which represents how far
a grid cell can search for water to meet its demand, overestimates
mean canal lengths, which for India are 4.67 + 10.42 km (IWRIS,
2024). GRACE anomalies were best captured when irrigation water
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withdrawals were limited when the head fell below 150 m below
grade. Over most of the regions where irrigation was limited, median
well depths rarely exceed 100 m, so aquifer head below 150 m should
be locally limiting to continued abstractions (Sarkar, 2011; Jasechko
and Perrone, 2021). Irrigation return coefficients are expected to
have a wide range over the domain, with an expected range indicated
in Table 3 (Altafi Dadgar et al., 2020). The best match value of 0.1
means that 10% of the irrigation return water goes to the aquifer
and 90% goes to surface flow. This is not designed to reproduce field-
level irrigation practices but reflects broader-scale mean infiltration
and percolation rates. Logically, it is in peoples interest to limit
percolation because surface runoff is easier to recapture, and they
may have many ways to limit that percolation in the crop land, such
as using a clay base layer or adding organic matter to crop fields.
The sensitivity analysis of the WBM parameters used in this
model optimization was conducted by evaluating their contribution
to minimizing the chi-square function (Equation 1) described
above, which fits the model output to observed GRACE gravity
anomalies within the study area. This approach allows us to compare
the relative influence of each permuted control parameter (listed in
Column 1 of Table 4) and identify the most impactful ones. This
sensitivity analysis approach uses the Radon-Nikodym equation to
find the convergence relationship of contributing parameters within
the same measurable space defined in the chi-square formulation
(Billingsley, 2012) and normalized by the tested range of the variable

J.A\/)?dVar

STWS — (3)
Var AVar

AVar:

where Sa":s is the model sensitivity of TWS output to
observed GRACE values on the given input parameter. x>
is the chi-square function (Equationl) used to find the

frontiersin.org
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TABLE 1 Total Water Storage components modeled by the Water Balance Model.

’ TWS storage component = Short Description

1 Glacier mass Total glacier mass from the Python Glacier Evolution Model (PyGEM) (Rounce et al., 2023)

2 Snowpack water storage Snow water equivalent of the snowpack on the ground

3 Irrigation runoff storage Runoft retention pool storage associated with non—consumptive return flows from gross irrigation applied to a cropland
4 Surface runoff storage Runoff retention pool storage associated with excess rain storm water

5 Rice paddy storage Rice paddy water storage

6™ Small irrigation reservoirs Water storage in small irrigation reservoirs and ponds

7a* Instantaneous river flow storage Water storage in streams and rivers

7b* Lakes and reservoirs Water storage in natural lakes and reservoirs created by river impoundments

8" Endorheic lakes Water storage in endorheic lakes

9 Soil moisture Soil moisture storage

10 Shallow groundwater Storage of shallow groundwater

11 Aquifers Deep aquifer water storage

12" | Unsustainable groundwater Deficit portion of the water resource for human water demands, if allowed by the model setup

“Ttem 7(a/b) used as a combined storage in this study analysis. It is further labeled as “Reservoirs+” in subsequent tables and figures.

“Not used in this study.

Note: Anthropogenic components are those that would not exist without the presence of humans: Rice paddy storage, Small irrigation reservoirs, and Unsustainable groundwater. All the rest

are considered Natural, even if they have a significant anthropogenic component.

best calibration value for that parameter, and A is the
permutation space used by the chi-square minimization
process.

The calculated sensitivity metric (Table 3) indicates that
the irrigation search distance and maximum well depth
parameters are sensitive to calculated TWS and impact the
model calibration the most. The irrigation return coefficient
has a lesser sensitivity but is still important for the calibration,
considering its relatively small calibration range of 0.4 fraction
units.

In order to demonstrate the relative sensitivity of the
calibrated parameters to a few other model inputs, we performed
additional runs with alternative climate drivers and some of
the hydro-infrastructure turned off. Replacing the precipitation
driver for this region (Maina et al, 2022) with MERRA2
precipitation (Molod et al., 2015) decreased TWS vs. GRACE
root mean square error (RMSE) relative to the optimized run by
2.31cm, 1.84 cm, and —0.28 cm in the IGB basins, respectively.
Replacing air temperature with MERRA2 data yielded the
change by 0.08cm, 1.1 cm, and -0.03 cm. Removing dams,
reservoirs, and inter-basin hydrological transfers resulted in
0.01 cm, 0.02 cm, and 0.00 cm, respectively. These results indicate
that model parameterization by the three required parameters
(Table 3) has a stronger impact on the TWS vs. GRACE match
than either precipitation, temperature, or river dam storage,
despite a widely accepted understanding that hydrological
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models are more sensitive to precipitation than other inputs
(Bierkens, 2015).

2.3 Model assumptions and uncertainties

The model configuration (Table 2) is based on the fundamental
assumptions that all or most of the hydrological processes affecting
individual water storage areas contributing to TWS and listed in
Table 1 are strongly affected by the anthropogenic interventions
to the water cycle in this geographical area and, specifically, in
the basins of the Indus, Ganges, and Brahmaputra containing
almost a billion people and one of the highest agricultural land
use intensities in the world. Assumptions for the formulation
and numerical implementation in the model code for each of
the parameters listed in Table 2 are discussed, and details are
provided by Grogan et al. (2022).

Uncertainties of the model’s simulated output variables strongly
depend on the availability and quality of the input data. The climate
driver data used in these simulations, referenced in Table 2, were
chosen by NASA’s High Mountain Asia program specifically for the
IGB basins (Mishra et al., 2021). Other input datasets were also
chosen to represent the best available data on the global and regional
scales that are suitable for the WBM simulations.

Aside from TWS, the
was carried out using a standard WBM validation tool

validation of model results

frontiersin.org
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TABLE 2 WBM model setup configuration and input data.

Process or module Major parameters or formulations

Spatial domain

Indus, Ganges and Brahmaputra drainage basin subset of the MERIT—Plus river network in 5 arc—minute resolution. EPSG:4326

projection (Prusevich et al., 2023)

Temporal domain

Monthly time series for 1990 to 2018™*. 3—day time step for the model run. 30—year spinup of 6 cycles for the first 5 years.

Climate drivers

Precipitation™ Probability matched ensemble of ERA5, IMERG, and CHIRPS (Maina et al., 2022)
Temperature: ERA5 (Hersbach et al., 2020)
Wind, Radiation, Humidity, and Albedo: NASA MERRA2 (Molod et al., 2015)

PET function

(Hamon, 1961)

Streamflow routing

Muskingum (Fekete, 2001; Birkhead and James, 2002)

Inter—basin water transfer

Database, v.22¢ (Lammers, 2022)

Reservoirs and lakes

Global Reservoir and Dam (GRanD) database (Lehner et al., 2011), enhanced UNH v.1.1.

Soil

Available water capacity from Harmonized Soil Map (FAO, 2014)
Rooting depth (Yang et al., 2016)

Temperature downscaling

Lapse rate of 6.49 °C/km (Manabe and Strickler, 1964).
Digital Elevation Map: NASA DEM of 500 m resolution (Wolfe, 2013)

Snow bands 200 m vertical intervals
Landcover UMD dataset at 1 km resolution (Potapov et al., 2022)
Glaciers PyGEM (Rounce et al., 2020)

Shallow groundwater

(Dingman, 2002)

Aquifers Maps of aquifer geometry and parameters from (de Graaf et al., 2017)

River DEM: MERIT-Plus at 15 min resolution (Prusevich et al., 2023)

Initial Head Depth: 4000—year spinup with pre—industrial water usage

Percolation and Recharge: Fraction of non—consumptive water return™*. Well Depth: Maximum well depth***
Population GPW v.4; updated from (CIESIN, 2005)

Domestic and industrial water demands

(Liu et al., 2017)

Livestock data and water demands

FAO GLW v.3 (Wisser et al., 2024)

Irrigation

Crops and Cropland Area: LUH2 historical crop distribution dataset (Hurtt et al., 2020)
Irrigation Efficiency: (D6l and Siebert, 2002)

Rice Paddy Percolation: (Wisser et al., 2008)

Ground to Surface Water Withdrawal Ratio: (FAO, 2025)

*hk

Water Delivery Infrastructure: Max distance

Impervious surfaces

UMD dataset at Global extent and 25 arc—minute resolution (Potapov et al., 2022)

Post—processing

Grid cell area weighted spatial aggregation for the Indus, Ganges, and Brahmaputra basins for all WBM output variables

"Bold font denotes input variables, otherwise it is databases or optional processing.
“Upper limit of 2018 is due to availability of glacier data.
“Parameters used for model calibration to match GRACE data.

(WBM Contributors, 2022) by matching the simulated to
observed streamflow from global GRDC data (GRDC, 2025),
which include seven sites within the study domain. The
Nash-Sutcliffe coefficient for those ranges between 0.68 and
0.97, which indicates a statistically valid and good match
(Supplementary Section S4).

Frontiers in Earth Science

Validating the modeled groundwater and aquifer storage is
a challenge. In-situ well data cannot be directly compared to
the regional-scale aquifer simulations in WBM, as the latter has
large area grid cells while the in situ wells are located based
on local topography, geology, and survey data to maximize the
water quality and yield. A qualitative comparison of spatial

frontiersin.org


https://doi.org/10.3389/feart.2025.1551218
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Prusevich et al. 10.3389/feart.2025.1551218

TABLE 3 Permutation of the WBM input parameters to minimize output deviation from the observed TWS (GRACE satellite mass concentration
anomalies).

WBM Parameter Units Range | Intervals Sensitivity”* Best match value
Irrigation: SearchDist — stream and reservoir water access distance km 20-100 5 10.07 30

Aquifers: wellMax — maximum groundwater well depth m 50-250 10 7.93 150

Irrigation: ReturnCoeff — portion of non—consumptive irrigation water*to fraction 0.1-0.5 0.05 2.67 0.1

recharge groundwater storage

*Applicable to non-rice irrigation where percolation from rice paddies are modeled separately.
“Units are average RMSE of TWS minimization (or convergence) slope over normalized range for a given parameter, i.e. TWS in cm (see Equation 3).

TABLE 4 Contribution of TWS components to the long term TWS trend.

TWS Aquifers Glaciers| Ground Irrigation Reservoirs+ Rice | Snow Soil Runoff| Sum®
Water Runoff Paddy Moisture| Pool
Pool

Indus Basin
Correlation, R? 0.92 0.96 0.92 0.09 0.23 0.00 0.45 0.21 0.15 0.10
Pearson, R -0.96 -0.98 -0.96 -0.31 0.48 0.04 0.67 -0.46 0.39 -0.32
95 % CIR €, +A 0.66 3.19 1.79
Slope, cm/TS,* -36.24|  —24.29 -10.56 -0.25 0.10 0.16 0.01 -1.53 0.16 -0.04 -36.24
Contribution, % 67.03 29.15 0.69 -027 -0.45 -0.03 423 ~0.44 0.11 100.00

Ganges Basin

Correlation, R? 0.95 0.95 1.00 0.00 0.44 0.04 0.48 0.23 0.11 0.06

Pearson, R -0.97 -0.98 -1.00 0.04 0.66 0.20 0.69 —-0.48 0.33 0.24

95 % CIR %, A 0.50 10.24 2.86

Slope, cm/TS* —34.94 —26.62 -9.08 0.05 0.21 0.48 0.02 -0.31 0.22 0.08 —34.94
Contribution, % 76.18 25.99 -0.14 -0.61 -1.37 -0.05 0.88 —0.64 -0.23 100.00

Brahmaputra Basin

Correlation, R? 0.97 0.30 0.98 0.44 0.02 0.65 0.64 0.69 0.50 0.36

Pearson, R -0.99 —-0.54 -0.99 —-0.67 0.14 —-0.81 -0.80 -0.83 —-0.71 —-0.60

95 % CIR %, A 0.33 2.48 1.73 0.30 1.33 0.91

Slope, cm/TS* -31.59 -0.78 —-23.84 -1.58 0.01 -2.24 -0.02 -2.02 —-0.61 -0.52 -31.59
Contribution, % 2.48 75.46 4.99 -0.03 7.10 0.06 6.38 1.93 1.64 100.00

TS, refers to the full simulation time series range, i.e. values in these rows are change of water storage in cm over the full time series range (1990-2018).

Sum of TWS contributing component slopes to check match to the TWS slope. Green cells indicate statistically significant Pearson correlation values. Red cells indicate statistically
insignificant Pearson correlation values.

€95% confidence interval range (CIR)C relative to slope values in the row below. Applies to statistically significant correlations only.

patterns (maps) for the groundwater storage changes by in situ ~ (GWSA.) from Bhanja et al. (2020) and compared to those
well data (Bhanja et al, 2020) vs. the model output, which  aggregated from WBM simulated aquifers for India portions of the
indicates a reasonable match (Supplementary Section S5). Basin-  simulation domain (Supplementary Table S1) indicates a reasonable
wide assessment of observed groundwater level measurements  match for the validation of the WBM modeled groundwater and
in terms of the metric of groundwater storage anomalies  aquifer storage.
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The well depth limit of 150 m used in the WBM aquifer
modeling (Table 3) may appear unreasonably high. This bias can be
estimated relative to actual well depths in the study domain. The
hydrological modeling is done over 15 arc-minute spatial resolution
grid cells (or approximately 100 km? (10 km x 10 km) cell area)
where the well depth threshold is accounted for relative to the
average elevation above sea level. In reality, wells are often drilled
at the lower/bottom sections of the surrounding landscape and less
frequently at the top or middle of the hills. The surface roughness
(MSRE of the average elevation) is 93.7 m over irrigated land in
the study basins derived from grid cells in 5-minute resolution
from a 500 m DEM (NASA, 2021). We suggest that the bias is up
to 93.7m. The difference of 150-93.7 = 56.3 m closely matches
the most common well depth in India, which is typically less
than 60 m, according to the Ministry of Water Resources of India
documents (Mo]S, 2024).

3 Methods: time-series analysis of
TWS and its components

WBM estimates of TWS exhibit low error against observed
TWS anomalies from GRACE but permit the decomposition of
the specific pools representing water in the critical zone. There
are a number of statistical analysis methods for this kind of
time series (TS) data (Bruning and Kintz, 1997; Velicer and Fava,
2003; Ritter and Munoz-Carpena, 2013; Mudelsee, 2019) that
target decomposition of the TS data to the trend and seasonal
variability features, including those that were applied to the TWS
and GRACE data (e.g., Wu et al. (2021) and Scanlon et al. (2023)).
In this study, we chose two TS decomposition methods to apply
to our data: (1) classical and (2) singular spectrum analysis (SSA)
decomposition (Broomhead and King, 1986; Hassani, 2022). The
former is relatively simple and widely used for a wide range of studies
in economic, social, and climate studies (Mudelsee, 2019), while SSA
decomposition is more complex and provides finer details of the
TS trends and seasonal signals than the classical TS decomposition.
Below, we present both time series analysis approaches and discuss
their results applied to long-term and seasonal contributions to TWS
from the individual water storage components (Table 2).

3.1 Analysis by classical time-series
decomposition

Classical decomposition calculates trend, seasonal, and residual
TS components. The trend or long-cycle TS component T, is defined
as a running average by the annual kernel length K, which is 12 to
correspond to a year of monthly TS data.
K/2

T,= ) OudlK 4)

k=-K/2
The seasonal component (monthly time steps in this study)
of the decomposition is defined as de-trended averages of the
time series values within each year y,, that is, sub-year (monthly)
climatologies:

n=N
$=Y (-T,)/IN (5)
n=1
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where t in Equation 5 is an index of time-series seasonal units (e.g.,
1-12 for the monthly time series data), n is an index of a yearly cycle,
and N is the number of yearly cycles in the data, which essentially is a
number of years in the simulated TS. The residuals R, of the classical
time series decompositions are defined as

ﬁt:yt_Tt_St (6)

We have applied this decomposition method to the TWS

time series for all nine contributing TWS variables in each
study basin (Supplementary Section S1).

3.1.1 Contribution of TWS components to the
TWS long-term trend

The time-series decomposition trend component is used
as source data or variables for the long-term trend analysis
(Equation 4) applied to variable anomaly values y,:

y= s, o)

where ¥, is the time series average. The resulting trend line T, is
then used to calculate the statistical regression slope (time series
trend). While the TWS time series are not strictly linear (Figure 2),
we still used the regression analysis slopes for the long-term trend
evaluation and quantification as a reasonable approximation. The
regression slope/trend of a variable y, is calculated using time as an
abscissa axis, where (t,y) points represent a monthly time series:

2(t-1)0-5)
Z(t_)_/t)z

The confidence interval for the regression slope is determined

Slope = (8)

using a basic statistical formulation (Bruning and Kintz, 1997). For
example, for a 95% confidence interval, the equation is:
Yot 205 se. 9)

crit

where the standard error of the prediction is

(10)

where s, is the standard error of the predicted y-values in the
regression standard deviation, SS, is the sum of squares of deviations
of data points from their mean, and tg;?f is the t-value of Student’s
t-distribution for the cutoff probability value of 0.05 (i.e., 95 %).

Calculation of a given water storage term contribution to TWS is
done by the ratio of their individual trend slopes. Because TWS is a
sum of contributing storage terms/variables, our assumption is that
the trend and regression slope of TWS is the simple additive product
of its contributive components. It is also based on a reasonable
approximation of tangent additivity for shallow slopes/angles where
the functions second derivative is near zero. Therefore, the ratio
of a component trend slope Sc; to the TWS trend slope Sy is
the metric of the TWS change contribution Cc; from the given
component i

Sc;
Cc;= ——100% (11)
TWS

where slopes Sc; and Sy are found by the statistical regression of
variable values against time.
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3.1.2 Contribution of TWS components to
seasonal TS variability

The metric for the contribution of water storage components
to the TWS seasonal variability is a ratio of the amplitude of the
contributing component signal to that of TWS, with a timing-
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shift correction. The timing-shift correction is required because,
unlike the trend, the seasonal signal has a fixed periodic 12-month
cycle, which, in turn, may not match the seasonal TWS (minimum
and maximum) cycle timing. So, the timing shift is defined as a
difference between the contributing components and the TWS cycle
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timing. For example, the maximum of the seasonal TWS signal
in the Ganges basin is September, but it is April for the glacier
storage, making the timing shift for the latter to have a value of
5 months. In addition, the periodic seasonal signal of TWS and all its
components is approximately sinusoidal in shape. The formulation
of the numerical value of the seasonal signal contribution of a
given TWS component (e.g., glaciers) to the TWS seasonal signal is
provided below as a two-step procedure. First, the seasonal signal of
TS decomposition (Supplementary Figure S4) is approximated to a
sinusoidal function S{ with two control parameters for the amplitude
A, and timing shift M in the form of:
f . (2m

S, =ASSm(E(tm+MS)) (12)
where t,, is a discrete monthly abscissa variable, and 21—721 is a fixed
periodicity scaling factor accounting for the 12-month seasonal
cycle. The values of the amplitude and timing-shift parameters
(A, M,) are found by fitting to the original seasonal signal
values §, (Equation 5) by chi-square error minimization, assuming
undefined statistics for the function parameter values:

12
=Y (5 -sla,m)) (13)
i=1

The values of A, and M and graphs of the fit are shown in Table 5
and Supplementary Figure S4. The error function (Equation 13)
minimization is evaluated by the MS Excel equation solver tool using
the generalized reduced gradient nonlinear method (EI-Kady et al.,
1987) applied to the data in this work spreadsheet, available as
part of the Supplementary Material.

Second, the sinusoidal function parameters (A, M,) are used
to calculate the contribution of each water storage component
i to TWS as a ratio of sinusoid amplitude A’ corrected to the
timing shift between extremes of the component (M') and TWS
(MI™S) as follows:

i

A

CeS = :

i TWS
AS

2700 A TWS
COS(E(MS + M) ) 100% (14)
where superscript S refers to the seasonal contribution of the
component i to distinguish it from the one in Equation 10 for the
long-term trend contribution.

3.2 Analysis by the singular spectrum time
series decomposition

To test the sensitivity of our findings to the choice of
decomposition method, we applied singular spectrum analysis
(SSA) for time series decomposition of the TWS data and
its components. This technique is more advanced than the
classical time series decomposition used in the previous section,
as it can capture the nonlinear behavior of long-term trends
and seasonal variability. This alternative method can assess
whether the classical analysis misses any important features
relevant to the nonlinearity. We found that SSA decomposition
and component analysis yielded similar results to the classical
approach and chose the classical approach in the interest of
reproducibility and ease of interpretation. The SSA data are provided
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in the (Supplementary Section S2; Supplementary Figures S5-S9),
and below we briefly summarize the SSA formulations and
parameterization used in this study.

In addition to the classical time series decomposition, SSA was
developed to address all long-term, nonlinear seasonal, and residual
noise signal behavior along the time dimension (Golyandina and
Zhigliavskii, 2013). SSA decomposition finds temporal principal
components of the signal where their time-value paired modes
relate to the first order (long-term trend), second order (seasonal
variability), third order (sub-seasonal variability), and phase
quadrature while minimizing the residual noise. Intrinsically, the
time series is transformed into a trajectory matrix using embedding,
and singular value decomposition is applied to extract eigenvalues
and eigenvectors. The signal window width of the SSA determines
the longest periodicity for the first-order mode, and this parameter,
along with a few others, is a required input to the SSA routines, along
with the time series data itself. A detailed formulation of the SSA
procedure specifically used in this study can be found in Tiwari and
Rekapalli (2020).

SSA functions are available in many popular scripting languages,
including MATLAB and R (Golyandina et al., 2018; Tiwari and
Rekapalli, 2020). In this study, SSA was computed with the MATLAB
function trenddecomp on each of the 348-month (29 years) WBM
time series starting in January 1990. The lag parameter for the
SSA analysis was set to 36 months, and the number of desired
seasons was set to 6. A lag setting of 36, a multiple of the annual
cycle (12 months), was found by trial and error with alternative
settings (e.g., 24 months and 48 months) to adequately resolve the
annual cycle from longer (trend) and shorter periods. A setting
of 6 for the number of desired seasons allowed for the possibility
that the annual cycle might not be the most important mode
of seasonal variability. The SSA seasonal mode finally selected to
represent the annual cycle is the mode most highly correlated with
a time series of the long-term monthly means of the WBM variable
repeated each year. For 28 of the 30 runs (10 WBM variables® x 3
basins), the final seasonal series was the most important (highest
eigenvalue) in the seasonal matrix returned by trenddecomp. For
the other two runs, the final seasonal series was the second-
most important (Supplementary Figures S5-57). The component
contribution graphs are presented in Supplementary Figures S8, S9,
indicating similar results to those using the classical time series
decomposition.

4 Results

Results are presented in two groups. The first group describes
the output data from the hydrological modeling, primarily
focused on total water storage (TWS) and its match to observed
GRACE gravity anomalies. The second group provides the
results of the statistical analysis of the model output time-
series data and quantification of each major hydrological storage
component to the TWS changes, providing a quantitative metric of
their contributions.

2 TWS plus nine individual TWS components (storage areas).
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TABLE 5 Contribution of TWS components to the seasonal TWS variability.

TWS Aquifers Glaciers| Ground Irrigation Reservoirs+ Rice | Snow Yelll Runoff| Sum?
Water runoff paddy moisture| pool
Pool
Indus basin
Amplitude, cm 325 -0.50 0.74 0.69 0.18 1.83 ~0.06 3.82 0.22 0.10
Shift, montd -2.41 ~0.66 -1.28 ~4.48 -5.36 -5.51 0.01 -0.77 -4.00 -3.89
Normalized 0.03 0.08 0.04 0.03 0.12 0.07 0.08 0.02 0.13 0.09
error
Contribution, % -9.36 18.97 9.98 0.14 -2.84 -0.57 76.98 459 2.10 100.00
Ganges basin ‘
Amplitude, cm 9.67 -2.53 0.24 2.46 -0.30 4.04 -0.06 0.76 221 0.63
Shift, montd -5.91 -1.28 -1.17 ~5.67 -5.81 -6.10 ~0.57 -0.43 -4.98 ~4.66
Normalized 0.06 0.04 0.04 0.04 0.11 0.06 0.22 0.03 0.06 0.08
error
Contribution, % 19.80 -1.95 25.19 -3.07 41.61 0.59 -7.53 20.18 5.18 100.00
Brahmaputra basin ‘

Amplitude, cm | 11.49 -1.75 0.85 3.98 0.19 479 -0.07 239 255 L11
Shift, month ~4.64 -0.23 -1.27 -5.35 -9.89 ~4.69 0.12 -0.29 -4.61 -4.20
Normalized 0.01 0.02 0.05 0.02 0.06 0.02 0.10 0.04 0.03 0.04
error
Contribution, % 10.24 -1.42 3233 -1.52 4173 0.52 ~13.51 22.18 9.45 100.00

#Sum of component contributions is not a product of normalized values but serves as a validation of the method.

4.1 Hydrological modeling of the total
water storage in the study basins

TWS simulated and observed time series data for all three
study basins (Figure 2) indicate two major features: (a) long-
term TWS decline trends and (b) seasonal variability. The WBM
simulation yielded a TWS time series for all three study basins,
with the observed TWS data represented by GRACE gravimetric
data. Graphs of individual components of TWS are given in the
Supplementary Material. The dynamics of TWS change in the
Indus basin contrast with those of the Ganges and Brahmaputra.
The Indus exhibits less regularity in its seasonal cyclicity and
underwent rapid declines from 1998 to 2005 and again after
2015. Early declines from the late 1990s to early 2000s predated
the availability of GRACE data but are consistent with aquifer
storage trends indicated through gauging data during the time
period (MacDonald et al., 2016). The Ganges shows a slow decline
beginning in the late 1990s, and the Brahmaputras TWS decline
began in the early 2000s. For both the Ganges and Brahmaputra,
WBM TWS underestimates the increased seasonal variability
and storage decline after about 2010. WBM’s estimated TWS
anomaly over the Indus basin exhibited a root mean square error
(RMSE) less than 2 mm, which is less than 1% of the range of
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TWS variability (Figure 2a). WBM’s RMSE over the Ganges basin
was larger (7.8 mm), dominated by uncharacterized deviations
in 2004 and after 2015, but was still approximately 1% of the
range in TWS variation (Figure 2b). The 3.9 mm RMSE over the
Brahmaputra basin represents approximately 0.7% of the range
of TWS variation (Figure 2c). Generally, in both the Ganges and
Brahmaputra, it appears that WBM underpredicts the seasonal
amplitude of observed TWS. However, both the seasonal cycle and
the long-term (decadal) trends match well enough for the use of
WBM results for decomposition.

GRACE 3° x 3° mascon tiles (Figure 3a) are shown with the
major TWS relevant output variables from the WBM simulation
over the IGB domain presented in Figures 3b—f. There is a spatial
correspondence between the mascons and the WBM simulated
total TWS (Figures 3a,b); however, the resolution mismatch makes
it difficult to compare and requires spatial aggregation of high-
resolution TWS modeled data to corresponding coarse mascon
tile polygons. This aggregation and comparison to the mascon
data yields an RSME of 5.12 cm/(17 years), where “17 years”
refers to the full range of years between 2002 and 2018. There
is also a clear correspondence of TWS to aquifer and glacier
storage (Figures 3b,c), which qualitatively indicates that the latter
two are the major contributors of TWS change over the time
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FIGURE 3

green color and red color for areas added since 1990.

Water storage changed between 1990 and 2018 in the Indus, Ganges and Brahmaputra basins (their boundaries are shown in thick grey lines): (a)
GRACE 3x3 arc degree mascon tiles (Tellus, 2018); WBM-simulated: (b) TWS; (c) aquifer; (d) glaciers; (e) snow. (f) Areas with well depth limitations in

period. The quantitative assessment for the study basins is
provided in the next section. Patterns of glacier and snow
storage changes match one another but differ in their amplitudes
(Figures 3d,e). Irrigated regions limited by aquifer water accessibility
due to head depth (Figure 3f) are concentrated in the Indus
basin, with fewer areas in the Ganges, and almost none in the
Brahmaputra basin.

4.2 Contribution of individual hydrological
storage areas to the long-term and
seasonal variability of the total water
storage

Results of hydrological component contributions to TWS long-
term trends and seasonal variability are provided in two sub-
sections below.

4.2.1 Contribution of TWS components to the
TWS long-term trend

The results of this analysis are given in Table 4 and Figure 4
and indicate that there are only two major contributors to the TWS
long-term trends: aquifer and glacier water storage in all three study
basins, with a clear difference in actual contribution values. It is
also worth noting that the sum value of contributions in Table 4
provides a check on the validity of the assumption of component
contribution additivity. A close match to the TWS slope value and
100% of the component contribution sum shows this assumption to
be appropriate.

The analysis found that the major water storage components
contributing to the long-term TWS trend are similar in the
Indus and Ganges basins but quite different in the Brahmaputra
basin. Aquifer water depletion and receding of glaciers contributes
about 67%-76% and 29%-26%, respectively, of TWS decline in
the Indus and Ganges basins, while the other storage terms
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(except for 4.2% contribution of snow in Indus basin) do not
affect TWS trends meaningfully (Figure 4). The Brahmaputra basin
exhibits TWS decline predominantly due to the melting and loss
of glacier mass in the mountains, with smaller contributions of
approximately 5%-7% each from snow, reservoir, and groundwater
storage terms (Figure 4). The physical and climatological causes
of the TWS component temporal dynamics are discussed in
the next section to explain the trend contributions and some
non-uniformity of TWS decline, especially in the Indus basin
(Figure 2a).

4.2.2 Contribution of TWS components to the
seasonal TS variability

Water storage component contributions to TWS seasonal
variability calculated by Equation 14 are shown in Table 5 and
Figure 5. The checksum for component contributions in Table 5
is provided for the purpose of the calculation method validation.
Sinusoidal functions were used to calculate a normalized error with
respect to measured values for the seasonal signals of the classical
TS decomposition for TWS and its component storage areas in
the IGB basins (Supplementary Figure S4). This normalized error is
given in Table 5, which is an average distance between the original
and fit curves (Supplementary Figure S4) relative to the fit curve
amplitude. It is a metric of how close the seasonal component is
approximated by the sinusoidal function. For example, the irrigation
runoff storage pool and rice paddy water have the highest deviation
from the sinusoidal curve, which is understandable due to multiple
seasonal crop rotations in this part of the world where irrigated
rice is harvested up to four times per year, as modeled by WBM
(Portmann et al., 2010).

Unlike the case for the trend contributors (Figure 4) where
the Indus and Ganges basins have glaciers and aquifers as the
dominant trend contributors with similar magnitudes, the seasonal
contributing variables (Figure 5) are quite different and unique
only for the Indus showing a single dominant variable (snow)
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FIGURE 4
Contribution of individual water storage components to the total
water storage (TWS) trends for the three study basins.

with glaciers, groundwater, and aquifers being important, but less
significant. This indicates water storage in high mountain cold
regions is an important component in the Indus TWS seasonal
variability. The Ganges and Brahmaputra had a greater variety
of variables playing important roles in the seasonal contributors,
and they had very similar magnitudes across their contributory
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Indus TWS Seasonal Contributors
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FIGURE 5
Contribution of specific water storage components to the total water
storage seasonal variability for the three study basins.

variables: soil, runoff, and reservoir storage at the land surface,
and groundwater with aquifers below. Considering that seasonal
TWS and its components peak in the late summer months, these
results suggest that monsoon-related hydrological processes are
the drivers of the seasonal TWS variability in the Ganges and
Brahmaputra basins.
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Total river discharge from all three IGB basins over the simulation period.

5 Discussion: hydrological
interpretation of TWS trends and
seasonal variability

Deterministic model simulations recreated trends in TWS in the
years 2002-2018 for the IGB basins with 2.0 cm, 7.8 cm, and 3.9 cm
RMSE error, respectively. The model recreated 1.1-1.3 cm/y declines
in TWS, with local declines in TWS as high as approximately
35 cm/y. The largest contributors to the observed declines in TWS
were groundwater in the Indus and Ganges and glacial mass loss in
the Brahmaputra. These findings are consistent with recent findings
from Maina et al. (2024), using the land surface model NOAH-
MP in a data assimilation approach that forced TWS to GRACE
observations. Importantly, Maina et al. (2024) identify reductions
in streamflow between 2002 and 2017, which we also observe in our
simulations (Figure 6). The ability to recreate such findings with a
deterministic model provides support for the projection of future
changes in TWS, groundwater availability, and irrigation potential
for the region.

Total water storage simulated by WBM is composed of
nine specific water storage terms listed in Table 1, but their
contribution to the TWS trends and seasonal variability is different
in each of the three study basins (Figures 4, 5). There are two
classes of hydrological processes in WBM: (1) natural and (2)
anthropogenic controls on the overland water cycle (Grogan et al.,
2022). These two classes were used as a basis for analysis
and interpretations. Referencing the WBM modeled processes as
natural or anthropogenic does not account for indirectly induced
anthropogenic factors, such as climate change, in the climate drivers
used in the numerical simulations.
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Irrigation is the primary anthropogenic influence on water
fluxes contributing to TWS depletion (Grogan et al., 2017). Changes
in total irrigated land over the simulation period were different for
each of the basins (Figure 7). The Ganges had the steepest increase
in the 1990s and into the 2000s, followed by shallower increases
later. This had a direct effect on irrigated water use in the basin
(Figure 8). The Indus basin experienced a constant rate of increase of
irrigated land throughout the study period; however, the extraction
of water for irrigation peaks in the early 2000s and is followed by a
slow decline. The model captures the observed decrease in aquifer
water use in the Indus basin despite the increase in irrigated area
because the aquifer head reaches the limiting well depth threshold of
150 m in many regions (Figure 3f). This is confirmed when looking
at the models total irrigated land area without access to aquifer
water due to well depth limitations (Figure 9). These are located
mostly in the Indus and less so in the Ganges basins but not in
the Brahmaputra (Figure 3f). In the Indus basin, this limitation
started after 1998 with a sharp increase to approximately 2000 km?
around 2010, localized to areas within the Punjab regions of central
Pakistan and western India (Figure 3f). Wells in the region are often
100 m deep (Sarkar, 2011; Jasechko and Perrone, 2021), and prior
studies have confirmed problematic localized drawdown in similar
regions as predicted here (Arshad et al., 2024). A similar aquifer
water access problem started in the Ganges basin beginning in 2005,
and its exclusion area was still increasing in 2018. The Brahmaputra
shows reduced irrigated lands beginning early in the 2000s; however,
water from aquifers remains stable throughout the study period,
with increases in aquifer water limits beginning around 2005. This
suggests that less water is available from non-aquifer sources or more
water is applied per unit area in irrigated cropland, primarily due to
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GRACE mascons (Tellus, 2018).

Irrigation water use from aquifers in the study basins. Units are water depth equivalent (in centimeters) of the whole area of a basin. Note: mean annual
irrigation water applied to the fields, of which irrigation water from aquifers is only a portion, would be higher. Units are chosen to match

increased air temperature and potential evapotranspiration during
the crop planting seasons.

The variables contributing to long-term TWS trends (Figure 4)
indicate that approximately 70% of the trend is due to depletion
of aquifers in the Indus and Ganges, and only a small percentage

Frontiers in Earth Science

in the Brahmaputra. Moreover, the nonlinear changes of TWS
in the Indus basin (Figure 2a) result from a stable aquifer with
sufficient water resource availability for irrigation until about the
year 1998. After that, increasing cropland area and irrigation water
demand (Figure 7) caused aquifer water use to increase (Figure 8).
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Total irrigated land area without access to aquifer water due to well depth limitations in the study basins. The well depth limit of 150 m was found by
the model parameter optimization based on the match of the model output to GRACE mascon data (see Table 3).

This triggered a decline in aquifer storage and a drop in TWS
from 1998 to 2005. During this time, the aquifer head fell below
maximum well depth limits with increasing frequency (Figure 9),
leading to a slower decline of TWS in the Indus basin as extraction
became impractical or too expensive (Turner et al, 2019). The
accelerated drop in the Indus basin during the last 3 years of the
simulation (2015-2018; Figure 2a) is due to a decline of snowpack
and reservoir storage along with a steeper decline of glacier volume
due to step-like increase of the air temperatures by approximately
1°C at higher elevations (>2000 m) during corresponding years
0f2015-2018 (Supplementary Figure S10).

Natural factors (not directly anthropogenic) in the long-term
TWS trends were found to be primarily contributed by changes
in glacier volume/mass in all three study basins (Figure 3). Glacial
mass loss is driven by atmospheric warming (Rounce et al., 2023)
and, in a few regions, including the Karakorum, in the upstream
catchments of the Indus River, the drying potential of warming
is partly offset by increased precipitation (Farinotti et al., 2020).
Glacier mass balance estimates from the Python Glacier Evolution
Model (PyGEM (Rounce et al., 2023)) are an input to WBM.
These glacier mass balance estimates were calibrated against glacier-
wide mass balance data (Hugonnet et al, 2021) and validated
against in situ measurements (WGMS, 2025). Thus, specific drivers
and mechanisms of glacier mass loss are not discussed here,
but we can summarize the glacier mass loss dynamics in the
study basins based on the glacier data driving the simulations
(Rounce et al., 2020).

Total glacier mass in the Indus basin is about five times that
in the other two basins (Figure 10b), but its slower rate of mass
loss (Figure 10a) makes the basin-wide TWS contribution about
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the same as in the Ganges (Figure 10c). Glaciers in those two
basins account for approximately 30% of TWS loss (Figure 4),
which is approximately 10 cm over the 29-year simulation time
period (Figure 10c). In the Brahmaputra, glacier mass change is
the only major factor of TWS decline, comprising approximately
25cm of water loss (Figure 10c). The glacier decline lines are
quasi-linear in the Indus and Ganges, with increasing negative
decline in the Brahmaputra catchment relative to the Indus
and Ganges (Figures 10a,c).

While long-term TWS change contributors are similar in
the Indus and Ganges and different in the Brahmaputra, the
seasonal variability contributors are different in the Indus and
similar in the Ganges and Brahmaputra (compare Figures 4 and
5). The seasonality of TWS in the Indus is driven by snow
and some glacier melt and is negatively offset by aquifer storage
depletion in the dry season (winter) (Figure 5). In the Ganges
and Brahmaputra, most variables contribute to the seasonal
trend with negative offsets by snow and glaciers (Figure 5). The
seasonality of TWS in the Indus basin is driven by the high
mountain cold regions in the basin. In the other two basins, the
primary driver of TWS seasonality change is water storage in the
lowland plains through components such as reservoirs, shallow
groundwater, and soils.

The TWS  signal the
is in April, when snow and glacier mass is the highest

maximum seasonal for Indus
(Supplementary Figure S4), but the peak TWS signal is at the end of
the monsoon in August for both the Ganges and Brahmaputra.
The amplitude of the seasonal variability is approximately 4-5
times higher in the monsoon-affected Ganges and Brahmaputra

basins than in the Indus, and this overwhelms high-mountain
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storage (Supplementary Figure S4). There is a smaller TWS
signal in July and August in the Indus due to monsoon
precipitation (Supplementary Figure S4 left column). That finding
corresponds well to the average monsoon season (June-August)
precipitation in the IGB basins as 91 mm/month, 274 mm/month,
and 365 mm/month, respectively, affect not only the timing
but also the amplitude of seasonal variability in the lowland
water storage (Supplementary Figure 54).

The reduced seasonal amplitude of modeled TWS relative
to the GRACE observations for the Ganges and Brahmaputra
(Figures 2b,c) is affected by storage components that have high
seasonal variability and a significant contribution to the seasonal
signal of TWS (Table 5; Figure 5). These are surface and near-
surface water pools, such as soil moisture, reservoirs, lakes, and
rivers (labeled as Reservoir+ on the tables and figures), in which
seasonal variability is likely underestimated by the model. The
underestimation may come from not including the small irrigation
reservoirs (Wisser et al., 2010b) which are full during the monsoon
season (maximum of seasonal TWS) and empty by the end of
the dry season (minimum of seasonal TWS) and, thus, causing
underestimation of modeled seasonal variability for the Ganges
and Brahmaputra while not impacting that for Indus (Figure 2a).
The Reservoir+ factor is small for the Indus basin (Table 5;
Figure 5). We did not include small irrigation reservoirs in this
study as these are not observations but speculatively derived
from modeling (Wisser et al., 2010b).

A brief comment can be made regarding the future projections
for water storage in the IGB basins. The authors conducted WBM
simulations over a global spatial domain with a coarse resolution of
15 arc minutes, utilizing climate, agricultural, and socio-economic
datasets from the CMIP6 repositories to assess the impacts of TWS
changes on sea level rise. They found that water storage dynamics
are expected to remain relatively stable over the next few decades, as
aquifer depletion and mountain glacier melting continue. However,
by the mid- and late century, glacier mass loss will slow as most small
glaciers will have melted (Rounce et al., 2025). Meanwhile, aquifer
depletion is anticipated to stabilize eventually. This stabilization
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is primarily due to limitations in water accessibility resulting
from well depth constraints, which are in turn influenced by
economic factors such as the cost of water extraction and return
on investment.

6 Conclusion
The findings and interpretation of TWS component
contributions to long-term trends and seasonal variability in the
three study basins are summarized in Table 6. The Indus and Ganges
basins appear to have higher water resource stress, causing TWS
to decline due to aquifer overdraft. The Brahmaputra basin has a
much smaller irrigated land area with sufficient water resources,
but glaciers within the basin have lost mass at a higher rate,
making glacier recession the dominant driver for the TWS decline.
Hydrological storage components of long-term trends are similar in
the Indus and Ganges, but for the seasonal variability, the Ganges
and Brahmaputra are similar. The spatial location of these three
drainage basins from northwest to southeast, following along
the Hindu Kush, Karakorum, and Himalayan mountain ranges,
and the Indus and Brahmaputra appear to be end-members of a
spectrum of TWS control factors (i.e., aquifers vs. glaciers), with
the Ganges appearing as a middle member sharing each of the
end-member patterns.

We have introduced a method for determining land surface
total water storage using a global hydrological model that
deterministically captures natural hydro-climatological variability
and highlights multiple variables of human water transport, use,
and consumption. The decomposition of the TWS trend into its
multiple contributing factors can be used to understand the natural
and human processes underlying the aggregate measures of TWS
and its observation via the GRACE satellite time series and to
concisely summarize the complexity of a regions water balance
changes over time. Understanding the spatially heterogeneous
drivers of observed TWS decline allows us to translate satellite
observations into policy-relevant information. For example, our
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TABLE 6 Summary of TWS component contributions in the Indus, Ganges, and Brahmaputra basins.

TWS Time Scale ’ Aspect Brahmaputra
Drivers Aquifers ~70 % and Glaciers ~30 % Glaciers ~80 % plus minor contributors of snow,
reservoirs, and shallow groundwater
Long term trend Interpretations | 1. Expansion of irrigated croplands and water demands 1. Highest glacier melting in all three basins
& 2. Aquifer water overuse for irrigation 2. No expansion of irrigated croplands
3. Higher potential impact is offset by well depth limits of aquifer 3. Stable aquifers
water extraction which starts in year 1998 in Indus, and 2010 in
Ganges basins
Drivers Snow ~80 % and Glaciers ~20 % Reservoirs, shallow groundwater, and soils contribute by about 20 to
40 % each
Seasonal variabilit
Y Interpretations | 1. Controlled by high mountain regions 1. Controlled by various water storage terms in low land regions
2. Smaller impact of monsoon season 2. High impact of monsoon season that significantly increases
amplitude of the drivers

finding that the primary driver of TWS decline in the Indus
basin is groundwater extraction for irrigation supports previous
studies calling for an adaptive irrigation policy in that basin to
address food and water sustainability goals (Vinca et al., 2021;
Smolenaars et al., 2023; Smolenaars et al., 2024). A very different
policy recommendation arises from understanding the drivers
of TWS decline in the Brahmaputra. In this basin, we find
that glacier mass loss is the primary reason for TWS decline,
lending support to calls for continued and improved glacier
monitoring in the Brahmaputra to better understand climate
change impacts on downstream water resources (Azam, 2021).
While we would not say that glacier monitoring is unimportant in
the Indus basin or that adaptive irrigation policy is unimportant
in the Brahmaputra, these results allow for prioritization and
understanding of leading versus secondary causes of terrestrial water
storage changes.

Because this functionality is built within a process-based global
hydrological model, future projections can be used to illuminate
those aspects of the hydrological cycle that require additional
attention by decision makers to ensure adequate water resources are
available for all.
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