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ABSTRACT

The transboundary Brahmaputra basin is a significant component of the Asian Water Tower, housing approximately 66 million
people in four countries and experiencing intense floods. However, this data-scarce river has been subject to very few studies
related to the long-term assessment of its water budget. In this study, a multi-model ensemble Indian Land Data Assimilation
System (ILDAS) is set up to study the trends and variability in the water budget components from 1981 to 2020. The results in-
dicate no significant long-term trend in the annual basin-averaged precipitation, evapotranspiration (ET), and runoff; however,
spatial divergence in the hydrological cycle within the basin is observed, with the upper/Himalayan part showing an accelerating
hydrologic cycle, contrasted by a decelerating hydrological cycle in the lower/plain part, which gets 70% of the basin rainfall. Our
findings show that the winter precipitation in the basin has decreased by 5mm per decade. The decreasing winter precipitation
is confined to the lower part of the basin, which translates into a decrease in winter ET and runoff, whereas the upper part of the
basin experienced an increase in precipitation in the pre-monsoon and monsoon periods, resulting in increasing ET and run-
off. It is observed that increasing runoff enhances streamflow in the upper basin; however, this signal is nullified by declining
runoff towards the downstream region, leading to no significant trend in streamflow in the lower part of the basin. Further, it is
observed that the TWSA variability in the basin is significantly dependent on groundwater storage variability and the amount of
water stored in rivers and floodplains. These insights enhance our understanding of the complex variability of the hydrology of
the Brahmaputra River basin.

1 | Introduction better understanding of the water budget of a river basin, that

is, knowledge about the movement of the water, is required to
Changes in water availability in a river basin are a growing understand the complex basin behaviour under various hydro-
concern due to the changing climate and global warming. meteorological conditions and to estimate water availability in
Water budgeting is the estimation of the movement and stor- the basin (Jung et al. 2017; Tekleab et al. 2013). Although concep-
age of water in the surface, sub-surface and atmosphere. A tually simple, accurately estimating water budget components is
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challenging due to natural variability, data scarcity, and signifi-
cant associated uncertainties.

The Brahmaputra River basin is a sizeable transboundary
basin subjected to extreme hydro-climatic conditions, creating
challenging conditions for water resource management. The
Brahmaputra basin is adversely affected by extreme rainfall
and flooding, with major implications for the economy and
human life. The Brahmaputra basin is geographically diverse
and ecologically rich in natural and crop-related biodiversity,
and supports the livelihood of 66 million people (Pervez and
Henebry 2015). Due to the complex nature and diverse ecology
of the basin, comprehensive studies on the composite hydrolog-
ical processes are necessary to ensure effective water manage-
ment. Several researchers have studied individual behaviour of
various hydrological processes in the Brahmaputra basin, for ex-
ample, physiography and channel aggradation (Goswami 1985),
precipitation (Jain et al. 2013; Kripalani et al. 2007), rain-
fall erosivity (Raj et al. 2022), runoff (Ghosh and Dutta 2012;
Monirul Qader Mirza 2002), temperature (Immerzeel 2008;
Shi et al. 2011), streamflow (Gain et al. 2011; Jian et al. 2009),
groundwater (Tiwari et al. 2009) and extreme events (Rajeevan
et al. 2008; Webster and Jian 2011). However, very few quantifi-
cations are available on comprehensive long-term water budget
studies of the basin. Although understanding the water budget
is critical for sustainable water management, the reasons for
changes in the behaviour of the water budget for large basins
remain unclear (Jing et al. 2019; Pan et al. 2012; Posada-Marin
and Salazar 2022; Xiong et al. 2022).

This paper attempts to understand the basin hydrology and its
long-term behaviour. Several studies on the hydrological be-
haviour of the Chinese part of the Brahmaputra basin, known
as the Yarlung-Zangbo, are available (Chen 2012; Liu et al. 2019;
Wang et al. 2021; Xuan et al. 2021; Zhou et al. 2022). However,
comprehensive studies of the hydrological behaviour of the lower
Brahmaputra and, especially, the characteristics of the trans-
boundary Brahmaputra basin are very few. In the Brahmaputra
basin, a data-sparse region, physically based modelling is chal-
lenging, as these models can introduce biases and uncertain-
ties (Miiller Schmied et al. 2014). The uncertainties in models
result from different representations of hydrological processes
in different models (Bonan et al. 2011; Koster et al. 2000; Yang
et al. 2011). The uncertainties in the model output can also be
due to uncertainties in the model forcing data (Gelati et al. 2018;
Mockler et al. 2016). To mitigate the impact of uncertainties,
we employ a multi-model, multi-forcing ensemble approach
for generating water balance estimates, which is more effective
than relying on a single model and forcing data. This approach
surpasses individual models by mitigating both model and forc-
ing uncertainties (Kumar et al. 2017). The ensemble model-
ling strategy has been applied in diverse hydro-climatological
studies, including examinations of water scarcity (Schewe et al.
2014), floods (Dankers et al. 2014) and water budget assessments
(Getirana et al. 2014; Getirana, Boone et al. 2017).

Two Land Surface Models (LSMs) (NoahMP and CLSM) are
integrated with a hydrodynamic routing model (HyMAP) and
forced with MERRA2, with precipitation replaced by IMD and
CHIRPS products, resulting in four experiments. The mean of
the four-experiment ensemble is used for the analysis. This study

focuses on (1) understanding the precipitation variability, hydro-
logical cycle, and the representation of water budget variables
by an integrated hydrologic-hydrodynamic modelling system,
(2) the assessment of the long-term behaviour of the hydrolog-
ical cycle and related trends and (3) the impact of various water
storage components on the terrestrial water stored in the basin.
Hence, first, an assessment of the spatiotemporal variation of
precipitation from different forcings is carried out, followed
by an evaluation of model performance and inter-comparison.
Then, the established model outputs are used for various annual
water budget attribution assessments, including assessments of
whether there have been any changes in the spatial and temporal
variations of precipitation, evapotranspiration, runoff and ter-
restrial water storage anomalies. This is followed by an analysis
of how changing hydrology has influenced annual streamflow
variability. This paper also examines the contribution of various
storage components to the basin's terrestrial water storage. This
study aims to understand the long-term hydrological behaviour
of the basin focusing on its fluxes and storage components.

This paper is collated as follows: Section 2 describes the study
area and its various physical attributes. Section 3 introduces the
design of this study, including the meteorological forcing data
sets, the multi-model setup, the observation-based precipitation
data, the river routing scheme and the model setup. Section 4 de-
scribes the theories and methodologies used in the experiments
conducted for the study. Section 5 presents results and discus-
sion of the precipitation variability within the basin, model per-
formance assessment, long-term basin hydrological attribution
assessment and the impact of various storages on terrestrial
water storage. The last section (Section 6) summarizes the find-
ings of this study.

2 | Study Area

The Brahmaputra River originates from the Chema Yundung
glacier in the Kailash range in southwest Tibet, at an elevation
of 5300m. Flowing eastward in South Tibet, the river reaches
Namcha Barwa, where it takes a U-turn and enters Arunachal
Pradesh. Here, the river is known as the Dihang (or Siang)
River, and later as the Brahmaputra. In India, the Brahmaputra
is joined by many big tributaries: Subansiri, Kameng, Bhareli,
Dhansiri, Manas, Champamati, Sankosh, Burhi Dihing, Disang
and Kopili. The Brahmaputra River is approximately 2880km
long (Pervez and Henebry 2015) and is the world's fourth-largest
in terms of average discharge at the mouth, with a flow of ap-
proximately 20,000m3s~! (Jian et al. 2009) and an average an-
nual sediment load of 735 million metric tons.

The Brahmaputra basin is a complex transboundary basin cov-
ering parts of India, China, Bhutan, and Bangladesh (Figure 1).
The total drainage area basin is 519,500 km? (82° E-98° E, and
23°N-32°N), of which 50.5% is in China, 33.6% is in India,
8.1% is in Bangladesh, and 7.8% is in Bhutan (Immerzeel 2008).
The basin exhibits two distinct climatic zones: (1) the northern
(upper) part experiences a mountain climate characterized by
cold and dry conditions, while (2) the southern (lower) part is
dominated by the monsoon, featuring a warm and humid cli-
mate with substantial Indian summer monsoon rainfall (Pervez
and Henebry 2015; Singh et al. 2004). From here on, the upper

20f 17

International Journal of Climatology, 2026

85UR01 SUOWIWIOD BAIeRID) 3[edljdde 8y} Aq peupA0b aJe SapILe O ‘2SN JOSaINn. 1o AIqIT 8UIIUQ AB]IA UO (SUOIPUOD-PUE-SWLIB} WO A8 1M ARe1q1BUIIUO//SARY) SUORIPUOD Pue SWLS 1 8Y) 89S *[9202/80/6T] U0 Ariqiauluo A8IM * (Tv3- NON) ADOTONHO3L 40 ILNLILSNI NVIAN -BHeYes eipuedeue N Aq 6502 90/200T 0T/10p/wo A 1mAreiq puljuo Siewu.//sdny Wwoiy papeojumod ‘0 ‘880060T



Elevation

Value

g High : 8434 A Gauge

Low : -14

Z
o
o —
(o]
(@]
(49
Z
o \
O -
o T T <ilometers
g 0 65 130 260 390 520

[] Administrative boundaries | .. : Brahmaputra basin

gt N

\‘, “[.‘-.\ '

\ Bangladesh

4

b ad
"\’
Nerays”

«

85°0'0"E

90°0'0"E

95°0'0"E

FIGURE 1 | The transboundary Brahmaputra Basin covers parts of China, India, Bhutan, and Bangladesh, covering a catchment area of
519,500km?. G1 and G2 are the two stations considered in the study, where G1 captures the streamflow of UBRB, and G2 captures the streamflow of

UBRB and LBRB. [Colour figure can be viewed at wileyonlinelibrary.com]|

part of the Brahmaputra river basin will be called UBRB, and
the lower part will be called LBRB.

3 | Model and Data
3.1 | Model Forcings

Meteorological forcings (e.g., precipitation, wind, tempera-
ture, humidity, shortwave and longwave radiation) provide
the boundary conditions for land surface models (LSMs). In
this study, we have used the two precipitation products from
CHIRPS and IMD (Magotra et al. 2024) and MERRA2 for the
remaining forcing variables.

The Modern-Era Retrospective Analysis for Research and
Applications version 2 (MERRA-2) (Gelaro et al. 2017) is an up-
graded version of MERRA, which includes the recent advances
made in the assimilation systems by NASA's Global Modelling
and Assimilation Office (GMAO) that can assimilate microwave
observations, hyperspectral radiance, and other data types. The
MERRA-2 product is available globally at a spatial resolution
of 0.25°%0.625° and an hourly time step. The product has been
available since 1980 and is operationally updated with about
1week of latency.

Climate Hazards Group InfraRed Precipitation with Station
data (CHIRPS) (Funk et al. 2015) is a quasi-global precipitation

dataset derived from global Cold Cloud Duration (CCD) rainfall
estimates calibrated using Tropical Rainfall Measuring Mission
Multi-Satellite Precipitation Analysis version 7 (TMPA 3B42v7).
CHIRPS precipitation estimates integrate active radar and sat-
ellite systems with in situ gauge station data, with a 3-week lag.
From 1981 to the present, CHIRPS data are available at a spatial
resolution of 0.05°. While using CHIRPS precipitation data as
an input, other required meteorological variables are specified
from MERRA-2.

The Indian Meteorological Department (IMD) gridded precipi-
tation data is generated by spatially interpolating data from 6995
gauged stations. The stations, sourced from various sources,
include IMD observatory stations, hydro-meteorological ob-
servatories, and Agromet observatories (Pai et al. 2014) across
India. Based on Shepard (1968), the IMD gridded product is
constructed using an inverse-distance weighting system with
localized directional effects and barriers. IMD gridded data
with a 0.25° spatial resolution is available from 1981 to the
present. Similar to CHIRPS, MERRA-2 is also used for other
required meteorological variables in IMD gridded precipitation.
However, IMD precipitation data is available only for India and
covers about 34% of the catchment area. Since the Brahmaputra
basin is transboundary, MERRA2 precipitation is used for the
part outside the IMD precipitation domain. Choosing MERRA2
precipitation for outside India was deliberate because previous
studies have shown that MERRAZ2 precipitation shows a consis-
tent trend with observed station precipitation over the Tibetan
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part (Wang et al. 2020). Across the Indian region, IMD gridded
precipitation derived from observation stations is most consis-
tent with the observations (Pai et al. 2014), and discrepancies
were observed in MERRA?2 precipitation in the Indian part of
the Brahmaputra basin (Magotra et al. 2024). Thus, using the
hybrid IMD+MERRAZ2 ensures that precipitation forcing is
consistent with observed data in terms of the long-term trend
across the entire region. Henceforth, IMD precipitation refers to
IMD precipitation data in the Indian region, and MERRA-2 in
the part of the Brahmaputra basin not covered by IMD precipi-
tation data.

3.2 | The Indian Land Data Modelling System
(ILDAS)

The Indian Land Data Assimilation System (ILDAS) is a trans-
boundary multi-model, multi-forcing hydrological-hydrodynamic
setup over South Asia(Chakraborty et al. 2024; Magotra et al. 2024).
It is developed using the NASA Land Information System (LIS)
Framework (Kumar et al. 2006), where multiple LSMs are cou-
pled with a hydrodynamic routing model to simulate the hydro-
logical cycle of the Brahmaputra River basin. Here, we employed
two LSMs in conjunction with a river routing model. They are the
Noah land surface model with multi-parameterization options
(Noah-MP; Niu et al. 2011), the Catchment LSM (CLSM; Koster
etal. 2000), and the Hydrological Modelling and Analysis Platform
(HyMAP; Getirana, Kumar, et al. 2017; Getirana et al. 2012) river
routing scheme. The models are described in Section S1 of the
Supporting Information.

3.3 | Satellite Products and Observation Data

This study employs a combination of satellite products and
observational data to evaluate model outputs. The subsequent
section provides detailed descriptions of the products utilized
in the study.

a. MODIS Evapotranspiration

Evapotranspiration from the Moderate Resolution Imaging
Spectroradiometer (MODIS) is obtained. MYD16A2GF product
(Running et al. 2019), a gap filled at 8-day temporal resolution
and 500m spatial resolution, is used to validate the ET results.
The Penman-Monteith equation (Monteith et al. 1965) has been
used in the ET algorithm.

b. GLEAM Evapotranspiration

Evapotranspiration from Global Land Evaporation Amsterdam
Model (GLEAM) (Martens et al. 2017; Miralles et al. 2011) is also
used to validate ET results. GLEAM provides evaporation esti-
mates from various land surface components.

c. Grun (Runoff)

The Global Runoff Reconstruction (GRUN) dataset (Ghiggi
et al. 2019) is an observationally driven globally reconstructed
monthly runoff at 0.5° resolution for 1902-2014. GRUN uses
machine learning-based Random Forest to generate the runoff
data. The machine learning algorithm was trained on in situ
streamflow observations from the GSIM dataset that predicts

monthly runoff rates based on antecedent precipitation and tem-
perature from the Global Soil Wetness. GRUN runoff estimates
are used to validate model outputs.

d. GRACE Terrestrial Water Storage Anomalies

TWSA data derived from the Gravity Recovery Climate
Experiment (GRACE; Landerer and Swenson 2012) and GRACE
Follow-On (GRACE-FO; Landerer et al. 2020)) are obtained from
the Jet Propulsion Laboratory (JPL). TWSA is obtained using the
Mass Concentration blocks (mascons) techniques, which imple-
ment geophysical constraints referred to as mascons. TWSA is
available monthly at 0.5° spatial resolution. The anomalies are
calculated relative to the long-term mean of the time series as the
time-mean baseline and provided as TWSA.

e. Streamflow Data

The observed streamflow data from 2006 to 2020 were collected
from the Central Water Commission (CWC) through official
inquiries at two gauges in the basin. The gauges in the Indian
part of the basin fall under the jurisdiction of the Central Water
Commission (CWC), and the streamflow data are classified, re-
stricting public access and availability.

4 | Methodology
4.1 | Experiment Design

A multi-model, multi-forcing system performs better than a
single-model system by negating the model and forcing un-
certainties (Kumar et al. 2017). In this study, results from four
experiments are analysed to understand the long-term hydrolog-
ical behaviour of the basin. The four model-generated outputs
are validated at a monthly scale with various observed data as
described in Section 3.3 to test for the model's ability to simulate
the hydrology of the basin. Further, the ensemble of the model
outputs is used for the analysis of the hydrological behaviour of
the basin in Sections 5.3 and 5.4.

4.2 | Hydrological Variables Used for Model
Validation

The water budget equation for a basin can be represented as
follows:

ds

— =P-ET-R 1

i @
where £ is the change in water storage (S) with time t. Hence the
following variables that represent the water budget of a basin are
selected to validate the modelling setup.

Evapotranspiration is a comprehensive process encompassing
the vaporization of water from the Earth's surface into the at-
mosphere. ET is the combination of two processes: (a) evapo-
ration, the process of conversion of liquid water to vapour and
directly releasing to the atmosphere, and (b) transpiration, the
process of conversion of liquid water to vapour and releasing
it to the atmosphere through plants’ stomata after utilizing it
for the plant's metabolism and growth. Accurate estimation of

40f 17

International Journal of Climatology, 2026

85UR01 SUOWIWIOD BAIeRID) 3[edljdde 8y} Aq peupA0b aJe SapILe O ‘2SN JOSaINn. 1o AIqIT 8UIIUQ AB]IA UO (SUOIPUOD-PUE-SWLIB} WO A8 1M ARe1q1BUIIUO//SARY) SUORIPUOD Pue SWLS 1 8Y) 89S *[9202/80/6T] U0 Ariqiauluo A8IM * (Tv3- NON) ADOTONHO3L 40 ILNLILSNI NVIAN -BHeYes eipuedeue N Aq 6502 90/200T 0T/10p/wo A 1mAreiq puljuo Siewu.//sdny Wwoiy papeojumod ‘0 ‘880060T



the spatial distribution of ET is challenging because the num-
ber of monitoring sites is limited compared to precipitation or
streamflow. Physical-based modelling proves to be a better
alternative for estimating ET's spatial and temporal distribu-
tion. This study compares the monthly model-simulated ET
with MODIS and GLEAM evapotranspiration datasets. In the
past, Kim et al. 2012 and Miranda et al. 2017 attempted to val-
idate MODIS 16 global terrestrial ET products using data from
17 flux tower locations in Asia. Good agreement was observed
between MODIS-based ET and flux tower measurements.
They concluded that MODIS global terrestrial ET products
can provide a reasonably accurate estimate of actual ET.

Precipitation falling on the land can be stored in depression
areas, return to the atmosphere through evapotranspiration,
and move into the ground surface by infiltration or runoff to
areas with lower elevation. A major portion of the precipita-
tion converts into runoff and infiltration. Measuring runoff
is expensive and requires a permanent setup, specialized in-
struments, and skilled personnel. Although the streamflow
hydrograph is used in analysing runoff rate and base flow,
runoff contributes as one of the components of the total
streamflow. Physical-based models are capable of estimating
the spatiotemporal variation of runoff rates and can be one of
the most viable options for estimating runoff. In this study, the
monthly model-simulated runoff is compared with the GRUN
runoff dataset (Ghiggi et al. 2019).

Terrestrial water storage comprises a cumulative sum of
groundwater storage (GWS), surface water storage (SWS), soil
moisture (SM) and snow water equivalent (SWE). It plays a
crucial role in climate variability by facilitating water and en-
ergy exchange at the land surface (Kim et al. 2009). In this
study, SWS encompasses water stored in river channels, flood-
plains, lakes, reservoirs and wetlands. The spatiotemporal
variability of TWSA can be observed from the GRACE data
(Jung et al. 2017). Apart from GRACE, Land surface models
can provide an estimate of TWSA. Before the GRACE mission,
physically based LSMs were the only suitable tools for estimat-
ing TWSA (Nie et al. 2016). In this study, the basin-averaged
TWSA estimates from the model simulations are compared
with GRACE TWSA estimates to check for the model's ability
to simulate the TWSA variability of the basin.

4.3 | Validation Statistics

The model simulations are validated with observed data
(Section 3.3) based on commonly used statistical indices:
Coefficient of Determination, Nash-Sutcliff Efficiency index,
Kling-Gupta Efficiency index, and Root Mean Square Error. The
detailed formulation of the statistical indices is mentioned in the
Section S2.

4.4 | Mann-Kendall Test (MK Test)

The trends reported in this study are calculated using the
Mann-Kendall test. MK test is a non-parametric test, mainly
used to detect trends in meteorological and hydrological time
series statistically (Burn et al. 2004; Chandole et al. 2019;

Jain et al. 2013; Joshi et al. 2016; Kaur et al. 2017; Meshram
et al. 2017). It is a robust technique for trend tests and can
handle outliers in the form of extreme values in hydrological
time series (Helsel et al. 2020). Formulations are mentioned
in Section S3.

4.5 | Impact Index

To understand the impact of various storage components on
TWS in the basin and quantify it, the following impact index
was formulated by Getirana, Kumar, et al. (2017) is being
used. The impact index (I;) is based on the water storage
component (C). In this analysis, the TWS is considered the
sum of GWS, SWS, SM and SWE, whereas vegetation water
storage is not considered. The impact index is formulated as
Equation (2).

i nc ' (2)

where C is the water storage component, the sum of absolute
monthly climatology anomaly values.

Ci= ) I8,-Sl ®)

where I and t are indexes of the water storage component and
time step, respectively, and nc=4, corresponding to the four
types of water storage (S) considered.

5 | Results and Discussion
5.1 | Precipitation Variability

Precipitation variability governs the variability of a basin's
water budget. The Brahmaputra basin receives heavy pre-
cipitation, most of which occurs during the Indian Summer
Monsoon Rainfall (ISMR). The basin-averaged annual rain-
fall calculated using IMD precipitation is 1455mm/year
with a standard deviation of 207 mm/year, and CHIRPS is
1405mm/year with a standard deviation of 119 mm/year
(Figure 2a). Figure 2b shows the mean monthly precipitation
value from 1981 to 2020. The majority of precipitation occurs
during the Indian summer monsoon months (JJAS), with July
having the highest precipitation. Both the precipitation prod-
ucts show a similar temporal variation. While ISMR brings
large amounts of rainfall, the pre-monsoon months of April
and May, as well as the post-monsoon month of October, also
experience considerable rainfall. The ensemble mean of both
precipitation products is used to analyse seasonal precipita-
tion variation in the basin (Figure 2c-f). During the monsoon
season, the basin receives an annual average of 983 +100 mm
of rainfall; followed by the pre-monsoon season, which re-
ceives 318 + 53 mm; the post-monsoon season, which receives
96 +37mm; and the winter season, which receives the least
amount, with 37+ 14mm. The trends in the seasonal rain-
fall are also calculated using the MK-test and Sen's slope.
The trends suggest a small increase in precipitation during
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FIGURE 2 | (a) Annual precipitation rate, (b) Mean monthly precipitation rate, (c-f) Seasonal precipitation rate (black solid line is the trend line
with p<0.05 and grey dotted line is the trendline with p <0.05), (g, h) Spatial variation of precipitation rate with IMD and CHIRPS precipitation data
respectively in the Brahmaputra basin. [Colour figure can be viewed at wileyonlinelibrary.com]

the pre-monsoon, monsoon, and post-monsoon periods, but
this increase is not statistically significant (p-value > 0.05)
(Figure 2c-e). However, the winter precipitation shows a sta-
tistically significant decreasing trend of 5mm per decade at a
95% confidence level (Figure 2f). Decreasing precipitation can
affect winter agriculture and increase water stress in the basin
during the lean period. Decreasing precipitation can also have
a cascading effect on early pre-monsoon precipitation, reduc-
ing it due to reduced terrestrial moisture supply, which con-
tributes to pre-monsoon precipitation in the basin.

Figure 2g,h shows the spatial variation of daily precipitation in the
basin temporally averaged from 1981 to 2020. A mean daily precip-
itation of 3.98 mm/day is observed for IMD, and 3.85mm/day for
CHIRPS. The spatial distribution of precipitation is consistent for
both precipitation datasets. The UBRB, which is in the Himalayas
of China, India, and Bhutan, receives lower precipitation than the
LBRB, which lies in the plains of India and Bangladesh. The lower
altitude and the high mountains surrounding it in a horseshoe
shape facilitate high precipitation in the LBRB, resulting in the
LBRB receiving about 70% of the total rainfall of the basin.
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5.2 | Multi-Scale Validation

The monthly basin-averaged ET, runoff, and TWSA obtained
from the four experiments were validated with standard sat-
ellite observation data (Figure 3). The validation period was
taken based on the available length of the standard datasets.
However, for GLEAM ET data, the evaluation period is limited
to the availability of MODIS ET data, although GLEAM data
was available for the entire period to maintain consistency.
Table 1 provides insight into the performance of the model sim-
ulation in terms of R?, NSE and KGE for the model-generated
ET, runoff and TWSA compared to MODIS and GLEAM data
for ET, GRUN data for runoff and GRACE/GRACE-FO data
for TWSA.

All four experiments show reasonably high r? values across the
variables. For runoff, 2 ranges from 0.88 to 0.93, indicating that
all members capture the temporal variability well. For TWSA, r?
ranges from 0.62 to 0.73, and for ET, it ranges from 0.72 to 0.80
against MODIS and 0.89-0.93 against GLEAM. While the NSE
and KGE values vary more substantially, particularly for CLSM-
IMD, which yields negative NSE for ET, these metrics are more
sensitive to magnitude and peak errors than to the overall tem-
poral pattern. Hence, we observe that the peaks in ET and run-
off are not well captured by some configurations, as reflected in
the lower NSE and KGE values. The poor NSE values for CLSM
ET reflect CLSM's tendency to misrepresent ET magnitude in
this basin, likely due to its simplified catchment-based formula-
tion of soil moisture and evapotranspiration partitioning, which
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FIGURE3 | Comparison of simulated results from Noah MP and CLSM. (a) ET estimate and validated with MODIS and GLEAM estimates from
2002 to r 2020, (b) ET seasonality from 2002 to 2020. (c) Runoff estimate and validated with GRUN estimates from 1981 to 2014, (d) Runoff seasonal-
ity from 1981 to 2014. (¢) Monthly TWSA estimate and validated with GRACE/GRACE-FO estimates from April 2002 to December 2020, (f) TWSA
seasonality from April 2002 to December 2020. [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE1 | Statistical indices for model performance evaluation for monthly simulations of four experiments. Best figures are mentioned in bold.

ET (MODIS, GLEAM) Runoff TWSA
LSM Forcing r? NSE KGE r? NSE KGE r? NSE RMSE
Noah MP IMD 0.73,0.92 0.61, 0.61 0.50, 0.45 0.89 0.89 0.88 0.65 0.60 121.30
CHIRPS 0.72,0.93 0.65, 0.71 0.56, 0.52 0.93 0.90 0.81 0.73 0.64 110.58
CLSM IMD 0.80, 0.89 —0.68, -1.15 0.48,0.40 0.88 0.48 0.34 0.62 0.55 119.64
CHIRPS 0.78,0.90 -0.74, -1.27 0.56, 0.47 0.92 0.14 0.12 0.71 0.56 110.82
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differs substantially from the more explicit soil-layer scheme in
Noah-MP. However, CLSM retains acceptable r? values for ET,
indicating that it still captures the timing and temporal variabil-
ity of the ET signal even where magnitude is not properly rep-
resented. However, since the focus of this study is on long-term
trend analysis rather than magnitude estimation, these biases
do not undermine the suitability of the simulations for our pur-
pose. Hence, the simulated results should be used with cautious
judgement for the magnitude. More description of the model
performance is given in the Section S4.

Further analysis of the model's performance in the UBRB and
LBRB separately (Tables S1 and S2) showed that ET is better
simulated in the UBRB across all configurations in terms of r2.
In contrast, runoff and TWSA are better simulated in the LBRB.
While the TWSA temporal variation is not properly captured
in the UBRB with the best r? value of 0.51 by the NoahMP-
CHIRPS configuration, the ET values in the LBRB show lower
r? values when compared to MODIS, but GLEAM gives good
values. Runoff shows good model performance in both UBEB
and LBRB in terms of r2. Overall, the r? values are largely con-
sistent and within an acceptable range across the basin, except
TWSA in the UBRB, where lower values are observed, likely re-
flecting the limited representation of high-altitude cryosphere
and groundwater processes. These reasonably acceptable values
indicate that the model adequately captures the temporal vari-
ability of the hydrological fluxes in both the upper and lower
parts of the basin. Examining the NSE and KGE for both UBRB
and LBRB shows that the magnitude-sensitive performance of
the model varies more compared to r2. For ET, the UBRB shows
positive NSE for Noah-MP under both forcings, whereas CLSM
yields negative NSE against GLEAM (down to —0.54) and, in
the LBRB, strongly negative NSE values (as low as —3.42), indi-
cating that CLSM substantially misrepresents the ET magnitude
and seasonal peaks despite reasonable r?. Runoff performance
in UBRB for IMD-MERRAZ2 precipitation is better in both mod-
els; however, CHIRPS simulated results show a negative NSE.
The performance is better in LBRB, with NSE reaching 0.91
(Noah-MP-CHIRPS), confirming that temporal runoff dynam-
ics are well reproduced. For TWSA, NSE values are negative in
the UBRB across all configurations with high RMSE, reflecting
the difficulty in capturing the magnitude of total water storage
in the high-altitude, cryosphere and groundwater-influenced
UBRB, whereas LBRB shows clear improvement, with positive
NSE (0.61-0.74) and lower RMSE (146-208 mm relative to the
much larger storage in the valley). The TWSA results in the
UBRB reflect the limited representation of high-altitude cryo-
sphere and groundwater processes in the models. The generally
lower KGE and NSE for ET and TWSA, particularly for CLSM,
indicate that absolute magnitudes and seasonal peaks should be
interpreted with caution. However, since the objective of this
study is the analysis of long-term trends rather than the estima-
tion of absolute magnitudes, these magnitude-related biases do
not compromise the suitability of the simulations, as the tempo-
ral variability is captured well by the consistently acceptable r?
values.

A multi-model, multi-forcing ensemble is used in this study to
counter the uncertainties associated with the models and forc-
ings in further analysis. Henceforth, all results are evaluated
using the ensemble mean of the outputs from all experiments.

TABLE 2 | Coefficient of determination of streamflow for all four
experiments at the two gauge stations considered for the study. Best
figures are mentioned in bold.

Coefficient of
determination (%)

LSM Forcing Gl G2
Noah MP IMD 0.55 0.81
CHIRPS 0.32 0.90
CLSM IMD 0.64 0.79
CHIRPS 0.67 0.90
Ensemble 0.76 0.91

We use the simple arithmetic mean as the ensemble mean. All
four configurations exhibit comparable r? values across the eval-
uated variables, indicating that no single member is dispropor-
tionately better or worse at capturing the temporal variability.
This makes equal weighting a reasonable and unbiased choice.

To infer the impact of hydrological behaviour on streamflow,
we routed the runoff with HyMAP to obtain streamflow esti-
mates. We selected two gauge locations to validate the simu-
lated streamflow, one at the downstream end of the UBRB (G1)
and the other at the downstream end of the LBRB (G2), where
observed data is available between 2006 and 2020. The dataset
used in this manuscript is classified and restricted for publica-
tion; therefore, it cannot be made publicly available or repro-
duced. However, the normalized streamflow time series from all
four experiments, the ensemble mean, and the observed at both
gauges are presented in Supporting Information (Figure SI1). We
obtain a good coefficient of determination at both gauges with
the monthly simulated streamflow (Table 2), with the ensemble
mean showing r? 0of 0.76 and 0.91 for G1 and G2, respectively. The
high r? indicates a good representation of temporal variability
between the modelled streamflow and the observed streamflow.
However, the magnitude of the streamflow may not be accu-
rately represented, and it is not the focus of this current study.

5.3 | Annual and Seasonal Variability of Trend in
Hydrological Fluxes

The ensemble mean of four experiments with two LSMs and two
precipitation datasets is considered to understand the trend and
variability of the water budget variables. The 40-year annual
variability of basin-averaged precipitation. Evapotranspiration,
surface runoff, ratio of ET/P, and runoff coefficient (C) from
1981 to 2020 is shown in Figure 3. The following inferences are
made from the ensemble mean of the experiments.

Examining Figure 4 reveals a fluctuating pattern in P, ET and R
over the years. From 1980 to 1990, there was a decline, followed
by an increase from 1990 to 2000, a subsequent decrease until
2015, and a notable rise post-2016. These trends and patterns
are consistent across all three variables. Mann-Kendall (MK)
test suggests no significant long-term (1980 to 2020) trend in
the variables. Jain et al. (2013) reported no significant long-term
rainfall trend from 1951 to 2008 in the Indian part of the basin;
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however, Gogoi et al. (2023) reported a decreasing trend in pre-
cipitation from 1998 to 2018. We have observed an increase from
2015 to 2020 in P, ET and R; however, the ET/P ratio is decreas-
ing, whereas Runoff (C) is increasing. The decreasing trend in
the ET/P ratio and increasing trend of C suggest that the share of
ET from precipitation is decreasing, whereas the share of runoff
from precipitation is increasing. The decreasing share of ET re-
sults in an increase in soil water content. A higher water content
in soil decreases its infiltration capacity, resulting in increased
surface runoff. This suggests that the basin is responding to in-
creasing precipitation with higher surface runoffin recent years.

To analyse the hydrology of the UBRB and LBRB, spatially
averaged time series of the hydrological fluxes are plotted in
Figures S2 and S3. It is observed that precipitation is lower in
the upper part of the basin compared to the lower part. Lower
precipitation results in lower ET and runoff in the upper part of
the basin compared to the lower, as can be observed from the en-
semble mean of the model outputs. Higher annual variability of
the hydrological fluxes is observed in the lower part of the basin.
The standard deviation of the annual precipitation, ET, and run-
off in the upper part of the basin as calculated from the ensem-
ble mean of the model outputs are 101.90, 22.82 and 80.98 mm/
year, respectively, whereas for the LBRB the standard deviation
is more than double that of UBRB with values 228.36, 44.37 and

190.13 mm/year, respectively, for precipitation, ET and runoff.
ET has low variability compared to precipitation and runoff.
The share of precipitation to ET and runoff are within a similar
range in both parts of the basin as can be seen from the runoff
coefficient and ET/P ratio. However, the spatially averaged time
series shows no significant long-term trends in the hydrological
fluxes.

However, the basin-averaged trend is not consistent through-
out the basin. The spatial variation in the trends of annual
precipitation, evapotranspiration and runoff at a 95% confi-
dence level in the Brahmaputra basin is shown in Figure 5a-c
(trends with p<0.05 are set to zero). The trend in the water
budget components is calculated from the ensemble means
of the simulation resulting from the four independent ex-
periments. The spatial distribution of the trend in annual
precipitation shows an increase in the northern part of the
basin, whereas patches of decreasing trend are observed in
the southern part. Although the spatial extent of the increas-
ing trend is large, its magnitude is lower than the decreasing
precipitation trend, which is seen in patches in the southern
part of the basin. A decreasing trend is observed in the east-
ern boundary of the basin in Arunachal Pradesh, India, near
the India-Bhutan border, and in Meghalaya, India, where one
of the wettest places on earth, Mawsynram, is located. Total

International Journal of Climatology, 2026

9o0f 17

85UR01 SUOWIWIOD BAIeRID) 3[edljdde 8y} Aq peupA0b aJe SapILe O ‘2SN JOSaINn. 1o AIqIT 8UIIUQ AB]IA UO (SUOIPUOD-PUE-SWLIB} WO A8 1M ARe1q1BUIIUO//SARY) SUORIPUOD Pue SWLS 1 8Y) 89S *[9202/80/6T] U0 Ariqiauluo A8IM * (Tv3- NON) ADOTONHO3L 40 ILNLILSNI NVIAN -BHeYes eipuedeue N Aq 6502 90/200T 0T/10p/wo A 1mAreiq puljuo Siewu.//sdny Wwoiy papeojumod ‘0 ‘880060T


https://onlinelibrary.wiley.com/

Precipitation 48 (b) Evapotranspiration 10.0 30.0
e . . P 22.5

36 jla . mrm“"_"\"/ \_‘1_. 7.5 § D _
24 5.0 150 %
12 25 (SRR
0 0.0 0.0 =
-12° ~25 -5 g
—24 4_5.0 15.0 :

—36 75 225

—48 ;‘ ) -10.0 —300
Monsoon (JJAS) 30.00 Post-Monsoon (ON) —_
: eyl |1 g 1
2 30 18610 30 T ; 1190 160 <
= 3.2 0.60 080 &
g 0,00 0-00 00 8
£ -3.20 -0.60 -0.80 =
3. 640 .. -1.20 1,60 @
“ i LS Sl g £
: 85 90 95 - =]
20 : e 3.20 — 160 &
. 240 o[ 4 PO e B D (( o] 120 €
: 6o 30 i : -y 1 160 S 0.80 =
o 'R0 ey > 1 E 00 0.40 £
& 0 =R 000 £ i 0.00 £
Moo B 3,0 s 15
2110 251 WY B0 o5t N 120 F
5:20 . 3 . 3120 . 5 . 160 &
85 90 05 KK 90 95 =
2.80 . , . 30.00 . . . 2.1 28 =
. ] o , M ] [x A
o A0 , X 190 0.6 =
) 3.20 D 0.60 0.32 2
g 00 o A 0:00 0:00 3
: & v |5 e s
9.60 25 (m) o 1E2539 25 18 257 (0) 167096 =
‘ - - -12.30 : : : 3000 -2.40 128 A
85 90 95 85 90 95 £
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all three hydrological fluxes. The components are the ensemble means of the simulation resulting from the four experiments. Trends with p-values

greater than 0.05 are set to zero. [Colour figure can be viewed at wileyonlinelibrary.com]

runoff in the basin also exhibits similar diverging spatial vari-
ability in the trend as precipitation, with a magnitude that
is less than that of precipitation. The increasing trend in the
UBRB and decreasing trend in the LBRB of the total runoff
will further impact the streamflow variability of the basin.
The annual spatial variability of the ET trend shows a clear
diverging pattern between UBRB and LBRB, with an increas-
ing trend in ET in UBRB and a decreasing trend in LBRB. The
increasing trend in ET in the Himalayan region (UBRB) of the
basin is also reported by Ma and Zhang (2022). Precipitation is
the dominant driver of ET in the Himalayan part of the basin
(Ma and Zhang 2022). Hence, an increasing trend in precip-
itation in UBRB can be attributed to an increasing trend in
ET. However, the decreasing trend in ET in the lower part of
the basin does not follow the spatial pattern of precipitation or
runoff and shows a consistent decrease throughout the lower
part of the basin. Temperature also plays a dominant role in
the variability of snow-covered areas (Ban et al. 2021). The
increasing trend of ET in UBRB, which is predominantly a
snow-covered region, can also be attributed to the rising tem-
perature in the area (Figure 6e-h). The spatial trend variation
reflects the influence of precipitation as the primary driver of
the water budget variables in the basin.

Furthermore, we also examine the seasonal spatial variability
in trends of the basin's fluxes (Figure 5d-o). The decreasing
winter precipitation in the basin (Figure 2f) is confined to the
LBRB, whereas the UBRB shows no trend. The pre-monsoon
and monsoon precipitation show an increasing trend in the
upper basin and patches of a decreasing trend in the lower basin.

Post-monsoon precipitation has been mostly consistent over
the years in the basin. ET shows a pronounced diverging trend
during the winter and pre-monsoon periods, whereas during the
monsoon and post-monsoon periods, the upper part of the basin
experiences acceleration, and the lower part of the basin shows
fewer patches of decrease compared to winter and pre-monsoon.
The basin-averaged temperature shows a significant increase in
the monsoon, post-monsoon, and winter seasons; the spatial dis-
tribution reveals distinct seasonal patterns (Figure 6). During
the pre-monsoon and monsoon seasons, the warming is largely
confined to the UBRB, whereas in the post-monsoon and winter
seasons, both the UBRB and LBRB exhibit increasing tempera-
ture trends. This spatial correspondence between warming and
enhanced ET in the UBRB, particularly in the pre-monsoon and
monsoon seasons, supports temperature as a driver of the evap-
orative response in this energy-limited upper basin, along with
precipitation. The increasing temperature and increasing ET in
the UBRB were also reported by Zhang et al. (2020). While the
basin-averaged temperature trend shows a significant increase
in the monsoon, post-monsoon, and winter seasons, the spatial
distribution of the temperature trend reveals that during the
pre-monsoon and monsoon seasons, the increasing temperature
is mostly confined to the UBRB (Figure 6). In contrast, for the
post-monsoon and winter seasons, both the UBRB and LBRB
exhibit an increasing trend. Total runoff is primarily governed
by precipitation; hence, the seasonal spatial variation in runoff
trends in the basin exhibits a similar pattern to precipitation
in the LBRB across all seasons. In contrast, the upper part of
the basin shows increasing trends across all seasons. Studies
have reported the contribution of glacier melt and snow melt
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to runoff; however, variations in the quantification have been
observed (Wang et al. 2022). We note that glacier melt, not rep-
resented in the present land surface models, may provide an ad-
ditional contribution to the observed UBRB runoff increase and
warrants dedicated cryosphere modelling in future work. The
overall decreasing trend in the water fluxes in the LBRB can be
attributed to the reduced Indian summer monsoon rainfall. The
decreasing trend in the lower Himalayas of Arunachal Pradesh,
India, may also be attributed to the weakening of water vapour
exchange between the Tibetan Plateau and the Asian monsoon
(Yang et al. 2014).

An intensified hydrological cycle is observed in the upper part of
the basin, whereas a decelerating hydrological cycle is observed
in the lower part of the basin, suggesting a diverging hydrologi-
cal cycle in the basin.

5.4 | Impact of Diverging Hydrology of BRB on
Streamflow Variation

While we have observed diverging hydrological fluxes in
UBRB and LBRB, we have also evaluated how these diverging
hydrological patterns are impacting streamflow variability in

the Brahmaputra River. Annual streamflow at G1 exhibits a
significant increasing trend of approximately 9 m3/s. Seasonal
analysis further reveals that monsoon (JJAS), post-monsoon
(ON), and winter (DJF) flows show positive trends, suggest-
ing intensification of surface water availability in UBRB
(Figure 7). These increases can be attributed to enhanced
precipitation and runoff in the region. In contrast, G2 does
not exhibit a significant annual trend. This muted response
of streamflow in G2 is a result of decreases in runoff, which
dampens the increasing trend of the UBRB. Seasonally, only
the pre-monsoon (MAM) period at G2 exhibits a clear de-
creasing trend, with no significant trends observed during the
monsoon, post-monsoon or winter seasons.

5.5 | Representation of TWSA and Impact
of Storage Component on TWSA

While temporal variability of the fluxes is well-represented by
LSMs (Table 1), the model-simulated TWSA results diverge
from satellite observations (Figure 1). While the model repro-
duces the seasonal variability and overall dynamics of TWSA
reasonably well through approximately 2012 (Figure 3),
the simulated and observed trends diverge thereafter, with
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b) show annual streamflow time series from individual LSM—forcing combinations along with the ensemble mean. Linear trends are shown with cor-

responding slope estimates. Figures (c—j) present seasonal streamflow for the pre-monsoon (MAM), monsoon (JJAS), post-monsoon (ON) and winter
(DJF) periods at each gauge, with trend lines indicating the seasonal trends. The black solid line indicates a significant trend with p-value <0.05, and
the grey dashed line indicates trends with p-value > 0.05. [Colour figure can be viewed at wileyonlinelibrary.com]

GRACE indicating a continued decline while the model shows
an increasing trend. Similar divergence in the LSM-simulated
TWSA is also reported in other studies (Loomis et al. 2019;
Yoon et al. 2019). This diverging nature can be attributed to
limitations in the model structure. The subsurface storage
change in both Noah MP and CLSM is represented by the
unconfined aquifer storage. However, neither model rep-
resents a confined aquifer. Hence, the impact of groundwater
is not well represented in the TWSA generated from LSMs.
Anthropogenic impacts on water storage, such as surface
water diversions and pumping (Maina et al. 2022), are not
represented in the LSMs, which may account for the disagree-
ment. Loomis et al. (2019) suggested this divergence can be
attributed to the uncertainty in the precipitation products over
this region.

This study examines the impact of various storage compo-
nents on changes in terrestrial water storage within the basin.
Although there is a diverging trend in the storage results, the
impact index (Section 4.5) is a reliable diagnostic of the rel-
ative contribution of the different components. The impact
index quantifies the relative contribution of each component
by summing the absolute monthly climatology anomalies
(Equation 3). It is therefore dependent on the temporal struc-
ture of each component's variability, not on its absolute mag-
nitude. Since all four components (GWS, SM, SWS, SWE) are
simulated together within the same model, any bias in the
total TWSA tends to affect them similarly. As a result, the rel-
ative shares of each component in the total variability remain

largely unchanged, even when the TWSA magnitude differs
from that of GRACE.

Figure 8 shows the impact of various storage components
across the basin. The basin-averaged impact values are listed
in Table 3, along with the global storage impact estimates
taken from Getirana, Kumar, et al. (2017). From the spatial
plots of the impact of water storage components on TWS, soil
moisture, and groundwater storage have the most impact on
the TWS variability across the basin (Figure 8a—c). Basin aver-
aged impact values of 39.7% and 37.7%, respectively. However,
SWS dominates the TWS variability in the valley portion that
lies in Assam, India, and Bangladesh (Figure 8b). SWS has
a basin average impact value of 21.5%. SWE has a negligible
impact except in small patches in the Himalayan region. The
basin-averaged impact value is 1.1% for SWE. Soil moisture
and groundwater storage impact the TWS variability across
the basin the most. Surface water storage (SWS), that is,
water stored in rivers and flood plains, is also a significant
component contributing to the TWS variability in the basin.
Compared to the global average of the basin, the terrestrial
water stored in the basin has a higher dependence on GWS
and SWS. Hence, due to the higher contribution of GWS and
SWS, a lower dependence on TWS on SM is observed as com-
pared to the global. Being a tropical basin, SWS has a higher
impact than the global average (Getirana, Kumar, et al. 2017).
In the valley, the higher contribution of SWS can be attributed
to the large volume of water carried by the river and the water
stored in the floodplains during the monsoon season.
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FIGURE 8 | Spatial distribution of the impact index of (a) groundwater storage (GWS), (b) surface water storage (SWS), (c) soil moisture (SM) and
(d) snow water equivalent (SWE) on the terrestrial water storage (TWS) variability over the Brahmaputra River Basin. The colour scale represents

the Impact index of each storage component on TWS variability. [Colour figure can be viewed at wileyonlinelibrary.com]

TABLE 3 | Average impact of various water storage components in
the Brahmaputra basin and globally.

Impact index GWS SM SWS SWE

Brahmaputra basin 39.7% 37.7% 21.5% 1.1%

Global (Getirana, 17.4% 51.2% 8.3% 23.1%
Kumar, et al. 2017)

6 | Conclusions and Future Work

The Brahmaputra basin is a major basin of the world with com-
plex terrain that experiences hydroclimatological extremes. The
changing climate has led to challenges in water availability and
basin management. A multi-model, multi-forcing hydrologic-
hydrodynamic modelling approach is used in this study. Two
LSMs (Noah MP and CLSM) coupled with a routing model
(HyMAP) are forced with MERRA2, where the precipitation is
replaced by CHIRPS (reanalysis product based on satellite and
ground-based precipitation) and IMD gridded product (ground
observation-based precipitation).

Some of the major conclusions from this study are as follows:

1. A mean annual rainfall of 1455mm/year with a standard
deviation of 207 mm/year is observed with IMD data, and

a 1405mm/year with a standard deviation of 119mm/
year is observed with CHIPRPS. The basin receives most
of its rainfall during the monsoon period. The spatial dis-
tribution of precipitation suggests a clear demarcation in
the basin's annual precipitation rate, with the upper and
lower parts accounting for 30% and 70%, respectively.
Although no long-term trend (1981-2020) is observed in
the basin-averaged annual precipitation, winter precipita-
tion exhibits a significant decreasing trend, affecting win-
ter agriculture and increasing water stress during the lean
period.

. The ensemble mean of basin-averaged precipitation, ET

and runoff shows no significant trend. However, increases
in P, ET and R have been observed in recent years. A de-
creasing trend in the ET/P ratio and an increasing trend in
C are observed, suggesting that the share of ET from pre-
cipitation is decreasing, whereas the share of runoff from
precipitation is increasing, leading the basin to respond
to increasing precipitation with higher surface runoff.
The basin-averaged trend is not consistent throughout the
basin.

. The findings of this study have implications for under-

standing the diverging hydrological cycle of the basin. The
spatial distribution of trends in the water fluxes of the basin
suggests an accelerating hydrological process in the upper
part of the basin, whereas a decelerating hydrological cycle
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in patches in the lower part. The variability of the hydro-
logical variables in the lower part of the basin is double that
of the upper part of the basin.

4. Increasing runoff in the UBRB is strengthening stream-
flow in the region, while opposing runoff signals in the
LBRB suppress streamflow variability and thus imply
that hydrologic responses in the Brahmaputra Basin are
strongly spatially divergent.

5. GWS and SM are the largest contributors to TWS of the
basin. However, the contribution of river and floodplain stor-
age is significant compared to global numbers. The contribu-
tion of SWS is mostly higher in the valley part of the basin,
resulting from the large amount of water carried by the river
and stored in the floodplains during the monsoon period.

The spatially divergent hydrological trends identified in this study
have significant implications for transboundary water management
and climate adaptation in the Brahmaputra basin, which is shared
among China, Bhutan, India and Bangladesh. The accelerating
hydrological cycle in the UBRB increases the risk of floods, glacial
lake outburst events, and sediment transport into downstream re-
gions, underscoring the need for joint flood early warning systems
among riparian countries. In contrast, the decelerating hydrology
in parts of the LBRB, coupled with declining winter precipitation,
raises concerns over dry-season water availability, agriculture and
ecosystem health in downstream Assam and Bangladesh. These
contrasting trends underscore the need for spatially differentiated
adaptation strategies: flood resilience and sediment management
in the upper basin, and drought preparedness, groundwater regula-
tion and conjunctive water use in the lower basin.

Certain model limitations related to the aquifer representation
in the LSMs and the exclusion of reservoirs and lakes in the rout-
ing scheme will be subject to future research. The study provides
valuable insights into comprehensively assessing the long-term
water budget of the Brahmaputra basin, spanning from 1981
to 2020, and its findings serve as a significant reference for in-
forming sustainable water management practises in the basin.
The adopted multi-model, multi-forcing approach effectively ac-
counts for uncertainties in both model and forcing. Nonetheless,
enhancing the robustness of such studies could involve incorpo-
rating data assimilation of satellite products, thereby improving
the Indian Land Data Assimilation System (ILDAS).
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