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Abstract Enhanced drought modeling is crucial for realistic prediction and effective management of water
resources, especially with climate change anticipated to exacerbate drought frequency and severity. Global
water models (GWMs) simulate historical and future terrestrial water storage (TWS) with continuous spatial
and temporal coverage. However, a global evaluation of TWS simulations by GWMs focused on drought is
lacking. Here we evaluate, for the first time, GWMs' capability to represent TWS droughts by comparing
simulations with Gravity Recovery and Climate Experiment satellite data. We find notable underestimation of
drought severity and coverage by GWMs, across diverse regions, including North America, South America,
Africa, and Northern Asia. When examined without trend removal, the underestimation of TWS droughts is
more pronounced in recent years (2016–2019) compared to 2002–2015, especially in northern latitudes. This
underrepresentation highlights the necessity to improve GWMs to simulate TWS droughts. Our results imply
that previously reported future TWS projections could have underestimated droughts.

Plain Language Summary Droughts are worsening, likely due to climate change, making accurate
water resource projections crucial. This study evaluates global water models (GWMs) against Gravity Recovery
and Climate Experiment (GRACE) satellite data for terrestrial water storage (TWS)—an integration of water
stored in snowpacks, rivers, lakes, floodplains, canopies, soils, and aquifers—to assess their accuracy in
simulating droughts. Results indicate that GWMs systematically underestimate the severity and spatial extent of
TWS droughts, particularly in tropical and high latitude regions such as North and South America, and Africa.
This underestimation suggests that future drought hazards might be higher than projected, posing challenges for
water management and agriculture. These discrepancies highlight the need for model enhancements and more
rigorous validation to improve drought projections, which are critical for effective water resource management
and climate adaptation strategies.

1. Introduction
Terrestrial water storage (TWS), a fundamental component of the terrestrial hydrological budget (Pokhrel
et al., 2021; Tang et al., 2010), represents the total water stored above and below the land surface (Syed
et al., 2008), including in snowpacks, rivers, lakes, floodplains, canopies, soils, and aquifers. Changes in TWS are
profoundly influenced by both natural and anthropogenic factors, including climate extremes (i.e., droughts,
floods, and heat waves) as well as human activities such as groundwater abstraction (Liu et al., 2020) and land use
changes (Shi et al., 2024). Recent trends in TWS (B. Li & Rodell, 2024; Liu et al., 2020; Rodell et al., 2018;Wang
et al., 2018) have raised global concerns due to their implications for freshwater availability and the sustainability
of water resources (Döll et al., 2016; Scanlon et al., 2023). Climate change is already threatening water
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availability in many populous regions of the globe (Konapala et al., 2020; X. Li et al., 2022; Wu et al., 2020;
Q. Zhang et al., 2023). Consequently, accurate quantification and future projections of TWS are essential for
effective and sustainable water resource management under changing climate.

The Gravity Recovery and Climate Experiment (GRACE) mission has unveiled Earth's changing freshwater
landscape, which has profound implications for water and food security (Tapley et al., 2019). GRACE data sets
have helped enhance our ability to monitor natural and anthropogenic variations in water availability (Ahmed
et al., 2014; Bibi et al., 2021; H. Deng & Chen, 2017; S. Deng et al., 2022; Tapley et al., 2019; X. Yang
et al., 2021). Moreover, GRACE products have proven valuable in capturing historical drought events (Houborg
et al., 2012; Huang et al., 2018; Jin & Zhang, 2016; Khorrami et al., 2023; Schumacher et al., 2018; Sinha
et al., 2017; Z. Zhang et al., 2015) and in predicting future droughts (Hasan et al., 2021; Kenea et al., 2020).
Although the GRACE record is relatively short (monthly anomalies from April 2002 with some missing months
and coarse spatial resolution), the data have provided important early confirmation of large‐scale changes in the
global hydrological cycle projected by global water models (GWMs) for the twenty‐first century (IPCC, 2021).

To compensate for the spatial and temporal resolution limitations and shorter periods of GRACE data sets,
GWMs have been utilized to simulate TWS changes worldwide (Chaudhari et al., 2019; Kenea et al., 2020; Yan
et al., 2021; Yin et al., 2022). In parallel, several studies have also extended the GRACE data period itself using
various methods (Humphrey & Gudmundsson, 2019; F. Li et al., 2021; Yin et al., 2023). However, future pro-
jections of water availability remain model‐dependent and require systematic evaluation (Scanlon et al., 2018;
Tiwari, Pokhrel, et al., 2025). Several studies have assessed the performance of simulated TWS against GRACE
data. For instance, Vergnes and Decharme (2012) incorporated a groundwater model and evaluated its TWS
simulation, while van Dijk et al. (2011) assessed the simulated TWS by the Australian Water Resources
Assessment model for Australia. Seyoum and Milewski (2016) evaluated the long‐term TWS simulated by an
integrated hydrologic model using in situ data in the Northern High Plains. Further, Long et al. (2017) analyzed
spatiotemporal variability in merged TWS changes using global hydrological models against GRACE products.
Bibi et al. (2024) benchmarked the multimodel TWS seasonal cycle against GRACE observations over major
global river basins. More recently, Tiwari, Pokhrel, et al. (2025) provided a global intercomparison of GWMs by
quantifying mean TWS trends and systematic biases against GRACE. Despite these advances, most prior studies
emphasize long‐term trends and seasonality. Critically, no global evaluation has yet examined GWM perfor-
mance under drought conditions, leaving an important scientific gap in understanding how well models capture
extreme hydrological variability.

GWMs have been employed to project TWS droughts (Ahi & Cekim, 2021; Jia et al., 2020; Pokhrel et al., 2021;
Y. Yang et al., 2023; Yin et al., 2022), however, there is limited understanding of how well these models can
capture TWS droughts to monitor historical droughts, which hinders accurate future drought projections.
Numerous studies evaluated the GWMs, but they have not comprehensively examined TWS droughts (Heinicke
et al., 2024; Zaherpour et al., 2018). This study aims to fill these gaps by evaluating the capability of models to
accurately represent TWS droughts. We answer the following science questions: (a) How accurately do GWMs
simulate historical TWS droughts? and (b)What are the specific regions and climate zones where GWMs struggle
to accurately simulate TWS droughts? By addressing these gaps, this study seeks to enhance our understanding of
TWS dynamics and improve the accuracy of drought predictions, ultimately contributing to more sustainable
water resource management strategies.

2. Materials and Methods
Monthly model TWS data are taken from the Inter‐Sectoral Impact Model Intercomparison Project ISIMIP3a
(Frieler et al., 2024) (https://www.isimip.org/protocol/#isimip3a). The eight GWMs included in this study are:
CWatM (Burek et al., 2020), H08 (Hanasaki et al., 2008, 2018), HydroPy (Stacke & Hagemann, 2021), JULES‐
W2 (Best et al., 2011), LPjmL.5‐7‐10‐fire (Oberhagemann et al., 2024; Wirth et al., 2024), MIROC‐INTEG‐
LAND (Yokohata et al., 2020), ORCHIDEE‐MICT (Guimberteau et al., 2018), and WaterGAP2.2e (Müller
Schmied et al., 2021, Müller Schmied, Gosling, et al., 2024, Müller Schmied, Trautmann, et al., 2024). Each
GWM is forced with daily (except MIROC‐INTEG‐LAND; three‐hourly) inputs from the GSWP3‐W5E5 his-
torical climate data set (Lange et al., 2022; Tiwari, Pokhrel, et al., 2025). Different models consider human
management to varying degrees. For instance, CWatM, H08, HydroPy, and WaterGAP2‐2e models use
groundwater withdrawal, CWatM, H08, LPJmL5‐7‐10‐fire, and WaterGAP2‐2e models use dams and reservoirs,
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and all models account for land‐use changes (Table S2 in Supporting Information S1). Details about how different
models resolve TWS components are given in Table S3 in Supporting Information S1. More details regarding
model parameterizations, human activities considered, and calibration can be found in Telteu et al. (2021) and
Müller Schmied, Gosling, et al. (2024).

We compare the ISIMIP3a‐based simulated TWS against GRACE TWS during drought conditions. We select
GRACEmascon products from the Center for Space Research (CSR; Save et al., 2016), Jet Propulsion Laboratory
(JPL; Watkins et al., 2015), and Goddard Space Flight Center (GSFC; Croteau et al., 2020). Mascon solutions
enhance signal recovery by reducing leakage along coastlines between land and ocean regions and eliminating
vertical striping found in non‐regularized Level 2 spherical harmonic solutions (Croteau et al., 2020; Luthcke
et al., 2013; Save et al., 2016; Watkins et al., 2015). GRACE TWS data from CSR (0.25°) are re‐gridded to
0.5‐degree spatial resolution using bi‐linear interpolation to make it consistent with the simulations. Further, we
use Singular Spectrum Analysis (Yi & Sneeuw, 2021) to fill the missing GRACE data including the gap between
GRACE and GRACE Follow‐On (GRACE‐FO).

We calculate the uncertainty in the three GRACE products using the three‐cornered hat (TCH) method (Gray &
Allan, 1974; Premoli & Tavella, 1993) which calculates relative covariances without a priori knowledge when at
least three data sets exist (Long et al., 2017; T. Xu et al., 2019; Q. Zhao et al., 2019). Widely used for TWS
uncertainty estimation (Ferreira et al., 2016; Long et al., 2017; Yan et al., 2021), the TCH method supports our
ensemble approach, minimizing processing errors by averaging three GRACE mascon products (Ali et al., 2022;
Sakumura et al., 2014; Yan et al., 2021). While GRACE TWS data start from 2002, the ISIMIP simulations
provide monthly data from 1901 to 2019. Thus, our analysis is limited to the overlapping period between the
models and GRACE observations (2002–2019). To increase robustness and enable model evaluation over a
longer period, we incorporate machine learning‐based global TWS reconstruction products (GTWS‐MLrec; Yin
et al., 2023). We quantify the accuracy of GTWS‐MLrec data sets for drought simulations by validating against
observed standardized runoff index (SRI)‐based droughts (Kumar et al., 2022) for eight diverse catchments
previously studied by (Gosling et al., 2017) and Hattermann et al. (2017). These data sets provide long‐term TWS
records from 1940 to 2022 and show good performance in constraining global and regional water balance (e.g., Lu
et al., 2025; Saemian et al., 2024).

TWS drought severity index (TWS‐DSI hereafter; Zhao et al., 2017), has been employed to examine droughts and
used widely in previous studies over different global regions (Kenea et al., 2020; Pokhrel et al., 2021; Satish
Kumar et al., 2021; G. Xu et al., 2023; Yin et al., 2022). The time‐period is consistently applied in simulations:
2002–2019 for comparisons with GRACE, and 1940–2019 for comparisons with GTWS‐MLrec, while reference
period to remove the mean from TWS to calculate TWS anomaly is same for GRACE, GTWS‐MLrec, and
models, which is 2004–2009. The TWS‐DSI is calculated as follows.

TWS − DSIi,j =
TWSi,j − TWSj

σj
(1)

where TWSi,j refers to the TWS anomalies at year i and month j, and TWSj and σj denote the mean value and
standard deviation of TWS anomalies at month j, respectively. TWS‐DSI values indicate a wet condition for
above zero and dry condition for below zero values similar to US drought monitor (Svoboda et al., 2002).

We calculate the latitudinal droughts at every 0.5° in the TWS from − 45° to 60‐degree latitudes to isolate lat-
itudinal variations. We evaluate TWS droughts by comparing the latitudinal means between the ISIMIP model
ensemble median and the observational data from GRACE from 2002 to 2019 as well as Intergovernmental Panel
on Climate Change (IPCC) Sixth Assessment Report (AR6) climate zones. For IPCC AR6 zones, we have taken
the 12‐month moving average and then removed the trends from TWS anomalies. We use a 12‐month moving
average to smooth short‐term variability and highlight sustained water deficits, aligning with the seasonal to
annual scale of hydrological droughts. We remove trends from both GRACE and ISIMIP TWS using two
methods: linear detrending and the Empirical Mode Decomposition (EMD) method (Dong & Zhang, 2012).
Furthermore, we compare TWS droughts between GRACE and the models under nonstationary conditions
(without trend removal) and under approximately stationary conditions (after removing trends). Continent‐wise
analysis of TWS droughts is conducted considering both the ensemble median and individual models to
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systematically investigate drought characteristics across and their contributions to global signal. Further, we
evaluate the peak drought period at the continental scale in GRACE TWS and compare it with the model
simulations.

We compute the drought severity and coverage index (DSCI), similar to that in the US drought monitor
(Leelaruban et al., 2012), but for TWS droughts, further explained by Tiwari and Mishra (2022) as:

DSCI = 1(D0) + 2(D1) + 3(D2) + 4(D3) + 5(D4) (2)

Here, D0, D1, D2, D3, and D4 represent the percentage area of abnormal drought, moderate drought, severe
drought, extreme drought, and exceptional drought, respectively. DSCI ranges from 0 to 500, with a zero meaning
that none of the area is under drought, and 500 meaning that entirety of the area is in D4 (i.e., exceptional TWS
drought). We applied the DSCI metric to the Amazon and Congo basins due to their large size and strong TWS
drought signals during the GRACE period (2002–2019). These basins offer a robust testbed for evaluating model
performance in capturing extreme droughts.

Major river basin shapefiles (a total of 230 basins ≥50,000 km2) are taken from the Global Runoff Data Center,
which incorporates data from the HydroSHEDS database (Lehner & Grill, 2013). Further, we have analyzed the
contributions of soil moisture and snow water equivalent (SWE) to variations in TWS, providing insights into
regional TWS dynamics. GRACE data limitations, including coarse resolution, temporal gaps, and signal re-
covery uncertainties, have been addressed using an ensemble of three GRACE mascon products (CSR, JPL,
GSFC), gap‐filling via SSA, and re‐gridding to 0.5° × 0.5° resolution. Uncertainty has been quantified using the
TCH method, though limitations in GRACE—such as coarse spatial resolution, signal smoothing, and leakage
errors—can dampen extreme anomalies and lead to underestimation of drought severity, especially in smaller
basins. A detailed uncertainty analysis across mascon products has been conducted to evaluate spatial and
temporal variability.

To evaluate the models' performance in simulating TWS droughts and identifying the underperforming models,
we calculate the Critical Success Index (CSI; Wilks, 2011), a widely used metric in hydrological and climate
studies (Tiwari et al., 2021).

CSI =
hit

hit +miss + false
(3)

Here “hit” means that TWS drought was observed and simulated on a given period, “miss” indicates that the
observed TWS drought was not simulated. “False” refers to cases where the simulated drought did not occur in the
observation. The threshold for TWS drought is taken as − 1 value of TWS‐DSI (Tiwari, Kushwaha, et al., 2025).
To account for ensemble variability, we compute the mean and standard deviation of CSI values across all models
for each basin. Models with CSI values lower than (mean − 1 standard deviation) have been classified as sub-
stantially deviating models, allowing multiple models to be flagged when their performance was notably lower
than the ensemble average.

Signal‐to‐Noise Ratio (SNR) is computed to assess the fidelity of simulated terrestrial TWS relative to the
observed TWS from GRACE. SNR quantifies the proportion of the variance in the observed signal captured by
the models while accounting for the residual errors (Gao et al., 2023). SNR values are computed for 230 basins
across eight models, and higher SNR values indicate better model performance in capturing the observed TWS
variability. Given a time‐series consisting of GRACE‐based TWS values (GTWSA) and corresponding simulated
values (STWSA), the SNR is defined as:

SNR = 10 · log10 (
σ2O
σ2ε
) (4)

where σ2O is the variance of the GTWSA values, and σ2ε is the variance of the residuals ε = GTWSA‐STWSA.
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3. Results
3.1. Global TWS Droughts and Model Evaluation

Using GRACE‐based TWS, we detect the major drought events (Figure 1a) during 2005–2006, 2010–2014, and
2015–2019 on global latitudinal mean. The GRACE data (2002–2019) revealed distinct TWS drought patterns
globally (Figure 1a). North America, especially the western U.S., underwent significant water deficits, peaking
during the 2011–2013 drought with TWS‐DSI dropping to extreme drought conditions (Figure S1 in Supporting
Information S1). South America, Europe, Africa, Asia, and Australia also experienced severe negative TWS‐DSI,
underscoring a global trend of increasing water stress and potential escalation in water scarcity from 2010 on-
wards. Mid‐latitude drought events (blue box in Figure 1a) are observed in South America, Africa, and Australia
(Figure S1 in Supporting Information S1). Lower latitude drought events from 2010 to 2014 (black box in
Figure 1a) are observed in South America (Figure S1 in Supporting Information S1), while 2015–2019 high‐
latitude drought events are observed in South America and Africa (Figure S1 in Supporting Information S1).

The comparative assessment of TWS‐DSI between median ISIMIP and GRACE reveals that although the ISIMIP
models capture the general spatial patterns of TWS‐DSI, there are systematic underestimations of the severity and
coverage of drought conditions, especially within tropical and high‐latitude regions (Figures 1a and 1b).
Underestimated drought conditions based on ISIMIP models in several regions are prominent in the GRACE data
(Figures 1a and 1b). Though regions indicated by blue and green rectangles are observed in simulations, models

Figure 1. Historical terrestrial water storage latitudinal droughts from (a) Gravity Recovery and Climate Experiment (GRACE), (b) the median ensemble of eight
ISIMIP models, and (c) a comparison of long‐term (2002–2019) latitudinal simulated droughts against GRACE. Selected rectangles highlight major droughts
underestimated in the simulations, with events detected in mid and lower latitudes during 2005–2006 (blue box), 2010–2014 (dashed black box), and 2015–2019
(green box).
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particularly underestimate GRACE‐detected droughts in regions indicated by black rectangles. These discrep-
ancies are pronounced in the regions highlighted by the black and blue lines (Figure 1c), where the underesti-
mation of drought conditions by the model simulations could significantly impact regional water management and
climate adaptation strategies. We further compare the individual model simulated TWS droughts against ob-
servations (Figure S2 in Supporting Information S1). We find that all the models underestimate droughts except
CWatM and WaterGAP2‐2e, which better capture the spatial extent of these droughts. When TWS trends are
preserved, GRACE TWS‐based droughts are found to be severe in recent years, especially in the northern lati-
tudes which are not captured by any model (Figure S2 in Supporting Information S1), indicating that declining
TWS trends are not well represented in models. However, when trends are removed models tend to compare better
with observations in TWS droughts (Figure S3 in Supporting Information S1).

3.2. TWS Droughts Comparison Based on Climate Regions and Continents

Figure 2 shows the comparative analysis of TWS droughts for different climate regions. In several climate regions
such as CNA, ENA, NES, SAM, NEU, WCE, ESAF, WSB, NEAF, SAS, and NAU GWMs well capture TWS
drought events from 2002 to 2019. However, in majority of the climate regions (e.g., NEN, WNA, NWS, MED,
SSA, SAH, RAR, ESB, ECA, CAF, ARP, SAU, EAS), simulated droughts are underestimated compared to
GRACE (Figure 2); the underestimation is pronounced in North America, South America, Africa, and Northern
Asia (Russia). Among climate regions, underestimation of simulated drought, including NEN, SWS, SSA, SES,
NES, CAF, SEAF, ARP, and NZ are prominent (Figure 2).

We calculate the continent‐wise mean time series of TWS droughts and note the peak time of the droughts in each
continent, to identify the most severe droughts across continent (Figure S4 in Supporting Information S1). For
these peak drought conditions in each continent, we further compared how the TWS droughts from GRACE are
captured in the simulated TWS droughts using drought severity and coverage index (DSCI) (Figure S4 in
Supporting Information S1). We find that in each continent there is an underestimation in DSCI in simulated TWS
droughts compared to the GRACE (Figure S5 in Supporting Information S1). Overall, the simulated TWS
consistently underestimates the severity and spatial extent of TWS droughts compared to GRACE observations,
highlighting the need for improved model parameterizations and validation.

3.3. TWS Droughts Comparison Based on Basins

The comparison of TWS drought in the Amazon River basin (the largest River basin by area) shows significant
variation across the eight models analyzed, as well as in comparison to GRACE satellite observations, particularly
for 2016 (Figure 3). Time series analysis from 2002 to 2019 highlights the varied ability of the models to capture

Figure 2. Comparison of simulated terrestrial water storage (TWS) drought against Gravity Recovery and Climate Experiment (GRACE) for Intergovernmental Panel on
Climate Change AR6 climate regions. Blue and black lines represent the GRACE and model median TWS‐DSI, respectively. The gray shaded area is the range of the
TWS‐DSI among models. Full names of climate zones are provided in Table S1 in Supporting Information S1.
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the temporal dynamics of TWS droughts, with some models showing closer agreement with GRACE during
major drought events, such as those in 2005 and 2016. The GRACE data reveals a DSCI value of 325, indicating a
severe drought in February 2016. Among the models, ORCHIDEE‐MICT and JULES‐W2 show relatively closer
DSCI of 246 and 240, respectively, suggesting better alignment with the GRACE observations. The improved
performance of JULES‐W2 and ORCHIDEE‐MICT in the Amazon likely comes from their advanced repre-
sentation of CO2‐sensitive vegetation dynamics, which are critical in high‐biomass regions (Reinecke et al., 2025;
Stacey et al., 2025; Wei et al., 2025). While other models also include some CO2 effects, these two structurally
capture vegetation–hydrology interactions more explicitly, possibly explaining their better performance. Other
models, such as CWatM and LPJmL5‐7‐10‐fire, exhibit lower DSCI of 141 and 206, respectively, indicating a
tendency to underestimate the drought's severity (Figure 3). Similarly, we found the varied performance of
models for TWS drought simulation of the Congo River basins as well where HydroPy model performs best and
JULES‐W2 and MIROC‐INTEG‐LAND underestimate the drought most for the peak drought of December 2005
(Figure S6 in Supporting Information S1). Moreover, unlike the Amazon River basin, in the Congo basin, all the
models underestimate most of the peak TWS droughts (Figure S6 in Supporting Information S1). While
comparing dry and wet periods both for selected River basins, we find that models generally exhibit lower TWS
amplitude, which partially explains the underestimation of drought severity (Figure S7 in Supporting Informa-
tion S1). This underestimation is more prominent during dry periods, as models tend to underestimate the negative
extremes (i.e., droughts) more than the positive extremes (wet conditions).

Figure 3. Comparison between GRACE‐based and individual model‐derived terrestrial water storage drought with the long‐term time series (2002–2019) and spatial
distribution of TWS‐DSI across the Amazon River basin during the peak drought period of February 2016. Gray shaded area shows uncertainty in Gravity Recovery and
Climate Experiment data. D values show the drought severity and coverage index.
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During the peak drought in February 2016, all models produce results that are closely aligned in terms of per-
centiles of TWS anomalies (Figure S8 in Supporting Information S1). The anomaly percentiles from the models
matched well with the GRACE data. However, spatial comparisons reveal discrepancies between the models and
GRACE TWS anomaly percentiles. These differences may be primarily attributed to soil moisture variability
(Rodell & Famiglietti, 2001) as we find that soil moisture shows similar variability as TWS for Amazon River
basin (Figure S9 in Supporting Information S1). Upon examining soil moisture, we found that it exhibited the
highest correlation with TWS in more than 70% of the basins, with correlation coefficients exceeding 0.7 across
the models (Figure S10 in Supporting Information S1).

We examine the contributions of individual TWS components. All eight models provide data on soil moisture and
SWE, so our analysis focuses on these two variables. We find that soil moisture is the dominant component of
TWS across nearly all regions (Figure S11a in Supporting Information S1). In polar regions, however, SWE also
makes a substantial contribution to TWS (Figure S11b in Supporting Information S1). Given the dominant in-
fluence of soil moisture on TWS, any errors in soil moisture estimates are likely to be the primary cause of the
underestimation of TWS droughts. Therefore, improving soil moisture simulations in global water models could
be critical in reducing the underestimation of TWS droughts, especially in regions where soil moisture is the
predominant component. Furthermore, in polar regions, where SWE also plays a crucial role, both soil moisture
and SWE need to be accurately represented to improve the overall reliability of TWS drought assessments.

Figure 4. (a) Basin‐wise most deviating model for terrestrial water storage (TWS) drought. The regions are specified where a particular model is performing worst using
oval shapes. The numbers inside the color bar indicate the percentage of basins corresponding to the model. (b) Number of models substantially deviating from Gravity
Recovery and Climate Experiment (GRACE) TWS. The numbers outside the color bar indicate the number of models substantially deviating while numbers inside the
color bar indicate corresponding percentage of basins. Oval shape shows the region where 2 models substantially deviate from GRACE.
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3.4. Model Benchmarking

Figure 4a shows, for each basin, the model that deviated most fromGRACE, based on CSI, when simulating TWS
drought, highlighting spatial variability in model performance. We find several clusters where individual models
deviate most. The H08 model shows the highest deviation in 31% of basins, particularly in North America, Africa,
and India, and basins in Southeast Asia, indicating challenges in capturing drought dynamics in these regions. In
Northwest North America, South America, and North Asia, MIROC‐INTEG‐LAND exhibits significant de-
viations, reflecting difficulties in modeling complex hydrological processes. The HydroPy model is the most
deviating in several central Asian and Middle Eastern basins, while ORCHIDEE‐MICT frequently deviates in
Eastern Asia, suggesting a need for region‐specific model enhancements. These clusters can be used to identify
the major issue in a particular model. We also identify most deviating models (See Methods) from GRACE for
TWS droughts, finding that in majority of the basins, only one model deviates the most (Figure 4b). While in some
basins (e.g., Orange and Yangtze basin) where none of the models exceed the substantial deviation limit, in other
basins (e.g., Indus, Tarim, and Amur) multiple models deviate substantially from GRACE. Furthermore, we
compare the model‐simulated TWS against GRACE TWS using SNR (Figure S12 in Supporting Information S1).
Basins with high human impacts, such as the Indus, Ganges, and Yellow, as well as snow‐dominated basins,
including the Yukon and Mackenzie, exhibited lower SNR values, indicating poorer model performance (Figure
S12 in Supporting Information S1). Among the models, JULES‐W2 demonstrated the best performance in terms
of SNR, whereas H08 showed the lowest performance. Moreover, these findings emphasize the importance of
improving model accuracy for better drought assessment and water resource management in diverse climatic and
geographic regions.

3.5. Uncertainty in GRACE Observations and Comparison With Alternative GRACE Reconstructions

Analysis using the THC method reveals that JPL‐M exhibits the highest average uncertainty among GRACE
mascon products, while CSR‐M shows the lowest, consistent with prior findings (Gao et al., 2023) (Figure S13 in
Supporting Information S1). JPL‐M's discontinuous grid block pattern, due to its 3° spherical cap mascon block,
contrasts with its 0.5° × 0.5° resolution. Basin‐averaged TWS‐DSI uncertainties are lower in large basins (e.g.,
Amazon, Mississippi) but higher in smaller basins (e.g., Colorado, Orinoco) (Figure S14 in Supporting Infor-
mation S1). Spatial averaging across mascon products reduces uncertainties, particularly during droughts,
providing more robust estimates. Validation of GTWS‐MLrec data sets in eight climatically diverse basins
confirms their reliability, with TWS droughts aligning closely with runoff‐based droughts (e.g., Upper Mis-
sissippi River basin), despite minor lags (Figure S15 in Supporting Information S1). This underscores GTWS‐
MLrec's effectiveness in reconstructing historical drought dynamics. TWS droughts (2002–2019) assessed
against a 1940–2019 reference period show increased intensity due to recent declining TWS trends, exacerbated
by long‐term variability (Figure S16 in Supporting Information S1). However, GWMs does not fully capture this
intensification, likely due to inadequate representation of human activities (e.g., groundwater extraction) and
recent hydrological changes. Under nonstationary conditions, GTWS‐MLrec shows more severe and extensive
droughts, while ISIMIP models exhibit reduced severity (Figure S17a and S17b in Supporting Information S1).
Removing trends linearly does not substantially affect global drought severity patterns (Figure S17a–S17d in
Supporting Information S1). ISIMIP models consistently underestimate TWS drought severity relative to
GTWS‐MLrec in both stationary and nonstationary conditions. In the Amazon basin, where long‐term trends are
weak, linear trend removal has minimal effect on drought severity. However, using the EMD method brings
ISIMIP‐simulated droughts closer to those from GTWS‐MLrec, although the models still underestimate severity
(Figure S17e in Supporting Information S1). In contrast, in the heavily human‐impacted Indus basin, retaining
trends amplifies drought magnitude in GTWS‐MLrec, while ISIMIP remains less sensitive. Although trend
removal (both linear and EMD) improves agreement with GTWS‐MLrec under stationary conditions, the models
continue to underestimate drought severity (Figure S17f in Supporting Information S1). Therefore, negative long‐
term trends, particularly in recent years, can intensify drought signals and should be considered in model eval-
uations. While comparing the top drought events between the period of 1981–2000 for selected six River basins
from each continent, we found that models mostly underestimate the observed TWS droughts (Figure S18 in
Supporting Information S1).
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4. Conclusions
This study provides the first comprehensive evaluation of TWS droughts simulated by GWMs using GRACE
satellite data (2002–2019). Our analysis reveals a global trend toward increasing negative TWS‐DSI, particularly
post‐2010, with peak severities occurring between 2015 and 2019. GWMs underestimate the severity and spatial
extent of TWS droughts, particularly in tropical and high‐latitude regions such as North America, South America,
Africa, and Northern Asia. The comparison with GRACE satellite observations reveals significant discrepancies,
with recent drought trends (2016–2019) in northern latitudes being poorly captured by the models. When using a
longer reference period (i.e., GTWS‐MLrec) the severity of recent droughts is found to have intensified due to
declining TWS. These findings indicate that GWMs struggle to accurately capture historical TWS drought
magnitudes, potentially underestimating future projections. Consistent underestimation of severity underscores
gaps in parameterization, particularly in soil moisture dynamics, limiting model reliability for forecasting future
drought scenarios.

The analysis reveals substantial variability in model performance across major river basins, with some models,
like ORCHIDEE‐MICT and HydroPy, better capturing the drought dynamics, while others, such as MIROC‐
INTEG‐LAND and LPJmL5‐7‐10‐fire, exhibit notable deficiencies. Recent years have seen profound
drought events contributing to declining global TWS as observed by GRACE, which are not captured by any
model, suggesting future projections of drought severity may be underestimated. This variability underscores
the need for careful interpretation of multi‐model ensemble results. To improve accuracy, future studies should
use the ensemble median for balanced outputs or selectively combine reliable models tailored to specific re-
gions. These approaches can enhance TWS simulation reliability, making multi‐model ensembles more
effective for addressing regional hydrological challenges and informing drought prediction and water resource
management.

The underestimation of droughts in models stems from specific component‐level limitations that are directly
relevant for ISIMIP benchmarking and future model development. These include simplified vegetation dynamics,
limited representation of human activities (e.g., irrigation, groundwater extraction), and incomplete groundwater‐
surface water interactions. Errors in soil parameterization and discrepancies in TWS spatial distribution highlight
the need to improve lateral water fluxes, soil moisture dynamics, and groundwater processes (Clark et al., 2015;
Maxwell et al., 2014). In polar regions, underrepresentation of snow processes and permafrost thaw affects TWS
estimates (Elkouk et al., 2024; Lawrence et al., 2011), while groundwater pumping in regions like South Asia and
the Central U.S. significantly influences TWS during droughts. Our benchmarking highlights the need to improve
soil moisture, snow and permafrost, and human–water interactions, focusing on basins and regions where models
underestimate droughts. Future work should focus on integrating detailed human activities (e.g., groundwater
extraction, irrigation) to enhance model robustness (Döll, Fritsche et al., 2014; Döll, Müller Schmied et al., 2014;
Wada et al., 2016). Furthermore, here we have used a single forcing (GSWP3‐W5E5) based simulated TWS that
is available for all models and that is bias adjusted against precipitation stations. Future research could explore the
use of alternative forcing data sets to assess the sensitivity of model performance to variations in climate forcing,
providing deeper insights into their robustness and reliability. Addressing these gaps is crucial for understanding
drought processes and regional variability, ultimately supporting improved water management and policymaking
to mitigate drought impacts.

Data Availability Statement
The simulated data sets used in this study are openly accessible at this URL/DOI: https://data.isimip.org/search/.
Additionally, three openly available GRACE products utilized in this study can be obtained from the following
sources: http://www2.csr.utexas.edu/grace/, https://podaac.jpl.nasa.gov/GRACE, and https://earth.gsfc.nasa.
gov/geo/data/grace‐mascons. We obtain GTWS‐MLrec data sets from Yin et al. (2023). Scripts and the data files
to reproduce the figures of this study are available in Zenodo from Tiwari (2025).
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