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ABSTRACT

Groundwater is integral to land surface processes, significantly influencing water and energy cycles, and it is an
important resource for drinking water and ecosystems. Climate change and anthropogenic impacts have an ever-
increasing influence on the water cycle and groundwater storage in recent decades. This study leverages GRACE
and ERA5-Land data to analyze groundwater storage variability from 2003 to 2022, with a 1° spatial resolution.
Approximately 81 % of global regions have shown significant groundwater storage changes, with 48 % expe-
riencing declines and 52 % observing increases. Approximately 3.4 billion people live in regions where
groundwater has significantly declined over the past 20 years. Findings indicate considerable global groundwater
changes, with depletion hotspots (>20 mm/year) in northern India, the North China Plain, eastern Brazil, and
around the Caspian Sea. Standardised Precipitation-Evapotranspiration Index (SPEI) trends exhibit a stronger
influence on groundwater storage change than precipitation trends, highlighting the critical role of evapo-
transpiration. Groundwater depletion is driven primarily by agricultural irrigation and over-abstraction, with
population density playing a relatively smaller role. GRACE data facilitates global monitoring, underscoring the
need for long-term dynamic observation to inform sustainable groundwater management policies crucial for

regions facing groundwater depletion to ensure long-term freshwater resource sustainability.

1. Introduction

Groundwater resources play a crucial role in environmental pro-
cesses, serving as the primary source of drinking water for 50 % of the
world’s urban population and around 25 % of all water withdrawn for
irrigation (Pointet, 2022). Recent findings reveal that rapid declines in
groundwater levels, more than 0.5 m per year, are common in the 21st
century, especially in dry areas with extensive cropland (Jasechko et al.,
2024). Groundwater depletion due to irrigation is evident in many key
agricultural regions (Rodell et al., 2009, 2018; Famiglietti et al., 2011;
Voss et al., 2013). Human activities, particularly irrigation, which ac-
counts for 70 % of global water withdrawals and 90 % of water con-
sumption, have a direct impact on these resources (Siebert et al., 2010).
Furthermore, 4 billion people face severe water shortages for at least one
month each year (Mekonnen & Hoekstra, 2016). This pattern threatens
the long-term sustainability of groundwater extraction (Brauman et al.,
2016; Wada et al., 2014). Furthermore, excessive groundwater extrac-
tion, coupled with irrigation and climate change, could lead to wells
running dry (Gleeson et al., 2012; Jasechko & Perrone, 2021).

* Corresponding author.

Therefore, analyzing groundwater storage and its fluctuations is crucial
to comprehending the effects of climate change and interactions be-
tween land and atmosphere.

Groundwater is influenced by both climatic and human activities and
exhibits different behaviors in various regions (Amanambu et al., 2020;
Padron et al., 2020; Scanlon et al., 2023). Climate change further
stresses groundwater systems through its impacts on precipitation rates
and intensity, evapotranspiration (ET), water demand, soil moisture,
surface runoff, and glacial conditions, significantly affecting the terres-
trial hydrological cycle (Fan et al., 2020; Tabari, 2020; Williams et al.,
2020; Condon et al., 2020). These changes result in the redistribution of
water resources across spatial and temporal scales, resulting in more
frequent and severe agricultural and ecological droughts (Anghileri
etal., 2018; Setegn et al., 2011; Legg, 2021). Changes in vegetation alter
land use, subsequently affecting the distribution of precipitation among
evapotranspiration, surface runoff, and groundwater recharge. Human
activities significantly impact groundwater storage through various
means, such as the regulation of reservoirs or dams, agricultural irri-
gation, and industrial and domestic water use. Urbanization and
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agricultural irrigation further exacerbate regional imbalances in
groundwater supply and demand, resulting in water scarcity and notable
changes in the spatial and temporal distribution of hydrological pro-
cesses and water balance elements (Taylor et al., 2013; Joodaki et al.,
2014). Understanding the long-term spatiotemporal patterns of
groundwater storage changes in response to climate change and human
activities is essential for informed groundwater management and pro-
tection decisions.

Monitoring and managing groundwater is challenging due to the vast
size and hidden nature of aquifers, which are difficult to observe
directly, though some remote sensing techniques can provide insights.
Typically, local and regional groundwater conditions are assessed
through in situ measurements of groundwater levels or water balance
estimates (Bhanja et al., 2020). However, comprehensive large-scale
data have historically been limited, and direct observations of ground-
water level and storage changes have often been constrained by the high
cost of data collection and restrictive data policies (Jasechko et al.,
2024). In addition to being monitored by in situ well observations,
groundwater storage can be simulated by hydrological models. Hydro-
logical models provide an abstract or generalized description of hydro-
logical processes in different regions, enabling the study of the effects of
climate change and human activities on these processes. Common global
hydrological models include the WaterGAP Global Hydrology Model
(WGHM,; Herbert & Doll, 2019; Veldkamp et al., 2018) and the PCRaster
Global Water Balance (PCR-GLOBWB; Wada et al., 2014; Sutanudjaja
et al., 2018). Hydrological model simulations require extensive obser-
vational data for input parameters. Variability in these parameters can
lead to significant uncertainties in simulated water storage analyses (Qi
et al,, 2022). Furthermore, limited understanding of groundwater
recharge and abstraction processes, coupled with the scarcity of inde-
pendent ground-based observations for model calibration, further ex-
acerbates these uncertainties (Doll et al., 2014). In recent years, this
large-scale information gap has been bridged by utilizing data from the
Gravity Recovery and Climate Experiment (GRACE) and its successor,
the GRACE Follow-On (GRACE-FO) satellite missions. The advent of the
GRACE satellites has substantially improved our understanding of global
groundwater storage changes through remote sensing technology at the
global scale (Scanlon et al., 2023). Since their launch in 2003, numerous
studies have addressed changes in groundwater storage (GWS) derived
from GRACE data (Richey et al., 2015; Bhanja et al., 2016; Scanlon et al.,
2018; Rateb et al., 2020; Li et al., 2024). However, the use of gravity
satellite data has limitations, including low spatial resolution, making it
most suitable for regions larger than 200,000 km?, and low temporal
resolution at a monthly scale. Additionally, it is important to address
challenges such as difficulties in selecting data from multiple sources
(Gao et al., 2023), data gaps (Wang & Zhang, 2024), and low spatio-
temporal resolution (Yin et al., 2022).

The reasons for groundwater storage changes vary widely. Over-
extraction for irrigation is a significant factor contributing to the
regional groundwater declination, as observed in California’s Central
Valley (Famiglietti et al., 2011), the North China Plain (Feng et al.,
2017), India (Asoka et al., 2017; Rodell et al., 2009), and the Middle East
(Voss et al., 2013). Severe droughts have also led to substantial re-
ductions in groundwater storage, such as in southern and northern Af-
rica (Rodell et al., 2018). The conclusions derived from GRACE
regarding changes in groundwater storage mainly focus on individual
aquifers or at catchments scale (Joodaki et al., 2014; Chen et al., 2010;
Rateb et al., 2020), as well as large global aquifer systems (Thomas et al.,
2017; Shamsudduha et al., 2020, Xanke & Liesch, 2022). The release of
the HWSA V1.0 database (Zhang et al., 2024) has facilitated high-
resolution global-scale assessments of terrestrial water storage anoma-
lies (TWSA) and groundwater storage anomalies (GWSA). However,
there has been no recent global-scale study examining the characteris-
tics of groundwater storage changes over the past two decades.
Furthermore, there is a lack of global-scale analysis to assess the extent
to which human activities and climate change affect groundwater
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storage across specific regions, such as arid zones, or agricultural areas.
Additionally, the driving forces behind changes in regional groundwater
storage, as well as their implications at a global scale, remain insuffi-
ciently discussed. The main objectives of this study are:

1. Investigation of global trends in groundwater storage from 2003 to
2022.

2. Integration of multiple data sources to examine the relationship
between groundwater storage changes, climatic characteristics, and
human activities, as well as analysis of the driving mechanisms
behind these changes.

3. Regional analysis of significant groundwater storage changes over
the past 20 years, attributing these variations to climate change and
human activities.

2. Data and methods
2.1. Data on groundwater storage data

The data retrieved from the GRACE/GRACE-FO RL06 Mascon solu-
tions (Save et al., 2016; Save, 2020) provided by the Center for Space
Research (CSR) for the period January 2003 to December 2022 were
used to isolate gridded groundwater storage changes. The data were
resampled from a spatial resolution of 0.25° to 1°. Groundwater storage
anomalies were estimated using a mass balance approach, which allows
for the isolation of a groundwater storage signal from terrestrial water
storage. This approach assumes that groundwater storage (AGW) can be
computed by subtracting soil moisture (ASM), snow water equivalent
(ASWE), surface water (ASWA), canopy water storage (ACWS) from
total water storage (ATWS), as shown in Eq. (1):

AGW = ATWS — ASM — ASWE — ASWA — ACWS (@9)]

Soil moisture (ASM), snow water equivalent (ASWE), surface water
(ASWA), and canopy water storage (ACWS) data were obtained from the
ERAS5-Land dataset (Munoz Sabater, 2019; Munoz Sabater et al., 2021).
The ERA5-Land data were used at a monthly temporal resolution and
resampled from 0.1° to 1° to align with the CSR GRACE Mascon data.
The decision to conduct the analysis at a 1° spatial resolution was made
after careful consideration of several key factors: (1) the intrinsic reso-
lution limitations of GRACE data (Wiese et al., 2016); (2) the need for
computational efficiency in global-scale trend analyses (Rodell et al.,
2018; Scanlon et al., 2018); and (3) the control of error propagation and
uncertainties. The 11-month data gap between GRACE and GRACE-FO
missions (July 2017 to May 2018) was addressed using the Singular
Spectrum Analysis (SSA) method. SSA is a robust technique that de-
composes a time series into components ranked by variance, enabling
the extraction of non-linear trends and dominant oscillations while
effectively reducing noise (Vautard et al., 1992; Hassani, 2007). By
applying SSA, we estimated the missing data based on trends observed
before and after the gap, ensuring a consistent and reliable dataset. This
approach has been extensively validated and employed in previous
studies to address GRACE data gaps (Yi & Sneeuw, 2021; Li et al., 2019).
In addition to SSA, alternative approaches have been developed to
address the data gap between the GRACE and GRACE-FO missions.
Notable examples include the methods proposed by Zhang et al. (2022)
and Rateb et al. (2022).

This study investigates the impact of environmental changes on
global groundwater storage by analyzing eight key indicators, which
encompass climate factors, human activities, and other relevant vari-
ables (see Table 1). These indicators were selected to capture the com-
plex, multidimensional interactions influencing groundwater storage,
enabling a comprehensive assessment of their relationships at the global
scale.
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Table 1
Datasets of environmental changes affecting global groundwater storage.
Factor Time span and Unit Source
temporal
resolution
Climate factors
Precipitation 2003-2022, mm/a Harris et al.,
monthly 2020
Annual potential 2003-2022, mm/a Martens et al.,
evapotranspiration monthly 2017; Miralles
et al.,, 2011
Standardised Precipitation- 2003-2022, Unitless Vicente-Serrano
Evapotranspiration Index monthly et al., 2010
(SPEID)
Human factors
Population 2003 - 2020, Number of  WorldPop, 2018
yearly people
Groundwater abstraction 2003 - 2019, mm/a Miiller Schmied
data monthly et al., 2021
Area actually irrigated 2005 % Siebert et al.,
2013
Areas equipped for 2005 % Siebert et al.,
Irrigation with 2013
groundwater
Other factors
Leaf Area Index (LAI) 2003 to 2022, % Myneni et al.,
monthly 2021

2.2. Data on climate factors

Monthly gridded precipitation data were obtained from the Climatic
Research Unit (CRU) (Harris et al., 2020). The aridity index (AI)
(Middleton & Thomas, 1997) quantifies climatic dryness and is defined
as the ratio of annual precipitation (P) to annual potential evapotrans-
piration (PET). The PET data used in this study are derived from the
Global Land Evaporation Amsterdam Model (GLEAM) (Martens et al.,
2017; Miralles et al., 2011). According to the AI index, regions are
classified into hyperarid (AI < 0.05), arid (0.05 < AI < 0.2), semiarid
(0.2 < AI < 0.5), and dry subhumid (0.5 < Al < 0.65) subtypes. The
Standardised Precipitation-Evapotranspiration Index (SPEI) is a meteo-
rological drought index used to quantify the severity of drought or
wetness in a region. It integrates data on precipitation and potential
evapotranspiration (Vicente-Serrano et al., 2010). According to SPEI
index, regions are classified into Extremely Wet (SPEI > 2.0), Very Wet
(1.5 < SPEI < 1.99), Moderate Wet (1.0 < SPEI < 1.49), Normal
(—0.99 < SPEI < 0.99), Moderate Dry (—1.0 < SPEI < -1.49), Very Dry
(—1.5 <SPEI < -1.99), and Extremely Dry (SPEI < —2.0). Global maps of
monthly Standardised Precipitation-Evapotranspiration Index (SPEI) for
the period January 1901 to December 2022 with monthly resolution are
available (Begueria et al., 2014). Al primarily quantifies long-term
(multi-year average) drought characteristics based on the ratio of pre-
cipitation to potential evapotranspiration (PET), thereby capturing the
fundamental spatial distribution of climatic aridity. In contrast, SPEI
reflects short- and medium-term climate variability, including the
impact of recent climate fluctuations such as drought events, making it
particularly useful for analyzing the dynamic changes in climatic
drought. By integrating both indicators, we can achieve a more
comprehensive characterization of climate-induced drought across
different temporal scales, mitigating the limitations associated with
using a single index.The climate factors cover the period from 2003 to
2022, and the resolution of these datasets has been standardized to
1°x1° using bilinear interpolation to match the resolution of the GRACE
data.

2.3. Data on human factors

Annual population data were collected from WorldPop (WorldPop,
2018) spanning the years 2003 to 2020, produced at a 100 m spatial
resolution. Gridded groundwater extraction estimates were
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characterized using groundwater abstraction data reported by Water-
GAP (Miiller Schmied et al., 2021). For this study, monthly net
groundwater abstraction data covering the period from 2003 to 2019
were selected for analysis, standardized to units of mm/month. Irriga-
tion data were sourced from the Global Map of Irrigation Areas (GMIA)
(Siebert et al., 2013), produced at a 5 arc-minute spatial resolution
around the year 2005. This dataset consists of two components: area
actually irrigated and areas equipped for irrigation with groundwater. It
provides the percentage of irrigation, derived by integrating subnational
statistics with geospatial data on the location and extent of irrigation
schemes. The data mentioned above are not available for the entire
study period from 2003 to 2022. Therefore, the data used in this study
are selected to align as closely as possible with this timeframe.
Furthermore, the resolution of these datasets has been standardized to
1°x1° through bilinear interpolation to align with the resolution of the
GRACE data.

2.4. Data on other factors

Data representing vegetation cover were selected using the monthly
Leaf Area Index (LAI) sourced from MOD15A2H (Myneni et al., 2021),
spanning the period from 2003 to 2022. These data were included to
analyze whether large scale changes in vegetation, especially from
deforestation of rainforests, have any influence on GWS.

2.5. Method on trend analysis

Gridded groundwater trends in magnitude and significance were
assessed using the Seasonal Mann-Kendall trend test (Hirsch et al., 1982)
and the Sen Slope estimator (Sen, 1968). These methods were chosen to
mitigate the influence of non-normally distributed variables, particu-
larly those prone to seasonal fluctuations and outliers. The Seasonal
Mann-Kendall test evaluates the significance of monotonic trends based
on the null hypothesis, distinguishing between significant (p < 0.05) and
non-significant (p > 0.05) trends.

2.6. Method on driving force analysis

Attribution studies aim to identify the primary factors driving
changes in groundwater storage. Multiple linear regression (MLR) is a
widely used statistical method in hydrology and climate sciences for
modeling relationships between dependent and independent variables,
providing insights into the links among key variables (Seidou et al.,
2007; Tibshirani, 1996; Zou & Hastie, 2005; Hoerl & Kennard, 1970). Its
ability to establish an initial quantitative framework makes it particu-
larly suitable for identifying dominant drivers when mechanistic models
are unavailable or impractical due to data limitations. Therefore, in the
context of our large-scale global assessment, MLR serves as a practical
and validated method for exploring these relationships. Despite its ad-
vantages, the MLR method has several limitations. First, it assumes a
linear relationship between dependent and independent variables,
which may oversimplify complex real-world processes, especially in
hydrology where nonlinear interactions are common (Dormann et al.,
2013; Sun et al., 2020). MLR assumes that residuals are normally
distributed, independent, and homoscedastic; violations of these as-
sumptions can lead to biased or inefficient estimates (Kutner, 2005).
Moreover, MLR cannot capture dynamic feedbacks and time-dependent
processes that may be critical in groundwater systems.

The objective of our attribution analysis is to determine which
driving factors contribute to the observed changes in groundwater
storage and to quantify their respective contributions in either a quan-
titative or semi-quantitative manner. This study focuses specifically on
assessing the roles of climate variability and human activities in influ-
encing global groundwater storage changes, rather than addressing
highly nonlinear, localized interactions. At the global scale, complex
nonlinearities among drivers are often averaged out, leading to
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relationships that approximate linear patterns. Thus, MLR remains an
appropriate and effective tool for yielding valuable quantitative insights
and for identifying the primary factors influencing groundwater storage
dynamics (Jyolsna et al., 2021; Rajaee et al., 2019).

The general purpose of MLR is to better understand the relationship
between multiple independent (predictor) variables and a dependent
(criterion) variable (Yilmaz & Yuksek, 2008), as expressed in Eq. (2):

Y=a+b; xx; +by X X3 +bs X X3+ b, X X+ € (@3]

where Y is the dependent variable, x;, Xg, ...X, are the independent
variables, by, by, ... b, are regression coefficient. The regression co-
efficients represent the independent contributions of each independent
variable to the prediction of the dependent variable. In this study, MLR
is applied to analyze groundwater storage responses to climatic factors
and human activities, including trends in precipitation, drought, popu-
lation density, irrigation conditions, and groundwater abstraction, to
identify the main drivers of groundwater storage changes. The ultimate
goal is to determine whether observed trends are primarily due to
climate impacts, human impact, or a combination of both. Additionally,
trends for specific factors were calculated and compared mathemati-
cally, with detailed analysis conducted on specific regions.

3. Results and discussion
3.1. Trends in groundwater storage and validation

Fig. 1 illustrates the spatial distribution of the mean annual
groundwater storage change trend from 2003 to 2022. The following
regions were excluded: Antarctica, Greenland, the Gulf of Alaska coast,
the Canadian Archipelago, and the Patagonian ice fields. The primary
reason is that changes in water storage in these regions are mainly due to
ice-sheet and glacier ablation caused by a warming climate, rather than
changes in groundwater reserves (Rodell et al., 2018; Velicogna et al.,
2014).

Over the past two decades, groundwater storage has exhibited spatial
heterogeneity, with most depletion occurring within the Earth’s mid-
latitudes. With a 95 % confidence level, approximately 81 % of global
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regions, excluding ice melt regions, have experienced a significant trend
in groundwater storage. Of these regions, 48 % have witnessed a decline
in groundwater levels, whereas 52 % have experienced an increase.
Approximately 3.4 billion people live in regions where groundwater
levels have significantly declined over the past 20 years. Notably, a
significant decline in groundwater storage (>20 mm/a) was observed in
northern India, eastern Brazil, and areas surrounding the Caspian Sea.
Among these, the most severe groundwater depletion occurred in the
regions around the Aral, the Caspian Sea and northern India, with an
average annual decline exceeding 30 mm over the past 20 years. These
areas are characterized by sparse vegetation and fragile ecological en-
vironments. Examples of areas with rising groundwater storage (GWS)
trends include West and Central Africa, the Amazon rainforest, the Great
Lakes region and the area west of the Great Lakes, with groundwater
increases exceeding 20 mm annually. This significant increase in
groundwater storage is likely due to high average precipitation, dense
surface vegetation, and prevailing wetting climate trends (Green et al,
2011; Amanambu et al., 2020). Additionally, groundwater depletion is
more pronounced in areas where water tables are already deep (Fan
et al., 2013). In such regions, further depletion can exacerbate the
challenge of accessing groundwater, potentially requiring the con-
struction of deeper wells, which increases costs (Jasechko & Perrone,
2021).

3.2. GWS and climate

3.2.1. Precipitation

The correlation between precipitation and groundwater storage has
been confirmed in multiple studies (Thomas & Famiglietti, 2019; Russo
& Lall, 2017). As shown in Fig. 2, precipitation trends exhibit an uneven
spatial distribution. The most significant increases in precipitation are
observed in the eastern United States, northern Russia, central Africa,
and southern China, while marked decreases are primarily concentrated
in South America. Despite the notable reduction in precipitation in
South America, most regions do not show a corresponding decline in
groundwater storage. For instance, in the Amazon rainforest, even
though precipitation is decreasing, high average temperatures and high
average precipitation have not prevented the trend of rising

Mean GWS Trend 2003-2022
(mm/a) <

>20
I 10-20
B 5- 0.
Ees .
CJo-2 . »
{J2-0 e
o2
[ -10-5
[ -20--10
B 30- 20
- -

no significant trend (p > 0.05)

ice ‘(

T T
120°E 180,

s

o TPETTMSESS

Fig. 1. Mean annual trends of GRACE-derived global GWS for the period of 2003-2022 (mm/a). Red areas indicate regions with declining groundwater storage,
while blue areas show regions with increases All calculations use the original dataset resolution of 1°, with colored areas in the figure representing statistically
significant trends at the 95% confidence level. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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Fig. 2. Mean annual trend of precipitation for the period of 2003-2022 (mm/a), the colored areas in the figure indicate significant trends at the 95% confi-

dence level.

groundwater storage (Heerspink et al., 2020). Although changes in
precipitation can affect groundwater recharge, variations in ground-
water storage do not always directly correspond to changes in precipi-
tation. Fig. 3 shows the global distribution of multi-year average
precipitation. Compared to precipitation trend maps, the average pre-
cipitation map is more spatially correlated with the groundwater storage
distribution map. Therefore, the increase or decrease in precipitation is
not the sole factor influencing groundwater storage, emphasizes the
impact of evapotranspiration on groundwater storage. Long-term pre-
cipitation changes may impact global groundwater storage due to the
slow response to recharge, and many regions experience groundwater
decline due to excessive extraction (Herrera-Pantoja & Hiscock, 2008;
Thomas & Famiglietti 2019). Increased evapotranspiration due to
climate change may prevent groundwater reserves from being replen-
ished by precipitation, even if precipitation increases (Green et al.,

2011).

3.2.2. SPEI drought index

The spatial distribution of the trend of the global SPEI trend over the
past 20 years is shown in Fig. 4. The climatological mean Standardized
Precipitation-Evapotranspiration Index (SPEI), representing meteoro-
logical drought conditions for the period from 2003 to 2022, is shown in
the Fig. 5.Compared to the precipitation trends shown in Fig. 2, changes
in groundwater storage are more closely aligned with the spatial dis-
tribution of the SPEI trend. This relationship has also been observed by
Dai (2013) and Wang et al., (2015). The likely reason is that SPEI ac-
counts for multiple factors, including precipitation, temperature,
evapotranspiration, and other climatic conditions. Therefore, it high-
lights the significant role of evapotranspiration in influencing ground-
water storage. Van Loon (2015) noted that groundwater storage

Mean annual precipitation
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Fig. 3. Mean annual precipitation for the period of 2003-2022 (mm/a).
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Fig. 5. Mean annual standardized precipitation evapotranspiration index (SPEI) for the period of 2003-2022.

fluctuates in response to meteorological trends, increasing during wetter
periods and decreasing during drier periods. However, not every
meteorological drought leads to a decline in groundwater levels. This is
mainly because short-term meteorological droughts do not impact
groundwater, and only prolonged droughts cause significant changes in
groundwater storage (Li & Rodell, 2015; Barichivich et al., 2019).
Additionally, groundwater droughts exhibit a delayed effect compared
to meteorological droughts, as it takes time for precipitation to recharge
groundwater, and a reduction in precipitation leading to meteorological
drought does not immediately cause groundwater depletion (Han et al.,
2019; Gates et al., 2011).

3.2.3. Aridity index
The climatological mean Aridity index (AI), representing the

climatological state for the period from 2003 to 2022, is shown in Fig. 6.
Since groundwater storage largely depends on both climatic conditions
and topography, we focus on the long-term perspective, where climate
exerts a stronger influence. Therefore, the mean trends of annual
groundwater storage and the percentage of area with declining
groundwater storage across different Aridity Index classes, plotted
against the climatological mean Al, are presented in Fig. 7. The analysis
shows that the most significant groundwater decline occurred within the
Al range of 0.1 to 0.5, peaking at 0.1 to 0.2. This indicates that arid and
semi-arid areas (see Methods), rather than hyper-arid region, are expe-
riencing the greatest depletion, a fact that has also been found by
Scanlon et al. (2023).

The Sahara Desert, which has an Al below 0.1 and lacks vegetation, is
not typically dependent on groundwater, and thus does not significantly
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Fig. 7. Mean trends of annual groundwater storage (black line) and the per-
centage of area with declining groundwater storage across different Aridity
Index classes (bars) plotted against the climatological mean Al (except the ice
melt regions). The climatological mean Al on the x axis is the annual mean Al
for the period from 2003 to 2023.

contribute to this extreme phenomenon (Rohde et al., 2024). Excluding
the Sahara Desert from the analysis did not substantially alter the
groundwater storage trends, suggesting it is not a primary factor in
substantial groundwater depletion, a fact that has also been found by
Cuthbert et al. (2019). In arid and semi-arid regions, more than 60 % of
areas showed groundwater decline trends, indicating that these regions
play a dominant role in both the area and intensity of groundwater
depletion.

Overall, the observed groundwater distribution trends indicate that
groundwater storage are declining in arid and semi-arid regions, while
increasing in humid regions (AI > 0.8). This disparity may lead to a more
uneven distribution of groundwater.

50 mmy/a. Fig. 8(b) shows that many regions with varying proportions of
irrigation using groundwater all exhibit significant areas with declines
in groundwater storage, most of them in regions with 20 % or more area
equipped for irrigation with groundwater, while there are also some
regions with high declines and no or little irrigation with groundwater.
This may be related to regional recharge and discharge rates, making the
relationship between areas equipped for irrigation with groundwater
and groundwater storage not so clear. For Fig. 8(c), the data indicate
that net recharge to groundwater (negative values of net abstraction,
caused by irrigation return flow in areas irrigated by surface water) does
not necessarily lead to an increase in groundwater storage, but excessive
groundwater abstraction most often results in a decrease in groundwater
storage. Different to irrigation and abstraction factors, population den-
sity (Fig. 8 (d)) does not have a direct relationship with groundwater
storage. Thus, high population density does not necessarily lead to
reduced groundwater storage. This confirms that abstractions connected
with high population density, e.g. for drinking water or industrial pur-
poses, have a minor effect on GWS, compared to agriculture, which is
the cause for the majority of abstracted groundwater and is more likely
to be found in less populated regions.

3.4. GWS and vegetation cover

To analyze the potential impacts of vegetation cover and its changes,
particularly due to rainforest deforestation, on groundwater storage
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(GWS), we compared GWS trends with the mean leaf area index (LAI)
(Fig. 9) and LAI trends from 2003 to 2022 (Fig. 10). In recent years,
researchers have observed a global greening trend in vegetation using
earth observation technologies and remote sensing imagery (Keenan &
Riley, 2018; Song et al., 2018), similar to the greening trend observed in

the LAI trend discussed in this paper. However, on a global scale, these
patterns are not immediately apparent. Regions exhibiting increasing or
decreasing GWS trends are found in areas with both high and low LAI as
well as in regions with both increasing and decreasing LAI trends (Tao
et al., 2020). Therefore, we discuss the potential influences in selected
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Fig. 9. Mean annual leaf area index (LAI) for the period of 2003-2022 (m?/m?).



J. Zhang et al.

Journal of Hydrology 664 (2026) 134298

Leaf area index (LAI) Trend
(m?/ m?)

B -0.02

I o01-002

[ 0.005 - 0.01

[ ]o-000s

[ ]-0.005-0

[ -0.01--0.005

I 0.02- 001

B <002

l:l no significant trend (p>0.05)

90° A

T
120°E
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regions below.

3.5. Regional groundwater storage changes and attributions

To better understand the drivers of regional groundwater storage

Table 2

(GWS) changes, we applied the Hot Spot Analysis method. This spatial
statistical technique identifies statistically significant clusters of high
values and low values based on the spatial distribution of the data. In
this study, areas in the GWS map where absolute changes exceeded
5 mm/year were first selected. Subsequently, regions with adjacent

Statistics of groundwater storage trends and possible influencing factors for the selected regions in Fig. 6. Supposed main driving forces are not directly concluded from
the statistics but discussed in the text. Mean Precipitation trend (mm/a): PT, Annual Mean Precipitation (mm/a): MP, SPEI trend: ST, Areas equipped for irrigation (%):
I; Area equipped for irrigation with groundwater (%): IG, Population density (people/km?): POP, Annual net abstraction from groundwater max value (mm/a): GA,

climate impact: C, human impact: H, climate and human impact: both.

Region Location Area Mean GWS GWS trend PT MP ST I 1G POP GA Supposed main
No. (kmz) trend (mm/ extreme value (mm/ (mm/ (%) (%) (people/ (mm/ driving force
a) (mm/a) a) a) km?) a)

1 Western America 4,241,546 -3.0 -12.7 0.00 574 —0.017 49.7  30.2 63 177.2 Both

2 Central Canada 1,525,571 -1.9 -6.3 —0.03 436 0.008 3.7 0.1 2 3.2 C

3 Eastern United 906,647 5.4 16.4 0.46 996 0.013 379 325 94 35.4 C
States

4 Amazon 2,716,443 4.7 14.1 —0.53 2361 -0.013  12.0 4.2 7 3.9 C

5 Eastern Brazil 1,831,986 —5.2 -17.9 —0.15 1374 —-0.016 87.5 18.9 23 32.2 Both

6 Southern Brazil- 1,553,784 5.0 12.3 -0.17 1059 —0.010 42.0 133 20 24.6 C
Paraguay region

7 Central Argentina 369,510 -3.5 —11.4 0.01 328 —0.009 12.6 1.6 8 0.5 H

8 Central Europe 3,711,950 -1.9 —5.0 0.00 704 —-0.013 234 16.5 119 244.4 C

9 Northern Africa 2,273,262 -1.6 -7.3 —0.08 95 —-0.011 9.4 6.2 21 139.9 Both

10 Western Africa 2,477,929 4.9 14.8 —0.01 1374 0.003 4.0 0.9 80 22.4 C

11 Nile headwaters 3,451,624 6.9 28.2 0.20 1368 0.012 2.8 0.3 78 3.3 Both

12 Southeastern 1,802,587 -2.1 -7.2 0.00 649 0.005 7.8 0.6 32 2.4 H
Africa

13 Aral Sea and 5,708,583 —5.8 —40.4 —0.09 308 —-0.025 224 133 65 101.9 Both
Caspian Sea

14 Northwestern 898,833 -3.0 -14.7 —0.06 195 -0.020 20.5 4.4 20 19.8 Both
China

15 Tibetan Plateau 230,001 5.5 10.7 0.00 154 0.001 0.0 0.0 1 0.0 C

16 North China Plain 1,004,133 -3.4 -16.3 0.02 397 -0.008 43.7 30.2 208 290.3 H

17 Northeast China 966,799 -1.7 -5.0 0.12 635 0.009 61.1 36.4 141 68.8 H

18 Arabian Peninsula 1,754,517 —2.9 -9.3 0.00 113 —0.017 7.4 9.2 62 169.3 Both

19 Northern India 1,532,713 -9.9 —54.8 0.08 602 0.012 59.8 36.5 363 251.6 H

20 Southern India 434,225 —4.8 -11.7 0.08 1100 0.017 77.1 57.9 447 173.9 H

21 South Asia 1,198,228 —5.6 —25.2 —0.02 1200 0.012  49.5 19.9 399 238.4 C

22 Eastern Central 461,212 3.6 5.4 0.47 1202 0.023 71.3 0.1 295 -0.1 C
China

23 Mainland 710,066 -3.3 -9.7 0.18 1846 0.012  49.8 3.0 145 0.5 Both

Southeast Asia
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areas showing similar trends were grouped together, resulting in the
identification of 23 distinct regions. To investigate the causes behind
these changes, we compiled several potential influencing factors, as
detailed in Table 2. Trends and extreme values in groundwater storage
were calculated using area-weighted mean values and extremes for each
region (maximum values for regions with rising groundwater and min-
imum values for those with declining groundwater). The proportion of
irrigated land was calculated by area-weighting pixel values of irrigation
intensity across each study region. Spatial variation maps for these
factors include precipitation trends in Fig. 2, annual mean precipitation
in Fig. 3, SPEI trends in Fig. 4, mean leaf area index (LAI) and its trends
in Figs. 9 and 10, annual mean population density in Fig. 11, and annual
mean net groundwater extraction in Fig. 12. To evaluate the impact of
each factor on GWS, we conducted a regression analysis to calculate the
coefficients, where larger absolute values denote stronger influence.
Positive coefficients indicate positive effects, while negative coefficients
indicate negative effects (see Fig. 13). Based on these results, we
attributed groundwater storage trends to “mainly climate impact,”
“potential human impact,” or a “combination of both.” Fig. 14 illustrates
the global distribution of 23 regions where significant changes in
groundwater storage were observed from 2003 to 2022. The main
drivers of these changes were inferred from the specific conditions of
each region and the outcomes of regression analysis.

3.6. North America

A historically severe drought that began in 2011-2014 (Griffin &
Anchukaitis 2014) and has persisted to the present in Western America
(region 1), is centered in southern California and extends into Mexico.
This drought period is characterized by a low meanSPEI and a down-
ward trend in SPEI values, indicating continuous aridification (Alam
et al., 2021). This has resulted in a mean groundwater storage (GWS)
decline of —3 mm/a and an increased groundwater demand, with net
abstraction reaching a maximum of 177 mm/a. Approximately 50 % of
the surface area is used for agriculture, with 30 % of this agricultural
land irrigated using groundwater, supporting a population of 268
million people. Consequently, the decline in groundwater levels is due to
a combination of drought and agricultural water demands that exceed
renewable water resources.

From 2003 to 2022, overall precipitation has been slightly
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decreasing, leading to an average GWS decline of —1.9 mm/a in Central
Canada (region 2). This loss of water aligns with a recent study
concluding that Canada’s subarctic lakes are vulnerable to drying when
snow cover declines (Bouchard et al., 2013). Moreover, there is hardly
any abstraction from groundwater connected to irrigation. Therefore,
the changes are supposed to be climate-related.

The increasing precipitation trend in the Eastern United States (re-
gion 3) has led to a significant rise in groundwater storage (Rateb et al.,
2020), with an average increase of 5.4 mm/a and a maximum increase of
16.4 mmy/a. In this region, 38 % of the land is used for irrigation, mostly
relying on groundwater. However, the increase in groundwater levels
due to the wetter climate persists despite the extensive use of ground-
water for irrigation.

3.7. South America

Despite the decreasing trend in precipitation and significant defor-
estation in the Amazon (region 4) over the past few decades (Lin et al.,
2016), the region still receives an average annual rainfall of 2362 mm,
making it one of the most precipitation-rich areas globally. During these
two decades, GWS in central and western Brazil and its neighboring
areas increased at an average rate of 4.7 mm/a, with a maximum in-
crease of 14.1 mm/a. This trend is attributed to changes of the Amazon
water cycle, which has been significantly altered by changes in climate,
land cover (especially deforestation, as supported also by a negative
trend in the LAI), sea surface temperature and precipitation patterns
since the 1980's (Heerspink et al., 2020; Satizabal-Alarcon et al., 2024).

Eastern Brazil (region 5) has recently experienced a severe drought
(Lima et al., 2022), characterized by a significant decrease in the SPEI
values and reduced precipitation. This phenomenon is likely associated
with a strong El Nino event (Santos et al., 2021). In fact, 2015 was the
driest year in the past 37 years (Marengo et al., 2017). Consequently,
GWS over the past 20 years has decreased by 5.2 mm/a, with a
maximum decline of 17.9 mm/a. This region’s challenges result from a
combination of human impacts and severe drought. Agriculture oc-
cupies 88 % of the area, with most of it dependent on rainfed agriculture.

Groundwater storage has shown significant increases over the past
two decades in southern Brazil and adjacent regions in Paraguay (region
6). On average, GWS has increased by 5 mm/a, with a maximum in-
crease of 12.3 mm/a. Despite a decreasing trend in precipitation, the
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Fig. 12. Mean annual net abstraction from groundwater for the period of 2003-2020 (mm/a).

SPEI values indicate a gradual shift towards a drought climate.

Groundwater storage in Central Argentina (region 7) had previously
been declining at a rate of —3.5 mm/a, with the maximum decline
reaching —11.4 mm/a. Vegetation in central Argentina is sparse, with a
mean Leaf Area Index (LAI) of only 0.33 %. A multi-year drought that
began in 2009 has persisted to the present (Miiller et al., 2017).
Regression results indicate that the primary driver of groundwater
storage decline in this region is irrigation.

3.8. Europe

An analysis of the mean annual trends over the study period reveals a
slight decrease in GWS in many European countries, with an average
value of —1.9 mmy/a for Central Europe (region 8). The maximum annual
net abstraction from groundwater reached 244 mm/a, which supports
16 % of agricultural activities and 443 million people. Concurrently,
extreme drought events over the past 20 years (e.g., 2003, 2011-2013,
2015-2016) (lonita et al., 2021; Van Lanen et al., 2016) have also
influenced the distribution of groundwater reserves. That is depicted
also in negative trend of the SPEI in parts of the region, e.g. northern
Germany. The results clearly indicate medium-term groundwater stress
in most European countries (Xanke & Liesch 2022).

3.9. Africa

During the study period, a severe drought occurred in Northern Af-
rica (region 9) (Spinoni et al., 2019), closely aligning with areas expe-
riencing groundwater depletion. The region exhibited a weak negative
trend with an average decrease of —1.6 mm/a. Sparse abstraction re-
gions are concentrated in densely populated areas, with the highest
abstraction from groundwater at 140 mm/a, supporting 6 % of irrigation
from groundwater and 48 million people. Therefore, the primary cause
of groundwater depletion is attributed to meteorological drought and
abstraction from groundwater.

Groundwater storage in the tropical climate of Western Africa (re-
gion 10) has been increasing at an average rate of 4.9 mm/year. The
maximum groundwater abstraction of 22 mm/a supports a population of
199 million people and a small amount of agricultural land. Addition-
ally, the relatively abundant mean annual precipitation (1374 mm/year)
and the construction of dams (Scanlon et al., 2022; Zarfl et al., 2015)

11

may contribute to the accumulation of groundwater storage. In addition,
land-use change has also been noted as an important driver of ground-
water storage trends (Yira et al., 2016).

The groundwater level in Nile headwaters (region 11) has experi-
enced the largest increase globally, with a maximum groundwater
storage (GWS) rise of 28.2 mm/a and mean rise of 6.9 mm/a. Despite a
large population of 270 million, the maximum abstraction amount is
only 3.27 mm/a. This suggests that increased precipitation (positive
Precipitation trend of 0.2 mm/a and wetter climate) is the primary
driver of GWS variations. Additionally, the management of large lakes
and dam construction (Ahmed et al., 2014) in the northern part of the
region could also contribute to these changes (Kebede et al., 2017).

The negative trend along the southeastern coast of Africa (region 12)
has resulted in an average groundwater storage decline of —2.1 mm/a.
This event was associated with a pronounced north-south dipole pattern
of positive or negative rainfall and water balance anomalies, typical of
the El Nino-Southern Oscillation (ENSO) teleconnection to the region
(Kolusu et al., 2019; Scanlon et al., 2022).

3.10. Asia

The demise of the Aral Sea and Caspian Sea (region 13) has been
extensively documented in numerous studies (Qadir et al., 2009; Hu
et al., 2022). Our estimates indicate a mean groundwater storage (GWS)
depletion rate of —5.8 mm/year, with a maximum recorded rate of
—40.4 mm/year. This area represents the second-largest groundwater
depletion region globally, characterized by both its vast expanse and
significant depth of the groundwater depression. The primary climate
type in this region is arid, with desert precipitation. Concurrently, the
area experiences a high abstraction rate, reaching up to 102 mm/a to
support approximately 369 million people. Precipitation in this region is
minimal and continues to decrease (as depicted by a negative P trend),
contributing to worsening drought conditions. Approximately 22 % of
the land is equipped for irrigation, with 13 % of the irrigation relying on
groundwater. Therefore, the decline in groundwater levels is attributed
to both climate impact and human activity.

During the study period, the groundwater storage in Northwestern
China (region 14) decreased by 3 mm/a, with a maximum decrease of
14.7 mm/a. This decline may be related to ice melt from the Tien Shan
mountains (Jacob et al., 2012). In this region, 20 % of the area consists
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Fig. 13. The histogram illustrates the results of Ridge, Lasso, and Elastic Net regression analyses for groundwater storage (GWS) changes across 23 selected regions.
In this chart, higher absolute values indicate a stronger influence of each factor on GWS. Green shading in the histogram represents the impact of climatic factors on
GWS, while yellow shading denotes the influence of human factors. Mean Precipitation trend (mm/a): PT, Annual Mean Precipitation (mm/a): MP, SPEI trend: ST,
mean SPEL: MS, Areas equipped for irrigation (%): I; Area equipped for irrigation with groundwater (%): IG, Population density (people/km?): POP, Annual net
abstraction from groundwater max value (mm/a): GA. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)
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Fig. 14. The annotated map shows the 23 selected regions where significant changes in global groundwater storage occurred from 2003 to 2022, along with the

supposed main driving forces behind these changes.

of arable land that primarily relies on rainfed agriculture. The annual
average precipitation is low (195 mm/a), and the trend in precipitation
is also declining, with a low leaf area index (LAI). Over the past 20 years,
the SPEI Index has shown a drought trend towards.

The majority of lakes in the Tibetan Plateau (region 15) have
increased in water level and extent during the 2000 s due to a combi-
nation of elevated precipitation rates and increased glacier-melt flows,
which are difficult to disentangle (Zhang et al., 2013). Over the past
20 years, groundwater has been rising at a mean rate of 5.5 mm/a. There
is no abstraction for agricultural irrigation in this region, thus the rise in
GWS can be attributed to climate.

Numerous studies indicate a gradual GWS decline in the North China
Plain (region 16) (e.g. Gong et al., 2018; Su et al., 2021). This region
supports a large population of 209 million, with an average annual
groundwater abstraction rate of 290 mm/a. The region surrounding
Beijing heavily relies on extensive agriculture, which constitutes 44 % of
the area. A significant portion of the water used for agriculture (30 %)
comes from groundwater. The observed trend of groundwater depletion
is primarily driven by excessive groundwater exploitation, a human-
induced phenomenon likely to persist until groundwater scarcity or
regulatory measures curtail consumption rates.

61 % of Northeast China (region 17) covered by agriculture, 36 % of
irrigation comes from groundwater. The net abstraction from ground-
water reaches a maximum of 69 mm/a, primarily supporting 137 million
people and intense irrigation. During the GRACE period under consid-
eration, the estimated mean rate of groundwater storage change was
—1.7 mm/a, with a maximum of —5 mm/a. During this period, an in-
crease in precipitation and a general wetting trend were observed. All
available evidence suggests that the negative groundwater storage
(GWS) trend is attributable to intensive agriculture and a high popula-
tion density (Sun et al., 2022).

Decreasing water storage in the Arabian Peninsula (region 18) has
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been quantified using GRACE in previous studies (Joodaki et al., 2014;
Voss et al., 2013). Over the past 20 years, most of the Arabian Peninsula
has shown an increasing trend of aridity. The average groundwater
storage (GWS) in this region is —2.9 mm/year, while precipitation,
characteristic of a desert climate, averages 114 mm/year. Groundwater
abstraction reaches a maximum of 169 mm/year, thus by far exceeding
recharge rates and being not sustainable. This decline in groundwater
storage is attributed to minimal rainfall and extensive groundwater
extraction.

Over the past 20 years, Northern India (region 19) has experienced
the most severe groundwater depletion globally (Asoka et al., 2017;
Bhanja & Mukherjee, 2019). Despite an upward trend in precipitation
and wetting trend in SPEI values, the substantial groundwater depletion
trend persists. The average groundwater storage (GWS) in this region
has decreased by —9.9 mm/a, with a maximum decline of —54.8 mm/a.
The contribution of Himalayan glacier mass loss to this regional trend is
minor (Tiwari et al., 2009; Rodell et al., 2018). Agriculture occupies
60 % of the area, with 37 % of irrigation relying on groundwater. Annual
net abstraction from groundwater has reached 252 mm/a, exceeding the
recharge rate, to support 566 million people and irrigation.

The groundwater storage in India exhibit distinct regional trends: a
significant decline in the north, a rise in the central part, and a
decreasing trend in Southern India (region 20). In the study by Asoka
et al. (2017), southern India showed an increasing trend from 2002 to
2013. However, over the 20-year period from 2003 to 2022, ground-
water storage (GWS) has exhibited a sharp decline, with an average
decrease of —4.8 mm/a and a maximum decrease of —11.7 mmy/a. In this
region, groundwater abstraction reaches a maximum of 174 mm/a, with
58 % of the area relying on groundwater for irrigation, supporting 194
million population. The primary factors contributing to the groundwater
decline include intensive agriculture (Salmon et al., 2015), significant
groundwater extraction, and high population density, all of which result



J. Zhang et al.

in excessive groundwater withdrawal.

Approximately half of the South Asia (region 21) is devoted to irri-
gation. The region’s highest net abstraction from groundwater is
238 mm/a, supporting irrigation agriculture and exceeding 478 million
population and persistent groundwater withdrawal has led to a down-
ward trend in groundwater levels. Despite the area’s relatively abundant
annual rainfall of approximately 1200 mm and its generally humid
climate, the groundwater decline persists. The primary driver of this
trend is the excessive water extraction driven by intensive agricultural
activities and population density. The fact that extractions already
exceed recharge during years of normal precipitation indicates a con-
cerning outlook for groundwater availability during future drought
(Aadhar & Mishra 2017).

Despite the dominance of rainfed agriculture (71 %) in Eastern
Central China (region 22), groundwater storage has, on average,
increased by 3.6 mm/a, with a maximum annual increase of 5.4 mm.
This region also exhibits the largest positive trend in global precipita-
tion, and the gradually increasing Standardized Precipitation Evapo-
transpiration Index (SPEI) may contribute to increased groundwater
storage. Additionally, it is noteworthy that the construction and filling of
the Three Gorges Dam (Yang & Lu 2014) have significantly contributed
to the increase in groundwater storage (Chao et al., 2020; Yin et al.,
2021).

In Mainland Southeast Asia (region 23), 50 % of the area is dedicated
to agriculture, yet the water source for irrigation is rarely from
groundwater. Overall, the region experiences abundant rainfall, aver-
aging 1847 mm/a, with a rising precipitation trend at the rate of
2.12 mm/a over the past 20 years. Despite this, the mean groundwater
storage (GWS) has the mean negative trend of —3.3 mm/a, with a
maximum decline of —9.7 mm/a. This decline may be associated with
climatic factors, such as the El Nino-Southern Oscillation (ENSO)
(Sulaiman et al., 2023; Le et al., 2021) and intensity irrigation.

4. Conclusion

Groundwater is a critical component of land surface processes,
playing a vital role in water and energy cycles. Moreover, it is an
important source of drinking water supply and for agricultural irriga-
tion. Thus, groundwater resources worldwide are impacted by climate
change and human activities. This study utilized GRACE and ERA5-Land
data to investigate groundwater storage variability from 2003 to 2022 at
a 1° spatial resolution. GRACE data has revealed significant changes in
global groundwater resources, allowing quantification at regional scales
despite the limitations of sparse measurements and restrictive data-
access policies.

Over the past two decades, groundwater storage has exhibited spatial
heterogeneity, with most depletion occurring within the Earth’s mid-
latitudes. With a 95 % confidence level, approximately 81 % of global
regions, excluding ice melt regions, have shown significant alterations in
groundwater storage. Among these regions, 48 % have observed a
decline in groundwater levels, while 52 % have recorded an increase.
Approximately 3.4 billion people live in areas where groundwater has
significantly declined over the past 20 years. Hotspots of groundwater
storage (GWS) depletion, with significant declining trends (>20 mm/
year), have been identified in northern India, eastern Brazil, and areas
surrounding the Caspian Sea. These changes indicate a future where
already limited groundwater resources will become increasingly
valuable.

Spatial analysis revealed that the most significant groundwater de-
clines occurred in arid and semi-arid regions, particularly where the
aridity index (AI) ranges from 0.1 to 0.5, peaking at 0.1 to 0.2. These
regions, characterized by sparse vegetation and fragile ecosystems, are
experiencing declining groundwater storage. In contrast, groundwater
storage is increasing in humid regions (AI > 0.8). This disparity may lead
to a more uneven distribution of groundwater.

Contrary to common belief, although there is a correlation between
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precipitation and groundwater storage (Thomas & Famiglietti 2019;
Russo & Lall 2017), changes in precipitation do often not directly affect
groundwater storage. Compared to precipitation, changes in the Stan-
dardized Precipitation-Evapotranspiration Index (SPEI) have a more
significant spatial impact on groundwater storage, i.e. evapotranspira-
tion and thus temperature play a vital role. While climate variability
contributes to changes in water storage, human activities, particularly
irrigation and excessive groundwater abstraction, are the major drivers
of groundwater storage decline (Russo & Lall 2017). Among human
activities, agricultural activities have a more significant impact on
groundwater storage than population density. This may be due to the
high demand for groundwater abstraction for agricultural irrigation,
which is likely distributed in less populated areas (Chen et al., 2016). In
contrast, groundwater use related to high population density, such as for
drinking water, requires less groundwater. There are two main causes of
groundwater rise: wetter climate conditions and dam construction.
Reservoirs created by dam construction have led to significant ground-
water rise in many regions, such as the Nile headwaters (Kebede et al.,
2017), and Eastern Central China (Chao et al., 2020).

GRACE data transcends national borders and data confidentiality
policies, enabling the study of terrestrial water storage (TWS) and
groundwater storage (GWS) at global scale. Long-term monitoring with
GRACE is essential for understanding large-scale groundwater storage
trends. For instance, southern India showed an increasing trend in
groundwater storage from 2002 to 2013 (Asoka et al., 2017), but it has
since declined due to intensive agriculture and unreasonable abstraction
from groundwater. Thus, continuous dynamic monitoring is crucial for
developing effective groundwater management policies. Awareness of
groundwater storage trends (Fig. 1) is the first step toward addressing
the challenges through improved groundwater use efficiency and water
management policies. Governments and planners in regions experi-
encing groundwater depletion can develop sustainable groundwater
discharge and water conservation plans based on this information,
promoting the sustainable use of freshwater resources.
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