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Abstract. Groundwater depletion poses a challenge to water security, but the coarse spatial resolution of Grav-
ity Recovery and Climate Experiment (GRACE) observations limits the characterization of groundwater vari-
ability at regional and local scales. Here, we present a 1km monthly global groundwater storage anomaly
(GWSA) dataset covering April 2002-December 2020. The dataset was generated using Singular Spectrum
Analysis (SSA) for temporal gap filling, 19 high-resolution hydroclimatic and geophysical predictors, and
aquifer-stratified machine-learning downscaling. Extreme Gradient Boosting (XGBoost) and deep neural net-
works (DNN) were evaluated as candidate models, and XGBoost was selected for dataset production based on
internal, cross-scale, and in-situ evaluations. When aggregated to the original GRACE scale, the 1 km product
agreed closely with the original GWSA (R? =0.972, RMSE = 2.10 cm). Independent evaluation used a global
archive of 152 069 groundwater-monitoring wells and a 1° spatial-block calibration—validation design. Effective
specific yield (Syefr) was estimated from calibration blocks and transferred to held-out blocks before comparison
at a common 0.25° grid. For XGBoost, the held-out evaluation yielded R? =0.538, RMSE =0.378 cm yr~!, and
Bias =0.106 cm yr—!. The association between modeled and observation-derived trends remained similar under
=+ 30 % perturbations in Syefr, although amplitude-related metrics were more sensitive to the conversion coeffi-
cient. Standardized time-series comparisons and monthly evaluations of representative aquifers showed better
agreement for long-term variability than for seasonal variability. Comparisons with published regional estimates
showed close agreement in the North China Plain, weaker depletion magnitudes in northwestern India and Cali-
fornia, and a trend-sign mismatch in the High Plains Aquifer during 2003-2013. Experiments using CSR, JPL,
HO08, and WaterGAP also showed that reconstruction performance and predictor importance depend on the target
product. The dataset provides kilometre-scale estimates of groundwater-storage variability under the large-scale
GRACE constraint. Local interpretation of the reconstructed spatial patterns requires additional groundwater-
level, abstraction, and hydrogeological observations. The 1 km monthly global GWSA dataset is openly avail-
able from the National Cryosphere Desert Data Center at https://doi.org/10.12072/ncdc.hydrology.db7323.2026
(Fan et al., 2026).

Published by Copernicus Publications.
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1 Introduction

Global groundwater depletion presents a significant threat to
water security. In the context of the accelerating global water
cycle, deep aquifer systems are experiencing substantial dy-
namic evolution (Famiglietti, 2014; Taylor et al., 2013). As
the world’s largest accessible freshwater resource, ground-
water plays a crucial role in mitigating the impacts of cli-
mate variability on ecosystems (Bierkens and Wada, 2019;
Rodell et al., 2018; Wada et al., 2010). Over the past four
decades, anthropogenic overextraction has led to the accel-
erated decline of groundwater levels in multiple regional
aquifers globally, resulting in seawater intrusion, land sub-
sidence, water quality deterioration, ecosystem degradation
and reduced river discharge. Additionally, global climate
change, especially the intensification of drought events, has
decreased effective precipitation infiltration and groundwa-
ter recharge, while increasing surface evapotranspiration and
the reliance of agricultural irrigation on groundwater, thus
further exacerbating the depletion risk of groundwater sys-
tems. Several large-scale aquifer systems, such as those in the
North China Plain, the U.S. High Plains (Ogallala) and north-
western India, are approaching critical depletion thresholds
(Rodell et al., 2018; Scanlon et al., 2012). However, conven-
tional groundwater monitoring mainly relies on observation-
well networks, which are constrained by limited spatial cov-
erage, time-series gaps caused by insufficient maintenance
and barriers to data sharing, making spatiotemporally con-
tinuous monitoring challenging.

The Gravity Recovery and Climate Experiment (GRACE),
launched in 2002, and its follow-on mission GRACE-FO
have supported the continuous retrieval of groundwater stor-
age anomalies (GWSA), emerging as an important approach
for monitoring groundwater changes. Nevertheless, due to
their coarse spatial resolution, with an effective spatial res-
olution of several hundred kilometres, existing data cannot
resolve the significant spatial heterogeneity caused by com-
plex topography, lithological heterogeneity and differences
in aquifer structures. Moreover, local scale studies face sub-
stantial limitations, particularly the difficulty of establish-
ing reliable connections between GRACE estimates and lo-
cal ground-based observation sites, which further restricts
the accuracy of groundwater-change assessments. There-
fore, there is an urgent need to downscale GRACE-derived
GWSA.

Statistical downscaling has been widely used to derive
higher-resolution GWSA estimates from coarse-resolution
satellite or model products. Existing approaches include par-
tial least squares regression (PLS), artificial neural networks
(ANN), scaling-factor methods, random forests (RF), and
Extreme Gradient Boosting (XGBoost). However, most ap-
plications have been conducted at regional or basin scales
(Miro and Famiglietti, 2018; Seyoum et al., 2019), which
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limits their use for global groundwater assessment. In ad-
dition, many downscaled products rely on coarse-resolution
global hydrological models for model development and
lack constraints from independent groundwater observations
(Scanlon et al., 2018). Several issues therefore remain for
global high-resolution GWSA products. First, comparison
with groundwater-monitoring data is affected by differences
in spatial support and physical units between point-scale
groundwater levels and grid-scale groundwater storage. Sec-
ond, consistency with the original coarse-resolution target
alone does not show whether the reconstructed data repro-
duce observed temporal variability, seasonal behavior, stor-
age magnitude, and long-term trends. Third, downscaling re-
sults may depend on the target product used for model train-
ing, and differences among GRACE solutions and global hy-
drological models may propagate into the reconstructed spa-
tial patterns and predictor relationships.

In this study, we developed a global 1 km monthly GWSA
dataset covering April 2002-December 2020. The frame-
work combines SSA for temporal gap filling (Yi and Sneeuw,
2021) with 19 high-resolution environmental predictors. XG-
Boost and DNN were evaluated as candidate downscal-
ing models (Reichstein et al., 2019; Shen, 2018), and the
production model was selected using internal evaluation,
cross-scale consistency, and independent groundwater ob-
servations. For the in-situ evaluation, a global groundwater-
monitoring archive containing 152069 wells (Jasechko et
al., 2024) was divided into 1° spatial blocks following spa-
tial cross-validation principles (Roberts et al., 2017). Ef-
fective specific yield was estimated from calibration blocks
and transferred to held-out blocks before groundwater-level
and GWSA trends were compared on a common 0.25° grid.
Standardized time-series comparisons were also conducted
without specific-yield conversion, and monthly observations
were used to examine long-term and seasonal variability in
representative aquifers. The reconstructed GWSA was fur-
ther compared with published estimates for the North China
Plain, northwestern India, California, and the High Plains
Agquifer. In addition, CSR, JPL, HO8, and WaterGAP were
used as alternative target products to examine the sensitivity
of the downscaling results to the input data source.

2 Data and Methodology

To generate the 1km global GWSA dataset, a systematic
framework composed of five inter-related stages was de-
vised (Fig. 1). Initially, multi-source data integration was im-
plemented. This entailed filling the temporal gaps in 0.25°
GRACE/GRACE-FO observations via SSA and construct-
ing a 1 km environmental covariate database. Subsequently,
coarse-resolution GWSA was inverted by means of a ver-
tical water balance method and refined through water body
and glacier masking. To tackle the spatial scale disparity,

https://doi.org/10.5194/essd-18-7593-2026



C. Zhang et al.: High-resolution global groundwater storage anomalies

an aquifer-stratified downscaling model was employed. This
model utilized tree-based (XGBoost) and continuous (DNN)
architectures, followed by a residual correction mechanism
based on cubic spline interpolation. The reconstructed high
resolution product was then subjected to a stringent multi
scale accuracy assessment, including 0.25° internal consis-
tency checks and independent validation using 152 069 in-
situ groundwater monitoring stations with annual observa-
tions and 140 stations with monthly observations. The fi-
nalized dataset was utilized to conduct spatiotemporal anal-
ysis, characterizing global groundwater dynamics through
seasonal contribution analysis and long-term trend detection.
The specific theoretical and operational details of each stage
are elaborated in the following subsections.

2.1 Data Sources

All data supporting the findings of this study are publicly
available. This research utilized the GRACE/GRACE-FO
mass concentration (mascon) solutions (RL0603) provided
by the University of Texas Space Research Center (CSR) and
the GLDAS-2.1 product from the NASA Global Land Data
Assimilation System Version 2 (GLDAS-2) as the primary
target variables for the downscaling modeling process. Addi-
tionally, a spatiotemporal unified database of environmental
variables with a global 1 km resolution was established in this
study. This database encompasses meteorological, hydrolog-
ical, topographic and soil, and biophysical variables, along
with the cumulative fluxes of certain variables.

To assess the sensitivity of the GWSA downscaling
framework to the data source, we introduced three ad-
ditional datasets alongside the CSR GRACE/GRACE-FO
and GLDAS reference data. The JPL RL06.3Mv04 CRI-
filtered mascon product was used as an alternative satellite
TWSA input to CSR, while the HO8 and WaterGAP 2.2¢
groundwstor products were converted using the reference-
period procedure and used as independent hydrological-
model GWSA benchmarks for comparison with the satellite-
derived GWSA.

The World-wide Hydrogeological Mapping and Assess-
ment Programme (WHYMAP) provides a standardized
framework for delineating major aquifer units and has been
widely used in global groundwater assessments and model
evaluations (Jasechko et al., 2024; Scanlon et al., 2018).
In this study, aquifer boundaries were used as the common
spatial framework for model development and validation.
Separate downscaling models were developed for different
aquifer categories, and the reconstructed GWSA was eval-
uated against observations within the corresponding aquifer
units.

Meteorological variables include temperature (TAS) and
precipitation (PRE); hydrological variables consist of soil
moisture (SM) and actual surface evapotranspiration (ET);
topographic and soil attribute variables are composed of
global mean elevation (DEM), proportion of clay particles
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(Clay), proportion of silt particles (Silt), proportion of sand
particles (Sand), coarse fragments (CFVO), cation exchange
capacity (CEC), soil pH, soil organic carbon content (SOC),
and total nitrogen (TN); biophysical variables involve nor-
malized difference vegetation index (NDVI) and land sur-
face temperature (LST). These variables serve as crucial pre-
dictive factors for facilitating the refined mapping of global
groundwater reserve anomalies. All data employed in model
construction are listed, and detailed information on datasets
is presented in Table 1.

Although GRACE/GRACE-FO mascon solutions are
available through November 2025, the temporal coverage
of the downscaled GWSA dataset was limited to the period
from April 2002 to December 2020. This temporal restric-
tion mainly reflects the availability of the high-resolution en-
vironmental covariates used for model training, particularly
the meteorological variables.

2.1.1  GRACE Terrestrial Water Storage

Our research employed the GRACE Mascon solutions pro-
vided by CSR, encompassing monthly Terrestrial Water
Storage Anomaly (TWSA) sequences from April 2002 to
November 2025. The reflected TWSA were measured rel-
ative to the average baseline spanning from 2004 to 2009.
Prior studies have indicated that Mascon solutions present
substantial enhancements over spherical harmonics in terms
of leakage errors and post-processing (Scanlon et al., 2016).
They do not necessitate additional smoothing, empirical de-
striping, filtering, or scaling factors, and are more user-
friendly (Save et al., 2016; Scanlon et al., 2016). The newly
released RL0O603 Mascon solutions adopt a novel grid struc-
ture founded on equidistant geodetic grids with a spatial res-
olution of 1°, which is resampled to a resolution of 0.25°
for publication. This effectively mitigates the leakage be-
tween land and ocean signals. In this investigation, we uti-
lized SSA to fill the 35-month data gaps. In combination with
the GLDAS, we constructed the GWSA sequence. More-
over, we applied machine learning and deep learning meth-
ods to downscale the spatial resolution to 0.008333° (ap-
proximately 1km at the equator), with the aim of attaining
globally seamless high-resolution GWSA mapping with spa-
tiotemporal resolution.

To assess the influence of different GRACE prod-
ucts on the GWSA downscaling model, we further in-
troduced the JPL GRACE/GRACE-FO RL06.3Mv04 CRI-
filtered mascon product for comparison with CSR. The JPL
Iwe_thickness variable represents TWSA in centimetres of
equivalent water thickness and has a sampling resolution of
0.5°. We bilinearly resampled the monthly JPL grids to the
CSR reference grid and used the common period from April
2002 to December 2020; missing months during the GRACE
mission period were retained during model training (Scanlon
et al., 2016; Wiese et al., 2016).
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Figure 1. Methodological framework for 1 km GWSA inversion and downscaling. The framework consists of five main modules: (1) Data
Acquisition and Pre-processing of 0.25° input data and 1 km environmental variables; (2) GWSA Inversion based on vertical water balance;
(3) Downscaling Modeling & Reconstruction via machine learning (XGBoost and DNN) and residual correction; (4) Accuracy Evaluation
through model prediction metrics, spatial comparison, and measured station validation; and (5) Spatiotemporal analysis evaluating both

seasonal variations and long-term change trends.

2.1.2 GLDAS Noah V2.1

NASA GLDAS is designed to integrate satellite and ground-
based observational data. By leveraging land surface model-
ing and data assimilation techniques, it aims to attain optimal
simulations of land surface conditions and flux fields (Rodell
et al., 2004). It encompasses three land surface models: the
Noah model, the Catchment (CLSM) model, and the Variable
Infiltration Capacity (VIC) model.

The Noah land surface model includes four soil temper-
ature and moisture layers, along with models for vegetation
canopy, snow cover prediction, ET, and soil drainage runoff.
Owing to its precise representation of surface energy and
water budgets, it has been extensively employed in global
hydrological and water resource change research (Ek et al.,
2003; Niu et al., 2011; Rodell et al., 2004).

In this study, monthly soil water storage (SWS), snow wa-
ter equivalent (SWE), and vegetation canopy water storage
(CWS) from GLDAS Noah V2.1 were used for the GWSA
inversion. The soil-water-storage term was calculated as the
vertically integrated storage of the four Noah soil layers, us-
ing SoilMoi0_10cm_inst (0—10cm), SoilMoil0_40cm_inst
(1040 cm), SoilMo0i40_100cm_inst (40-100 cm), and Soil-
Moil100_200cm_inst (100-200 cm). SWE and canopy water
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storage were obtained from SWE_inst and Canoplnt_inst, re-
spectively. All of these variables are provided in kg m~2 and
were converted to equivalent water thickness before com-
ponent subtraction. Monthly anomalies were calculated rel-
ative to 2004-2009 means to match the GRACE TWSA
anomaly baseline. The GLDAS soil-water-storage term used
for GWSA inversion is distinct from the separate 1km
surface-soil-moisture dataset used as a high-resolution pre-
dictor in Sect. 2.1.4.

2.1.3 Global Hydrological Model Data

To  benchmark the  reconstructed  groundwater-
storage anomalies, we selected  two ISIMIP
global  hydrological-model  products:  h08_20crv3-

eraS_obsclim_histsoc_default_groundwstor_global_monthly
(HO8, ISIMIP3a) and watergap2-2c_gswp3-
ewembi_nobc_hist_nosoc_co2_groundwstor_global_mon-
thly (WaterGAP 2.2c, ISIMIP2a). Both provide the
monthly variable groundwstor in kgm~2 on a global 0.5°
grid. HO8 represents natural hydrological processes together
with human water use (Hanasaki et al., 2008), whereas Wa-
terGAP 2.2c combines global hydrology with sectoral water-
use modules (Miiller Schmied et al., 2016). To ensure grid

https://doi.org/10.5194/essd-18-7593-2026
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Table 1. Summary of datasets and sources for downscaling model.

7597

Variable Spatial Temporal Temporal Data source (last access: 15 September 2026)
resolution resolution coverage
CSR GRACE/ GRACE-FO  0.25° Monthly Apr2002—-  https://www2.csr.utexas.edu/grace
Nov 2025
JPL GRACE/ GRACE-FO 0.5° Monthly Apr 2002—  https://grace.jpl.nasa.gov/data/get-data/jpl_global_mascons/
Jun 2026
GLDAS-2.1 0.25° Monthly Apr 2002—  https://disc.gsfc.nasa.gov/datasets
Dec 2020
HO8 (ISIMIP3a) 0.5° Monthly Apr2002—-  https://data.isimip.org/search/query/h08_20crv3-eraS_
Dec 2021 obsclim_histsoc_default_groundwstor_global_monthly/
WaterGAP 2.2¢ 0.5° Monthly Apr2002—-  https://data.isimip.org/search/query/watergap2-2c_
(ISIMIP2a) Dec 2016 gswp3-ewembi_nobc_hist_nosoc_co2_groundwstor_
global_monthly/
WHYMAP Vector - - https:// www.WHYMAP.org/
Climate data (TAS, PRE) 1000 m Monthly Apr2002—-  Karger et al. (2017)
Dec 2020
ET 1000 m 8d Apr2002—  Zhang et al. (2019)
Dec 2020
SM 1000 m Monthly Apr2002—-  Zheng et al. (2023)
Dec 2020
DEM 1000 m - 2010 https:
/Iwww.usgs.gov/coastal-changes-and-impacts/gmted2010
Soil properties (Clay, Silt, 250 m - 2020 Poggio et al. (2021)
Sand, CFVO, pH, CEC,
SOC, TN)
NDVI 500 m 16d Apr 2002—  https://developers.google.com/earth-engine/datasets/catalog/
Dec 2020 MODIS_061_MODI13A1
LST 1000 m 8d Apr2002—-  https://developers.google.com/earth-engine/datasets/catalog/
Dec 2020 MODIS_061_MODI11A2
Global groundwater Point Annual 1801-2022  Jasechko et al. (2024)
monitoring network
GROW Point Daily Dec 1838—  Bithge et al. (2026)
monthly Aug 2025
annual
China Groundwater Level Point Daily Jan 2005- China Geological Environment Monitoring Institute
Yearbook for Dec 2017
Geo-environmental
Monitoring

consistency, we bilinearly interpolated both datasets to the
CSR GRACE reference grid, retained missing values in the
time series, and standardized their analysis periods to April
2002-December 2021 for HO8 and April 2002-December
2016 for WaterGAP.
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2.1.4 Predictor Variables

Surface hydrological states and fluxes vary across climatic
zones, and GLDAS integrates satellite- and ground-based ob-
servations with land-surface modeling to simulate these pro-
cesses (Rodell et al., 2004). To comprehensively consider
various influencing factors, 19 variables closely associated
with climate, hydrology, and vegetation dynamics were se-
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lected to construct a global environmental variable database
at a 1 km scale as modeling predictors. This dataset encom-
passes 8 monthly-scale dynamic variables, 9 multi-year aver-
age variables, and two additional temporal coding variables
(derived from sine and cosine transformations of monthly
values to capture seasonal characteristics).

Monthly TAS and monthly PRE data are obtained from
Climatologies at High resolution for the Earth’s Land Surface
Areas (CHELSA). This dataset, based on ERA climatic re-
analysis and terrain correction algorithms, offers global me-
teorological forcing data with a spatial resolution of 1km
at the monthly scale, effectively supporting high-precision
model simulations at local scales (Karger et al., 2017).

The ET data are sourced from the PML_V2 high-
resolution dataset (Zhang et al., 2019), which provides a
spatial resolution of 500m and a temporal resolution of
8d for ET measurements along with three key independent
components (i.e., vegetation transpiration, soil direct evap-
oration, and canopy interception evaporation). These data
have undergone cross-validation in the Global Flux Network
(FLUXNET) and exhibit robust representation of surface wa-
ter consumption patterns. In this study, monthly synthetic ET
was generated by rescaling the 8 d resolution data according
to temporal scales, followed by cumulative ET calculations
to obtain monthly cumulative evapotranspiration (ETC) val-
ues since April 2002.

SM was derived from the Global Daily Surface Soil Mois-
ture Dataset (Zheng et al., 2023), which was jointly inverted
using ERAS5 reanalysis data and ESA-CCI SSM products.
This dataset provides seamless global surface soil moisture
data with a daily resolution of 1km for the period 2000-
2021. The monthly-scale product was selected.

The DEM is derived from the Global Multi-resolution To-
pographic Elevation Dataset (GMTED2010) provided by the
United States Geological Survey (USGS). This study specif-
ically extracts the spatial mean (Mean) product from this
dataset, aiming to precisely characterize the average eleva-
tion variation of the underlying surface at the target grid
scale.

The soil attributes are derived from the High Precision
Global Soil Information System (SoilGrids) published by
the International Soil Reference Information Centre (ISRIC).
This dataset is generated through machine learning algo-
rithms coupled with multi-source environmental covariate
physical coupling inversion, providing global-scale products
at a resolution of 250m. The study extracts variables in-
cluding Proportion of Clay, Silt, Proportion of Sand, CFVO,
CEC, Soil pH, SOC, and TN from depths of 0-30 cm to re-
flect surface soil (or topsoil) characteristics.

NDVI and LST were derived from MODI13Al and
MODI11A2 products, respectively. This study conducted
quality validation based on the Google Earth Engine plat-
form and synthesized monthly average data for the period
2002-2020.
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2.1.5 In-situ Groundwater-level Observations

To independently evaluate the spatiotemporal trends in the
reconstructed GWSA, we used three types of in-situ ground-
water observations: the global groundwater-monitoring net-
work compiled by Jasechko et al. (2024), the Global-Scale
Time Series Dataset for Groundwater Studies within the
Earth System (GROW; Bithge et al., 2026), and the China
Groundwater Level Yearbook for Geo-environmental Moni-
toring.

The global monitoring network of Jasechko et al. (2024)
comprises 152 069 monitoring wells, with records spanning
1801-2022 and groundwater depth reported at annual inter-
vals. We converted groundwater depth to groundwater-level
change by reversing its sign and excluded stations with fewer
than eight valid annual observations. Because groundwater-
level change and groundwater-storage change have different
physical dimensions, an effective specific-yield coefficient
was introduced to calibrate the two quantities (Sect. 2.5.1),
and its sensitivity was further evaluated (Sect. 3.1.2). In ad-
dition, uncalibrated standardized comparisons were provided
(Sect. 3.2.1) to assess the consistency between the recon-
structed GWSA and global in-situ observations.

The GROW dataset covers 53 countries and contains
more than 200000 groundwater time series, together with
36 Earth-system-related variables and 34 time-series feature
flags. Daily and monthly records account for approximately
6 % and 9 % of the dataset, respectively (Béthge et al., 2026).
Following the GROW processing guidelines (Béthge et al.,
2026), we removed yearly records, calculated monthly means
from the remaining observations, and retained stations with
records throughout April 2002-December 2020. After spatial
matching with the WHYMAP global aquifer database and re-
taining aquifers with more than five valid stations, 53 stations
covering three aquifer classes were selected.

The China Groundwater Level Yearbook for Geo-
environmental Monitoring compiles daily groundwater-level
monitoring records across China. The data cover January
2005-December 2017 and include 1074 monitoring stations
with geographic coordinates across 31 provincial-level re-
gions, of which 266 provide continuous observations over the
13-year period. Applying the same screening criteria yielded
87 stations covering aquifers in the North China Plain.

For both datasets, groundwater depth was converted to
groundwater-level change, values exceeding three standard
deviations were removed, and missing values resulting from
the removal were linearly interpolated. Anomalies were then
calculated relative to the 2004-2009 and 2005-2009 baseline
periods, respectively. The processed station data were subse-
quently matched to WHYMAP aquifers and a common 1°
grid for monthly validation.
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C. Zhang et al.: High-resolution global groundwater storage anomalies

2.2 Singular Spectrum Analysis for Data Gap Filling

SSA is a technique for processing nonlinear time series (Vau-
tard et al., 1992). Through the decomposition, sorting, and
reconstruction of the trajectory matrix of the target time se-
ries, SSA can extract trends and noise from the data and
has been extensively utilized for missing value imputation
(Kondrashov and Ghil, 2006; Yi and Sneeuw, 2021). In the
present study, SSA was utilized to impute 22 discrete short
gaps that occurred prior to June 2017 during the GRACE
mission period, which were caused by periodic power sys-
tem outages (defined as SSA-filling-a). Additionally, it was
used to impute 11 consecutive months of missing data after
July 2017 between the GRACE/GRACE-FO mission peri-
ods and two months of missing data within the GRACE-FO
mission period (collectively defined as SSA-filling-b). This
approach aims to minimize the influence of missing data on
subsequent downscaling modeling and temporal analysis. To
ensure the accuracy of SSA reconstruction, the full avail-
able GRACE/GRACE-FO monthly record from April 2002
to November 2025 was used for the SSA calculation. The
SSA calculation method is as follows:
First, define the time series for uniform X sampling:

X =[x1,x2,...,xN] (1)

where x;(i =1,2,...,N) represents the monthly GRACE
observation values, where missing months were initialized
with zero as starting values for the SSA iteration. N repre-
sents the sample size from April 2002 to November 2025.
For the periods of October 2011 and April 2015, repeated
observations were averaged, hence N = 284.

Define the trajectory matrix Y for time series X:

x| Xy - xp
X2 X3 ot XL+l

Y= ) . . . 2
XM XMyl - XN

L=N-M+1 3)

K =min(M, L) (€]

where L represents the number of columns in the trajectory
matrix; M represents the window width; and K represents
the maximum modal number decomposable by the trajectory
matrix (Eq. 4). This research employed the optimization pa-
rameter search scheme proposed by Yi and Sneeuw (Yi and
Sneeuw, 2021), with M =24 and K = 12 for SSA-filling-a,
and M =48 with K ranging from 1 to 12 for SSA-filling-b.
These parameters were ascertained through iterative proce-
dures and cross-validation. Conduct singular value decom-
position on the trajectory matrix Y:

Y=UxV' 5)
e; =U( ;oi (6)
pi= Vi )
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Zi=e; x p; (8)
K

Y= Zz,- 9)
i=1

where X represents the singular value diagonal matrix; o;
represents the ith singular value; U and V are orthogonal ma-
trices; e; represents the ith empirical orthogonal function; p;
represents the ith principal component; and Z; represents the
ith modal matrix. The trajectory matrix Y can be expressed
as the sum of the K modal matrices Z;.

The reconstructed component sequence #; was obtained
by diagonal averaging of each modal matrix Z;, and the re-
constructed time series X’ was calculated as follows:

o) = mean(Zl-j’k), (J+k=p+1 (10)
K/

X = Zz}i (11)
i=1

where l?l.p represents the value of the ith reconstructed com-
ponent at the pth position of the time series; ¥; represents
the complete reconstructed component sequence composed
of ﬁip , calculated as the average of the skew-diagonal ele-
ments of each modal matrix Z;; p represents the position in-
dex of the time series (p = 1,2, ..., N); j and k represent the
row and column numbers of Z;, respectively; K’ represents
the actual number of retained components; and X’ represents
the reconstructed time series.

Finally, a two-layer iterative approach is employed for X
interpolation. In the outer iteration, K’ is incrementally in-
creased from 1 to determine the optimal number of modes.
When K’ = K, the sum of all reconstructed components
equals X. In the inner iteration, X’ is continuously calculated
for each fixed K’ until the difference between consecutive re-
construction results (X) falls below a predefined threshold,
indicating stabilization of the SSA results. This stabilized
state is then adopted as the optimal reconstruction outcome
for the current K’ value. Additionally, further details on this
methodology can be referred to the paper by Yi and Sneeuw
(2021).

The uncertainty of the SSA reconstruction was evaluated
using two error metrics, €] from the SSA-filling-a phase and
€ from the SSA-filling-b phase:

€1 = SD(Xobs — X) (12)

— min./ 2 13

€7 = min ﬁ € (13)
1 “

€= \/ 5 2 Koo = X2 (14)

Both SSA filling and error evaluation were carried out on
a pixel-by-pixel basis for the original GRACE data grid. In
the SSA-filling-a phase, the reconstruction error was defined
as the standard deviation of the discrepancy between the ob-
served sequences from non-missing months and the SSA-
reconstructed sequences. Here, Xqps and X represent the
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original observation sequences for all non-missing months
within the GRACE mission period and the reconstructed se-
quences obtained by applying the SSA-filling-a algorithm to
the corresponding months, respectively; €; represents the re-
construction uncertainty in this phase, with larger values in-
dicating lower reconstruction accuracy.

In the SSA-filling-b phase, annual masking was applied to
the original observation series using 2003—-2016 as the cross-
validation background, and each year from 2004 to 2015
was sequentially masked to form 12 annual gap-filling ex-
periments. For each masked year, the root mean square error
(RMSE), denoted as €, was calculated between the original
observations and the reconstructed values using Eq. (14). The
12 annual RMSE values were then aggregated using Eq. (13).
Subsequently, a sequential search was conducted within the
range of the maximum modal number K (ranging from 1 to
12), and the minimum aggregated RMSE was defined as the
fitting error for this phase. The corresponding combination
of the window width M and the maximum modal number K
was identified as the optimal fitting parameters for this phase.
Here, Xops and X represent the original observation series of
a masked year and the reconstructed series obtained by ap-
plying the SSA-filling-b algorithm to that year, respectively;
N represents the number of non-missing months in the origi-
nal GRACE data for that year, signifying the actual sequence
length; € represents the minimum aggregated RMSE from
the 12 annual masking experiments, with larger values indi-
cating lower fitting accuracy.

2.3 GWSA Inversion and Masking Strategy

Terrestrial water storage (TWS) represents the vertically inte-
grated water stored above and below the land surface, includ-
ing soil water, groundwater, snow, vegetation canopy water,
surface water, and land ice (Rodell and Famiglietti, 2001).
Through the utilization of a vertical water model in conjunc-
tion with GRACE and GLDAS data, GWSA can be segre-
gated from TWSA via the subsequent calculation approach:

AGWS = ATWS — (ASWS 4+ ASWE + ACWS) (15)

The monthly SWS, SWE, and CWS components were
obtained from GLDAS Noah V2.1. Specifically, SWS
was calculated as the sum of the four Noah soil-
moisture layers, including SoilMoi0_10cm_inst (0-10cm),
SoilMoi10_40cm_inst (10-40cm), SoilMoi40_100cm_inst
(40-100cm), and SoilMoil100_200cm_inst (100-200cm),
thereby representing vertically integrated soil-water storage
over the complete 0-200cm Noah soil column. SWE and
canopy water storage were obtained from SWE_inst and
Canoplnt_inst, respectively. These GLDAS storage variables
are provided in units of kg m~2. Because 1kgm~2 of water
is equivalent to 1 mm of water thickness, the GLDAS stor-
age components were converted to centimetres of equiva-
lent water height before being combined with the GRACE
TWSA. All components were subsequently expressed as
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anomalies relative to their respective mean values over the
2004-2009 baseline period to ensure consistency with the
GRACE anomaly definition.

Here, ATWS denotes the terrestrial water storage anomaly
derived from GRACE, while AGWS represents the GRACE-
derived groundwater storage anomaly estimated using the
residual component-separation framework. We calculated
the observed GWSA sequence (GWSAgps; N = 249) from
the original GRACE data, and the reconstructed GWSA se-
quence (GWSAgsa; N =284) from the SSA-reconstructed
GRACE data. The two sequences were fully spatially aligned
and directly comparable at coincident time points. To vali-
date the reliability of the reconstruction, the observed GWSA
sequence was kept intact, and only for the months with miss-
ing GRACE data, the GWSAgsa data (N = 35) were used
to replace it. The resulting temporally continuous GWSA se-
quence was subsequently used as the target dataset for down-
scaling and related accuracy assessments.

Equation (15), however, represents a residual component-
separation framework and does not imply complete phys-
ical isolation of groundwater storage from all other ter-
restrial water-storage components. In particular, GLDAS
Noah V2.1 does not provide within this calculation a
globally homogeneous dynamic surface-water-storage term
representing the combined temporal variations of rivers,
lakes, reservoirs, wetlands, and seasonal floodplains. Conse-
quently, residual surface-water variability may remain in the
GRACE-derived GWSA estimate, especially in tropical and
floodplain-dominated regions where surface-water storage
can contribute substantially to TWSA. GRACE signal attenu-
ation can affect seasonal basin-scale water-storage estimates
(Chen et al., 2007), while glacier and ice-sheet mass vari-
ations introduce additional uncertainty in polar and alpine
regions (Mankoff et al., 2020).

The glacier and permanent-waterbody masks applied in
this study were therefore used as error-reduction measures
rather than as substitutes for explicit dynamic component
subtraction. These masks reduce contamination over the
most evident permanent-water and land-ice domains but can-
not completely remove time-varying surface-water storage or
GRACE leakage into adjacent land pixels. Accordingly, the
reconstructed GWSA should be interpreted as a GRACE-
constrained residual groundwater-storage estimate that in-
herits uncertainty from component separation and spatial
leakage. Incorporating globally consistent dynamic surface-
water-storage observations represents an important direction
for further improvement of the dataset.

2.3.1 Permanent Water Body Mask

To minimize signal leakage errors induced by permanent
water bodies and maximize the preservation of coastal ter-
restrial information, this study employed the Global Sur-
face Water Explorer (GSWE) dataset furnished by the Eu-
ropean Commission Joint Research Centre (JRC) (Pekel et
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al., 2016). This dataset documents the spatiotemporal dy-
namics of global surface water bodies at a spatial resolution
of 30 m. Regions with pixel values of 3 (Permanent water)
were extracted from its Yearly Classification product as reli-
able water body benchmarks. Pixel-wise set union processing
was conducted on the temporal classification results span-
ning from 2002 to 2020, and resampling to a 1 km resolution
was carried out, ultimately generating a unified global per-
manent water body range mask.

2.3.2 Glacier and Ice Sheet Mask

The global mountain glacier mask was established by uti-
lizing data from The Randolph Glacier Inventory (RGI)
supplied by the National Snow and Ice Data Cen-
ter (NSIDC) (https://nsidc.org/data/nsidc-0770/versions/7#
anchor-documentation, last access: 15 September 2026).
This dataset encompasses single-contour vector maps of each
glacier dating back to approximately 2000. These maps were
integrated within ArcGIS Pro 3.5.4 to demarcate the global
mountain glacier extent.

The Greenland land ice extent was obtained from the
MEaSUREs Greenland Ice Mapping Project (GIMP) Land
Ice and Ocean Classification Mask version 1 data pro-
vided by NSIDC (https://nsidc.org/data/nsidc-0714/versions/
1, last access: 15 September 2026), making use of the
30 m spatial resolution classification data from the Gimplce-
Mask_30m_2015 product.

Ultimately, the two masks were combined into a unified
global glacier mask, which was then merged with the water
body mask to generate the baseline land ice extent.

2.4 Machine Learning Downscaling Framework

The fundamental premise of the downscaling model posits
that the statistical correlation between the target variable
(GWSA) and the independent variables remains invariant
across diverse spatial scales. Building upon this premise,
we constructed the model utilizing lower-resolution (0.25°)
data spanning from 2002 to 2020, while leveraging higher-
resolution (1 km) data for prediction purposes. The specific
methodology is delineated as follows:

1. Data pre-processing: Initially, all 19 input variables with
a 1 km resolution were subjected to masking process-
ing to ensure complete congruence with the reference
mask. Scattered missing values were imputed using in-
verse distance weighting, ultimately generating a spa-
tiotemporally continuous 1km environmental variable
database. Subsequently, the 19 variables were resam-
pled to a 0.25° resolution and aligned with the GWSA
grid, a process accomplished through mean aggregation
via the gdal.Warp function.

2. Model development: Given the substantial spatial het-
erogeneity of hydrogeological conditions and GWSA
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at the global scale, separate models were developed for
each aquifer type after rasterizing the aquifer map and
assigning each pixel to an aquifer category. For each
aquifer category, 200 000 grid-month records were ran-
domly sampled across both space and time for hyperpa-
rameter optimization. Subsequently, all samples within
each aquifer category were used to develop the XG-
Boost and DNN models, with 70 % used for training and
30 % for testing. This random split was used only for in-
ternal model development and does not constitute a spa-
tially or temporally independent generalization test be-
cause adjacent spatial and temporal samples may occur
in both subsets. We therefore recommend further refer-
ence to the in situ validation results (Sect. 2.5).

3. Prediction and correction: The 1 km environmental vari-
able database was inputted to obtain high-resolution
global GWSA reconstruction results. These results were
resampled to a lower resolution, and the residuals be-
tween them and the GWSA s or GWSAgssa sequences
were calculated. The low-resolution residuals were then
interpolated to a 1 km resolution using cubic spline in-
terpolation and added to the reconstructed results to im-
plement residual correction.

4. Accuracy assessment: This assessment focuses on the
internal accuracy of the reconstruction framework with-
out introducing external observations and comprises
three components. Firstly, SSA reconstruction errors
were quantified by comparing the reconstructed values
from the SSA-filling-a and SSA-filling-b phases with
the available GRACE/GRACE-FO observations. Sec-
ondly, by utilizing the 30 % test samples set aside during
the training phase, we measured the prediction accuracy
of the model across diverse aquifer zones via evaluation
metrics and carried out an analysis of the relative signif-
icance of feature variables. Finally, cross-validation was
carried out between the reconstructed outcomes and the
original GWSA data at the original spatial resolution
(0.25°) to quantify the deviations from the baseline data.

5. in-situ observational validation: Independent validation
was conducted using annual observations from 152 069
monitoring sites and monthly observations from 140
monitoring sites, as described in detail in Sect. 2.5.

2.4.1 Machine Learning Architectures and Model
Configuration

To capture the intricate nonlinear relationships between
GWSA and multi-source hydro-climatic variables, two rep-
resentative machine-learning architectures were employed:
XGBoost and DNN. XGBoost is a scalable gradient-boosted
tree ensemble that can represent nonlinear statistical map-
pings (Chen and Guestrin, 2016); machine-learning ap-
proaches have also been used to downscale GRACE-derived
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groundwater signals in regional studies (Miro and Famigli-
etti, 2018; Seyoum et al., 2019). Its regularization, shrink-
age, and row/column subsampling help control model com-
plexity and overfitting (Chen and Guestrin, 2016; Hastie et
al., 2009). Complementarily, DNN leverage interconnected
hierarchical layers to automatically extract deep-level vari-
able interactions from extensive datasets (LeCun et al., 2015;
Shen, 2018). The high model capacity of DNN effectively
compensates for the potential limitations of tree-based deci-
sion spaces in smoothing nonlinear surfaces, especially un-
der extreme hydrological forcing conditions (Reichstein et
al., 2019; Shen, 2018).

To account for global hydrogeological heterogeneity, both
models were independently trained for each aquifer category.
For each aquifer, 200 000 pixels were randomly sampled for
hyperparameter optimization. The model was trained using
70 % of all samples from each aquifer, while the remaining
30 % were used for model accuracy assessment. For XG-
Boost, the optimal hyperparameters, including n_estimators,
learning_rate, max_depth, and min_child_weight, were iden-
tified via the RandomizedSearchCV method. For the DNN, a
Multi-Layer Perceptron (MLP) architecture was constructed,
and a Robust Scaler was applied to both input and target vari-
ables to eliminate interference from extreme climate outliers
(Shen, 2018). The optimal network configuration (3—6 lay-
ers and 128-768 units) was autonomously determined using
the Optuna optimization framework (Akiba et al., 2019). The
DNN was trained using the Adam optimizer with a mean
squared error (MSE) loss function, incorporating an Early
Stopping mechanism to prevent over-fitting on the large-
scale spatiotemporal dataset.

2.4.2 Statistical Evaluation Indicators

We evaluated model performance using the coefficient of de-
termination (R2), Pearson’s correlation coefficient (CC), bias
(Bias), mean absolute error (MAE), and root mean square er-
ror (RMSE). R? and CC quantify the explained variance and
linear agreement between predicted and observed values, re-
spectively, whereas Bias, MAE, and RMSE characterize the
systematic deviation, mean absolute deviation, and overall
magnitude of prediction errors, respectively.

n

i o)
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where o represents the observed value; y represents the pre-
dicted value; n represents the sample size; and 0 and y are
the means of o0 and y respectively.

2.5 In-situ observational validation

To evaluate the reconstructed GWSA product against
groundwater-level observations, three complementary val-
idation procedures were implemented. First, long-term
groundwater-level trends were converted to equivalent-
water-height groundwater-storage trends using a calibration-
derived effective specific yield (Syeff) within a spatially
blocked calibration—validation framework. The monitoring
network was partitioned into 1° spatial blocks, with ap-
proximately 70 % of the blocks used for coefficient cali-
bration and the remaining 30 % retained for validation. All
wells within the same block were assigned to the same
subset, thereby reducing spatial dependence between coeffi-
cient estimation and validation. Second, annual and monthly
groundwater-level observations were compared with recon-
structed GWSA without level-to-storage conversion using
independently standardized time series to assess temporal
co-variation. Third, the reconstructed product was compared
with published groundwater-storage estimates for represen-
tative groundwater regions to evaluate temporal variability,
magnitude, and long-term trends.

2.5.1 In-situ Validation with Syet Correction and
Sensitivity Analysis

Monitoring sites with at least eight valid annual observations
were retained for the long-term trend evaluation. Ground-
water depth was converted to groundwater-level (GWL)
change by reversing its sign, such that positive trends in-
dicate groundwater-level recovery and negative trends indi-
cate groundwater-level decline. For each monitoring site, the
long-term GWL trend was estimated using the Theil-Sen
slope estimator and expressed in cm yr~!. The corresponding
long-term GWSA trend was extracted from the 1 km recon-
structed product at the same monitoring location.

Because groundwater-level change and groundwater-
storage change have different physical dimensions, a scale-
dependent effective specific yield, Syefr, was introduced as
a level-to-storage conversion coefficient. The purpose of
Syetf 18 to harmonize observation-derived GWL trends with
GWSA trends expressed as equivalent water height; it is not
intended to represent a direct measurement of local aquifer-
specific yield.
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To reduce information leakage between coefficient estima-
tion and validation, the monitoring network was partitioned
into 1° spatial blocks. Approximately 70 % of the blocks
were assigned to the calibration subset and the remaining
30 % to the held-out validation subset. All wells belonging
to the same block were retained in the same subset. Syer
was estimated exclusively from observations in the calibra-
tion blocks and was subsequently transferred to monitoring
sites in the held-out blocks without refitting or using obser-
vations from the validation subset.

Within the calibration subset, Syeff was estimated from the
multiplicative relationship between long-term GWL trends
and the corresponding reconstructed GWSA trends:

AGWSps = Syeff X AGWLgbs 21

where AGWSps is the GWS trend derived from the in-situ
observations, AGWLy, is the long term GWL trend, and
Syeft 1s the effective conversion coefficient used to convert
GWL changes into equivalent GWS changes.

The converted in-situ GWS trends and reconstructed
GWSA trends were then aggregated separately onto the orig-
inal 0.25° GWSA grid. Only grid cells containing valid val-
ues from both datasets were retained. Anomalous values
were removed using a three standard deviation criterion. CC,
R?, RMSE, Bias, regression slope, intercept, and trend sign
consistency were then calculated. The Syefr coefficient was
used only to harmonize the units of the in-situ validation
data and did not contribute to the production of the GWSA
dataset.

To evaluate uncertainty in the conversion coefficient, the
calibration derived Syefr values were perturbed by —30 %,
—15%, +15 %, and 430 %. The complete calculation proce-
dure was repeated for each perturbation scenario. Changes in
correlation, error, regression amplitude, and trend sign con-
sistency were used to quantify the influence of Syefr uncer-
tainty on the validation results.

2.5.2 Conversion Free in-situ Validation

Conversion free in-situ validation was conducted at annual
and monthly scales. For the annual scale analysis, the GWL
and reconstructed GWSA series for each aquifer were con-
verted to anomalies relative to the 2004 to 2009 reference pe-
riod, smoothed using a three year moving average to reduce
short term interannual fluctuations, and independently stan-
dardized. Pearson correlation coefficients were then com-
pared among different aquifer categories and representative
aquifer systems to evaluate the consistency of interannual tra-
jectories and long term covariation without introducing un-
certainty from the Syefr conversion.

The monthly scale analysis was designed to further evalu-
ate the ability of the reconstructed GWSA to reproduce long
term trends, seasonal variations, and short term fluctuations.
Monitoring sites with continuous observations throughout
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the analysis period were first selected. Aquifers contain-
ing more than five valid monitoring sites were then re-
tained. Anomalous values in the continuous monthly series
were removed using a three standard deviation criterion.
The remaining station series were aggregated to the aquifer
scale using the median, and the corresponding reconstructed
GWSA series were extracted and aggregated over the same
aquifer domains.

The aquifer scale observation and reconstructed GWSA
series were independently standardized and decomposed us-
ing STL into long term trend, seasonal, and residual com-
ponents. Pearson correlation coefficients were calculated for
the original monthly series, trend components, and seasonal
components. Seasonal contributions were calculated follow-
ing the method described in Sect. 2.6. This procedure eval-
uates the consistency of monthly variability, long term evo-
lution, and seasonal phase, and provides a basis for assess-
ing the ability of the reconstruction to represent regional sig-
nals and local seasonal processes across different aquifer cat-
egories.

2.5.3 Regional Comparison with Published Estimates

The 1 km GWSA product was compared with published es-
timates for the North China Plain, northwestern India, Cal-
ifornia, and the High Plains Aquifer. The spatial extent of
each region was reconstructed as closely as possible to the
corresponding reference study. Public numerical data were
used preferentially, and published curves were digitized only
when numerical data were unavailable. The reconstructed
and reference series were matched in time and adjusted to
a common baseline according to the temporal coverage and
data structure of each study.

CC, RMSE, Bias, standard deviation ratio, seasonal ampli-
tude, and trend slope were used to evaluate regional temporal
variability, amplitude agreement, and long term trend consis-
tency. For studies reporting a specific analysis period, ordi-
nary least squares trends were additionally calculated over
the same time window. This regional comparison links the
global 1km reconstruction with well studied groundwater
systems, including the North China Plain, northwestern In-
dia, California, and the High Plains Aquifer. It provides a
regional assessment of the product’s ability to represent per-
sistent groundwater depletion, seasonal variability, and trend
magnitude, and establishes a common basis for comparison
with existing regional knowledge.

2.6 Seasonal Analysis

Hydrological time series are strongly affected by periodic
seasonal variability, and seasonal extremes can offset or am-
plify longer-term changes (Cooley et al., 2021). Because this
behavior is often underrepresented in groundwater assess-
ments, we used the reconstructed high-resolution GWSA se-
ries to quantify the seasonal contribution to global ground-

Earth Syst. Sci. Data, 18, 7593-7626, 2026



7604

water dynamics at the pixel scale.
o

75 )

Cseasonality =
where o and § represent the annual standard deviation of
GWSA and the standard deviation of the multi-year average
of GWSA for the period 2002-2020, respectively. Cseasonality
represents the relative seasonal contribution, with a value
range of 0 % to 100 %. A value above 50 % signifies that sea-
sonality dominates the groundwater dynamics at that pixel.

2.7 Long-term Trend Analysis

To precisely extract the long-term evolution characteristics
of GWSA, this study utilized a seasonal-trend decompo-
sition approach based on local weighted regression (STL,
Seasonal-Trend decomposition using LOESS) to conduct de-
seasonalization of the original time series. STL is a com-
monly employed non-parametric estimation method. Its fun-
damental premise is that time series are composed of sea-
sonal components, long-term trends, and residuals (Cleve-
land et al., 1990). By separating the seasonal term S; from
the original time series Y, the de-seasonalized sequence X;
is acquired. In comparison with traditional linear regression
based on the least-squares method, its non-parametric slope
calculation exhibits greater robustness towards missing data
and outliers in the time series (Sen, 1968; Theil, 1950).

XIZYI—SI (23)

where the seasonally adjusted X; series comprehensively
preserves both the trend component signal of the GWSA and
the natural residual component signal, which encompasses
extreme hydrological events. On this basis, the Theil-Sen
Median Trend method is utilized to ascertain the long-term
variation trend. The calculation method is as follows:

. X;—X; .
B = Median ]T , Vj>i 24)

where X ; and X; represent the deseasonalized GWSA val-
ues at months j and i, respectively; 8 is the median slope of
all pairwise combinations in the time series; 8 > 0 indicates
an increasing trend in groundwater storage, whereas 8 < 0
indicates a decreasing trend.

The Mann-Kendall Significance Test serves as a crucial
complement to Theil-Sen trend estimation and is a non-
parametric test method recommended by the World Mete-
orological Organization (WMO). Its advantage lies in not re-
quiring sample data to follow a specific distribution, making
it widely applicable for trend significance testing in hydro-
meteorological series (Kendall, 1970; Mann, 1945). The
test statistic was calculated using the conventional Mann—
Kendall formulation. This study conducted trend tests for

GWSA changes at significance levels of p < 0.05 and p <
0.01.
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3 Results

3.1 Model Comparison and Validation

3.1.1 Temporal Continuity and SSA-based
Reconstruction Quality

To ensure the spatiotemporal continuity of the downscaling
baseline without resorting to artificial annual averaging, SSA
was employed to reconstruct missing GRACE observations
(Fig. 2). Global evaluation confirms that the SSA framework
successfully maintained low reconstruction errors while pre-
serving the integrity of the original temporal dynamics across
two distinct gap-filling phases.

During the SSA-filling-a phase, the reconstruction er-
ror was quantified as the standard deviation of residuals
between observed and reconstructed values over all non-
missing months. Globally, the error ranged from 0.232 to
62.458 cm, with a tightly constrained median of 1.156 cm.
The 1 % and 99 % percentiles were 0.475 and 7.550 cm, re-
spectively, indicating robust reconstruction precision during
this stage.

To empirically represent the reconstruction capability un-
der conditions of long-term continuous missing data, a rig-
orous cross-validation approach was implemented in the sec-
ond phase. Specifically, entire years of data within known
observation periods were sequentially masked and recon-
structed. At the global scale, the median error for this
phase was 1.679cm, with the 1st and 99th percentiles at
0.732 and 10.204 cm, respectively. Focusing specifically on
terrestrial regions (excluding Antarctica), the median error
was 2.708 cm, with 1st and 99th percentiles of 0.862 and
15.295 cm. While the errors in land areas are slightly higher
than the global average, they remain consistently low and
bounded.

Spatially, the high-error centers across both phases ex-
hibited high consistency, primarily clustering in the high-
latitude cryosphere of the Northern Hemisphere, the Amazon
Basin, southern South America, East Africa, and Southeast
Asia. Although uncertainties in these specific regions are rel-
atively higher, these variations are primarily associated with
large natural signal amplitudes, significant seasonal oscilla-
tions, and complex local processes rather than algorithmic
instability. Consequently, the SSA reconstruction provides a
temporally continuous baseline with quantified reconstruc-
tion uncertainty for the subsequent high-resolution down-
scaling.

3.1.2 Aquifer-stratified Model Comparison and
Multi-scale Validation

Table 2 first compares the two candidate architectures
within the random 70 %/30 % development split for each
WHYMAP mega-aquifer system or specific mask. XGBoost
yielded lower RMSE and MAE and higher R? than DNN
in all 11 listed aquifer systems; for AQU 11, for example,
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Figure 2. Evaluation of the reconstruction accuracy of Singular Spectrum Analysis (SSA). (a) Reconstruction error in the SSA-filling-a
phase (cm), quantified as the standard deviation of residuals between observed and reconstructed values. (b) Reconstruction error in the
SSA-filling-b phase (cm), quantified as the minimum aggregated RMSE from annual masking experiments.

XGBoost achieved RMSE = 1.15 cm and R% = 0.921, com-
pared with 1.61 cm and 0.845 for DNN. These values are
within-distribution diagnostics used for model comparison,
while product reliability is evaluated below through cross-
scale consistency and spatially held-out in-situ observations.

Cross-scale aggregation to the original 0.25° grid con-
firmed the same overall ranking (Fig. 3). At the global
scale, XGBoost achieved R2=0.972, CC=0.986, and
RMSE =2.097 cm, compared with R?=0.961,CC=0.981,
and RMSE =2.661 cm for DNN. Across the 11 evaluated
aquifer categories, XGBoost achieved higher R? and CC and
lower RMSE in 10 categories. Major groundwater basins
(AQU categories 11-15) and regions with complex hydro-
geological structures (AQU categories 22-25) maintained
an average R? of 0.961 and RMSE of 0.730 cm, whereas
local and shallow aquifers (AQU categories 33-34) had a
higher average RMSE of 2.091 cm. The cross-scale assess-
ment therefore shows that the relative performance advan-
tage of XGBoost is retained when the 1km reconstructions
are evaluated against the original-resolution GWSA.

A global observation-constrained in-situ evaluation was
conducted using long-term groundwater-monitoring records.
Following the 1° spatial-block design described in Sect.
2.5.1, the comparison was performed on retained 0.25° vali-

https://doi.org/10.5194/essd-18-7593-2026

dation grids after dimensional harmonization, common-grid
aggregation, and uniform quality control. Figure 4 summa-
rizes the resulting grid-level agreement for the DNN and XG-
Boost products.

For DNN, CC was 0.72, corresponding to R2=0.52,
with RMSE=0.34cmyr~' and Bias=0.09cmyr~!. The
fitted regression slope and intercept were 0.51 and
—0.04cmyr—!, respectively, and trend-sign consistency was
0.72. XGBoost exhibited slightly stronger spatial covari-
ance and directional consistency, with CC=0.73, R =
0.54, RMSE=0.38cmyr~!, Bias=0.11cmyr~!, a fitted
slope of 0.51, an intercept of —0.05cmyr~!, and trend-
sign consistency of 0.73. Although slopes below unity indi-
cate residual differences in the absolute magnitude of long-
term groundwater-storage change, both models reproduced
the dominant spatial covariance and direction of groundwa-
ter depletion and recovery across the monitoring network.
XGBoost showed slightly stronger correlation and trend-
direction agreement, whereas DNN exhibited marginally
lower absolute-error statistics. Together with the cross-scale
consistency assessment, these results support the use of XG-
Boost as the production architecture without implying uni-
form superiority across every metric.
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Table 2. Internal-test performance of the XGBoost and DNN downscaling models across major global mega-aquifer systems and specific

masks.
AQU Mega-Aquifer System/ XGBoost ‘ DNN
category Specific Mask
RMSE  R?> MAE | RMSE  R?> MAE
AQU 11 Cuvelai-Upper Zambezi Basin 1.15  0.921 0.76 1.61 0.845 1.11
AQU 12 Stampriet-Kalahari Basin 1.72 0.929 1.16 234 0.868 1.66
AQU 13 Karoo Basin 2.37 0.94 1.62 2.93  0.908 2.07
AQU 14 Northern Great Plains Aquifer 2.8  0.902 1.91 325 0.867 23
AQU 15 Cambrian-Ordovician Aquifer 388 0942 251 434  0.928 2.93
AQU 22 Arabian Aquifer System 1.95 0.9 1.31 242 0.846 1.74
AQU 23 Indus Basin 2.56 0.903 1.78 323 0.846 2.32
AQU 24 Ganges-Brahmaputra Basin 3.17 0916 1.99 3.96 0.87 2.64
AQU 25 West Siberian Basin 442  0.926 2.42 591 0.867 3.42
AQU 33 Russian Platform Basins 412 0916 2.32 49 0.881 2.93
AQU 34 North Caucasus Basin 54 0943 34 5.97 0.93 3.88
2007y =232717 N=11643 N=18550 N=19254 N=20484 N=28023
R*=09728 R*=09758 R*=09812 R*=0.9881 R*=0.9813 R*=0.9689
CC=0.9863 CC=09878 CC=0.9906 CC=0.9940 CC=0.9906 CC=09843
RMSE = 2.0966 RMSE = 0.2694 RMSE = 0.3993 RMSE = 0.5037 RMSE = 0.4352 RMSE = 0.5332
p<0.0001 2 P <0.0001 P <0.0001 p <0.0001 £ <0.0001 £ <0.0001
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R*=0.9793 R*=0.9700 R>=038214 R*=0.9849 R®=0.9476 R®=0.9582
CC=0.9896 CC = 0.9849 CC = 0.9063 CC=0.9924 CC=09735 CC=09789
RMSE = 0.4439 RMSE = 0.6392 RMSE =2.2814. RMSE = 1.0616 RMSE = 1.8095 RMSE = 2.3729
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Figure 3. Cross-scale consistency comparison of the downscaled GWSA and the original-resolution GWSA multi-year mean for 2002—
2020. The first and second rows show the XGBoost results, and the third and fourth rows show the DNN results. Panels are arranged in the
following order: global, Major groundwater basins (AQU categories 11-15), Complex hydrogeological structures (AQU categories 22-25),
and Local and shallow aquifers (AQU categories 33-34). In each panel, the x axis represents the original GWSA, and the y axis represents
the downscaled GWSA aggregated to the same resolution. The red line indicates the fitted line. The corresponding sample size (N), R%,CC,
RMSE, and significance level (p) are shown in the upper-left corner.
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Figure 4. Spatially independent, quality-controlled in-situ evaluation of long-term downscaled groundwater-storage trends and spatial dis-
tribution of the monitoring network. (a) Held-out 0.25° grid comparison between DNN-derived GWSA trends and groundwater-level trends
converted to equivalent water height using Syefr estimated only from calibration spatial blocks and blindly transferred to the held-out blocks.
(b) Corresponding held-out comparison for XGBoost. The network was partitioned into 1° spatial blocks; approximately 70 % were cal-
ibration blocks and 30 % were held-out validation blocks, with all wells from a block assigned to one subset. Neither held-out wells nor
their blocks contributed to Syefr estimation or transfer selection. Colors indicate the logarithmic density of valid held-out grid comparisons;
the gray dashed line is the 1:1 relationship and the solid black line is the fitted regression. N and all reported statistics (CC, RZ, RMSE,
Bias, slope, intercept, trend-sign consistency, and significance) are calculated exclusively from held-out 0.25° grids. (¢) Spatial distribution
of groundwater-monitoring wells and the 1° spatial-block partition used for calibration and validation.

The in-situ evaluation complements the cross-scale consis- sion slope of 0.506. Across the full 30 % perturbation

tency assessment by providing an external comparison with
groundwater-monitoring records. The 0.25° grid-based im-
plementation reduces the mismatch between point-scale well
observations and spatially integrated GWSA estimates, while
the Z-score comparisons without Syesr in Figs. 6-8 provide
an additional assessment of temporal co-variation.

The sensitivity of the in-situ evaluation to Syefr was further
quantified by perturbing the baseline conversion coefficients
by £15% and +30% (Table 3). For the XGBoost prod-
uct, the baseline evaluation yielded CC =0.734, R%2=0.538,
RMSE =0.378 cmyr~!, Bias =0.106 cm yr~!, and a regres-
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range, CC varied from 0.691 to 0.734 and R? from 0.477 to
0.538, whereas RMSE remained within 0.359-0.408 cm yr—!
and Bias within 0.104-0.107 cmyr~!. The regression slope
showed a comparatively stronger response, ranging from
0.379 to 0.593, while trend-sign consistency remained be-
tween 0.696 and 0.743. DNN exhibited a similar response,
with R? ranging from 0.476 to 0.522 and RMSE from 0.343
to 0.393cmyr~!. These results indicate that uncertainty in
Syeff has a stronger influence on amplitude-related quantities,
particularly the regression slope, than on the overall associa-
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tion and trend-direction agreement between the modeled and
in-situ-derived groundwater-storage trends.

Taken together, the aquifer-stratified internal diagnostics,
cross-scale consistency assessment, and spatially indepen-
dent in-situ evaluation support XGBoost as the production ar-
chitecture. XGBoost provided more consistent performance
across aquifer categories and stronger global cross-scale
agreement, while DNN retained slightly lower absolute er-
rors in the in-situ trend comparison. The selection therefore
reflects the combined evidence rather than uniform superior-
ity on every metric.

3.1.3 Sensitivity to Target Product

The target-product experiments show that model fit was re-
producible but depended on the source product (Fig. 5).
Across the 12 aquifer categories and masks, mean internal-
test R? was 0.928 for CSR, 0.946 for JPL, 0.888 for Wa-
terGAP, and 0.908 for HO8. JPL produced the highest R? in
10 categories, while CSR and WaterGAP each ranked first
in one category. The full ranges were 0.900-0.994 for CSR,
0.915-0.996 for JPL, 0.794-0.924 for WaterGAP, and 0.828—
0.941 for HOS. All four products produced high within-
product fit, with systematic differences among target sources.

Predictor importance also depended on the target source.
Static physiography and soil variables accounted for 0.638
and 0.620 of total importance in the CSR and JPL experi-
ments, compared with 0.454 and 0.442 for WaterGAP and
HO8. Conversely, temporal encoding contributed 0.102 and
0.107 for CSR and JPL but increased to 0.191 and 0.225 for
WaterGAP and HO8. These differences indicate that the rel-
ative importance assigned to static heterogeneity and tempo-
ral variation depends on the target source and represents a
source-related structural uncertainty.

3.2 Validation Across Aquifer Basins

The in-situ assessment contains two conceptually distinct
components. The Sy.r-based analysis presented above con-
verts groundwater-level trends to equivalent-water-height
storage trends, allowing their magnitudes to be compared in
common physical units. This conversion is used for dimen-
sional harmonization and for evaluating magnitude consis-
tency, but it is not a prerequisite for assessing whether the
downscaled product reproduces the observed temporal evo-
lution of groundwater. The basin-scale analyses below there-
fore use independently standardized GWL and GWSA se-
ries without applying Syefr. These conversion-free compar-
isons constitute the main temporal validation in this section
and directly evaluate interannual variability and long-term
co-variation between the downscaled product and in-situ ob-
servations. The Syef-based and standardized analyses should
thus be viewed as complementary rather than sequential val-
idation steps.
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3.2.1 Conversion-free In-situ Temporal Comparisons

To assess temporal fidelity under diverse hydrogeological
and anthropogenic settings, complementary in-situ compar-
isons were categorized into climate-driven, anthropogenic-
dominated, and data-limited basins (Figs. 6-8). These anal-
yses compare independently standardized GWL and down-
scaled GWSA time series, and thus provide a conversion-free
assessment of interannual variability and long-term temporal
co-variation.

In natural, climate-dominated regions (Fig. 6), the down-
scaled dataset demonstrates exceptional temporal alignment
with ground observations. For instance, within the Stampriet-
Kalahari Basin (AQU 12, N =7849), the localized time-
series comparison yielded a high CC =0.82, accurately re-
producing the multi-year depletion trajectory from 2004
to 2014 and subsequent recovery (Fig. 6b). Similarly, ro-
bust agreement was observed in the Cuvelai-Upper Zambezi
Basin (AQU 11, N =1713, CC=0.72, Fig. 6¢), the Rus-
sian Platform Basins (AQU 33, N =32340, CC =0.67, Fig.
6f), and the Ganges-Brahmaputra Basin (AQU 24, N =2208,
CC=0.54, Fig. 6d). Although the Arabian Aquifer System
(AQU 22, N = 1377, Fig. 6e) exhibited a weaker linear cor-
relation (CC =0.07) due to complex local fossil groundwa-
ter dynamics, the overall multi-year deficit trend remains ob-
servable. These findings confirm that the machine learning
framework effectively translates macro-scale climatic forc-
ing into high-resolution, localized groundwater storage vari-
ations.

Conversely, evaluations in intensive anthropogenic basins
(Fig. 7) reveal distinct dynamic behaviors. Notably, in
the Indus Basin (AQU 23, N =1383, Fig. 7c), the ap-
plication of the localized mask and variance-normalized
Z-scores demonstrates a highly consistent temporal tra-
jectory (CC=0.58), successfully capturing the severe de-
pletion trough around 2013 and the subsequent recovery
phase driven by regional water management. Meanwhile, in
the Northern Great Plains Aquifer (AQU 14, N =10052,
CC=—-0.23, Fig. 7b) and the North Caucasus Basin (AQU
34, N=3971, CC=-0.01, Fig. 7e), predicted climate-
driven baselines indicate storage recovery or dynamic sta-
bility responding to favorable meteorological conditions,
whereas in-situ observations exhibit sustained depletion.
This decoupling indicates that the downscaled GWSA and
local monitoring wells may respond differently in inten-
sively managed aquifers. The resulting discrepancy is there-
fore interpreted as a signal potentially consistent with anthro-
pogenic groundwater depletion rather than as a direct esti-
mate of groundwater extraction.

In data-limited or complex regions (Fig. 8), such as
the Cambrian-Ordovician Aquifer (AQU 15, N =634,
CC =0.24, Fig. 8b) and the West Siberian Basin (AQU 25,
N =9, CC=0.48, Fig. 8c), the validation metrics reflect the
inherent challenges of sparse observation networks and com-
plex hydrogeological constraints, yet the downscaled product
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Table 3. Sensitivity of the global in-situ evaluation to perturbations in Syefr. The 0 % scenario represents the baseline configuration. All
perturbation scenarios were evaluated using the same spatial aggregation, uncertainty treatment, quality-control procedure, and statistical

metrics.
Model Syeff CC R? RMSE Bias Slope  Trend-sign
perturbation (cm yr_l) (cm yr_l) consistency
DNN —30% 0.690 0.476 0.393 0.102  0.381 0.693
—15% 0.719 0.517 0.377 0.100  0.446 0.708
0% 0.722 0.522 0.343 0.094  0.508 0.722
+15% 0.714 0.510 0.348 0.098  0.556 0.730
+30% 0.704 0.496 0.357 0.099 0.592 0.728
XGBoost —30% 0.691 0.477 0.408 0.105  0.379 0.696
—15% 0.714 0.510 0.391 0.106  0.442 0.720
0% 0.734 0.538 0.378 0.106  0.506 0.734
+15% 0.721  0.520 0.359 0.104  0.563 0.743
+30% 0.705 0.497 0.369 0.107  0.593 0.735
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Figure 5. Controlled sensitivity of the aquifer-stratified XGBoost downscaling workflow to alternative target products. (a) Internal-test R?
for CSR, JPL, WaterGAP, and HO8 across 12 aquifer categories and masks. (b) Aggregated feature importance for static physiography/-
soil, dynamic hydroclimate/vegetation, and temporal encoding. All experiments used the same predictor database and random 70 %/30 %
internal split. Because target amplitudes differ, cross-product comparison emphasizes dimensionless RZ. These statistics characterize within-
distribution reconstruction and source sensitivity; they are not temporally blocked forecasting tests.

still manages to capture the broad multi-year wave patterns
corresponding to the limited in-situ records.

3.2.2 Monthly Validation of Representative Aquifers

Figure 9 provides a monthly-scale validation of the recon-
structed GWSA using five representative aquifer-site groups
distributed across North America, Europe, and East Asia.
The maps show the aquifer masks and the available monitor-
ing sites, while the time-series panels decompose the stan-
dardized station and reconstructed records into STL trend,
seasonal, and residual components. Four records span April
2002-December 2020; the ID 1417 record spans 2005-2017
because of its available observations.

To further quantify the monthly-scale consistency between
the reconstructed GWSA and in-situ observations, we first
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aggregated the monitoring-site records to the aquifer scale
using the median method. The GWSA and aquifer series
were then standardized to remove dimensional differences.
Finally, STL decomposition was applied to separate the orig-
inal series into long-term trend and seasonal components,
and correlation coefficients for the original, trend, and sea-
sonal series, together with the seasonal contribution, were
calculated.

Overall, the mean correlation coefficients across the five
groups were 0.51, 0.55, and 0.39 for the original, trend, and
seasonal series, respectively. This indicates that the recon-
struction reproduces long-term variability slightly better than
monthly and seasonal fluctuations. The highest mean correla-
tions were obtained for major groundwater basins (AQU 13;
0.75, 0.85, and 0.13), followed by aquifers with complex hy-
drogeological structures (AQU 24; 0.41, 0.57, and 0.46). Lo-
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(b) Aquifer 12: Stampriet-Kalahari Basin (N=7849)
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Figure 6. Spatial distribution and interannual variations of GWL and downscaled GWSA for climate-driven/natural-dominated major aquifer
basins. (a) Spatial locations of selected aquifers by AQU category (AQU 12: Stampriet-Kalahari Basin, AQU 11: Cuvelai-Upper Zambezi
Basin, AQU 33: Russian Platform Basins, AQU 22: Arabian Aquifer System, and AQU 24: Ganges-Brahmaputra Basin). (b—f) Temporal
comparisons between in-situ observed GWL (solid colored curves with standard error shading) and machine learning-predicted downscaled
GWSA (gray dashed curves) from 2002 to 2020. To ensure temporal and dimensional consistency, both time series were anchored to a 2004—
2009 baseline, smoothed via a 3-year rolling average to suppress high-frequency noise, and standardized using Z-scores. N represents the
number of valid monitoring wells, and CC denotes the Pearson correlation coefficient between the standardized observations and predictions.

cal and shallow aquifers (AQU 34) showed the lowest corre-
lations for the original and trend series (0.33, 0.27, and 0.61).
These differences indicate that coherent basin-scale storage
variations favor agreement with in-situ observations, whereas
local hydrogeological heterogeneity, strong seasonality, and
anthropogenic perturbations reduce temporal consistency.
Major groundwater basins (AQU 13) include the High
Plains Aquifer (ID 1308) and the North China Plain (ID
1417), with correlation coefficients of (0.67, 0.76, and 0.00)
and (0.82, 0.91, and 0.26), respectively. In the High Plains
Aquifer, the reconstruction captures the transition from early
depletion to later recovery, and its seasonal contribution is
close to that of the in-situ observations (0.27 and 0.23). How-
ever, the near-zero seasonal correlation suggests a phase off-
set or lag in the seasonal cycle. In the North China Plain, the
reconstruction reproduces the persistent groundwater deficit
and shows a similar seasonal contribution to the in-situ obser-
vations (0.22 and 0.26), probably because the large alluvial
plain produces a relatively coherent regional response despite
intensive irrigation and groundwater abstraction. Aquifers
with complex hydrogeological structures (AQU 24) are rep-
resented by the Floridan Aquifer (ID 1669), for which the
correlations are (0.41, 0.57, and 0.46). The reconstructed and
in-situ seasonal contributions are relatively close (0.40 and
0.47), whereas complex carbonate-aquifer architecture and
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spatially variable recharge may weaken the correspondence
between local observations and the regional reconstruction.

Local and shallow aquifers (AQU 34) include the Apen-
nine Peninsula aquifer systems (ID 1193) and the Scandi-
navian Peninsula aquifer systems (ID 426), with correla-
tion coefficients of (0.36, 0.02, and 0.70) and (0.29, 0.51,
and 0.51), respectively. In the Apennine region, the recon-
struction retains substantial seasonal co-variation but fails to
reproduce the long-term trend. This may reflect strong lo-
cal recharge contrasts associated with mountainous terrain,
carbonate and fractured aquifers, together with local pump-
ing effects. In the Scandinavian region, the reconstruction
partly captures the overall trend, but its monthly and sea-
sonal agreement is weaker, probably because of pronounced
snowmelt and freeze—thaw cycles, shallow groundwater re-
sponses, sparse monitoring, and local hydrogeological het-
erogeneity. Thus, the low original-series correlations in both
AQU 34 regions mainly reflect the influence of local pro-
cesses and high-frequency seasonal variability on monthly
matching.

The seasonal-contribution results show that the mean con-
tribution is approximately 0.39 for the reconstruction, lower
than approximately 0.48 for the in-situ observations. In AQU
13, the reconstructed and in-situ seasonal contributions are
relatively close for both the High Plains Aquifer and the
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Figure 7. Spatial distribution and interannual variations of groundwater dynamics for anthropogenic-dominated major aquifer basins.
(a) Spatial locations of selected human-impacted aquifers by AQU category (AQU 14: Northern Great Plains Aquifer, AQU 23: Indus
Basin, AQU 13: Karoo Basin, and AQU 34: North Caucasus Basin). (b—e) Interannual time series of in-situ observed GWL (colored solid
lines with shading representing standard errors) versus machine learning-derived downscaled GWSA (gray dashed lines) for the period 2002—
2020. Both sequences were adjusted to a 2004-2009 baseline, processed with a 3-year rolling average, and plotted in a Z-score standardized
space to facilitate direct comparison of evolutionary rhythms. N indicates the total count of valid monitoring wells, and CC indicates the

corresponding Pearson correlation coefficient for each basin.

North China Plain. The difference is also small in AQU 24.
By contrast, in AQU 34, the in-situ contributions reach 0.74
and 0.72 in the Apennine and Scandinavian regions, respec-
tively, compared with 0.49 and 0.58 for the reconstructions.
The product therefore captures the regional seasonal rhythm
of large basins more effectively but tends to underestimate
seasonal amplitudes in local and shallow aquifers, particu-
larly in high-latitude environments.

https://doi.org/10.5194/essd-18-7593-2026

3.2.3 Regional Literature Benchmarks

Figure 10 and Table 4 compare the unsmoothed regional
series on matched dates. Agreement was strongest in the
NCP (r =0.963; RMSE = 32.0 mm), followed by California
(r =0.789; RMSE =77.3 mm) and northwestern India (r =
0.731; RMSE =66.4 mm). The NCP had the closest total
variability magnitude (SD ratio =0.912), whereas variabil-
ity was attenuated in northwestern India (0.593) and Califor-
nia (0.673). Product and reference seasonal amplitudes were
similar in California (82.0 and 82.7 mm), but the product had

Earth Syst. Sci. Data, 18, 7593-7626, 2026
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Figure 8. Spatial distribution and interannual variations of groundwater anomalies for aquifers under physical limitations or specific climatic-
hydrogeological constraints. (a) Geographic locations of the selected aquifers by AQU category (AQU 15: Cambrian-Ordovician Aquifer and
AQU 25: West Siberian Basin). (b—¢) Comparisons of in-situ observed GWL (colored solid lines with standard error bands) and predicted
downscaled GWSA (gray dashed lines) from 2002 to 2020. The time series reflect Z-score standardized values after applying a 2004—-2009
baseline alignment and a 3-year rolling average. N represents the effective number of observation wells utilized, and CC denotes the Pearson
correlation coefficient between the in-situ records and model estimates.

stronger seasonality in the NCP (23.2 versus 8.9 mm) and
northwestern India (63.9 versus 23.5 mm). Thus, strong cor-
relation did not guarantee agreement in seasonal or total am-
plitude.

The paired-series Sen slopes had the same negative
sign in the three monthly comparisons, but depletion was
weaker in the product: —17.71 versus —20.27 mmyr~! in
the NCP, —22.96 versus —39.47 mm yr_1 in northwestern In-
dia, and —6.96 versus —15.80 mm yr~! in California. Exact-
window OLS comparisons likewise gave —13.74 mmyr~!
for NCP during 2003-2016, versus —16.1mmyr~' re-
ported by Zhang et al. (2023); —24.47 mmyr~! for north-
western India during August 2002-October 2008, ver-
sus —40.0+10.0mmyr~! in Rodell et al. (2009); and
—6.93mmyr~! for California during October 2003—March
2010, versus —20.4+39mmyr~! in Famiglietti et al.
(2011). The full 2003-2021 trend of Liu et al. (2022) was
not treated as an exact-window test because the product ends
in December 2020.

The HPA comparison was less favorable. The annual well-
based composite from Rateb et al. (2020) yielded r =0.526

Earth Syst. Sci. Data, 18, 7593-7626, 2026

and RMSE =48.2mm. The product Sen slope was nearly
neutral (—0.10 mm yr’l; 95 % confidence interval —5.10
to +5.41 mmyr~!), compared with —9.28 mmyr~! in the
reference. More importantly, over the exact March 2003—
February 2013 window of Brefia-Naranjo et al. (2014), the
product OLS trend was 4+4.50 mm yr—!, opposite to the pub-
lished —27.643.3mmyr~!. The reconstruction therefore
did not reproduce the reported HPA-wide depletion during
that interval. These contrasts identify regional limitations in
depletion magnitude and show why literature benchmarking
is informative beyond correlation-only evaluation.

3.3 Spatial Fidelity and Resolution Enhancement of
Downscaled GWSA

To systematically evaluate the capability of the downscaling
framework in representing localized hydrological features,
a detailed comparative analysis was conducted across four
globally representative regions (Fig. 11). Original GRACE
observations, restricted by the truncation of spherical har-
monic coefficients, exhibit significant spatial smoothing and

https://doi.org/10.5194/essd-18-7593-2026
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Figure 9. Spatial distributions and monthly STL decompositions of in-situ groundwater-level observations and reconstructed GWSA across
five representative validation regions. Panel (a) shows the extents of the five validation aquifers and the corresponding in-situ monitoring
sites, including the High Plains Aquifer (AQU 13; ID 1308), the Floridan Aquifer (AQU 24; ID 1669), the Apennine Peninsula aquifer
systems (AQU 34; ID 1193), the Scandinavian Peninsula aquifer systems (AQU 34; ID 426), and the North China Plain (AQU 13; ID 1417).
Panels (b), (c), and (d) show the standardized monthly series, trend components, and seasonal components, respectively. Shaded areas indicate
the 10th-90th percentile ranges, CC denotes the Pearson correlation coefficient between the in-situ observations and the reconstructed results,

and Ceasonality denotes the seasonal contribution.

signal leakage effects. This manifests as coarse macro-
scopic anomalies (Fig. 11, Column a) that obscure fine-scale
groundwater dynamics. In contrast, the 1km downscaled
products provide predictor-informed spatial detail while re-
taining coarse-scale GRACE constraints.

In the Amazon Basin (Area 1), the downscaled fields con-
tain complex dendritic textures that are not resolved in the
coarse GRACE field. These patterns cannot be interpreted
as groundwater-only structures: residual dynamic storage
in rivers, wetlands, and floodplains, together with GRACE
leakage, are plausible contributors. In southern Tibet (Area
2), the finalized XGBoost product (Fig. 11, panel 2c) re-

https://doi.org/10.5194/essd-18-7593-2026

solves predictor-informed textures aligned with canyon to-
pography, whereas the DNN baseline (Fig. 11, panel 2b)
produces broader regional patches. This contrast indicates
model-dependent use of static geophysical covariates rather
than independent kilometre-scale satellite information.

The additional spatial detail is also apparent in regions
associated with intensive water management. In the agri-
cultural zones surrounding New Delhi, India (Area 3), and
the Zhangye agricultural oasis within the hyper-arid Heihe
River Basin (Area 4), the finalized dataset reveals localized
groundwater-storage gradients spatially aligned with agri-
cultural boundaries and managed-land extents. These spa-

Earth Syst. Sci. Data, 18, 7593-7626, 2026
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Figure 10. Regional evaluation of the 1 km GWSA reconstruction against published groundwater-storage estimates. Monthly comparisons
are shown for (a) NCP (Zhang et al., 2023), (b) northwestern India (Rodell et al., 2009), and (c¢) California (Liu et al., 2022); (d) shows the
annual HPA well-based composite digitized from Rateb et al. (2020). Blue denotes this study and orange the reference; small orange markers
retain isolated available samples beside gaps. Black crosses identify reconstructed input months. Each pair is centered over a common
baseline; gaps in published monthly data remain unfilled. Insets report CC, RMSE, and paired-series Sen slopes. The annual HPA series
cannot validate monthly seasonality, and its full-period sign agreement should not obscure the opposite trends in the separate 2003—2013
benchmark.

Table 4. Regional agreement with published groundwater-storage estimates. N is the number of paired observations. Bias and slope differ-
ence are product minus reference; SD ratio is product / reference. Seasonal amplitude is the peak-to-trough amplitude of a detrended annual
harmonic. All metrics use the available paired dates after baseline alignment. The HPA product Sen slope is effectively neutral and its 95 %
confidence interval includes zero (—5.10 to +5.41 mm yr_1 ). Sign agreement over 2003—2017 does not imply agreement with the separate
March 2003—-February 2013 benchmark, for which the product and published OLS trends have opposite signs.

Metric North China Plain ~ Northwestern India  California High Plains Aquifer
Reference Zhang et al. (2023)  Rodell et al. (2009) Liu et al. (2022) Rateb et al. (2020)
Temporal resolution Monthly Monthly Monthly Annual

Temporal coverage 2003-2020 Aug 2002-Oct 2008  Oct 2003-Dec 2020  2003-2017

N 216 73 175 15

CcC 0.963 0.731 0.789 0.526

RMSE (mm) 32.0 66.4 713 48.2

Bias (mm) +10.2 0.0 +48.3 +19.4

SD ratio 0.912 0.593 0.673 0.625

Seasonal amplitude: product / reference (mm) 23.2/8.9 63.9/23.5 82.0/82.7 -

Sen slope: Product / reference (mm yr_l) —17.71 / —=20.27 —22.96 / —39.47 —6.96 / —15.80 —0.10/-9.28
Sen-slope difference (mm yr_l) +2.56 +16.51 +8.84 +9.19

Sen-trend sign agreement Yes Yes Yes Yes

Earth Syst. Sci. Data, 18, 7593-7626, 2026 https://doi.org/10.5194/essd-18-7593-2026
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Figure 11. Spatial enhancement and feature reconstruction of 1km resolution GWSA across four globally representative regions. Columns
present (a) the original 0.25° GRACE observations, alongside downscaled outputs generated by (b) DNN and (¢) XGBoost models at the 1 km
scale. The four selected regions (indicated by red boxes) encompass: (1) the Amazon Basin, associated with natural hydro-climatic variability;
(2) the mountainous region of southern Tibet, characterized by extreme topographical complexity; (3) the agricultural zones surrounding
New Delhi, India; and (4) the Zhangye agricultural oasis within the hyper-arid Heihe River Basin. Original GRACE observations (Column
a) display coarse macroscopic anomalies due to spatial leakage. The XGBoost model (Column c¢) provides predictor-informed fine-scale
textures aligned with canyon micro-topography in southern Tibet (2¢) and localized groundwater-storage gradients spatially associated with
agricultural boundaries in New Delhi (3c¢) and Zhangye (4c). These fine-scale patterns are predictor-informed under coarse-scale GRACE
constraints, and their correspondence with agricultural boundaries is interpreted descriptively.

tial correspondences are descriptive and reflect predictor-
informed heterogeneity under coarse-scale GRACE con-
straints; attribution to groundwater pumping requires inde-
pendent high-resolution observations.

The contrast with the continuous baseline architecture fur-
ther highlights differences in spatial representation in these
intensively managed areas. The DNN baseline tends to pro-
duce spatially smoothed anomaly zones, such as broad de-
pletion cones (Fig. 11, panel 3b), whereas the adopted XG-
Boost architecture preserves sharper nonlinear gradients as-
sociated with local environmental heterogeneity. The inte-
gration of multi-source 1km covariates therefore provides
a predictor-informed reconstruction of spatial heterogeneity
under coarse-scale GRACE constraints.

https://doi.org/10.5194/essd-18-7593-2026

3.4 Gilobal Climatology and Spatiotemporal Variability
Patterns

3.4.1 Baseline Imbalances and Meridional Profiles

The spatial pattern of the global Mean GWSA was recon-
structed at a 1km resolution for the period from 2002 to
2020, along with the corresponding meridional mean pro-
files (Fig. 12). This reconstruction clarifies the baseline state
of mass balance in the global groundwater system during the
study period and offers deeper insights into the current im-
balanced distribution patterns of the terrestrial water cycle on
Earth. From the perspective of the global spatial pattern (Fig.
12b), the TWS exhibits systematic mass imbalances, mani-
fested primarily as a net surplus in tropical and mid-to-high-
latitude humid zones, whereas cumulative depletion occurs
in areas of intensive human intervention and arid regions.
Significant negative anomalies are not randomly dis-
tributed but are highly concentrated in several typical large

Earth Syst. Sci. Data, 18, 7593-7626, 2026
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Figure 12. Spatial pattern and latitudinal profile of global Mean GWSA during the period from 2002 to 2020. (a) Latitudinal mean profile,
presenting area-weighted averages of inland land pixels across diverse latitudes. The black solid line denotes the latitudinal mean, and the
red and blue filled areas signify groundwater depletion and surplus states, respectively. (b) Global 1 km spatial pattern map depicting the
high-resolution mean GWSA distribution reconstructed via downscaling techniques. The color bands exhibit a smooth transition from dark
red (depletion) to dark blue (surplus), and the white areas represent regions in a near-equilibrium state.

alluvial plain aquifers and arid regions globally. These local-
ized depletion centers include the Indus-Ganges Basin, the
North China Plain, the Arabian Peninsula, the Caspian Sea
region, and the High Plains of the United States. In sharp
contrast, significant positive anomalies, functioning as global
groundwater accumulation zones, are stably distributed in
tropical rainforest areas influenced by the Intertropical Con-
vergence Zone (ITCZ) and certain mid-to-high-latitude re-
gions affected by persistent moist air currents.

The meridional mean profile (Fig. 12a) further condenses
the two-dimensional heterogeneity into distinct zonal distri-
bution characteristics along the latitudinal gradient. A core
feature of this profile is the global groundwater depletion
zone situated between 25 and 45° N, with its trough spatially
corresponding to groundwater depletion hotspots located in
regions characterized by intensive human water use on the
map. From the perspective of the dynamic mechanism, this
pattern is spatially associated with the combined influence
of climatic drought stress and intensive human water use.
This latitude belt not only lies within the long-term recharge-
deficient region associated with the descending branch of the
Hadley Cell but also represents the most densely populated
and agriculturally irrigated area globally.

The reduction in the depth of the mean profile indicates
that the groundwater system in this zone has fundamentally
deviated from its climate-driven natural equilibrium state,
leading to persistent mass loss. The profile exhibits stable
positive peaks near the equator, consistent with the high con-
centration of reserves in tropical rainforest regions, while a
pronounced negative shift occurs at extremely high latitudes
(around 80° N). This shift effectively captures land mass loss
signals associated with cryosphere retreat or related dynamic
processes at the polar margins. Ultimately, this spatial dis-
tribution of multi-year averages serves as a physical frame-

Earth Syst. Sci. Data, 18, 7593-7626, 2026

work for understanding the evolution of the global ground-
water system, providing essential contextual support for the
subsequent analysis of dynamic evolution rates.

3.4.2 Seasonal Contributions and Global Hydrological
Rhythms

To further evaluate the influence of cyclic factors on the
dynamics of global groundwater storage, this study quanti-
fied the relative contributions of seasonal and non-seasonal
components using the downscaled monthly GWSA time se-
ries (Fig. 13). In this framework, seasonality is characterized
by the average intra-annual standard deviation for each year
from 2002 to 2020, whereas non-seasonality is measured by
the standard deviation of the annual mean values over the
same 19-year period. The relative seasonal contribution is de-
termined by the ratio of the seasonal component to the sum
of both components, with a threshold of 50 % used to identify
regions predominantly governed by seasonal factors.

The results indicate that global GWSA dynamics generally
exhibit distinct seasonally-regulated characteristics. Based
on equal-area projection statistics, the seasonal contribution
exceeds 50 % across 52.30 % of the global land area. This
suggests that over half of the terrestrial domains are predom-
inantly governed by stable and recurrent intra-annual cycles,
rather than non-seasonal anomalies at interannual scales.
Furthermore, in 26.09 % of the land area, the seasonal contri-
bution is greater than 66 %, meaning the seasonal component
is more than 1.5 times the magnitude of non-seasonal fluctu-
ations, indicating a pronounced dominance of seasonality.

Spatially, regions with high seasonal contributions (60 %
to 90 %) are primarily concentrated in areas with regular
hydrological rhythms, including the Amazon and Congo
Basins, the South and East Asian monsoon regions, northern
Europe to the southern margin of Siberia, and high-latitude

https://doi.org/10.5194/essd-18-7593-2026
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Figure 13. Seasonal contribution to global 1 km GWSA. Color bar shows the contribution of seasonality to GWSA variability during
2002-2020 (%). Blue denotes a higher seasonal contribution, whereas red denotes a lower seasonal contribution. Regions with a seasonal
contribution greater than 50 % were defined as seasonality-dominated areas.

zones in North America. These patterns reflect a robust re-
sponse of groundwater storage to periodic variations in pre-
cipitation, evapotranspiration, surface water-groundwater in-
teractions, and freeze-thaw processes.

In contrast, regions with low seasonal contributions are
predominantly distributed in inland arid zones, such as North
Africa, the Arabian Peninsula, Central Asia, inland Aus-
tralia, and western North America. In these areas, non-
seasonal fluctuations dominate, manifesting primarily as per-
sistent GWSA deficits associated with long-term trends. The
frequent occurrence of extreme heat, compound droughts,
and heatwave events in these regions exacerbates long-term
soil moisture imbalances. These groundwater systems are
heavily associated with persistent drought, intensive overex-
ploitation, and complex topography-climate coupling. Con-
sequently, they have transitioned from structured, seasonal
recharge-depletion cycles to a state dominated by non-
periodic disturbances.

3.5 Spatiotemporal Evolution and Trend Polarization
3.5.1 Spatial Heterogeneity of Global GWSA Trends

As illustrated in Fig. 14, the evolution of global groundwa-
ter storage over the past two decades has exhibited notable
regional clustering characteristics and spatial differentiation
trends. With a spatial resolution of 1km, the downscaled
trend maps reduce the visual effects of spatial smoothing in-
herent in traditional coarse-resolution GRACE observations
and reveal predictor-informed local hydrological gradients
under coarse-scale GRACE constraints.

https://doi.org/10.5194/essd-18-7593-2026

Globally, significant groundwater depletion signals (p <
0.01 and trend rate < —0.10 cm month™!) are mainly mani-
fested in two typical spatial patterns.

The first pattern consists of relatively clustered, patchy,
and linear depletion centers, the spatial distribution of which
shows a high degree of overlap with global high-intensity
agricultural irrigation basins. For example, the 1km dataset
effectively captures steep depletion gradients along specific
pre-mountain alluvial fans or typical farmland boundaries in
regions such as the Central Valley of California, the High
Plains Aquifer (Ogallala), northwestern India, and the North
China Plain of China. This spatial characterization does not
establish accurate basin-wide depletion magnitude: the sep-
arate regional benchmark in Sect. 3.2.3 identifies an HPA-
wide trend mismatch over 2003-2013.

The second pattern involves large-scale, contiguous re-
gional depletion, primarily concentrated in arid and semi-
arid climate zones and major fossil groundwater extraction
areas, such as the Middle East, the Arabian Peninsula, the
hinterland around the Caspian Sea, and the La Plata Plain at
the border of Argentina and Brazil in South America. Most
of the Middle East region is characterized by a tropical desert
climate, while the hinterland around the Caspian Sea is lo-
cated deep within the continent, featuring arid conditions and
intense evaporation, with inherently scarce water resources.
The dense distribution of significant depletion points in these
areas (indicated by black stippling in Fig. 14) indicates that
their groundwater systems remained in a state of sustained
and significant depletion during the study period.

Spatially corresponding to the aforementioned deficit pat-
terns, significant groundwater accumulation regions world-

Earth Syst. Sci. Data, 18, 7593-7626, 2026
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Figure 14. Long-term evolutionary trends and significant spatial distributions of global 1km resolution GWSA. The color scale of the
base map denotes the long-term change rate of GWSA (unit: cm month—1) calculated on a pixel-by-pixel basis using the Theil-Sen median
method. The red color series indicates continuous groundwater depletion, whereas the blue color series represents cumulative groundwater
accumulation. Areas covered by dense black stippling points signify that the evolutionary trend of the pixel has passed the non-parametric
MK significance test (p < 0.01). Light gray regions correspond to oceans, polar permafrost areas, or extremely arid deserts where valid data

are lacking.

wide (p < 0.01 with trend rates > 0.10cm month™!) pre-
dominantly display diffuse spatial distribution characteristics
in accordance with major surface water systems and natu-
ral topography. In equatorial and tropical monsoon climate
zones, including the transverse extension areas of Africa’s
Sahel region, the Victoria Lake Basin, and the core Ama-
zon Basin, the GWSA demonstrates extensive and spatially
continuous significant surplus. Additionally, high-latitude re-
gions in North America, such as northern Canada with a po-
lar long-winter climate, and localized areas in northern Eura-
sia, such as the southeastern Siberian Plain in Russia where
permafrost is prevalent, show groundwater accumulation sig-
nals in trend maps. These signals potentially reflect deep wa-
ter infiltration associated with accelerated hydrological cy-
cles or cryosphere degradation at high latitudes. These sur-
plus zones, dominated by large-scale climatic or natural hy-
drological processes, exhibit relatively smooth spatial transi-
tions at 1 km scales, forming distinct morphological contrasts
with the sharper deficit boundaries spatially coincident with
intensively managed agricultural regions.

3.5.2 Statistical Classification and Graded Evaluation of
Groundwater Evolution

To summarize the magnitude and statistical persistence of
global groundwater trends, Theil-Sen trend rates were com-
bined with MK significance thresholds to define seven de-
scriptive classes (Fig. 15). This classification identifies the
direction, rate, and significance category of each mapped
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trend; it does not by itself diagnose the external forcing re-
sponsible for that trend.

Pixel-level statistical results indicate that groundwater re-
serves in most global regions have significantly deviated
from long-term dynamic equilibrium states from 2002 to
2020. Data reveal that approximately 38.84 % of the effec-
tive land area is experiencing significant or extremely signif-
icant groundwater depletion (p < 0.05 or p < 0.01), whereas
about 49.16 % of regions show significant or extremely sig-
nificant recharge. In contrast, only 12.00 % of land areas
maintained a relatively stable dynamic equilibrium with non-
significant trends during the study period.

The MK-based classification indicates that statistically
significant positive and negative trends occupy large frac-
tions of the mapped land area (Fig. 15). Among areas classi-
fied as depleted, 37.13 % of the total effective land area falls
in the p < 0.01 category and 1.70 % in the p < 0.05 cate-
gory; the corresponding accumulation fractions are 47.01 %
and 2.15 %. These proportions describe the adopted signifi-
cance classes and should not be interpreted as proof of abrupt
physical thresholds or a unique forcing mechanism.

The mapped contrast between non-significant and highly
significant classes may reflect a combination of persistent
regional trends, the discrete MK thresholds used for classi-
fication, predictor-informed spatial structure, and residual-
correction effects. Accordingly, sharp class boundaries in the
1 km product are treated as statistical features requiring inde-
pendent verification, not as direct evidence of abrupt aquifer
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Figure 15. Spatial classification and area proportions of global 1 km GWSA trends. The map integrates Theil-Sen trend direction with

MK significance classes for 2002-2020. Dark red and dark blue denote

significant decrease and increase at p < 0.01; lighter colors denote

p < 0.05 classes, and the neutral class denotes non-significant trends. The lower bar chart reports the area proportion of each class. The
prevalence of the p < 0.01 classes describes statistical persistence under the adopted classification and does not by itself establish abrupt

physical thresholds or causal attribution.

boundaries, structural overextraction, or any single causal
process.

3.6 Residual Signals Not Explained by the
GHM-simulated Background

Regional depletion and accumulation hotspots show sub-
stantial spatial heterogeneity. To describe departures from
a GHM-simulated background, this study uses a resid-
ual diagnostic framework that compares high-resolution re-
constructed sequences (with missing values filled through
SSA) with GHM simulation benchmarks. The 0.5° GHM-
simulated background signals are bilinearly interpolated to
1 km for spatial matching with the downscaled GWSA before
subtraction. The resulting residuals are not direct estimates of
pumping or anthropogenic extraction; they are depletion sig-
nals not explained by the GHM-simulated background and
may reflect a combination of human influences, GHM struc-
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tural error, GRACE-derived GWSA separation uncertainty,
and downscaling uncertainty.

Among the global deficit hotspots identified above, resid-
ual sequences after STL decomposition to remove periodic
components exhibit marked spatial heterogeneity (Fig. 16).
In intensively irrigated regions, including the Indus Basin
(AQU 23) and the North China Plain, residual trend maps
show localized negative patches. Their spatial association
with irrigation boundaries or managed-land extents is con-
sistent with, but does not establish, an influence of inten-
sive groundwater use. Conversely, residual values approach-
ing zero in areas such as the core Amazon Basin indicate
closer agreement between the downscaled product and the
modeled background. Significance at p < 0.01 characterizes
the residual trend, not the cause of that trend.

This residual diagnostic also illustrates limitations in com-
paring a predictor-informed downscaled product with coarse
GHM simulations. In the Arab Aquifer (AQU 22), negative
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attribution.

deviations between reconstructed trends and modeled trajec-
tories may be potentially influenced by groundwater use, but
they can also incorporate errors in GHM forcing, process
parameterization, and representation of withdrawals, as well
as uncertainty in separating GRACE-derived GWSA compo-
nents and in the downscaling procedure. Maintaining a 1 km
grid after interpolation does not create independent 1 km ob-
servations from either GRACE or the GHM. Accordingly,
residual patterns are best treated as locations for hypothesis
generation and follow-up with independent high-resolution
observations, rather than as causal attribution or quantifica-
tion of pumping.

4 Discussion

4.1 Comparison with Existing Macro-scale Groundwater
Datasets

This dataset serves as a macro-scale alternative for regions
where computationally intensive three-dimensional numer-
ical models, such as MODFLOW, are unfeasible. High-
fidelity regional models require dense borehole data and pre-
cise aquifer geometry, which are often unavailable in Africa
and Central Asia. Although our data-driven framework does
not explicitly simulate vertical flow fields, the spatially inde-
pendent in-situ evaluation provides observation-constrained
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evidence of long-term grid-scale agreement in held-out areas.
The product can therefore serve as a useful prior hydrological
proxy for ungauged basins and support future development
of regional groundwater digital twins.

To objectively evaluate the scientific positioning of the
1 km global GWSA dataset, it is essential to systematically
compare it with existing mainstream monitoring products.
Native GRACE satellite observations are fundamentally con-
strained by their coarse spatial resolution, which frequently
precludes the capture of fine-scale groundwater dynamics
and restricts their utility in sub-basin scale management. In
contrast, the 1km dataset presented in this study functions
as a high-fidelity bridge across this cross-scale observation
gap, providing a refined spatial benchmark that is difficult to
achieve through macro-scale gravity inversion alone.

Compared with traditional GHMs, such as GLDAS, PCR-
GLOBWRB, and WaterGAP, this dataset provides additional
predictor-informed spatial detail for examining localized
groundwater-storage gradients. Although the latest genera-
tion of GHMs exhibits high physical rigor in simulating nat-
ural climatic cycles under natural forcings (Scanlon et al.,
2018; Miiller Schmied et al., 2021), their coarse grids and
differing representations of groundwater withdrawals can
yield departures from the downscaled product in intensive
agricultural regions. As shown in Sect. 3.6, residual deple-
tion signals in the Indus Basin and the North China Plain
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are not explained by the GHM-simulated background, but
they are not quantification of unsustainable extraction. These
differences can guide targeted evaluation where independent
high-resolution hydrological and pumping observations are
available.

Furthermore, our framework provides a distinct method-
ological alternative to previous statistical downscaling ef-
forts. Most existing statistical downscaling studies have fo-
cused on individual regions, including California’s Cen-
tral Valley and the North China Plain (Miro and Famigli-
etti, 2018; Yin et al., 2018). The current 1km global re-
construction leverages the XGBoost architecture and high-
resolution auxiliary environmental covariates to represent
localized spatial heterogeneity under coarse-scale GRACE
constraints. This approach can reveal predictor-informed
hydro-geomorphological textures, such as canyon-aligned
patterns in southern Tibet, and groundwater-storage gradi-
ents spatially associated with managed agricultural areas.
Such information provides a useful basis for spatial screening
of hydrogeological heterogeneity and managed-land associ-
ations.

4.2 Mechanistic Differences Between Deep Learning
and Tree-Based Models in Downscaling

Identifying the distinct physical representation disparities
among underlying algorithms under extreme hydrological
forcing conditions is critical for understanding the applica-
bility and limitations of the 1km dataset presented in this
study. Although the cross-validation results (Sect. 3.1) indi-
cate that both DNN and XGBoost achieve high prediction
accuracies globally, their mathematical architectures reveal
systematic physical representation discrepancies when pro-
cessing highly nonlinear hydrological forcing and complex
spatial heterogeneity.

In terms of spatial texture representation, XGBoost pre-
serves relatively detailed predictor-defined heterogeneity
while maintaining coherent transitions at broader scales
(Sect. 3.3; Fig. 11). This behavior follows from recursive
partitioning and additive gradient boosting, with tree depth,
child-weight constraints, learning rate, and column or row
subsampling controlling how interactions among terrain,
soil, and hydroclimatic predictors are represented (Chen and
Guestrin, 2016). The resulting fine-scale textures remain
model outputs constrained by the predictor database and
should not be interpreted as direct observations of local cap-
illary processes or aquifer boundaries.

In contrast, the DNN generally produces smoother,
broader regional anomaly fields, with sharper transitions ap-
pearing only in some high-contrast zones (Fig. 11). Its hi-
erarchical continuous mapping tends to prioritize dominant
high-variance relationships, while weaker local terrain or soil
contrasts may be attenuated through regularization and opti-
mization. This interpretation is descriptive of the observed
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model outputs and does not imply that one architecture is
universally more physically realistic.

In intensively managed regions such as New Delhi, the two
architectures generate different spatial textures: DNN em-
phasizes broad depletion patches, whereas XGBoost retains
finer predictor-defined gradients. Apparent edges or patches
in either result can arise from model structure and predic-
tor contrasts; their spatial association with managed land is
therefore used for hypothesis generation rather than as proof
of pumping.

The two architectures also differ mathematically outside
the range represented in the training targets. Tree ensem-
bles typically cannot extrapolate beyond the range of their
terminal-node responses, whereas continuous neural net-
works can in principle produce values outside the observed
target range (Hastie et al., 2009). However, the present study
did not perform a temporally blocked extrapolation experi-
ment. Consequently, no empirical claim is made that DNN
provides superior prediction of future droughts or that XG-
Boost quantifies post-2020 extremes; both products are eval-
uated as retrospective reconstructions over 2002-2020.

A systematic elucidation of these complementary mech-
anisms can not only clarify the logical basis of the dataset
selection strategy adopted in this study, but also provide cru-
cial theoretical references for the construction of hybrid in-
tegration frameworks with strengthened physical constraints
in future Earth system science research (Karniadakis et al.,
2021). The high-resolution dataset constructed based on the
XGBoost algorithm exhibits improved capability in charac-
terizing complex topographic features and localized ground-
water storage gradients, which renders it applicable to spatial
screening and water resource management practices on the
premise that the coarse-scale GRACE constraint and attribu-
tion limitations of the dataset are explicitly acknowledged.

4.3 Sources of Uncertainty in Downscaling Models and
Future Research Perspectives

The global in-situ validation reveals multiple uncertainty
sources associated with discrepancies in observation scales,
subsurface hydrogeological characteristics, and monitor-
ing network densities. Groundwater monitoring wells pro-
vide point-scale measurements of hydraulic-head variations,
while GRACE-derived GWSA characterizes vertically in-
tegrated water mass variations over a substantially larger
spatial support. Such scale mismatch is particularly pro-
nounced in deep confined aquifer systems, where varia-
tions in hydraulic head do not necessarily correspond pro-
portionally to variations in total-column groundwater stor-
age. Additionally, sparse monitoring networks further re-
duce the representativeness of regional comparative analy-
ses, which is especially prominent in high-latitude regions
and aquifer systems with inadequate data availability. There-
fore, the in-situ validation implemented in this study mainly
provides effective evaluation for long-term grid-scale corre-
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lation, magnitude consistency and trend direction, rather than
verifying strict point-to-grid equivalence. The above limita-
tions are clearly manifested in typical aquifer systems: for
the Cambrian-Ordovician Aquifer, confined hydrogeological
conditions complicate the quantitative relationship between
hydraulic head and storage variation; for the West Siberian
Basin, the limited number of available monitoring wells con-
strains the statistical representativeness of validation results.

A second source of uncertainty arises from the conver-
sion of groundwater-level trends to equivalent-water-height
storage trends through the scale-dependent effective specific
yield, Syefr. In this study, Syefr is used as an observation-
constrained level-to-storage conversion coefficient that ac-
counts for the dimensional difference between point-scale
groundwater-level observations and grid-scale GWSA es-
timates. Its uncertainty therefore propagates primarily into
the magnitude of the converted in-situ storage trends. The
sensitivity experiments provide a quantitative assessment of
this effect. For XGBoost, perturbing Syefr by up to 430 %
changed R? from the baseline value of 0.538 to 0.477-0.520
under the perturbed scenarios, while CC remained within
0.691-0.721 and trend-sign consistency within 0.696-0.743.
Bias remained comparatively stable at 0.104-0.107 cmyr—',
whereas the fitted regression slope varied more substantially
from 0.379 to 0.593. DNN showed a similar response. These
results indicate that uncertainty in Syt influences amplitude
scaling more strongly than the overall association structure or
trend-direction agreement. The independently standardized
GWL and GWSA comparisons provide a complementary as-
sessment of interannual variability and long-term temporal
co-variation without requiring level-to-storage conversion.

Uncertainty originates from both groundwater-component
separation and statistical downscaling. The 1 km product in-
herits errors related to GRACE leakage, component subtrac-
tion, SSA reconstruction, and coarse observational support,
while its fine-scale variability is supplied by the environ-
mental predictors. The kilometre-scale patterns are therefore
observation-constrained, predictor-informed reconstructions
rather than independent satellite observations. Model archi-
tecture adds further structural uncertainty because XGBoost
and DNN produce different spatial textures and responses. In
addition, the random 70 %/30 % development split does not
remove spatial or temporal autocorrelation and may yield op-
timistic within-distribution performance estimates. This ran-
dom split was used for internal model development and does
not constitute a spatially or temporally independent gener-
alization test because adjacent spatial and temporal samples
may occur in both subsets. Spatial generalization is assessed
separately through the blocked in-situ evaluation, but tempo-
ral extrapolation was not tested with a chronological holdout;
the dataset should therefore not be interpreted as a forecast-
ing product.

The regional literature benchmarks add a further limitation
(Sect. 3.2.3): temporal agreement is not uniform, and deple-
tion magnitude is attenuated in northwestern India and Cal-
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ifornia. The HPA is a clearer counterexample, with a trend-
sign mismatch during the published 2003-2013 window. Op-
posing behavior in the Northern and Central-Southern HPA
can produce spatial cancellation (Rateb et al., 2020), but this
does not by itself explain away the discrepancy with Brefia-
Naranjo et al. (2014). Shared GRACE inputs also mean that
high regional correlation is not independent evidence at 1 km.
Consequently, the dataset is suitable for regional screen-
ing and comparative analysis under the stated constraints,
while quantitative depletion estimates in heterogeneous, in-
tensively managed aquifers require corroboration with re-
gional observations.

Comparisons with global hydrological models (GHMs)
introduce an additional structural uncertainty component.
The residuals between the downscaled groundwater stor-
age anomaly (GWSA) and the background signals simulated
by GHMs integrate discrepancies originating from multiple
sources, including the forcing of GHMs, parameterization of
recharge and evapotranspiration, characterization of ground-
water processes, component separation based on GRACE ob-
servations, and the statistical downscaling procedure itself.
Therefore, these residuals are most appropriately interpreted
as groundwater storage variations that cannot be explained
by the background simulated by GHMs. In regions with inde-
pendently recorded intensive groundwater exploitation, sus-
tained negative residuals provide robust evidence for iden-
tifying areas where anthropogenic disturbances may con-
tribute to observed groundwater depletion, while spatially
consistent residuals in other regions may reflect differences
in model structure or unrepresented hydrological processes.
This interpretation enables the residual analysis framework
to possess practical application value for spatial screening
and hypothesis generation, particularly when integrated with
independent datasets of irrigation, groundwater abstraction,
land use, or regional hydrogeology.

Accordingly, future research improvements should focus
on reducing uncertainty at both the observational and mod-
eling levels. The construction of higher-density, temporally
consistent groundwater monitoring networks will facilitate
more effective independent evaluation in currently under-
sampled regions, while higher-resolution hydrogeological
data can better constrain the conversion relationship between
groundwater level and storage. Additional observations of
surface water storage, groundwater abstraction, recharge, and
aquifer properties will further enhance the physically-based
interpretation of the reconstructed signals. In terms of mod-
eling, spatially explicit physical constraints, multi-model en-
semble frameworks, and hybrid approaches that integrate sci-
entific knowledge and process-based models with machine
learning (Willard et al., 2022) can improve extrapolation
performance under extreme hydrological conditions and re-
duce dependence on individual predictor sets or model struc-
tures. These advances will facilitate the transformation of the
current observation-constrained 1 km resolution reconstruc-
tion from a high-resolution groundwater monitoring resource
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into an increasingly physically constrained framework for re-
gional water resource assessment and groundwater system
analysis.

5 Data availability

The datasets used to develop the High-resolution Global
GWSA Dataset are publicly available and are described in
detail in the Data Sources section. The monthly downscaled
GWSA data and trend products can be previewed through
the Google Earth Engine application (https://yifeifan.
projects.earthengine.app/view/high-resolution-gwsa,  last
access: 15 October 2026). In addition, we provide the
original high-precision dataset in multiband Tagged Image
File Format (TIFF) files, covering the period from April
2002 to December 2020. The dataset is openly available
at https://doi.org/10.12072/ncdc.hydrology.db7323.2026
(Fan et al., 2026). Public regional reference data used in
the additional benchmarking are available from Figshare
(https://doi.org/10.6084/m9.figshare.22819976, Zhang,
2023) and Zenodo (https://doi.org/10.5281/zenodo.7392554,
Liu, 2022); the remaining reference curves were digitized
from Rodell et al. (2009) and Rateb et al. (2020).

6 Conclusion

This study presents a global 1 km monthly GWSA dataset
covering April 2002-December 2020. The dataset was gen-
erated using SSA for temporal gap filling, 19 high-resolution
environmental predictors, and aquifer-stratified machine-
learning downscaling. XGBoost was selected as the produc-
tion model after comparison with DNN using internal evalu-
ation, cross-scale consistency, and independent groundwater
observations.

The downscaled product retained the large-scale infor-
mation of the original GRACE-derived GWSA. After ag-
gregation to the original resolution, the global comparison
yielded R*=0.972 and RMSE =2.10 cm. The spatially in-
dependent in-situ evaluation used Syefr estimated only from
calibration blocks and transferred to held-out blocks before
comparison at a common 0.25° grid. For XGBoost, the held-
out evaluation yielded (R2 =0.538, RMSE =0.378 cm yr‘l,
and Bias=0.106 cm yr~!). Sensitivity experiments showed
that uncertainty in Syefr affected amplitude-related metrics
more strongly than correlation and trend-sign agreement.
Standardized and monthly time-series comparisons further
showed that the product generally reproduced long-term
groundwater variability better than seasonal variability.

Regional comparisons with published groundwater-
storage estimates provided additional information on product
performance. Agreement was strongest in the North China
Plain, whereas depletion magnitudes were weaker than pub-
lished estimates in northwestern India and California. In the
High Plains Aquifer, the reconstructed trend during 2003—
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2013 had the opposite sign to the published estimate. These
comparisons show that temporal correlation alone is not suf-
ficient to evaluate agreement in storage magnitude and long-
term trend. Experiments using CSR, JPL, HO8, and Water-
GAP also showed that reconstruction performance and pre-
dictor importance depend on the target product used for
downscaling.

The 1km dataset provides finer spatial information than
the original GRACE-scale GWSA, but the kilometre-scale
patterns are inferred from environmental predictors under
coarse-scale GRACE constraints. They should therefore not
be interpreted as direct observations of local groundwa-
ter pumping or as evidence of a single causal process.
Residual differences from global hydrological models can
be used to identify areas where groundwater changes are
not explained by the GHM-simulated background, but lo-
cal attribution requires additional observations of ground-
water level, groundwater abstraction, recharge, and aquifer
properties. Within these limitations, the dataset can support
regional groundwater-change analysis, hydrological-model
evaluation, and studies of groundwater responses to climatic
and human influences.
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