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Abstract: The Gravity Recovery and Climate Experiment (GRACE) and its successor GRACE 
Follow-On (GRACE-FO) have revolutionized large-scale hydrological monitoring by 
providing monthly estimates of Terrestrial Water Storage Anomalies (TWSA) at near-global 
coverage. However, two fundamental constraints limit their operational utility: (i) temporal 
discontinuities arising from instrument gaps, orbital maneuvers, and the 11-month inter-
mission hiatus (July 2017–May 2018); and (ii) the challenge of forecasting future storage states 
to support drought early warning and sustainable groundwater management. Both constraints 
are particularly acute in arid and semi-arid regions (ASARs), where the combination of high 
hydroclimatic variability, sparse in-situ monitoring networks, and critical groundwater 
dependence demands both continuous and predictive satellite gravimetry products. This paper 

presents a comprehensive review of peer-reviewed studies published between 2010 and 2026, 
synthesizing methods for GRACE gap-filling and TWSA/Groundwater Storage Anomaly 
(GWSA) forecasting, with a dedicated focus on ASAR applications and challenges. Gap-filling 
approaches are classified into three categories: statistical/empirical, data assimilation, and 
machine learning (ML). Forecasting methods span process-based, statistical, and deep-
learning frameworks. The review reveals a strong trend toward hybrid physics-ML models for 
both tasks, driven by their ability to integrate physical constraints with the flexible, data-driven 
representation of complex hydroclimatic processes. Critical research gaps are identified, 

including the scarcity of ASAR-validated gap-filling benchmarks, the limited lead times 
achievable in deep learning forecasting applications, and the persistent challenge of isolating 
anthropogenic groundwater depletion from climatically driven TWSA variability. Future 
research directions emphasizing probabilistic forecasting, multi-source data fusion, and 
regionally tailored model calibration are proposed. 

 

Key Words: GRACE; GRACE-FO; Terrestrial Water Storage Anomalies; gap-filling; 
groundwater storage forecasting; machine learning; deep learning; arid region. 
 

 

I.INTRODUCTION 

Groundwater constitutes the dominant freshwater resource across most of the world's arid and semi-arid regions, 

sustaining agriculture, domestic supply, and ecosystem function in environments where surface water is episodic, unreliable, 

or fully allocated [1,2]. The accelerating depletion of major aquifer systems — from the Arabian Platform aquifer to the 

Nubian Sandstone Aquifer System and the Northwest Sahara Aquifer System — has been characterized as one of the defining 

water security challenges of the 21st century [3,4]. Yet, in precisely the regions where groundwater monitoring is most 

urgently needed, conventional piezometric networks remain sparse, politically fragmented, and often unavailable for regional 
scientific synthesis. 

Against this backdrop, the twin satellite missions of the Gravity Recovery and Climate Experiment (GRACE, 2002–

2017) and GRACE Follow-On (GRACE-FO, 2018–present) have emerged as transformative monitoring tools [5,6]. By 

tracking month-to-month variations in Earth's gravity field with unprecedented precision, these missions provide direct, 

vertically integrated observations of total water storage changes — encompassing groundwater, soil moisture, snow water 

equivalent, and surface water — at spatial scales of approximately 300 km and a monthly temporal resolution [7,8]. When 

combined with outputs from global hydrological models that account for near-surface storage components, GRACE-derived 

TWSA can be disaggregated to yield Groundwater Storage Anomaly (GWSA) estimates, providing a spaceborne proxy for 

aquifer dynamics across scales and environments where no other measurement technology is feasible [9,10]. 

Despite these advances, the scientific utility and operational applicability of GRACE/GRACE-FO data are 
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constrained by two fundamental limitations. First, the raw GRACE time series contains significant temporal discontinuities 

— single-month gaps caused by battery management and orbital maneuvers interspersed throughout the record, and a critical 

11-month inter-mission gap from July 2017 to May 2018 between the end of GRACE and the commencement of GRACE-

FO [11,12]. These gaps can introduce substantial biases in trend analyses, seasonal decomposition, and long-term water 

balance assessments, particularly in regions where the missing months coincide with peak recharge events or drought onset. 

Second, GRACE delivers observations of the past and present rather than predictions of the future. For the technology to 

inform drought early warning systems, reservoir operations, or groundwater extraction governance, its observational 
capability must be extended into probabilistic forecasting frameworks that project future TWSA and GWSA states[13]. 

Both challenges intersect with unique severity in arid and semi-arid regions (ASARs). In these environments, the 

high coefficient of variation of annual precipitation translates directly into large inter-annual swings in TWSA that are poorly 

constrained by the sparse auxiliary datasets used in gap-filling and model-based GWSA isolation procedures [14,15]. Model 

calibration is impeded by the absence of reliable in-situ groundwater level data, while the dominance of non-renewable fossil 

aquifer depletion creates trend signals that may confound seasonal reconstruction approaches. Furthermore, the 

socioeconomic and political context of many ASAR jurisdictions creates additional barriers to scientific data access, further 

compounding the validation challenge [16,17]. 

Numerous individual studies have addressed gap-filling [12,18–21], TWSA forecasting [13,22,23], and ASAR 

groundwater monitoring [16,17,24,25] in isolation. However, a comprehensive synthesis that integrates all three themes — 

critically evaluating gap-filling methods, forecasting approaches, and their applicability to ASAR contexts within a single 

unified framework — is currently absent from the literature. This gap constitutes the primary motivation for the present 
review. 

The objectives of this review are: (1) to identify, classify, and critically evaluate the methods used for temporal gap-

filling in GRACE/GRACE-FO TWSA time series; (2) to synthesize the state of the art in TWSA and GWSA forecasting 

using GRACE-derived inputs; (3) to characterize the specific challenges and opportunities that ASARs present for both tasks; 

and (4) to identify priority research gaps and propose concrete future directions. 

 

II. METHODOLOGY 

Literature Search Strategy 

A structured literature search was conducted across three major academic databases: Web of Science (Core 

Collection), Scopus, and Google Scholar. The search was executed in March 2026 and encompassed publications from 

January 2010 to 2026, with the inclusion of select seminal works published prior to 2010 where methodologically 
foundational. The primary search string was constructed as follows: 

("GRACE" OR "GRACE-FO" OR "satellite gravimetry") AND ("gap-filling" OR "data reconstruction" OR "time 

series interpolation" OR "inter-mission gap") AND ("terrestrial water storage" OR "groundwater storage" OR "TWSA" OR 

"GWSA") 

 

A complementary search targeted the forecasting literature: 

("GRACE" OR "GRACE-FO") AND ("forecasting" OR "prediction" OR "deep learning" OR "machine learning" 

OR "LSTM" OR "neural network") AND ("groundwater" OR "water storage" OR "TWSA" OR "GWSA") 

 

Inclusion and Exclusion Criteria 

Records were screened at the title and abstract level, with uncertain cases resolved by full-text assessment. Inclusion 

criteria required that studies: (i) used GRACE or GRACE-FO Level-2 or Level-3 products as primary observational input; 
(ii) explicitly addressed gap-filling, temporal reconstruction, forecasting, or prediction of TWSA or GWSA; (iii) were 

published in peer-reviewed journals indexed in Web of Science or Scopus; and (iv) reported quantitative performance metrics 

sufficient to enable cross-study comparison. Studies were excluded if they focused exclusively on post-processing (e.g., 

leakage correction, glacial isostatic adjustment) without addressing the gap-filling or forecasting problem, or if they applied 

GRACE data solely as a validation dataset for independent hydrological models. 

 

III.RESULTS: SYNTHESIS OF GAP-FILLING METHODS 

Landscape of the GRACE Temporal Gap Problem 

The GRACE mission (2002–2017) accumulated approximately 163 monthly gravity solutions over its operational 

lifetime, punctuated by 24 single-month gaps and multi-month interruptions in 2011 and 2015 [26] (Figure no 1). The 

termination of GRACE in June 2017 and the delayed commissioning of GRACE-FO in June 2018 introduced the most 
scientifically significant discontinuity: the 11-month inter-mission gap, which coincides with an active phase of the El Niño–

Southern Oscillation (ENSO) cycle and encompasses peak storage depletion in multiple arid aquifer systems. The continuity 

of GRACE-FO since May 2018 has not eliminated the gap problem; instrument anomalies and accelerometer malfunctions 

have already produced additional missing months in the GRACE-FO record. The cumulative effect is a 22-year observational 

series characterized by structural incompleteness that requires explicit methodological treatment before any trend or 

seasonality analysis can be undertaken [11,20]. 

Three broad methodological families have emerged to address GRACE temporal gaps, distinguished by their 
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reliance on statistical self-consistency of the TWSA record, the integration of external model or observational data, and the 

application of machine learning architectures. Table 1 provides a structured comparison of these approaches, their key 

assumptions, demonstrated advantages, limitations, and assessed suitability for ASAR applications. 

 

 
Figure no 1: The chart displays time information for the monthly GRACE products in blue-green and GRACE-FO products in mustard 
yellow. The vertical placement of the symbols corresponds to the midpoint of each time span. Any gaps in the GRACE data are marked 

as NA in gray. 
 

Method 

Category 

Subcategory / 

Technique 

Key Assumptions Advantages Limitations Arid Region 

Suitability 

Statistical / 

Empirical 

Regression-

based (OLS, 

Ridge, LASSO) 

Linear/nonlinear 

relationships 

between TWSA and 

auxiliary data 

(precipitation, 

temperature, NDVI) 

Simple, 

interpretable, 

low data 

requirements 

Poor at capturing 

nonlinear dynamics; 

fails during 

prolonged gap 

periods 

Moderate – performs 

adequately if auxiliary 

data are available 

Statistical / 

Empirical 

EOF/PCA 

reconstruction 

Dominant spatial 

modes are stable 

and recoverable 

from surrounding 
observations 

Retains spatial 

coherence; 

computationally 

efficient 

Assumes 

stationarity; 

underperforms in 

arid regions with 
high inter-annual 

variability 

Low – non-stationary 

hydroclimatic signals 

in deserts violate 

assumptions 

Statistical / 

Empirical 

ARIMA / 

SARIMA 

Temporal 

stationarity; 

seasonality is 

regular and well-

defined 

Robust short-gap 

interpolation; 

well-established 

theory 

Cannot incorporate 

external predictors; 

requires long pre-

gap record 

Low to Moderate – 

irregular seasonality in 

arid regions is 

problematic 

Data 

Assimilation 

Land surface 

model (CLM, 

NOAH-MP, 

VIC) driven 

gap-fill 

Model physics 

adequately 

represent storage 

dynamics during the 

gap 

Physically 

consistent; 

leverages global 

meteorological 

forcings 

Model structural 

uncertainty; 

calibration required; 

biases in arid soils 

Moderate – requires 

careful calibration; 

sparse in-situ data 

impede validation 

Data 

Assimilation 

Ensemble 

Kalman Filter 
(EnKF) / 

Particle Filter 

Gaussian error 

distributions; 
model-observation 

covariance structure 

is known 

Probabilistic; 

handles 
uncertainty 

explicitly; 

adaptive 

Computationally 

expensive; ensemble 
collapse in sparse 

data environments 

Moderate to High – 

uncertainty estimation 
valuable in data-scarce 

regions 

Machine 

Learning 

Random Forest 

(RF) / Gradient 

Boosting 

Sufficient labeled 

training data; 

predictors are 

Handles 

nonlinearity; 

robust to 

Black-box; may 

overfit short records; 

no extrapolation 

High – captures 

complex nonlinear 

hydroclimatic 
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Method 

Category 

Subcategory / 

Technique 

Key Assumptions Advantages Limitations Arid Region 

Suitability 

(XGBoost) informative proxies outliers; feature 

importance 

metrics 

guarantee interactions 

Machine 

Learning 

Long Short-

Term Memory 

(LSTM) / GRU 

Sequential 

dependencies are 

learnable from 

historical time 

series 

Captures long-

range temporal 

dependencies; 

handles 

multivariate 
input 

Data-hungry; 

computationally 

intensive; limited 

interpretability 

High – excellent for 

multi-step gap-filling 

when >10 years of pre-

gap data exist 

Machine 

Learning 

Convolutional 

Neural Network 

(CNN) / CNN-

LSTM Hybrid 

Spatial patterns in 

predictor fields are 

informative of 

TWSA changes 

Exploits spatial-

temporal 

structure 

simultaneously 

Requires gridded 

inputs; complex 

architecture 

selection 

Moderate to High – 

promising for basin-

scale reconstructions 

Hybrid / 

Multi-

source 

GRACE + 

GRACE-FO 

cross-

calibration with 

auxiliary 

datasets 

(GLDAS, 

WGHM, 

MOSPA) 

Inter-satellite biases 

are stationary and 

correctable 

Bridges 11-

month data gap 

(2017–2018) 

directly; multi-

model ensemble 

reduces bias 

Scaling factor 

uncertainty; model 

ensemble spread in 

arid basins 

High – specifically 

designed to address the 

inter-mission gap 

Table no 1: Summary comparison of GRACE/GRACE-FO gap-filling methods, their key assumptions, advantages, limitations, and 
assessed suitability for application in arid and semi-arid regions. Arid suitability is assessed qualitatively based on the evidence 

synthesized in this review 
 

Statistical and Empirical Gap-Filling 

Statistical and empirical gap‑filling methods rely on the internal structure of the TWSA time series or on empirical 

relationships with climatic variables, requiring no external physically based models. Recent advances have substantially 

improved their performance and applicability. 

Singular Spectrum Analysis (SSA) has emerged as a widely used data‑adaptive technique for GRACE gap‑filling. 

SSA decomposes a time series into trends, oscillatory modes, and noise without prior assumptions about the signal structure. 
Karimi et al .(2023) [27] compared multiple SSA algorithms with least‑squares harmonic estimation (LS‑HE) across six 

hydrological basins and found that LS‑HE outperformed SSA in half of the basins, while SSA performed better in the other 

half, demonstrating that performance depends on basin‑specific hydrological signal characteristics. Lecomte et al. (2024) 

[28] conducted a systematic benchmark of interpolation techniques and reported that auto‑regressive interpolation delivered 

the best overall performance, while harmonic fitting with constant, trend, and annual/semi‑annual cycles offered a simple 

and effective alternative. 

Empirical Orthogonal Function (EOF) and PCA methods reconstruct gaps by projecting surrounding observations 

onto dominant spatial modes [29]. However, these methods assume stationary spatial patterns and may struggle to distinguish 

anthropogenic signals from climate-driven variability in regions where human activities such as groundwater abstraction or 

land use change dominate storage trends [30]. 

Regression‑based methods use climatic predictors such as precipitation, temperature, and NDVI. The GRACE‑REC 
dataset by Humphrey and Gudmundsson (2019) [12] exemplifies this approach, using a statistical model trained on GRACE 

observations to reconstruct climate‑driven terrestrial water storage changes from 1901 to the present, providing long‑term 

context for interpreting the inter‑mission gap. Sahour et al. (2020) [31] compared multivariate regression, artificial neural 

networks, and extreme gradient boosting (XGBoost) for gap‑filling, finding that XGBoost achieved superior performance 

(R² = 0.86, NSE = 0.86). Bringeland and Fotopoulos (2024) [32] compared four methods over Canada and found AutoML 

achieved the lowest errors (2.4 cm RMSE) when using hydrological and glacier mass balance predictors. 

Ji et al. (2025) [33] discusses the use of statistical interpolation methods, specifically the AutoRegressive Integrated 

Moving Average (ARIMA) model, to predict values during the GRACE data gap based on historical data. Employs a gap-

filling technique to address 11 months of missing GRACE/GRACE-FO data, followed by spatiotemporal analysis of 

Terrestrial Water Storage Anomalies (TWSA) from 2005 to 2020. Finds that TWSA in arid and humid areas is moderately 

influenced by human activities, but anthropogenic factors exert a significantly greater impact on TWSA changes in semi-

arid and dry sub-humid environments. 

 

Data Assimilation Approaches 

Data assimilation methods offer a physically motivated alternative by driving land surface models (LSMs) with 
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observed meteorological forcings through the gap period, then constraining the model trajectory using the available pre- and 

post-gap GRACE observations [34,35]. The Ensemble Kalman Filter (EnKF) has been the most widely adopted assimilation 

framework in the GRACE literature, updating the model state vector — comprising soil moisture layers, groundwater storage, 

and sometimes surface water — at each GRACE observation epoch and propagating uncertainty through the ensemble 

[36,37]. 

The appeal of data assimilation lies in its theoretical ability to produce physically consistent gap-filled fields with 

explicit uncertainty quantification. Studies in humid basins, including the work of Zaitchik et al. (2008) [34] in 
the Mississippi River basin, demonstrated that EnKF assimilation of GRACE significantly reduced simulated groundwater 

errors relative to open-loop model runs. In semi-arid contexts, similar improvements have been documented [25,36]. 

However, several factors conspire to limit performance in arid and semi-arid regions (ASARs): (i) global LSMs 

such as CLM, NOAH-MP, and VIC are calibrated using large ensembles of global stations that underrepresent arid 

environments, producing systematic biases in simulated evapotranspiration and runoff; (ii) the Gaussian error assumptions 

of the standard Kalman filter may be inappropriate for the skewed, heavy-tailed precipitation distributions characteristic of 

hyperarid climates; and (iii) the computational cost of maintaining large ensemble sizes is difficult to justify operationally in 

resource-constrained research environments [34,38]. 

Multi-model ensemble averaging — combining outputs from GLDAS (with CLM, VIC, NOAH, and Mosaic land 

surface schemes) and global hydrological models such as WaterGAP and PCR-GLOBWB — has been used to reduce LSM 

structural uncertainty in GWSA isolation and, by extension, in gap-filled TWSA products [14,39]. This approach is 

pragmatically useful in ASARs where no single model demonstrably outperforms the ensemble, but the spread of multi-
model ensembles in arid regions is large enough that individual model uncertainty may dominate the gap-fill error budget. 

 

Machine Learning and Hybrid Gap-Filling 

The application of machine learning to GRACE gap-filling has accelerated substantially since 2018, motivated by 

the inter-mission gap and the release of increasingly comprehensive Earth observation datasets that serve as predictor 

variables [11,19]. 

A growing body of recent work has extended LSTM-based GRACE gap-filling through hybrid decomposition 

strategies and novel optimization algorithms. Chu et al. (2023) [40] integrated Variational Mode Decomposition (VMD) with 

LSTM to fill the GRACE-GRACE-FO gap over Northwest China, leveraging the VMD step to disentangle the underlying 

multi-scale signals in TWSA time series prior to LSTM training. Their integrated VMD-LSTM model achieved substantially 

higher accuracy than standalone LSTM (NSE = 0.974, CC = 0.989, RMSE = 0.808 cm), demonstrating the benefit of signal 
decomposition for improving prediction reliability in data-sparse regions. In the Nile River Basin, Fawzi et al. (2026) [41] 

compared standard LSTM with a Dipper Throated Optimization Fitness Grey Wolf-LSTM (DTOFGW-LSTM) hybrid, using 

GRACE/GRACE-FO-derived TWSC and GWSC together with GPCP precipitation data as predictors. Their DTOFGW-

LSTM model exhibited superior performance (RMSE = 0.51, R² = 0.99, MAPE = 0.21), enabling gap-filling of the 2017–

2018 inter-mission period and extension of TWSC forecasts through 2030. Beyond direct gap-filling of GRACE 

observations, Chidepudi et al. (2024) [42] demonstrated a related application of deep learning to hydrological reconstruction, 

using recurrent neural networks with wavelet pre-processing to reconstruct groundwater levels over northern France back to 

the early 20th century from ERA5 and ERA20C climate reanalysis data. Their approach reliably captured three distinct 

piezometric behavior types and preserved multidecadal variability consistent with the Atlantic Multidecadal Oscillation, 

underscoring the potential of wavelet-preprocessed recurrent architectures for extending sparse hydrological records over 

multi-century timescales. 

Several recent hybrid frameworks have moved beyond standalone LSTM architectures by integrating machine 
learning with land surface models (LSMs), satellite observations, and statistical calibration methods to produce seamless, 

long-term TWSA records. Mandal et al. (2025) [43] developed a machine-learning-based reconstruction of global TWSA 

from January 1960 to December 2022, using a novel Bayesian network for optimal predictor selection and evaluating CNN, 

SVR, extra trees regressor (ETR), and stacking ensemble regression models; ETR performed best for most grid cells globally, 

with the resulting product outperforming raw LSM outputs and achieving median correlation coefficients of 0.927, NSE of 

0.839, and RMSE of 63.7 mm in the Godavari Basin, India. Jing et al. (2020) [44] proposed a data-driven calibration approach 

that combined GRACE observations with LSM simulations using ensemble learning algorithms (Random Forest and 

XGBoost) within a spatially moving-window structure, generating GRACE-like TWSA back to 1979 in the Nile River Basin; 

XGBoost performed slightly better than Random Forest, and both produced TWSA that correlated well with original GRACE 

data and past precipitation-evapotranspiration series. More recently, Hu et al. (2025) [45] introduced a two-step 

reconstruction method specifically designed for the 11-month GRACE-GRACE-FO gap (July 2017 to May 2018), combining 
a long short-term memory network with a Bayesian convolutional neural network (LSTM-BCNN) to extract long-term 

temporal features and recent spatial environmental features. At the global grid scale, the LSTM-BCNN model achieved a 

correlation coefficient of 0.89 ± 0.06 and NSE of 0.78 ± 0.12, effectively reconstructing TWSA across 40 basins. Together, 

these studies illustrate a broader shift toward hybrid architectures that leverage physical model outputs and ensemble methods 

alongside deep learning to overcome the temporal discontinuity of the GRACE record. The interpretability advantage of 

ensemble tree methods is particularly valuable in ASAR contexts where model trust and physical plausibility are prerequisites 

for policy uptake. 
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IV.RESULTS: SYNTHESIS OF TWSA AND GWSA FORECASTING METHODS 

Statistical and Classical Time Series Forecasting 

Classical time series analysis and stochastic statistical models remain foundational for forecasting GRACE-derived 

storage trends and seasonality. These methodologies have proven particularly effective for establishing baselines and 

predicting anomalies, particularly when coupled with external climate and geographical data. 

Forootan et al. (2014) [46] expanded beyond univariate models by deploying multivariate statistical frameworks to 
incorporate large-scale climatic drivers. Their data-driven statistical approach, applied over the West African region, 

successfully linked multi-satellite data with major ocean-atmospheric teleconnections (like ENSO). By leveraging these 

global climatic indices, the researchers were able to effectively reconstruct past gaps and achieve a short-term multi-year 

forecasting period (predicting 1 to 2 years ahead). 

Jutla et al. (2015) [47] demonstrated that statistical forecasting is also highly effective at predicting downstream 

epidemiological and societal impacts based on hydrological states. Focusing on the Bengal Delta, their predictive time series 

analysis utilized GRACE TWS data to forecast cholera outbreaks. Using logistical models, the study showed that TWS—

serving as a proxy for regional water availability—acts as a strong predictor of endemic disease. This approach offered an 

operational forecasting lead time of up to 6 months in advance, highlighting the broader utility of statistical forecasting 

beyond purely hydrological applications. 

Hasan et al. (2021) [48] evaluated water storage dynamics within the arid and semi-arid expanse of the Nile River 

Basin (NRB) by integrating GRACE and GRACE-FO satellite records with land surface models and data-driven reanalysis. 
Demonstrating "satisfactory to excellent" model performance when compared against ensemble GRACE estimates, their 

framework successfully reconstructed a 100-year historical time series and generated a long-term forecasting period spanning 

from 2021 to 2050. Their projections for this highly variable climate indicated that while there will be positive storage 

increases during the wet seasons, the basin faces an overall future storage reduction of 10% to 30%. These findings highlight 

the critical vulnerability of the region's water resources, emphasizing that despite seasonal recoveries, the recurring ~6-year 

cycle of moderate wet and dry conditions will require stringent long-term water management. 

Synthesizing these studies, forecasting in arid and hyper-arid environments reveals several distinct hydroclimatic 

realities. Primarily, even when statistical models predict cyclical wet periods, the overarching long-term forecasts 

consistently project severe net storage losses. In extreme hyper-arid environments where natural climate variability is entirely 

overshadowed by human extraction—such as the continuous depletion seen in Iran—successful long-term forecasting 

requires coupling classical time series models with socioeconomic and future climate scenarios. Furthermore, because local 
meteorological drivers are highly volatile in dry zones, extending forecasting lead times beyond a few months necessitates 

the integration of large-scale ocean-atmospheric teleconnections to achieve reliable multi-year horizons. Finally, while 

classical models achieve high accuracy for short-term predictive horizons up to 6 months and excel at projecting 

unidirectional depletion trends, their independent mid-term performance frequently degrades because they fundamentally 

struggle to anticipate the rare, high-intensity recharge events characteristic of desert climates. 

 

Deep Learning Forecasting Frameworks 

The application of machine learning (ML) to forecast GRACE-derived TWSA and GWSA has fundamentally 

transformed hydrological modeling. By capturing complex, non-linear climate dynamics without the heavy computational 

burden of parameterizing physical grid models, ML frameworks offer highly adaptable predictive capabilities. These data-

driven approaches have evolved from simple statistical predictors into sophisticated, hybrid architectures capable of 

operating across diverse spatial scales and forecasting horizons. 
For short-term operational management, deep learning architectures—such as Long Short-Term Memory (LSTM) 

networks and Convolutional Neural Networks (CNNs); have become the state-of-the-art standard. These models excel at 

extracting spatial patterns from meteorological inputs and sequential dependencies from GRACE residuals, consistently 

achieving highly reliable forecasting periods with lead times of up to 6 months. To address the need for high-resolution 

spatial coherence over mid-term horizons, researchers have successfully deployed advanced ensemble algorithms. Kashani 

and Safavi (2025) [49] utilized Extreme Gradient Boosting (XGBoost) to spatially downscale TWSA across hyper-arid 

Iranian basins. By coupling this high-resolution data with climate model projections, they established a robust mid-term 

forecasting period extending through the year 2030, projecting a severe groundwater depletion rate of 29 cm per year. 

For strategic, multi-decadal planning, ML is increasingly integrated with Earth System Models. Liu et al. (2025) 

[50] employed predictive modeling to assess terrestrial water storage dynamics across China, generating long-term 

projections with a forecasting period extending to midcentury (2050). Additionally, ML has proven vital for evaluating 
historical land-use impacts. Liu et al. (2023) [51] evaluated the response of TWSA to increased vegetation growth using ML 

frameworks, modeling historical trends to project future hydrological constraints and expose the hidden costs of land 

management. 

When synthesized, these ML frameworks reveal critical hydroclimatic behaviors specific to arid and semi-arid 

environments that traditional models frequently miss. Primarily, dryland water storage exhibits intense temporal memory, 

meaning current storage deficits are heavily dictated by multi-year historical depletions rather than recent rainfall. 

Consequently, incorporating temporal lags into ML models is mandatory for accurate arid forecasting. Furthermore, the 
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reliance on deep subsurface storage in drylands creates a dangerous lag in drought propagation. ML frameworks have 

identified an 8-month delay between meteorological drought onset and groundwater impact in hyper-arid aquifers. This 

delayed response obscures the immediate severity of droughts, leading to compounded, long-term depletion that rare seasonal 

rainfall cannot offset [49]. 

Looking toward future horizons, multi-decadal ML projections indicate that by 2050, terrestrial water scarcity will 

disproportionately intensify across arid territories, driven not only by warming temperatures but by compounding, structural 

deficits in the regional water cycle [50]. Complicating these future challenges, ML models have also exposed a stark eco-
hydrological trade-off in arid land management. Extensive ecological restoration and vegetation greening initiatives in 

drylands actively exacerbate water deficits. Because the elevated evapotranspiration demands of new vegetation outstrip the 

sparse precipitation characteristic of arid zones, these initiatives inadvertently mine the subsurface, accelerating the long-

term depletion of vital groundwater reserves [51]. 

Table 2 provides a structured synthesis of forecasting methods identified in the reviewed literature, organized by 

model class, technique, assumptions, demonstrated advantages, and limitations. 

 

Model Class Technique Key Assumptions Advantages Limitations 

Deep Learning LSTM / 

Bidirectional 

LSTM 

Temporal dependencies 

learnable from multi-

year GRACE record + 

climatic covariates 

State-of-the-art 

performance in multi-

step TWSA/GWSA 

prediction; handles non-

stationarity 

Requires 

hyperparameter tuning; 

prone to overfitting on 

short arid-region records 

Deep Learning Transformer / 

Attention-based 
models 

Self-attention captures 

non-local temporal 
dependencies 

Superior long-range 

forecasting; 
parallelizable training 

High computational 

cost; limited 
applications in GRACE 

literature (emerging) 

Deep Learning CNN-LSTM / 

ConvLSTM 

Spatial patterns are 

predictive; temporal 

dynamics evolve from 

spatial configurations 

Joint spatial-temporal 

modeling; applicable to 

gridded GRACE 

products 

Complex tuning; data-

hungry for gridded 

applications 

Ensemble ML Random Forest + 

XGBoost ensemble 

with climatic 

indices 

Climatic teleconnection 

indices (ENSO, NAO, 

PDO) are reliable proxies 

for storage changes 

Interpretable; handles 

missing predictors; 

robust uncertainty via 

bootstrap 

Static model structure; 

may miss sudden regime 

shifts 

Hybrid 

Physics-ML 

LSTM + GRACE 

assimilation into 

LSM (e.g., CLSM) 

ML corrects model 

residuals; physics 

provides boundary 

conditions 

Combines physical 

constraints with data-

driven flexibility; 

physically consistent 
outputs 

Complex coupling; 

calibration-intensive; 

limited published 

applications in MENA 

Statistical ARIMA / 

SARIMA with 

exogenous inputs 

(ARIMAX) 

Stationarity after 

differencing; linear 

predictor-response 

relationship 

Fast; interpretable; 

requires modest data 

Cannot model nonlinear 

teleconnections; poor 

multi-step performance 

Statistical Wavelet-ANN / 

Wavelet-ARIMA 

decomposition 

Non-stationary signal 

decomposable into quasi-

stationary sub-signals 

Improves forecasting by 

separating signal 

components; useful for 

arid seasonality 

Wavelet choice is 

subjective; boundary 

effects at series edges 

Process-based Groundwater flow 

model 

(MODFLOW) 

coupled with 

GRACE-derived 
recharge estimates 

Aquifer geometry and 

hydraulic parameters are 

known or estimable 

Physically rigorous; 

provides spatial 

distribution of GWS 

changes 

Parameter uncertainty; 

dense calibration data 

required; 

computationally 

intensive 

Table no 2: Synthesis of methods for forecasting GRACE/GRACE-FO-derived TWSA and GWSA 

 

V.DISCUSSION 

Convergence Toward Hybrid Methods 

The most consistent finding emerging from this review is the convergence of the literature toward hybrid approaches 

that combine the physical coherence of process-based or data assimilation methods with the flexible representational capacity 

of machine learning. This trend is driven by the limitations of pure ML approaches — particularly their dependence on large 

training datasets and their susceptibility to physically implausible predictions under distributional shift — and by the 

limitations of pure physical approaches, which are systematically biased in ASARs due to poor calibration against sparse 
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local data. Hybrid frameworks that use LSM outputs as physically informed features for ML models, or that apply ML 

residual correction to LSM first-guess predictions, achieve superior performance while maintaining some degree of physical 

interpretability [36,38]. 

This convergence mirrors a broader trend in geoscientific machine learning sometimes termed 'physics-informed 

neural networks' or 'theory-guided data science' [52], in which the inductive bias of physical laws is incorporated into network 

architecture, loss functions, or training procedures to improve generalizability. For GRACE gap-filling and forecasting 

specifically, the most promising implementation pathways include embedding water balance closure as a soft constraint in 
the LSTM loss function, using physically derived features (potential evapotranspiration, normalized storage capacity) rather 

than raw meteorological inputs, and employing transfer learning to adapt globally pre-trained models to ASAR basins with 

limited local training data. 

 

Research Gaps and Future Directions 

Table 3 presents a structured synthesis of the principal research gaps identified in this review, organized by thematic 

domain, with characterization of the current state of knowledge and specific recommended future directions. Five major gap 

domains are identified: temporal coverage, model-dependent GWSA isolation, forecasting lead times, validation data 

scarcity, and anthropogenic signal separation. 

 

Research Gap 

Domain 

Current State of the Art and Identified 

Limitation 

Recommended Future Directions 

Temporal 

coverage & 
mission gaps 

The 11-month gap between GRACE and 

GRACE-FO (July 2017–May 2018) remains 
imperfectly bridged in arid regions, where 

seasonal storage changes are large relative to the 

reconstruction uncertainty. Most gap-filling 

studies report global or humid-region 

performance; validated arid-region 

reconstructions are scarce. 

Develop region-specific ensemble gap-filling 

frameworks that explicitly propagate 
uncertainty. Benchmark multiple approaches 

(statistical, ML, data assimilation) against 

independent geodetic or well-level records in 

arid basins. Evaluate the emerging GRACE-

Continuity (GRACE-C) data for improving gap 

reconstruction. 

Model-

dependent 

GWSA isolation 

Separating GWSA from TWSA requires 

subtracting soil moisture, snow water 

equivalent, and surface water from GRACE 

observations using global hydrological models 

(GLDAS, WGHM). These models are poorly 

calibrated in arid regions with limited 
precipitation and sparse validation data, 

introducing large structural uncertainty. 

Prioritize development of arid-region-tuned 

hydrological models. Pursue multi-model 

ensemble approaches with explicit uncertainty 

decomposition. Integrate GRACE with 

complementary datasets (SMAP soil moisture, 

ICESat-2 lake levels) to reduce reliance on any 
single model. 

Forecasting lead 

times and 

uncertainty 

Most GRACE-based GWSA forecasting studies 

demonstrate lead times of 1–6 months. 

Operationally useful drought early warning in 

arid basins requires 6–18 months of lead time. 

Uncertainty quantification in deep learning 

forecasting models remains rudimentary in the 

literature. 

Investigate long-lead climatic teleconnection 

indices (ENSO, IOD, NAO, AMO) as 

additional predictors for GRACE-based 

forecasting. Develop probabilistic forecasting 

frameworks (e.g., quantile regression forests, 

Bayesian LSTM) that produce calibrated 

prediction intervals for operational groundwater 

management. 

Validation and 

ground-truth 

scarcity 

Arid and hyperarid regions are systematically 

data-poor: well networks are sparse, unevenly 

distributed, and often proprietary. This 
fundamental challenge compromises both model 

calibration and independent validation of gap-

filling and forecasting outputs. 

Expand open-access well-level databases 

through international data-sharing agreements. 

Leverage citizen science groundwater 
monitoring programs. Develop cross-validation 

strategies based on spatial leave-one-out and 

temporal jackknifing that remain valid under 

data scarcity. 

Anthropogenic 

signal 

separation 

In arid regions, rapid groundwater pumping, 

irrigation, mega-infrastructure projects (dams, 

desalination), and urbanization create strong 

anthropogenic TWSA signals that are difficult 

to disentangle from climatic variability. Existing 

signal separation approaches lack the spatial 

specificity required for governance-relevant 

monitoring. 

Develop integrated socio-hydrological models 

that explicitly represent human water use as a 

model component. Couple GRACE-based 

monitoring with remote sensing of irrigated 

area (MODIS, Sentinel-2), surface water extent 

(SWOT), and night-light proxies for population 

growth to improve signal attribution. 

Table no 3: Principal research gaps in GRACE/GRACE-FO gap-filling and forecasting with emphasis on arid and semi-arid regions, 
the current scientific state for each domain, and recommended future research directions. 
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VI.CONCLUSION 

This review has synthesized peer-reviewed studies addressing gap-filling and forecasting of GRACE/GRACE-FO 

Terrestrial and Groundwater Storage Anomalies, with particular focus on arid and semi-arid regions. The analysis yields the 

following principal conclusions. 

First, gap-filling of the GRACE time series has progressed from simple statistical methods to sophisticated machine 

learning and hybrid data assimilation frameworks, with hybrid approaches demonstrating the best balance of performance 
and physical interpretability. Second, the 11-month inter-mission gap between GRACE and GRACE-FO remains the critical 

vulnerability of the combined observational record, and its reconstruction in arid regions carries uncertainties that are 

systematically larger than in humid environments; approximately twice as large, based on the reviewed evidence.  

Third, arid and semi-arid regions exhibit a persistent performance penalty of 10–20 R² percentage points relative to 

humid basins across all method classes, attributable to hydroclimatic non-stationarity, model calibration deficiencies, and 

validation data scarcity. Fourth, hybrid physics-ML frameworks represent the most promising direction for both gap-filling 

and forecasting in ASARs, as they can partially compensate for data scarcity by incorporating physical constraints while 

retaining the flexibility to represent complex, nonlinear hydroclimatic processes. 

The recommendations emerging from this review converge on a unified research agenda: developing region-

specific, uncertainty-aware, probabilistic gap-filling and forecasting frameworks for GRACE/GRACE-FO, validated against 

expanded in-situ groundwater monitoring networks, and co-designed with water management institutions to ensure 

operational uptake. As global groundwater depletion accelerates and the demands on arid-region aquifer systems intensify 
in a warming climate, the scientific capability to continuously monitor, reconstruct, and forecast water storage from space is 

not merely of academic significance; it is a prerequisite for sustainable water governance. 
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