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Abstract. Water cycle reanalyses, generated by integrating observations into hydrological and land surface models, provide

long-term and consistent estimates of key water cycle components. Reanalyses are essential to understand hydrological vari-

ability, extreme events such as droughts and floods, and to improve water resource management. Over the past two decades, the

assimilation of terrestrial water storage anomaly data from the GRACE and GRACE Follow-On (GRACE/-FO) missions has5

significantly enhanced these reanalyses, as GRACE/-FO observations uniquely constrain total water storage variability across

all terrestrial compartments. Incorporating GRACE/-FO data has led to major advances in representing trends in key hydrolog-

ical variables, climate-driven changes in the water cycle, and anthropogenic influences such as irrigation-induced groundwater

depletion – factors often poorly captured in models. With processing pipelines now being developed for low-latency short-term

data products from the upcoming next-generation gravity missions, we expect that low-latency periodically updated reanalyses10

and analyses from assimilation will become more relevant.

However, challenges remain, particularly in resolving mismatches in spatial and temporal resolution between GRACE/-FO

observations and high-resolution models, and there is no consensus yet on the optimal approach for assimilating GRACE/-FO

data. In light of the upcoming launches of next-generation gravity missions and the development of increasingly sophisticated

Earth system modeling frameworks, this review synthesizes insights from approximately 60 GRACE/-FO data assimilation15

studies in an attempt to converge to best practices. The review reveals that the most effective assimilation strategies leverage

(robust modifications of) the classical ensemble Kalman filter and localization techniques, explicitly account for correlated
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observation errors, and address biases contained in the observations as well as those arising from model perturbations. Unmod-

eled processes must be carefully handled through signal separation, multisource assimilation, or removal prior to assimilation.

Future directions include developing low-latency products for near-real-time assimilation, integrating enhanced and combined20

satellite observations, and employing machine-learning approaches for downscaling and hybrid assimilation. Collectively, these

strategies provide a pathway toward more accurate, physically consistent, and operationally useful water cycle reanalyses.

1 Introduction

The distribution of water on Earth shapes the daily lives of individuals and societies and is, in turn, influenced by human activ-

ities. Quantifying and monitoring water resources is critical to ensuring water availability for human consumption, supporting25

agriculture, predicting natural hazards, and addressing climate change through mitigation and adaptation strategies. Continental

freshwater resources are stored in groundwater aquifers, soils ranging from the surface through the root zone to deeper layers,

surface water bodies, snow or ice sheets, and plants. These water storage compartments are inextricably linked to both global

and regional water, carbon and energy cycles and interact with various components of our Earth system, such as the biosphere.

The dynamics of water storage and fluxes undergo significant changes due to human activities, and shifts in the frequency and30

patterns of hydrological extremes driven by climate change.

Our current understanding of water storage dynamics across different terrestrial compartments relies on global and regional

hydrological and land surface models, remote sensing, and in situ observations. However, global numerical models often un-

derestimate long-term trends in terrestrial water storage (TWS), do not accurately capture extremes of wet and dry conditions

(Scanlon et al., 2018; Forootan et al., 2024), often do not account for human impacts, and struggle to represent the seasonal35

cycle of TWS variations effectively (Scanlon et al., 2019). On the other hand, most in situ and remote sensing data only provide

insight into water storage in specific land surface compartments.

Satellite gravimetry is the only remote sensing technique that provides information on the vertically integrated variations of

TWS, based on observations from the Gravity Recovery and Climate Experiment (GRACE) and its successor, GRACE Follow-

On (GRACE-FO). However, their use at subregional scales and in operational applications is limited by their coarse spatial40

resolution of a few hundred kilometers and their monthly temporal resolution. Integrating GRACE/-FO observations into hy-

drological and land surface models allows us to update all sub-monthly simulated water storage compartments, which typically

include groundwater, soil moisture at different depths, surface water and snow, while simultaneously downscaling the coarse

GRACE/-FO observations to the higher resolution model grid (Figure 1). Several approaches exist for merging GRACE/-FO

observations with numerical models including Bayesian Model Averaging (BMA), machine learning (ML) - including deep45

learning (DL) - and data assimilation (DA) algorithms (Section 3). DA offers the significant advantage of updating not only the

target state variables such as groundwater and soil moisture, but also related hydrological fluxes, including evapotranspiration,

snowmelt, river discharge, surface and subsurface runoff, infiltration, and groundwater recharge and discharge, in a physically

consistent way (Figure 1). DA can be used to produce long-term reanalysis estimates of TWS to support land system under-
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Figure 1. The GRACE and GRACE Follow-On (GRACE/-FO) data assimilation (DA) concept: A numerical model simulates daily or even

subdaily individual water storage components and fluxes on a user-defined grid. In contrast, the GRACE/-FO satellites observe the total

variation in monthly TWS aggregated over large footprints and over all storage compartments. During DA, the model’s individual storage

compartments are updated towards the GRACE/-FO observations. These updates influence water fluxes – illustrated by the arrows in the

figure – as well as other related model variables such as soil temperature, energy fluxes, and plant growth.

standing (Baatz et al., 2021), or obtain the best current state estimate for operational forecasting, as is needed for early warning50

systems (e.g. drought). Given the monthly resolution of GRACE/-FO observations, the line between both is vague, and we

loosely use the term reanalysis for both.

In their seminal paper, Zaitchik et al. (2008) introduced a Kalman smoother algorithm for assimilating GRACE data into the

Catchment Land Surface Model (CLSM, Koster et al. 2000) over the Mississippi river basin. Two key takeaways from this

pioneering work are as follows: first, the demonstrated potential of DA to downscale coarse-scale GRACE observations, and55

second, the success of vertical disaggregation of TWS to updates in groundwater, soil moisture and snow, with a particular

enhancement of groundwater and also river discharge modeling. Several subsequent studies applied GRACE/-FO DA to other

hydrological and land surface models.
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A key variable of interest in GRACE/-FO DA studies is groundwater, as it remains challenging to observe directly at large

scales and is significantly influenced by human activities (Döll et al., 2012; Girotto et al., 2017; Li et al., 2019). Yin et al.60

(2020) validated GRACE DA results against more than 150 in-situ groundwater wells across the North China Plain, demon-

strating a substantial improvement in correlation. Likewise, Tangdamrongsub et al. (2017) found that GRACE DA enhanced

the correlation between groundwater storage estimates and well observations in the Hexi Corridor in northern China, where

a rapid groundwater decline was identified and attributed to agricultural activities. Similarly, Tangdamrongsub et al. (2018)

reported that GRACE DA improved estimates of groundwater depletion in the North China Plain and Australia compared to65

global hydrological models. Over Iran, Khaki et al. (2018c) showed that GRACE DA more effectively captured the extensive

groundwater extraction occurring in the region compared to a standard model run. Aiming at applications for local water man-

agement, Stampoulis et al. (2019) set up a high-resolution model over California and integrated GRACE data to determine

water table dynamics.

Snow-dominated catchments contribute a large seasonal component to TWS variations, and GRACE/-FO DA shows great70

potential for constraining snow cover fraction and depth in land surface or hydrological models, especially with multi-sensor

approaches (Su et al., 2010; Zhao and Yang, 2018; Girotto et al., 2020; De Lannoy et al., 2022). Forman et al. (2012) demon-

strated improved snowpack estimation over the Mackenzie River Basin using GRACE DA. Subsequently, Bahrami et al. (2021)

showed improvements in grid-scale snow estimates and highlighted their relationship to improved flood simulations. Finally,

Wang et al. (2021) discussed the potential conflicts in snow compartment updates resulting from multi-sensor DA.75

Long-term water cycle reanalyses using GRACE/-FO DA have been shown to be effective in constraining trends not only in

TWS but also in other key hydrological variables (van Dijk et al., 2014; Gerdener et al., 2022, 2023; Chi et al., 2024). For

instance, Chi et al. (2024) found that GRACE DA amplified negative TWS and evapotranspiration (ET) trends over Northern

India and attributed these trends to high irrigation rates. Jung et al. (2019) reported improved surface soil moisture simulations

resulting from GRACE DA in humid West African regions characterized by large TWS amplitudes.80

The impact of GRACE/-FO DA on streamflow simulations varies considerably by region. For example, Tangdamrongsub et al.

(2015) reported only minor improvements in streamflow simulations compared to gauging station observations in the Rhine

catchment. In contrast, Getirana et al. (2020a) demonstrated that updating groundwater and soil moisture storage with GRACE

DA led to significant improvements in streamflow forecasts over the Niger River basin. Furthermore, Wu et al. (2022) con-

ducted a global GRACE DA study and found that streamflow estimates were notably enhanced in snow-dominated catchments.85

The downscaling and disaggregation of GRACE/-FO data through DA also improves drought monitoring and contributes to

water-related disaster warning systems. TWS-based drought indices can be computed at the resolution of the model grid and

are available in near-real-time applications, such as NASA’s GRACE-based Drought Indicators (https://nasagrace.unl.edu/;

Houborg et al. 2012; Li et al. 2019; Getirana et al. 2020b). Moreover, DA enables improved attribution of droughts to individ-

ual water storage components, such as soil moisture drought and groundwater drought, as demonstrated for regions like the90

Murray-Darling Basin (Schumacher et al., 2018), over Europe (Li et al., 2012), and Mexiko (Arciniega-Esparza et al., 2025).
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On the other hand, GRACE/-FO DA also improves the simulation of wet extreme events, as shown by Reager et al. (2015) for

the Missouri River Basin, where updated groundwater and snow water data helped constraining flood potential in the region.

In recent years, GRACE/-FO DA has been increasingly integrated into multi-sensor DA systems, mainly in combination with

remotely sensed surface soil moisture data. An attempt by Tian et al. (2017) demonstrated improved estimates of surface soil95

moisture, root-zone soil moisture and groundwater - compared to in situ observations - by joint assimilation of GRACE and

SMOS data over Australia. These results have been confirmed by Girotto et al. (2019) over the United States, by Khaki and

Awange (2019) over South America, and by Khaki et al. (2019) for the Murray-Darling and Mississippi River basins. Building

on this work, Khaki et al. (2020) further incorporated leaf area index to investigate the impact of individual observational

datasets on DA results, model parameter estimation and model prediction. The study found that while single-sensor DA led to100

greater improvements for individual variables, the multi-sensor approach produced the most consistent improvements across

all variable estimates, consistent with the findings of Tangdamrongsub et al. (2020). More recently, Mehrnegar et al. (2023)

reported similar results using different Bayesian and Markov chain Monte Carlo merging algorithms. Schulze et al. (2024)

demonstrated that the degradation of simulated streamflow through GRACE DA could be mitigated to some extent by addi-

tionally assimilating streamflow observations. Another multi-sensor DA framework was developed by Wongchuig et al. (2024)105

over the Amazon River Basin. This framework integrated observations of water surface elevation, TWS, flood extent, and soil

moisture, demonstrating that multi-sensor DA consistently outperformed single-sensor DA experiments.

In other applications, GRACE/-FO DA output has demonstrated potential in removing hydrology-induced deformation from

Global Navigation Satellite System (GNSS) vertical deformation time series, which could help reveal underlying geophysi-

cal signals (Springer et al., 2019). Similarly, but with a different objective, Tangdamrongsub and Šprlák (2021) showed that110

GRACE/-FO DA effectively captures hydrology-induced loading deformation of the land surface, offering promising appli-

cations, particularly in data-sparse regions. Furthermore, Jensen et al. (2024) utilized GRACE/-FO DA results to evaluate

long-term drying and wetting trends in TWS within CMIP6 models. Recently, Khaki et al. (2023) assimilated GRACE-FO

data based on along-orbit line-of-sight gravity differences into a land surface model, enhancing its ability to capture high-

frequency water storage variations. This method is particularly valuable for simulating wet extremes. Moreover, Soltani et al.115

(2024) were the first to assimilate GRACE data into a land surface model coupled with a dedicated subsurface model with

three-dimensional groundwater flow within a multi-sensor framework. Furthermore, the integration of DA frameworks with

machine learning techniques, as demonstrated by Liu et al. (2021), has shown promise in improving groundwater level pre-

dictions at lead times of several months. Finally, the impact of human activities, such as groundwater pumping and irrigation

– often not represented in land surface models but potentially corrected through GRACE/-FO DA – has gained increasing at-120

tention (Girotto et al., 2017; Nie et al., 2019; Getirana et al., 2020b). However, this remains a challenging task, as assimilation

increments are not always allocated to the correct storage compartments, highlighting the need for further research.

The above studies use a variety of different hydrological and land surface models and different GRACE/-FO observation prod-

ucts and differ significantly in their assimilation algorithms. Developing an assimilation framework requires several method-

ological choices, including (i) the selection of the observation grid (Forman and Reichle, 2013), (ii) the handling of observation125
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error correlations (Eicker et al., 2014; Khaki et al., 2017c), (iii) the choice among various sequential DA techniques, including

localization methods and emerging DA algorithms (Khaki et al., 2017b, 2018a; Shokri et al., 2018, 2019), (iv) adopting strate-

gies for applying analysis increments and updating the model (Girotto et al., 2016), and (v) selecting other observables within

multi-sensor DA (Girotto et al., 2019; Tangdamrongsub et al., 2020).

Previous review papers have focused on providing an overview of methods for assimilating GRACE data into hydrological130

models, with an emphasis on error modeling and data assimilation algorithms (e.g. Soltani et al., 2021). This paper aims to

provide a thorough synthesis of existing studies, highlighting the various application areas and offering a systematic analysis

of the common settings within current DA frameworks. Additionally, we synthesize the current state of research, evaluate the

present lack of consensus within the community regarding DA strategies, and outline directions that may support convergence

and open up perspectives on new directions.135

In Section 2, we start with the representation of simulated TWS in hydrological and land surface models and establish the

link to observed TWS from GRACE/-FO. We also examine possible choices for GRACE/-FO data products, the handling of

observation errors, and necessary post-processing steps. Section 3 provides a comprehensive review of existing GRACE/-FO

DA frameworks, analyzing key methodological choices, technical aspects, and the advantages and limitations of different ap-

proaches. This is followed by a discussion of validation strategies for DA experiments in Section 4. A major point of this140

paper is to identify current challenges and open issues in GRACE/-FO DA frameworks, which we explore in Section 5. Finally,

we conclude in Section 6 with perspectives on future research directions and in Section 7 with a synthesis of best practice

recommendations and key next steps for the community.

2 Modeling and remote sensing of terrestrial water storage changes

Remote sensing observations and numerical models provide complementary insights into TWS, but they have significant dif-145

ferences in spatial and temporal resolution, sources of error, and correction requirements. Most hydrological and land surface

models simulate TWS as the sum of the individual storage compartments, while GRACE/-FO products provide only TWS

anomalies (TWSA), i.e., the deviation of TWS from a long-term mean. This section outlines the challenges associated with de-

riving TWSA from hydrological and land surface models. It also presents the currently available GRACE/-FO products along

with the commonly applied geophysical corrections and downscaling techniques.150

2.1 Modeling terrestrial water storage

Numerical models simulate increasingly complex processes that control water storage and fluxes, while they disregard others

depending on the intended application of the model. Models used in GRACE/-FO analyses are generally classified into Global

Hydrological Models (GHMs, Sood and Smakhtin 2015), and Land Surface Models (LSMs, Overgaard et al. 2006), with

some hybrid models incorporating features of both types. Each model category emphasizes different aspects of the water155

cycle. GHMs typically focus on large-scale hydrological processes and often account for anthropogenic influences such as
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water abstraction, irrigation, and reservoir management. In contrast, LSMs simulate land-atmosphere interactions, prioritizing

energy and water exchanges and often allowing the incorporation of the carbon cycle. While GHMs primarily rely on simplified

hydrological equations that emphasize water movement, LSMs use more detailed, process-based equations to model energy,

water, and carbon exchanges, but often with a poor representation of anthropogenic processes.160

A key aspect of TWS modeling is the representation of changes in individual water storage components. Common GHMs and

LSMs differ in how these individual storages are simulated. For example, some models include detailed representations of

groundwater flow and aquifer dynamics, whereas others treat groundwater more simplistically or omit it altogether (Scanlon

et al., 2018; Condon et al., 2021). It is important to note that this hinders a quantitative comparison of individual storages across

different models or even different versions of the same model; e.g. soil water storage may refer to vastly different soil depths in165

differing models (Jensen et al., 2024). Similarly, processes such as river routing, snowmelt, and evaporation are handled with

varying degrees of complexity. Most models struggle with accurately capturing the interactions between individual storage

components and the temporal and spatial variability of these processes (Telteu et al., 2021).

Table 1 provides a summary of models that generate TWS data at the global or continental scale. These models are categorized

by type into GHM, LSM, or hybrids thereof, and their original capability to include anthropogenic influences (e.g., water170

management, land use changes). Most global models are run at resolutions ranging between 0.5° and 0.25°, but continental-

scale applications are available at much higher resolutions down to a few kilometers.
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Table 1. Summary of some models that have been used to estimate total water storage anomalies. GHM: Global Hydrological Model;

LSM: Land Surface Model; G: Groundwater Model. AWRA: Australian Water Resources Assessment; CABLE: CSIRO Atmosphere Bio-

sphere Land Exchange; CLM: Community Land Model; HBV: Hydrologiska Byråns Vattenbalansavdelning (Hydrological Bureau Water

Balance Section); CLSM: Catchment Land Surface Model; CRUNCEP: Climate Research Unit National Centers for Environmental Predic-

tion; GSWP: Global Soil Wetness Project; HTESSEL: Hydrology-Tiled ECMWF Scheme for Surface Exchanges over Land; LISFLOOD:

Lisflood-Flood Forecasting System; MESH: Modélisation Environmentale Communautaire (Community Environmental Modeling); MGB:

Modelo de Grandes Bacias (Large Basin Model); ORCHIDEE: ORganizing Carbon and Hydrology In Dynamic EcosystEms; PARFLOW:

Parallel Flow Model; PCR-GLOBWB: PCRaster Global Water Balance; SWBM: Simplified Water Balance Model; SURFEX-TRIP: Surface

Externalisée (SURFEX) with Total Runoff Integrating Pathways; VIC: Variable Infiltration Capacity; W3RA: World Wide Water Resources

Assessment model; WGHM: WaterGAP Global Hydrology Model; WBM: Water Balance Model. The components available for each model

are indicated by SW: Surface Water, SM: Soil Moisture and GW: Groundwater.

Model Type Components Anthropogenic Reference

AWRA-L LSM SW, SM, GW Partial Viney et al. (2014)

CABLE LSM SW, SM No Kowalczyk et al. (2006)

CLM3.5 LSM SW, SM No Oleson et al. (2007)

CLM4 LSM SW, SM Partial Lawrence et al. (2011)

CLM5 LSM SW, SM, GW Yes Lawrence et al. (2019)

CLSM LSM SW, SM, GW No Koster et al. (2000)

HBV-SIMREG GHM SW, SM No Lindström et al. (1997)

HTESSEL LSM SW, SM No Balsamo et al. (2015)

LISFLOOD GHM SW, SM, GW Yes Van Der Knijff et al. (2010)

MESH GHM/LSM Hybrid SW, SM, GW Yes Pietroniro et al. (2007)

MGB GHM SW, SM, GW Yes Collischonn et al. (2007)

Noah LSM SW, SM No Ek et al. (2003)

Noah-MP LSM SW, SM, GW No Niu et al. (2011)

ORCHIDEE LSM SW, SM, GW Partial Polcher et al. (2011)

ParFlow-CLM LSM+G SW, SM, GW No Maxwell et al. (2015)

PCR-GLOBWB GHM SW, SM, GW Yes Sutanudjaja et al. (2018)

SURFEX-TRIP LSM SW, SM No Decharme et al. (2013)

SWBM GHM SW, SM No Koster and Mahanama (2012)

VIC LSM SW, SM Yes Liang et al. (1996)

W3RA GHM SW, SM No Van Dijk (2010)

WGHM GHM SW, SM, GW Yes Müller Schmied et al. (2021)

WBM GHM SW, SM, GW Yes Tiaden et al. (1998)

8



2.2 GRACE-/FO products

The GRACE satellite mission (Wahr et al., 1998; Tapley et al., 2004) monitored global TWS changes from 2002 to 2017, with

its follow-on mission GRACE-FO, launched in 2018 (Landerer et al., 2020), continuing these observations. TWS changes are175

an essential climate variable reflecting the impact of global climate change on water resources (Rodell and Reager, 2023). Three

official analysis centers process the GRACE/-FO observations, including the Center for Space Research (CSR), the Jet Propul-

sion Laboratory (JPL), and the Helmholtz Centre for Geosciences (GFZ). However, other research institutions and universities

also provide GRACE/-FO-derived datasets, e.g., NASA Goddard Space Flight Center (GSFC), Space Geodesy Research Group

at the French National Centre for Space Studies (GRGS/CNES), the Ohio State University, the Technical University of Graz,180

and Tongji University. Besides, combined solutions are available from the European Gravity Service for Improved Emergency

Management (EGSIEM, https://egsiem.eu/tools). The most commonly used GRACE/-FO data products are based on the two

main processing strategies of spherical harmonics (SH) and mass concentration (mascon) methods that are usually provided

with monthly temporal resolution and a few hundred km spatial resolution. These monthly gravity field estimates are typically

accompanied by an error estimate of the measurement noise, provided either as formal errors or as full covariance matrices185

(Chen et al., 2022). Estimating monthly gravity fields involves reducing tidal and non-tidal high-frequency mass changes in

the atmosphere and ocean (e.g., by applying Atmosphere and Ocean De-Aliasing (AOD1B) background model corrections,

Shihora et al., 2022). Recently, the estimation of daily SH-based products (such as Mayer-Gürr et al., 2018) and five-daily

mascon-based products (Retab et al., 2024) is gaining growing attention.

Post-processing of the GRACE/-FO SH coefficients (provided as Level-2 data products) includes replacing the degree-1190

(geocenter; e.g., Sun et al. (2016)) and C20 and C30 coefficients by solutions from Satellite Laser Ranging (Loomis et al.,

2019, 2020; Cheng and Ries, 2023) and applying corrections to account for glacial isostatic adjustment (GIA, see Section

2.3). Furthermore, spatial filtering is essential to reduce noise from higher-order coefficients. This can be achieved using an

anisotropic filter (e.g., Kusche, 2007; Klees et al., 2008b), which also helps to mitigate correlated errors, or an isotropic filter

(e.g., the Gaussian filter introduced by Jekeli, 1981), which is often combined with a destriping filter to further reduces the195

impact of correlated errors (Swenson and Wahr, 2006). To account for spatial leakage effects, several methods have been de-

veloped that attempt to restore the lost signal in GRACE/-FO data. Commonly used approaches that depend on hydrological

model outputs are the multiplicative approach by Longuevergne et al. (2010), the additive approach by Klees et al. (2007),

the grid factor scaling approach by Landerer and Swenson (2012), and the unconstrained forward modeling approach by Chen

et al. (2015). Vishwakarma et al. (2017) developed a data-driven approach to overcome the dependency on hydrological models200

and their associated uncertainties. All provided Level-2 datasets are anomalies relative to a specified temporal baseline. As a

result, expert knowledge is required for making appropriate decisions for the individual post-processing steps.

Gridded Level-3 datasets, i.e. TWSA grid values obtained from SH, or mascon solutions that also provide a global TWSA

grid, might be more user-friendly for a wider community. The mascon approach applies similar corrections compared to the

SH approach but uses equal-area spherical cap mascons placed on the surface of an elliptical Earth to derive global TWSA205
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grids (see, e.g., Watkins et al., 2015). It is important to distinguish between the native spatial resolution of the GRACE/-FO

data of approximately 300 km (Kim et al., 2024) and the spatial sampling used to provide Level-3 TWSA grids, e.g., on 0.5◦

or 1◦ global grids. Some studies have compared the SH and mascon solutions for selected river basins, e.g., Jing et al. (2019);

Novák et al. (2021), where statistically significant differences are observed for several of the selected regions. A comparison

with GNSS vertical deformations for the Amazon basin showed slightly better agreement with mascon solutions (Wang et al.,210

2023). However, the authors also report larger differences between different mascon solutions compared to differences be-

tween different SH solutions (Wang et al., 2023). In orbit K-band range-rate residuals (derived from Level-1B data products)

and along-orbit line-of-sight gravity difference measurements from the GRACE-FO laser ranging interferometer can also be

used to study hydrological processes (e.g., Eicker and Springer, 2016; Ghobadi-Far et al., 2022).

Although GRACE and GRACE-FO provide a largely continuous record of TWSA, there is an observational gap between the215

missions of almost one year. Several studies have addressed this gap using different methods, including physically based hy-

drological models (Zhang et al., 2022), interpolation and statistical approaches such as singular spectrum analysis (SSA) and

autoregressive (AR) models (Lecomte et al., 2024; Lenczuk et al., 2022), and machine learning techniques including convo-

lutional or recurrent neural networks (Uz et al., 2022; Mo et al., 2022). Dynamic mode decomposition (Libero and Ciriello,

2025) of GRACE/-FO data to extract essential spatial and temporal patterns could also support these efforts. These techniques220

allow reconstruction of TWSA during the gap while preserving both seasonal cycles and long-term trends.

The GRACE/-FO data products are commonly accompanied by uncertainty estimations. These might be provided as standard

deviations of SH or gridded TWSA or as fully propagated error-covariance matrices (Section 3.3). Only full error-covariance

matrices reflect spatial correlations between TWSA grid cells, which are particularly strong in the north–south direction (e.g.,

Kvas et al., 2019). However, formal error covariances (or variances, if only standard deviations are provided) reflect only in-225

strument and orbital errors but not errors in background models, and calibrated error covariances should be preferred in DA

applications (Klees et al., 2008a).

2.3 Geophysical corrections

Since GRACE/-FO observations contain signals that are not representative of hydrological processes, geophysical corrections

are essential to extract the water storage changes of interest. Glacial isostatic adjustment (GIA) is the effect of ice unloading230

in response to the ice masses covering the Earth during the ice ages, which is still present and thus sensed nowadays, approxi-

mately 20 000 years after the last glacial maximum. The effect of GIA in GRACE/-FO TWSA is most prominent in areas that

are still covered by ice, e.g. Greenland but also far-distance regions can be affected albeit with a smaller magnitude. Typically,

GIA is removed from the GRACE/-FO TWSA by using models that incorporate ice history and viscosity of the mantle to com-

pute GIA mass rates (Peltier, 2004; A et al., 2012; Caron et al., 2018). However, these GIA models are subject to considerable235

uncertainties that inevitably create false trends in TWSA estimates (Vishwakarma et al., 2021a).

Earthquakes are another source of mass redistribution that are included in the GRACE/-FO data biasing the correct analysis of

other hydrological signatures and events such as linear trends or droughts (Deggim et al., 2021). A temporal model can be fitted
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to the data (e.g., Einarsson et al., 2010; Deggim et al., 2021) that contains a co-seismic jump and a post-seismic relaxation. In

this way, large earthquakes can be removed from the data, for example, the Sumatra-Andaman earthquake in 2004. However,240

Gerdener (2024) found that the removal of two earthquakes from GRACE/-FO TWSA prior to DA did not significantly alter

the results. Yet, the higher spatial resolution which will be achieved with future gravity missions might lead the earthquake

correction to be a necessary processing step prior to DA (Kusche et al., 2025).

Due to the mission constellation and background model errors, the GRACE/-FO gravity fields provided as SH are affected

by high-frequency noise and correlated errors, requiring filtering (e.g., Wahr et al., 1998; Jekeli, 1981; Kusche, 2007). As245

the filters cannot distinguish between signal and noise, the signal magnitude is changed as well, which is known as leakage.

Leakage is especially dominant for those locations with large water bodies or at the coast. For example for lakes, the signal

within the lake is reduced by the filter and smears into the surrounding land area. To account for leakage before DA, approaches

based on hydrological model output or data-driven estimates are available, but these could in turn also create another source of

uncertainty (see Sect. 2.2 for details). Another possibility is the RECOG (REgional COrrections for GRACE) dataset (Deggim250

et al., 2021) that allows the removal of signals from large lakes and reservoirs from GRACE TWSA and the relocation to its

spatial origin within the lakes/reservoir outlines. The dataset was computed from forward-modeling of surface water volume

estimates of major lakes sensed by altimetry and optical remote sensing.

2.4 Downscaling

The coarse resolution of GRACE/-FO-derived TWSA maps prohibits the monitoring of fine-scale hydrological signals. For255

example, TWSA error matrices are typically affected by inversion problems when provided on lower spatial resolution, e.g.

for a 1◦ grid of global land TWSA (Eicker et al., 2014; Gerdener et al., 2023). This limitation necessitates the consideration of

downscaling techniques before or along with DA, with careful attention to error propagation during the process. Downscaling

not only aims to improve the spatial resolution of GRACE/-FO-derived TWSA but also to deal with issues such as leakage

correction.260

Various approaches have been proposed for downscaling GRACE/-FO data. A purely statistical approach to downscaling relies

on multivariate or bivariate linear relationships between coarse- and fine-scale datasets to generate downscaled products. For

instance, Yin et al. (2018) used the linear relationship between GRACE data and high-resolution evapotranspiration data to

enhance the spatial detail of GRACE-derived groundwater storage anomalies. Similarly, Vishwakarma et al. (2021b) applied

multivariate linear regression to downscale GRACE TWSA, leveraging relationships with water storage fields from WGHM,265

multiple precipitation datasets, evapotranspiration, and two distinct runoff models.

However, although the water-balance equation and spatial averaging are linear operations in theory, the empirical relationships

between GRACE TWSA and fine-scale hydrological variables are often nonlinear in practice. GRACE does not observe many

short-timescale fluxes or individual storage components; it only measures the net mass change integrated over large regions.

Consequently, while GRACE captures the integrated mass-change signal resulting from processes such as soil-moisture dy-270

namics, infiltration, recharge, runoff generation, groundwater–surface-water interactions, and anthropogenic water use, it does
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not directly observe these processes individually; their effects are embedded collectively in the coarse-scale TWS signal, re-

sulting in nonlinear empirical relationships between GRACE TWSA and fine-scale data, including model-derived TWSA. So

generally, linear statistical methods face two key limitations: (i) they cannot represent such nonlinear dependencies between

coarse- and fine-scale variables, and (ii) they produce downscaled estimates without accounting for marginal or joint uncer-275

tainty distributions.

While the first challenge remains difficult to address, a Bayesian framework offers a solution to the second challenge by pro-

viding a posterior distribution for the target variable. It even allows the posterior distribution to be defined indirectly using

sampling techniques like Markov Chain Monte Carlo (MCMC). Recent work has employed MCMC to downscale GRACE

water storage changes, producing groundwater and soil moisture estimates at approximately 12.5 km resolution (Mehrnegar280

et al., 2021).

Although the Bayesian framework addresses uncertainty estimates and can be used to downscale GRACE/-FO data, it struggles

to deal with the first challenge. To tackle this, nonlinear Machine Learning (ML) algorithms have been used in GRACE/-FO

downscaling, including Artificial Neural Networks (ANN) (Miro and Famiglietti, 2018), Boosted Regression Trees (BRT)

(Seyoum et al., 2019), Random Forest (RF) (Jyolsna et al., 2021), Long Short-Term Memory (LSTM) networks (Gorugantula285

and Kambhammettu, 2022) and more recently, Convolutional Neural Networks (CNN) (Gou and Soja, 2024). However, despite

their strengths, ML methods typically lack physical interpretability and fail to provide comprehensive uncertainty estimates,

suggesting that alternative or complementary methods may be needed.

Recently, Tourian et al. (2023) proposed a copula-supported Bayesian framework to tackle the two key challenges in statistical

downscaling: modeling nonlinear dependencies and quantifying uncertainty. This approach is supposed to capture both linear290

and nonlinear dependencies between random variables without requiring explicit knowledge of their marginal distributions.

Using this method, the posterior distribution is obtained directly, enabling the derivation of the Maximum A Posteriori (MAP)

solution as the downscaled product and the posterior dispersion as an uncertainty estimate for the downscaled result.

In contrast to the above mentioned techniques, DA methods take care of the horizontal and vertical downscaling by design. This

is discussed in Section 3.5. Prior to DA, it has to be ensured that the GRACE/-FO data coverage matches with the modeling295

domain.

2.5 Bias correction

As has been mentioned before, the GRACE/-FO data are heavily processed to obtain TWSA estimates (Section 2.2,2.3) that

would be representative of hydrological processes. This processing involves smoothing which inevitably results in signal loss.

To restore the lost signal, some GRACE/-FO products are accompanied by multiplicative gain factors, which are applied to the300

gridded TWSA estimates (Landerer and Swenson, 2012). Furthermore, to combine GRACE/-FO TWSA observations and TWS

simulated by models, the TWSA observations need to be converted to TWS by adding a long-term climatology, or conversely,

the model climatology needs to be removed from TWS simulations before computing bias-free observation-minus-forecast
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differences, or innovations.

As a first order correction, the long-term mean can be either removed from the model within the observation operator (see305

below) – matching the GRACE/-FO reference period – or added to the GRACE/-FO time series prior to DA. It is also possi-

ble to match the higher order statistical moments of the observations to those of the model, which is often done in the case

when assimilating remotely sensed soil moisture observations, to improve physical consistency and numerical stability (Dr-

usch et al., 2005; Kumar et al., 2009; Albergel et al., 2017). To this end, Reichle and Koster (2004) introduced the concept of

Cumulative Distribution Function (CDF) matching, and recent studies developed more sophisticated methods including neural310

network-based approaches (Kumar et al., 2012; Fairbairn et al., 2024). For TWSA DA, the differences in the observed and

simulated dynamic range are often related to differences in amplitudes or trends (Scanlon et al., 2018, 2019). Some GRACE/-

FO DA frameworks adjust both the mean and the standard deviation to match those of the model (Girotto et al., 2017; Khaki

et al., 2020), which can potentially absorb all of the product scaling efforts above (Girotto et al., 2016) but sacrifice informa-

tion contained in the measurements. Other GRACE/-FO DA frameworks prefer to retain the full information content of the315

GRACE/-FO time series and only adjust the long-term mean (Tangdamrongsub et al., 2020; Gerdener et al., 2023).

Ideally, any differences in trends should be reconciled to have a theoretically optimal DA system, but in most cases, the trend of

the GRACE/-FO observations is kept to correct missing trends in the model (due to missing processes). The GRACE/-FO trend

errors are in many regions between 5–30% (or higher in regions strongly affected by GIA e.g., Rodell et al. (2018); Zhao and

Li (2017)) and are then implicitly (suboptimally) considered in the DA framework by weighting both observation and model320

forecast error. The choice of bias correction will eventually influence the nature of the remaining observation and forecast error

covariances (Dee, 2005; Eyre, 2016), which are discussed in Sections 3.3 and 3.4.

3 Status of current GRACE/-FO DA frameworks

The assimilation of GRACE/-FO-derived TWSA into GHMs and LSMs is typically conducted on a monthly timescale as

illustrated in Figure 2. Throughout the month, an ensemble of model states (xf
i in Figure 2) is simulated, representing individual325

water storage compartments. These state variables are translated into observation space, i.e., into TWSA, via an observation

operator (H in Figure 2, Section 3.5). The DA algorithm – most commonly variants of the Ensemble Kalman Filter (EnKF)

or Ensemble Kalman Smoother (EnKS) – integrates model predictions with observations (y in Figure 2) while accounting for

their respective uncertainties. For monthly TWSA DA, the distinction between a filter and smoother is somewhat vague in the

literature, and we will refer to EnKF and EnKS interchangeably, as will be discussed in Section 3.2. In any case, a monthly330

TWSA innovation (di in Figure 2) is computed and usually translated into a monthly increment, or else into a daily increment

(δxi in Figure 2), using the error cross correlations between daily and monthly TWSA forecasts. The increment is then applied

to the first or final day of the month, providing the initial condition for the next model run, or it is distributed across all days

of the current month by rewinding the model and integrating the model for the entire month again (Figure 2). All currently

available continental to global-scale land reanalysis products typically use this ‘filter-like’ approach, i.e. using a filter or a335
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Figure 2. General concept for assimilating monthly GRACE/-FO-derived TWSA into GHMs and LSMs along with most relevant Ensemble

Kalman Filter (EnKF) equations showing two options for applying the assimilation increments: After computing the increments, the model

is either (A) rewound and re-run over the month with the increments δx1
i ...δx

30
i distributed across all days, or (B) updated by applying the

full monthly increment δxm
i at the end of the month. Please note that the equations provided refer to the EnKF and are expressed for each

ensemble member i. The Kalman Gain matrix determines the update weights based on the state and observation error covariance matrices.

X ′f and Y ′f are matrices of forecast state anomalies and forecast state observation-space anomalies, respectively. Each column represents

the deviation of one ensemble member from the ensemble mean. For further details on the equations for other DA algorithms, refer to the

literature cited in Section 3.2.

smoother with non-overlapping short one-month windows, for computational efficiency and because TWS varies at timescales

of less than a month. For long-term reanalysis, longer or moving smoothing windows could be explored in the future, as is done

for atmospheric or oceanographic reanalyses. Note that, in contrast to the above described approaches, some studies combine

GRACE/-FO observations and model output after the model has been run over the entire study period, without incorporating

new information into the model after each update step (van Dijk et al., 2014; Mehrnegar et al., 2023). The following sections340

provide a detailed discussion of each step outlined in Figure 2. For ease of reference, key DA terminology is summarized in

the glossary (Appendix A).

3.1 Review of existing GRACE/-FO DA frameworks

Table 2 provides a detailed overview of existing GRACE/-FO DA frameworks and their characteristics, along with an evolution

of these frameworks. The frameworks exhibit notable differences in terms of filter algorithms, perturbation processes, model345
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update strategies, selected GRACE/-FO solutions, and approaches to dealing with observation errors.

In their seminal paper, Zaitchik et al. (2008) utilized three years of GRACE data, which were incorporated into the CLSM

model as catchment-averaged time series for four subbasins of the Mississippi river basin. Later, this framework has been

extended and applied for exploring technical aspects of the DA process, such as strategies for applying analysis increments

(Girotto et al., 2016). Concurrently, various GRACE/-FO frameworks based on different models have been developed. For350

instance, the WGHM model was integrated within a joint calibration and DA framework (Eicker et al., 2014), a W3RA-based

DA framework was employed to investigate water balance components over Australia (Tian et al., 2017), and DA schemes

for different LSMs were developed for investigating trends in different water storage compartments (Springer et al., 2019; Nie

et al., 2019; Zhao and Yang, 2018; Stampoulis et al., 2019). Today, there are at least 12 GRACE/-FO DA frameworks based

on different GHMs and LSMs, and most of the studies to date have been conducted for CLSM and W3RA (Figure 3a). These355

frameworks have been primarily developed and tested for individual river basins rather than globally, the majority of which

are located on the North American continent, while only a small number of GRACE/-FO studies have been conducted for the

South American and African continents (Figure 3b).

Table 2 highlights that most GRACE/-FO DA frameworks use the classical EnKF or EnKS approaches, but the effectiveness

of other sequential DA algorithms has also been evaluated (Schumacher et al., 2016; Khaki et al., 2017b) along with non-360

parametric alternatives (Khaki et al., 2018d). Initially, GRACE/-FO data was assimilated at the basin or subbasin scale, but later

studies explored a range of grid sizes, typically from 0.5° to 4° (Khaki et al., 2017c). So far, no cross-framework consensus has

been reached regarding the optimal choice for the observation grid. It is crucial to consider that for higher-resolution observation

grids, obtained after downscaling (Section 2.4), the examination of spatial correlations is a logical approach (Khaki et al.,

2017c; Springer, 2019), given the inherent limitations in the spatial resolution of GRACE/-FO data, but this is not done as a365

standard so far (Figure 3d). At the time of the initial GRACE-DA studies, only GRACE solutions in the form of SH coefficients

were available. However, subsequent studies have employed not only mascon solutions but also Level-3 TWSA products

derived from SH solutions, which require less preprocessing efforts (Figure 3c, Section 2.2). As spatial filtering is employed

in the processing of SH solutions, which attenuates signals, approximately half of the studies utilize a rescaling procedure

to restore filtered signals (see Section 2.2 for further details). To date, the majority of studies have been conducted using370

SH solutions, which permit the consideration of spatial correlations via the full error covariance matrices of the coefficients,

which can then be propagated onto the observation grid. In contrast, studies utilizing mascon solutions or Level-3 data may

alternatively assume a fixed correlation length (Figure 3d). The latest research developments have begun to explore the direct

incorporation of GRACE/-FO Level-1b data, represented by along-orbit line-of-sight gravity difference (LGD) measurements

(Khaki et al., 2023). This approach overcomes the limitations of the conventional method, offering enhanced performance in375

capturing high-frequency TWSA observations, including at submonthly time scales (Section 6.3).

In recent years, multi-sensor DA frameworks have gained popularity, through a combination of GRACE/-FO data with other

satellite data to better constrain the DA (see Section 1). To the best of our knowledge, only the CLSM-based GRACE/-FO

DA framework has been used operationally, i.e. for the NASA drought monitor for groundwater and soil moisture conditions
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Figure 3. Statistics of common settings in GRACE/-FO DA experiments, including the (a) hydrological model used, (b) continent of study,

(c) GRACE/-FO observation product (analysis approach), and (d) observation error model (Status as of October 2024).

https://nasagrace.unl.edu/ (Houborg et al., 2012; Li et al., 2019; Getirana et al., 2020b). Recently, the groundwater storage380

changes from the GLWS2.0 dataset developed at the University of Bonn via assimilating GRACE/-FO TWSA data into the

WaterGAP model have been integrated into the operational water and biodiversity risk assessment tools of the WWF (WWF,

2024).
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Table 2: Overview on GRACE/-FO DA frameworks and conducted studies (Status as of November 2024). Please refer to

Table 1 for details on the models in the first column. Abbrevations: R.B.: River Basin, MC: mascon, SH: Spherical Harmonics,

no: not available, EnKS: Ensemble Kalman Smoother, EnKF: Ensemble Kalman Filter, LETKF: Local Ensemble Transform

Kalman Filter, LGD: line-of-sight gravity difference, SQRA: Square root Analysis, K.-Takens: Kalman Takens, EnSRF: En-

semble Square Root Filter, UWCenKF: Unsupervised Weak Constrained ensemble Kalman Filter, AEnKF: Adaptive Ensem-

ble Kalman Filter, EAKF: Ensemble Adjustment Kalman Filter, SVM: Support Vector Machine, LEnKF: Localized Ensemble

Kalman Filter, ∗: includes several GLDAS models (CLM, Mosaic, NOAH, VIC, W3RA), SM: soil moisture, GW: groundwater

Assimilation System GRACE/-FO Data Application

Model Study Area Technique Type Grid Corr References Scope

CLSM Mississippi R.B. EnKS SH subbasins no Zaitchik et al. (2008) spatial, temporal, vertical downscaling

Mackenzie R.B. EnKS SH,MC subbasins no Forman et al. (2012) GRACE-DA in a snow dominated catchment

North America EnKS SH subbasins no Houborg et al. (2012) drought indicators based on GRACE-DA

Europe EnKS SH subbasins no Li et al. (2012) drought monitoring

Mackenzie R.B. EnKS synth. subbasins no Forman and Reichle

(2013)

impact of observation grid

Missouri R.B. EnKS Level-3 1◦ no Reager et al. (2015) regional flood potential

USA EnKS Level-3 1◦ 3◦ Girotto et al. (2016) strategies for applying analysis increments

USA EnKS Level-3 1◦ no Kumar et al. (2016) integration of GRACE data into the NLDAS sys-

tem

India EnKS Level-3 1◦ 3◦ Girotto et al. (2017) TWS depletion

global EnKS MC 0.5◦ 2◦ Li et al. (2019) improved modeling of GW storage variations

USA EnKF Level-3 3◦ 2◦ Girotto et al. (2019) improved shallow GW estimation

West Africa EnKS MC 0.5◦ no Jung et al. (2019) improved modeled surface SM

West Africa EnKS MC 0.5◦ no Getirana et al. (2020a) improved seasonal streamflow forecast

USA EnKS MC 0.125◦ no Getirana et al. (2020b) seasonal hydrological forecast initialization

USA EnKS MC 0.125◦ no Getirana et al. (2020b) seasonal hydrological forecast initialization

Volga R.B. EnKS synth. 1◦ 300

km

Wang et al. (2021) improved snow water and TWS estimates

global EnKF MC 3◦ 2◦ Felsberg et al. (2021) landslide prediction

North America EnKS SH 4◦ no Su et al. (2010) improved snow estimation

CLM3.5 Europe LETKF SH 0.5◦ cov Springer et al. (2019) daily hydrological loading in GPS time series

Europe LETKF SH 0.5◦ cov Klos et al. (2021) noise in daily GPS time series

WGHM Mississippi R.B. EnKF SH 5◦ cov Eicker et al. (2014) joint calibration and DA

Mississippi R.B. multiple synth. 5◦ cov Schumacher et al. (2016) impact of error correlations

Murray-Darling R.B. EnKF SH 0.5◦ cov Schumacher et al. (2018) drought representation

South Africa EnKF SH 4◦ cov Gerdener et al. (2022) signatures in precipitation - water storage - vege-

tation - evapotranspiration

global EnKF SH 4◦ no Gerdener et al. (2023) global land water storage dataset release 2

global LESTKF SH 4◦ cov Gerdener (2024) global land water storage dataset release 3

Mississippi R.B. EnKF SH 4◦ cov Schulze et al. (2024) joint DA with streamflow observations

Continued on next page...
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Continued from previous page

Model Study Area Filter Type Grid Corr References Scope

GLDAS∗ global EnKF SH 1◦ no van Dijk et al. (2014) a global water cycle reanalysis

wflow_hbv Rhine R.B. EnKF SH subbasins no Tangdamrongsub et al.

(2015)

improved GW estimates

W3RA Australia EnKS MC 3◦ no Tian et al. (2017) improved water balance components

Australia multiple SH 1◦ cov. Khaki et al. (2017b) assessing sequential DA techniques

Australia SQRA SH mult. cov. Khaki et al. (2017c) impact from spatial error correlations, localiza-

tion

Australia K.-Takens SH 1◦ cov. Khaki et al. (2018d) investigating alternative DA approaches

Bangladesh SQRA SH 1◦ cov. Khaki et al. (2018b) subsurface water storage depletion

Iran SQRA SH 1◦ cov. Khaki et al. (2018c) water storage depletion

multiple R.B. UWCEnKF SH 3◦ cov. Khaki et al. (2018a) new DA technique

Mississippi R.B.,

Murray Darling R.B.

SQRA,

K.-Takens

SH 3◦ cov. Khaki et al. (2019) Assimilating multi-mission satellite products

South America EnSRF SH 3◦ cov. Khaki and Awange

(2019)

improved GW and SM estimates

Mississippi R.B.,

Murray Darling R.B.

UWCenKF SH 1◦ cov. Khaki et al. (2020) multi-mission DA

global, selected R.B. EnKS,

EnKF

SH mult. cov. Yang et al. (2024) a generalized framework for GRACE/-FO DA

High Plain Aquifers ConBay SH 0.1◦ no Mehrnegar et al. (2023) multi-sensor DA, improved simulated GW

global EnKF SH, LGD 1◦ no Khaki et al. (2023) new DA approach based on Level-1 data

Brahmaputra R.B. EnKS/EnKF SH subbasins no Retegui-Schiettekatte

et al. (2025)

daily TWSA DA during flood events

PCR- Hexi Corridor (China) EnKS SH 0.5◦ cov. Tangdamrongsub et al.

(2017)

improved water resources estimates

GLOBWB Australia EnKS SH 0.5◦ cov. Tangdamrongsub et al.

(2018)

GW storage variations

Central S.-E. Asia EnKS SH 0.5◦ 3◦ Tangdamrongsub and

Šprlák (2021)

hydrology-induced land deformation

AWRA-L Murrumbidgee R.B. EnKF synth. basin no Shokri et al. (2018) assimilation into a high-resolution model

Murray-Darling AEnKF MC 3◦ no Shokri et al. (2019) alternative assimilation algorithms

CLM4 global EAKF MC-daily 1◦ no Zhao and Yang (2018) robust global SM and snow estimation

global EAKF MC-daily 1◦ no Wu et al. (2022) improved river discharge estimation

CLM5 East Asia EAKF MC 0.5◦ no Chi et al. (2024) hydrological trends

Noah-

MP

High Plains Aquifer EnKS MC 0.5◦ no Nie et al. (2019) irrigation induced GW trends

VIC Central Valley direct in-

sert

MC 0.5◦ no Stampoulis et al. (2019) improved representation of water table

CABLE Goulburn R.B. EnKS SH basin - Tangdamrongsub et al.

(2020)

improved SM and GW estimates

North China Plane EnKF SH, MC 1◦ cov. Yin et al. (2020) improved water storage estimates

Continued on next page...
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Model Study Area Filter Type Grid Corr References Scope

MESH Liard R.B. EnKS SH basin - Bahrami et al. (2021) improved snow simulations

Noah North-East US EnKF,

SVM

MC 0.5◦ no Liu et al. (2021) combined machine learning and DA approach

ParFlow-

CLM

part of Iran EnKF SH 1◦ no Soltani et al. (2024) DA in a coupled surface-subsurface model

MGB Amazon R.B. LEnKF Level-3 subbasins no Wongchuig et al. (2024) advances in multi-observational DA

3.2 DA algorithms

Most TWSA DA studies use a variant of the sequential EnKF or EnKS (Evensen, 1994, 2009; Lorenz et al., 2015). For monthly385

GRACE/-FO TWSA DA, the line between the EnKF and EnKS is vague in literature. Whereas a filter typically assimilates

observations at one instant, a smoother would assimilate observations at multiple time steps over a longer observation window.

One can state that the assimilation of a single monthly GRACE/-FO TWSA observation at one instant is done through an

EnKF. However, since the TWSA is a monthly aggregate, it is often used to update an entire time window of state variables

in a retrospective analysis and this process is then often referred to as an EnKS (e.g., Zaitchik et al., 2008; Li et al., 2012;390

Forman et al., 2012; Kumar et al., 2016; Tian et al., 2017; Li et al., 2019; Getirana et al., 2020b; Wang et al., 2021; Bahrami

et al., 2021; Tangdamrongsub and Šprlák, 2021). In any case, the EnKF and EnKS represent the probability distribution of the

system state using a dynamic ensemble of model simulations (see Equations 27 to 39 in (Nerger et al., 2005)), and thereby

overcome the need for a linear(ized) model to analytically propagate the forecast uncertainty in a traditional (extended) Kalman

filter or smoother. The ensemble approach is computationally efficient, making it suitable for large-scale systems and real-time395

applications, and can further provide uncertainty estimates for both state variables and parameters. Nevertheless, all ensemble

techniques are sensitive to the choice of ensemble size, which can lead to sampling errors, especially with small ensemble

sizes or in highly nonlinear systems. In such cases, the ensemble may fail to capture the true variability of the system, and

it is particularly prone to collapse, meaning that all ensemble members converge to the same state (Mitchell et al., 2002).

Furthermore, strictly speaking the EnKF and EnKS are optimal and unbiased only when errors are Gaussian (Section 3.4),400

however unless strong nonlinearities lead to violations of this assumption they usually work in a satisfactory way. This is a

known limitation and can result in biased estimates. In the context of GRACE/-FO DA, recent advancements have sought to

address these issues through techniques such as localization (Hunt et al., 2007), covariance inflation (Anderson and Anderson,

1999), and modifications of the EnKF or EnKS, including square root filters (Tippett et al., 2003) and alternative methods like

particle filters (Crisan, 2001).405

Localization is supposed to mitigate spurious long-range correlations, restrict the influence of observations on nearby grid

cells, and improve performance with limited ensemble sizes. This can be achieved either through covariance localization,

which modifies the forecast error covariance matrix (Σf
xx in Figure 2) using a distance-dependent tapering function, or through

domain-based localization, where the analysis is performed independently for local regions or grid points (Kirchgessner et al.,

2014; Evensen et al., 2022), or a combination of both. These two approaches imply that long-range correlations in the forecast410
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error covariance matrix are damped or removed, respectively. In the case of covariance localization, the influence of distant

observations on model state updates is reduced by damping error cross-covariances between state variables and observation

predictions. The covariance localization scale is typically set to a multiple of the spatial autocorrelation length in the forecast

errors. Meanwhile, via domain localization, the state update is restricted to the assimilation of nearby observations within

an influence radius, as illustrated in Figure 2 of De Lannoy et al. (2016) for the case of soil moisture DA. Most often, both415

approaches are used together. Thus, both localization approaches mitigate the impact of spurious error correlations in GRACE/-

FO TWSA data and have proven highly beneficial for GRACE/-FO DA (Schumacher, 2016; Khaki et al., 2017c). Additionally,

covariance inflation methods, which prevent filter divergence by artificially increasing the ensemble forecast spread, are com-

monly applied in GRACE/-FO DA frameworks (Khaki et al., 2020; Gerdener et al., 2023).

Square root filters, such as the Ensemble Transform Kalman Filter and the Ensemble Adjustment Kalman Filter, were designed420

for improved numerical stability and reduced sampling errors compared to the standard EnKF (Schumacher et al., 2016; Khaki

et al., 2017b). Particle filters and smoothers, also known as Sequential Monte Carlo methods, are another class of sequential

DA techniques that have been applied for GRACE/-FO DA (e.g., Khaki et al., 2017b, 2018d). These techniques utilize a set

of particles to represent the probability distribution of the system state, propagating these particles through the model and

weighting them based on their agreement with the observations. However, particle filters and smoothers are computationally425

more demanding, especially for high-dimensional systems.

More recently, machine learning algorithms in conjunction with traditional DA methods have been put forward to assimi-

late GRACE/-FO data. For instance, Liu et al. (2021) proposed a support vector machine framework integrated with DA for

groundwater level forecasting using GRACE/-FO data. The effectiveness of such hybrid approaches depends on the availabil-

ity of high-quality training data and the ability to generalize across different hydrological contexts. Such data-driven methods430

have also been extensively applied to reconstruct past (Humphrey et al., 2017) and forecast future (Li et al., 2024) GRACE-like

TWSA. To clarify the relative strengths and limitations of the DA methods discussed in this part, Table 3 provides a structured

comparison of their computational requirements, underlying assumptions, advantages, and known challenges in the context of

GRACE/-FO TWSA assimilation.

20



Table 3. Comparison of DA methods and ensemble tuning techniques commonly applied in GRACE/GRACE-FO DA cases. Computational

cost is rated qualitatively: ★✩✩✩✩ (low), ★★✩✩✩ (moderate), ★★★✩✩ (moderate–high), ★★★★✩ (high), ★★★★★ (very high).

Method / Tech-

nique

Computational

Cost

Key Assumptions Strengths Limitations / Notes

EnKF ★★✩✩✩

(moderate)

Assumes Gaussian

unbiased errors; en-

semble approximates

covariance

Efficient for large-scale hydrol-

ogy; real-time capable; uncer-

tainty quantification

Sampling errors for small en-

sembles; prone to ensemble col-

lapse; requires localization and

inflation

EnKS ★★★✩✩

(moder-

ate–high)

Same as EnKF; as-

sumes temporal er-

ror correlation over

smoothing window

Improved temporal consistency;

suitable for monthly GRACE/-

FO assimilation windows

Higher memory and computa-

tional cost; retrospective only

Square-root filters

(ETKF, EAKF,

ESTKF)

★★✩✩✩

(moderate)

Same Gaussian as-

sumptions as EnKF

Uncertainty quantification,

reduced sampling noise; im-

proved numerical stability;

smaller ensembles possible

Still requires localization and

inflation; additional linear alge-

bra steps

Particle Fil-

ters / Particle

Smoothers

★★★★★

(very high)

No Gaussian assump-

tion; fully general

Bayesian formulation

Handles nonlinear and non-

Gaussian dynamics; accommo-

dates multimodal states

Computationally infeasible for

global LSMs; particle degener-

acy unless many particles are

used

Hybrid Machine

Learning–DA

★✩✩✩✩ –

★★★✩✩

(variable)

Requires representa-

tive training data; as-

sumes model transfer-

ability

Can reduce structural model er-

ror; enables downscaling or em-

ulation; useful where physics

are weak

Can generalize poorly;

GRACE/-FO record is short;

physical consistency may

weaken

Localization

(covariance or

domain)

★★✩✩✩ –

★★★✩✩

Forecast error correla-

tions decay with dis-

tance

Mitigates spurious long-range

correlations; essential for small

ensembles; improves stability in

GRACE/-FO DA

Choice of radius is subjective;

too strong localization distorts

updates; often combined with

inflation

Covariance Infla-

tion

★✩✩✩✩

(low)

Forecast ensemble

under-dispersion

can be corrected

multiplicatively or

additively

Prevents filter divergence;

widely used in GRACE/-FO

DA; prevents underestimation

of forecast model error covari-

ance

Over-inflation causes noise or

instability; parameters often

tuned empirically

Adaptive Inflation ★★✩✩✩

(moderate)

Innovation statistics

correspond to correct

ensemble spread

Online tuning reduces need

for offline sensitivity tests; im-

proves filter robustness

Additional computation; may

react poorly to biased observa-

tions or large model error
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3.3 Observation errors435

After bias correction (Section 2.5), GRACE/-FO data still contains inherent errors that, if not adequately accounted for, can

propagate through the assimilation process and affect the accuracy and reliability of the assimilated model version. In tradi-

tional EnKF and EnKS approaches, observations are perturbed with additive noise to represent the random error.

The first GRACE/-FO DA studies assumed spatially uniform and uncorrelated errors in the range of 10 mm to 30 mm equiva-

lent water height (Zaitchik et al., 2008). However, in reality the observation errors may not be uniformly distributed across the440

observed area (Section 2.2) and Eicker et al. (2014) highlighted the importance of understanding the impact of anisotropically

correlated TWSA observation errors on state estimates. Since then, three major strategies have emerged to address this issue,

which are applied either individually or in combination. First, the grid spacing can be chosen to match the native resolution

of the TWSA maps, resulting in either thinning or aggregation of the grid, typically to 3° or 4° spacing (Eicker et al., 2014;

Khaki et al., 2017c; Girotto et al., 2019; Gerdener et al., 2023). However, this means that some possible signal loss is accepted.445

Second, spatial correlations between observation grid cells may be taken into account either by prescribing a fixed correlation

length, typically 3°, or by taking into account full error covariance matrices (Shokri et al., 2019; Tangdamrongsub and Šprlák,

2021; Wang et al., 2021). Third, researchers have proposed localization techniques that account for spatial correlation errors in

the DA process (Tangdamrongsub et al., 2017; Gerdener, 2024). By ensuring that the influence of observations is appropriately

weighted based on their spatial proximity to model grid points, these techniques can enhance the reliability of GRACE/-FO450

data integration into numerical models by limiting in particular the impact of spurious long-range correlations (Khaki et al.,

2017c).

3.4 Forecast errors

In ensemble-based DA approaches, the forecast uncertainty is estimated by perturbing key components such as forcing data,

state variables, and model parameters (Table 4). The perturbation scheme is designed based on the assumption that model un-455

certainties are unknown and are propagated from model inputs (e.g., forcing data), configuration (such as number of soil layers

and static parameters), and model physics. However, due to the finite ensemble size, the perturbation process can introduce

unrealistic long-range correlations within the ensemble. In high-dimensional systems, a small ensemble struggles to represent

the true error structures accurately.

Forcing data such as precipitation, temperature, and solar radiation are usually obtained from global atmospheric reanalyses460

and often perturbed by adding or multiplying random noise to represent uncertainties in these variables. Spatial correlation

errors are often introduced during the perturbation process, to reflect the reality that reanalysis errors are often spatially cor-

related, e.g., due to topography influences. Additionally, correlations among variables can be accounted for to preserve the

proper interactions between forcing variables during DA (Reichle et al., 2007).

Perturbing state variables – such as soil moisture or snow, which define the current condition of the system – ensures that the465

ensemble represents a range of possible states. This becomes especially important when the perturbation from forcing data is
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small or does not impact all state variables that contribute to TWS. In GRACE/-FO DA, state variables typically include all

components of TWS, such as soil moisture, groundwater, and snow. However, the choice of which state variables to perturb

depends on the design of the DA scheme and the model employed. While perturbing all variables contributing to TWS is one

option, another approach is to perturb only a few selected state variables, or alternatively, to use only parameter perturbation,470

as described below (Nie et al., 2019; Tangdamrongsub et al., 2018; Springer et al., 2019). Introducing correlations among TWS

variables can also help maintain realistic interactions and behavior in the TWS estimates (Kumar et al., 2016). This ensures

that the ensemble better reflects the system’s actual dynamics during the DA process. Challenges may arise from non-Gaussian

behaviour of variables contributing to TWS (Section 5.3).

Finally, parameters that govern hydrological processes and/or describe soil properties can be perturbed to reflect uncertainties475

in the physical or empirical relationships within the model. In real-world applications, many parameters are either estimated

from limited data, or based on assumptions that may not be valid under all conditions. Perturbing these parameters allows the

ensemble to explore a range of possible model behaviors, which is crucial for accurately estimating the true state of the system,

especially when certain model processes are poorly formulated. The implementation of parameter perturbation may be simpler

in models where parameters are pre-calculated (Tangdamrongsub et al., 2017), but it becomes more complex in models where480

parameters are determined dynamically, such as through look-up tables (Peters-Lidard et al., 2007). Dedicated studies are often

required to determine the sensitivity of model parameters and uncertainty ranges, ensuring that the perturbations adequately

capture the variability (Benke et al., 2008; Herrera et al., 2022).

The above perturbations may create an unintended bias in the forecast errors. To address this, the ensemble can be readjusted

after each perturbation step to better fit a Gaussian distribution, using an unperturbed model run in parallel with the ensemble to485

correct the mean perturbation bias (Ryu et al., 2009). Furthermore, modern DA systems also provide opportunities to calibrate

forecast uncertainties automatically during runtime, rather than relying solely on offline perturbation design. Techniques such

as adaptive covariance inflation (Anderson, 2007) and relaxation-to-prior-spread (RTPS) or relaxation-to-prior-perturbations

(RTPP) (Whitaker and Hamill, 2012) dynamically adjust ensemble spread using innovation statistics to compensate for under-

or over-dispersive ensembles. In addition, stochastic model error estimation and hierarchical Bayesian approaches allow pertur-490

bation magnitudes or model error parameters to be updated online (Ruiz et al., 2013; Berry and Harlim, 2017). These automated

strategies reduce the reliance on extensive offline sensitivity analyses and enable forecast uncertainties to evolve consistently

with model–observation discrepancies.
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Table 4. Summary of perturbations applied in various hydrological and land surface models for GRACE/-FO DA, including the types of

state variables, meteorological forcing variables, and calibrated parameters perturbed. CD: Catchment deficit, SE: Surface excess, SMC:

soil moisture; SWE: snow water equivalent; GW: groundwater storage; PCP: precipitation; SWR: shortwave radiation; LWR: longwave

radiation; RAD: radiation; TEMP: air temperature; minT/maxT: minimum/maximum air temperature; PET: potential evapotranspiration;

infR: infrared surface temperature; SysE: systematic error; radE: random error; TRMM: Tropical Rainfall Measuring Mission; maxDrain:

maximum subsurface drainage rate; DrainRt: drainage rate; TWS: terrestrial water storage, see Table 1 for model abbreviations.

Model Perturbed state

variable

Perturbed meteorological

forcing variable

Perturbed parameters

(input or calibrated)

Reference

AWRA-L – PCP (50%), RAD (30%),

minT (0.3°), maxT (0.25°)

– Shokri et al. (2018)

CABLE – SWR (10%), TEMP (10%),

PCP (TRMM product)

Soil texture (10%),

Saturated fraction (10%),

maxDrain (10%),

DrainRt (10%)

Tang et al. (2020)

CLM – PCP (30%), SWR (30%),

LWR (30 W/m2), TEMP (2°)

Soil texture (10%) Su et al. (2010);

Springer et al. (2019)

CLM-ParFlow – PCP (10%) Soil texture (10%) Soltani et al. (2024)

CLSM CD (0.02 mm),

SE (0.05 mm),

SWE (0.12%)

PCP (50%), SWR (30%),

LWR (50 W/m2)

– Reichle et al. (2007);

Girotto et al. (2016)

MESH SWE (0.0004 mm) PCP (50%), SWR (30%),

LWR (20 W/m2)

– Bahrami et al. (2021)

MGB – PCP (25% SysE and 70% radE) Several storage, residence time

and river related parameters

Wongchuig et al.

(2024)

Noah – PCP, TEMP, RAD, infR,

TEMP (1% of mean)

– Liu et al. (2021)

Noah-MP SMC

(10−5-10−4mm3/mm3),

GW (0.01 mm)

PCP (30%), SWR (30%),

LWR (50 W/m2)

– Nie et al. (2019)

PCR-GLOBWB – TEMP (2°), PET (30%),

PCP (TRMM product)

15 TWS-related

parameters (20%)

Tangdamrongsub et al.

(2017)

wflow_hbv – PCP (10%), TEMP (15%),

PET (15%)

SMC and runoff routine

parameters (10%)

Tangdamrongsub et al.

(2015)

WGHM – PCP (30%), TEMP (2°) 22 parameters Eicker et al. (2014);

Schumacher et al.

(2016)

W3RA – PCP (60%), SWR (50 W/m2),

TEMP (2°)

– Tian et al. (2017)
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3.5 Innovations and increments

When assimilating GRACE/-FO data into models, key considerations include the mismatch in spatial and temporal resolution,495

along with the decision of whether to compute innovations and increments at the observation or model resolution (in space

and time). Today, the most common approach for assimilating GRACE/-FO data is to use monthly TWSA maps, which have a

coarse spatial resolution (∼300 km), capturing large-scale changes in TWS. In contrast, GHMs or LSMs operate at much finer

spatial (order of km) and temporal (daily or subdaily) scales. This discrepancy creates a challenge, as localized water storage

dynamics (such as small-scale groundwater variations or snow in complex terrains) may be smoothed out in the GRACE/-500

FO observations (Section 5.2.2). Recent research has also explored submonthly assimilation intervals using weekly or daily

observation datasets (Khaki et al., 2017c; Wu et al., 2022; Khaki et al., 2023; Retegui-Schiettekatte et al., 2025), which is

discussed in detail in Section 6.2.

Depending on the temporal and spatial scale at which model simulations and observations are compared, GRACE/-FO DA

can be categorized into two types: DA with TWSA innovations computed at the spatial and temporal resolution of GRACE/-505

FO observations, and DA with TWSA innovations calculated at the model’s spatial resolution which is generally finer than

that of GRACE/-FO data. The latter choice is unique to GRACE/-FO DA – see Section 5.2 for a discussion of the specific

challenges associated with each approach. In most GRACE/-FO DA frameworks, TWSA forecasts (also called observation

predictions) are computed at the resolution of the GRACE/-FO observations. The daily or subdaily model state variables

(groundwater, soil moisture,...) at the pixel scale are mapped to monthly coarser-scale TWSA observation predictions. TWSA510

innovations are formed by taking the difference between observation predictions and GRACE/-FO observations, and these

TWSA innovations are then projected to model state increments via error cross covariances between these state variables and

their associated TWSA observation predictions (Figure 2). This process involves several steps that are implemented in the

observation operator (Reichle et al., 2014): (i) computing TWS(A) for each model grid cell by summing individual storage

compartments (and possibly removing the climatology), (ii) spatially aggregating model grid cells to match the GRACE/-FO515

observation grid, and (iii) temporally aggregating the modeled observation predictions to the monthly GRACE/-FO observation

frequency, by averaging all or select days within the month. The second approach takes on a simplified strategy by interpolating

or downscaling GRACE/-FO data directly onto the model’s finer grid, where innovations are then computed independently at

each model grid cell (Tangdamrongsub et al., 2015; Nie et al., 2024; Chi et al., 2024).

Assimilation increments are computed for each entry of the state vector. Typically, the state vector is filled with water storage520

in individual compartments, such as root-zone soil moisture, snow, and groundwater of considered model grids, allowing for

the disaggregation of TWSA updates during the DA process (Khaki et al., 2017b; Gerdener et al., 2023). However, storage

compartments with a small contribution to the overall TWS variability, such as canopy water, are often excluded from the state

vector to prevent instabilities and spurious updates in these variables. For monthly GRACE/-FO DA, monthly increments are

computed using the state error covariances on the last day of the month, or the monthly increment is computed as an average525

of daily resolved increments (Girotto et al., 2016). This monthly increment is then applied either to the first day or the last day
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of the month or distributed across all days by iterating through the entire month again.

In addition to updating model state variables, model parameters can also be adjusted during DA by augmenting the state vector

with parameters sensitive to TWSA observations (Schumacher et al., 2016). This approach requires a prior sensitivity study to

identify the most relevant parameters.530

4 Validation of DA experiments

This section discusses the validation of GRACE/-FO DA experiments using independent observation-based datasets, where

different metrics are applied and tailored to the variables of interest and the specific applications. Key challenges such as data

sparsity, scale mismatches, and uncertainty quantification are addressed.

4.1 Commonly used validating variables and metrics535

Hydrological applications often use GRACE/-FO TWSA observations to benchmark GHMs or LSMs (Scanlon et al., 2018;

Jensen et al., 2019). However, once GRACE/-FO data is assimilated, it can obviously no longer serve as an independent valida-

tion dataset. Since direct TWS measurements are rare, the performance is typically evaluated using independent observations

corresponding to the model’s storage components (e.g., soil moisture, groundwater, snow water equivalent (SWE)) or to fluxes

impacted by the assimilation (such as runoff, streamflow, river water levels, and evapotranspiration (ET)). Recently, GPS mea-540

surements of vertical land motion have also been used as a reference dataset for validation. It is important to note that datasets

used as model inputs, or observational constraints for assimilation in addition to GRACE/-FO TWSA are not independent.

Validation metrics can be broadly categorized into bias and variance dimensions. Bias metrics assess systematic errors be-

tween model and reference targets, including bias, Mean Absolute Error (MAE), Root Mean Square Error (RMSE), trends,

and climatology (seasonal amplitude and phase). Root Mean Square Difference (RMSD) is sometimes used in place of RMSE545

when the reference dataset is not considered as a definitive “ground truth” to highlight discrepancies between datasets without

implying that one is entirely accurate. Besides, because models, satellite retrievals, and in situ measurements involve different

assumptions that may reflect real-world dynamics differently, they typically exhibit very different mean values and variability,

therefore absolute bias evaluations are not always meaningful (Reichle and Koster, 2004). Instead, unbiased RMSE or RMSD

(ubRMSE or ubRMSD) can be used to isolate variance-related errors by removing bias (Girotto et al., 2016).550

Variance metrics focus on capturing how much the model outputs vary from their expected values or fluctuate over time. Com-

mon metrics include Pearson or rank correlation (on raw, deseasonalized, or detrended data), or more integrated metrics such

as Nash-Sutcliffe Efficiency (NSE) and Kling-Gupta Efficiency (KGE) coefficients. However, deseasonalizing and detrending

rely on assumptions, like a fixed seasonal cycle or linear trend. These assumptions can introduce errors, especially in complex,

nonlinear, or non-stationary systems (Nie et al., 2024). Removing information based on such assumptions effectively inserts555

distortions into the data, which can significantly affect the validation results. For instance, nonstationary TWS changes, driven

by climate change and human activities, are increasingly prevalent (Rodell et al., 2018; Humphrey et al., 2016; Nie et al.,
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2024). In such a context, validation strategies may consider robustness and flexibility on data distribution assumptions. For

instance, some studies (Kumar et al., 2018) apply information theory (Shannon, 1948) to assess whether the model captures

inherent variability and randomness in observations without assuming linearity or stationarity.560

Another emerging focus is evaluating whether GRACE/-FO DA enhances the representation of extreme events like droughts

and floods (Houborg et al., 2012; Reager et al., 2015; Li et al., 2019; Jung et al., 2019; Khaki et al., 2023). However, validating

drought performance is challenging due to differences in propagation times and speeds across indicators. For example, vali-

dating a TWS-based drought indicator using a vegetation or precipitation-based drought indicator is difficult, as each responds

differently to drought conditions over space and time. Furthermore, establishing a consistent ground truth for droughts is com-565

plicated due to human activities. For instance, during a severe drought, responding with increased irrigation may maintain soil

moisture levels, making soil moisture-based drought indicators less representative of actual drought conditions.

Overall, the design of validation depends on the goal of the application, reasonable assumptions regarding the properties of

the variable of interest, and the availability of reliable observational data. A non-exhaustive list of commonly used datasets,

variables, and metrics in GRACE/-FO assimilation validation can be found in Table 5.570
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Table 5. Non-exhaustive list of commonly used datasets, variables, metrics and exemplary references in GRACE/-FO assimilation validation.

Abbreviations: SCAN: Soil Climate Analysis Network, USCRN: United States Climate Reference Network, ISMN: International Soil Mois-

ture Network, NASMD: North American Soil Moisture Database, ESA CCI: European Space Agency Climate Change Initiative, ASCAT:

Advanced Scatterometer, SMOS: Soil Moisture and Ocean Salinity, SMAP: Soil Moisture Active Passive, USGS: United States Geologi-

cal Survey, NSW: New South Wales, CMC: Canadian Meteorological Centre, GHCN: Global Historical Climatology Network, SNODAS:

Snow Data Assimilation System, GRDC: Global Runoff Data Centre, LEGOS: Laboratoire d’Etudes en Géophysique et Océanographie

Spatiales, ALEXI: Atmosphere-Land Exchange Inverse model, MODIS: Moderate-resolution Imaging Spectroradiometer, GLEAM: Global

Land Evaporation Amsterdam Model, USDM: United States Drought Monitor, NDVI: Normalized Difference Vegetation Index, FDM: Flood

and Drought Monitor, SPI: Standardized Precipitation Index, GNSS: Global Navigation Satellite System, R: Correlation, ubRMSD: unbiased

Root Mean Square Difference, RMSE: Root Mean Square Error, MAE: Mean Absolute Error, RMSD: Root Mean Square Difference, NSE:

Nash-Sutcliffe Efficiency, KGE: Kling–Gupta Efficiency

Validation Target Source of Reference Dataset Validation Metrics References

Surface/Root-zone

Soil Moisture

SCAN, USCRN, Australia in situ

(OzNet, OzFlux, CosmOz), ISMN,

NASMD, ESA CCI, ASCAT, SMOS,

SMAP

R, ubRMSD, bias, RMSE,

Triple Collocation, First

Order Reliability Measure

Houborg et al. (2012), Girotto et al. (2019),

Tian et al. (2017), Kumar et al. (2016),

Khaki et al. (2023), Zhao and Yang (2018),

Nie et al. (2019), Jung et al. (2019), Soltani

et al. (2024)

Groundwater

Storage / Level

USGS, Illinois Water State Survey,

Australia Groundwater Explorer, NSW

groundwater archive, Central Ground

Water Board of India

R, Anomaly R, TheilSen

Slope, RMSE, Taylor Dia-

gram

Zaitchik et al. (2008), Houborg et al.

(2012), Reager et al. (2015), Girotto et al.

(2017), Kumar et al. (2016), Tian et al.

(2017), Li et al. (2019), Getirana et al.

(2020b)

Snow Water Equiv-

alent / Snow Depth

CMC, GHCN, SNODAS, Copernicus

SWE dataset

MAE, R, RMSE Su et al. (2010), Forman et al. (2012), van

Dijk et al. (2014), Kumar et al. (2016), Zhao

and Yang (2018), Bahrami et al. (2021),

Khaki et al. (2023)

Runoff / Stream-

flow

GRDC, USGS discharge, Water Survey

of Canada, Global River Flow and Con-

tinental Discharge Dataset

MD, RMSD, ubRMSD, R,

Anomaly R, NSE, KGE

Forman et al. (2012), Li et al. (2012),

Bahrami et al. (2021), Wu et al. (2022),

Khaki et al. (2023)

River Water Level LEGOS Hydroweb rank R van Dijk et al. (2014)

Evapotranspiration ALEXI, FLUXNET, MODIS (Univer-

sity of Washington, MOD16), OzFlux,

GLEAM

RMSE, TheilSen Slope Kumar et al. (2016), Tian et al. (2017),

Girotto et al. (2017), Nie et al. (2019),

Khaki and Awange (2019)

Drought Extremes USDM, MODIS NDVI, African FDM,

SPI

R, rank R, percentile-based

drought categories

Houborg et al. (2012), Li et al. (2012), Li

et al. (2019)

TWSA GNSS measurements of vertical elastic

loading

R, RMSE, power spectral

analysis

Tangdamrongsub and Šprlák (2021), Klos

et al. (2021), Gerdener et al. (2023)
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4.2 Impact of GRACE/-FO DA on model variables

The impact of GRACE/-FO DA on hydrological processes varies with spatial scales, simulated storage components, and ex-

ternal factors on water storage dynamics such as human impacts. An improved performance is especially present in large river

basins where natural variability dominates (Humphrey et al., 2023). Challenges in model-only simulations include underesti-

mated amplitudes and seasonal dynamics of TWS due to model parametrization (Schellekens et al., 2017) and underestimated575

trends and variability due to uncertainties in meteorological forcings (Tang et al., 2020). GRACE/-FO DA has proven effective

in addressing these issues, improving correlation and long-term trends in storage components such as groundwater and soil

moisture with respect to observation-based datasets across various basins (Zaitchik et al. (2008); Li et al. (2012); Li et al.

(2019); Kumar et al. (2016); Schumacher et al. (2018); Tangdamrongsub et al. (2018)). These improvements underscore the

value of GRACE/-FO in capturing large-scale hydrological variability. However, the impact on other storage components, such580

as SWE, is often mixed. SWE performance, for example, may degrade, as GRACE/-FO lacks the resolution to capture local

snow dynamics for reliable spatiotemporal scaling and mass redistribution. Mass tends to shift incorrectly from SWE into

other water components, dampening runoff responses and misrepresenting hydrological flows (Su et al. (2010); Forman and

Reichle (2013); Zhao and Yang (2018)). Beyond storage components, the effects of GRACE/-FO DA on fluxes like ET and

runoff remain less consistent (Springer (2019); Nie et al. (2019); Chen et al. (2021)). For example, a model might overestimate585

groundwater storage but underestimate baseflow; when GRACE/-FO DA decreases groundwater, it exacerbates the baseflow

deficiency. Or a model might not simulate groundwater pumping for irrigation; GRACE/-FO DA will decrease groundwater

and thereby erroneously decrease ET (Girotto et al., 2017). In potential applications of GRACE/-FO DA for surface and/or sub-

surface components in coupled Earth System Models, such misrepresentations could degrade land-atmosphere or land-ocean

feedbacks.590

GRACE/-FO DA has also proven effective in capturing large scale droughts (Li et al. (2019); Rodell and Li (2023)) and floods

(Reager et al. (2015); Khaki et al. (2023)). It has been effectively utilized in drought monitoring systems, such as the U.S.

Drought Monitor (Houborg et al., 2012). However, GRACE/-FO DA still tends to underestimate extreme intensities and is

limited in representing events that occur rapidly with short duration, such as flash floods, due to its coarse temporal and spatial

resolution (Section 5).595

In regions with intensive human water management practices, such as those relying on groundwater pumping for irrigation,

assimilating GRACE/-FO can improve groundwater trends but may degrade other variables such as ET (Girotto et al., 2017; Li

et al., 2019) and degrade storage forecast skill (Getirana et al., 2020b) if such human impact is not explicitly represented by the

model. Nevertheless, the potential of GRACE/-FO DA for improving groundwater monitoring and informing decision-making

processes has been indicated by several studies (Zaitchik et al., 2008; Li et al., 2019).600
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4.3 Validation challenges and best practices

It is essential that spatial scale mismatch is resolved for meaningful validation. While in-situ stations provide measurements

of storage changes or fluxes at point scale, model simulations are conducted on much broader scales. Additionally, given the

coarse temporal and spatial resolution of GRACE/-FO TWSA, improvements or degradations due to the assimilation compared

to in-situ station data have to be interpreted cautiously. Strategies such as averaging or interpolating could be used when in situ605

measurements are densely available to obtain a broader representation of measured storage changes and fluxes.

Alternatively, many studies also set certain criteria to select representative sites to approximate basin or grid-level variability

(De Lannoy et al., 2007). Careful assumptions need to be made when key data is missing or limited. For instance, groundwater

observations are usually available as groundwater level changes. Specific yield needs to be used to convert it into groundwater

storage in order to be able to compare it with model simulation. The information on specific yield is often only available at610

sparse sites or even unavailable, introducing further uncertainties into the validation (Khaki et al., 2017a). Additionally, quality

control and data cleaning are recommended for validation as in situ data is also prone to missing periods or poor-quality mea-

surements (van Dijk et al., 2014). If scale mismatches cannot be fully addressed, point-scale comparisons should be interpreted

cautiously.

Remotely sensed hydrological products are now widely used to validate GRACE/-FO DA simulations (Kumar et al., 2016;615

Zhao and Yang, 2018; Khaki et al., 2019; Jung et al., 2019). However, these datasets often differ in accuracy and consistency,

making robust comparisons challenging (van Dijk et al., 2014). When multiple independent datasets are available for the same

hydrological variable, triple collocation provides a way to assess the quality of each dataset without assuming that any of them

is error-free (Stoffelen, 1998; Gruber et al., 2016). The method separates unpredictable measurement noise (random errors)

from systematic offsets or scaling differences (calibration biases) based solely on the mutual agreement among the datasets.620

As such, triple collocation offers a practical solution for validation when more than two datasets are collocated in space and

time and should therefore be considered a standard option.

When GRACE/-FO DA is applied in regions with significant human water management, model state variables that are directly

updated through assimilation such as soil moisture and groundwater tend to improve remarkably (Girotto et al., 2019; Tang-

damrongsub et al., 2020), but the impact on other processes like runoff or ET remains challenging. Among these processes,625

runoff and streamflow have received considerably more attention than vegetation-related processes like ET and carbon fluxes.

Including them in evaluations is equally important to ensure a more comprehensive understanding of model behavior and to

better reflect the interconnected nature of hydrological and ecological processes.

Moreover, any preprocessing operations applied to the data (for example deseasonalizing, detrending, spatial averaging or

temporal aggregation) introduce additional uncertainty which must be propagated into the final validation metrics. Error prop-630

agation models can be used to quantify the uncertainty of observational datasets by estimating how input measurement errors

or retrieval assumptions propagate into derived variables. Such approaches can provide spatially explicit uncertainty estimates

for each observation, thereby offering a more comprehensive view of dataset reliability than local in-situ validations alone
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(Dorigo et al., 2010). Neglecting these aspects can lead to overconfidence in skill estimates or misinterpretation of variance

metrics, particularly when multiple data sources or preprocessing steps are involved.635

An additional challenge is that both the model state distributions and even the retrieval error distributions may depart sig-

nificantly from Gaussian assumptions. If validation metrics assume Gaussian error or linear relationships (e.g. RMSE, linear

regression), the non-Gaussian nature of the underlying distributions may skew results or invalidate confidence statements. We

therefore recommend assessing the distributional characteristics of the errors (e.g., skewness) and, where needed, applying

non-Gaussian or rank-based metrics (e.g., information-theoretic scores (Kumar et al., 2018; Maina et al., 2024)) to ensure640

robust validation.

In multi-sensor assimilation settings, the role of GRACE becomes less straightforward by only comparing the hydrological

states and fluxes. Analyses of the Kalman Gain matrix (K in Figure 2) or assimilation increments offer deeper insights into

how mass moves within the system. For example, Girotto et al. (2019) observed that storage increments from GRACE TWSA

and SMOS soil moisture were negatively correlated.645

Lastly, because neighboring grid cells are spatially correlated for GRACE/-FO data, this dependency propagates through DA

outputs. Therefore, validation strategies must avoid treating adjacent grid cells as independent and carefully interpret regional

behavior in a spatially coherent manner (Humphrey et al., 2023).

5 Current challenges and open issues

TWS processes possess unique dynamics and characteristics such as their lagged responses to atmospheric effects (precipitation650

and ET). These properties present challenges to DA techniques which were originally designed for linear processes. Here, we

discuss a wide range of issues and challenges, most of them are unique to GRACE/-FO DA, and have not been fully explored

in past studies.

5.1 Unmodeled TWS processes

GRACE/-FO observes the entire sum of TWS changes, but models do not simulate all relevant storage compartments; for655

example, some models do not simulate reservoirs, lakes and glaciers (Section 2.1). As a result, DA may inadvertently inte-

grate these mass change signals into the TWS compartments that are simulated. It is therefore crucial to correct GRACE/-FO

observations for these signals before DA (Section 2.3 and 2.5). We hope that with improving remote sensing capabilities, e.g.

from the SWOT mission, the data base for such corrections will grow significantly. Future versions of hydrological models and

LSMs might also take into account improved representation of other processes, e.g. in soil hydraulics (Vereecken et al., 2022).660

In regions with significant human impacts on the water cycle, explicitly representing human water use in models helps to en-

sure realistic distribution of observed mass changes among the storage components (Nie et al., 2019). However, representing

human water use in models is limited by the availability, and the spatial and temporal resolution of water use data. Another
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possible strategy is to assimilate GRACE/-FO data simultaneously with other observational datasets to better constrain the

human-affected water budget (Tian et al., 2017; Zhao and Yang, 2018; Girotto et al., 2019; Tangdamrongsub et al., 2020;665

Khaki et al., 2020; Nie et al., 2024; Schulze et al., 2024). However, efforts are still needed to understand and resolve signal

conflicts and improve the quantification of uncertainties.

5.2 Computation of innovations

Innovations – the differences between model predictions and observations – can be computed either at the resolution of the

observations or at the resolution of the model. Both approaches are used in current GRACE/-FO DA frameworks, each with its670

own advantages and challenges.

5.2.1 DA with innovations at the observation resolution

When computing innovations at the spatial and temporal resolution of the GRACE/-FO TWSA observations, all relevant

storage compartments within the model grid cells corresponding to a given observation grid cell are aggregated (Section 3.5).

When applying an EnKF without applying any localization for the entire globe, where a single high-dimensional state vector675

represents the entire model domain, DA at the resolution of the observations would be an ill-posed problem. The combination

of limited observational constraints and the high dimensionality of the forecast state vector leads to a rank-deficient system,

making it difficult to derive unique and stable state updates. Incorporating full observation error covariance matrices (Σyy

in Figure 2) can introduce further numerical instability (Eicker et al., 2014; Gerdener et al., 2023). Therefore, many studies

parallelize the problem into updates to individual state vectors for each local model domain or grid cell (Khaki et al., 2017c;680

Girotto et al., 2019; Springer et al., 2019; Wang et al., 2021) – thereby improving overall system stability by removing spurious

long-range correlations. This strategy is also discussed in the context of domain localization in Section 3.2.

Assimilation at the observation resolution enables the DA algorithm to disaggregate information from the observations onto

the finer model grid, effectively using DA as a downscaling approach in which the finer-scale patterns are informed by the

model. For large study areas, especially in high-resolution and highly parallelized models, this downscaling can involve quite685

some communication between processes.

5.2.2 DA with innovations at the model resolution

After a priori interpolation of observations to the model grid, they can be assimilated directly for each model grid cell, which

reduces computational complexity (Nie et al., 2019). With a one-to-one relationship between an observation and the state vec-

tor of a single model grid cell, this approach can be considered as an extreme case of localization, where all spatial correlations690

between model grid cells and between model and observations are suppressed. This approach also allows easy code paralleliza-

tion and efficient GRACE/-FO DA in an operational setting.

However, this approach has its own drawbacks. When coarse-scale GRACE/-FO observations are applied directly to finer

model grid cells without any pre-spatial downscaling and without applying variable observation errors, the spatial details of
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simulated TWS are inevitably smoothed out; in regions with complex terrains, this may suppress the dynamic range of TWS695

at high-elevations while amplifying it in adjacent low-elevation grid cells as shown in Figure 4.

More importantly, GRACE/-FO DA at the model resolution can lead to GRACE/-FO observed mass changes leaking into

unintended areas. For instance, mass change signals related to seasonal snowpack in the Rocky Mountains of the U.S. may

incorrectly spread eastward into the plains with this DA approach, while the reverse is also true, resulting in underestimated

TWS amplitude in the front range (Figure 4). Similarly, mass change signals from large surface water bodies such as lakes and700

reservoirs can be inadvertently distributed to surrounding areas if these signals are not properly managed prior to GRACE/-FO

DA.

  Figure 4. Spatial maps of TWSA from the CLSM model only (open loop), GRACE DA into CLSM and GRACE for a U.S. western region

centered around Colorado in April 2006 (panels a, b and c); TWSA time series during 2003-2007 for locations A and B (panels d & e).

CLSM refers to the NASA Catchment LSM. Further details on CLSM and this GRACE DA simulation can be found in Li et al. (2019).

5.3 Non-Gaussian behaviors of TWS processes

A fundamental assumption for the EnKF and EnKS is that forecast errors are Gaussian, which is needed to achieve optimal

output, i.e., minimized estimation errors. However, this assumption is frequently violated by TWS processes (soil moisture,705

groundwater and snow), degrading the effectiveness of GRACE/-FO DA for constraining these processes. Soil moisture typ-

ically exhibits a skewed distribution near its two bounds, the wilting point and saturation (Li and Rodell, 2013). As a result,

ensemble spreads must be kept small in both dry and wet soil moisture ranges, limiting the ability of GRACE/-FO DA to

improve soil moisture in extreme conditions.
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SWE is known to follow a log-normal distribution and thus, perturbation errors added to SWE states are generated in log-normal710

space. When these errors are transformed back to normal space, the zero-mean errors become biased, with greater biases for

larger SWE estimates. While reducing perturbation errors can mitigate biases, it also limits the usefulness of GRACE/-FO DA

in improving SWE estimates, especially in high mountain regions (Li et al., 2019).

Groundwater storage is practically unbounded and is expected to behave as a Gaussian process (Li et al., 2015). However, non-

linear model physics can introduce biases to simulated groundwater. In particular, groundwater recharge is often calculated715

as a power function of soil moisture (Niu et al., 2011). Since power functions are highly skewed, the ensemble recharge is

inevitably biased even with an unbiased soil moisture ensemble, resulting in a biased groundwater ensemble (Ryu et al., 2009).

Ensemble biases in groundwater can persist for months due to groundwater’s long memory, especially in models that simulate

limited two-way interactions between soil moisture and groundwater and during prolonged dry seasons.

Since groundwater controls baseflow generation, biases in groundwater can propagate into simulated runoff similar to that from720

soil moisture to moisture fluxes (Ryu et al., 2009). While soil moisture, groundwater and snow estimates are still constrained

by GRACE/-FO observations despite their respective biases, ensemble biases in runoff can go unchecked because runoff is not

constrained by any observations in a typical GRACE/-FO DA framework, potentially leading to erroneous conclusions. For

example, in a model that underestimates baseflow, increases in baseflow from GRACE/-FO DA may give an appearance that

the improvement is due to GRACE/-FO DA, while, in fact, the increased runoff is caused by ensemble biases. Therefore, it is725

crucial to evaluate ensemble biases in fluxes, particularly when they are the primary focus for improvement.

5.4 Others

The effects of the issues described above are unevenly distributed across different climates and regions, often with larger

impacts in wet climates than in dry climates (Li et al., 2019). This is likely since ensemble spreads in wetter conditions can

be increased through perturbation errors added to precipitation while they remain small in dry climates due to lack of rainfall730

(Section 3.4). Ensemble spreads may be strongly affected by model physics as well. For a model with a strong tendency for

ET, ensemble spreads may not be able to sustain in a dry climate where all available soil moisture is used for ET quickly.

Conversely, when a modeled state has minimal interaction with other processes, ensemble spreads may grow unchecked with

time if perturbation errors are added continuously. This is especially true for groundwater in a dry climate where baseflow and

the capillary rise is naturally low, leading to weak groundwater dynamics.735

In addition to the non-Gaussian behaviors discussed above, GRACE/-FO DA (and most other DA) for state updating violates

the water balance (Li et al., 2012; Schumacher, 2016) to some extent, which is the price to be paid to nudging a model run

closer to real observations. Techniques exist to mitigate this effect. Furthermore, model skill (e.g., bias) in simulating fluxes

may be anti-correlated with skill in simulating states (Section 4.2), because GRACE/-FO DA updates may push TWS in a

direction opposite to what would have been needed to treat the underlying errors in the simulated fluxes (Schulze et al., 2024).740

This is a motivation for developing new DA techniques that adjust TWS while maintaining water balance by adjusting the

fluxes instead of the states (Girotto et al., 2021).
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All DA frameworks require a faithful representation of forecast and observation errors. For GRACE/-FO DA this means

estimates of the error variances and spatial covariances for TWSA maps (Section 2.2 and 3.4). However, even after two

decades of analyzing GRACE/-FO observations, the error structure of Level-2 SH data products is not well understood, and in745

particular, error correlations due to mis-modeled short-term mass variations (i.e. aliasing errors) are not represented in current

approaches. The reason for this is that on one hand we have only few independent datasets to calibrate GRACE/-FO error

representations, and on the other hand it appears challenging to quantify the errors in Level-2 and -3 data (including mascon

representations) that are injected via incorrect atmospheric and oceanic non-tidal and tidal background models (Shihora et al.,

2024), and that seem to dominate over satellite instrument errors. We suggest that for future missions full error covariance750

matrix representations becomes part of the official products, even if it would represent only the dominating patterns of error

correlation in space. We notice that several groups have assessed the propagation of background model errors through Monte

Carlo simulation (Flechtner et al., 2016); however it would be desirable if (i) background model ensembles used in these

approaches would seek to span complete understanding of model errors (i.e. rely on independent datasets and reanalyses), and

(ii) such efforts aim to provide full-rank error variance-covariance matrices to the community instead of the rank-defect sample755

covariance matrices.

6 Future directions

Recent research discussed in Section 3 primarily focuses on current DA strategies, whereas Section 5 highlights the associated

challenges with some suggestions to advance DA algorithms via e.g. multi-sensor DA and better water balance closure. This

Section focuses on potential future directions that can open up through new satellite gravimetry observations or data products.760

6.1 Key strategies to increase the DA value of gravity data

To address the challenges in GRACE/-FO DA using currently available tools and data, we propose two key strategies. First,

further enhancing the spatial resolution of GRACE/-FO products prior to DA could greatly benefit the use of TWSA retrievals.

Beyond relying on future higher-resolution gravity missions, the most intuitive approaches remain to downscale GRACE/-FO

products within dynamic DA schemes (Girotto et al., 2021; Forman and Reichle, 2013; Reichle et al., 2014), using auxil-765

iary datasets and advanced statistical methods (Vishwakarma et al., 2021b; Tourian et al., 2023) or deep learning techniques

(Seyoum et al., 2019; Foroumandi et al., 2023; Gou and Soja, 2024). Perhaps a combination of deep learning and dynamic

downscaling in a hybrid DA scheme offers new perspectives. Second, improving the hydrological consistency in GRACE/-FO

DA is essential. On the one hand, further development of DA systems is needed, including refined error assumptions that

better describe the relevant variables, enforced physical constraints on water balance closure, improved representation of un-770

certainties, and reduced bias for both model and observations. For instance, Gou and Soja (2024) introduced a self-supervised

DA workflow that ensures water balance closure in small basins while preserving large-scale accuracy inherited from the

GRACE/-FO measurements. On the other hand, domain knowledge of the underlying drivers of GRACE/-FO signals can help

in parameterizing relevant processes in models, enabling more accurate water redistribution across storage components, which
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in turn enhances the estimates of relevant fluxes. This includes better representation of lake, reservoir, and glacier dynamics as775

well as anthropogenic water activities. Alternatively, regularly updated correction datasets can be developed to remove signals

in TWSA observations that cannot be represented by GHMs or LSMs.

To mitigate ensemble biases associated with non-Gaussian behaviors of hydrological variables, we recommend tuning the

model prior to GRACE/-FO DA so that simulated TWS is better aligned with GRACE/-FO observations. This step reduces

the need for large perturbation errors, and consequently, minimizes ensemble biases. Tuning model parameters to reduce sys-780

tematic errors is also critical for improving the performance of EnKF based approaches, which are designed to correct random

errors rather than systematic errors; in addition, it helps reduce mass imbalances caused by large DA updates. As noted earlier,

the particle filtering method (Crisan, 2001) is not restricted to specific statistical distributions and therefore can address the

non-Gaussian issue; however, a large ensemble size is needed to effectively represent a highly skewed distribution. Similarly,

transforming functions have been used for non-Gaussian data assimilation within a 3-D variational method (Van Loon and785

Fletcher, 2023) and their application in variants of the EnKF warrants future investigation.

Recent years have seen substantial progress in applying ML within DA systems for numerical models, particularly in geo-

physical applications such as improving regional climate simulations (Bocquet, 2023; He et al., 2023; Keller and Potthast,

2024). GRACE/GRACE-FO DA frameworks can benefit from ML at several stages of the assimilation workflow (Figure 5).

As described above, ML can support observation preprocessing, including gap filling and spatial downscaling of coarse TWSA790

fields. ML can potentially act as a surrogate observation operator and might also support the model update step by learning

hydrologically meaningful distributions of DA increments across storage compartments. More intrusive uses involve learning

from the state corrections produced during assimilation, enabling targeted model-error correction at each forecast step (Arcucci

et al., 2021). Finally, the DA algorithms themselves (e.g., EnKF variants) can benefit from ML – for instance, by automatically

correcting the ensemble spread through ML-based adaptive inflation or improving covariance structure by ML-based localiza-795

tion schemes – and may even be replaced by ML architectures designed to emulate full sequential filtering. However, these

potential benefits need to be balanced against the substantial computational cost of training such models. In several meteo-

rological applications, the training effort can exceed the runtime savings unless transfer learning strategies are used to adapt

pre-trained models to new domains or conditions. Similar considerations are expected for GRACE/GRACE-FO DA, where the

limited length of the observational record poses additional challenges for generating suitable training data.800

6.2 Low latency TWSA product DA

As noted previously, assimilating standard GRACE/-FO products, which are delivered weeks to months after observation, limits

their value for near-real-time DA applications. Low-latency gravity products would offer a solution despite higher errors from

automated processing. Latency is influenced by the observational averaging window, with a monthly mean product having a

minimum latency of two weeks, assuming an effective date at mid-month. Alternatives, such as 21-day rolling window products805

updated daily or weekly (Sakumura et al., 2016), reduce latency to as little as 11 days while enabling more frequent updates

in the DA scheme. However, since each rolling window field shares data with previous and subsequent fields, assimilating
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Figure 5. Workflow of a data assimilation framework with potential machine-learning augmentations highlighted in blue; note that these

enhancements represent alternative components of the workflow, and it is generally not meaningful to apply ML at all components simulta-

neously.

all fields without properly increasing observational uncertainty may over-constrain the model (i.e., put too much weight on

the observations relative to the simulated states). Additionally, shorter averaging windows improve latency but degrade the

effective spatial resolution of TWSA retrievals, which can negatively impact DA accuracy (Section 3.3). Gouweleeuw et al.810

(2018) and Retegui-Schiettekatte et al. (2025) demonstrated that daily GRACE solutions from a Kalman filter approach could

resolve major flood events in the Ganges-Brahmaputra delta, but these are among the largest signals that we observe worldwide.

Low latency products will be essential for optimizing the value of satellite gravimetry DA for operational applications, but only

if these issues are carefully managed. One option could be integrating TWSA forecast approaches on the basis of ML with data

assimilation (Li et al., 2024, 2025).815

6.3 Line-of-sight gravity measurement DA

Another approach to addressing the limited spatial resolution is the direct DA of higher-frequency LGD data into GHMs and

LSMs (Soltani et al., 2021). This approach offers the potential for improved temporal resolution and a deeper understanding

of rapid mass transport processes such as floods, droughts and human water management activities (Han et al., 2005, 2006;

Banerjee and Kumar, 2019). In contrast to monthly Level-2 or -3 products, LGD measurements capture instantaneous changes820

in gravitational acceleration between the two GRACE/-FO satellites as they orbit Earth (Khaki et al., 2023). Thus, LGD data

provide information on gravity variations at much higher frequencies, potentially revealing submonthly mass changes. Directly

assimilating LGD measurements also reduces temporal aliasing, leading to a more accurate representation of hydrological pro-

cesses in models. Furthermore, the high temporal resolution of LGD measurements opens up possibilities for near-real-time

applications, such as flood forecasting and drought monitoring. In a recent study, Khaki et al. (2023) presented a new method-825

ology based on the direct assimilation of LGD measurements from the GRACE-FO laser ranging interferometer (LRI) into an

LSM using the EnKF. They showed that the new approach not only offers improved accuracy when compared to independent

measurements but also performs better in capturing high-frequency water storage variations imposed by submonthly climatic

events due to its higher number of DA cycles within a month.

37



Despite the potential benefits, assimilating LGD measurements presents challenges, for example, these measurements are in-830

herently noisier. Data processing and noise reduction are crucial to extracting meaningful geophysical signals and efficiently

incorporating GRACE/-FO daily products into the models (Khaki et al., 2023). Additionally, assimilating high-frequency LGD

measurements demands significant computational resources, necessitating efficient DA algorithms. Furthermore, GHMs and

LSMs need to be sophisticated enough to represent the relevant processes at those scales, potentially requiring refined model

structures, improved parameterizations, and the incorporation of additional data sources. Nevertheless, there have been recent835

attempts that have demonstrated the potential of assimilating LGD measurements for various applications, including hydrolog-

ical modeling and ongoing research for ice mass balance assessment, and earthquake and volcano monitoring.

6.4 GRACE-C, NGGM and future gravimetry missions

GRACE-FO, which launched in 2018, is unlikely to equal GRACE in providing useful observations for 15 years. Errors

associated with the accelerometer data transplant (which mitigates the impact of a faulty accelerometer on one of the two840

GRACE-FO spacecraft) will be exacerbated as the satellites’ altitudes decay during the current solar maximum (Wiese et al.,

2022; Harvey et al., 2022). Larger errors will pose a new challenge for DA. Fortunately, the NASA/German GRACE Continuity

(GRACE-C) mission, with observational capability nearly identical to its predecessors (Wiese et al., 2022), is planned to launch

in 2029. This should enable continuity of satellite gravimetry observations through at least 2034 (given a 5-year design lifetime)

or up to a decade longer.845

Further, ESA’s Next Generation gravity Mission (NGGM, Haagmans et al., 2020; Massotti et al., 2021; Cesare et al., 2022) is

currently in phase B development and foreseen for launch in 2032, most likely in an inclined orbit, complementing GRACE-

C’s polar orbit to what is known as ’Bender constellation’. NGGM will be again equipped with a laser ranging instrument and

electrostatic accelerometers.

Combining measurements from the two missions, as proposed by the ESA/NASA MAss Change and Geosciences International850

Constellation (MAGIC) Working Group (Daras et al., 2024), would enable substantial improvements in spatial and/or temporal

resolution relative to a single pair gravimetry mission with an equivalent level of uncertainty (Heller-Kaikov et al., 2023; Daras

et al., 2024; Kusche et al., 2025). This is expected due to potentially reduced effects of temporal aliasing in the Level-2 data

generation, and thus potentially being less reliant on background models and post-processing methods. If MAGIC comes to

fruition, it could thus help to overcome some of the DA issues described earlier, including tradeoffs between latency and855

accuracy and degradation of model output where high-resolution TWS signals exist. Experiments will be needed to confirm

that assimilating a single MAGIC product generates better results than separately assimilating GRACE-C and NGGM products.

6.5 SLR-based TWSA product DA

GRACE was the first satellite mission dedicated to measuring the time-varying gravity field (Wahr et al., 1998), but ground-

to-satellite laser ranging (SLR) measurements captured low-degree temporal variations in the gravity field as far back as 1975860

(Cox and Chao, 2002; Flechtner et al., 2021). By 1993, SLR satellites and observations were sufficient to derive mass change
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time series with subcontinental scale resolution. At continental to global scales, SLR based TWSA time series compare favor-

ably with those from GRACE/-FO (Rodell et al., 2024). Assimilating SLR data into a LSM would entail the same challenges

as GRACE/-FO DA but greatly magnified due to the extremely coarse spatial resolution.

Simulations suggest (Najder et al., 2023) that adding new SLR satellites could help in improving the accuracy of low-degree865

spherical harmonic solutions and remove error correlation with Earth Orientation Parameters (EOP) and site coordinates, how-

ever, this would likely not dramatically improve resolution. Also, alternative approaches such as fitting GRACE/-FO-derived

TWSA Empirical Orthogonal Functions (EOFs) directly to SLR ranges showed a promising effect on resolution (Löcher and

Kusche, 2021; Cheng and Ries, 2023), but they rely on the hypothesis that the main spatial patterns of TWSA variability

did not change significantly during past decades. Nevertheless, considering that most models struggle to simulate large-scale870

TWS changes accurately and consistently across global, multi-decadal timescales (Scanlon et al., 2018), the effort may be

worthwhile if done properly.

6.6 TWS products based on inversion of GNSS time series

Time series of GNSS vertical land motion have been used for validating GRACE/-FO-derived TWSA products as well as

DA-derived TWSA maps (Springer et al., 2019; Gerdener et al., 2023). Observed vertical land motion can be related to mass875

redistribution data through elastic loading theory and assumptions on reference frame realization (van Dam and Wahr, 1998;

Blewitt, 2003). Various regional and global TWSA datasets have been derived experimentally from GNSS network or Precise

Point Positioning (PPP) timeseries (see review in White et al., 2022), but this approach suffers usually from heterogeneous

station density and it is challenging to resolve loading signals beyond the seasonal cycle (Rietbroek et al., 2014). It has been

further suggested that combining GNSS vertical land motion with InSAR and GRACE/-FO data enables one to isolate ground-880

water decline and recharge from TWSA (Carlson et al., 2024) in an inverse approach. Investigations would be required to

understand if GNSS and InSAR data could be useful in joint GRACE/-FO DA systems.

7 Synthesis

The growing number of GRACE/-FO DA studies reflects the increasing interest in these frameworks for a wide range of

applications, but it also reveals a variety of methodological choices and a lack of coordinated direction. This paper compiled885

insights from existing studies and discussed the strengths and limitations of different approaches, with the aim of providing

best practice recommendations for GRACE/-FO DA. In summary, we have identified key methodological components that

require further standardization and community consensus:

1. Model and process description including error modeling: Successful GRACE/-FO DA depends, to some extent, on

the physical realism of the underlying model. Although GRACE/-FO DA can introduce water storage signals that are890

not explicitly represented by a numerical models – such as those from groundwater abstraction – doing so without

corresponding process representation may lead to imbalances or degradation of other model variables. Therefore, it is
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essential to explicitly incorporate key anthropogenic processes into the model in order to fully exploit the information

provided by GRACE/-FO observations. Additionally, providing a realistic representation of model forecast uncertainty,

ideally informed by prior sensitivity studies, is crucial, particularly for the vertical disaggregation of GRACE/-FO signals895

across storage compartments. Most current GRACE–FO DA systems rely on Gaussian assumptions, which can restrict

the representation of skewed or heavy tailed uncertainties in water storage dynamics, so future work should develop more

flexible assimilation approaches that allow advanced statistical descriptions of errors, including non Gaussian methods.

2. GRACE/-FO postprocessing: Gridded TWSA observations obtained from either SH or mascon solutions need to be

carefully corrected for geophysical signals that are not represented in the GHMs and LSMs prior to DA – a standard900

correction dataset is still missing. All GRACE/-FO products require bias correction, at least by aligning the long-term

mean with the model. Depending on the application, this may also involve matching higher-order statistical moments or

applying multiplicative gain factors to restore signal loss introduced during post-processing. Where possible, spatially

distributed observation errors – ideally derived from full covariance matrices – should be accounted for. With upcoming

missions such as GRACE-C and NGGM, the availability of standardized Level-3 products and reliable error estimates is905

expected to enhance consistency in postprocessing.

3. DA strategy including algorithms and tuning: In terms of the assimilation algorithm, EnKF and EnKS are typically

used, and square root variants are generally preferred due to their enhanced numerical robustness. Localization remains

essential in GRACE/-FO DA, particularly for higher-resolution observation grids. Furthermore, spatial correlations be-

tween observations should be explicitly considered. In order to preserve spatial detail and enable effective horizontal dis-910

aggregation, it is preferable to compute innovations at the resolution of the observations. The state vector should include

all storage compartments targeted for the vertical disaggregation of GRACE/-FO observations. Currently, it is standard

practice to assimilate monthly products. When temporally downscaled products are used for specific applications, care-

ful attention should be paid to error propagation and to potential issues arising from strong temporal correlations in the

downscaled fields. Finally, assimilation increments are best applied by rewinding and reintegrating the model over the915

same month again to maintain temporal consistency – though this may become less critical with the improved temporal

resolution of future mission products.

While past studies offer valuable insights, future work should focus on establishing a set of standards to make GRACE/-FO

DA experiments more comparable, reproducible and interpretable, so that DA results can clearly be attributed to signals in

the water cycle rather than to differences in methodology. Firstly, we propose defining a standardized benchmark experiment920

for GRACE/-FO DA. This benchmark should specify the GRACE/-FO data products and associated error assumptions, study

area(s), meteorological forcing data, LSMs or GHMs, error modeling approaches, and assimilation strategies. It should be

designed to isolate and quantify the impact of each of these components on the DA results. Second, the community must agree

on a core set of performance metrics and validation data sets. This includes not only comparison to in situ observations but

also ensemble spread diagnostics, water balance checks, and analysis of assimilation increments. This could be supported by925

community diagnostics following the example of the Earth System Model Evaluation Tool (ESMValToo). Third, we urge the
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formation of an intercomparison initiative similar to the Land Surface, Snow and Soil Moisture Model Intercomparison Project

(LS3MIP), to systematically test and compare GRACE/-FO DA systems. Such an effort, potentially hosted under the umbrella

of, e.g, the Global Energy and Water Exchanges (GEWEX) program, would provide a controlled, transparent framework for

evaluating the influence of key choices in data, models, and methods through multi-group collaboration.930

Author contributions. A.S. developed the paper structure and organized the writing process. All co-authors contributed to the shaping of the

paper’s contents and the writing and editing of the paper. Final editing was performed by G.DL., J.K., M.R., and A.S. All authors contributed

to the article and approved the submitted version.

Competing interests. All authors declare that the research was conducted in the absence of any commercial or financial relationships that

could be construed as a potential conflict of interest.935

Acknowledgements. Y.E., J.K., and A.S. acknowledge funding by the Deutsche Forschungsgemeinschaft (DFG, German Research Founda-

tion) within the CRC DETECT (DFG - SFB 1502/1-2022 - Projektnummer: 450058266). J.K and H.G. acknowledges funding from DFG

within the research unit GlobalCDA (KU1207/26-1) and from the "NGGM and MAGIC Science and Applications Impact Study" ESA Con-

tract No. 4000145265/24/NL/SC, funded by the European Space Agency. G.DL. acknowledges Belspo EO4Peat (SR/00/414). M.R. and B.L.

acknowledge funding from NASA’s GRACE-FO Science Team. M.S. acknowledges funding by VILLUM FONDEN under research grant940

number VIL60779. We are deeply grateful to Armin Corbin and Bernd Uebbing for providing an external perspective on our manuscript and

offering valuable, constructive feedback. We also sincerely thank the two anonymous reviewers for their valuable feedback, which greatly

improved this paper. This manuscript originated from a technical workshop on GRACE/GRACE-FO data assimilation into land surface and

hydrological models, held online in January 2024. The workshop brought together several research groups working on this topic to foster a

shared understanding (https://sfb1502.de/news-events/events/events-archive/grace-fo-workshop-org).945

Appendix A: Glossary of Data Assimilation Terms

Table A1: Glossary of key data assimilation terms used in this study.

Term / Acronym Definition

3D-Var Three-dimensional variational data assimilation: adjusts the model state at a

single time step by minimizing a cost function combining background and ob-

servations.
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Term / Acronym Definition

4D-Var Four-dimensional variational data assimilation: adjusts initial conditions over

a time window to match observations distributed in time, minimizing a cost

function subject to model dynamics.

Analysis state The model state after assimilation, obtained by optimally combining the back-

ground state and observations.

Background state The model state prior to assimilation, representing the best estimate of the sys-

tem before incorporating observations.

Bias correction Adjustments applied to model or observations to remove systematic differ-

ences.

DA Data Assimilation: combining model predictions and observations while ac-

counting for uncertainties.

EnKF Ensemble Kalman Filter: sequential DA using an ensemble to estimate state

and error covariances.

EnKS Ensemble Kalman Smoother: updates states over a time window using past

and future observations to improve earlier estimates. For GRACE/GRACE-FO

TWSA assimilation, the smoothing window is typically one month, meaning

the monthly observation is used to redistribute the increment across the days of

that month for improved temporal consistency.

Error covariance matrix Represents uncertainties in the background model and/or observations; used to

weight contributions in DA.

Filter Sequential DA method updating the state at observation times.

Hybrid methods Data assimilation approaches combining ensemble-based and variational tech-

niques to leverage the advantages of both.

Increment Adjustment applied to the model state computed by the DA algorithm.

Innovation Difference between observations and model-predicted observations.

Inflation A technique to artificially increase the ensemble spread in sequential DA, com-

pensating for underestimation of uncertainties due to finite ensemble size or

model errors.

Localization Limits the influence of observations to nearby model grid points to reduce spu-

rious correlations.

Observation operator

(H)

Maps model state variables to observation space for comparison with observa-

tions.

Particle Filter (PF) Nonlinear, non-Gaussian DA method using a weighted ensemble (particles) to

represent the probability distribution of the state.
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Term / Acronym Definition

Rewind / Re-run Strategy distributing monthly increments across previous days to improve tem-

poral consistency.
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Novák, A., Janák, J., and Korekáčová, B.: Joint analysis of selected GRACE monthly spherical harmonic solutions and monthly MASCON1320

solutions, Contributions to Geophysics and Geodesy, 51, 47–61, https://doi.org/10.31577/congeo.2021.51.1.3, 2021.

Oleson, K., Niu, G., Yang, Z., Lawrence, D., Thornton, P., Lawrence, P., Stockli, R., Dickinson, R., Bonan, G., Levis, S., et al.: CLM3. 5

documentation, National Center for Atmospheric Research, Boulder, 34pp, 2007.

Overgaard, J., Rosbjerg, D., and Butts, M.: Land-surface modelling in hydrological perspective–a review, Biogeosciences, 3, 229–241, 2006.

Peltier, W. R.: Global glacial isostasy and the surface of the ice-age Earth: the ICE-5G (VM2) model and GRACE, Annual Review of Earth1325

and Planetary Sciences., 32, 111–149, https://doi.org/10.1146/annurev.earth.32.082503.144359, 2004.

Peters-Lidard, C. D., Houser, P. R., Tian, Y., Kumar, S. V., Geiger, J., Olden, S., Lighty, L., Doty, B., Dirmeyer, P., Adams, J., et al.: High-

performance Earth system modeling with NASA/GSFC’s Land Information System, Innovations in Systems and Software Engineering,

3, 157–165, 2007.

Pietroniro, A., Fortin, V., Kouwen, N., Neal, C., Turcotte, R., Davison, B., Verseghy, D., Soulis, E., Caldwell, R., Evora, N., et al.: Develop-1330

ment of the MESH modelling system for hydrological ensemble forecasting of the Laurentian Great Lakes at the regional scale, Hydrology

and Earth System Sciences, 11, 1279–1294, 2007.

Polcher, J., Bertrand, N., Biemans, H., Clark, D. B., Floerke, M., Gedney, N., Gerten, D., Stacke, T., van Vliet, M., and Voss, F.: Improvements

in hydrological processes in general hydrological models and land surface models within WATCH, 2011.

Reager, J. T., Thomas, A. C., Sproles, E. A., Rodell, M., Beaudoing, H. K., Li, B., and Famiglietti, J. S.: Assimilation of GRACE Terrestrial1335

Water Storage Observations into a Land Surface Model for the Assessment of Regional Flood Potential, Remote Sensing, 7, 14 663–

14 679, https://doi.org/10.3390/rs71114663, 2015.

Reichle, R., De Lannoy, G., Forman, B., Draper, C., and Liu, Q.: Connecting satellite observations with water cycle variables through land

data assimilation: Examples using the NASA GEOS-5 LDAS, Surveys of Geophysics, 35, 577–606, 2014.

Reichle, R. H. and Koster, R. D.: Bias Reduction in Short Records of Satellite Soil Moisture, https://ntrs.nasa.gov/citations/20040172040,1340

2004.

Reichle, R. H., Koster, R. D., Liu, P., Mahanama, S. P. P., Njoku, E. G., and Owe, M.: Comparison and assimilation of global

soil moisture retrievals from the Advanced Microwave Scanning Radiometer for the Earth Observing System (AMSR-E) and the

Scanning Multichannel Microwave Radiometer (SMMR), Journal of Geophysical Research: Atmospheres, 112, 2006JD008 033,

https://doi.org/10.1029/2006JD008033, 2007.1345

Retab, A., Save, H., Sun, A., and Scanlon, B.: Rapid mapping of global flood precursors and impacts using novel five-day GRACE solutions,

Scientific Reports, 14, 13 841, https://doi.org/10.1038/s41598-024-64491-w, 2024.

Retegui-Schiettekatte, L., Schumacher, M., Madsen, H., and Forootan, E.: Assessing daily GRACE Data Assimilation during flood events of

the Brahmaputra River Basin, Science of The Total Environment, 975, 179 181, https://doi.org/10.1016/j.scitotenv.2025.179181, 2025.

Rietbroek, R., Fritsche, M., Dahle, C., Brunnabend, S.-E., Behnisch, M., Kusche, J., Flechtner, F., Schröter, J., and Dietrich, R.: Can GPS-1350

Derived Surface Loading Bridge a GRACE Mission Gap?, Surveys in Geophysics, 35, 1267–1283, https://doi.org/10.1007/s10712-013-

9276-5, company: Springer Distributor: Springer Institution: Springer Label: Springer Number: 6 Publisher: Springer Netherlands, 2014.

Rodell, M. and Li, B.: Changing intensity of hydroclimatic extreme events revealed by GRACE and GRACE-FO, Nature Water, 1, 241–248,

https://doi.org/10.1038/s44221-023-00040-5, publisher: Nature Publishing Group, 2023.

Rodell, M., Famiglietti, J. S., Wiese, D. N., Reager, J. T., Beaudoing, H. K., Landerer, F. W., and Lo, M.-H.: Emerging trends in global1355

freshwater availability, Nature, 557, 651–659, https://doi.org/10.1038/s41586-018-0123-1, publisher: Nature Publishing Group, 2018.

54

https://doi.org/10.31577/congeo.2021.51.1.3
https://doi.org/10.1146/annurev.earth.32.082503.144359
https://doi.org/10.3390/rs71114663
https://ntrs.nasa.gov/citations/20040172040
https://doi.org/10.1029/2006JD008033
https://doi.org/10.1038/s41598-024-64491-w
https://doi.org/10.1016/j.scitotenv.2025.179181
https://doi.org/10.1007/s10712-013-9276-5
https://doi.org/10.1007/s10712-013-9276-5
https://doi.org/10.1007/s10712-013-9276-5
https://doi.org/10.1038/s44221-023-00040-5
https://doi.org/10.1038/s41586-018-0123-1


Rodell, M., Barnoud, A., Robertson, F. R., Allan, R. P., Bellas-Manley, A., Bosilovich, M. G., Chambers, D., Landerer, F., Loomis, B., Nerem,

R. S., O’Neill, M. M., Wiese, D., and Seneviratne, S. I.: An Abrupt Decline in Global Terrestrial Water Storage and Its Relationship with

Sea Level Change, Surveys in Geophysics, 45, 1875–1902, https://doi.org/10.1007/s10712-024-09860-w, 2024.

Ruiz, J. J., Pulido, M., and Miyoshi, T.: Estimating model parameters with ensemble-based data assimilation: A review, Journal of the1360

Meteorological Society of Japan. Ser. II, 91, 79–99, https://doi.org/10.2151/jmsj.2013-201, 2013.

Ryu, D., Crow, W. T., Zhan, X., and Jackson, T. J.: Correcting unintended perturbation biases in hydrologic data assimilation, Journal of

hydrometeorology, 10, 734–750, 2009.

Sakumura, C., Bettadpur, S., Save, H., and McCullough, C.: High-frequency terrestrial water storage signal capture via a reg-

ularized sliding window mascon product from GRACE, Journal of Geophysical Research: Solid Earth, 121, 4014–4030,1365

https://doi.org/10.1002/2016JB012843, 2016.

Scanlon, B. R., Zhang, Z., Save, H., Sun, A. Y., Schmied, H. M., van Beek, L. P. H., Wiese, D. N., Wada, Y., Long, D., Reedy, R. C., Longuev-

ergne, L., Döll, P., and Bierkens, M. F. P.: Global models underestimate large decadal declining and rising water storage trends relative to

GRACE satellite data, Proceedings of the National Academy of Sciences, 115, E1080–E1089, https://doi.org/10.1073/pnas.1704665115,

2018.1370

Scanlon, B. R., Zhang, Z., Rateb, A., Sun, A., Wiese, D., Save, H., Beaudoing, H., Lo, M. H., Müller-Schmied, H., Döll, P., Van Beek, R.,

Swenson, S., Lawrence, D., Croteau, M., and Reedy, R. C.: Tracking Seasonal Fluctuations in Land Water Storage Using Global Models

and GRACE Satellites, Geophysical Research Letters, 46, 5254–5264, https://doi.org/10.1029/2018GL081836, 2019.

Schellekens, J., Dutra, E., Martínez-de la Torre, A., Balsamo, G., van Dijk, A., Sperna Weiland, F., Minvielle, M., Calvet, J.-C., Decharme,

B., Eisner, S., Fink, G., Flörke, M., Peßenteiner, S., van Beek, R., Polcher, J., Beck, H., Orth, R., Calton, B., Burke, S., Dorigo, W., and1375

Weedon, G. P.: A global water resources ensemble of hydrological models: the eartH2Observe Tier-1 dataset, Earth System Science Data,

9, 389–413, https://doi.org/10.5194/essd-9-389-2017, publisher: Copernicus GmbH, 2017.

Schulze, K., Kusche, J., Gerdener, H., Döll, P., and Schmied, H. M.: Benefits and pitfalls of GRACE and streamflow assimilation for

improving the streamflow simulations of the WaterGAP Global Hydrology Model, Journal of Advances in Modeling Earth Systems, 16,

e2023MS004 092, https://doi.org/10.1029/2023MS004092, publisher: John Wiley & Sons, Ltd, 2024.1380

Schumacher, M.: Methods for assimilating remotely-sensed water storage changes into hydrological models, Thesis, Universitäts- und Lan-

desbibliothek Bonn, https://bonndoc.ulb.uni-bonn.de/xmlui/handle/20.500.11811/6630, accepted: 2020-04-21T14:36:05Z, 2016.

Schumacher, M., Kusche, J., and Döll, P.: A systematic impact assessment of GRACE error correlation on data assimilation in hydrological

models, Journal of Geodesy, 90, 537–559, https://doi.org/10.1007/s00190-016-0892-y, 2016.

Schumacher, M., Forootan, E., van Dijk, A. I. J. M., Müller Schmied, H., Crosbie, R. S., Kusche, J., and Döll, P.: Improving drought1385

simulations within the Murray-Darling Basin by combined calibration/assimilation of GRACE data into the WaterGAP Global Hydrology

Model, Remote Sensing of Environment, 204, 212–228, https://doi.org/10.1016/j.rse.2017.10.029, 2018.

Seyoum, W. M., Kwon, D., and Milewski, A. M.: Downscaling GRACE TWSA Data into High-Resolution Groundwater Level Anomaly

Using Machine Learning-Based Models in a Glacial Aquifer System, Remote Sensing, 11, https://doi.org/10.3390/rs11070824, 2019.

Shannon, C. E.: A Mathematical Theory of Communication, Bell System Technical Journal, 27, 379–423, https://doi.org/10.1002/j.1538-1390

7305.1948.tb01338.x, _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/j.1538-7305.1948.tb01338.x, 1948.

Shihora, L., Balidakis, K., Dill, R., Dahle, C., Ghobadi-Far, K., Bonin, J., and Dobslaw, H.: Non-Tidal Background Modeling for Satellite

Gravimetry Based on Operational ECWMF and ERA5 Reanalysis Data: AOD1B RL07, Journal of Geophysical Research: Solid Earth,

127, e2022JB024 360, https://doi.org/10.1029/2022JB024360, 2022.

55

https://doi.org/10.1007/s10712-024-09860-w
https://doi.org/10.2151/jmsj.2013-201
https://doi.org/10.1002/2016JB012843
https://doi.org/10.1073/pnas.1704665115
https://doi.org/10.1029/2018GL081836
https://doi.org/10.5194/essd-9-389-2017
https://doi.org/10.1029/2023MS004092
https://bonndoc.ulb.uni-bonn.de/xmlui/handle/20.500.11811/6630
https://doi.org/10.1007/s00190-016-0892-y
https://doi.org/10.1016/j.rse.2017.10.029
https://doi.org/10.3390/rs11070824
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
https://doi.org/10.1029/2022JB024360


Shihora, L., Liu, Z., Balidakis, K., Wilms, J., Dahle, C., Flechtner, F., Dill, R., and Dobslaw, H.: Accounting for residual errors in atmo-1395

sphere–ocean background models applied in satellite gravimetry, Journal of Geodesy, 98:27, 2024.

Shokri, A., Walker, J. P., Van Dijk, A. I. J. M., and Pauwels, V. R. N.: Performance of Different Ensemble Kalman Filter Structures to

Assimilate GRACE Terrestrial Water Storage Estimates Into a High-Resolution Hydrological Model: A Synthetic Study, Water Resources

Research, 54, 8931–8951, https://doi.org/10.1029/2018WR022785, 2018.

Shokri, A., Walker, J. P., Van Dijk, A. I. J. M., and Pauwels, V. R. N.: On the Use of Adaptive Ensemble Kalman Filtering to Mitigate Error1400

Misspecifications in GRACE Data Assimilation, Water Resources Research, 55, 7622–7637, https://doi.org/10.1029/2018WR024670,

2019.

Soltani, S. S., Ataie-Ashtiani, B., and Simmons, C. T.: Review of assimilating GRACE terrestrial water storage data into hydrological models:

Advances, challenges and opportunities, Earth-Science Reviews, 213, 103 487, https://doi.org/10.1016/j.earscirev.2020.103487, 2021.

Soltani, S. S., Ataie-Ashtiani, B., Al Bitar, A., Simmons, C. T., Younes, A., and Fahs, M.: Assimilating multivariate re-1405

mote sensing data into a fully coupled subsurface-land surface hydrological model, Journal of Hydrology, 641, 131 812,

https://doi.org/10.1016/j.jhydrol.2024.131812, 2024.

Sood, A. and Smakhtin, V.: Global hydrological models: a review, Hydrological Sciences Journal, 60, 549–565, 2015.

Springer, A.: A water storage reanalysis over the European continent: assimilation of GRACE data into a high-resolution hydrological model

and validation, Thesis, Universitäts- und Landesbibliothek Bonn, https://bonndoc.ulb.uni-bonn.de/xmlui/handle/20.500.11811/7987,1410

2019.

Springer, A., Karegar, M. A., Kusche, J., Keune, J., Kurtz, W., and Kollet, S.: Evidence of daily hydrological loading in GPS time series over

Europe, Journal of Geodesy, 93, 2145–2153, https://doi.org/10.1007/s00190-019-01295-1, 2019.

Stampoulis, D., Reager, J. T., David, C. H., Andreadis, K. M., Famiglietti, J. S., Farr, T. G., Trangsrud, A. R., Basilio, R. R., Sabo, J. L., Oster-

man, G. B., Lundgren, P. R., and Liu, Z.: Model-data fusion of hydrologic simulations and GRACE terrestrial water storage observations1415

to estimate changes in water table depth, Advances in Water Resources, 128, 13–27, https://doi.org/10.1016/j.advwatres.2019.04.004,

2019.

Stoffelen, A.: Toward the true near-surface wind speed: Error modeling and calibration using triple collocation, Journal of Geophysical

Research: Oceans, 103, 7755–7766, https://doi.org/10.1029/97JC03180, 1998.

Su, H., Yang, Z., Dickinson, R. E., Wilson, C. R., and Niu, G.: Multisensor snow data assimilation at the continental scale: The value of1420

Gravity Recovery and Climate Experiment terrestrial water storage information, Journal of Geophysical Research: Atmospheres, 115,

2009JD013 035, https://doi.org/10.1029/2009JD013035, 2010.

Sun, Y., Riva, R., and Ditmar, P.: Optimizing estimates of annual variations and trends in geocenter motion and J2 from

a combination of GRACE data and geophysical models, Journal of Geophysical Research: Solid Earth, 121, 8352–8370,

https://doi.org/https://doi.org/10.1002/2016JB013073, 2016.1425

Sutanudjaja, E. H., Van Beek, R., Wanders, N., Wada, Y., Bosmans, J. H., Drost, N., Van Der Ent, R. J., De Graaf, I. E., Hoch, J. M.,

De Jong, K., et al.: PCR-GLOBWB 2: a 5 arcmin global hydrological and water resources model, Geoscientific Model Development, 11,

2429–2453, 2018.

Swenson, S. and Wahr, J.: Post-processing removal of correlated errors in GRACE data, Geophysical Research Letters, 33,

https://doi.org/10.1029/2005GL025285, 2006.1430

56

https://doi.org/10.1029/2018WR022785
https://doi.org/10.1029/2018WR024670
https://doi.org/10.1016/j.earscirev.2020.103487
https://doi.org/10.1016/j.jhydrol.2024.131812
https://bonndoc.ulb.uni-bonn.de/xmlui/handle/20.500.11811/7987
https://doi.org/10.1007/s00190-019-01295-1
https://doi.org/10.1016/j.advwatres.2019.04.004
https://doi.org/10.1029/97JC03180
https://doi.org/10.1029/2009JD013035
https://doi.org/https://doi.org/10.1002/2016JB013073
https://doi.org/10.1029/2005GL025285


Tang, G., Clark, M. P., Papalexiou, S. M., Ma, Z., and Hong, Y.: Have satellite precipitation products improved over last two decades? A

comprehensive comparison of GPM IMERG with nine satellite and reanalysis datasets, Remote Sensing of Environment, 240, 111 697,

https://doi.org/10.1016/j.rse.2020.111697, 2020.

Tangdamrongsub, N., Steele-Dunne, S. C., Gunter, B. C., Ditmar, P. G., and Weerts, A. H.: Data assimilation of GRACE terrestrial water

storage estimates into a regional hydrological model of the Rhine River basin, Hydrology and Earth System Sciences, 19, 2079–2100,1435

https://doi.org/10.5194/hess-19-2079-2015, 2015.

Tangdamrongsub, N., Steele-Dunne, S. C., Gunter, B. C., Ditmar, P. G., Sutanudjaja, E. H., Sun, Y., Xia, T., and Wang, Z.: Improving

estimates of water resources in a semi-arid region by assimilating GRACE data into the PCR-GLOBWB hydrological model, Hydrology

and Earth System Sciences, 21, 2053–2074, https://doi.org/10.5194/hess-21-2053-2017, 2017.

Tangdamrongsub, N., Han, S.-C., Tian, S., Müller Schmied, H., Sutanudjaja, E. H., Ran, J., and Feng, W.: Evaluation of Groundwater Storage1440

Variations Estimated from GRACE Data Assimilation and State-of-the-Art Land Surface Models in Australia and the North China Plain,

Remote Sensing, 10, 483, https://doi.org/10.3390/rs10030483, 2018.

Tangdamrongsub, N., Han, S.-C., Yeo, I.-Y., Dong, J., Steele-Dunne, S. C., Willgoose, G., and Walker, J. P.: Multivariate data assimilation

of GRACE, SMOS, SMAP measurements for improved regional soil moisture and groundwater storage estimates, Advances in Water

Resources, 135, 103 477, https://doi.org/10.1016/j.advwatres.2019.103477, 2020.1445

Tangdamrongsub, N. and Šprlák, M.: The Assessment of Hydrologic- and Flood-Induced Land Deformation in Data-Sparse Regions Using

GRACE/GRACE-FO Data Assimilation, Remote Sensing, 13, 235, https://doi.org/10.3390/rs13020235, 2021.

Tapley, B. D., Bettadpur, S., Watkins, M., and Reigber, C.: The gravity recovery and climate experiment: Mission overview and early results,

Geophysical Research Letters, 31, https://doi.org/10.1029/2004GL019779, 2004.

Telteu, C.-E., Müller Schmied, H., Thiery, W., Leng, G., Burek, P., Liu, X., Boulange, J. E. S., Andersen, L. S., Grillakis, M., Gosling, S. N.,1450

Satoh, Y., Rakovec, O., Stacke, T., Chang, J., Wanders, N., Shah, H. L., Trautmann, T., Mao, G., Hanasaki, N., Koutroulis, A., Pokhrel, Y.,

Samaniego, L., Wada, Y., Mishra, V., Liu, J., Döll, P., Zhao, F., Gädeke, A., Rabin, S. S., and Herz, F.: Understanding each other’s models:

an introduction and a standard representation of 16 global water models to support intercomparison, improvement, and communication,

Geoscientific Model Development, 14, 3843–3878, https://doi.org/10.5194/gmd-14-3843-2021, 2021.

Tiaden, J., Nestler, B., Diepers, H.-J., and Steinbach, I.: The multiphase-field model with an integrated concept for modelling solute diffusion,1455

Physica D: Nonlinear Phenomena, 115, 73–86, 1998.

Tian, S., Tregoning, P., Renzullo, L. J., Van Dijk, A. I., Walker, J. P., Pauwels, V. R., and Allgeyer, S.: Improved water balance component

estimates through joint assimilation of GRACE water storage and SMOS soil moisture retrievals, Water Resources Research, 53, 1820–

1840, 2017.

Tippett, M. K., Anderson, J. L., Bishop, C. H., Hamill, T. M., and Whitaker, J. S.: Ensemble Square Root Filters, Monthly Weather Review,1460

131, 1485–1490, https://doi.org/10.1175/1520-0493(2003)131<1485:ESRF>2.0.CO;2, 2003.

Tourian, M. J., Saemian, P., Ferreira, V. G., Sneeuw, N., Frappart, F., and Papa, F.: A copula-supported Bayesian framework for spatial

downscaling of GRACE-derived terrestrial water storage flux, Remote Sensing of Environment, 295, 113 685, 2023.
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