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Abstract. This work presents an unsupervised deep-learning approach for the spatial downscaling of Terrestrial Water Stor-

age Anomalies (TWSA) from their native coarse resolution to a 1◦ grid, using simulated Next-Generation Gravity Mission

(NGGM) and ESA–NASA Mass-change And Geosciences International Constellation (MAGIC) products obtained from real-

istic end-to-end (E2E) closed-loop experiments carried out in the context of ESA studies, together with real Gravity Recovery

and Climate Experiment (GRACE) and Follow-On (GRACE-FO) observations. A U-Net Convolutional Neural Network in-5

tegrates hydro-climatic variables from ERA5-Land and topographic information to retrieve fine-scale TWSA patterns while

keeping consistency with the original coarse gravimetric observations. Results over five regions of interest—Africa, the Ama-

zon basin, Europe, the Ganges basin, and the Mississippi basin—have been evaluated through a composite score combining

pixel-wise and structure-wise metrics. The analysis shows that the quality and native resolution of the input gravimetric prod-

ucts strongly influence the downscaled fields. In the simulated experiments, NGGM and MAGIC generally achieve higher10

high-resolution composite scores than the GRACE-C-like configuration, while monthly products outperform the correspond-

ing 5-daily solutions. At the native satellite resolution, the aggregated downscaled fields remain highly consistent with the

input products, with composite scores generally above 0.90 in the simulated and real scenarios. Water balance equation (WBE)

analyses over the Congo and Danube basins show that the downscaled products generally preserve the basin-scale closure

behavior of their corresponding satellite inputs, particularly for the 5-daily simulations, where the errors of the aggregated15

and 1◦ downscaled products remain close to the satellite baseline. The improved quality of the simulated observing scenar-

ios is also reflected in lower WBE errors: from the GRACE-C-like to the MAGIC configuration, the 1◦ downscaled RMSE

decreases from 4.82 to 3.32 mm over Congo and from 14.47 to 7.10 mm over Danube. For real GRACE(-FO) observations,

the aggregated downscaled products reproduce the satellite-scale WBE residuals with NRMSE values of 0.014 over Congo

and 0.007 over Danube. Although the fine-scale redistribution remains underconstrained in the absence of independent high-20

resolution observations, these findings demonstrate that unsupervised deep-learning downscaling can improve the spatial detail

of satellite-derived TWSA while preserving the large-scale gravimetric and hydrological consistency of both simulated future-

mission products and real GRACE(-FO) observations.
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1 Introduction

The Gravity Recovery and Climate Experiment (GRACE) and its follow-on mission (GRACE-FO) have transformed the obser-25

vation of terrestrial water storage (TWS) by providing global, vertically integrated measurements of mass redistribution within

the Earth system. These missions have enabled the monitoring of large-scale hydrological variability, including droughts,

floods, groundwater depletion, and long-term storage trends. However, the coarse spatial resolution of GRACE and GRACE-FO

products, typically on the order of several hundred kilometers, limits their direct applicability to regional hydrological monitor-

ing and water-resource management. Many hydrological processes and management decisions occur at spatial scales ranging30

from a few kilometers to a few tens of kilometers, creating a mismatch between the native resolution of satellite gravimetry

and the spatial detail required for basin-scale assessment, groundwater regulation, and drought monitoring. Through the years,

this limitation has been highlighted by the international scientific community (Pail, 2015; International Union of Geodesy and

Geophysics, 2023) and led to decisions by space agencies to collaborate for the future of sustained enhanced satellite gravime-

try measurements. NASA and DLR are planning the continuation of the GRACE and GRACE-FO programme of record with35

GRACE-Continuity (GRACE-C), which is expected to be launched in 2028 in a near-polar orbit around 500 km orbital altitude

(Flechtner et al., 2024). ESA is currently preparing the Next Generation Gravity Mission (NGGM), which is expected to be

launched in 2032 in an inclined controlled repeat orbit at 70 degrees inclination and around 400 km orbital altitude (Daras et al.,

2023; Pail et al., 2024). ESA and NASA will collaborate on the MAss-change and Geosciences International Collaboration

(MAGIC) which consists of a staggered deployment of GRACE-C and NGGM with the goal to address the needs of the interna-40

tional user community (Daras et al., 2024). While GRACE-C will ensure continuity and global coverage, NGGM will provide

the enhancements in the measurements and the consistency in product quality required by operational applications. During the

expected overlap between the two pairs, MAGIC is expected to significantly improve the accuracy, temporal and spatial resolu-

tion of temporal gravity field and derived terrestrial water storage anomaly (TWSA) or groundwater storage anomaly (GWSA)

products, while also reducing temporal aliasing errors and dependence on de-aliasing models and post-processing. These im-45

provements will enable more accurate TWSA products, including high-temporal-resolution solutions, such as 5-daily fields, as

well as monthly products with improved quality compared to current GRACE-like observations. Future satellite gravity mis-

sions are therefore expected to substantially improve the observation of mass redistribution in the Earth system, however, even

for NGGM and the full MAGIC constellation, the native spatial resolution of the products (∼ 150 km for the MAGIC monthly

products (Daras et al., 2024)) will remain coarser than the scale required by many hydrological applications, making downscal-50

ing a necessary step to enhance the applicability of current and future TWSA observations for regional hydrological analyses

(i.e. spatial scales from 10 to 100 km). In literature, the coarse resolution of satellite gravimetry products has motivated a

wide range of studies aimed at downscaling GRACE-derived TWSA, namely estimating higher-resolution TWSA or GWSA

fields that preserve consistency with the original coarse gravimetric signal. Existing approaches can be broadly divided into

model-based and statistical methods. Model-based strategies assimilate GRACE observations into land surface or hydrological55

models, redistributing the satellite-derived storage signal within a physically consistent modelling framework (Zhong et al.,

2021). These methods can provide spatially detailed estimates of individual water-storage compartments, but they are com-
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putationally demanding and depend on model structure, forcing data, and uncertain parameterizations. Statistical approaches,

instead, establish empirical relationships between GRACE anomalies and higher-resolution predictors such as precipitation,

evapotranspiration, soil moisture, temperature, or vegetation-related variables, and then apply these relationships at finer spatial60

scales (Yin et al., 2018; Vishwakarma et al., 2021; Tourian et al., 2023; Seyoum et al., 2019; Sahour, 2020). Although these

methods are generally easier to implement, they often rely on assumptions of linearity or scale invariance and may require dense

in-situ observations for calibration and validation. Consequently, traditional downscaling can suffer from biased trends, discon-

tinuous spatial patterns, and limited water-balance consistency (Tao et al., 2023; Fatolazadeh et al., 2022; Chen et al., 2025).

In recent years, machine learning (ML) and deep learning (DL) have increasingly been adopted to overcome some of these65

limitations. Data-driven models such as random forests, gradient boosting methods, and neural networks have been used to

infer nonlinear relationships between GRACE observations and multi-source hydro-climatic predictors, producing downscaled

TWSA or GWSA estimates at resolutions ranging from approximately 1 to 25 km (Ahmed et al., 2019; Ali et al., 2023; Uz

et al., 2024). Other studies have embedded ML methods within gap-filling or data-fusion schemes that combine GRACE(-FO)

data with land surface model outputs (Tao et al., 2023; Chen et al., 2025). More recent developments include self-supervised70

and unsupervised deep-learning strategies, such as global model-assisted learning (Gou and Soja, 2024), generative super-

resolution approaches (Wang et al., 2025), and representation learning applied to gravity and climate datasets (Ram, 2022).

These methods show the potential of AI-based techniques to extract complex, nonlinear, and multivariate relationships from

heterogeneous datasets. Nevertheless, AI-based downscaling remains challenging because models can be data-demanding,

prone to overfitting, weakly interpretable, and often insufficiently constrained by physical consistency or uncertainty informa-75

tion (Fatolazadeh et al., 2022; Sahour, 2020; Ram, 2022). In this study, an unsupervised DL-based framework for downscaling

TWSA fields from their native coarse resolution to a 1◦ target grid is presented. The method relies on a Convolutional Neural

Network architecture driven by multi-source hydro-climatic and topographic predictors. The proposed framework is applied

in two different settings. First, it is tested on simulated next-generation gravity mission products generated through realistic

end-to-end (E2E) closed-loop simulations carried out in the context of ESA studies. This simulated dataset includes both 5-80

daily products at 3◦ native resolution and monthly products at 2◦ native resolution, allowing the downscaling performance to

be quantitatively assessed against an available reference hydrological state. This controlled setting therefore provides a direct

evaluation of the ability of the method to reconstruct fine-scale TWSA patterns while remaining consistent with the original

coarse-resolution satellite-like observations. Second, the framework is applied to real monthly GRACE(-FO) TWSA products

at 3◦ resolution to assess its practical applicability beyond the simulated environment. Because no independent high-resolution85

TWSA ground truth is available, the real-data experiment cannot provide a complete validation of the downscaled 1◦ fields.

Instead, it evaluates whether the original gravimetric signal is preserved after aggregation to the native satellite resolution.

In addition, GRACE-C-like simulations and GRACE(-FO) observations are compared over their common period in terms of

water balance equation closure and spatial long-term trends.
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Figure 1. Regions of interest: Africa, Amazon, Europe, Ganges, Mississippi.

2 Methodology90

This work presents an unsupervised deep-learning approach for the spatial downscaling of terrestrial water storage anomaly

(TWSA) grids from their native coarse resolution to a 1◦ target grid. The method relies on Convolutional Neural Networks

(CNNs) to infer spatial links between coarse TWSA observations and higher-resolution auxiliary predictors derived from

meteorological and topographic datasets. The framework is based on an unsupervised high-to-high (H2H) strategy, in which the

network takes a high-resolution input and directly generates a high-resolution TWSA estimate that is subsequently aggregated95

back to the original satellite-like resolution and compared with the satellite product through the loss function. In this way, the

model can be trained without requiring a direct high-resolution TWSA reference, making the approach suitable for present and

future satellite gravimetry missions, characterized by the absence of a high-resolution ground truth.

The analysis is carried out over five regions of interest, namely Africa, the Amazon basin, Europe, the Ganges basin, and

the Mississippi basin. These areas have been selected to cover different hydro-climatic regimes, geographical settings, and100

gravity-driven TWSA variability. For each region, an independent network is trained in order to account for region-dependent

relationships between TWSA variability and the auxiliary climatic predictors. Each study area is represented by a 48◦× 48◦

spatial window, whose latitude and longitude limits are reported in Table 1.
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Table 1. Latitude and longitude limits of the five study regions used for model training and validation

Region lat_min lat_max lon_min lon_max

Africa -23 25 4 52

Amazon -36 12 -83 -35

Europe 24 72 -3 45

Ganges 9 57 68 116

Mississippi 24 72 -115 -67

2.1 Model architecture

The adopted neural network is based on a U-Net-like architecture, characterized by a symmetric encoder–decoder structure105

with skip connections between layers at matching spatial scales (Fig. 2). The encoder branch progressively compresses the

spatial information through convolutional and pooling operations, allowing the model to extract increasingly abstract spatial

features. The decoder branch then reconstructs the target high-resolution field by means of upsampling and convolutional

layers, while the skip connections help retain fine-scale spatial information from the encoder.

The input to the network is a multi-channel tensor of size (Cin, H , W ), where Cin denotes the number of input channels,110

including the auxiliary meteorological and topographic variables described in Sect. 3.3, all resampled onto the 1◦ target grid.

Each convolutional block is composed of two consecutive 3×3 convolutional layers followed by ReLU activation functions. A

separate U-Net model is trained for each of the five selected regions. Since each regional patch has a spatial extent of 48◦× 48◦,

the two pooling operations reduce the feature maps to a 12 × 12 bottleneck resolution. This provides a compromise between

capturing large-scale hydrological patterns and preserving sufficient spatial detail for the reconstruction. The architecture is115

summarized in Table 2.
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Figure 2. U-Net-like architecture used for TWSA downscaling.

Table 2. Summary of the U-Net-like architecture used for TWSA downscaling. H and W denote the spatial dimensions of the input patch.

Layer (type) In → Out Channels Output size

Input Cin [Cin,H,W ]

enc1 (Conv2D ×2 + ReLU) Cin → 256 [256,H,W ]

pool1 (MaxPool2D) – [256,H/2,W/2]

enc2 (Conv2D ×2 + ReLU) 256→ 512 [512,H/2,W/2]

pool2 (MaxPool2D) – [512,H/4,W/4]

bottleneck (Conv2D ×2 + ReLU) 512→ 1024 [1024,H/4,W/4]

up2 (ConvTranspose2D) 1024→ 512 [512,H/2,W/2]

dec2 (Conv2D ×2 + ReLU) 1024→ 512 [512,H/2,W/2]

up1 (ConvTranspose2D) 512→ 256 [256,H,W ]

dec1 (Conv2D ×2 + ReLU) 512→ 256 [256,H,W ]

out_conv (Conv2D, 1× 1) 256→ 1 [1,H,W ]

2.2 Unsupervised downscaling scheme

The network is trained using an unsupervised high-to-high (H2H) downscaling scheme. The objective is to estimate 1◦ TWSA

fields whose coarse-scale representation remains consistent with the original satellite product at its native resolution, namely

3◦ for the simulated 5-daily and GRACE(-FO) products, and 2◦ for the simulated monthly products. At each training step, the120

model receives the auxiliary variables onto the 1◦ grid, then it produces a high-resolution prediction, denoted as TWSAHR.
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To enforce consistency with the original gravimetric observation, the predicted high-resolution field is aggregated back to

the native coarse resolution through an area-weighted average, yielding TWSALR. This low-resolution representation is then

compared with the original satellite product, TWSASAT , using a mean squared error (MSE) loss:

LMSE =
1

N

N∑

i=1

(
TWSA

(i)
LR −TWSA

(i)
SAT

)2

, (1)125

where N is the number of valid pixels in the image, corresponding to the number of land pixels. This formulation constrains

the predicted high-resolution map to reproduce the large-scale signal observed by the satellite while allowing the network to

infer sub-grid spatial variability from the auxiliary predictors.

2.3 Training strategy

The training procedure is applied to filtered real and simulated Level-3 TWSA grids. For each gravimetric time step, the corre-130

sponding 1◦ auxiliary fields are provided as input to the network. The TWSA products, auxiliary variables, and preprocessing

steps are described in detail in Sect. 3. Because TWSA exhibits strong temporal persistence, the dynamic input variables are not

limited to the current time step t, but also include information from previous time steps. Depending on the variable, temporal

lags of up to three months are considered. In the 5-daily case, each month corresponds to n= 6 samples, while in the monthly

case it corresponds to n= 1 sample. For a time-lag of three months, for example, this results in a total of Nlag = 19 samples in135

the 5-daily case and Nlag = 4 in the monthly case, including also the current timestep t. The lag length adopted for each input

variable is reported in Table 3.

Seasonal information is included through two additional 48 × 48 grids, whose values are given by sin(2πdoy/Ny) and

cos(2πdoy/Ny), respectively, where doy indicates the day of the year and Ny = 365.25. This temporal encoding provides the

network with information on the seasonal phase and helps represent the memory effects associated with hydrological processes140

controlling storage variations.

To capture region-specific hydrological behavior, each of the five study regions is processed using an independently trained

network. In this way, each model is tailored to the region on which it is trained, improving the performance over a single global

model. Moreover, processing 48× 48 images is computationally less demanding than processing global-domain images, as

they can be fed to the network as a whole without requiring prior partitioning into patches. Training is performed with the145

Adam optimizer, using a learning rate of 10−4 and a total of 50 epochs. Each epoch loops over the full time series, with a batch

size equal to 1, so that the model parameters are updated after each individual sample. This configuration has been found to

perform better than larger batch sizes. Although the batch size is small, the optimization is carried out over the complete dataset,

allowing the model to learn general relationships between the coarse TWSA fields and the auxiliary predictors. In principle,

the same procedure could also be applied to a single image; however, in that case the optimization would be image-specific150

and would not directly imply generalization to unseen samples. The training workflow is illustrated in Fig. 3.
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Figure 3. U-Net training scheme.

2.4 Ensemble learning

An ensemble of 10 independently trained models has been generated using different random seeds to assess the sensitivity of the

model to the random initialization of the network parameters. The final downscaled TWSA estimate has been obtained as the

pixel-wise mean of the ensemble predictions, while the corresponding standard deviation has been used to quantify the spread155

among the individual model outputs. Deep ensembles are commonly employed in ML applications (Gou and Soja, 2024) to

characterize model uncertainty, particularly the variability associated with parameter initialization and the optimization process.

However, the resulting standard deviation should not be interpreted as the physical uncertainty of the final downscaled TWSA

product. It represents only a part of the epistemic uncertainty associated with the trained model and does not account for other

uncertainty sources, such as errors associated to the satellite observations or input predictors.160

3 Data preparation

3.1 Simulated terrestrial water storage anomaly grids

Simulated Terrestrial Water Storage fields are provided by end-to-end (E2E) closed-loop experiments carried out in the frame

of the ESA-funded SING (Studying the Impact of NGGM and MAGIC Missions) project (Pfeffer and the SING consortium,

2026; European Space Agency (ESA), 2025b). This work uses 5-daily and monthly Level-3 filtered (L3B) data provided by the165

project with a temporal coverage from 2007 to 2020. These simulations integrate instrument noise, background model errors,

temporal aliasing and realistic satellite orbits in order to take into account all error contributions (European Space Agency

(ESA), 2025a). The reference TWSA grids are obtained from the hydrology (H), cryosphere (I), solid Earth (S), sea-level

(B), earthquakes (E) and regional deep ocean transport and sedimentation (D) combined layers (HISBED) of the ESA Earth

System Model (ESM) 3.0 (Dobslaw et al., 2015; Shihora et al., 2026), provided as spherical harmonics coefficients up to d/o170

180, corresponding to approximately 1◦ resolution using the conversion θ = 180/lmax where lmax is the maximum degree and

θ is the native angular resolution. The coefficients have been downloaded from the GFZ Information System and Data Center

(GFZ German Research Centre for Geosciences, 2026). The simulated L3B data is produced from the L2B data provided in

terms of spherical harmonics coefficients up to d/o 70 for the 5-daily products (≈2.57◦) and d/o 120 (≈1.5◦) for the monthly
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products, replacing the C20 term by more accurate Satellite Laser Ranging (SLR) data (L2PB) and correcting for earthquake175

and solid Earth signals removing the E and S layers of the ESA ESM 3.0. In particular, the E layer includes co-seismic and

post-seismic signals while the S layer includes Glacial Isostatic Adjustment (GIA), Little Ice Age (LIA) and core signals. The

coefficients are then synthesized on a latitude/longitude grid, whose spatial sampling is defined by the native angular resolution

of the products approximated to 3◦ for the 5-daily and 2◦ grid for the monthly products. To evaluate the performance of the

downscaling method, the full reference (d/o 180) is used for the comparison at 1◦, while for the comparison at the satellite180

resolution the reference is truncated to the resolution of the simulations to avoid treating unresolved high-degree signals as

omission error (Kusche et al., 2025).

3.2 GRACE(-FO) terrestrial water storage anomaly grids

For real data analysis, the GRACE and GRACE-FO COST-G TWSA fields (RL02, v. 0001) (Boergens et al., 2025) have been

downloaded from the GFZ GravIS data portal (Dahle et al., 2025). The products are provided as gridded monthly TWSA L3185

on a 1◦ grid, therefore they have been re-gridded to 3◦ to match the effective spatial resolution of the satellite using an area-

weighted average to preserve the total water mass within each coarse grid cell. The time series from April 2002 to March 2025

has been used.

3.3 Auxiliary fields

The inputs for the neural network are a set of auxiliary climate variables from the ERA5-Land dataset (Muñoz-Sabater et al.,190

2021; Copernicus Climate Change Service, 2019), the ETOPO2022 Digital Elevation Model (DEM) (MacFerrin et al., 2025;

NOAA National Centers for Environmental Information, 2022) and the ESA WorldCover 2021 v200 (Zanaga et al., 2022) for

land cover mapping. Data from ERA5-Land and the DEM have been downloaded at their original spatial resolution (0.1◦ for

ERA5-Land, 60 arcsec for the DEM) and then aggregated to the target angular resolution of 1◦. The WorldCover processing

required two extra steps. First: the downloaded map at 10 m resolution has been binarized setting to 1 the pixels belonging195

to the Permanent Water Bodies class and the rest to 0 to act as a proxy for surface water. Second: the map has been spatially

aggregated to 1◦ resolution using an area weighted average. The result is a non-binary map with values between 0 and 1

representing the percentage of water in each pixel.

The different inputs are listed in Tab. 3.
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Table 3. Neural Network Inputs

Input Unit Native Resolution Time-lag

Total precipitation m 0.1◦ 3 months

2 m temperature K 0.1◦ 3 months

Skin temperature K 0.1◦ 2 months

Total evaporation m 0.1◦ 3 months

Evaporation from vegetation transpiration m 0.1◦ 3 months

Runoff m 0.1◦ 3 months

Surface pressure Pa 0.1◦ 1 month

Snow cover None 0.1◦ 1 month

Snow depth water equivalent m 0.1◦ 3 months

Volumetric soil water layer 1 m3/m3 0.1◦ 1 month

Volumetric soil water layer 2 m3/m3 0.1◦ 2 months

Volumetric soil water layer 3 m3/m3 0.1◦ 3 months

Volumetric soil water layer 4 m3/m3 0.1◦ 3 months

Elevation m 60 arcsec None (static)

Land/Water mask None 10 m None (static)

Considering the time-lag configuration adopted for each dynamic variable described in Sec. 2.3 the total number of input200

channels Cin is given by:

Cin =

Cdyn∑

j=1

Nlag,j +Cstatic +Ctime, (2)

where:

– Cdyn = 13;

– Cstatic = 2;205

– Ctime = 2;

– Nlag,j is the total number of temporal samples included for the j-th dynamic variable, including the current time step.

The number of input channels therefore corresponds to 203 channels for the 5-daily and 48 channels for the monthly analysis.

This, together with the shorter time series, makes the training significantly faster in the case of monthly acquisitions. The

input fields have been temporally aggregated to match the temporal resolution of the TWSA products taking into account the210

extensive or intensive nature of each variable. For the GRACE(-FO) case, dates not explicitly contributing to the final gravity
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field solutions are nevertheless included in the aggregation of the input fields, to avoid introducing an artificial temporal sub-

sampling of the climatological forcing that can potentially lead to mass imbalance and aliasing effects. Finally, the target spatial

resolution is obtained via area-weighted averaging onto the target grid cells. Figure 4 shows a timestep of the 5-daily input

channels (excluding the time-encoding channels) for Europe.215
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Figure 4. Snapshot of the denormalized input channels (excluding time) considering the first time sample of each variable (Europe).
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All the time-series (TWSA and auxiliary) and the DEM are normalized using the z-score (i.e. centered to zero mean and

scaled by their standard deviation) in order to harmonize the dynamic ranges of the otherwise very heterogeneous variables

and stabilize the network optimization. The mean and standard deviation of the coarse TWSA are used to descale the predicted

TWSA maps.

4 Evaluation metrics220

The final downscaled products are organized as a 5×T × 48× 48 array, where 5 is the number of regions, T is the number of

timesteps, and 48× 48 is the spatial grid at 1◦ resolution. For each region and metric, a single representative value is derived

through two complementary aggregation strategies to provide a balanced evaluation of model performance:

1. Temporo-spatial (TS): the metric is first computed temporally at pixel level and then reduced spatially over the valid

domain.225

2. Spatio-temporal (ST): the metric is first computed spatially for each map and then reduced over time, yielding one value

per region.

In the TS view, the metric is first evaluated over the temporal dimension to obtain a spatial map, and this map is then reduced

over space to a scalar summary. In the ST view, the metric is first evaluated over space at each time step to obtain a time

series, which is then aggregated over time into a scalar. Thus, TS emphasizes temporal consistency at the pixel level, whereas230

ST emphasizes spatial consistency at the snapshot level. Using both views makes it possible to evaluate whether a model

reproduces both the temporal evolution of local signals and the spatial organization of individual fields. The final reduction is

median-based to reduce the sensitivity to outliers.

The evaluation includes pixel-wise metrics, namely Pearson correlation coefficient (r), Nash–Sutcliffe efficiency (NSE),

normalized root mean square error (nRMSE), normalized median absolute error (nMdAE) and variance ratio (β), together with235

structure-wise metrics, namely the Structural Similarity Index Measure (SSIM), the Gradient Magnitude Similarity Deviation

(GMSD), and the Fractions Skill Score (FSS). Low-pass versions of the structural metrics are also considered to explicitly

assess the reproduction of large-scale spatial patterns. The complete mathematical formulation of the individual metrics, the

adopted aggregation procedure, and the window sizes used for multiscale structural metrics are reported in Appendix A.

4.1 Composite score240

Since each individual metric captures only one aspect of model performance, the final assessment is based on a composite

score that combines the most relevant pixel-wise and structure-wise indicators into a single ranking criterion across regions,

observing configurations, and temporal resolutions. The metric families included in the composite score are Pearson correla-

tion, variance ratio, NSE, SSIM, GMSD, FSS, nMdAE, nRMSE and bias. The considered metrics are listed in Table 4, with

metrics in the same family sharing the same empirical weight reflecting the relative importance attributed to the corresponding245

performance dimension. Higher weights are assigned to correlation, variance consistency, and NSE, while structural metrics
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are used to complement pixel-wise scores by accounting for the spatial realism of the downscaled fields. A more detailed

formulation of the structure-wise metrics, including the window sizes adopted for SSIM and FSS can be found in Appendix A.

In Table 4 the Evaluated field column refers to the product(s) being evaluated for the specific metric. For instance, DSHR and

DSLR denote the downscaled product at high and native resolution, respectively. For the latter, given the absence of a ground250

truth signal, the scores are evaluated against the native satellite product, therefore only a low-resolution composite score is

computed. For the downscaled simulated products, on the other hand, the high-resolution evaluation is performed against the

corresponding ESA ESM 3.0 HISBED TWSA (Sec. 3.1). Before aggregation, all metrics are converted into positively oriented

quantities, so that larger values always indicate better performance, and are normalized to the interval [0,1]. When multiple

realizations of the same metric family are available, for example SSIM or FSS evaluated at different window sizes, they are255

first averaged within the corresponding family. If both TS and ST aggregations are available, they are then combined with equal

weight. The detailed implementation of the composite score is provided in Appendix B.

Table 4. Summary of the evaluation metrics considered in this study and raw weights assigned to each metric family in the composite score.

TS and ST denote temporo-spatial and spatio-temporal aggregation, respectively. Evaluated field indicates the TWSA field being assessed

for each metric. Variants belonging to the same metric family share the same raw weight wk. The effective weights ŵk used in a given

experiment are obtained by renormalizing the raw weights over the subset of available metric families in the specific comparison scenario as

described in Appendix B.

Metric Aggregation Evaluated field Raw weight wk

Pearson correlation r TS, ST DSHR, DSLR 0.18

β variance ratio TS, ST DSHR, DSLR 0.17

NSE TS, ST DSHR, DSLR 0.15

SSIM (global) ST DSHR, DSLR

0.11SSIM (windowed) ST DSHR, DSLR

LP-SSIM (global) ST DSHR

GMSD ST DSHR
0.11

LP-GMSD ST DSHR

FSS (windowed) ST DSHR
0.11

LP-FSS (windowed) ST DSHR

nMdAE TS, ST DSHR, DSLR 0.07

nRMSE TS, ST DSHR, DSLR 0.06

Bias TS, ST DSHR, DSLR 0.04

Since not all metric families are necessarily available for every experiment, comparison setup, or aggregation mode, the raw

weights wk are renormalized over the subset of available metric families A:

ŵk =
wk∑
ℓ∈Awℓ

, k ∈ A. (3)260
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The final composite score is then defined as

CS =
∑

k∈A
ŵkFk, (4)

where Fk is the normalized score of metric family k. This formulation ensures that all metrics contribute on a common scale,

that multiple realizations within the same family are equally weighted, and that missing metric families do not introduce

artificial penalties. Further implementation details are presented in Appendix B.265

4.2 Water balance equation closure

To assess the physical consistency of the provided results, downscaled TWSA grids have been evaluated in terms of water

balance equation (WBE) closure considering precipitation (P ), evapotranspiration (ET ) and runoff (RO) from ERA5-Land.

Variations in TWSA have been computed as

∆TWSA(ti) := TWSA(ti)−TWSA(ti−1), (5)270

and the WBE is defined as

∆TWSA(ti) = P (ti)−ET (ti)−RO(ti). (6)

The right-hand side of Eq. (6) indicates accumulated quantities from ti−1 to ti. In the ERA5-Land convention, upward latent

water fluxes from the surface to the atmosphere are stored as negative values in total_evaporation. To ensure consistency

with the WBE, the components are therefore defined as275

P = total_precipitation;

ET =−total_evaporation;

RO = runoff,280

such that positive values of ET represent water loss from the surface. The residual is defined as the difference between the

left-hand and right-hand sides of Eq. (6) and is evaluated at basin scale over the Danube and Congo basins by applying an

area-weighted average in which each pixel is weighted according to the fraction of its area overlapping the basin:

ResWBE := ∆TWSA(ti)− (P (ti)−ET (ti)−RO(ti)). (7)

Fig. 5 shows the 3◦ and 2◦ footprints for the Congo and Danube basins, together with the corresponding 1◦ representations.285

In Fig. 5, the red hatched cells denote 1◦ pixels included in the coarse-resolution footprint but assigned zero weight because

they do not overlap the basin, while the color shading represents the fractional overlap between each pixel and the basin. Basin

boundaries have been derived from HydroBASINS (Lehner and Grill, 2013) Level-3 polygons. The residuals from the different

products are compared against the reference ESA ESM 3.0 HISBED residuals.
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Figure 5. Coarse-resolution (3◦ and 2◦) footprints of the Congo and Danube basins and corresponding 1◦ representations. In the 1◦ panels,

shading denotes the fractional pixel overlap with the basin and red hatched cells indicate pixels within the coarse-resolution footprint that

receive zero weight because they do not intersect the basin. Basin boundaries are derived from HydroBASINS Level-3 polygons (Lehner and

Grill, 2013).

However, due to the difficulty of reproducing the actual hydrological variability over the Congo basin in the LISFLOOD290

hydrological model, the simulations yield unrealistic outputs over the region that are not directly comparable with observations.

5 Results

This section presents the results of the AI-based downscaling of TWSA grids for the simulated 5-daily, simulated monthly,

and GRACE(-FO) scenarios. In the following, the high-resolution downscaled products at 1◦, obtained as output of the U-Net,

are referred to as Downscaled HR (DS HR). The same products aggregated back to the native satellite resolution (3◦ for the295

5-daily and GRACE(-FO) cases, and 2◦ for the monthly case) are referred to as Downscaled LR (DS LR). The original satellite

products, available only at coarse resolution, are denoted as NATIVE. The ESA ESM 3.0 HISBED reference TWSA fields are

indicated as ESM 3.0 HISBED d/o 70 (3◦), ESM 3.0 HISBED d/o 120 (2◦), and ESM 3.0 HISBED d/o 180 (1◦), according

to the truncation procedure described in Sec. 3.1. Model performance is assessed through the composite score described in

Sec. 4.1 and WBE closure (Sec. 4.2).300

5.1 Composite score results

For the simulated 5-daily and monthly configurations, two composite scores have been computed for each configuration–region

combination using the ensemble downscaled products. The first composite score (Fig. 6) evaluates the Downscaled HR TWSA
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fields against ESA ESM 3.0 HISBED at 1◦, whereas the second (Fig. 7) compares the Downscaled LR TWSA fields with the

NATIVE products. Three main aspects emerge. First, the Downscaled HR NGGM and MAGIC products generally achieve305

higher scores than the Downscaled HR GRACE-C-like product at both temporal resolutions. Secondly, composite scores are

generally higher for the monthly scenarios, as expected from the higher quality and native resolution of the monthly satellite

products. Thirdly, the LR composite scores in Fig. 7 are consistently close to unity, indicating strong structural coherence

between the Downscaled LR and NATIVE fields. These LR scores should not be interpreted primarily as an inter-configuration

quality ranking, but rather as a measure of how well each downscaled product preserves its corresponding mission-specific310

satellite observation when aggregated back to the native coarse resolution. Values close to 1 indicate that the downscaling

procedure does not introduce a substantial loss of information at the satellite scale, and that possible U-Net-generated structures

at 1◦ do not significantly affect the consistency of the product once evaluated at LR. In the monthly scenarios, the Downscaled

LR products from GRACE(-FO) over the shared 2007–2020 period are also included for visual comparison. GRACE(-FO)

scores over the full 2002–2025 period are similar: Africa: 0.90, Amazon: 0.96, Europe: 0.92, Ganges: 0.92, and Mississippi:315

0.96.

17

https://doi.org/10.5194/egusphere-2026-4563
Preprint. Discussion started: 4 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 6. High-resolution composite scores for each region and configuration in the 5-daily (top) and monthly (bottom) configurations. The

comparison of the Downscaled HR products is made against the ESA ESM 3.0 HISBED reference.
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Figure 7. Low-resolution composite scores for each region and configuration in the 5-daily (top) and monthly (bottom) configurations.

The comparison of the Downscaled LR products is made against the native satellite product. In the monthly scenarios, the Downscaled LR

products from GRACE(-FO) from the shared timespan (2007-2020) are also included for visual comparison.

5.2 WBE closure results

Tables 6 and 5 report the WBE closure summaries for the Danube and Congo basins, respectively, including the simulated 5-

daily, simulated monthly, and GRACE(-FO) products. For each product, the reported statistics are computed from the difference

between its WBE residual time series and the corresponding ESA ESM 3.0 HISBED residual time series at the same spatial320

resolution. Therefore, the mean and standard deviation reported in the tables refer to the residual mismatch with respect to
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the reference, not to the absolute WBE residual of the product itself. For GRACE(-FO), the satellite is used in place of the

HISBED reference. For the simulated products, the mean and standard deviation of the WBE residuals from Eq. (7) are very

similar between the coarse and 1◦ HISBED references, indicating that the high- and low-resolution reference fields provide

nearly identical basin-scale closure. This confirms that the change in spatial resolution does not substantially affect the large-325

scale WBE residual when evaluated over the basin. The downscaled products generally preserve the closure behavior of their

corresponding low-resolution inputs, although the level of agreement depends on the basin, temporal resolution, and evaluation

scale. This preservation is particularly evident for the 5-daily products, for which the DS LR and DS HR errors remain close

to the NATIVE baseline in both basins. Within each 5-daily configuration, the similarity among NATIVE, DS LR, and DS HR

therefore indicates that the downscaling procedure does not substantially alter the basin-scale WBE consistency of the original330

satellite product. A separate effect is observed when comparing the different simulated observing scenarios. Over the Danube,

the improvement from the GRACE-C-like configuration to MAGIC is strong and systematic across temporal resolutions and

spatial scales. For example, the 5-daily DS HR RMSE decreases from 14.47 to 7.10 mm, while the monthly DS HR RMSE

decreases from 6.05 to 3.09 mm. Similar reductions are obtained for the corresponding NATIVE and DS LR products. This

indicates that the higher quality of the simulated observing scenarios translates into improved basin-scale WBE consistency335

that is retained after downscaling. Over the Congo, the behavior is more scale- and resolution-dependent. In the 5-daily case,

the DS LR and DS HR products remain close to the corresponding NATIVE baselines, and the RMSE decreases consistently

from the GRACE-C-like to the MAGIC scenario, from 4.64 to 3.06 mm for DS LR and from 4.82 to 3.32 mm for DS HR. In the

monthly case, however, the downscaled products preserve the satellite-scale closure only after reaggregation to 2◦. At 1◦, the

DS HR RMSE values range from 7.02 to 7.53 mm, substantially exceeding both the NATIVE and DS LR errors, which remain340

between approximately 2 and 3 mm. Moreover, the configuration-dependent improvement is weak and non-monotonic at high

resolution, with NGGM providing the lowest DS HR RMSE and MAGIC remaining close to the GRACE-C-like result. This

aspect, observed only in the monthly-Congo scenario, may be related to the difficulty of reproducing the actual hydrological

variability of the Congo basin with the OS LISFLOOD hydrological model (Knijff et al., 2010; Jensen et al., 2025), which is

used as the land-hydrology component of ESA ESM 3.0 (Shihora et al., 2026). These limitations may affect the consistency345

between the simulated storage variations and the other water-budget components, making the resulting WBE closure more

difficult to interpret. This point is currently under investigation. For the real GRACE(-FO) products, the downscaled fields

aggregated back to 3◦ remain close to the original satellite residuals: the RMSE is 4.35 mm for Congo and 3.03 mm for

Danube, corresponding to NRMSE values of 0.014 and 0.007, respectively. Overall, these results show that the downscaling

procedure robustly preserves the satellite-scale WBE consistency, while preservation at 1◦ is generally strong in the 5-daily350

experiments and over the Danube, but less effective for the monthly Congo case. Compared with the individual-seed products,

the ensemble does not produce a substantial additional change in the WBE diagnostics, indicating that the composite-score

improvement associated with ensemble averaging is not obtained at the expense of basin-scale water-balance consistency.
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Table 5. Danube basin WBE closure summary for the ensemble 5-daily, monthly, and GRACE(-FO) products. Mean, standard deviation,

RMSE, and NRMSE are computed from the difference between the product WBE residual and the corresponding reference WBE residual,

namely the HISBED for the simulated products and original satellite product for GRACE(-FO). NRMSE is normalized with respect to the

standard deviation of the reference residual.

Simulated 5-daily

HISBED d/o 70 (3◦): mean WBE residual = 9.865 mm, std = 111.29 mm

HISBED d/o 180 (1◦): mean WBE residual = 10.203 mm, std = 118.34 mm

Scenario Product Mean [mm] Std [mm] RMSE [mm] NRMSE [-]

GRACE-C-like SAT (3◦) 0.007 14.17 14.17 0.127

NGGM SAT (3◦) 0.006 8.06 8.06 0.072

MAGIC SAT (3◦) 0.003 6.98 6.98 0.063

GRACE-C-like DS (3◦) 0.004 13.96 13.96 0.125

NGGM DS (3◦) 0.007 7.90 7.90 0.071

MAGIC DS (3◦) 0.005 6.86 6.86 0.062

GRACE-C-like DS (1◦) 0.010 14.47 14.47 0.122

NGGM DS (1◦) 0.012 8.11 8.11 0.069

MAGIC DS (1◦) 0.009 7.10 7.10 0.060

Simulated Monthly

HISBED d/o 120 (2◦): mean WBE residual = 62.926 mm, std = 479.04 mm

HISBED d/o 180 (1◦): mean WBE residual = 63.239 mm, std = 485.89 mm

Scenario Product Mean [mm] Std [mm] RMSE [mm] NRMSE [-]

GRACE-C-like SAT (2◦) 0.044 6.09 6.09 0.013

NGGM SAT (2◦) 0.025 3.04 3.04 0.006

MAGIC SAT (2◦) 0.027 2.85 2.85 0.006

GRACE-C-like DS (2◦) 0.052 6.20 6.20 0.013

NGGM DS (2◦) 0.024 2.82 2.82 0.006

MAGIC DS (2◦) 0.023 2.50 2.50 0.005

GRACE-C-like DS (1◦) 0.007 6.05 6.05 0.012

NGGM DS (1◦) 0.002 3.43 3.43 0.007

MAGIC DS (1◦) 0.001 3.09 3.09 0.006

GRACE(-FO)

GRACE(-FO) SAT 3◦: mean WBE residual = 65.3 mm, std = 458.9 mm

Scenario Product Mean [mm] Std [mm] RMSE [mm] NRMSE [-]

GRACE(-FO) DS (3◦) -0.025 3.03 3.03 0.007
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Table 6. Congo basin WBE closure summary for the ensemble 5-daily, monthly, and GRACE(-FO) products. Mean, standard deviation,

RMSE, and NRMSE are computed from the difference between the product WBE residual and the corresponding reference WBE residual,

namely the HISBED for the simulated products and original satellite product for GRACE(-FO). NRMSE is normalized with respect to the

standard deviation of the reference residual.

Simulated 5-daily

HISBED d/o 70 (3◦): mean WBE residual = 20.531 mm, std = 67.13 mm

HISBED d/o 180 (1◦): mean WBE residual = 20.308 mm, std = 68.19 mm

Scenario Product Mean [mm] Std [mm] RMSE [mm] NRMSE [-]

GRACE-C-like SAT (3◦) -0.008 5.86 5.86 0.087

NGGM SAT (3◦) 0.001 4.96 4.96 0.074

MAGIC SAT (3◦) -0.000 4.09 4.09 0.061

GRACE-C-like DS (3◦) -0.012 4.64 4.64 0.069

NGGM DS (3◦) -0.003 3.70 3.70 0.055

MAGIC DS (3◦) -0.002 3.06 3.06 0.046

GRACE-C-like DS (1◦) -0.025 4.82 4.82 0.071

NGGM DS (1◦) -0.015 3.89 3.89 0.057

MAGIC DS (1◦) -0.013 3.32 3.32 0.049

Simulated Monthly

HISBED d/o 120 (2◦): mean WBE residual = 122.948 mm, std = 292.91 mm

HISBED d/o 180 (1◦): mean WBE residual = 122.552 mm, std = 293.97 mm

Scenario Product Mean [mm] Std [mm] RMSE [mm] NRMSE [-]

GRACE-C-like SAT (2◦) 0.004 3.13 3.14 0.011

NGGM SAT (2◦) -0.012 2.48 2.48 0.008

MAGIC SAT (2◦) -0.014 1.94 1.94 0.007

GRACE-C-like DS (2◦) -0.041 3.20 3.21 0.011

NGGM DS (2◦) -0.031 2.51 2.51 0.009

MAGIC DS (2◦) -0.029 2.65 2.65 0.009

GRACE-C-like DS (1◦) -0.046 7.53 7.53 0.026

NGGM DS (1◦) -0.032 7.02 7.02 0.024

MAGIC DS (1◦) -0.030 7.48 7.48 0.025

GRACE(-FO)

GRACE(-FO) SAT 3◦: mean WBE residual = 130.3 mm, std = 309.6 mm

Scenario Product Mean [mm] Std [mm] RMSE [mm] NRMSE [-]

GRACE(-FO) DS (3◦) 0.010 4.35 4.35 0.014
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5.3 GRACE-C-like/GRACE(-FO) comparison

This framework enables a direct comparison between the simulated GRACE-C-like products and GRACE(-FO) observations355

over the common 2007–2020 period, both at their native satellite resolution and after the downscaling. The products have been

evaluated in terms of WBE closure and compared through their long-term trends. However, due to the difficulty of reproducing

the actual hydrological variability over the Congo basin, mentioned in Sect. 5.2, the simulations yield unrealistic outputs over

the region that are not directly comparable with observations. Consequently, this area has been excluded from the present

analysis, and the WBE closure assessment has been performed only over the Danube basin. Table 7 shows the mean WBE360

residual and the temporal standard deviation for the different products over the Danube basin. The mean residuals reported

in the table are similar for GRACE-C-like, GRACE(-FO), and the ESA ESM 3.0 HISBED reference. However, the large

variability of the residuals does not allow for a robust compatibility assessment. To reduce the influence of the pronounced

seasonal cycle on the variability of the WBE residuals, the comparison between GRACE-C-like and GRACE(-FO) has been

performed separately for each calendar month (Fig. 8). For each month, the difference between the mission-specific mean365

residuals has been quantified using Cohen’s standardized mean difference (Cohen, 1988) and Welch’s unequal-variance t-test

(Welch, 1947). Cohen’s d quantifies the difference between the mission-specific mean WBE residuals relative to their pooled

interannual variability. Small absolute values of d therefore indicate that the difference between the two missions is limited

compared with the natural variability of the residuals. Welch’s test evaluates whether the difference between the two means is

statistically distinguishable from zero while allowing for unequal variances and sample sizes. In this context, large p-values370

(p > 0.05) indicate insufficient evidence to reject the null hypothesis of equal mean residuals. The mean absolute Cohen’s d

has been approximately 0.28 for the Satellite LR, Downscaled LR, and Downscaled HR products, indicating generally small

inter-mission differences. The maximum monthly |d| ranged from 0.54 to 0.57, suggesting that moderate deviations occurred

in individual months. However, Welch’s test detected no statistically significant difference between the GRACE-C-like and

GRACE(-FO) mean WBE residuals for any calendar month (p > 0.05 in all cases). Taken together, the small average effect375

sizes and the absence of statistically significant differences indicate that GRACE-C-like and GRACE(-FO) can be considered

consistent over the Danube basin within the adopted statistical criteria. The compatibility between the two missions can also

be assessed by examining the spatial correlation between their TWSA trend (Hartmann et al., 2013) fields. At 1◦ resolution,

the downscaled GRACE-C-like and GRACE(-FO) products exhibit positive spatial correlations across the four studied areas,

with correlation coefficients of 0.58 for the Amazon, 0.48 for Europe, 0.51 for the Ganges, and 0.72 for the Mississippi. These380

results indicate that the two missions generally identify consistent spatial patterns of TWSA change over the common 2007–

2020 period, although differences in the local magnitude of the trends remain. The overall positive spatial correspondence

therefore provides additional evidence of compatibility between the downscaled GRACE-C-like and GRACE(-FO) products.
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Table 7. Mean signed WBE residual ± temporal standard deviation over the Danube basin during the common 2007–2020 period for

GRACE-C-like and GRACE(-FO) products. Low resolution is 2◦ for GRACE-C-like and 3◦ for GRACE(-FO). Values are expressed in mm.

Product GRACE-C-like GRACE(-FO)

High resolution (1◦)

Downscaled 63.24± 487.13 80.29± 490.90

HISBED 63.24± 485.89 –

Low resolution

Satellite 62.89± 479.91 76.96± 469.78

Downscaled 62.89± 479.64 76.94± 469.90

HISBED 62.93± 479.04 –

Figure 8. Calendar-month comparison of the WBE closure residuals over the Danube basin during the common 2007–2020 period. Points

represent the mean residual for each calendar month, while horizontal error bars indicate the corresponding interannual standard deviation.

The left panel compares GRACE-C-like NATIVE (2◦), GRACE(-FO) NATIVE (3◦), and ESA ESM 3.0 HISBED d/o 120 (2◦) products. The

right panel compares GRACE-C-like DS HR, GRACE(-FO) DS HR, and ESA ESM 3.0 HISBED d/o 180 at 1◦. The overlap between the

mission-specific intervals indicates consistency relative to the observed interannual variability.
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Figure 9. Linear trends in TWSA over the common 2007–2020 period for GRACE-C-like, GRACE(-FO), and ESA ESM 3.0 HISBED low-

resolution (left column) and high-resolution (right column) products. Trends are calculated independently for each grid cell using ordinary

least squares (Hartmann et al., 2013) and are expressed in mmyr−1.

6 Conclusions

This study presented an unsupervised deep-learning framework for the spatial downscaling of terrestrial water storage anoma-385

lies (TWSA) from coarse satellite gravimetry products to a 1◦ target grid. The method relies on a U-Net convolutional neural

network driven by hydro-climatic and topographic predictors, and is trained through a high-to-high strategy in which the
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downscaled fields are aggregated back to the native satellite resolution and constrained to reproduce the original coarse-scale

TWSA signal. Since no direct high-resolution TWSA reference is required for training, the framework can be applied both to

simulated next-generation gravity mission products and to real GRACE(-FO) observations. The method has been tested in two390

settings: realistic end-to-end closed-loop simulations of future gravimetric observing configurations, including 5-daily products

at 3◦ and monthly products at 2◦ resolution, and real monthly GRACE(-FO) TWSA products at 3◦ resolution. The simulated

experiments allowed a direct evaluation against the ESA ESM 3.0 HISBED reference at 1◦, while the real-data experiment

assessed the applicability of the framework in the absence of a high-resolution ground truth. The composite score analysis

shows that the quality of the input gravimetric products strongly affects the downscaled outputs. In the simulated scenarios,395

NGGM and MAGIC generally outperform the GRACE-C-like configuration at high resolution, while monthly products tend

to achieve higher scores than the 5-daily products, consistently with their finer native resolution and lower effective noise. At

the native satellite resolution, the downscaled products remain highly consistent with the original satellite fields, indicating

that the downscaling process does not introduce relevant degradation of the large-scale gravimetric signal. The water balance

equation analysis confirms that the downscaling generally preserves the basin-scale consistency of the input products, although400

the results depend on the temporal resolution and basin considered. In the simulated 5-daily case, the DS LR and DS HR

products maintain WBE errors close to the corresponding NATIVE baselines in both basins. In addition, the improved ob-

serving scenarios produce lower errors that are retained after downscaling: over Congo, the DS HR RMSE decreases from

4.82 mm for GRACE-C-like to 3.32 mm for MAGIC, while over Danube it decreases from 14.47 to 7.10 mm. In the monthly

case, the closure is well preserved over Danube and at the reaggregated satellite scale over Congo. However, the 1◦ Congo405

products show larger discrepancies with the high-resolution WBE reference, with DS HR RMSE values between 7.02 and

7.53 mm, compared with approximately 2–3 mm at the coarse resolution. For real GRACE(-FO), the aggregated downscaled

products remain very close to the original satellite residuals, with WBE RMSE values of 4.35 mm over Congo and 3.03 mm

over Danube, corresponding to NRMSE values of 0.014 and 0.007, respectively. Furthermore, the comparison between the

downscaled GRACE-C-like simulations and real GRACE(-FO) observations over their common 2007–2020 period indicates410

broad consistency between simulations and real data in terms of both WBE closure and the spatial distribution of TWSA trends

at 1◦. Overall, the results indicate that unsupervised CNN-based downscaling can provide spatially enhanced TWSA fields

that remain coherent with the native satellite observations. The approach is particularly promising for future gravity missions,

since improved NGGM and MAGIC observations translate into more reliable downscaled products, while the same framework

can also be transferred to existing GRACE(-FO) data. However, the analysis also highlights the intrinsic limitation of relying415

only on a coarse-scale consistency constraint: without independent high-resolution TWSA observations or additional physical

constraints, the fine-scale redistribution within each coarse satellite cell is not uniquely determined. Therefore, the downscaled

fields should be interpreted as data-driven reconstructions constrained by satellite gravimetry and auxiliary hydro-climatic pre-

dictors, rather than as direct observations of 1◦ TWSA. Future work will focus on the design of additional high-resolution

terms in the training objective. In the current formulation, the loss function constrains the prediction only after aggregation to420

the native 2◦ or 3◦ satellite grid, while no explicit control is imposed on the solution at the 1◦ scale. Future developments will

therefore investigate loss terms acting directly at the target resolution, for example through storage-evolution relationships in-
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spired by land-surface and hydrological models. Such physics-informed constraints could help guide the network toward more

realistic fine-scale TWSA distributions while preserving consistency with the original gravimetric observations. Finally, the

downscaled products will be assessed in hydrologically relevant applications, such as the monitoring, detection and prediction425

of hydrological extremes. This will be an important step toward evaluating the practical added value of downscaled NGGM,

MAGIC, and GRACE(-FO) TWSA products for satellite-gravimetry-based hydrological monitoring.

Code and data availability. The original simulated TWSA L3B products used in this study were generated within the ESA-funded SING

project and are not yet publicly available, as they are currently being prepared for a dedicated data publication. The corresponding repository

and DOI will be added to the manuscript as soon as they become available. For the simulated products, the released dataset includes only the430

outputs of the downscaling workflow, namely the 1◦ downscaled products and their 3◦ or 2◦ aggregated representations, while for GRACE(-

FO) also the original L3 TWSA is included. It does not include the original SING simulated products used as input to the experiments.

The downscaled TWSA dataset is available at [10.5281/zenodo.21669306]. The original public auxiliary datasets, including ERA5-Land,

ETOPO2022, and ESA WorldCover, are available from the repositories cited in Sect. 3.3. The source code used for preprocessing, model

training, and evaluation is not publicly archived but may be made available by the corresponding author upon reasonable request.435

Appendix A: Structure-wise metrics formulation

This appendix reports the mathematical formulation of the structure-wise metrics used in the analysis, namely SSIM, GMSD,

and FSS, together with their low-pass variants. For the low-pass structural diagnostics, the predicted and reference fields are

first smoothed using a Gaussian low-pass filter with standard deviation σLP = 3 pixels. The filtering is implemented with the

default SciPy (Virtanen et al., 2020) Gaussian kernel and nearest-neighbor boundary handling, so as to isolate the large-scale440

spatial component of the fields before computing LP-SSIM, LP-GMSD, and LP-FSS. For SSIM and FSS, multiple spatial

scales are considered, including a global formulation for the SSIM, with the adopted physical and pixel-equivalent window

sizes reported in Table A1. For SSIM and FSS, larger values indicate better structural agreement, whereas for GMSD lower

values indicate better structural fidelity.

A1 Structural similarity index measure (SSIM)445

The structural similarity index measure (SSIM) between a predicted field x and a reference field y is defined as

SSIM(x,y) =
(2µxµy +C1)(2σxy +C2)

(µ2
x +µ2

y +C1)(σ2
x +σ2

y +C2)
, (A1)

where µx and µy are the local means of the two fields over the selected window, σ2
x and σ2

y are the corresponding local

variances, and σxy is the local covariance. For the global SSIM, these statistics are computed over all jointly valid grid cells of

the predicted and reference maps.450
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The constants C1 and C2 are introduced to avoid numerical instability when the denominator approaches zero, and are

defined as

C1 = (K1L)
2, C2 = (K2L)

2, (A2)

where K1 = 0.01 and K2 = 0.03 are dimensionless constants, and L is the dynamic range of the compared fields. In this

implementation, L is estimated robustly as455

L= P99(x∪ y)−P1(x∪ y), (A3)

where P1 and P99 denote the 1st and 99th percentiles of the valid values from the two fields.

A2 Gradient magnitude similarity deviation (GMSD)

For the gradient magnitude similarity deviation (GMSD), let X denote the predicted field and Y the reference field. The

horizontal and vertical gradients are first computed, and the gradient magnitude at each spatial location (i, j) is defined as460

mX(i, j) =
√
gx,X(i, j)2 + gy,X(i, j)2, mY (i, j) =

√
gx,Y (i, j)2 + gy,Y (i, j)2, (A4)

where gx,X and gy,X are the horizontal and vertical gradients of X , and gx,Y and gy,Y are the corresponding gradients of Y .

In this implementation, the gradients are estimated using Sobel operators (Sobel and Feldman, 1968).

A local gradient magnitude similarity map is then computed as

GMS(i, j) =
2mX(i, j)mY (i, j)+ c

mX(i, j)2 +mY (i, j)2 + c
, (A5)465

where c= 0.0026 is a positive constant introduced for numerical stability.

The final GMSD score is defined as the standard deviation of the local GMS map over the valid spatial domain:

GMSD=

√√√√ 1

N

∑

(i,j)∈Ω

[
GMS(i, j)−GMS

]2
, (A6)

with

GMS=
1

N

∑

(i,j)∈Ω

GMS(i, j), (A7)470

where Ω is the set of valid spatial locations and N is the number of valid pixels.

A3 Fractions skill score (FSS)

The Fractions Skill Score (FSS) is a neighborhood-based verification metric that measures the spatial agreement between the

local fractions of an event in predicted and reference fields. In this study, it is applied to evaluate the spatial agreement of dry

and wet TWSA events, defined through quantile-based thresholds of the reference distribution. The FSS can be interpreted as475
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a measure of the ability of the downscaled product to reproduce the approximate location and spatial extent of extreme TWSA

conditions, while being less sensitive than pixel-wise metrics to small displacement errors.

For each region-frequency combination, two event thresholds are derived exclusively from the complete reference field y,

considering all valid grid cells and timesteps:

τdry =Q0.10(y), τwet =Q0.90(y), (A8)480

where Q0.10 and Q0.90 denote the 10th and 90th percentiles, respectively. The thresholds are fixed for the corresponding

regional experiment and are applied identically to the predicted and reference fields. They are not estimated independently

from the prediction or recomputed at each timestep.

For an event type e ∈ {dry,wet}, the binary event indicators are defined as

Idryx (j, t) = 1[x(j, t)≤ τdry] , Idryy (j, t) = 1[y(j, t)≤ τdry] , (A9)485

Iwet
x (j, t) = 1[x(j, t)≥ τwet] , Iwet

y (j, t) = 1[y(j, t)≥ τwet] . (A10)

For a neighborhood Ni centered at grid cell i, the predicted and reference event fractions are

fe
x(i, t) =

∑
j∈Ni

mx(j, t)I
e
x(j, t)∑

j∈Ni
mx(j, t)

, fe
y (i, t) =

∑
j∈Ni

my(j, t)I
e
y(j, t)∑

j∈Ni
my(j, t)

, (A11)

where mx and my are validity masks equal to one for finite values and zero otherwise. Neighborhoods containing no valid

values are excluded from the calculation.490

At each timestep, the event-specific FSS is computed as

FSSe(t) = 1−

∑

i∈Ωt

[
fe
x(i, t)− fe

y (i, t)
]2

∑

i∈Ωt

[
fe
x(i, t)

2 + fe
y (i, t)

2
] , (A12)

where Ωt denotes the set of neighborhood centers for which both predicted and reference fractions are valid. If no event occurs

in either field, such that the denominator is zero, the corresponding timestep-level FSS is treated as undefined and excluded

from the temporal aggregation. FSS values corresponding to wet and dry events are evaluated separately at neighborhood495

scales of 3◦ and 5◦, yielding 2 event types × 2 neighborhood scales = 4 standard FSS realizations and, analogously, 4 LP-FSS

realizations. For the LP-FSS, the thresholds are derived from the complete low-pass reference field.
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Table A1. Physical window sizes used for SSIM and FSS. Pixel kernels are obtained by converting each physical scale into the nearest valid

odd kernel according to the grid spacing. Metrics evaluated over the entire grid do not require a local kernel.

Metric Grid resolution Physical scale Effective kernel [px]

SSIM 1◦ 3◦ 3× 3

SSIM 1◦ 5◦ 5× 5

SSIM 1◦ 7◦ 7× 7

SSIM 1◦ 11◦ 11× 11

SSIM 1◦ 15◦ 15× 15

SSIM 1◦ Entire grid

SSIM 2◦ 7◦ 3× 3

SSIM 2◦ 11◦ 5× 5

SSIM 2◦ 15◦ 7× 7

SSIM 2◦ Entire grid

SSIM 3◦ 7◦ 3× 3

SSIM 3◦ 11◦ 3× 3

SSIM 3◦ 15◦ 5× 5

SSIM 3◦ Entire grid

LP-SSIM 1◦ Entire grid

FSS 1◦ 3◦ 3× 3

FSS 1◦ 5◦ 5× 5

LP-FSS 1◦ 3◦ 3× 3

LP-FSS 1◦ 5◦ 5× 5

Appendix B: Composite score implementation

This appendix provides the detailed implementation of the composite score introduced in Sec. 4.1.

The purpose of the composite score is to combine multiple evaluation metrics into a single scalar indicator while preserving500

comparability across metric families, aggregation views, and experiments.

B1 Metric instances and families

Let k = 1, . . . ,M denote the metric families included in the composite score. In the present implementation, these families

are Pearson correlation, NSE, variance ratio, bias, nRMSE, nMdAE, SSIM, GMSD, and FSS. Each family groups one or

more metric realizations sharing the same diagnostic meaning, even when they differ in spatial scale, low-pass formulation, or505

aggregation view. The assignment of the individual metrics to each family is reported in Table B1.
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Table B1. Assignment of the individual metrics to the composite score families. Metrics belonging to the same family are first normalized

separately and then averaged within family.

Metric Family

r Pearson correlation

NSE NSE

β variance ratio Variance ratio

nRMSE nRMSE

nMdAE nMdAE

Bias Bias

SSIM (global) SSIM

SSIM (multiscale, all window sizes) SSIM

LP-SSIM SSIM

GMSD GMSD

LP-GMSD GMSD

FSS (multiscale, all window sizes) FSS

LP-FSS (multiscale, all window sizes) FSS

To keep the notation general, let i denote an individual metric instance. Each instance i is associated with:

– a metric family k(i),

– an aggregation view v(i) ∈ {TS,ST},

– and, when applicable, a specific spatial scale or metric variant (e.g. window size or low-pass version).510

The original value of metric instance i is denoted by Si.

B2 Orientation of the metrics

Since the metrics entering the composite score do not share the same optimization direction, each metric is first converted into

an oriented value Sori
i such that higher values always correspond to better performance.

For metrics that are naturally maximized, the oriented value coincides with the original one:515

Sori
i = Si. (B1)

This applies to positively oriented metrics such as correlation r, NSE, SSIM, and FSS.

For metrics that are naturally minimized, the orientation is reversed:

Sori
i =−Si. (B2)
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This applies to metrics such as nRMSE, nMdAE, and GMSD.520

For metrics whose optimum is attained at a target value rather than at an extremum, a target-centered transformation is used.

In particular, for the variance ratio β, whose optimal value is β = 1,

Sori
β =−|β− 1|. (B3)

and for the bias, whose optimum is bias = 0,

Sori
bias =−|bias|. (B4)525

With these transformations, the best attainable value within each metric type corresponds to the largest oriented score. For

example, β = 1 maps to an oriented value of 0, while departures from the optimum produce increasingly negative values.

B3 Quantile-based normalization

After orientation, all metric instances are mapped to a common [0,1] range through a quantile-based min–max normalization.

Here, m identifies an individual metric realization, including its aggregation view, variant, and spatial scale. For each metric530

m, let qm,low and qm,high denote the lower and upper empirical quantiles of its oriented-value distribution. In the present

implementation, these bounds correspond to the 5th and 95th percentiles:

qm,low =Q0.05

(
Sori
m

)
, qm,high =Q0.95

(
Sori
m

)
, (B5)

where Sori
m denotes the collection of all available oriented values for metric realization m across the configurations included

in its normalization pool. The pool includes all available oriented values of the metric realization across regions, observing535

configurations, and temporal and spatial resolutions. Separate normalization bounds are computed only for distinct metric

realizations, including their aggregation view, spatial scale (for SSIM and FSS), and standard or low-pass formulation. This

choice preserves the comparability of composite scores across all evaluation settings, including comparisons among observing

configurations, between 5-daily and monthly products, and between high-resolution evaluations against the HISBED reference

and low-resolution evaluations against the native satellite products. If the normalization bounds were defined separately for540

each comparison setting—for example, using distinct pools for the 5-daily and monthly products—the resulting scores would

express only relative performance within that setting and would therefore not be directly comparable. The same applies to

comparisons among the different observing configurations, such as GRACE-C-like and MAGIC.

The normalized score of instance i is then computed as

S̃i = clip

(
Sori
i − qm,low

qm,high − qm,low
, 0, 1

)
, m=m(i), (B6)545

where clip(x,0,1) truncates values smaller than 0 to 0 and values larger than 1 to 1.

This transformation ensures that extreme outliers do not dominate the scaling, while keeping all normalized metrics on a

comparable interval. By construction, values close to 1 indicate relatively strong performance within the corresponding metric

realization, whereas values close to 0 indicate comparatively weak performance.
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If the normalization interval becomes undefined or collapses, i.e.550

qm,high − qm,low = 0 (B7)

or cannot be evaluated because of insufficient valid data, the implementation assigns a neutral fallback score:

S̃i = 0.5. (B8)

This prevents degenerate metric realizations from artificially favoring or penalizing a given experiment.

B4 Aggregation within a metric family555

Some metric families are represented by multiple realizations. This occurs, for instance, when SSIM or FSS are computed

at multiple spatial scales, or when the same family is available under both TS and ST aggregation views. For instance, the

SSIM family includes the global SSIM, the windowed SSIM realizations at the selected spatial scales, and the low-pass SSIM

diagnostic; similarly, the FSS and GMSD families include both their standard and low-pass variants.

For a given family k and aggregation view v ∈ {TS,ST}, let Jk,v be the number of available normalized realizations in that560

family-view combination. The family-view score is defined as

Fk,v =
1

Jk,v

Jk,v∑

j=1

S̃k,j,v, (B9)

where S̃k,j,v denotes the normalized score of the j-th realization of family k under aggregation view v.

This means that all realizations belonging to the same metric family and aggregation view contribute equally. For example,

if SSIM is evaluated at five window sizes, each window contributes one fifth of the corresponding SSIM family-view score.565

If both aggregation views are available for family k, they are combined with equal importance:

Fk =
Fk,TS +Fk,ST

2
. (B10)

If only one aggregation view is available, the corresponding value is used directly:

Fk = Fk,TS or Fk = Fk,ST. (B11)

Thus, Fk denotes the final normalized score of family k, obtained after averaging across all its valid realizations and, when570

applicable, across both aggregation views.

B5 Renormalization of the family weights

Not all metric families are available for every experiment, comparison setup, or aggregation mode. To avoid penalizing exper-

iments with partially missing families, the user-defined raw weights wk are renormalized over the subset of available families.

Let A denote the set of metric families available in a given experiment. The effective weight assigned to family k ∈ A is575

then

ŵk =
wk∑
ℓ∈Awℓ

. (B12)
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By construction,
∑

k∈A
ŵk = 1, ŵk ≥ 0. (B13)

Therefore, the contribution of each family remains proportional to its intended importance, while the total weight is redis-580

tributed only across the families that are effectively defined in the considered case. For example, not all metric families are

available in every comparison setting. FSS, GMSD, their low-pass variants, and the LP-SSIM realization are only defined for

the high-resolution evaluation against the reference field. Consequently, in the low-resolution comparisons against the native

satellite products, the corresponding metric realizations are absent. The raw weights are therefore redistributed through renor-

malization over the subset of metric families that are actually available, as reported in Table B2. Let ALR denote the subset of585

metric families available in the low-resolution evaluation. Their raw weights sum to
∑

k∈ALR

wk = 1−wGMSD −wFSS = 1− 0.11− 0.11 = 0.78. (B14)

Accordingly, for each k ∈ ALR, the effective weight is

ŵk =
wk

0.78
. (B15)

Table B2. Raw and effective metric-family weights used for the low-resolution DSLR evaluations defined as in Sect. 4.1. The effective

weights are obtained by renormalizing the raw weights over the available metric families. GMSD and FSS are not available in these compar-

ison scenarios and therefore do not receive an effective weight.

Metric family Raw weight wk Effective weight ŵk

Pearson correlation r 0.18 0.230769

β variance ratio 0.17 0.217949

NSE 0.15 0.192308

SSIM 0.11 0.141026

GMSD 0.11 –

FSS 0.11 –

nMdAE 0.07 0.089744

nRMSE 0.06 0.076923

Bias 0.04 0.051282

Total 1.00 1.000000

B6 Final composite score590

The final composite score is computed as the weighted sum of the family scores:

CS =
∑

k∈A
ŵkFk. (B16)
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By construction, this formulation ensures that:

1. all metrics are converted to a common [0,1] scale;

2. all metrics are positively oriented, so that larger values always indicate better performance;595

3. multiple realizations within the same metric family contribute equally to the corresponding family score;

4. TS and ST aggregations contribute equally whenever both are available;

5. missing metric families do not induce artificial penalties, since the weights are renormalized only over the available set

A.

The resulting score provides a compact ranking index while preserving traceability to the individual metric families listed in600

Table B1.
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