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Abstract. Fresh water availability is critical for ecosystems, agriculture, industry, and human communities. Anticipating

drought conditions benefits from forecasting changes in terrestrial water storage (TWS), the total water stored on land across

all compartments, including groundwater, rivers, glaciers, and soil moisture. While individual compartments, such as ground-

water, are difficult to observe directly at large scales, TWS integrates their combined changes and can be measured globally

through satellite gravimetry. Since 2002, the GRACE and GRACE Follow-On (GRACE-FO) missions have delivered monthly,5

global estimates of terrestrial water storage anomalies (TWSA), deviations from a long-term mean, making TWSA the most

accessible large-scale indicator of hydrological change. Predicting TWSA is nonetheless challenging as it reflects processes

operating at vastly different temporal and spatial scales. We present HiGNN-LSTM, a hierarchical graph neural network that

represents the Earth across two spatial scales, coupled with an LSTM module to forecast global TWSA for up to six months

ahead. As a proof of concept, we show that the hierarchical graph neural network can automatically generate meaningful input10

features for TWSA forecasting from ERA5 climate variables, without requiring manual predictor selection or lag-correlation

analysis. Trained on a GRACE-like reconstruction of TWSA extending from 1979 to 2020, the model substantially reduces

the one-month-lead RMSE relative to a seasonal climatology baseline (1.83 cm vs 3.70 cm) and consistently outperforms a

ConvLSTM across the full six-month horizon. Skill over climatology shrinks at longer leads and is lost by six months, indicat-

ing that most of the gain concentrates at short leads. Evaluation against GRACE- and GRACE-FO-derived TWSA highlights15

the difficulty of transferring a model trained on reconstructed TWSA to satellite-derived observations.

1 Introduction

The total amount of water stored on land is referred to as terrestrial water storage (TWS) (Humphrey et al., 2023). It includes

all natural or artificial water reservoirs, like groundwater, rivers, glaciers, water stored in biomass, or human-made aquifers.

Therefore, TWS is an essential climate variable for the land hydrology (World Meteorological Organization (WMO) et al.,20

2022). Changes in TWS occur as a response to any of the main water fluxes: precipitation (P), evapotranspiration (ET), and

runoff (R)

dTWS

dt
= P −ET −R. (1)
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However, this view of the system overlooks anthropogenic effects, such as water withdrawals for irrigation or industry. Since

2002, the Gravity Recovery and Climate Experiment (GRACE) and its successor mission GRACE Follow-On (GRACE-FO)25

have measured changes in the Earth’s gravity field globally at a monthly resolution. Terrestrial water storage anomalies (TWSA)

are then derived by comparing to a long-term mean of TWS (Tapley et al., 2019).

In recent years, many works have focused on extending the time series of GRACE-like TWSA back to the pre-GRACE era

(Humphrey and Gudmundsson, 2019; Yu et al., 2021; Sun et al., 2021; Li et al., 2021; Yin et al., 2023; Palazzoli et al., 2025).

These historical reconstructions are used in hydrological modelling and benchmarking, for sea level budget studies, or long-30

term assessment of changes in the frequency of droughts (Humphrey and Gudmundsson, 2019). However, global forecasting of

GRACE-derived TWSA from past observations remains underexplored (Li et al., 2024), although Li et al. (2025) has shown that

assimilating forecasted GRACE-derived TWSA into physics-based land surface models can increase their predictive power.

Early work by Forootan et al. (2014) demonstrated that autoregressive models with exogenous inputs could outperform

physics-based hydrological models in hindcast experiments over West Africa. They demonstrate that the strong autocorrelation35

of TWSA can be exploited by a data-driven model and that ocean-atmosphere teleconnections carry meaningful predictive

information for forecasting TWSA. Later, Ahmed et al. (2019) used a nonlinear autoregressive with exogenous input (NARX)

model to forecast GRACE-derived TWSA over 10 major African basins and found that their model outperformed ARX and a

multilinear regression (MLR) model. Wang and Chen (2022) also focus on NARX models to forecast GRACE-derived TWSA.

For 11 basins, they identify optimal hydrological variables and their combinations as exogenous inputs for each basin’s model.40

Additionally, they analysed which time delay of these variables leads to the best performance and thus achieve high correlation

coefficients for their forecasts.

Li et al. (2024) explore how data-driven methods, including Long Short-Term Memory (LSTM) models, trained on a specific

set of lagged climate and hydrological variables, perform when forecasting GRACE-derived TWSA. For each lead time in their

forecasting horizon, they identify hydrometeorological variables with optimal lag times and strong correlations with observed45

TWSA as predictors. Then, they create a separate model for each lead time trained on the most correlated set of predictors,

thereby generating a global forecast of gridded TWSA data. In Li and Kusche (2026), they advance the method to produce a

semi-operational global forecast of TWSA for up to 12 months.

All the above-mentioned works focus heavily on identifying optimal predictors of GRACE-derived TWSA, either from

teleconnections, time-delayed correlations, or both. In addition, they rely solely on correlation as the criterion for identifying50

optimal predictors, which may lead to biased or suboptimal results, especially when relationships are complex and nonlinear.

Graph-based learning methods can learn large-scale interactions over long timescales directly from data. For example, Cachay

et al. (2021) employed a Graph Neural Network (GNN) for forecasting the Oceanic Niño Index (ONI) six months ahead.

By establishing a novel graph learning module that learns the graph structure from data, the method outperforms other deep

learning approaches. However, their study region is limited to the ocean at a resolution of 5◦, yielding 1345 nodes in their55

graph. While this approach shows promising results for forecasting ONI, a single-valued index, global forecasting of TWSA

at a 1◦ resolution would quickly become computationally intensive.
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In this work, we employ a hierarchical graph representing the world at two spatial scales, the grid level and the hydrological

basin or oceanic region level. This approach guarantees that the computation remains tractable while also including hydrolog-

ical domain knowledge. We use a GNN to encode processes at different spatial and temporal scales and generate sequences of60

latent features. These latent feature sequences will serve as input features to a recurrent neural network that predicts monthly

TWSA over the next six months. This means that, given any fixed input set, the optimal predictors and their lag correlations do

not need to be identified manually, but the GNN learns them directly from data.

We build and train this model on data from a TWSA reconstruction product (Li et al., 2021) and ERA5 climate variables.

First, we analyse how the GNN latent features contribute to the forecasts from the recurrent neural network. Then, we inves-65

tigate how well our model can forecast TWSA by evaluating on a held-out test set from the TWSA reconstruction. Lastly,

we measure how far the trained model transfers to GRACE-derived TWSA observations and compare the results to a TWSA

forecast from a model trained directly on GRACE-derived TWSA.

We frame this study as a proof of concept: the aim is to demonstrate that a hierarchical graph architecture can learn useful

predictors of TWSA end-to-end, not to establish state-of-the-art operational skill.70

2 Hierarchical Graph Neural Network with LSTM

Our model uncovers spatio-temporal relationships in a fixed set of climate inputs and uses them to forecast TWSA without

requiring manual predictor selection or lag-correlation analysis. We combine a GNN with a Long Short-Term Memory-based

(LSTM) module. The GNN is employed to create four sequences of artificial latent-space features for each lead time in the

forecast horizon. These artificial features encode the spatio-temporal information of the original input features. The temporal75

component of the model, the LSTM module, takes these features, along with the last 12 months of TWSA and an embedding

of the lead time in months, to produce TWSA forecasts up to six months ahead. A preliminary version of this architecture is

presented in Steidl and Zhu (2025). Figure 1 shows the complete model architecture. We refer to our model as HiGNN-LSTM

(Hierarchical Graph Neural Network with LSTM) in the following. All model architecture and hierarchical graph parameters

were selected via manual tuning on the validation set. Ablations justifying the key choices are reported in App. B.80

2.1 Graph construction

TWSA at a given location responds not only to local conditions but also to processes elsewhere on the globe, expressed as

teleconnections and lagged correlations among climate variables. Because such connections span multiple spatial scales, we

employ a hierarchical graph to uncover them from the input data. The hierarchical graph consists of a high-resolution grid level

and a coarser mesh level.85

The graph’s grid-level nodes correspond to the land grid cells, holding a time series of variables described in Sect. 3 as node

features. To keep this graph level compact, the ocean is not represented cell by cell. Instead, ocean cells are grouped into 20

clusters by geographic location (Figure A1). Each ocean node carries the mean time series of its member cells’ variables as

node features.
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We refer to the nodes of the first graph level as grid nodes in the following. At a grid resolution of 1◦ × 1◦, we get 2037090

grid nodes in total.

At the graph’s mesh level, we have nodes corresponding to the hydrological basins defined by Lehner and Grill (2013).

Additionally, the 20 ocean nodes are carried over to the mesh level. We refer to this set of nodes as the mesh nodes. Their

features are initialised from each node’s longitude and latitude after a sine-cosine embedding.

The graph’s connectivity is defined by three sets of edges connecting the nodes of the two levels. Nodes of the grid level95

link to the nodes of their hydrological basin or ocean cluster. At the mesh level, nodes connect to their ten spatially nearest

neighbours. Every ocean-cluster node additionally links to all basin nodes, reflecting our assumption of a far-reaching oceanic

influence on TWSA. The third set of edges links mesh-level nodes back to the grid level, where each grid node is linked to

three nearest mesh neighbours.

The number of ocean clusters, the number of edges per node at the second graph level, and the number of edges from the100

second graph level to each node of the first level were set to 20, 10, and 3, respectively. These values balance graph connectivity

against computational cost. In App. B, we perform an ablation study, varying each parameter on the validation set, to confirm

that model performance is robust around the chosen configuration.

2.2 Grid–Mesh–Grid spatial encoding

The information is passed along the different graph levels by a pipeline of three separate GNNs: Grid2Mesh, Mesh2Mesh,105

and Mesh2Grid. These transform regular gridded Earth observation products into sparse graph-based representations and back

to a gridded space of latent features. Following GraphCast (Lam et al., 2023), every stage is built from simple multi-layer

perceptrons (two linear layers with a Batch Normalization layer between them and nonlinear activations). Our implementation

builds on Dufourg et al. (2024).

Before feeding any information to the GNNs, we embed node and edge features into a shared 64-dimensional space. Each110

type of node and the edge is embedded by a separate MLP. Then the Grid2Mesh GNN propagates the embedded information

from grid nodes to mesh nodes along their edges, updating both the destination node features and the edge attributes.

After that, the information is processed at the mesh level. Two sequential Mesh2Mesh GNNs pass information along edges

to connected nodes and update their features. These updates are modulated on the lead-month index i through Feature-wise

Linear Modulation (FiLM) as described in Perez et al. (2017) to generate distinct encodings for each lead time.115

Finally, the Mesh2Grid GNN collects information at the mesh level and passes it back to the grid level nodes to update their

feature sequences. These updates are also modulated by FiLM depending on the lead-month index i.

An output layer collapses the spatio-temporal information from the shared 64-dimensional space into a 4-dimensional se-

quence of latent features for every land grid node. This is the spatially encoded input to the following temporal block.

The ablation in App. B confirms that the full Grid2Mesh −→ Mesh2Mesh −→ Mesh2Grid pipeline contributes meaningfully120

to forecast skill relative to an embedder-only variant that bypasses all message passing GNN layers.
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Figure 1. Scheme of the model architecture.

2.3 Spatio-temporal forecasting

The temporal prediction is handled by a small recurrent module consisting of two LSTM layers with 32 neurons, and a linear

output layer. The temporal module produces a six-month forecast of TWSA. At each lead time i, the module receives three
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inputs: the preceding 12 months of TWSA, the lead time specific latent-feature sequence from the Grid–Mesh–Grid encoder,125

and an embedding of the lead-time index i. Rather than predicting the field directly, it outputs a residual that is added to the

most recent TWSA observation to give the following month’s global field.

3 Data

3.1 TWSA from GRACE-reconstruction

Measurements from the GRACE and GRACE-FO missions date back only to 2002 and are available at a monthly resolution,130

with an 11-month gap between the two missions. This poses a significant hurdle for applying deep learning approaches, which

rely on having a vast amount of training data points to learn from. Therefore, we develop our method on a reconstruction

of GRACE-derived TWSA from Li et al. (2021), spanning 1979 to 2020 at monthly 0.5◦ × 0.5◦ grid resolution. This dataset

provides over twice as many time steps as would be available from only GRACE/GRACE-FO measurements.

Li et al. (2021) created their data product by combining three different data-driven techniques. For each region, they combine135

one of two statistical methods, one of three time-series decomposition methods, and one of three machine learning models.

On top of that, they identify the optimal predictors from a set of climatic and hydrological variables for each region. The

RL06 GRACE mascon solutions (Save, 2019; Save et al., 2016) from April 2002 to June 2017 are used for model training,

while data from the GRACE-FO mission between June 2018 and June 2020 are used for validation. Additionally, the TWSA

reconstruction is validated on temporal gravity field models derived from the satellite laser ranging (SLR) technique (Löcher140

and Kusche, 2020) for the pre-GRACE time period from 1992 to 2002. Li et al. (2021) compare their product to the TWSA

reconstruction from Humphrey and Gudmundsson (2019). Both at the grid and basin scale, the TWSA reconstruction from Li

et al. (2021) fits better with SLR TWSA.

For our study, we use the detrended version of the data product, where they removed linear long-term trends, but kept the

seasonal signal (Li et al., 2021). Antarctica is not included in the dataset.145

3.2 Climatic and hydrological variables

To exploit the full 1979–2020 training period offered by the TWSA reconstruction, we use readily available variables from

ERA5 (Hersbach et al., 2023) instead of direct observations. We collect 8 variables (see Table 1) from ERA5 monthly-averaged

single-level data (Hersbach et al., 2023). These variables are either directly linked to TWSA through the terrestrial water budget

(precipitation, runoff, and evaporation) or have a more subtle correlation with TWSA. It is important to note that ERA5 data was150

created by a land-atmosphere model constrained by observations through data assimilation. Therefore, our predictor variables

exhibit systematic biases, particularly in regions with sparse observations and where model physics dominate (Hersbach et al.,

2020). Additionally, we provide the model with the month of the year as input.

All inputs are coarsened to a 1◦ × 1◦ resolution by latitude-weighted averaging over the points in a grid cell. The linear

trends are removed using scipy.signal.detrend from the SciPy library.155
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Table 1. Input features.

Feature Source Original resolution

TWSA Li et al. (2021) 0.5◦ × 0.5◦

Total precipitation ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

Surface pressure ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

2m temperature ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

10m wind speed ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

Evaporation ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

Potential evaporation ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

Runoff ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

Sea surface temperature ERA5 (Hersbach et al., 2023) 0.25◦ × 0.25◦

Month of the year - 1◦ × 1◦

3.3 GRACE-derived TWSA

We want to measure how well the model trained on a reconstruction of GRACE-derived TWSA transfers to predicting TWSA

derived directly from measurements. Therefore, we collect RL06.03 monthly GRACE/-FO mascon solutions from (Save, 2025;

Save et al., 2016) derived by the Center for Space Research (CSR) for the time period from March 2008 to December 2011

and November 2018 to November 2023. These two time periods have uninterrupted monthly data, so we do not have to impute160

any missing measurements. RL06.03 GRACE/-FO derived TWSA comes at a 0.25◦ × 0.25◦ resolution, which we coarsen to

a 1◦ × 1◦ in the same way we processed the reconstructed TWSA data. Since we are training the model to forecast detrended

TWSA, we also detrend this data for fair comparison using scipy.signal.detrend.

4 Results

The model trains on the reconstructed GRACE-like TWSA data product, which we split into training (July 1979 - March 2008),165

validation (April 2008 - May 2016), and test (June 2016 - June 2020) time series. We employ pixel-wise normalization along

the temporal dimension. Validation and test datasets are normalized using the mean and standard deviation of the training set.

As TWSA for Antarctica is not present in our training dataset, we exclude predictions for Antarctica from the model training,

i.e., the loss calculation. Also, we apply a latitude-aware weighting to the loss calculation to account for the higher grid-

cell density at high latitudes. The model is trained with the AdamW optimizer (Loshchilov and Hutter, 2019) (learning rate170

= 5e−4, weight decay= 1e−2, batch size = 16) optimizing a latitude-weighted Mean Squared Error (MSE) for 100 epochs. To

prevent overfitting, we save the model checkpoints of the best validation score and proceed with our analysis with those. All

experiments were conducted on a single GPU (NVIDIA A40).
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Figure 2. SmoothGrad attributions for the input to the LSTM component of the model for each lead time.

4.1 Gradient analysis of GNN latent features

First, we analyze how the latent features created from the GNN block are used in the subsequent temporal block featuring175

the LSTM module. The GNN encodes the input features of all grid nodes and every input time step into four latent feature

sequences of 12 time steps per node and per lead time within the forecast horizon. To assess how the LSTM component of

our model utilises the information encoded by the GNN, we perform gradient-based saliency analysis on the trained model.

Specifically, we employ SmoothGrad (Smilkov et al., 2017) implemented via the Captum library (Kokhlikyan et al., 2020)

using Saliency and NoiseTunnel functions. The Saliency approach returns the gradients of a model output with180

respect to the inputs. The NoiseTunnel perturbs the inputs by adding Gaussian noise, making the gradient attributions more

robust.

The three input streams to the LSTM at each lead time are the GNN latent encoding, the TWSA history, and a sinusoidal

embedding of the lead time index. The attributions are computed with respect to the LSTM’s TWSA prediction per lead time.

They are aggregated as mean absolute attribution values across all nodes, input sequence positions, and batches in the validation185

set, with standard deviations reported to reflect spatial and temporal variability across samples. The results, shown in Figure

2, confirm that the GNN latent embedding serves as a meaningful input to the LSTM throughout the forecast horizon. The

TWSA history has the highest overall attribution, which is not surprising, as we use the last TWSA time step as an offset for

the residual prediction. The first two latent features have attributions of comparable magnitude to those of the TWSA history,

especially at lead time 1. This shows how important the GNN encoding is to the subsequent temporal block.190

All four GNN latent dimensions receive non-negligible attribution, confirming that the embedding is not degenerate. This

indicates that the LSTM exploits all four latent dimensions jointly, rather than relying primarily on a single dominant one. We

8

https://doi.org/10.5194/egusphere-2026-2312
Preprint. Discussion started: 23 June 2026
c© Author(s) 2026. CC BY 4.0 License.



Table 2. Globally averaged RMSE [cm] on test set (June 2017 - June 2020) per lead time.

Lead time (months) HiGNN-LSTM ConvLSTM Climatology

1 1.83 2.44 3.70

2 2.66 3.75 3.67

3 3.12 4.36 3.67

4 3.41 4.58 3.67

5 3.62 4.70 3.68

6 3.77 4.83 3.69

want to stress that these dimensions do not carry direct physical interpretations, as they represent a learned compression of the

spatio-temporal graph structure rather than explicitly engineered features.

Lastly, the embedding of the lead time index contributes substantially less across all lead times, suggesting the model relies195

primarily on the data-driven signals rather than explicit temporal positional encoding. This might be because the GNN latent

space already encodes sufficient temporal context for the LSTM to produce accurate forecasts, so the lead time embedding

adds little additional information.

4.2 Evaluation on the test set

Having trained exclusively on reconstructed TWSA, we first evaluate performance on the held-out test set before evaluating on200

TWSA from GRACE/-FO observations. As described, we split our dataset into three time periods for training, validation, and

testing. The model has never seen the latter during training or hyperparameter tuning. On this test set, the model achieves a

globally averaged root mean squared error (RMSE) of 1.83 cm for the lead time of one month. The error rises abruptly by 45%

over a two-month lead time. After that, RMSE rises steadily with smaller increases (see Table 2). This type of error progression

is expected as the first month in the forecasting horizon is strongly correlated with the last time step of the TWSA observations,205

whereas longer lead times require the model to rely on more subtle signals in the input features. Figure 3 shows the six-month

forecast for a sequence in the test set. The spatial resolution is the same as the input resolution (1◦ × 1◦). Prominent spatial

patterns are generally well matched. The Mean Absolute Difference (MAD) rises from 1.20 cm to 2.08 cm.

We compare the HiGNN-LSTM performance on the test set to the performance of a sequence-to-sequence ConvLSTM (Shi

et al., 2015) and to the RMSE of a long-term mean for each month (climatology) derived from the training TWSA time series.210

A ConvLSTM (Shi et al., 2015) replaces the linear transformations in a standard LSTM with local convolutional filters,

capturing not only temporal but also spatial patterns within a limited receptive field. With a comparable number of parameters,

it serves as a direct baseline for what local spatial aggregation can achieve, in contrast to the features encoded by the GNN.

Implementation details of the ConvLSTM architecture are in App. C. The consistent margin over the ConvLSTM suggests that

GNN-encoded features carry more predictive information than spatially local convolutions of comparable parameter count.215

We compute the climatology from the training time series as the mean TWSA for each calendar month and each grid cell.
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Figure 3. Six-month forecast (June 2017 - November 2017) from input time series June 2016 to May 2017. Rows show (top) model pre-

diction, (middle) target TWSA from the reconstruction, and (bottom) their difference, with the Mean Absolute Difference (MAD) indicated

below each difference map. The resolution is 1◦ × 1◦.

It represents the average seasonal cycle but cannot respond to interannual variability. Its RMSE, therefore, equals the RMS

amplitude of interannual anomalies in the test period. The margin between HiGNN-LSTM RMSE and climatology RMSE

in Table 2 can thus be read as the model’s skill on the anomaly component alone. This margin is large at lead 1 but shrinks

monotonically with lead time, becomes negligible by lead 5, and marginally reverses at lead 6 (HiGNN-LSTM 3.77 cm vs220

climatology 3.69 cm). The model captures temporal patterns beyond the seasonal cycle at short leads, but it reverts to the

seasonal average at longer horizons.

We evaluate our model against the basin-wide mean of 16 major river basins and investigate the temporal performance.

Figure 4 shows the mean predicted TWSA in six-month sequences with the start date shifting by one month, and thus covering

the whole test period from June 2017 to June 2020. The black curves show the target TWSA from the reconstruction dataset.225

A basin-wide evaluation reveals that our model effectively captures seasonality in basins with a strong seasonal component,

as evidenced by the almost perfect match with the TWSA of the Amazon or Mackenzie basins, for example. Whenever the

TWSA exhibits stronger deviations from the mean seasonal signal, the model struggles to predict these perfectly, but it is still

able to follow the trend. The predictions in the basins of Amur, Orange, or Murray show this behaviour. This demonstrates that

the model can not yet accurately predict deviations from seasonal TWSA.230
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Figure 4. Predicted TWSA (blue) vs target TWSA (black) in 16 test basins together with Pearson’s correlation coefficient (r) averaged over

all forecast sequences for the given basin from June 2017 until June 2020.

Table 3. RMSE [cm] between GRACE-derived TWSA and HiGNN-LSTM predictions or climatology.

Lead time (months) HiGNN-LSTM Climatology

1 5.59 7.98

2 6.63 7.94

3 6.98 7.94

4 6.98 7.96

5 6.89 7.96

6 6.96 7.96
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4.3 Evaluation on GRACE-derived TWSA

We evaluate to what extent our model generalizes to forecasting GRACE-derived TWSA despite being trained on a reconstruc-

tion dataset. Our test period runs from March 2008 to November 2023, with predictions starting in March 2009. This ensures

that the test period does not overlap with the training period. Since we do not want to impute missing TWSA data but measure

the performance only on GRACE-derived TWSA, we have to skip all periods with less than 18 months of consecutive data.235

Therefore, we have one test period running from March 2009 to July 2010 and a second one running from November 2019 to

November 2023.

Table 3 shows how the performance drops substantially compared to the performance on the test set from the TWSA-

reconstruction. This is to be expected since the model must bridge the domain gap between the spatially smoothed TWSA

reconstruction and the noisier GRACE-derived TWSA. Figure 5 shows the HiGNN-LSTM predictions against the GRACE-240

derived TWSA for 16 test basins for the later time period (November 2019 to November 2023). Pearson’s correlation coef-

ficients between the GRACE-derived TWSA and HiGNN-LSTM predictions are similar to those from the reconstruction test

set. Only for the basins Orange, Yangtze, Indus, and Murray they shrink dramatically.

4.4 Comparison to existing methods

We want to put the model’s performance on the GRACE-derived TWSA into perspective by comparing it with how another245

approach would perform in forecasting TWSA for our 16 test basins. We compare against Li and Kusche (2026), whose design

choices differ fundamentally from ours. They train one independent LSTM per forecast lead time directly on GRACE-derived

TWSA, with input predictors selected separately for each basin and each lead time through lag-correlation and teleconnection

analysis. Prior to training, the seasonal cycle and linear trends are removed, so each model need only predict the residual

anomaly relative to this deterministic component. HiGNN-LSTM operates under substantially more constrained conditions: a250

single model, no per-basin or per-lead-time predictor tuning, trained on a TWSA reconstruction rather than observations, and

forecasting TWSA, including the seasonal signal, directly from ERA5 inputs. Li and Kusche (2026) provide a global GRACE-

like TWSA forecast (GRACE-FCast) from 2010 until 2024 based on GRACE/-FO derived TWSA from different providers. We

compare the predictions from our HiGNN-LSTM model to their predictions based on the CSR RL06.2 mascons (Save et al.,

2016) for the period from November 2019 to November 2023. For the comparison, we also removed the linear trends from255

GRACE-FCast by subtracting the linear trend they extrapolated to create the forecast.

Figure 6 shows the basin-wise forecasts of GRACE-FCast and the forecasts from the HiGNN-LSTM versus the GRACE-FO

TWSA. Across most basins, HiGNN-LSTM achieves lower forecast skill than Li and Kusche (2026) in both RMSE and corre-

lation. This can be attributed to two factors. First, Li and Kusche (2026) train directly on GRACE-derived TWSA observations

while our model trains on a reconstruction, introducing a distribution shift at inference time. Second, predicting total TWSA260

including the seasonal cycle is a substantially harder target than the anomaly-only prediction of Li and Kusche (2026), given

that the seasonal cycle accounts for the majority of TWSA variance in most basins. Consistent with this, the performance gap

is smallest in basins where the seasonal signal dominates and largest where TWSA deviates substantially from the seasonal
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Figure 5. Predicted TWSA (blue) vs target GRACE-derived TWSA (black) in 16 test basins together with Pearson’s correlation coefficient

(r) averaged over all forecast sequences for the given basin from November 2019 until November 2023.

mean. For example, the gap is small in the Amazon and Mackenzie basins, where the seasonal signal dominates, and largest in

the Orange and Murray basins, where anomalies drive most of the variance. Together, these factors explain the gap more than265

any limitation of the graph-based architecture itself, suggesting that automatic feature learning from ERA5 inputs is a viable

approach to TWSA forecasting.

5 Limitations and future work

After investigating the performance of our model, we identify several challenges that must be addressed before forecasting

skill can be further improved.270
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Figure 6. HiGNN-LSTM forecast (blue) and Li et al. TWSA forecast GRACE-FCast (red) vs. GRACE-derived TWSA (black) in the 16

test basins. The lighter the line color of the forecasted TWSA, the longer the lead time. Pearson’s Correlation coefficient (r) and Root Mean

Squared Error (RMSE) for the basins are given for the HiGNN-LSTM architecture/Li and Kusche (2026).

5.1 Decreased GNN feature importance at longer lead times

Our model relies purely on data from the past year before the forecasting time period and has no access to predictions of

future climate variables. Since the correlations between the input features and TWSA are weaker for longer horizons, the GNN

encodings will inevitably be less informative for longer lead times. To counteract this, we already train the GNN to generate

lead-time-specific spatio-temporal embeddings of the input features by modulating it with the lead time index i. However,275

the latent space analysis shows that the GNN-encoded features could be improved to produce more informative features for

longer lead times. A more explicit temporal encoding at the input stage, for example, a temporal convolution or attention

module before the embedder module, could in principle help the GNN generate more informative features for later lead times.

Currently, we feed all input features as a flattened vector of all time steps to the model. The GNN has to implicitly identify
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which time steps are most relevant for each lead time. However, integrating such a module is non-trivial in this architecture: it280

changes the dimensionality of node features and substantially increases memory and training cost. Whether it would close the

longer-lead gap in practice is therefore an open question rather than a straightforward extension.

5.2 Spatial variability

A spatial examination of the predictions reveals high variability in predictive performance (see Figure 3). Basin-level evalu-

ation in Sect. 4.2 shows that the model performs well in basins where the seasonal signal dominates, such as the Amazon or285

Mackenzie, but struggles in basins where TWSA deviates more substantially from the seasonal mean, such as Orange, Mur-

ray, or Amur. Improving performance in anomaly-driven basins likely requires either a decomposition of the seasonal signal

before training, as done in Li and Kusche (2026), or a graph construction that better accounts for the hydrological conditions

of individual regions. For example, connecting graph nodes based on known spatio-temporal correlations between ERA5 vari-

ables and TWSA, rather than purely on spatial proximity, could improve the model’s ability to distinguish regional signals. To290

improve accuracy across basins, it may be beneficial to weight basins according to their size, such that smaller basins receive

the same attention as larger ones with more grid cells. Although this may not improve overall accuracy, it may help the model

focus more on deviations from the climatology, rather than merely learning the seasonal signal.

5.3 Dataset

As noted in Sect. 3.2, our predictors come entirely from ERA5 and therefore inherit the reanalysis’s biases, particularly in295

sparsely observed regions where model physics dominates. These biases likely already constrain the informativeness of latent

features for shorter horizons.

Additionally, the training dataset consists of fewer than 400 input-target sequence pairs. This limits the model complexity

that can be justified without risking overfitting, and means that each architectural component needs to be well motivated.

6 Conclusions300

Forecasting TWSA is inherently difficult because it reflects the combined dynamics of multiple water compartments operating

on different temporal and spatial scales. We have demonstrated, as a proof of concept, that a hierarchical GNN can auto-

matically generate spatially meaningful latent features for TWSA forecasting from ERA5 climate variables. Gradient-based

analysis confirms that the GNN encoding is actively used by the LSTM and is not degenerate, validating the use of a graph-

based architecture. On reconstructed TWSA, the resulting model outperforms both a climatology baseline and a ConvLSTM,305

showing that automatically learned spatial teleconnections carry more predictive information than a temporal mean or a lo-

cally convolving method. Basin-level evaluation shows strong performance where the seasonal signal dominates but reveals

limitations in basins where TWSA deviates substantially from the seasonal mean.

Transferability to GRACE/-FO-derived TWSA remains an open challenge. When evaluated directly against observations,

model skill drops substantially compared to the test set. We partly attribute this to the smoothness of the reconstructed GRACE-310
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like TWSA product that may not fully reflect the spatial variability of the observation-derived TWSA. Future progress will

therefore likely come from two directions: incorporating more domain knowledge into the graph and mesh latent space to

strengthen the informativeness of the latent feature sequence, and training on multiple reconstruction datasets produced with

different methodologies to reduce dependence on patterns specific to any single product.

Code and data availability. The code used in this study is available at https://github.com/viola1593/HiGNN-LSTM. The processed data to315

train and evaluate the model can be downloaded from https://doi.org/10.5281/zenodo.19664592.
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Figure A1. The colours indicate the ocean clusters formed by K-means clustering of each ocean grid-cell position at 1◦×1◦ grid resolution.

Table A1. Summary of graph nodes and edges.

Component Count

grid nodes 20 370

ocean nodes 20

mesh nodes 248

total nodes 20 638

grid to mesh edges 20 370

ocean to mesh edges 20

mesh to mesh edges 7440

mesh to grid edges 61 110

total edges 88 940

Appendix A: Graph Construction

Table A1 lists the number of nodes and edges in the hierarchical graph. Figure A1 shows which ocean grid cells belong to the

same cluster in the ocean. The clusters are built from the geographical locations of the grid cells using sklearn.cluster.KMeans

from the scikit learn python library. This approach enables fast clustering of grid cells that lie close together. We chose 20 clus-320

ters after preliminary experiments on the training set, and this configuration performed best.
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Table B1. Globally averaged RMSE [cm] on validation set (April 2008 – May 2016) per lead time under various design choices. Default

values for the base model are 20 ocean clusters, 10 M2M edges, and 3 M2G edges.

Base model # ocean clusters # M2M edges # M2G edges

Lead time default values No message passing 10 30 50 5 20 1 5

1 1.87 1.92 1.86 1.86 1.88 1.85 1.86 1.86 1.88

2 2.83 2.89 2.80 2.80 2.82 2.79 2.82 2.80 2.82

3 3.30 3.39 3.29 3.27 3.29 3.29 3.31 3.29 3.30

4 3.65 3.77 3.66 3.64 3.63 3.67 3.68 3.66 3.68

5 3.87 3.95 3.89 3.86 3.88 3.88 3.90 3.92 3.90

6 4.02 4.10 4.04 4.04 4.04 4.03 4.07 4.08 4.05

Appendix B: Ablation studies

The hierarchical graph introduced in Sect. 2.1 and the Grid–Mesh–Grid pipeline of Sect. 2.2 together define the model’s

spatial encoder. We assess their contribution with two complementary ablations on the validation set (April 2008 – May 2016),

retraining HiGNN-LSTM under each variant with all other architectural and training settings identical to those described325

in Sect. 4. First, to test whether the hierarchical graph implementation itself is beneficial, we replace the Grid2Mesh −→
Mesh2Mesh −→ Mesh2Grid pipeline with an embedder-only variant in which only the embedder MLP and the output layer

are retained, so the latent features handed to the LSTM are produced per grid node without any spatial information exchange.

Second, to test how sensitive the model is to the specific connectivity choices, we run a one-at-a-time sweep over the three

discrete graph hyperparameters: the number of ocean clusters, mesh-to-mesh (M2M) edges per node at the second graph level,330

and mesh-to-grid (M2G) edges from the second level back to each grid node. Each is varied in turn while holding the other two

at their default values as reported in Sect. 2.1 (20 ocean clusters, 10 M2M edges, and 3 M2G edges). Performance is reported

as the globally averaged RMSE per lead time, consistent with the evaluation in Sect. 4.2. Results are summarised in Table B1.

Bypassing the Grid–Mesh–Grid pipeline increases RMSE by 0.05–0.12 cm consistently across all six lead times, confirming

that the message-passing pipeline is the principal source of the model’s spatial skill. In contrast, varying the number of ocean335

clusters (10–50), mesh-to-mesh edges (5–20), and mesh-to-grid edges (1–5) changes RMSE by at most 0.05 cm and without

a consistent direction across lead times, indicating that the model is robust to the precise connectivity hyperparameters within

the ranges explored.

Appendix C: ConvLSTM

The implementation of the Convolutional LSTM is adapted from Palazzi et al. (2017), which is a PyTorch implementation of340

Shi et al. (2015). We employ a two-layer ConvLSTM with 32 nodes in each layer to generate the results for comparison. The

training was stopped after reaching the minimum validation score at 262 epochs. We used AdamW as optimizer with learning

rate = 1e−3, weight decay= 1e−2, and batch size = 8 and chose Mean Squared Error (MSE) as the loss function.
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Table D1. Major river basins used for basin-wise evaluation. Humid (AI > 0.65), subhumid (0.65>AI >0.5), semiarid (0.5>AI >0.2); AI,

aridity index.

ID Basin name Continent Area (km2) Climate

1 Mackenzie North America 1,795,000 Humid

2 Mississippi North America 3,240,000 Subhumid

3 Amazon South America 5,913,000 Humid

4 Parana South America 2,646,000 Humid

5 Nile Africa 3,057,000 Semiarid

6 Congo Africa 3,705,000 Humid

7 Orange Africa 977,000 Semiarid

8 Zambezi Africa 1,378,000 Subhumid

9 Danube Europe 795,000 Humid

10 Euphrates Europe 935,000 Semiarid

11 Volga Europe 1,404,000 Humid

12 Amur Asia 2,238,000 Humid

13 Yangtze Asia 1,924,000 Humid

14 Ganges Asia 1,584,000 Humid

15 Indus Asia 864,000 Humid

16 Murray Australia 1,055,000 Semiarid

Appendix D: River basins for evaluation

Table D1 summarizes in which continent the basins lie, their size, and which type of climate they represent.345
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