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Abstract

The availability of fresh water is vital to the ecosystem and communities. In a
changing climate, the increased risk of droughts makes it more important to have an
accurate view of changes in terrestrial water storage (TWS). Predicting changes in
TWS is inherently difficult since it integrates the changes of all water compartments,
with underlying processes that operate on vastly different temporal and spatial
scales. In our work, we explore a novel design of a hierarchical graph using domain
knowledge of hydrological basins to encode these processes in a latent feature
sequence using an encoder-processor-decoder style graph neural network. The
subsequent recurrent neural network then forecasts changes in TWS from the latent
feature sequence and historical TWS evolution for up to six months ahead. The
gridded product of the seasonal forecast of global TWS evolution shows short-term
improvement over a seasonal long-term mean.

1 Introduction

The total amount of water stored on land is called the terrestrial water storage (TWS) [6]. TWS is
an essential climate variable for land hydrology, but can not directly be measured [14]. Since 2002,
the Gravity Recovery and Climate Experiment (GRACE) and GRACE Follow-On (GRACE-FO)
satellites have delivered measurements of changes in the Earth’s gravity field. From these, terrestrial
water storage anomalies (TWSA) with respect to a long-term mean can be derived [6].

In recent years, notable effort has gone into extending the time series of GRACE-like TWSA to
past decades when GRACE satellite data was not available (e.g., S 20} [18} [10} [19} [15]]). These
reconstructions can be used in hydrological modelling and benchmarking, for sea level budget
studies or long-term assessment of changes in the frequency of droughts [5]. Conversely, forecasting
GRACE-derived TWSA globally has received less attention, although Li et al. [12] has shown that
assimilating forecasted GRACE-derived TWSA can increase the capacity of physics-based land
surface models. In their work, Li et al. [[11] determine lag correlations and teleconnections between
TWSA and climate variables to hand-craft features. Then, they train separate models for each time
step in the forecasting horizon using the matching subset of climate variables.
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Graph-based learning methods are capable of learning these large-scale interactions for long
timescales from data, if the graph is set up sensibly [[L]. In this work, we build a hierarchical
graph that represents the world on two spatial scales to incentivize our graph neural network (GNN)
to resolve processes that act on different spatial and temporal scales. The GNN automatically gener-
ates a sequence of latent features and therefore takes on the task of hand-crafting input features for a
subsequent recurrent neural network.

To train this model, we build a new dataset consisting of TWSA reconstruction and ERAS climate
variables. Analysis of the latent features shows that the model is able to pick up time-step-specific
information.

2 Dataset

We use a reconstruction of GRACE-like TWSA by Li et al. [10] that Table 1: Input features.

extends the time series from 1979 until 2020 at a monthly 0:5°  0:5°  TwsaA

resolution. Li et al. [10] created their data product combining machine  Tyg] precipitation
learning and statistical decomposition techniques. They extensively eval-  grface pressure

uated their product against TWSA data obtained from other satellites for 5, temperature

the time period before the GRACE missions. The data product also comes  |0m wind speed

in a detrended version, meaning long-term trends, which are difficult t0  ggi] moisture level 1 & 4
model, have been removed. Additionally, we collect 11 variables, shown Evaporation

in Table m from ERAS monthly averaged single levels [4]. Also, we  potential evaporation
include a trigonometric embedding of the month of the year as features  Runoff

to give the model a better perception of the seasonality. Sea surface temperature

All inputs are sampled to a 1°  1° resolution, as this is the resolution Land sea mask
of GRACE-derived TWSA products. The dataset is available at https{ Month of the year

//doi.org/10.5281/zenodo.17340261.

3 Methodology

3.1 Graph construction

The model should be able to uncover long-range teleconnections or lag correlations between different
parts of the world. Since these correlations operate on various spatial scales, we build a hierarchical
graph of two levels: A high-resolution grid level and a coarser mesh level.

The first level of the graph consists of nodes that represent every grid cell on land. Their node features
are the time series of the variables described in[2} Additionally, we generate 20 clusters from the grid
cells of the ocean to reduce the size of the first graph level. Ocean grid cells are clustered by mean
and variance of their sea surface temperature, and their geographic position. Their features are the
averaged features of the ocean grid cells that belong to them. We call the nodes of the first graph
level grid nodes in the following. At a resolution of 1°  1°, we have 20953 grid nodes, representing
the grid cells on land and the 20 ocean clusters.

The second level of the graph consists of nodes that represent the hydrological basins as they were
defined in [9] and nodes that represent the 20 ocean clusters. We call these nodes the mesh nodes.
The second-level node features are the sine and cosine embedded spatial coordinates of the nodes.

Three sets of edges connect the nodes of the first level and the nodes of the second level of the graph.
The first set connects grid nodes to the nodes of the hydrological basin or ocean cluster that they
belong to. Another set of edges connects the mesh nodes of the second graph level to their ten nearest
neighbours, depending on spatial distance. The mesh nodes representing the ocean clusters connect
to all basin nodes, as we assume that the ocean has a long-ranging influence on the TWSA. A final
set of edges connects mesh nodes of the second graph level back to the grid nodes. Each grid node is
connected to three nearest neighbours.

3.2 Grid-Mesh-Grid spatial encoding

We propose a Grid2Mesh — Mesh2Mesh — Mesh2Grid pipeline that bridges the gap between regular
gridded Earth observation products and sparse graph-based representations. This design allows us to
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leverage the flexibility of mesh structures for spatial dependency learning while remaining compatible
with gridded TWSA data. The GNNs in the pipeline rely on simple Multi-Layer Perceptrons (MLPs),
as proposed in GraphCast [8]. The GNN implementations are adapted from [2].

At first, an embedder maps the node and edge features
into a common dimension (dim = 128). From there,
another MLP-based module (Grid2Mesh) transfers
the information from the grid nodes to the mesh nodes
along their edges by updating the destination node
features and edge attributes.

In the processing step, the information is passed
among the connected mesh nodes with n = 2 lay-
ers of Mesh2Mesh GNNs in the same way as in
the Grid2Mesh GNN. As already mentioned, we
generate a separate encoding for every time step of
the forecast. Therefore, the current timestep is en-
coded with Feature-wise Linear Modulation [[16] in
the Mesh2Mesh processing GNNs.

In the decoding step, the Mesh2Grid GNN passes
the information back to the grid node features. An
output layer fuses the spatio-temporal information
into a 4-dimensional sequence of latent features as
input for the temporal block, the LSTM (2 layers with
64 neurons). Residual connections for the update of
the grid node, mesh node, and edge features stabilize
training.

3.3 Spatio-temporal forecasting

The decoded latent feature sequences are integrated
into an LSTM-based autoregressive forecaster to-
gether with the sequence of TWSA. For every
timestep of the forecasting horizon, the GNN’s create
a new latent feature sequence. In this way, the GNNs
are trained to create a time-step-specific latent feature
sequence. The LSTM layers then output the change
in TWSA for the next month. Figure [I] shows the
complete model architecture.

4 Results

We split the dataset into training (July 1979 -
February 2004), validation (March 2004 - April
2012), and test (May 2012 - June 2020) time
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Figure 1: Scheme of the model architecture.

Table 2: RMSE [cm] mean and (std) over all fore-
casting periods in the test set.

series. The model is trained with Adam [7] Month Ours ConvLSTM  Climatology
(learning rate = 1e~3, batch size = 4) for 100
epochs. All experiments were conducted on a 1 7.95(0.98) 8.24 (0.92) 15.72 (2.74)
single GPU (NVIDIA A40)E| 2 12.03 (1.50) 12.67 (1.50) 15.69 (2.73)

3 14.33(1.95) 14.88 (1.81) 15.69 (2.73)
The model achieves a root mean squared error 4 15.99 (2.09) 16.30(2.03) 15.68 (2.73)
(RMSE) of 14:25cm on the test set, averaged 5 17.19 (2.31) 17.37(2.15) 15.69 (2.73)
over all forecasting sequences and time steps in 6 18.01 (2.49) 18.02(2.23) 15.72(2.73)
the forecast. Table 2] shows that the error rises

Mean 14.25 14.85 15.70

abruptly when forecasting the second month.

After the second month, the RMSE rises steadily
but with smaller increases. We compare these
results to the RMSE scores of a ConvLSTM [17]

2Code available at https://github.com/violal593/TWSA_HiGNN.
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Figure 2: Forecast of the first sequence in the test dataset (May 2013 - October 2013).

network tested on the same time series and RMSE scores of a long-term seasonal mean (Climatology)
derived from the training TWSA time series. Our model constantly achieves better scores than the
ConvLSTM and outperforms climatology in the first three months. After that, climatology has lower
RMSE scores, which shows that our model is not yet able to fully capture long-term dynamics. Figure
[2]shows the six-month forecast for the first sequence in the test set. The spatial patterns are vastly
matched, but the magnitude is not. Naturally, the percentage error amplifies the perception of errors
in areas where only small changes in TWS occur.

4.1 Basin-wide evaluation
Table 3: Mean (std) performance across
We selected 15 basins to examine the spatial vari- test hydrological basins.

ability of the model performance. Table [3 shows Basin RMSE [cm] # Correlation "
that RMSE and Pearson’s correlation can vary

greatly between basins. The correlation is measured =~ Amazon 13.40 (10.2) 0.986 (0.04)

along the temporal dimension, so it indicates how  Parana 10.17 (4.9) 0.931 (0.11)
well the predictions match the dynamics of the  Mississippi 5.48 (2.1) 0.964 (0.06)
target. However, it does not measure the accuracy =~ Mackenzie  2.27 (1.1) 0.990 (0.01)
of the predictions’ magnitude like the RMSE does. ~ Danube 8.68 (4.4) 0.939 (0.09)
Therefore, pronounced (seasonal) signals that are  Nile 5.12(2.9) 0.962 (0.08)
easy to match for the model will have high cor- Congo 8.77 (3.9) 0.822 (0.34)
relations but might still have high RMSE scores, Orange 2.68 (1.8) 0.741 (0.36)
as for example in the Amazon basin. Conversely, Zambezi 11.45 (7.2) 0.982 (0.03)
small RMSE scores might be misleading for river =~ Euphrates  5.64 (3.6) 0.976 (0.03)
basins where the TWSA signal is closer to 0. For  Volga 6.85 (3.8) 0.977 (0.03)
example, in the Amur basin, the model prediction Yangtze 5.28 (2.4) 0.880 (0.16)
closely matches the ground truth if we are only  Amur 4.39 (2.4) 0.535 (0.47)
considering RMSE. The correlation reveals that the  Ganges 8.11 (3.7) 0.977 (0.07)
model has difficulties capturing the dynamics of the  Indus 5.39 (2.4) 0.941 (0.07)
basin. Murray 6.52 (3.4) 0.744 (0.35)

5 Discussion and future work

GNN encoding The GNN block encodes all the features for every time step and grid node in the
input sequence into four latent feature sequences. We analyze these latent feature sequences by letting
the GNN predict on a dummy dataset where all input features are equal to 1. To calculate the kernel
density estimate (KDE) over all grid nodes, we average over the length of the latent feature time
series (twelve months) that the model creates. Figure[3]shows the KDE for the 4 latent features. The
model seemingly is able to encode temporal progression in the latent features, where months 1 and 6
are well separated (e.g., Figure [3| Latent Feature 2). Latent feature sequences for months 2-5 still
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Figure 3: KDE plots of the GNN encoded latent features for months 1-6 in the forecasting horizon.

show some overlap, so future work should focus on enhancing the separability of mid-horizon latent
features.

Spatial variability Spatially examining the model predictions reveals high variability in predictive
performance (see Figure [J). Generating a graph with extended domain knowledge on the basin
or ocean level could help to better account for the hydrological conditions in different areas. One
option could be to generate sparser graph edges not only based on spatial distance but also based on
spatio-temporal correlations between TWSA and features. Another could be to change the clustering
of the ocean nodes such that it better represents known patterns that influence TWSA.

Dataset Our model relies on ERAS variables, which are not direct hydrological observations but
the output of a land—atmosphere model constrained by data assimilation. Key drivers of TWSA,
such as precipitation, evapotranspiration, runoff, and soil moisture, may therefore contain systematic
biases, particularly in dry regions where observations are sparse and model physics dominate [3]].
This likely constrains the skill of forecasts at longer horizons. Additionally, the model trains on a
reconstruction of GRACE-derived TWSA. The dataset itself has been tested extensively by its authors
[LO]. However, to properly assess the performance of our graph-based TWSA forecast, evaluating the
predictions on the GRACE-derived TWSA is still needed.

6 Conclusion

Forecasting TWSA is inherently difficult because it reflects the combined dynamics of multiple
water compartments with different temporal and spatial scales. In this work, we take a step toward
tackling this challenge by representing the Earth as a hierarchical graph to fuse spatial and temporal
information into a sequence of latent features. These time-step-specific latent features enable global,
seasonal forecasting of TWSA. While the model can capture TWSA patterns and even outperform
the long-term seasonal mean, its accuracy declines with longer horizons, and its performance remains
spatially variable. Future progress will likely come from incorporating more domain knowledge into
the construction of the graph and the mesh latent space to strengthen the informative power of the
latent feature sequence.
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Table 4: Graph construction summary.

Component Count
grid nodes 20953
mesh nodes 313
grid to mesh edges 20953
mesh to mesh edges 9390
mesh to grid edges 62 859

A Supplementary Material

A.1 Graph Construction

Table []lists the exact number of nodes and edges in the hierarchical graph.

A.2 Spatial evaluation
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To assess the spatial performance over time, we calculate
the Nash-Sutcliffe Efficiency (NSE) per pixel for the first Pl PR
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test sequence. NSE measures the model’s predictive skill | e s B S
relative to the mean of observations and is defined as g ' a q:;ﬁ Hall cL})J
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with ¥ being the predicted quantity and y being the ob-
served mean [[13]]. The optimal value is 1.0, and negative
values indicate that the model predictions are worse than
the observed mean.
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Figure 4: NSE for the sequence from

Figure[A.2]shows that the model performance has a high May 2013 to October 2013.
spatial variability. For example, for almost all of Greenland, the performance is worse than predicting
the mean, while the forecast in vast parts of North America reaches high NSE scores.

A.3 GNN latent features

We analyze latent feature sequences by letting the GNN predict on a dummy dataset where all features
are equal to 1. Figure[A.3]shows latent feature 1 for every time step in the forecasting sequence.
There are differences in the magnitudes and patterns of the feature depending on the time step in the
forecasting horizon. Therefore, we assume that the model not only learns that for different time steps
it needs to create different latent features, but also that for different time steps it should put more or
less weight on input from a specific region.
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