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ARTICLE INFO ABSTRACT

Dataset link: Floodify dataset (Original data) Monitoring river water levels is critical for flood risk management, water-resource planning, and early warning
systems. However, deploying dense gauge networks across extensive river systems is often infeasible due to
logistical and financial constraints, and existing stations may fail or provide intermittent data. In this work, we
propose HIGNN (Hydrological Interpolation based on Graph Neural Network), a graph-based framework
for estimating water-level changes at virtual sensor locations (i.e., ungauged sites or locations with missing
observations) by leveraging information from neighboring telemetry stations and terrain characteristics. In
HIGNN, nodes represent observation sites, waterway intersections, or virtual stations, while edges represent hy-
drological connectivity (e.g., upstream—downstream relations) and are characterized by topographic attributes
such as elevation profiles, slope statistics, and flow direction. The model employs message passing to propagate
water-level change signals through the river network, modulated by physically meaningful edge attributes.
Across all water-level change brackets, HIGNN achieves the lowest mean RMSE, outperforming interpolation-
and regression-based baselines. These results demonstrate that HIGNN can effectively estimate water-level
changes at ungauged or temporarily unmonitored locations.
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1. Introduction

Monitoring water levels is an increasingly important task due to
the intensifying impacts of climate change, which results in more fre-
quent and extreme rainfall events and increases the likelihood of river
and canal overflows (Hirabayashi et al.,, 2013; Bloschl et al., 2017).
Waterways such as rivers, canals, and streams are particularly critical
to monitor, as they are the first to respond to excessive rainfall and
can rapidly flood surrounding areas. The information gathered from
this monitoring supports the implementation of immediate mitigation
measures and long-term flood management strategies, thereby reducing
casualties and economic losses due to flood events (Willner et al.,
2018). However, deploying a dense network of physical telemetry is
often impractical due to the substantial costs of sensor hardware, power
supply, data transmission infrastructure, and ongoing maintenance. An
alternative approach is to set up “virtual” stations, where water levels
are estimated using data from neighboring telemetry stations. These
serve as a cost-effective means to provide broader spatial coverage for
critically monitoring areas. Furthermore, they can also provide useful
information to decide where physical sensors may be most effectively
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deployed, by revealing areas with consistently high estimation uncer-
tainty or strong hydrological variability, which indicate where direct
measurements would most improve monitoring accuracy.

In recent years, virtual stations have emerged as a scalable and cost-
efficient alternative to traditional sensor networks for estimating river
water levels. Despite their potential, accurately estimating water levels
at these locations remains a major challenge due to the intricate spa-
tiotemporal behavior of hydrological systems, which are shaped by nu-
merous environmental drivers such as precipitation, evaporation, land
cover, and catchment characteristics. These processes interact in com-
plex and often nonlinear ways, making it difficult to model how water
levels evolve over time. Among these factors, precipitation plays a par-
ticularly dominant role, with recent rainfall events consistently linked
to short-term water level increases, as demonstrated in prior empirical
studies (Kenda et al., 2020; Ahmed et al., 2022). However, beyond
temporal dynamics, the spatial relationships between virtual stations
are also challenging to capture due to variations in terrain, river
topology, and hydrological connectivity. These spatial heterogeneities
hinder the development of generalized models that can be applied
reliably across different geographic regions. As a result, generating
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accurate predictions becomes especially difficult in sparsely monitored
areas, where ground-truth data is limited or unevenly distributed.

Furthermore, physical sensors may malfunction, for example due to
power issues, environmental damage, or calibration drift (Nagahama
et al., 2024), and they may also suffer from data gaps and irregular
sampling frequencies. These problems can introduce bias and degrade
model performance. Combined with the varying number and spatial
configuration of nearby stations, they make it difficult to develop
models that are both robust and generalizable for predicting water
levels at ungauged locations.

A widely used family of approaches for estimating values at unsam-
pled locations is spatial interpolation (Yasin et al., 2024; Lee et al.,
2023; Khan et al., 2023; Paiva et al., 2015; Li and Heap, 2014). Non-
geostatistical methods such as inverse distance weighting (IDW) use
distance-based rules to combine nearby observations, while geostatis-
tical methods such as Ordinary Kriging (OK) estimate values using an
explicit model of spatial correlation and can provide uncertainty esti-
mates (Journel and Huijbregts, 1978; Cressie, 1993). Although effective
in some settings, purely spatial interpolation often relies on smooth-
ness or stationarity assumptions and may not capture river-network
connectivity, terrain-driven anisotropy, or abrupt changes caused by
local controls (e.g., structures and operations). This motivates incor-
porating auxiliary information (e.g., precipitation) and learning spatial
dependencies beyond simple distance-based weighting.

Beyond interpolation, river water-level prediction is also addressed
by several complementary directions. Physics-based hydrodynamic
models simulate flow and water levels using governing equations,
but typically require detailed channel geometry and parameterization
(e.g., roughness) and therefore substantial calibration (Jiang et al.,
2021). Data-driven time-series models (e.g., LSTM-based predictors)
can capture nonlinear temporal patterns from historical observations
and have been widely explored for river stage/level forecasting, but
extending them to ungauged locations depends on how spatial rela-
tionships are represented and on robustness to missing data (Luo et al.,
2025). Another line of work treats water level (or related hydrologic
variables) as a state variable and applies data assimilation methods to
update model states as new observations arrive; these approaches can
be effective but rely on careful specification of model and observation
uncertainties and are commonly coupled with a dynamical model (Sun
et al., 2016; Matgen et al., 2010).

One notable approach that combines precipitation-driven modeling
with spatial error correction is the Bayesian spatiotemporal model
developed by Nagahama et al. (2024), which aims to predict water
levels at both gauged and ungauged stations using precipitation as the
primary driver. The method operates in two main stages. In the first
stage, water levels at all locations, including those without sensors,
are estimated by applying a regression model that uses precipitation
and other environmental covariates as predictors. In the second stage,
the model computes the residuals between the predicted and observed
water levels at the gauged stations. These residuals, which capture
spatially structured errors, are then modeled as a Gaussian process
using a Nearest-Neighbor Gaussian Process (NNGP) framework. By in-
corporating temporal autocorrelation and leveraging spatial proximity,
the NNGP interpolates the residuals across space to estimate the likely
prediction errors at ungauged stations. These estimated residuals are
then used to adjust the initial predictions, resulting in more accurate
and spatially consistent water level estimates. Similarly, Tucci (2023)
integrated spatial interpolation with a neural network to estimate
hourly water levels in a hydroelectric basin, using variables such as
temperature, humidity, wind speed, and precipitation.

In parallel with these developments, graph neural networks (GNNs)
have emerged as a robust framework for modeling water systems.
GNNs are particularly well-suited for hydrological applications because
observations are often distributed across spatially interconnected net-
works like rivers, groundwater wells, or water distribution systems.
By representing monitoring locations as nodes and their hydrological
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connections or flow pathways as edges, GNNs can effectively encode
spatial structures while simultaneously incorporating temporal data
and additional variables.

A recent study in the Netherlands used spatial-temporal graph neu-
ral networks (ST-GNNSs) (Taccari et al., 2024) that combined ground-
water level time series with auxiliary data such as precipitation, evap-
oration, river stage, and pumping well operations. This graph-based
architecture enabled the model to learn both spatial interconnectivity
and temporal evolution, resulting in improved prediction accuracy
and robustness over traditional numerical methods, particularly under
missing-data conditions.

While the ST-GNN model proposed by Taccari et al. (2024) effec-
tively integrates groundwater and auxiliary hydrological data within
a unified graph, our approach introduces several key innovations to
better capture the hydrological dynamics of river networks:

 Directed hydrological graph. Rather than building an undi-
rected graph with fixed, proximity-based edge weights, we con-
struct a directed graph that follows the flow direction toward the
virtual sensor locations, which serve as the prediction targets.
Physically informed edge features. Each edge incorporates de-
tailed topographic and hydrological attributes, such as elevation
differences and flow direction indicators, enabling the model to
represent hydrologically meaningful pathways.

Adaptive message passing. These edge features are not manu-
ally weighted; instead, they are used within a learnable message-
passing framework that adaptively infers the relative importance
of each neighbor.

Residual-based interpolation. Unlike Taccari et al. who did not
explicitly model prediction errors, we treat residuals at teleme-
try stations as node features and interpolate them through the
network, thereby incorporating both physical terrain information
and predictive uncertainty.

Beyond open-channel hydrology, GNNs have also been applied to
water infrastructure systems, e.g., for pressure reconstruction and leak-
age localization in water distribution networks under sparse sens-
ing (Zhang and Fink, 2024). These studies highlight the broader utility
of graph learning in water resources; however, river networks dif-
fer fundamentally from pressurized pipe systems in flow directional-
ity and the role of terrain-driven connectivity, motivating a model
that explicitly encodes directed river topology and topographic edge
attributes.

In this work, we extend the standard message-passing Graph Neural
Network (GNN) framework to estimate water levels in river networks
by representing the waterway system as a graph, where nodes corre-
spond to telemetry stations with observations or virtual stations without
measurements, and edges encode hydrologically and topographically
relevant information. The proposed method builds on Nagahama et al.
(2024), replacing their linear regression component with a multilayer
perceptron (MLP) that estimates water-level changes from precipitation
data. The MLP is followed by a GNN that refines these estimates by
propagating information through the river graph. Both components are
trained end-to-end, enabling a unified optimization of temporal forcing
(precipitation) and spatial dependencies.

We formulate the prediction task as residual learning: starting from
the MLP baseline, the GNN learns a correction term by integrating
spatial patterns from neighboring telemetry stations, guided by the
physical and topographical relationships encoded in the graph. We hy-
pothesize that combining historical water level data with graph-based
hydrological connectivity allows the model to interpolate water-level
changes at unmonitored locations, providing a cost-effective way to
extend monitoring coverage without additional sensor deployments.

The remainder of this paper is organized as follows. Section 2
describes the data sources used in this study. Section 3 introduces
the proposed GNN-based interpolation method, and Section 4 details
the experimental setup and evaluation metrics. Section 5 presents
and discusses the results. Finally, Section 6 concludes the paper and
highlights potential directions for future research.
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Fig. 1. Train and test station locations overlaid on the waterway network used to construct station neighborhoods. Green circles denote training stations and red

circles denote test stations.
2. Study data

The data used in this study were collected from 395 measure-
ment stations distributed across Flanders, Belgium. The stations are
managed by the Flemish government and are publicly accessible via
Waterinfo Vlaanderen.! Most stations are equipped with limnigraphs,
i.e., instruments that continuously measure and record river stage (wa-
ter level) (Vlaamse Milieumaatschappij (VMM) et al., 2025). At each
limnigraph location, a stage-discharge (Q-H) relationship is established
from regular in situ flow measurements, yielding a rating curve that
links a water level H to a corresponding discharge Q. This relationship
provides the basis for converting continuous water level observations
into flow estimates when needed.

Depending on station configuration, water levels are measured using
either acoustic or pressure sensors. Each sensor reports the height of
the water surface relative to a local reference (gauge datum) that
is fixed for the station. Because these local reference points are tied
to the surrounding land surface, their absolute elevations can differ
substantially across the network, making raw water level values not
directly comparable between stations. To reduce the influence of these
station-specific elevation offsets and to emphasize relative fluctuations,
we normalize each station’s water level time series by subtracting
its median value. This transformation centers the data around zero,
allowing the model to focus on water level changes over the time rather
than the height of the water surface, which may be influenced by local
topography and station installation characteristics.

Fig. 1 shows the train and test stations overlaid on the waterway
network together with a labeled basemap. The stations are distributed
along waterways across Flanders and span a wide range of locations,
including areas around Antwerp, Brussels, Gent, Brugge, Kortrijk, Roe-
selare, Mechelen, Aalst, Dendermonde, and Sint-Niklaas. Green circles
indicate stations assigned to the training set and red circles indicate
stations assigned to the test set, while the blue polylines depict the
waterway network used to define station neighborhoods in our graph
construction.

In addition, the raw observations are not provided at a uniform
sampling interval across stations (e.g., 15min, 30 min, or 1 h depending

1 https://www.waterinfo.vlaanderen.be/Themas#item=flood /current%
20situation.

on the station). To ensure consistent model inputs and evaluation, we
align all time series to a common hourly timestamp set. No temporal
interpolation is performed; if a station has no observation for a given
hour, the value is treated as missing.

In addition to the water level and precipitation records, we use a
Digital Terrain Model (DTM) of Flanders obtained from Vlaanderen
Open Data (Agentschap Digitaal Vlaanderen, 2019). The DTM is pro-
vided at 1 m horizontal resolution and was derived from LiDAR acqui-
sitions collected under the Digital Height Model Flanders II (DHMV II)
campaign (2013-2015) (Agentschap Digitaal Vlaanderen, 2019).

Fig. 2 shows the DTM mosaic together with the locations of the
monitoring stations used in this work. Green markers indicate stations
assigned to the training set and red markers indicate stations assigned
to the test set.

The map spans elevations from approximately —10.5m to 156.2m,
with median elevation 14.7 m (5th-95th percentile: 3.6-76.5 m). Train-
ing and test stations cover similar elevation ranges: training stations
range from 1.5m to 82.5m (median 13.3m), while test stations range
from 2.6m to 49.1m (median 9.7m). The map highlights a clear
elevation gradient across Flanders, with low-lying terrain in the coastal
and northern areas and higher elevations toward the southern and
southeastern parts of Flanders.

To ensure consistency across stations and to capture meaningful
temporal dynamics, we first resample each water-level time series to a
uniform one-hour interval, since different stations record measurements
at varying frequencies. We then divide each resampled series into non-
overlapping weekly segments. This procedure standardizes the input
length for modeling and enables fine-grained filtering of short-term
temporal patterns.

We then apply a simple filtering step to remove weekly segments
affected by sensor or telemetry failures that introduce unrealistically
large offsets in the recorded water level. For the remaining segments,
we target short isolated and large spikes in the time series, that are
inconsistent with the local water-level evolution, while preserving sus-
tained changes that may correspond to real hydrological events. For
each weekly segment, we remove short sensor spikes using a Hampel
filter (Hampel, 1974). The Hampel filter compares each value to the
local median computed within a sliding window centered at that time
step. A sample is flagged as an outlier if its deviation from the local
median exceeds a threshold scaled by the local median absolute devia-
tion (MAD), which provides a robust estimate of the typical variability
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Fig. 2. Downsampled digital terrain model (DTM) of Flanders with monitoring stations used in this study. Green circles denote training stations and red circles

denote test stations.
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Fig. 3. Qualitative examples of Hampel filtering. Each panel shows the same weekly segment before (left) and after (right) filtering with a shared y-axis scale.
The Hampel filter removes short isolated spikes while preserving sustained water-level evolution.

within the window. Flagged samples are then replaced with the local
median. This procedure suppresses isolated spikes while largely pre-
serving genuine hydrological changes that occur over multiple hours.

Fig. 3 shows two representative weekly segments before and after
applying the Hampel filter. In both cases, the filter suppresses short,
isolated spikes that are inconsistent with the local evolution, while
preserving longer-duration variations that may correspond to genuine
hydrological changes.

The processed dataset compiled for this study, including selected
time series of water level and associated metadata, will be made
publicly available at https://github.com/tmanh/floodify-sensor-fusion-
data.

3. Proposed method
In this section, we propose a spatiotemporal framework that builds

upon the two-stage approach of Nagahama et al. (2024). In that work,
water levels at both gauged and ungauged locations are first predicted

from precipitation using a simple regression model. The residual errors
at gauged stations are then modeled and propagated with an NNGP to
correct predictions at ungauged locations.

We extend (Nagahama et al.,, 2024) by replacing the first-stage
regressor with an end-to-end trainable architecture that explicitly mod-
els both spatial and temporal dependencies. Specifically, precipitation
inputs are first encoded by an MLP, and the resulting node-wise features
are refined by a GNN operating on the waterway-based graph. The
GNN aggregates information across stations according to the river-
network topology and edge attributes, yielding spatially informed node
representations at each time step. A gated recurrent unit (GRU) (Cho
et al.,, 2014) is then applied along the temporal dimension to these
GNN-refined representations to produce baseline water-level predic-
tions over time. This separation clarifies the role of each module: the
GNN performs spatial mixing conditioned on hydrological connectiv-
ity and topography, while the GRU captures temporal evolution and
memory effects in the water-level dynamics.
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3.1. Background: Graph attention networks

Graph Attention Networks (GATs) (Velickovi¢ et al., 2018) are
message-passing graph neural networks that learn adaptive, data-
dependent aggregation weights over a node’s neighborhood. Let h; €
RF denote the input feature of node i, and let N; be its (one-hop)
neighborhood. A GAT layer first applies a shared linear transformation
W € RF'*F and then computes masked self-attention coefficients only
for neighbors j € W;. In the original formulation, an attention logit
is obtained from the concatenated transformed features using a shared
weight vector a € R2F":

e;; = a(Wh;, Wh;) = LeakyReLU(a"[Wh, || Wh;]). €))

followed by neighborhood-wise softmax normalization,
exp(e;;)

ZkeM exp(e;)”

The output feature of node i is then computed by an attention-weighted
aggregation of transformed neighbor features:

(2)

a;; = softmax;(e;;) =

W =o| ) a;Wh|, 3)
JEN;
where o(-) denotes a nonlinearity.

In waterway systems, the influence of a neighbor is not defined only
by similarity but by physical context instead such as along-channel
distance, elevation, and flow orientation. Thus, a natural extension
is therefore to condition the attention logits on edge attributes e;;. In
our model, we adopt this edge-conditioned attention principle so that
message passing can emphasize hydrologically consistent connections
(e.g., toward the target, short along-waterway distance) and suppress
weak or non-physical relations, while still operating on a unified local
graph per virtual station.

3.2. Overadll architecture

Building on attention-based message passing as in Graph Atten-
tion Networks (Section 3.1), we propose an end-to-end spatiotemporal
framework that combines (i) an MLP encoder for precipitation, (ii) a
GNN operating on a local waterway graph to model spatial interactions,
and (iii) a GRU head to capture temporal dynamics. An overview
of the proposed computation flow is illustrated in Fig. 4. Let y; =
[Yi1»Yi2»---»yir] denote the vector of water-level observations at loca-
tion i over time, and let p; = [p; 1, p; 5., ..., p; ] denote the corresponding
precipitation sequence. First, for each location i, p; is fed into an MLP
to produce a coarse latent representation ff""‘“e. This step provides a
nonlinear mapping from raw precipitation inputs to a compact feature
space that is used by the subsequent spatiotemporal modules.

Second, the coarse representations are refined on a river graph using
a GNN together with spatial relationship features FSEpat'al. In our setting,
the model operates on a local graph constructed for each virtual station.
For a given virtual station v, we build a graph ¢, = (V,,&,) by (i)
selecting neighboring stations of v, (ii) identifying the waterway paths
that connect each selected neighbor to v whenever such a connection
exists, and (iii) including the shared junctions and intersections of these
paths as additional nodes. The node set V, therefore contains the virtual
station v, its selected neighboring stations, and the intersection nodes
along the connecting waterway paths, while &, follows the waterway
segments along these paths, preserving the geometry of the underlying
network (Fig. 6). The proposed network is trained on the collection
of graphs constructed from the training stations. During evaluation,
inference is performed by applying the trained model to the graph G,
associated with each virtual station in the test set.

For message passing, the edge set is treated as undirected, so &,
specifies which pairs of locations exchange information. Directional
and connectivity information is not represented by edge orientation,
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Table 1
Structure of the MLP used for precipitation feature extraction and for residual-
weight prediction.

Layer Operation Output Dim.
Input Scalar precipitation p;, 1
Layer 1 Linear + GELU 8
Layer 2 Linear 8

but is encoded in the associated edge features fSpa)tlal (Table 4). In
particular, the flow direction feature takes values 1, —1, or O to indicate
flow toward the virtual station, flow away from the virtual station, or
the absence of a hydrological link, respectively. This design allows the
model to include both hydrologically connected neighbors and broader
spatial neighbors in a unified graph, while enabling the edge-attention
mechanism to learn when and how each edge should contribute.

Third, the GNN output at each node is passed through a prediction
module to obtain baseline water-level predictions. Concretely, the GNN
produces a sequence of node representations h, ;.r, where each h;,
summarizes information aggregated from neighboring stations at time
t according to the learned attention weights and edge attributes. We
then apply a GRU along the temporal dimension for each node,

Zi,.7= GRU(hi,l :T)s ()]

followed by a nonlinear activation and a linear projection to obtain the
baseline prediction sequence,

¥+, = Linear(GELU(z; 7). (5)
Here, the GNN performs spatial mixing using the river-network topol-
ogy and edge features, while the GRU captures temporal dependencies
and memory effects in the water-level dynamics based on the spatially
refined representations.

Fourth, to account for residual errors that remain after baseline
estimation, we compute residuals r; at gauged stations as the differ-
ences between the observed values y; and the corresponding baseline
predictions yb“‘se These residuals capture local discrepancies and are
subsequently used to estimate the expected error at the virtual station,
which is then applied to correct and refine its water-level prediction.

Finally, a second MLP generates interpolation weights w,, for each
virtual station based on the spatial relationship features between neigh-
boring gauged stations and the virtual station. These weights determine
the contribution of residuals from neighboring gauged stations, yielding
an interpolated residual ¥, at the virtual station. The interpolated
residual is then added to the baseline prediction to yield the final
adjusted estimate y,,.

3.3. Water level regression from precipitation

We employ a lightweight multilayer perceptron (MLP) to extract
features from precipitation inputs. The MLP consists of two fully
connected layers with GELU activations (Hendrycks and Gimpel, 2016)
(Table 1). At each time step 7, the MLP maps the precipitation value p;
at location i to a coarse feature  representation
fif;"““. These coarse features provide the node-wise signals that will be
propagated spatially over the waterway network.

To enable spatial propagation, we represent the formulation water-
way network as a graph (a simplified example can be found in Fig.
5). For each virtual station v (i.e., a prediction target), we construct a
local graph G, = (V,,&,) that captures the relevant network context
around v (Fig. 6). The node set V, includes the virtual station, its
selected neighboring telemetry stations, and intermediate junction or
intersection nodes along waterway paths that connect these neighbors
to v whenever such connections exist. The edge set &, follows the
corresponding waterway segments along these paths, preserving the
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geometry of the underlying network. Each edge (u,v) € &, is asso-
ciated with spatial relationship features e,, that encode hydrological
connectivity and topographic context (Table 4).

Given the coarse precipitation features and the corresponding lo-
cal graph G,, we refine the node representations using a GNN with
attention-weighted message passing. Intuitively, this stage mixes infor-
mation across stations according to the waterway topology and the edge
attributes, producing spatially refined features that are then passed to
the temporal prediction head to generate baseline water-level estimates
over time.

Let f"‘]"“T“e denote the coarse feature sequence of station i produced
by the MLP. For message passing, we treat £, as undirected, and encode
directional and connectivity information in the edge attributes e,,. An
edge-attention network maps e,, to a scalar logit s,, (Table 2), which
is normalized over the neighborhood of each node to obtain attention
weights

exp(s,,)

typy =" (6)
“ Zu’ej\f(u) exp(su/u)

At each time step 7, node features are updated by aggregating attention-
weighted messages from neighbors,

m, = Y

ueN (v)

coarse
Ay fw ’

h,, =" +m,, )
where the residual connection stabilizes learning and preserves lo-
cal precipitation information. Directional and hydrological effects are
introduced through e, ; for example, edges with flow-direction = 1
can be emphasized, edges with flow-direction = —1 can be down-
weighted, and edges with flow-direction = 0 can be suppressed by the
learned attention, without requiring a directed adjacency. The refined
sequence h, ;. is then passed to the GRU-based prediction head to
model temporal dependencies and produce ?’;f‘lsz.

Finally, the updated node representations are passed through a pre-
diction head to obtain baseline water-level predictions. The prediction
head consists of a GRU (Cho et al., 2014) applied along the temporal
dimension, followed by a GELU activation and a linear projection to a
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Station

Virtual station

/ Intersection

Fig. 5. Schematic illustration of the waterway network as a graph for GNN-based learning. Blue nodes represent telemetry stations with water-level observations,
the gray node denotes a waterway intersection, and the red node indicates a virtual station where water levels are to be estimated. Solid lines show candidate
connections along the main waterway, while the dashed line represents a nearby station that is not physically linked via the main waterway but is included to

capture broader spatial relationships.

Table 2

Edge-attention network used to compute per-edge logits s,, from edge at-
tributes e,,. Here d, is the edge feature dimension and E is the number of
edges.

Table 4

Summary of edge features used in the graph model. Edges are treated as undi-
rected; directional and connectivity information (toward, away, not connected)
is encoded in the flow direction feature.

# Layer Input shape Output shape Feature name Description

1 Linear [E.d,] [E, 16] Distance along water path Length of the waterway segment from source to

2 GELU [E, 16] [E, 16] target node.

3 Linear [E, 16] [E, 16] Displacement vector 2D vector from source to target node coordinates.

4 GELU [E, 16] [E. 16] Mean elevation Mean elevation along the connecting segment.

5 Linear [E, 16] [E, 1] Std elevation Standard deviation of elevation along the segment.
Median elevation Median elevation along the segment.
Min elevation Minimum elevation along the segment.

Table 3 Max elevation

Architecture of the prediction head. T denotes the temporal length and N the

number of nodes.

Layer Input shape Output shape
GRU [N,T,8] [N,T,8]
GELU [N,T,8] [N,T,8]
Linear [N,T,8] [N,T,1]

Flow direction
Delta elevation

Quantized width

Maximum elevation along the segment.
Hydrological flow indicator (1: toward virtual
station, 0: not connected, —1: reversed).
Elevation difference between source and target
nodes.

Quantized width information of the waterways.

scalar output. The architecture of this prediction head is summarized
in Table 3.

Each edge (u,v) € &, represents a candidate spatial or hydrological
relationship between two locations and is treated as undirected for
message passing. To preserve directional and connectivity information
without enforcing a directed adjacency, we encode hydrological ori-
entation and linkage directly in the edge attributes. Specifically, the
flow direction feature takes values 1 if the waterway flow is toward
the virtual station, —1 if it is away from the virtual station, and 0 if
no valid waterway connection exists between the two locations. This
design allows the model to include nearby stations even when no
direct waterway path exists, while enabling the attention mechanism
to emphasize hydrologically consistent connections when appropriate.

To capture physical and topographical relationships, we associate
each edge with geometric descriptors such as the distance along the
water path and the displacement vector, as well as terrain-based at-
tributes computed from the DTM of Flanders (Agentschap Digitaal
Vlaanderen, 2019). Elevation values are sampled along each waterway

segment at regular intervals to compute summary statistics (mean,
standard deviation, median, minimum, and maximum), and we include
the elevation difference between endpoints. Finally, we incorporate a
quantized river-width attribute extracted from OpenStreetMap (Geo-
fabrik GmbH, 2025). Together, these edge features provide a compact
representation of hydrological connectivity, topography, and channel
characteristics that can be leveraged by the attention mechanism during
message passing.

3.4. Error correction

After obtaining baseline predictions 3?:."’33, we apply a residual-based
correction stage to further improve accuracy at virtual (ungauged) sta-
tions. This stage is inspired by the error-propagation idea of Nagahama
et al. (2024), but is implemented within our learned framework so that
residual transfer is guided by spatial relationship features rather than
a fixed geostatistical model.
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Fig. 6. Example local graph G, constructed for a single virtual station v. The red node denotes the virtual station (prediction target) and green nodes denote
its selected neighboring stations. Colored polylines follow the detailed waterway paths used to form edges, and gray markers indicate intermediate nodes along

these paths (e.g., junctions and intersections).

Residual computation. For each gauged station i, we compute the resid-
ual

=y, - S’\,basc, 8
where y; denotes the observed water-level sequence at station i. The
residual sequence r; represents the station-specific discrepancy that
remains after the baseline model, capturing local effects that are not
fully explained by precipitation-driven prediction and spatial message
passing.

Residual interpolation. To estimate the remaining prediction error at a
virtual station, we transfer residual information from nearby gauged
stations. Specifically, we use a second MLP to convert the spatial
relationship features between each gauged neighbor and the virtual
station into nonnegative interpolation weights. For a virtual station
v, let ryps = [r),r;,...,r,]T denote the residual sequences at its K
neighboring gauged stations. The model predicts a weight vector w, €
RX and computes an interpolated residual as a normalized weighted
combination,

- W‘Urrobs

F= T ©
This formulation is analogous to distance-weighted interpolation, but
replaces fixed distance kernels with learned weights that can adapt to
hydrological connectivity, terrain attributes, and other edge features.

Error correction and final prediction. The interpolated residual is then
added to the baseline prediction at the virtual station,

E Sbase

Yo=Y, + F,, (10)

yielding the corrected estimate. In this way, systematic local errors
observed at gauged stations are propagated to nearby virtual stations
according to learned, feature-conditioned influence weights. The final
output y, therefore integrates precipitation-driven baseline prediction,
spatial refinement on the waterway graph, and residual-based error
correction.

3.5. Optimization

The model was implemented in PyTorch (v2.7) with Python 3.11
and trained using the Adam optimizer. In Adam, g, and B, are the
exponential decay rates for the moving averages of the first and second
moments of the gradients, respectively. For all experiments in this
work, we set §; = 0.9, f, = 0.999, and the learning rate to 1073,

Multi-target supervision. During training, we apply supervision not only
at the virtual (target) station but also at the neighboring gauged stations
available in the local graph. This provides additional learning signals
and encourages the model to produce consistent predictions across
connected nodes. Concretely, we optimize three terms: (i) the baseline
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prediction at the virtual station, (ii) the corrected (final) prediction
at the virtual station, and (iii) the baseline predictions at the gauged
neighbors. The overall loss is

£ = MSE(§™¢,y,) + MSE(j,. y,) + ). MSE(§™<, y)), an
JEN

where §%¢ and §, are the baseline and corrected predictions at the

virtual station v, respectively, and 5/;’“3 denotes the baseline prediction

at a neighboring gauged station j € M. The corresponding observation

sequences are y, and y;.

4. Experiments
4.1. Experimental setup

In our experiments, the final dataset includes 97 training stations
and 112 test stations. For each virtual sensor location, we identify
and select a set of neighboring measurement stations located within
a fixed spatial radius of 15 km. This radius-based selection reflects
a realistic interpolation scenario, where information from nearby ob-
served stations is used to estimate water levels at uninstrumented or
sparsely monitored locations. The number of neighboring stations per
virtual sensor varies depending on the local station density, typically
ranging from 3 to 10. This variability allows the model to adapt to both
dense and sparse regions of the monitoring network, thereby improving
generalizability.

4.2. Assessment metrics

We evaluate model performance using two complementary met-
rics: the Pearson correlation coefficient and the mean squared error
(MSE). All metrics are computed over the full one-year evaluation
period (January-December 2024). The Pearson correlation coefficient
is computed between the predicted and observed sequences over the
entire time series. It measures how well the model reproduces the
temporal dynamics and overall trends of water-level variation, largely
independent of any constant offset.

To quantify absolute accuracy, we also report the MSE. Because pre-
diction difficulty can vary with hydrological conditions, we additionally
compute MSE within three ranges of observed (normalized) water level:
(i) 0-0.3m, (ii) 0.3-0.6 m, and (iii) 0.6-1.2 m. This stratification allows
us to separate performance under low-level conditions from periods
of larger fluctuations, and to examine whether errors concentrate at
higher water levels where rapid changes are more likely to occur.

4.3. Baseline methods

To assess the effectiveness of the proposed approach, we compare
it with a set of established baselines for spatial interpolation, including
classical geostatistical methods, a learning-based weighting model, and
a Gaussian-process-based error-correction method.

+ IDW: Inverse Distance Weighting estimates the value at a target
location as a weighted average of neighboring observations, with
weights decaying with spatial distance. It is simple and widely
used, but it does not explicitly model spatial correlation beyond
distance-based similarity.

OK: Ordinary Kriging is a geostatistical interpolation method that
models spatial dependence through a variogram. The variogram
characterizes how similarity between observations decreases with
separation distance, enabling statistically grounded interpolation.
OK is commonly used in environmental applications and serves as
a strong reference baseline.
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» KED: Kriging with External Drift extends kriging by incorpo-
rating an external covariate that is available at both observed
and target locations. In our experiments, rainfall is used as the
drift variable so that the mean water-level field can vary with
rainfall, while residual spatial dependence is captured by a co-
variance model. To keep inference efficient for long time series,
we cache geometry-dependent components (e.g., neighbor co-
variance terms) and update only the drift-related terms over
time.

OCK: Ordinary CoKriging jointly models the primary variable
(water level) and an auxiliary variable (rainfall) to exploit both
spatial correlation and cross-correlation between variables. We
adopt an intrinsic coregionalization model (ICM) to ensure a valid
cross-covariance structure.

MLP weight prediction (learning-based IDW). We also include a
learning-based baseline that predicts interpolation weights from the
same edge features used in our method (Tucci, 2023). Concretely, an
MLP takes as input the edge features between the virtual station and
each neighboring station and outputs a set of normalized weights.
The virtual-station estimate is then computed as a weighted average
of neighboring water-level observations. This baseline evaluates how
much can be gained by learning adaptive weights from engineered edge
features, without using graph message passing or temporal decoding.

NNGP error correction. Finally, we include the method of Nagahama
et al. (2024) as a Gaussian-process-based baseline. Their approach first
predicts water levels from rainfall using a simple regression model
and then applies a Nearest Neighbor Gaussian Process (NNGP) to
propagate residual errors from gauged stations to ungauged locations.
This baseline represents a scalable probabilistic framework for spatial
error correction in large monitoring networks.

Best-possible weighted average (upper bound). In addition to
the above baselines, we report an upper bound for weighted-average
interpolation. For each virtual station and each evaluation segment,
we compute the set of nonnegative weights over its K neighbors that
minimizes the mean squared error with respect to the ground-truth
target sequence, subject to a sum-to-one constraint. This yields the
best possible time-invariant convex combination of neighbor observa-
tions for that segment. Although this upper bound uses the ground
truth and is therefore not a deployable method, it provides a useful
reference for quantifying the maximum achievable performance of any
constant-weight interpolation scheme given the selected neighbors.

4.4. Performance analysis by water level brackets

To better understand performance across different hydrological con-
ditions, we arrange the test samples by the ground-truth water level
changes at each time step into three brackets: low (0-0.3m), medium
(0.3-0.6 m), and high (0.6-1.2m). This approach is used only for
evaluating and does not affect training. Table 5 reports the mean RMSE
for each method within each bracket, as well as the overall RMSE
aggregated over the full 0-1.2m range.

Across the medium and high water-level change brackets, HIGNN
achieves the lowest RMSE among deployable methods, with clear
margins over classical interpolation, kriging-based baselines, and the
MLP/NNGP alternatives. This indicates that combining waterway-
aware spatial aggregation with temporal modeling is particularly ben-
eficial when water levels exhibit larger variability and more dynamic
behavior.

In contrast, in the low bracket (0-0.3m), classical baselines re-
main more accurate and HIGNN yields higher RMSE than the best
geostatistical and distance-based methods. This regime corresponds to
smaller fluctuations where simple spatial interpolation is often suffi-
cient and the advantage of a higher-capacity spatiotemporal model is
less pronounced.
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Table 5

RMSE by water-level bracket. Columns Low, Med, and High report mean
RMSE in the ranges 0-0.3m, 0.3-0.6m, and 0.6-1.2m, respectively. Overall
reports RMSE over 0-1.2m. Best and second best are computed excluding the
upper-bound method; best is in bold and second best is underlined.

Method Low Med High Overall
IDW 0.0841 0.2369 0.4314 0.1135
OK 0.0873 0.2289 0.4487 0.1160
MLP 0.0859 0.2304 0.4482 0.1149
NNGP 0.0852 0.2265 0.4437 0.1137
KED 0.0827 0.2461 0.4610 0.1144
OKCK 0.0861 0.2419 0.4325 0.1158
HIGNN (ours) 0.0974 0.2090 0.3649 0.1193
Best-possible weighted average 0.0394 0.1368 0.2703 0.0585

(upper bound)

When aggregating over the full 0-1.2m range, the strongest overall
RMSE is achieved by IDW/NNGP, while HIGNN is slightly worse in the
aggregate despite its substantial gains in the medium and high brackets.
Finally, the best-possible weighted-average upper bound is significantly
lower than all practical methods in every bracket, suggesting that
there remains headroom if a model can better approximate the optimal
combination of neighboring stations.

Fig. 7 reports the average gain of HIGNN relative to each baseline
within the three water-level brackets. For each time step, the gain is
defined as the reduction in squared error achieved by HIGNN compared
with a baseline,

A= (y = Poaseline)” — (V = Frmoan)’> (12)

where y is the observed value, and Pp,eeiine and Pyignn denote the
baseline and HIGNN predictions, respectively. Positive values of 4
indicate that HIGNN achieves lower error than the baseline.

A consistent pattern emerges across all comparisons. In the low
range [0,0.3], the gain is close to zero and slightly negative for most
baselines, indicating that HIGNN is comparable to classical methods
when water levels are small and variations are limited. In contrast,
HIGNN shows clear positive gains in the medium (0.3,0.6) and high
[0.6,1.2] ranges for every baseline. The improvements increase with
water level magnitude: gains in the high bracket are substantially larger
than those in the medium bracket, suggesting that HIGNN becomes
increasingly advantageous as the dynamics become more pronounced.

The largest gains are observed against the simpler interpolation
baselines (IDW and MLP), which rely on fixed or purely local weighting
and therefore struggle to capture network-driven propagation effects
under larger fluctuations. HIGNN also yields consistent improvements
over the geostatistical baselines (OK, KED, and OCK) and over NNGP,
indicating that the learned combination of waterway-aware spatial
message passing and temporal modeling provides benefits beyond both
classical variogram-based interpolation and GP-based residual propa-
gation. Overall, these results align with the bracketed RMSE analysis:
HIGNN’s main advantage appears in the medium and high water level
changes, where accurately modeling both hydrological connectivity
and temporal evolution is most critical.

Figs. 8, 9, 10, 11, and 12 provide qualitative comparisons between
the proposed HIGNN method, several established baselines (IDW, OK,
MLP, NNGP, KED, and OCK), the interpolation upper bound, and the
ground truth (GT) for five representative stations. The examples span
diverse temporal behaviors, including sharp peak events (station 27
and station 96), step-like transitions with multiple regimes (station
80), a single dominant pulse followed by a decaying limb (station 15),
and long, structured fluctuations with alternating plateaus (station 5).
Each plot visualizes hourly water-level variations relative to the station
median, enabling direct comparison of timing and magnitude across
methods.

10
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Table 6
Overall Pearson correlation coefficient (p) between predicted and observed
water levels at virtual stations for each method.

Method Correlation (p) Std. Dev.
IDW 0.7431 0.3033
NNGP 0.7522 0.2586
OK 0.7410 0.2555
MLP 0.7462 0.2558
KED 0.7274 0.2357
OCK 0.6984 0.2484
HIGNN 0.7040 0.2690

Across all cases, classical spatial baselines (IDW and OK) generally
capture the overall trend but tend to smooth rapid transitions and un-
derestimate peaks. Learning-based baselines (MLP and NNGP) are more
flexible but can misestimate peak magnitudes and sometimes introduce
overshoot or temporal lag. KED and OCK show larger deviations in
several examples, including pronounced positive bias in station 80 and
negative offset behavior in station 15, highlighting sensitivity to the
drift.

HIGNN more consistently tracks the onset and decay of events. For
stations 27 and 96, HIGNN follows the main peak shape more closely
than the baselines and typically remains near the interpolation upper
bound during the rapid rise and subsequent recession. At station 15,
HIGNN captures the main pulse timing well, but all methods exhibit
larger discrepancies after the peak, suggesting reduced neighborhood
informativeness during the post-event period. For station 5, HIGNN
aligns well with GT across repeated transitions and plateaus, while
IDW/OK remain overly smoothed and learning-only models show larger
drift. Overall, these qualitative results complement the quantitative
metrics: HIGNN yields clearer benefits in dynamic conditions where
accurate peak timing and magnitude matter, and it tends to stay closest
to the interpolation upper bound when the neighborhood information
is sufficient.

4.5. Temporal consistency of water level predictions

Table 6 summarizes the overall Pearson correlation coefficient (p)
between predicted and observed water levels at virtual stations. The
correlations are consistently high across all methods (approximately
0.70-0.75), indicating that both classical interpolation and learning-
based approaches generally track the dominant temporal evolution of
the water-level signal. Among the baselines, NNGP achieves the highest
correlation (p = 0.7522), followed by MLP (p = 0.7462), IDW (p =
0.7431), and OK (p = 0.7410). KED remains competitive (p = 0.7274),
while OKCK attains the lowest correlation in this comparison (p =
0.6984).

HIGNN achieves a comparable correlation of 0.7040, indicating
that its predictions remain temporally consistent with the observed
dynamics, though it does not maximize p relative to the strongest
baselines. This aligns with the bracketed RMSE analysis: HIGNN is op-
timized to reduce amplitude-sensitive errors during higher-variability
periods (medium and high change regimes), which can yield substantial
RMSE improvements without necessarily increasing correlation, since
p primarily reflects trend alignment rather than absolute error mag-
nitude. Overall, the correlation results confirm that HIGNN preserves
the temporal structure of the water-level signal while offering stronger
accuracy gains under more dynamic hydrological conditions.

4.6. Statistical significance of error differences

To assess whether the performance differences between HIGNN and
the baseline methods are statistically significant, we conduct two-sided
paired #-tests on the per-sample squared errors within each water-level
bracket. For each bin, we compare the error sequence produced by
HIGNN with the error sequence produced by a baseline on the same
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Fig. 7. Per-bin average gain of HIGNN against other methods (positive indicates lower error than the baseline).

set of samples. We compute the test statistics using the ttest_rel
function from scipy.stats.

Because we perform multiple statistical tests (each baseline com-
pared with HIGNN in each bin), we apply a multiple-testing correction
to reduce false positives. Specifically, we adjust all p-values jointly
using the Holm procedure via statsmodels.stats.multitest
.multipletests, and declare significance at « = 0.05 based on the
adjusted p-values.

Table 7 reports the resulting z-statistics. In our implementation, the
paired test is computed as ttest_rel(eygnn. ehaseline)- Therefore, a
negative t-statistic indicates that HIGNN has a lower mean squared error
than the baseline (i.e., HIGNN performs better), whereas a positive t-
statistic indicates the opposite. After Holm correction, all comparisons
are statistically significant in all three bins.

11

The direction of the effects is consistent with the bracketed RMSE
analysis. In the medium (0.3,0.6) and high [0.6, 1.2) brackets, HIGNN
significantly outperforms every practical baseline, as reflected by large
negative z-statistics across IDW, OK, MLP, NNGP, KED, and OKCK. This
confirms that HIGNN provides robust error reductions during moder-
ate to high water levels, where water-level dynamics are more pro-
nounced and exploiting waterway-aware spatial structure and temporal
modeling is most beneficial.

In the low bracket [0, 0.3], the r-statistics are positive for all base-
lines, indicating that classical methods achieve lower mean squared
error than HIGNN in this case. This behavior is expected in periods
of small water levels and limited variation, where simple local in-
terpolation can be sufficient and the advantage of a higher-capacity
spatiotemporal model is less pronounced. Finally, the best-possible
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Comparison of Methods for 96 (Chunk 6)
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Fig. 8. Station 96 (GPS: 51.181709°N, 3.460833°E): Comparison of ground truth and different methods for a sample at this station (Chunk 6). Each time step
corresponds to one hour. The output represents water level variations with respect to the median value, i.e., the median water level at each station has been

subtracted.

Comparison of Methods for 80 (Chunk 2)
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51.109942°N, 3.769376°E): Comparison of ground truth and different methods for a sample at this station (Chunk 2). Each time step

corresponds to one hour. The output represents water level variations with respect to the median value, i.e., the median water level at each station has been

subtracted.

weighted-average upper bound is significantly better than HIGNN in
all bins (large positive 1), as expected since it is computed using the
ground truth and serves only as a reference rather than a deployable
method.

4.7. Evaluation on interpolation-feasible subset

In practice, not every virtual station in the test set is equally
amenable to neighbor-based interpolation. Some targets have weak,
sparse, or hydrologically inconsistent neighbors, so even an ideal
weighted average of the available stations cannot approximate the
target well. To separate these neighborhood-limited cases from those
where interpolation is plausible, we perform an additional analysis on
an interpolation-feasible subset of the test samples.

12

We use the best-possible weighted-average upper bound as a diag-
nostic of neighborhood quality. For each time step and virtual station,
let yyp denote the prediction of the best-possible weighted average
(computed from the available neighboring stations with weights chosen
to minimize instantaneous error) and y the ground truth. Before con-
structing the feasible subset, we first use yyp to quantify a fundamental
limitation of neighbor-based interpolation for large-change events. Fig.
13 reports the event recall for large-change events, defined as ground-
truth peaks with water-level change y > 0.6m. A predicted event is
counted as successfully recalled if it contains a peak within a +3 hour
window of the ground-truth peak time and the peak magnitude matches
within a tolerance of 0.1 m, i.e.,

3 e [r* =3, t* +3] s.t. [§E) - y¢*)| <0.1 m, 13)
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Comparison of Methods for 27 (Chunk 2)
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Fig. 10. Station 27 (GPS: 50.869533°N, 4.215837°E): Comparison of ground truth and different methods for a sample at this station (Chunk 2). Each time
step corresponds to one hour. The output represents water level variations with respect to the median value, i.e., the median water level at each station has been

subtracted.

Comparison of Methods for 15 (Chunk 2)
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Fig. 11. Station 15 (GPS: 50.811944°N, 3.777113°E): Comparison of ground truth and different methods for a sample at this station (Chunk 2). Each time
step corresponds to one hour. The output represents water level variations with respect to the median value, i.e., the median water level at each station has been

subtracted.

Table 7

Paired r-test statistics comparing per-sample squared errors of HIGNN with
baseline methods across water-level brackets (in meters). The tests are com-
puted as ttest_rel(eygun: Chaseiine)- Negative 7 indicates that HIGNN has
lower mean squared error than the baseline; positive ¢ indicates higher mean
squared error. All results are statistically significant after Holm correction
(a = 0.05).

Comparison [0, 0.3] (0.3, 0.6) [0.6, 1.2)
HIGNN vs. IDW 24.061 —23.065 —28.746

HIGNN vs. OK 33.313 —-18.035 —35.431

HIGNN vs. MLP 31.338 —-18.188 —34.351

HIGNN vs. NNGP 34.452 -15.787 —35.393

HIGNN vs. KED 31.001 —23.537 -31.705

HIGNN vs. OKCK 25.838 —22.041 —23.969

HIGNN vs. Best (upper bound) 134.555 56.237 35.682
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where t* denotes the time index of the ground-truth peak. Notably,
even the upper bound attains only about 0.6 recall, indicating that
roughly 40% of large-change events cannot be reproduced from the
available neighbors using any weighted-average interpolation. This
motivates evaluating methods separately on samples where the neigh-
borhood is sufficiently informative.

We retain only samples for which this upper bound attains a small
absolute error,

Py =yl < =, a4

with ¢ = 0.1m. This filtering step selects samples for which the
available neighbors are sufficiently informative so that interpolation-
based approaches are meaningful. We then recompute RMSE for each
method on this same filtered subset, and report results by water-level
bracket.

Table 8 highlights that the largest differences emerge in the high
bracket [0.6,1.2), where interpolation is both more challenging and
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Fig. 12. Station 5 (GPS: 50.762012°N, 3.867335°E): Comparison of ground truth and different methods for a sample at this station (Chunk 6). Each time step
corresponds to one hour. The output represents water level variations with respect to the median value, i.e., the median water level at each station has been

subtracted.
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Fig. 13. Event recall on the interpolation-feasible subset for large-change events (y > 0.6m). A prediction is counted as a hit if its absolute error is within 0.1 m.
“Upper bound” denotes the best-possible weighted average computed using ground truth to select neighbor weights.

more consequential. In this case, HIGNN achieves the lowest RMSE
among all deployable methods (0.187 m), outperforming the strongest
classical baselines such as IDW (0.226m), as well as kriging-based
approaches (e.g., OK: 0.292m; and KED: 0.290 m), and learned-weight
baselines (MLP: 0.263m; and NNGP: 0.259 m). These results indicate
that, when the neighborhood contains informative stations, HIGNN can
better exploit waterway-aware connectivity and temporal context to
reduce errors under higher water levels, compared with methods that
rely primarily on fixed spatial kernels or static interpolation weights.
We also evaluate whether methods can detect large-change events.
Fig. 13 reports the event recall for cases with y > 0.6 m, where an event
is counted as correctly captured if the prediction matches the magni-
tude within 0.1 m. HIGNN achieves higher recall than the classical and
learned baselines, indicating improved sensitivity to large water-level
changes when informative neighbors are available. As expected, the
upper-bound weighted average attains the highest recall, reflecting the
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Table 8

RMSE in the high water-level bracket [0.6,1.2) on the interpolation-feasible
subset (|pyz — ¥l < 0.1m). Best and second best are computed excluding the
upper-bound method; best is in bold and second best is underlined.

Method RMSE

IDW 0.2265
OK 0.2924
KED 0.2896
OKCK 0.2751
MLP 0.2626
NNGP 0.2594
HIGNN (ours) 0.1874
Best-possible weighted average 0.0396

(upper bound)
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Table 9
Computational time comparison for different models (CPU only). Note that
each segment corresponds to one week of data.

Method Total elapsed time (s) Average time per segment (ms)
IDW 0.381 0.823
MLP 0.426 0.919
OK 24.879 5.415
HIGNN 3.434 0.742
NNGP 1.232 2.662
KED 7.580 1.637
OCK 4.941 1.067

remaining intrinsic limitations imposed by neighborhood information
even after filtering.

4.8. Computational time

Table 9 reports CPU runtimes on an Intel Core i7-8086K (4.00 GHz)
for processing the full evaluation set, together with the average la-
tency per weekly segment. Since all methods run fast enough for
offline evaluation, this comparison mainly reflects relative scalabil-
ity when inference must be repeated many times (e.g., across many
virtual stations or frequent re-runs). IDW and the MLP baseline are
the most efficient, requiring 0.823ms and 0.919ms per segment, re-
spectively. HIGNN remains similarly lightweight, with an average of
0.742 ms per segment, indicating that its graph-based spatial modeling
can be executed with low overhead in our setting. Among geostatistical
baselines, OCK (1.067 ms) and KED (1.637 ms) are moderately more
expensive, while OK has the highest latency (5.415 ms per segment) due
to repeated kriging solves. NNGP is also slower than the lightweight
baselines (2.662 ms), but remains substantially faster than OK. Overall,
HIGNN achieves a favorable accuracy-efficiency trade-off, delivering
strong performance in the most consequential change ranges while
maintaining sub-millisecond per-segment latency.

4.9. Ablation on different components

To better understand the contribution of each component in HIGNN,
we design the following ablation versions:

V1 (Full HIGNN): The complete proposed model, including pre-
cipitation feature extraction with MLP, water-level regression
with a GNN enhanced by a GRU, and residual interpolation with
an MLP.

V2 (HIGNN-IDW): Replaces the residual interpolation MLP with
IDW. This tests whether learned interpolation provides benefits
over a simple distance-based heuristic.

V3 (HIGNN-MLP): Replaces the GRU in the GNN with a feedfor-
ward MLP. This ablation evaluates the role of temporal modeling
in capturing water-level dynamics.

V4 (MLP only): Removes the GNN entirely, predicting water
levels directly from precipitation with an MLP. This serves as
a simplified baseline to assess the value of graph-based spatial
modeling.

V4 (HIGNN-NON): Uses the same architecture as V1 but re-
moves topographic edge features from the graph. Specifically, we
exclude elevation-based attributes (mean, std, median, min, max
elevation, and 4 elevation) and retain only non-topographic edge
information (distance along water path, displacement vector, flow
direction, and quantized width). This ablation isolates the contri-
bution of terrain-derived edge features.
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Table 10

Ablation study of HIGNN variants. Mean RMSE at virtual stations for different
water-level-change brackets. Best and second best are computed excluding the
upper-bound method; best is in bold and second best is underlined.

Version 0-0.3 m 0.3-0.6 m 0.6-1.2 m 0-1.2 m
V1 (Full HIGNN) 0.0974 0.2090 0.3649 0.1193
V2 (HIGNN-IDW) 0.2144 0.2008 0.4368 0.2213
V3 (HIGNN-MLP) 0.0983 0.2097 0.3953 0.1214
V4 (MLP only) 0.1561 0.2135 0.5539 0.1771
V5 (HIGNN-NON) 0.1236 0.2036 0.3749 0.1415
Upper bound 0.0394 0.1368 0.2703 0.0585

Overall RMSE across brackets. Table 10 reports RMSE across water-
level-change brackets. In the high bracket (0.6-1.2m), the full model
(V1) achieves the lowest RMSE (0.3649), indicating that combin-
ing waterway-aware spatial mixing, temporal recurrence (GRU), and
learned residual correction is most effective when changes are large.
Removing the nonlinear/topographic edge features (V5, HIGNN-NON)
increases error in all brackets, most notably in the low bracket (0.1236
vs. 0.0974), and also degrades performance in the high bracket (0.3749
vs. 0.3649), suggesting that these features provide complementary cues
beyond geometric distance and connectivity.

Replacing the residual interpolation module with an IDW-style vari-
ant (V2, HIGNN-IDW) leads to a severe degradation across all brack-
ets (0.2144, 0.2008, 0.4368), highlighting that fixed distance-based
weighting is insufficient within our graph-temporal framework and that
feature-conditioned residual weighting is critical for reliable correc-
tions. Replacing the GRU with an MLP (V3, HIGNN-MLP) yields similar
performance to the full model in the low and medium brackets (0.0983
and 0.2097) but substantially worsens the high bracket (0.3953), sup-
porting the benefit of recurrent temporal modeling for capturing event
evolution and sustained dynamics.

Finally, the MLP-only baseline (V4) performs markedly worse, espe-
cially in the high bracket (0.5539), confirming that explicit graph-based
spatial modeling and waterway-aware aggregation are essential once
spatial heterogeneity and large water-level changes are present. As
expected, the best-possible weighted-average upper bound remains
significantly lower than all deployable methods in every bracket.

Peak-event recall. To complement RMSE with an event-oriented metric,
Fig. 14 reports event recall for ground-truth peaks with magnitude
> 0.6m. A prediction is counted as a hit if it contains a peak within a
+3 hour window of the ground-truth peak time and the peak magnitude
matches within 0.1 m. The full HIGNN (V1) attains the highest recall
among deployable variants, while both V2 and V3 reduce recall and V4
performs markedly worse. This indicates that the full model is not only
more accurate on average for large changes, but is also more reliable at
recovering peak timing and magnitude. The upper bound reaches only
about 0.6 recall, showing that a substantial fraction of large peaks are
not explainable from the available neighborhood using any weighted-
average interpolation; within this intrinsic limitation, V1 closes much
of the gap.

Results on the interpolation-feasible subset. Finally, we repeat the abla-
tion on the interpolation-feasible subset and focus on the high bracket
[0.6,1.2), where improvements are most practically relevant (Table
11). On this subset, the full model again performs best (0.1874 m).
Replacing the GRU with an MLP (V3) substantially increases error
(0.2483 m), reinforcing that recurrent temporal modeling helps track
the evolution of high-magnitude events even when spatial information
is available. Removing topographic edge features (V5, HIGNN-NON)
also causes a clear degradation (0.2520m), suggesting that terrain-
derived edge attributes remain important for accurately propagating
large changes along the waterway graph under interpolation-feasible
conditions.
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Fig. 14. Event recall for HIGNN variants on large-change events. Ground-truth peaks satisfy y > 0.6m. A prediction is counted as a hit if it contains a peak
within +3 h of the ground-truth peak and matches the peak magnitude within 0.1 m. “Upper bound” denotes the best-possible weighted-average interpolation

from neighboring stations.

Table 11

Ablation study of HIGNN variants. RMSE in the high water-level bracket
[0.6,1.2) on the interpolation-feasible subset. Best and second best are com-
puted excluding the upper-bound method; best is in bold and second best is
underlined.

Version 0.6-1.2 m
V1 (Full HIGNN) 0.1874
V2 (HIGNN-IDW) 0.3158
V3 (HIGNN-MLP) 0.2483
V4 (MLP only) 0.4928
V5 (HIGNN-NON) 0.2520
Upper bound 0.0396

In contrast, replacing the residual interpolation module with the
IDW-based variant (V2) leads to a much larger performance drop
(0.3158m), indicating that even wunder best-hit (informative-
neighborhood) conditions, fixed distance-based residual weighting is
not a sufficient substitute for feature-conditioned residual correction
within our framework. Finally, the MLP-only baseline (V4) remains
substantially worse (0.4928 m), confirming that the primary gains come
from combining graph-based spatial modeling with temporal prediction
rather than relying on a purely non-spatial baseline. As expected,
the best-possible weighted-average upper bound remains far lower
(0.0396 m), serving only as a reference.

5. Discussion

The experimental results highlight several practical insights about
HIGNN relative to established baselines. First, HIGNN provides the
largest gains in the medium and high water-level-change ranges, where
accurately capturing rapid rises and peak magnitudes is most important
for flood monitoring and warning. This improvement is consistent with
the model design: waterway-aware message passing aggregates infor-
mation from hydrologically relevant neighbors, while the GRU refines
predictions using temporal context, which helps to better track time-
evolving events than purely spatial interpolation or purely feedforward
predictors. In the low range, classical methods such as kriging-based
baselines remain competitive, suggesting that when changes are small
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and series are smoother, simpler geostatistical assumptions can be
sufficient.

The ablation study clarifies the role of individual components.
Replacing learned residual interpolation with IDW generally increases
errors in the medium and high brackets, indicating that residual weight-
ing benefits from data-driven adaptation to spatial heterogeneity be-
yond distance alone. Replacing the GRU with an MLP also leads to
degraded performance under larger changes, supporting the impor-
tance of temporal recurrence for modeling delayed responses and
event evolution. The MLP-only variant performs substantially worse
for larger changes, showing that precipitation-only prediction without
graph-based spatial propagation is insufficient at many virtual stations.
Taken together, these results suggest that the strongest performance is
achieved when spatial structure (waterway graph), temporal structure
(GRU), and learned residual correction are combined.

Furthermore, we evaluate the ability to recover large-change peak
events using the peak-matching criterion (magnitude tolerance 0.1 m
within a +3 h window). Fig. 15 provides representative examples where
the best-possible weighted-average upper bound (computed from neigh-
bors) underestimates the ground-truth peak amplitude, while HIGNN
produces a closer peak magnitude within the matching window. These
cases illustrate that, even when neighboring stations do not directly
reproduce the peak via a weighted average, HIGNN can partially com-
pensate by leveraging precipitation-driven signals and temporal context
to adjust the peak shape and amplitude. This behavior helps explain the
improved peak recall of HIGNN relative to simpler interpolation-based
baselines, and also motivates our separate analysis of neighborhood
quality (Section 4.7), since a substantial fraction of peaks remain
difficult to reconstruct from neighbors alone.

Computational efficiency is also relevant for operational use. While
several baselines have short runtimes in our experimental setting,
the relative differences remain informative when inference must be
repeated across many virtual stations and long time series. As summa-
rized in Table 9, HIGNN is substantially faster than optimization-heavy
geostatistical and Bayesian baselines (e.g., OK and NNGP), while main-
taining competitive accuracy in the most consequential change ranges.
Although IDW and a pure MLP are faster, they exhibit noticeably
reduced accuracy for larger changes, whereas HIGNN achieves higher
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Fig. 15. Representative peak-reconstruction examples where the best-possible weighted average underestimates the ground-truth peak, while HIGNN provides a
closer peak magnitude. Vertical dashed lines indicate the ground-truth peak time; dotted lines indicate the peak time selected within the +3 h matching window
for each method. In these cases, HIGNN reduces peak underestimation relative to the upper bound, improving event recall under the 0.1 m tolerance criterion.

accuracy with only a modest additional computational cost, making it
suitable for large-scale or near real-time monitoring scenarios.

Despite these advantages, several limitations remain. First, HIGNN
relies on terrain- and waterway-derived features to construct infor-
mative spatial relationships. Errors in the DEM, or in the derivation
of flow direction and drainage connectivity, can propagate into edge
attributes and affect attention weights, particularly in low-relief areas
where flow directions can be ambiguous. Improving robustness to such
uncertainty (e.g., uncertainty-aware edge features or sensitivity tests
under alternative flow-direction estimates) is an important direction for
future work. Second, our formulation assumes a static river graph. In
practice, effective connectivity and travel-time relationships can vary
over time due to seasonal vegetation, changing hydraulic conditions,
sediment transport, and human interventions. Extending the model to-
ward dynamic graphs—where edge features, and potentially adjacency,
evolve over time—could better reflect these effects.

Third, HIGNN can still struggle at stations whose dynamics are
strongly influenced by human operations that are not represented in
our inputs, such as reservoir releases, pumping, and floodgate con-
trol. This limitation is consistent with the spatial error patterns ob-
served for large changes: Fig. 16 maps per-station RMSE in the high
bracket [0.6, 1.2), m and shows that the largest errors are geographically
concentrated rather than uniformly spread.

Many of these high-error locations occur in reaches where regu-
lation and local hydraulic interventions can decouple a station from
nearby gauges, making neighborhood signals less informative during
peak events. For example, along the Dijle near Mechelen, documented
pumping interventions transfer Dijle water into wetland areas (Mechels
Broek) to support rewetting, which can modify local water-level dy-
namics relative to upstream/downstream stations (Groen Mechelen,
2023). Similarly, the Mark catchment includes flood-mitigation mea-
sures such as retention basins and controlled overflow areas designed
to attenuate peak flows, directly altering peak timing and magnitude
along the river (Codrdinatiecommissie Integraal Waterbeleid (CIW),
2026).

More broadly, regulation infrastructure in urban regions can pro-
duce abrupt, non-meteorological fluctuations: in Ghent, water levels
along the Scheldt system are actively managed through sluices and
pumping as part of the Sigma Plan (sigmaplan, 2017, 2024; City
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of Ghent, 2016; Institute for European Environmental Policy (IEEP),
2023); in Leuven, the Dyle is affected by engineered structures such
as locks and adjustable weirs (Vlaamse Milieumaatschappij (VMM),
2015; Turkelboom et al., 2018); and in Brussels, locks and pumping
operations along the Senne and the Willebroek Canal balance flood
protection, navigation, and urban drainage (Port of Brussels, 2025;
Tractebel, 2021). These examples help explain why some locations
exhibit higher errors under large changes and suggest that incorporat-
ing operational indicators (or suitable proxy covariates) and refining
graph/edge-feature construction in regulated reaches are promising di-
rections to further reduce the remaining high-error hotspots highlighted
in Fig. 16.

Finally, our evaluation is limited to a single year and a single
study region. Future work should assess transferability across longer
time spans and basins with different topographic characteristics, regu-
lation intensity, and gauging density to better understand generaliza-
tion and any needed re-calibration of graph construction and masking
thresholds.

6. Conclusion

In this work, we introduced HIGNN, a spatiotemporal learning
framework for estimating water levels at ungauged stations. By combin-
ing precipitation-driven feature extraction, graph-based spatial prop-
agation, residual interpolation, and temporal refinement through a
GRU, HIGNN effectively integrates meteorological, hydrological, and
topographical information into a unified architecture.

Extensive experiments against classical geostatistical and machine
learning baselines demonstrated that HIGNN achieves better accuracy
in medium and high water-level ranges, where capturing dynamic
fluctuations is most critical for flood monitoring and early warning. The
ablation study confirmed the contribution of each component, showing
that both residual interpolation and temporal modeling play key roles
in improving predictive performance. Furthermore, runtime analysis
indicated that HIGNN offers a favorable balance between accuracy
and computational efficiency, making it suitable for large-scale or near
real-time deployment.

Future work will explore integration with additional environmental
indicators, incorporation of human-operation signals, and evaluation
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Fig. 16. Spatial distribution of HIGNN errors in the high water-level-change bracket [0.6, 1.2) m. Markers are colored by per-station RMSE (blue: 0-0.2 m, orange:

0.2-0.4m, red: >0.4m); gray indicates insufficient data in this bracket.

across longer temporal horizons and diverse basins. By advancing the
ability to estimate water levels in ungauged regions, HIGNN contributes
toward more resilient and data-driven water management strategies.
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