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Highlights
Evaluating the Role of Graphs and Embeddings in Spatio-Temporal
Modeling of River Water Temperature
Benjamin Fankhauser, Vidushi Bigler, Kaspar Riesen
e Three curated river water temperature datasets for fair and robust com-
parison.

¢ Systematic evaluation of learnable embeddings and structural information

impacts.

o Empirical evidence that structural information consistently improves ac-

curacy.

o Embedding-based methods achieve strong parameter efficiency and scala-

bility.
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Abstract

In climate research, modeling river water temperature is a key pattern recog-
nition task for detecting trends and predicting change. As a geospatial time
series problem, its predictive performance is highly sensitive to sensor choice
and temporal coverage, limiting comparability across studies. As the first ma-
jor contribution of this work, we curate three river water temperature datasets
with a well-defined experimental setup (specifying sensor choice and tempo-
ral partitions) to enable fair and robust comparisons across diverse scenarios.
Building on this foundation, our second major contribution examines the role
of learnable embeddings and structural information — two recently introduced
concepts in river water temperature modeling. To this end, we propose and eval-
uate four models representing all combinations of these components: LSTM,
Graphlet, LSTM-E, and ST-GNN (a spatio-temporal graph neural network).
Our experimental evaluation corroborates the predictive performance reported
in prior studies, while revealing substantial variability across water stations.
Crucially, we provide statistical evidence that incorporating structural informa-
tion consistently enhances baseline models across all datasets. Moreover, the

marked reduction in learnable parameters — a defining feature of embedding-
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based methods — demonstrates their efficiency and underscores their potential
for future river water temperature modeling architectures.

Keywords: Water Temperature Prediction, Spatio-Temporal Modeling, Time
Series Forecasting, Graph Neural Networks, Embeddings, Deep Learning,
Climate Change

1. Introduction

River water temperature is a critical variable in freshwater ecosystems, in-
fluencing diverse ecological and biological processes that affect flora, fauna,
agriculture, and drinking water quality [1, 2]. As rivers and their tributaries
occur across most habitable regions, understanding and managing their ther-
mal regimes is essential. This paper investigates novel pattern recognition ap-
proaches to modeling river water temperature, addressing the need for accurate
and adaptable predictive tools. Such models enable precise identification of crit-
ical river sections under projected climate scenarios and provide a robust basis
for analyzing complex environmental interactions.

The need for such modeling is underscored by the impacts of ongoing climate
change [3], which affects air temperature and, in turn, leads to rising water
temperatures. For instance, over the past 40 years, river water temperatures in
Switzerland have exhibited a consistent warming trend ranging from 0.2 °C to
0.8 °C per decade, with a median of 0.4 °C (evident in Figure 1, where annual
changes are estimated by fitting a linear regression to the yearly averages at each
water station?). Such warming poses a significant threat to aquatic ecosystems,
as elevated temperatures reduce dissolved oxygen levels while simultaneously
increasing the metabolic rates of aquatic organisms [5]. Over the long term,
such conditions can degrade water quality, promote the proliferation of harmful
algal blooms, and, in severe cases, precipitate the collapse of entire aquatic

ecosystems [6, 7]. Beyond ecological impacts, Switzerland’s legal 25 °C threshold

4Note that more comprehensive trend analyses are available [4].
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Figure 1: Yearly trends in water temperature of the Swiss River Network [11] since 1980.

for river water temperature is now exceeded annually, forcing nuclear power
plants to reduce or suspend operations and threatening the survival of cold-
water species such as trout [8]. These developments underscore the urgent need
for accurate predictive models capable of capturing complex spatio-temporal
dynamics in river systems [9, 10].

Understanding the drivers of these elevated temperatures is essential [12].
Meteorological processes play a primary role: solar radiation heats both the
riverbed and the tributaries within the catchment area, while atmospheric ex-
change processes affect the surface layer — particularly in lakes. In alpine regions,
snow and glacier melt during spring and summer also exert substantial influence.
In addition, anthropogenic activities further contribute to thermal variation,
including altered discharge regimes from hydropower operations, cooling-water
discharges from nuclear facilities, and thermal inputs from urban runoff, par-
ticularly when rainwater drains from heat-absorbing surfaces such as roofs and
asphalt. This interplay of natural and human induced factors, yields a complex
system characterized by pronounced nonlinear dynamics.

River water temperature in Switzerland has been monitored by the Federal
Office for the Environment (FOEN) for over 40 years. Measurements are taken
at so-called water stations in 10-minute intervals and reported as daily averages,
with sensors regularly inspected and calibrated. To improve monitoring in re-

sponse to climate change, the FOEN doubled the number of water stations from



approximately 40 to 80 between the years 2000 and 2010. Complementing the
federal network, individual cantons — Switzerland’s semi-autonomous regional
units — operate additional monitoring sites, such as those run by the Canton
of Zurich. Air temperature data from nearby MeteoSwiss stations supports the
integration of atmospheric and hydrological observations.

Despite this extensive monitoring, predictive modeling remains somehow
fragmented. Many approaches treat monitoring stations independently, ne-
glecting spatial relationships in the river network. Others rely on inconsistent
datasets with heterogeneous sensor choice and temporal coverage, limiting re-
producibility and comparability across studies. As a result, it is still unclear
how recent advances such as learnable embeddings and structural information
affect predictive performance and parameter efficiency in this domain. This

paper addresses these challenges through two key contributions:

o First, we introduce three curated datasets with a well-defined experimen-
tal setup, specifying sensor choice and temporal partitions, and including
a novel high-resolution dataset for the Zurich region. These datasets en-
able robust and fair comparisons across diverse geographical and temporal
conditions, using standard performance metrics with particular focus on

generalization and parameter efficiency.

¢ Second, building on this foundation, we systematically evaluate the role of
learnable embeddings and structural information in the spatio-temporal
modeling of river water temperature. Recognizing that many prior mod-
els either treat monitoring stations independently or overlook the spatial
relationships between them, we propose a unified framework to assess
models representing combinations of embeddings and structural compo-
nents: a baseline LSTM, a structurally enhanced model named Graphlet,
an embedding-based model termed LSTM-F, and a spatio-temporal graph
neural network (ST-GNN).

By consolidating our preliminary efforts [11, 13, 14] into a unified experimen-

tal framework, this work establishes one of the first reproducible benchmarks



for river water temperature modeling.

The remainder of this paper is organized as follows. In Section 2, we discuss
related work and position our contribution in the context of existing research.
Section 3 describes the proposed and evaluated models in this study. Section 4
provides a detailed description of the datasets. The experimental setup and the
empirical evaluation is detailed in Section 5. Finally, Section 6 concludes the

paper and outlines directions for future work.

2. Related Work

A variety of methods have been proposed to model river water temperature.
This section reviews the current state of the art in this field.

A prominent example is Air2Stream [15], a physically inspired model de-
signed to capture the relationship between air temperature and river water
temperature, using air temperature and river discharge as primary inputs. The
core of the model is a differential equation that describes the heat exchange pro-
cesses between the atmosphere and the water body. This equation is linearized
through a Taylor series expansion, resulting in a tractable form with eight tun-
able parameters. These parameters are calibrated using observed data, typically
via particle-based optimization methods. The performance of Air2Stream is
highly sensitive to the choice of hyperparameters and initial conditions, render-
ing its calibration process potentially unstable and computationally demanding.
Despite these limitations, the model has been widely adopted due to its physical
interpretability.

Given that modeling river water temperature is inherently a time series prob-
lem, various Long Short-Term Memory (LSTM) models [16] have been proposed
for this task. LSTM networks are a specialized form of recurrent neural networks
(RNNs) designed to model sequential data, such as time series, by learning tem-
poral dependencies across varying time scales. Unlike standard RNNs, which
often struggle to capture long-term patterns due to issues such as vanishing or

exploding gradients, LSTMs incorporate an internal architecture composed of



a hidden state and a memory (or cell) state. These states are propagated and
updated across time steps through gated mechanisms — namely input, output,
and forget gates — that regulate the flow of information and preserve relevant
signals over long sequences.

Training LSTM models involves a variant of backpropagation known as back-
propagation through time (BPTT), in which gradients are computed across mul-
tiple time steps to update model parameters [17]. To maintain numerical sta-
bility, training is typically performed using fixed-length input windows, over
which gradients are accumulated before updates are applied. This design en-
ables LSTMs to mitigate the vanishing gradient problem, making them par-
ticularly effective for long-range sequence modeling tasks such as river water
temperature prediction. In most applications, LSTMs are used to model the re-
lationship between meteorological variables (most commonly air temperature)
and river water temperature.

Qiu et al. [18], for instance, investigate the use of LSTM networks for daily
river water temperature forecasting under the influence of climate change and
anthropogenic disturbances, such as dam construction. Using data from nine
river gauges worldwide, they demonstrate that LSTM models outperform al-
ternative methods in capturing mean daily temperature variations. Moreover,
a detailed case study on the Yangtze River shows that the LSTM effectively
reconstructs natural thermal conditions and quantifies the impact of the Three
Gorges Reservoir, revealing strong seasonal shifts in water temperature. The
study highlights LSTM’s potential as a robust tool for water temperature pre-
diction and riverine ecosystem management.

Jia et al. [19] propose a physics-guided machine learning approach that in-
tegrates RNNs with domain knowledge from physics-based models to enhance
the prediction of river water temperature and streamflow. Their method incor-
porates a novel loss function to balance prediction accuracy across diverse river
segments and leverages sparse training data. Applied to the Delaware River
Basin, the approach outperforms both state-of-the-art physics-based models

and standard LSTM models, and also demonstrates strong generalization across



seasons and varying streamflow conditions.

Bao et al. [20] propose a dynamic graph network in which spatial relation-
ships between river segments are explicitly modeled over time using heat-transfer
partial differential equations. This formulation enables the model to effectively
capture evolving spatio-temporal dependencies and physical interactions within
complex river networks, particularly under irregular spatial configurations and
variable flow conditions. Consequently, this model combines process-based phys-
ical principles with the adaptability of deep learning to deliver generalizable
water temperature predictions even with limited observational data.

Moshe et al. [21] explore an approach to improve hydrologic predictions by
incorporating the natural structure of river networks into the modeling frame-
work. Their method, a deep neural network termed HydroNets, combines basin-
specific components with shared model elements, enabling the joint processing
of temporal (atmospheric) data, static features, and upstream activities within a
unified architecture. Evaluated on two large basins in India, HydroNets demon-
strate superior performance and improved sample efficiency.

In addition to water temperature, LSTMs are also successfully employed
for predicting water levels and discharge. Kim et al. [22], for instance, address
the challenge of accurate water level prediction by combining LSTM networks
with complex network analysis. To enhance model accuracy, the complex net-
work method is employed to identify the most informative input data, avoiding
irrelevant signals from nearby stations. Results show that the LSTM model aug-
mented with complex network selection achieves superior performance. Zhao et
al. [23] propose ST-Hydro, a spatio-temporal framework for river discharge pre-
diction that integrates both temporal dynamics and spatial relationships among
hydrological gauges. Unlike traditional models that focus on isolated basins,
their approach constructs and fuses three types of graphs — hydraulic distance,
Euclidean distance, and correlation — to represent geographic and hydrological
connections. Experiments on real-world datasets demonstrate that ST-Hydro

can effectively predict river discharge and provide early warnings.
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. without LSTM Graphlet
Embeddings LSTM-E ST-GNN

Table 1: Comparison of the four models with respect to whether or not they use structural
information and, or embeddings.

3. Methods

In this paper, we focus on the task of water temperature modeling, which
involves predicting the estimated water temperature ®® at time step t, given
an observed air temperature time series (a(l), a(2), . ,a(t)). The objective is to

learn a model function f such that
f(a(1)7a(2)7"'aa(t)) = w(t)’ (1)

where ©® denotes the model’s prediction (which is generally distinct from the

actual measured water temperature w(t)).

3.1. Embeddings and Structural Information

In this paper, we research four models® designed to address the task formu-
lated in Equation (1), which can be distinguished by whether they incorporate
embeddings and, or whether they incorporate structural information (see Table 1
for an overview).

Station-specific models without embeddings, i.e. separate functions fi for
each water station k, work well for small datasets [1] and offer flexibility, as
they can be developed, trained, and deployed independently. They also reduce
bias by avoiding simultaneous training on the entire dataset, which can overrep-
resent certain catchments or regions. Yet, these models have key drawbacks: as

the number of stations grows, learnable parameters and management overhead

5Note that each of these models has been introduced individually in earlier preliminary
studies [11, 13, 14], their systematic consolidation and integration, as undertaken in this work,
is novel.



increase linearly. They also struggle to generalize to unseen stations and often
learn redundant patterns, leading to inefficiency and duplicated effort.

Embedding-based approaches, on the other hand, overcome these issues by
using a single model to capture the overall problem structure by means of em-
beddings. That is, embeddings represent station-specific characteristics — either
static (e.g., soil type, location or altitude of the station) or learned during
training — designed so that stations with similar properties may have similar
embeddings. Hence, rather than training a separate function fj for each water
station k, a single shared model f can be used, conditioned on a station-specific
embedding vector ey as f(-,e).

Models without structural information, on the other hand, treat stations
as independent (or only weakly linked via shared parameters), relying solely
on meteorological and station-specific attributes. This simplifies design, avoids
dependence on graph construction, and remains applicable when spatial rela-
tionships are unknown. However, it cannot exploit upstream-downstream de-
pendencies, may reduce accuracy in spatially correlated regions, and often leads
to redundant learning across nearby stations.

Models with structural information represent the river network as a graph
G = (V, E), where each water station k corresponds to a vertex vy € V, and an
edge e; ; = (vi,v;) € E indicates water flow between stations ¢ and j. Because
information from downstream stations can be valuable, all edges are bidirec-
tional. While this choice reflects the natural flow of water, alternative graph
constructions — such as Delaunay triangulation or manually defined connectiv-
ity — would also be feasible. These models enable message passing between
connected stations, capture spatial dependencies, improves accuracy where up-
stream conditions influence downstream stations, and support generalization
to sparsely observed stations by borrowing information from neighbors. The
approach, however, requires accurate connectivity data and can degrade if the
graph is noisy or misrepresents true hydrological relationships.

In Table 2, we summarize the main benefits and drawbacks of incorporating

embeddings and structural information in river water temperature modeling.



Approach

Advantages

Limitations

Station- Effective for small datasets; indepen- Parameters and management overhead

specific dent development, training, and de- grow linearly with the number of sta-
ployment; reduce bias by avoiding tions; cannot generalize to unseen sta-
simultaneous training on the entire tions; often learn redundant patterns,
dataset. leading to inefficiency.

Embedding- Use a single model to capture over- Require a shared representation space;

based all problem structure; encode station- may underperform if embeddings fail
specific characteristics via embeddings;  to capture relevant station features.
improve efficiency and generalization.

Without Simple design; independent training Cannot exploit upstream—downstream

structure and deployment; works without known  dependencies; may reduce accuracy in
spatial relationships. spatially correlated regions; redundant

learning across nearby stations.
With Captures spatial dependencies; im- Requires accurate connectivity data;
structure proves accuracy when upstream condi-  performance can degrade with noisy or

tions matter; supports generalization incorrect graphs.

to sparsely observed stations.

Table 2: Comparison of station-specific and embedding-based approaches with and without
structural information.

3.2. Station-Specific Models

In our prior work [11], we propose and employ two station-specific models,
where the same architecture is trained independently for each station (see Fig-
ure 2 for an overview of these two models). The first model is termed LSTM
and refers to our baseline model, while the second model is termed Graphlet,
which takes structural information of the neighboring stations into account.

Both models are described in details in the following two subsections.

3.2.1. LSTM (Baseline)

The first model can be seen as a baseline and refers to a vanilla LSTM
model [16], which takes air temperature as its sole input (see Figure 2a). The
model consists of a single LSTM layer, followed by a fully connected layer that
maps the final LSTM output to the predicted water temperature o®. Formally,
given the input time series (a(l), a(2), .. ,a(t))7 the LSTM produces the latent

representation A", which is transformed as

w® =wh®) 1+ p,

10
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Figure 2: Overview of the station-specific models with and without structural information.

where W and b are the weights and bias of the output layer. The network is
trained by minimizing the Mean Squared Error (MSE) between the predicted
and measured water temperatures.

The architecture is parameterized by the width of the latent space and the
depth of stacked LSTM layers, and a separate model fi is trained independently

for each water station k.

3.2.2. Graphlet

This model extends the baseline LSTM model (described in Section 3.2.1) by
incorporating spatial structure while remaining station-specific. For each target
station k, a graphlet is defined as its 1-hop neighborhood N (k), consisting of
stations directly connected to k (see Figure 2b). Then, the modeling process
proceeds in three steps:

1. For each neighboring station j € N (k), the baseline model f; predicts the

water temperature o' at time ¢ given the corresponding air temperature

J
. . 1 t
time series (a§ ), . ,a§ )).
2. The predicted series of temperatures {12)](.1), . ,1D§t)}jeN(k) of each neigh-

boring station, together with the air temperature time series at the target

station k, are used as inputs to the station-specific LSTM g, which pro-

11



duces the latent representation h,(:):

~(1 ~
nY = g, (afj), ol ),---,wﬁ-t)}je/\/(k)) ;

where the LSTM g, is parameterized by width and depth.

3. The latent representation h,(:) is then transformed by a fully connected
output layer to obtain the predicted water temperature w,(j) at the target
station k

) =wih? + by,

where Wy and by are the weights and bias of the output layer for station

k.

This three-step process is independently repeated for each station k in the
network. During training only the additional LSTM g and the linear layer
are adjusted by minimizing the MSE between the predicted and true water

temperatures.

3.3. Embedding-based Models

In our preliminary work [13, 14], we propose and employ two embedding-
based models that use a single model f(-, ey ) for all stations by encoding station-
specific characteristics within an embedding space (see Figure 3 for an overview
of the two models). The first model is termed LSTM-E and extends a standard
LSTM with learnable embeddings, while the second model is termed ST-GNN,
which integrates embeddings and structural information. Both models are de-

scribed in details in the following two subsections.

8.3.1. LSTM-E
The LSTM-E model (with E denoting Embedding), illustrated in Figure 3a,
extends a vanilla LSTM by concatenating a trainable, station-specific embedding
er € R™ to the input at each time step t for station k. Formally, the input to

the LSTM at time ¢ is
(t)

t
x, = a,(c) || ek,

12
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Figure 3: Overview of the embedding-based models.

where ag) € R denotes the air temperature at time ¢ for station k, and ||

denotes concatenation. Due to the concatenation of the embedding e, with the
air temperature, the embedding can influence all LSTM gates with substantial

control. For instance, the input gate i,(f) is computed as

i) = o (Wil + Viey + U 4+ b;) |

where o denotes the sigmoid activation function, and W;, V;, U;, and b; are the
trainable weight matrices and bias vector for the input gate, shared across all
stations. The computations for the forget, output, and candidate gates follow
the same pattern [13] and are used to determine h;ct).

In a last step, the final latent representation h,(:) is mapped to the predicted

water temperature 1@,(:) by a linear output layer

o = wh" +b,

where W and b are the output layer parameters, again, shared across all stations.
During training, the embeddings e, and all network parameters 6 are opti-

mized jointly by minimizing the MSE loss over all stations by computing the

13



respective gradients Ve, £ and VoL with

LSS (0 0)?
WZZ(W@ _wk) ) (2)
k=1 t=1

where wk denotes the measured water temperature for station k at time t,
while N and T represent the total number of stations and the number of time

steps in the prediction window, respectively.
The only station-specific part is the embedding vector e;. Further, the
LSTM-E is parameterized by its latent space width, depth (number of stacked
LSTM layers), and the embedding dimension n. Note that this model omits

explicit spatial structure and serves as an embedding-only baseline.

3.3.2. ST-GNN

The ST-GNN model, illustrated in Figure 3b, integrates both embedding-
based representations and the physical structure of the river network through
a spatio-temporal graph neural network [14]. This design enables the use of
structure in a single global model. Let G = (V, E) denote the river network
where each station k is modeled as vertex v;, € V and edges (v;,v;) € E modeling

connectivity of stations ¢ and j, then the model proceeds in three stages:

1. Temporal Processing. The temporal stage consists of an LSTM-E
model (excluding its output layer) as detailed in the previous section.
Formally, for each station modeled as node v, € V', the model computes

a latent representation at time t as
hl(ct) = LSTM—E(a( ). ag),ek)
The collection of all latent representations at time ¢ is denoted by
HY = ("}, ev.

2. Spatial Processing. The latent representations H*) serve as node fea-

14



tures in a Graph Neural Network (GNN), Formally, the spatial processing
is given by
H®Y = GNN(H®, B),

where H®) denotes the updated node feature matrix after message passing
along the edges F.
3. Output Layer. The output layer transforms the latent representation

IA1,(Ct) e H® to the predicted water temperatures:
o) =Wh +b

During training, all the trainable parameter of the LSTM-E, GNN, and
output layer are jointly optimized with the embeddings e, with respect of the
MSE Loss as defined in Equation (2). The architecture is parameterized by the
width of the latent space, the depth of LSTM Layers, the embedding dimension,
the type of the GNN (namely, GCN [24], GIN [25], or GraphSAGE [26]), and
the amount of GNN layers.

4. Datasets

Properly curated datasets are essential for consistent and meaningful model
evaluation, as station-specific characteristics — such as differing sensitivity to
air temperature — can introduce substantial variability. Evaluation is further
complicated by the heterogeneity of prediction complexity across stations, which
can strongly affect aggregate performance metrics. In addition, interannual
variability in atmospheric conditions can further bias the results. The latter is
particularly problematic when anomalous years fall within the test set, as they
may distort assessments of model accuracy and generalization.

To address these challenges, the present paper places a strong emphasis on
fairness and reproducibility by providing one of the first systematic evaluations
in river water temperature modeling with explicitly defined training, validation

and testing periods, transparent and deliberate station selection, and carefully
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Figure 4: The three curated datasets in front of the Swiss River Network. The stations of
Swiss-1990 are a subset of Swiss-2010, and Zurich is located in the north east of Switzerland.

Dataset Stations Training Testing Years km?/Station

Swiss-1990 28  1990-2012  2013-2020 30 1596 km?
Swiss-2010 63  2010-2017  2018-2020 10 1039 km?
Zurich 15 2009-2019  2020-2022 13 74 km?

Table 3: Summary of the curated datasets used for model evaluation. Swiss-1990 includes
the longest time series, Swiss-2010 covers the largest number of stations, and Zurich offers
the highest spatial resolution. All datasets span the full calendar year, from January 1 to
December 31.

curated input data. In particular, input features contain no missing values, and
while some temperature measurements are unavailable, these are appropriately
handled through loss masking during training. The test sets — used for final eval-
uation only — consist of complete calendar years and are strictly separated from
the training data, ensuring robust and interpretable performance comparisons
across models.

In particular, three datasets are curated (Table 3 summarizes the major

characteristics of the three datasets):
o Swiss-1990 features the longest temporal series with 30 years in total.

o Swiss-2010 includes a larger number of stations than Swiss-1990 (namely
63 rather than 28 stations) but shorter measurement periods (ten years in

total).

16



e Zurich represents a cantonal river network with a much higher spatial
resolution of stations (viz. only 74km? per station rather than more than

1000 km? per station).

Figure 4 illustrates the three curated datasets overlaid on the Swiss River
Network. The Swiss-1990 stations form a subset of Swiss-2010, while the Zurich
dataset covers a high-resolution network in the northeast of Switzerland. Note
that the first two datasets have been substantially improved compared to their
use in earlier preliminary work [11] (with more thorough curation, cleaning, and
preprocessing to ensure consistency and reliability). Furthermore, this work
introduces and analyzes the Zurich dataset for the first time — a novel, high-
resolution dataset that captures fine-grained hydrological dynamics (the level
of spatial detail of this dataset is particularly valuable for advancing the under-
standing of groundwater inflows and their impact on river water temperature).

To support reproducibility and ease of use, all datasets used in this study are
publicly released along with data-loading utilities, enabling seamless integration

into machine learning pipelines®.

5. Experimental Evaluation

The three curated datasets provide a rigorous foundation for evaluating the
comparative performance of the proposed models across diverse spatial, tempo-
ral, and hydrological contexts. Rather than focusing solely on benchmarking,
we also examine how different model architectures complement each other in

handling diverse station characteristics and river regimes.

5.1. Fvaluation Metrics

To assess predictive performance, we employ the following three evaluation

metrics.

6https ://swiss-river-network.github.io/data
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1. We measure the Root Mean Squared Error (RMSE) formally defined as

T

. > (- att): 3)
where w is the measured water temperature and w is the model’s pre-
diction. The RMSE provides a quantitative assessment of the model’s
prediction error, capturing the root mean squared error across all evalu-
ated time steps. It serves as a key indicator of model accuracy, with lower
values indicating better predictive performance.

2. In contrast to the RMSE, the Mean Absolute Error (MAE), measures the
average magnitude of the prediction errors without squaring them, making
it less sensitive to outliers. As such, MAE provides a more balanced view
of overall model accuracy when large deviations are not disproportionately

penalized. Formally, the MAE is defined as follows:

1 T
=2 [l ) (@
t=1

3. Lastly, the Nash—Sutcliffe Model Efficiency Coefficient (NSE) evaluates
the predictive skill of a model by comparing its performance to the mean
of the observed data. Values closer to 1 indicate high predictive accuracy,
while values less than zero suggest that the model performs worse than
simply using the mean as a predictor. Formally, the NSE is defined as

follows:

T t ~(£))2 T
1 Zt:l(w( ) —a®) 1 Zw(t) (5)

TS w7
t=1 t=1

5.2. Training and Hyperparameter Tuning

We use the Adam optimizer as gradient descent based optimizer [27]. Hy-
perparameter selection is performed via random search using the ASHA sched-
uler [28]. For the validation set we use an 80%/20% split of the training data

and base the model selection on the lowest validation RMSE. Table 4 sum-
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Hyperparameter Values =2 O A wm
Epochs? 1,3 v v v V
Learning Rate [0.001,001] v v Vv V
Batch Size 32,256] v Vv VvV V
Width (latent space) [16,128] v v Vv
Depth (stacked LSTMs) L3 v v v v
Embedding Dimension (1, 30] v oV
GNN Layers [1, 7] v
GNN Type {GCN, GIN, GraphSAGE} v

Table 4: Random search ranges and options used for model selection. Not all models utilize
every listed hyperparameter (v indicates the hyperparameter is used by the model). 'We use
early stopping.

marizes the specific ranges and options of the hyperparameters explored. The

embedding spaces are learned independently for each dataset.

5.3. Results

Table 5 presents the median, minimum and maximum RMSE values for the
four methods across the three datasets. According to the median RMSE, the
three novel models are better (or at least as good) as the LSTM baseline method
on both Swiss datasets. On the last dataset, Zurich, only Graphlet outperforms
the baseline model. The improvements of the Graphlet model on all datasets
and the improvement of LSTM-E on the Swiss-2010 dataset are statistically
significant (according to the Wilcoxon signed rank test with p < 0.05).

A very similar picture emerges when looking at the minimum values of the
observed RMSE. Here, the Graphlet method achieves the best result on all
three datasets and outperforms the baseline model in every case. According to
the maximum value, one of the three models (Graphlet, LSTM-E, ST-GNN)
achieves the best result on each of the three datasets. It is interesting to note
that on the Zurich dataset, the two embedding-based models cannot beat the
baseline model according to the median, but still show better worst-case perfor-
mance (impacting the NSE metric as will be seen below). Overall, we observe

that Graphlet achieves the best result six times, ST-GNN twice, and LSTM-E

19



RMSE

Dataset Method Median | Min | Max |
Swiss-1990 LSTM (Baseline) .799 .402 1.428
Graphlet* .740 .401 1.357
LSTM-E 799 441 1.359
ST-GNN .758 457 1.391
Swiss-2010 LSTM (Baseline) 792 .380 1.716
Graphlet* .764 .346 1.718
LSTM-E* 769 .395 1.680
ST-GNN* .760 .373 1.615
Zurich LSTM (Baseline) 712 611 1.164
Graphlet* 672 .589 1.161
LSTM-E 722 .606 874
ST-GNN 740 .602 921

Table 5: The median, minimal, and maximal RMSE per method and dataset. Bold indicates
the best result, underlining indicates the second-best. *Significant improvement over the
baseline model by Wilcoxon signed rank test (p < 0.05).

once.

Table 6 shows the medians of the MAE and NSE metrics, corroborating
the patterns observed in Table 5. This means that, in general, the proposed
models are better than the LSTM baseline — On the Swiss-1990 and Swiss-
2010 datasets, Graphlet and ST-GNN achieve the highest performance across
both metrics. For the Zurich dataset, Graphlet attains the lowest MAE, while
LSTM-E achieves the highest NSE.

Based on Tables 5 and 6, we conclude that the embedding-based models
(LSTM-E and ST-GNN) achieve predictive performance comparable to their
station-specific counterparts (LSTM and Graphlet). Notably, both models sub-
stantially reduce the number of learnable parameters. Figure 5 shows the num-
ber of learnable parameters for each dataset and method as bar plots on a
logarithmic scale. LSTM-E and ST-GNN require two to three orders of magni-
tude fewer parameters — including embeddings — compared to the station-specific
models. This reduction in model complexity is highly beneficial, as it leads to
lower computational costs and faster training times.

Due to the diverse landscape and anthropogenic influences across the river
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MAE NSE

Dataset Method Median | Median 1
Swiss-1990 LSTM (Baseline) .610 .964
Graphlet .559 .966
LSTM-E .595 .960
ST-GNN .583 .963
Swiss-2010 LSTM (Baseline) .612 .968
Graphlet .602 971
LSTM-E .609 .968
ST-GNN .592 972
Zurich LSTM (Baseline) .590 978
Graphlet 527 979
LSTM-E 576 .982
ST-GNN .592 .980

Table 6: The medians of the Mean Absolute Error (MAE) and Nash-Sutcliffe Efficiency
(NSE) metrics for each method and dataset. Bold indicates the best result, underlining
indicates the second-best.

Learnable Parameters (log scale)
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10* 4 h
LSTM Graphlet LSTM-E ST-GNN

Figure 5: Number of learnable parameters (log scale). The LSTM-E and ST-GNN models use
two to three orders of magnitude fewer learnable parameters (including embeddings) compared
to the station-specific models.
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Figure 6: Absolute RMSE results of the LSTM baseline. Lower is better. There is a high
variability of the prediction accuracy based on air temperature among the different nodes.

network, the accuracy of predictions varies considerably between stations. Air
temperature alone is often insufficient to capture these differences, meaning
some stations are inherently harder to model than others. This phenomenon
is illustrated in Figure 6 using the baseline LSTM model, showing absolute
RMSE values for individual water stations (shown as nodes in the graph). The
high variability of the RMSE across stations is clearly visible on all datasets,
underscoring the importance of station-level analysis when assessing model per-
formance.

Building on this observation, Figure 7 compares the three proposed models
with the LSTM baseline at the station level. Improvements compared to the
baseline model are shown in blue, and deteriorations in red. The stronger the
color intensity, the greater the deviation from the baseline result. The Graphlet
model demonstrates consistently improved performance across most stations
across all datasets. The LSTM-E model performs comparably to the baseline,
and the ST-GNN further improves upon the performance of the LSTM-E model.
The advantage of station-specific models is most apparent at “outlier” stations,
exhibiting atypical behavior, often located in alpine source regions, near power
plants, or downstream of lakes. In the difference maps between LSTM-E or ST-
GNN and the baseline (second and third rows of Figure 7), these stations appear
as dark red regions, indicating pronounced performance degradation relative to

the baseline.
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Figure 7: The per-node RMSE differences between the evaluated models and the baseline.
Lower values in blue indicate better accuracy.
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5.4. Relation to Prior Work

While the general performance trends reported in prior work could be re-
produced, the absolute results obtained here are consistently lower than pre-
viously claimed [14]. This discrepancy likely reflects differences in evaluation
rigor, suggesting that earlier studies may have benefited from selective report-
ing or insufficiently controlled validation protocols. These findings highlight the
critical need for transparent benchmarking, reproducible workflows, and unam-
biguous evaluation settings in river water temperature modeling. Furthermore,
an exclusive focus on mean performance metrics can obscure substantial vari-
ability across stations and hydrological conditions, potentially leading to over-
estimation of model robustness. The curated datasets and rigorous evaluation
framework introduced in this work directly address these issues, establishing a

reliable foundation for future model development and comparison.

6. Conclusion and Future Work

Rising river water temperatures, driven by both climate change and anthro-
pogenic activities, pose a growing threat to freshwater ecosystems, water quality,
and energy security. This warming trend, now consistently exceeding ecologi-
cal and regulatory thresholds in Switzerland, underscores the urgent need for
accurate, adaptable predictive pattern recognition models capable of capturing
complex spatio-temporal dynamics.

This work investigates the role of embeddings and structural information in
the geospatial time series task of water temperature modeling. We introduce
three curated datasets with clearly defined training and test periods to ensure
fair and reproducible evaluation. Notably, the Zurich dataset offers a novel
contribution through its high spatial resolution, enabling fine-grained analysis
of river network dynamics.

Our comparative study includes two station-specific models (LSTM and
Graphlet) as well as two embedding-based models (LSTM-E and ST-GNN).

Station-specific models demonstrate a clear advantage when applied to “out-
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lier” stations — those exhibiting unique or atypical hydrological behavior. These
stations often deviate from broader trends and benefit from specialized modeling
that can capture localized patterns more effectively. In contrast, embedding-
based methods prove highly efficient across the full dataset. They not only
reduce the number of learnable parameters by magnitudes but also offer strong
generalization capabilities. The ability to train a single model simplifies both the
training pipeline and the deployment process, making these approaches prefer-
able for large-scale applications. In both modeling paradigms, incorporating
structural information — specifically, the natural flow of the river network — im-
proves predictive performance in general. In practice, the Graphlet model often
outperforms the baseline LSTM, while the ST-GNN generally achieves better
results than the embedding-only LSTM-E.

For future research, we see several rewarding avenues that could be pur-
sued. The promising results of embedding-based models suggest that embed-
dings might play a central role in the next generation of water temperature
modeling. This naturally raises the question of transformer-based architectures,
which have shown considerable success in various domains [29, 30]. Furthermore,
prior work has demonstrated the effectiveness of LSTM-based transformer ar-
chitectures on water temperature modeling [31].

Despite the overall strength of embedding-based approaches, there remains a
performance gap between the Graphlet and the ST-GNN model, particularly on
“outlier” stations. This discrepancy suggests that the current embedding space
may lack the flexibility required to fully capture the diverse dynamics present
in such stations. Addressing this gap presents a compelling research challenge,
inviting the exploration of more expressive or adaptive architectures — such as
enhanced attention mechanisms or hybrid graph-transformer models [32] — to

better accommodate to atypical conditions.
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