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Abstract

The Urban Heat Island (UHI) effect, where urban areas exhibit higher temperatures
than their rural surroundings, is a growing subject of concern due to its implications for
human health, energy demand, and anthropogenic emissions. Accurate high-resolution
forecasts of the UHI intensity and, more generally, of urban air temperatures are therefore
crucial for guiding mitigation and adaptation strategies, especially for real-time heat warn-
ing systems and reliable power load forecasting. We present a spatiotemporal graph-based
machine-learning framework for hourly urban air-temperature forecasting that couples
a Diffusion Convolutional Recurrent Neural Network (DCRNN) encoder with a multi-
horizon Multi-Layer Perceptron (MLP) decoder. The model is trained and evaluated
using a dense network of 113 low-cost temperature sensors in Bern, Switzerland. Spa-
tial dependencies are learned on a directed, weighted sensor graph built from geographic
proximity and environmental similarity, while temporal dynamics are modeled with gated
recurrence. We forecast temperatures at each sensor up to 24 hours ahead and compare
two settings: conditioning the decoder on past rural-station meteorological observations
and future meteorological forecasts. At 24-hour lead time, the proposed model achieves
an average RMSE of 2.99 K with past meteorology and 1.68 K with future meteorology.
Relative to a per-sensor RNN baseline, it improves performance by an average of 13%
when only past meteorological data are available, but underperforms when future obser-
vations are provided, motivating further work on how to incorporate future exogenous
variables. Finally, we demonstrate the practical value of the approach by combining the
sensor forecasts with regression-kriging to produce hourly 50 m resolution temperature
and UHI-intensity maps over Bern. Overall, the results show the promise of graph-based
learning for city-scale, high-resolution temperature forecasting to support heat-risk man-
agement and urban planning.
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1 Introduction

Due to climate change, global mean temperatures are rising across the globe [40] and the
frequency and intensity of heatwaves are increasing [76]. This raises concerns for the health
and well-being of a growing population, especially in cities where heat stress and exposure are
amplified [39]. Urban areas are generally more exposed to thermal stress due to the Urban
Heat Island (UHI) effect [e.g., 55, 68], which results in higher urban temperatures than in the
surrounding rural areas. The UHI effect is due to urban-induced modifications of land-surface
properties and the surface energy balance [e.g., 44, 59, 71] and can lead to higher health risks,
such as increased heat-related mortality [39, 82], higher energy demand due to air conditioning
consumption and inaccurate electricity demand forecasting [22, 46, 49], and may even extend
to impacting precipitation patterns around cities [16, 85].

Since the seminal work of Howard in the early 19th century [37], urban climate research
has significantly advanced our understanding of the drivers, physical principles, and dynamic
behavior of UHIs around the world. From a modeling perspective, several approaches have
been developed to describe the role of built surfaces in weather forecasting models, from simple
slab schemes to multi-layer canopy and building-resolving models [53]. However, urban land-
surface models generally simulate temperature fields at a relatively coarse spatio-temporal
resolution (e.g., 1-2 km and 1 h) [53], thus limiting their ability to simulate urban microcli-
mate (e.g., at the street-scale). This can be achieved through computational fluid dynamics
(CFD) approaches, resolving heat, mass, and momentum conservation equations at sub-meter
scales [e.g. 29, 48, 56, 58, 61]. Yet, even if CFD models can now be applied to large urban
domains (e.g., city scale), their usability in operational contexts remains limited due to their
computational burden. Therefore, to address these challenges, computationally efficient al-
ternatives are essential, with data-driven models emerging as particularly promising. These
methods leverage extensive climate data obtained from ground-based monitoring stations or
remote sensing platforms, integrating them with advanced statistical and machine learning
techniques to model and predict the spatio-temporal dynamics of urban air temperatures at
high resolution.

In this context, the growing availability of urban climate data, in tandem with the
rapid advances in machine learning techniques, provides a valuable alternative to traditional
physically-based approaches to assess the space-time dynamics of urban microclimate at res-
olutions as high as 1 m [2, 5, 7, 14, 69]. Statistical approaches, such as land-use regression
modeling [e.g., 10, 77] or multiple linear regression [e.g., 43, 80], have been largely used to
simulate the spatial patterns of UHIs. In recent years, the use of advanced machine learn-
ing (ML) methods has further surged [28, 89] to capture complex non-linear relationships
between a large set of predictors and the UHI spatio-temporal patterns [e.g., 17, 23, 31].
Advanced ML methods have the advantage of being able to model subtle non-linear relation-
ships while being considerably lower in computational cost compared to numerical weather
forecasting and CFD models, which require solving a large set of non-linear differential equa-
tions [6, 60, 78]. Already in 1999, Santamouris et al. [73] used a neural network approach to

E-mail address: gabriele.manoli@epfl.ch
doi:10.5149/ARC-GR.1967

This work is licensed under a Creative Commons “Attribution-NonCommercial 4.0
International” license.

2

https://doi.org/10.5149/ARC-GR.1967
https://creativecommons.org/licenses/by-nc/4.0/deed.en
https://creativecommons.org/licenses/by-nc/4.0/deed.en
https://creativecommons.org/licenses/by-nc/4.0/deed.en


Roger et al. ARC Geophysical Research (2026) 2, 3

model the UHI phenomenon using ambient air temperature records from 20 locations across
the city of Athens. With the development of more sophisticated machine learning methods,
like tree-based models, recurrent neural networks (RNN), and convolutional neural networks
(CNN), urban air temperature models were further advanced. In a recent review on the topic,
Wang et al. [89] observed that tree-based methods [36, 83, 94, 102] perform well in spatial
temperature prediction, although they fail to predict extreme values and are not suitable for
temporal-based tasks because each sample is treated independently of the others. On the
other hand, neural network-based methods (e.g., RNN, CNN) can be much more flexible and
adaptable to various configurations and can handle non-linearity better than tree-based mod-
els. However, they are computationally more expensive to train, less interpretable (black-box
models), and prone to overfitting [17, 35, 83, 94]. Despite these advances, Wang et al. [89]
highlight a persistent gap in the field: most studies predict air temperature only at a few
selected lead times (e.g., 1-h, 4-h, or 24-h), so it remains unclear how well models can handle
continuous hour-by-hour multistep forecasts.

Many UHI-ML studies rely on remote sensing observations but such data are often limited
to surface temperature observations during specific times of day, they are affected by cloud
cover, and often contain errors of 1–2K [25, 51, 89]. The increasing deployment of ground-
based sensors, such as crowdsourced networks like the Personal Weather Station Network
[84], offers the potential to improve the spatio-temporal description of urban climate [19],
especially in the context of data-driven modeling. Such high-resolution in-situ datasets are
particularly attractive for the development of graph neural networks, a novel method for
processing temporal observations from a sparse network of monitoring sensors. Graph neural
networks (GNN) [74] enable the processing of any type of data that can be represented
in a network format (also known as non-Euclidean data) [74, 92]. They have been used for
numerous spatio-temporal prediction tasks, including traffic forecasting [42, 81, 96, 101], power
load forecasting [41, 52, 64], and air quality prediction [26, 57, 70]. Yet, the use of GNNs for
urban air temperature prediction is relatively underexplored. Yu et al. [98] developed a GNN
with GraphSAGE layers [33] using a network of sensors with embedded spatial features and
past and future weather features in the city of Chicago. Yu et al. [97] used graph attention
layers [86, 87] coupled with gated recurrent units to predict temperature at several locations
in China. In both cases, the GNN methods provided comparable or better results than other
baseline approaches [89], such as Gaussian Process Regression [47] and Long-Short Term
Memory [90].

Here, we develop a GNN method to further explore and improve continuous hour-by-hour
predictions of urban air temperatures at high space and time resolutions. Using the city of
Bern (Switzerland) as a case study, we make hour-by-hour, multi-step predictions of local UHI
intensities with a 24-hour time horizon, mapping it for different forecasting time horizons at
50 m resolution. We test two scenarios and compare the results with a traditional RNN model:
(i) a baseline scenario where GNN predictions are made using past weather information only
(i.e., we assume no regional forecasts are available); and (ii) a forecasting scenario where
future weather information at a reference station are available. Our GNN approach allows
us to make high-resolution, one day-ahead forecasts of UHI intensity at the city scale, which
could be used to issue early warnings in case of extreme heat or to obtain more accurate power
load forecasts in urban areas.

2 Data and Methods

In the following, we present the study area, the data collection process, its organization into
a graph-ready dataset, and the architecture and training methods of the proposed graph
machine learning model.
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2.1 Study Area

The study focuses on the city of Bern, Switzerland, and its surrounding metropolitan area with
a total population size of approximately 240,000 people [9]. In 2018, the University of Bern
installed a low-cost measurement network to study intra-urban temperature differences [10].
The network is composed of 113 self-built low-cost devices that measure air temperature at
10-minute intervals [32]. Records were collected and compiled for 6 consecutive years (2019-
2024); during the first five years, the measurements were only available during the warm
season (May 15th to September 15th), while from May 2023 on, continuous data is available
until September 2024. Data from the sensor network was used to map daily urban heat island
intensities [12] and model the spatial patterns of heatwaves in earlier studies [10].

2.1.1 Spatial Features

The spatial feature set encapsulates the static characteristics of the urban environment that
have been chosen to describe how heat is stored, emitted, and redistributed across urban
surfaces. Urban morphology metrics, such as average building height, building count, and
construction density within a 100 m radius from each sensor, capture the complexity of the
urban fabric, influencing airflow patterns, shading, and heat exchanges [66]. Population den-
sity [59] and land cover classifications based on Local Climate Zones [79] reflect anthropogenic
activities and surface materials, while vegetated areas usually moderate urban-induced warm-
ing through evapotranspiration [30, 100]. Elevation and proximity measures (distance to the
city center, corresponding to the most densely populated area of Bern, or to green spaces)
further amplify temperature gradients, as higher-altitude neighborhoods generally experience
cooler temperatures and parks serve as localized cool islands [13], although in Bern, due to the
complex topography of the city, this might not always be the case. These spatial predictors
encode the environmental and spatial context of each sensor, forming the basis for the sensor
graph construction and the subsequent urban air temperature forecasting. Figure 1 illustrates
the study area characteristics. The list of spatial features is provided in Table A.1.

2.1.2 Temporal Features

Temporal features provide essential dynamic context that drives the diurnal and seasonal
variability of urban temperatures and UHI intensity under different meteorological condi-
tions. Generally, UHI intensity (when defined in terms of air temperature, as done here) is
more pronounced during nighttime compared to daytime [88], and in the case of Bern, it is
particularly high on clear sunny days relative to other weather conditions [10, 11]. These
temporal features include hour and month, encoding diurnal and seasonal cycles, capturing
sunrise and sunset heating/cooling transitions as well as summer–winter contrasts in solar
angle and day length. Meteorological variables from MeteoSwiss [1], including humidity, wind
speed, incoming solar radiation, and atmospheric pressure, define the instantaneous meteo-
rology at a reference station. These time series (summarized in Table A.2) provide the past
24 hours context on the weather dynamics and are used only during the prediction step. This
allows testing the ability of the GNN model to predict future conditions with knowledge of
past weather only. To test a more realistic forecasting application, we run an additional sim-
ulation experiment where, instead of past observations, we include future observations from
a reference station in the rural area (for the next 24 hours) in the prediction step. In this
case, actual observations are used as a proxy for (coarser) regional weather forecasts in order
to avoid any additional bias related to the accuracy of numerical weather simulations.
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Figure 1: Environmental characteristics of Bern region and location of the sensors, with
(a) the Local Climate Zones, (b) elevation, (c) the location of the sensors, including the
constructed graph in section 2.2.1 and the sensors plotted in Figure 4, and (d) the average
annual Normalized Difference Vegetation Index (NDVI).

2.2 The GNN Model

GNN is designed to learn from data structured as graphs, where nodes represent entities
and edges represent relationships between them (Fig. 2). We constructed the graph by
assigning a spatial neighborhood to each sensor according to specific rules. An encoder-
decoder architecture is used to leverage the graph representation of the sensor network and
the temporal dynamics of urban air temperature and weather data. The encoder computes
a latent representation of the temporal and spatial dynamics of the last 24 hours, and the
decoder uses this representation, along with the weather data, to forecast the air temperature
at each node for each hour up to a 24-hour horizon. The three modules are illustrated in Fig.
2 and explained in the following.

2.2.1 Graph Construction Process

For the graph construction process, the method chosen was a weighted k-nearest neighbor
algorithm based on a composite distance metric that combines both geographical proximity
(dgeo) and feature similarity (dfeature). The feature similarity is defined as the Euclidean
distance between the feature vectors of each node. The composite distance between nodes i

5



Roger et al. ARC Geophysical Research (2026) 2, 3

and j is defined as:

dcombined(i, j) = αdfeature(i, j) + (1 − α)dgeo(i, j), (1)

where α is a weighting parameter, and both distance components are normalized to [0,1]
range. In our configuration, each temperature station is a node of the graph, and we use the
proposed distance to create the edges of the graph.

An edge from node i to node j is established (ei,j=1) if and only if j is among the k-nearest
neighbors of i according to this composite distance. That is,

ei,j =

{
1 if j ∈ KNN(i)

0 otherwise
, (2)

and,
KNN(i) = {j ∈ V \ {i} | ranki(j) ≤ k}, (3)

where ranki(j) is the rank of the node j in the ordered list of all other nodes in V \ {i} based
on their composite distance dcombined to node i, with lower ranks indicating closer proximity.
The weight given to an edge is the inverse of the composite distance.

The features used to compute dfeature are detailed in Section 2.1.1, standardized for numer-
ical features and one-hot encoded for categorical features (local climate zones). The weighting
parameter (α = 0.7) was selected by minimizing the root mean squared error (RMSE) on the
validation set after 10 training epochs. An additional sigmoid normalization is applied to
guarantee the weight repartition. The number of k connected neighbors was set to 10. The
resulting graph contains 113 nodes and 1130 non-zero weighted directed edges, shown in Fig-
ure 1(c), serving as a basis for the graph-based machine learning model. Using the set of
temporal features and the constructed sensor graph, urban air temperatures can be predicted
in time and space using the architecture described next.

2.2.2 Encoder

To capture the spatio-temporal dependencies of the UHI phenomenon, the model’s encoder
employs a Diffusion Convolutional Recurrent Neural Network (DCRNN) [50], which integrates
spatial diffusion dynamics and temporal recurrence. This architecture encodes sequential
temperature and meteorological data into a latent representation that reflects the complex
evolution of UHI intensity across space and time.

The spatial dependencies among the nodes are modeled using diffusion convolution [4], a
method that simulates random walk-based information propagation across a graph structure.
This enables the model to capture the influence of neighboring locations in a directed and
weighted fashion, which is especially relevant in urban environments where heat advection can
be asymmetric and location-dependent [e.g., 8, 34, 59, 93]. The DCRNN employs a diffusion
convolution with k = 2 steps, enabling each node to integrate information from its local and
extended neighborhood.

In tandem with the spatial modeling, the DCRNN includes a gated recurrent architecture
to process temporal sequences. At each time step, the model receives air temperature data
and updates the hidden state by incorporating current observations and spatially diffused
information from neighboring nodes. This recurrent mechanism enables the model to learn
temporal dependencies over multiple hours and to maintain a memory of past dynamics
relevant to future air temperature prediction.
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Figure 2: Overview of the DCRNN-MLP architecture for spatio-temporal urban air temper-
ature forecasting. The final output is the air temperature at the different horizons (from 1-
to 24-hours ahead) at each sensor.

2.2.3 Decoder

The decoder (Multi-horizon MLP) has been designed to produce multi-step forecasts in par-
allel, and it draws inspiration from the approach described by Wen et al. [91]. The objective
is to incorporate past weather variables to give a global exogenous context for the predictions.
The decoder functions in two distinct stages, global and local, each comprising an independent
MLP. The global MLP processes the output of the encoder, which is a latent representation
of the temporal and spatial dynamics of the temperature field, to create two outputs: a global
context vector, shared across all prediction horizons, providing global information on the
long-term temperature trend, and a set of horizon-specific vectors that represent time-specific
information. The global MLP outputs are concatenated with the exogenous temporal features
(weather data). Subsequently, the local MLP generates the actual air temperature forecasts.

2.3 Model Training and Testing

Two different temporal configurations for model training were tested: (i) seasonal, consisting
of warm season data only (from May to September) across the years 2019 to 2024; and (ii)
all year, covering a continuous period from May 2023 to September 2024. For the seasonal
configuration, the model was trained with data from 2019 to 2022, validated using data from
2023, and tested on data from 2024. For the continuous configuration, the dataset was parti-
tioned chronologically into training (70%), validation (10%), and test (20%) sets to preserve
temporal dependencies and prevent data leakage. The models were trained on temperature
time series with outliers removed using a z-score method (the values above or below 5 stan-
dard deviations, i.e., exceeding the 99.99th percentile, were discarded), and for a maximum of
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100 epochs, with early stopping implemented to prevent overfitting (training was halted if the
validation score did not improve after 10 epochs). To benchmark the performance of the pro-
posed method, a simpler baseline model was used: an RNN [35, 65] applied independently to
each sensor, using both the temperature timeseries and the weather data. The RNN processes
the timeseries step by step, maintaining a hidden state that summarizes past information and
updates it with each new input. The model was trained using the same setup as the GNN
(i.e., same train-test split, 100 epochs with early validation) and a hidden layer size of 64.

2.4 Temperature Mapping

The model was then extended to generate high-resolution maps of urban air temperature
for each forecast horizon. To convert the sensor-level temperature forecasts into spatially
continuous fields, we use a machine-learning-based spatial regression approach relying on
XGBoost [15]. This approach explains temperature variability using the full set of auxiliary
spatial predictors described in Section 2.1.1. In this way, the method accounts for deterministic
effects of environmental and geographical factors (e.g., land use, elevation, NDVI), producing
temperature maps at high resolution. The XGBoost model is fine-tuned using cross-validation
to avoid overfitting.

We construct a 50 m grid over the Bern study area, where each cell contains the full set
of environmental and geographical predictors used for the sensor network (Table A.1). For
each prediction horizon, an XGBoost regression model is trained using the sensors’ forecasted
temperatures as targets and the corresponding predictors as inputs. The trained model is
then applied to the full grid to obtain the final high-resolution temperature surface and cor-
responding UHI-intensity maps.

3 Results and Discussion

3.1 Temperature Forecasting with Past Weather Data

To highlight the benefits of a graph-based approach for temperature forecasting in urban
contexts, we start by comparing our model with a simple RNN model. Table 1 describes the
average metrics obtained over all the nodes for the DCRNN-MLP, a baseline RNN model and
a null model that predicts urban temperatures using only the rural reference temperature..
For the setup using past weather data, The DCRNN-MLP model obtains better metrics for
all the horizons and both setups, showing that the GNN approach improves the simulation
performance for every forecasting horizon when no future weather forecast is available. In
contrast, when future observations are available for training and predictions, the RNN models
demonstrate strong performance and consistently outperform the DCRNN-MLP. A notable
result is the slightly better performance obtained by the DCRNN-MLP on the continuous
dataset compared to the seasonal one, for longer prediction horizons (RMSE of 2.99K ver-
sus 3.08K), despite being trained on a smaller amount of data. This is promising for the
application of the model to other cities, especially when continuous datasets are available.

Wang et al. [89] showed that, when the horizon is below 4 hours, the models accuracy
remains stable, between 1.35 ± 0.60K, while the RMSE was around 3K for the 12- and 24-
hour horizons, although the number of studies is limited. Our results indicate slightly lower
performance (Table 1), which is expected due to the larger number of sensors used (113
compared to 53 in Yu et al. [97] and 22 in Yu et al. [98]). Furthermore, we forecast air
temperature at an hourly resolution (for each hour from 1 to 24), while most existing studies
consider only a few discrete forecast lead times (e.g., 1-, 4-, and 24-hour) [89], thus the
minimization of the objective function is done at all horizons with no discrimination. Despite

8



Roger et al. ARC Geophysical Research (2026) 2, 3

these challenges, the performance gains over the baseline model demonstrate the effectiveness
of the DCRNN-MLP in capturing complex spatio-temporal dynamics. In the context of
urban air temperature forecasting, RMSE values in the range of 1.5–2.5 K are generally
regarded as acceptable, particularly when the prediction horizon extends beyond a few hours
[89]. In comparison, measurement uncertainties themselves have been reported to lie between
0.19–0.34 K at night and 0.78–1.17 K during the day [32], suggesting that a portion of the
forecast error may be attributable to sensor accuracy.

Setup Dataset Model

1 h 6 h 12 h 24 h

RMSE MAE RMSE MAE RMSE MAE RMSE MAE

Past
Obs.

Continuous
DCRNN-

MLP
1.09 0.80 2.30 1.68 2.95 2.16 2.99 2.31

RNN 1.43 1.09 2.79 2.15 3.14 2.47 3.17 2.51

Seasonal
DCRNN-

MLP
1.14 0.81 2.38 1.74 2.99 2.20 3.08 2.42

RNN 2.05 1.65 2.87 2.25 3.11 2.42 3.29 2.60

Future
Obs.

Continuous
DCRNN-

MLP
1.47 1.13 1.71 1.32 1.71 1.33 1.68 1.33

RNN 0.99 0.74 1.54 1.19 1.57 1.23 1.36 1.04

Seasonal
DCRNN-

MLP
1.68 1.29 2.10 1.61 2.15 1.66 2.16 1.69

RNN 1.04 0.79 2.07 1.56 1.99 1.52 2.04 1.33

Against
Reference

- Null Model 1.92 1.47 1.92 1.48 1.92 1.48 1.93 1.48

Table 1: Air temperature prediction performance on the test set at various prediction horizons,
categorized by observation setup. Metrics shown are RMSE and MAE (in K). Bold indicates
the best performing model within each setup/dataset group. The last row reports a Null
Model that predicts urban temperature using only the rural reference temperature.

3.1.1 Spatial Distribution of Forecasting Errors

Figure 3 presents the spatial distribution of forecasting errors. Although the MAE increases
substantially from the 1-hour to the 24-hour prediction horizon (0.8-2.3), the standard de-
viation remains relatively low: 0.08, 0.11, and 0.13 for one, 12-, and 24-hour of lead time,
respectively. The consistency metric is calculated as the average of the normalized mean abso-
lute error and the normalized standard deviation of the errors for each horizon, then averaged
across horizons for each station and normalized again between 0 and 1. This score reflects
the accuracy of a station relative to the others, with lower values indicating lower accuracy.
No clear spatial pattern can be observed on the map. The four regression plots illustrate the
relationship between selected station spatial features and the consistency score, along with the
corresponding fitted linear regression lines. However, the low correlation coefficients (ranging
from –0.12 to 0.05) indicate that these features (the other features in the nodes dataset were
also tested) do not account for the spatial variability in consistency, suggesting that additional
factors are needed to explain the differences in prediction errors across nodes. This highlights
a key limitation of the DCRNN-MLP model: its limited interpretability (often encountered
when using black-box models [24, 72]).
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Figure 3: MAE of air temperature forecasting for (a) 1-, (b) 12-, and (c) 24-hour horizons
from the DCRNN-MLP (in K). The bottom row illustrates the consistency score of each
station forecast errors, averaged across horizons, to quantify the stability and reliability of
station-level forecasts. (d) Represents the relation of consistency with four different station
features and (e) is the spatial distribution of consistency.

3.1.2 Time Series Forecasting

To gain further insight into the forecasting performance, predicted time series for three repre-
sentative nodes are shown in Figure 4. Node 8 is located in Bremgartenfriedhof, a cemetery in
western Bern acting as a cool island within the urban area; node 90 is in the city center; and
node 72 is situated in a residential area in a neighboring municipality of Bern (see locations
in Figure 1). The plots compare model forecasts and measured values over three forecasting
horizons: 1-, 12-, and 24-hour. At the 1-hour horizon, the model performs well, with RMSE
values ranging from 0.903K to 1.108K and MAE values between 0.66K and 0.80K across the
three nodes. As the forecast horizon extends to 12 and 24 hours, prediction errors increase,
with RMSE rising to 2.26–2.94K (12h) and 2.55–2.84K (24h), and MAE to 1.96–2.26K and
2.01–2.20K, respectively. This performance degradation reflects the growing uncertainty with
increasing lead time.

Despite the increased error at 24 hours, the model still captures the overall diurnal tem-
perature trends. However, biases become more evident, particularly in the prediction of daily
temperature peaks, which are often under- or overestimated. This is especially noticeable at
the horizon 24 hours, where the model tends to overpredict peak temperatures, particularly
in the case of an abrupt decrease in temperature. These discrepancies may be linked to the
model’s reliance on only 24 hours of past weather input data, without any information related
to future weather forecasts.

3.1.3 Error Analysis

The detailed analysis of model errors is shown in Figure 5. In Figure 5(a), a prominent
yellow band indicates systematically larger errors during the hours between 12:00 and 24:00,
especially between 14:00 and 21:00. This effect is most pronounced for forecast horizons
exceeding six hours. In contrast, lower errors between 00:00 and 12:00 remain consistent
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Figure 4: Air temperature forecasting using the DCRNN-MLP at 1, 12, and 24 hours for
three different sensors (each row is a different prediction horizon and each column a different
node). Sensor 8 is located in a park, sensor 90 is located in the city center, and sensor 72 is
located in a residential area. The three sensors illustrated are shown in Figure 1(c).

across all horizons. In Figure 5(b), where blue colors denote underprediction and red denotes
overprediction, there are clear overpredictions around 20:00 and 08:00 and underpredictions
during the early-morning interval (02:00–04:00) and from 9:00 to 18:00. Panel (c) further
shows that MAE increases toward the end of the day and decreases during the early hours
while panel (d) demonstrates that RMSE consistently exceeds MAE, particularly at larger
error magnitudes, indicating the presence of outlier predictions. Finally, Figure 5 (e) shows
the Mean Absolute Percentage Error (MAPE) as a function of the temperature measured at
the reference sensor. As expected, MAPE is lowest where sample counts are highest (reference
temperatures between 12◦C and 25◦C).

The error analysis reveals a distinct diurnal bias pattern (Figure 5b), characterized by
systematic underprediction of temperatures during daytime hours (approx. 09:00–17:00) and
overprediction during the evening and night (approx. 18:00–06:00). The higher RMSE during
daytime than nighttime confirms the results by Burger et al. [11], who reported higher uncer-
tainties due to measurement devices during the day. However, during the night, the effect is
much more pronounced, resulting in higher prediction accuracy for all horizons. Physically,
the observed bias pattern reflects a “damped” thermal response, where the model heats up
and cools down too slowly compared to reality, a phase lag that we have demonstrated is
largely attributable to the absence of future atmospheric forcing.

3.1.4 Mapping and Kriging Validation

Figure 6 illustrates the observed and forecasted UHI intensity maps for 20:00 UTC on 30 July
2024. The top row displays the spatial distribution of interpolated UHI intensity, showing
higher temperatures concentrated in urban local climate zones, particularly in denser areas
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Figure 5: Visualization of model errors and bias across four forecasting horizons (1h, 6h, 12h,
and 24h). (a) Mean Absolute Error (MAE) and (b) bias as a function of the target hour of
the day (e.g., point “12h, horizon 12” corresponds to the hour 12 when predicted 12 hours
ahead). (c) Hourly evolution of the MAE with 95% confidence interval. (d) Relationship
between MAE and RMSE, where each point corresponds to a specific hour of the day. (e)
Mean Absolute Percentage Error (MAPE) as a function of the temperature measured at the
reference sensor.

such as the city center of Bern. In contrast, large vegetated areas like the Bremgartenwald in
the northwest of the city act as cooler spots. The UHI values were calculated by subtracting
the reference station temperature from the predicted temperature time series, followed by
spatial interpolation using XGBoost. The leave one out cross validation (LOOCV) RMSE
values, ranging from 0.75 K to 0.85 K, for July 30, indicate good accuracy in the temperature
interpolation achieved through this method.

The bottom row of Figure 6 compares predicted and observed UHI values at various station
locations for the same time. Forecast accuracy decreases as the time horizon increases, with
the RMSE rising from 0.54K at a 1-hour horizon to 0.71 K at a 24-hour horizon, reflecting
growing uncertainty in temperature predictions. Despite the increasing uncertainty, the rela-
tive ranking of the temperatures is maintained, as shown by the regression coefficients of 0.65
at the 12-hour horizon and 0.67 at the 24-hour horizon. This indicates that, while absolute
accuracy decreases, the relative temperature distribution among stations is still captured.
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Figure 6: (a) Mapping based on kriging (see Section 2.4) of urban heat island intensity for July
30 at 8PM using forecasting horizons of 1-, 12-, and 24-hour. (b) Observation UHI values and
scatter plots representing the distributions of predicted UHI values against measured values
at each sensor for July 30, 20:00 UTC, for the different horizon 1h, 12h and 24h (from left to
right)

3.2 Impact of Integrating Future Weather Information

To assess the potential benefit of integrating future weather information (e.g., as provided
by Numerical Weather Predictions, NWP) into the DCRNN-MLP framework, we conducted
an additional experiment using future observed meteorological variables (from the reference
station) as a proxy for perfect weather forecasts (i.e., with no model bias). In this setup, the
decoder was fed with meteorological data corresponding to the target prediction hours (t+1h
to t+24h) rather than the past 24 hours. In addition, compared to the Null model (RMSE
= 1.9 K for all forecast horizons), the proposed approach (with continuous data) consistently
outperforms across all lead times.

The results of this experiment demonstrates a significant performance improvement, par-
ticularly at longer forecasting horizons. The model achieved RMSE values of 1.47 K, 1.71 K,
1.71 K, and 1.68 K for the 1, 6, 12, and 24-hour lead times (Table 1), respectively. Most
notably, the integration of future weather data reduced the 24-hour RMSE by 42% compared
to the baseline configuration (decreasing from 2.99 K to 1.68 K), stabilizing the error profile
over time.

While the DCRNN-MLP benefits significantly from future inputs, the RNN demonstrates
even superior performance, Table 1. Because the DCRNN-MLP outperforms the RNN when
future inputs are not available, but falls behind once future meteorological variables are pro-
vided, the results suggest that the relative performance is strongly influenced by how future
exogenous information is injected into the model. In our current DCRNN-MLP design, fu-
ture variables are used only at the decoder stage, whereas the RNN directly processes these
future observations as primary inputs, which likely enables a more direct alignment between
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Figure 7: Same as Figure 6 but for the experiment with future weather data.

the meteorological forecasts and the predicted temperatures. This comparison highlights that
future meteorological variables can be highly informative, but their benefit depends on the
conditioning strategy, and motivates architectures that integrate future information earlier in
the spatiotemporal representation learning.

The integration of future atmospheric conditions effectively corrects the temporal lag
observed in the DCRNN-MLP with past observations. In the initial configuration (Section
3.1), the model tended to predict temperature peaks with a delay, relying heavily on the
previous day’s inertia. With future weather data, the phase shift is largely eliminated, and
the amplitude of diurnal extremes, both daily maximums and nightly minimums, is captured
with greater accuracy. Furthermore, Figure A.1 illustrates the updated time series predictions
by the DCRNN-MLP. Contrasting with Figure 4, the phase lag is largely corrected, and peak
temperatures are captured with greater accuracy.

3.3 Limitations and Perspectives

In summary, the results here demonstrate that, when using past weather observations, the
proposed DCRNN-MLP model outperforms the RNN model used as a baseline across all
forecasting horizons and datasets, confirming the benefit of incorporating graph-based spa-
tial dependencies into urban temperature forecasting. While prediction errors increase with
longer horizons, the model can capture diurnal temperature dynamics and maintain consistent
relative differences between stations, which is important for UHI observations. Yet, the error
analysis highlights systematic temporal patterns, with higher errors during the day compared
to the night, reflecting the complexity of diurnal urban heat dynamics. These biases carry
significant implications for operational deployment. From a public health perspective, the
underestimation of daytime peaks is critical, as it could lead to missed early warnings for
extreme heat stress, potentially delaying emergency interventions for vulnerable populations.
Conversely, the consistent overestimation of nighttime temperatures could trigger false alarms
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regarding ’tropical nights’, a key metric for human physiological recovery, thereby affecting the
credibility of the warning system. For energy sector applications, this bias pattern suggests
a potential misalignment in load forecasting: the model may underestimate peak electricity
demand for air conditioning during the day while overestimating it in the evening.

Regarding physical limitations, although this study did not explicitly train separate mod-
els for different wind regimes, the role of advection is implicitly captured through the inclusion
of wind speed and direction as exogenous features in the decoder. Wind-driven heat trans-
port can significantly alter urban microclimate dynamics, particularly by shifting the cooling
influence of green spaces or the heating effect of dense built-up areas downwind [45]. While
the current graph structure is static, based on a fixed composite distance of geographic prox-
imity and environmental similarity, future iterations of the GNN could incorporate dynamic
edge weights. Such an approach would allow the graph connectivity to evolve in real-time,
strengthening connections between nodes aligned with the prevailing wind vector and thereby
explicitly modeling the directional propagation of heat across the city.

From a methodological perspective, this study employed observed meteorological data as
a proxy for future forecasts but it should be noted that operational implementation would
rely on coupling the proposed DCRNN-MLP framework with NWP model predictions. In
this context, our approach would function as a statistical downscaling tool: it could translate
coarse-resolution regional weather forecasts (typically 9–10 km) into hyper-local urban tem-
perature fields (50–100 m). Although operational NWP forecasts introduce their own inherent
uncertainty compared to the observed proxies used here, they provide information on all the
necessary atmospheric conditions.

A natural next step is to redesign the DCRNN-MLP to incorporate future exogenous
variables more directly within the spatiotemporal encoder or the recurrent hidden-state dy-
namics, rather than restricting them to the decoder input. For example, future meteorological
sequences could be used to condition the encoder, or an explicit sequence-conditioning mecha-
nism (e.g., attention-based conditioning). Exploring these alternatives may allow the model to
combine the strengths of graph-based spatiotemporal learning with more effective exploitation
of meteorological forecasts, and potentially close—or reverse—the performance gap observed
when future observations are available.

Finally, while this study relies on a high-density research network unique to Bern, the pro-
posed graph-based framework is inherently adaptable to cities with varying degrees of data
availability. Unlike grid-based models (e.g., CNNs) that require uniform data coverage, the
graph structure, defined by environmental similarity and geographic proximity, can naturally
accommodate the irregular and sparse sensor configurations typical of growing crowd-sourced
networks (e.g., Netatmo, Weather Underground). In urban areas with sparser monitoring
sensors, the model architecture allows for a shift in reliance: the influence of the local diffu-
sion mechanism (encoder) can be balanced by a stronger weight on the global meteorological
context (decoder) and static environmental features (e.g., Local Climate Zones, NDVI). Fur-
thermore, the framework supports transfer learning, where a model pre-trained on a data-rich
city like Bern could be fine-tuned for a data-scarce city, leveraging the learned physical embed-
dings of urban morphological features to predict temperature dynamics in new environments.
A key limitation of deploying graph-based models in practice is their limited interpretability,
which remains an active area of research [3, 54, 99]. Future work should focus on a compre-
hensive interpretability analysis, for instance by leveraging explanation frameworks such as
GraphLIME [38] or GNNExplainer [95].
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4 Conclusion

A spatio-temporal graph machine learning framework is developed for high-resolution urban
air temperature forecasting and urban heat island intensity assessment in the city of Bern. By
combining a Diffusion Convolutional Recurrent Neural Network encoder with a multi-horizon
MLP decoder, the model effectively captures both local diffusion processes across a sensor
graph and temporal dynamics driven by past observations and weather conditions. When in-
formation on future weather are used in the prediction step, the model performance is further
improved. Compared to a baseline RNN applied independently to each node, when no fu-
ture data is involved, the proposed DCRNN–MLP consistently yields lower RMSE and MAE
across 1 h to 24 h horizons, demonstrating its ability to model complex spatio-temporal depen-
dencies. The practical application of the forecasts is further illustrated via regression-kriging
interpolation on a 50 m grid, producing high-resolution temperature maps that highlight built
environment impacts and cool-island effects within the city of Bern. These maps align with
previous observational findings and underscore the utility of the proposed approach for high-
resolution heat-risk mapping and warnings. Overall, the DCRNN-MLP model represents a
significant step towards accurate, city-scale, and continuous hourly temperature forecasting.
Leveraging urban analytics and ML, future model development based on the approach pre-
sented here could be used in combination with regional weather forecasting to develop early
warning systems for extreme urban heat events.
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A Appendix

Table A.1: Spatial Features

Description Type Value Range Source
Building’s height Numerical [0,59] Swiss3DBuildings [21]
Building’s count Numerical [0, 199] Swiss3DBuildings [21]
Average distance to the
50, 100 and 200 nearest buildings [m] Numerical [0,1001] Swiss3DBuildings [21]
Population Numerical [0, 261] OFS [27]
NDVI Numerical [0.04, 0.79] Sentinel [20]
Albedo Numerical [0.11, 0.20] MODIS [75]
Elevation [m] Numerical [498, 656] NASA SRTM [63]
Local climate zones Categorical [1, 17] Wudapt [18]
Distance to Bern’s city center [m] Numerical [0, 7245] -
Distance to the nearest green space [m] Numerical [0, 1131] SwissTLM3D [67]
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Figure A.1: Air temperature forecasting at 1, 12, and 24 hours for three different sensors for
the DCRNN-MLP with future weather observations.

Table A.2: Temporal Features

Description Type Value Range Source
Average hourly vapor pressure [hPa] Numerical [5.4, 24.7] MeteoSwiss [62]
Global irradiation [W/m²] Numerical [0, 1034] MeteoSwiss [62]
Atmospheric pressure [hPa] Numerical [935, 967] MeteoSwiss [62]
Maximum hourly temperature [°C] Numerical [2.6, 35.4] MeteoSwiss [62]
Minimum hourly temperature [°C] Numerical [1.9, 34.8] MeteoSwiss [62]
Hourly precipitations [mm] Numerical [0, 23.6] MeteoSwiss [62]
Average hourly humidity [%] Numerical [21.6, 100] MeteoSwiss [62]
Hourly sunshine duration [h] Numerical [0, 1] MeteoSwiss [62]
Hourly dew point [K] Numerical [-1.8, 21.6] MeteoSwiss [62]
Average hourly wind speed [m/s] Numerical [0, 7.9] MeteoSwiss [62]
Average hourly wind direction [°] Numerical [0, 360] MeteoSwiss [62]
Hour of the day Numerical [0, 24] UNIBE [32]
Month of the year Categorical [5, 9] UNIBE [32]
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Figure A.2: Results of the regression kriging and the consistency analysis for the DCRNN-
MLP with future weather observations.

Figure A.3: Global analysis for the DCRNN-MLP with future weather observations.
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