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ABSTRACT Land Surface Temperature (LST) is a key variable for various applications, such as urban
climate and ecology studies. Yet, existing satellite-derived LST products provide either high spatial or
high temporal resolution, resulting in a fundamental trade-off between the two. To address this trade-off,
we combine observations from a geostationary and a polar orbiting satellite and provide LST fields at high
spatial and high temporal resolution (1 km at 15-min intervals). We demonstrate their application for intraday
forecasting of LSTs. To estimate LST fields at high spatiotemporal resolution, a U-Net model is trained to
map LST fields from SEVIRI/MSG (3 km and 15 min resolution) along with corresponding solar zenith
angles to LST fields from Terra/Aqua MODIS (1 km, 4 overpasses per day) that are collocated in space
and time. The presented model has been trained on LSTs across large European cities with a population
exceeding 1 million inhabitants, and achieves an RMSE = 1.92 °C and near-zero bias MBE = 0.01 °C on the
hold-out test set. As a second step, we present an LST nowcasting model based on ConvLSTM architecture,
trained across downscaled LST fields with forecast lead times of 15 to 75 minutes. The nowcasting model
outperforms a persistence and a Climatological Rolling Median benchmarks, with RMSEs of 0.57 to 1.15 °C
for the considered lead times and biases ranging from —0.1 to 0.14 °C. An additional validation conducted
against independent MODIS overpasses confirms robust performance. Our LST forecast model at high
spatiotemporal resolution is directly applicable to operational satellite-based LST monitoring.

INDEX TERMS Deep learning, downscaling, Europe, forecasting, land surface temperature, meteosat,
MODIS, SEVIRI, urban environments.

I. INTRODUCTION

Land surface temperature (LST) is a critical parameter in
various fields. It plays an important role in the monitoring of
climate change, urban heat islands, droughts, and heatwaves,
being also relevant in such fields as agriculture, hydrology,
weather forecasting, ecosystem monitoring, and more gen-
erally in surface energy balance studies. As we are facing
unprecedented challenges related to global warming, one of
the most relevant applications of satellite-derived LSTs is the
detection and characterization of surface urban heat islands.

The associate editor coordinating the review of this manuscript and

approving it for publication was Stefania Bonafoni

The impact of urban heat islands is particularly critical in
rapidly growing cities worldwide, where urbanization, land
use changes, and population density amplify thermal stress
and energy demand [1]. Since LST can vary substantially
over short time and small spatial scales, an accurate
short-term forecasting of high-resolution LSTs becomes
crucially important for understanding and management of
urban heat islands [2], as well as a wide range of other
applications such as ecosystem monitoring [3] and energy
demand forecasting [4].

Despite their high potential, several challenges must be
addressed to enable the effective use of satellite-derived LSTs
in urban applications. A major limiting factor is the trade-off

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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between spatial and temporal resolution of the available
satellite-derived LST field estimates. Geostationary sensors
such as Meteosat Spinning Enhanced Visible and Infrared
Imager (SEVIRI) usually provide observations with high
temporal resolution of several observations per hour, while
having lower spatial resolution of around 3 km at nadir
in mid latitudes. Sensors in low Earth orbit offer a higher
spatial resolution of 1 km or less, but typically at most two
observations per day [5], which is insufficient for studying
sub-diurnal LST processes [5], [6], [7].

Several studies have investigated the problem of down-
scaling LST from geostationary satellites across urban areas
(e.g. [8], [9], [10]) using various statistical methods. For
example, in [11] the authors used several support vector
machine (SVM) models to downscale geostationary LST to
a 1 km resolution for Athens. In [12], a least square support
vector machine was used to downscale geostationary LST to
1 km resolution, for one day per season during 2012. In [13],
the authors used a multi-layer perceptron model to downscale
LST from approximately 4.5 km to 750 m for the city
of Madrid. However, all the above-mentioned studies used
classical machine learning models that use human-defined
features and require spatial integration of the data, which
usually results in the loss of information and sub-optimal
model performance. In [14], the authors used a convolutional
neural network (CNN) to downscale LST fields from 2 km to
70 meters for the city of Los Angeles. The study uses LST
from the GOES-R geostationary sensor as input, and LST
from ECOSTRESS as a target variable. However, an average
revisiting time of an ECOSTRESS satellite is 3-4 days, which
makes it difficult to collect enough data for the training of
a deep learning model for multiple urban areas, especially
when considering urban areas with a limited number of days
suitable for satellite observations. Such a limitation makes the
proposed approach difficult to scale.

Research on forecasting of LST fields at intraday
timescales remains limited, particularly for products derived
from Meteosat satellites or across European cities. In [15],
several machine learning models were proposed for one-step-
ahead forecasting of MODIS LST. While maintaining the
spatial resolution of 1 km, such a model operates at the native
time resolution of MODIS, and therefore cannot provide
intraday forecasts. In [16], the authors introduced a deep
learning architecture for nowcasting very high resolution
(30 m) LST. This approach relies on Landsat-8 measurements
to achieve the fine spatial detail, but as a result, the forecasts
are tied to a single typical overpass time (approximately
10:30 am local time). Moreover, the 16-day revisit cycle of
the satellite limits the method’s ability to support intraday or
even medium-range LST forecasting.

Our study introduces the first intraday satellite-based
deep learning forecast model of high-resolution LST fields.
We also demonstrate the first deep learning LST downscaling
model that enables 1 km resolution LSTs updated every
15 minutes across Europe. We propose a combined LST
downscaling and nowcasting approach. First, we develop
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a pan-European LST downscaling model trained using
SEVIRI-derived LST fields as input and co-located MODIS-
derived LST fields as high-resolution targets. This model is
designed to generalize across major European urban areas
(population > 1 million), enabling the generation of high-
resolution (1 km), high-frequency (15-minute) LST fields
across the continent.

Building on this generalized capability, we then focus
on a city-scale application to demonstrate the practical
utility of the downscaled data for short-term forecast-
ing. We present an LST nowcast model that forecasts
LST fields across European cities for up to 75 minutes
ahead. We demonstrate our approach for three represen-
tative European cities: Bucharest, Antwerp, and Berlin.
This two-step approach allows us to first establish a
robust, transferable spatial downscaling framework and
subsequently assess its value in a localized, operational
nowcasting setting. Finally, we evaluate our proposed LST
downscaling and nowcasting approach against actual MODIS
observations.

The main contributions of this study are as follows:

o We present the first deep learning LST downscaling

model that enables 1 km resolution LSTs updated every
15 minutes across Europe. Our model maps 15-min
3-km SEVIRI LST to 1-km MODIS LST with 2-4
overpasses per day.

o Our downscaling model is designed to generalize across
many urban areas, not just one, including all major
European cities (population>1 million) at a low error
and a near-zero bias.

o We introduce the first intraday satellite-based deep
learning nowcasting model for high-resolution LST
fields and demonstrate its application at the city
scale using Bucharest, Antwerp, and Berlin as rep-
resentative case studies. Building on the downscaled
1 km, 15-minute LST fields generated by our pan-
European model, this nowcasting framework enables
short-term urban LST forecasting with lead times
ranging from 15 to 75 minutes. This two-step
design highlights the practical value of the down-
scaling approach by bridging continental-scale data
generation with localized forecasting applications.
Our proposed nowcasting model significantly out-
performs the two data-driven benchmark models
and shows strong agreement with MODIS LST
observations.

This paper is organized as follows. In Section II,
we describe the data used in this study, as well as the prepro-
cessing workflow used to construct training and test datasets
for the LST downscaling and nowcasting approaches.
Section III presents the methodological framework, including
the U-Net downscaling model, the ConvLSTM nowcasting
method, and the benchmark predictors. In Section IV,
we report the results of the performed experiments for LST
downscaling and nowcasting, followed by a further vali-
dation against MODIS observations. Finally, in Section V,
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we discuss the main findings, limitations, and directions for
future work.

Il. DATA AND PREPROCESSING

A. DATA SOURCES

In this study, we integrate several satellite and auxiliary
datasets to construct a multi-sensor machine learning dataset
for the downscaling and nowcasting of LST fields.

1) SEVIRI/MSG LST

We use the clear-sky Land Surface Temperature (MLST)
product [17] provided by the Satellite Applications Facility
on Land Surface Analysis (LSA SAF) of the European
Organization for the Exploitation of Meteorological Satel-
lites (EUMETSAT). The LSTs were derived from spectral
radiance measurements of the Spinning Enhanced Visible
and Infrared Imager (SEVIRI) onboard the Meteosat Second
Generation (MSG) [18] geostationary Earth monitoring
satellite series. SEVIRI provides full-disk observations with a
viewing zenith angle between 0° and 80°. It offers a temporal
resolution of 15 minutes and a spatial resolution at nadir of
approximately 3 km (0.05°).

2) MODIS LST

As a high-resolution LST target variable, we use daily
Level-2 LST products [19] MOD21 (Terra) and MYD21
(Aqua), product version: 0.61. These products provide global
coverage at 1 km spatial resolution at nadir. Equatorial
overpass times are approximately 10:30 a.m./p.m. local solar
time for Terra and 1:30 a.m./p.m. for Aqua.

3) AUXILIARY DATA

We include the Solar Zenith Angle (SZA), computed for
each pixel at the satellite overpass time using the pvlib
Python package (v0.13.0), as an auxiliary predictor. SZA
directly controls the amount of incoming shortwave radiation
reaching the surface and is therefore a primary driver
of the diurnal and spatial variability of LST. Including
SZA introduces physically meaningful information on solar
illumination geometry, helping the model account for
insolation-driven temperature variations and improving the
physical consistency of the predicted LST fields.

We note, however, that SZA represents only a first-order
control on radiative forcing. Other factors such as land
cover, vegetation state (e.g., NDVI), urban morphology (e.g.,
sky view factor or building volume), and anthropogenic
influences (e.g., population density or pollution) also affect
the surface energy balance through mechanisms such as heat
storage, radiative trapping, and anthropogenic heat release.
These variables are not explicitly included in the current
framework. Instead, we assume that part of their aggregated
effect is implicitly encoded in the coarse-resolution LST
signal used as input. This design choice allows us to develop
a sensor-driven and spatially transferable approach that does
not rely on auxiliary datasets, which are often heterogeneous,
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static, or unavailable at appropriate spatial and temporal
resolutions.

B. DATA PREPROCESSING

We make use of 21 years of satellite observations (2004—
2025). Because our primary application is the characteriza-
tion of urban heat islands [20], we restrict the dataset to
the climatologically warmest months of the year: 15 May—
15 September. Training data are collected for European
cities with populations exceeding one million inhabitants,
ensuring diversity in climatic, morphological, and land-cover
characteristics. As a hold-out test set for both downscaling
and nowcasting models, we use the satellite measurements
from the years 2007, 2013, 2019, and 2025. The rest of the
years from the studied period are used for the training and
validation of the models.

1) DOWNSCALING

To prepare the data for the training of the LST downscaling
model, we perform the following data preprocessing steps.
First, we acquire MODIS LST Level-2 granules and perform
quality filtering based on quality flag values (only pixels with
good or nominal quality are kept), LST accuracy (only pixels
with good or excellent LST retrieval performance are kept),
viewing angles (< 50°), and cloud flag (cloud, cloud shadow,
or cirrus pixels are removed). In addition, we perform the
removal of outliers: LST pixels with values below 0 °C and
above 65 °C are removed.

Next, we spatially subset the data to patches covering
each target city and regrid these patches onto a common,
uniform grid of a resolution 0.01°. The regridding step is
necessary because the original MODIS data are provided on
a swath-based grid, where pixel locations and spacing vary
with satellite viewing geometry. By “uniform grid,” we refer
to a regular, fixed-resolution grid with consistent spacing
in latitude and longitude, which ensures spatial alignment
across samples. Only images with less than 50% missing or
poor-quality pixels (i.e., pixels removed during filtering) are
retained. These images serve as the ground-truth targets for
training the LST downscaling model.

For each MODIS overpass included in the training set,
we identify the temporally closest SEVIRI acquisition. Since
SEVIRI observations are available every 15 minutes, the
time difference between the paired MODIS and SEVIRI
acquisitions is always less than 15 minutes. SEVIRI scenes
undergo the same spatial subsetting and are additionally
filtered to remove cloud- or water-contaminated pixels before
being regridded to the same uniform grid. Due to the coarser
spatial resolution of SEVIRI, each pixel represents a larger
area and thus has a higher likelihood of being affected by
clouds or other invalid conditions. To ensure sufficient data
quality, we therefore impose a stricter requirement on data
coverage compared to MODIS: only scenes with more than
80% valid pixels (i.e., pixels remaining after filtering) are
retained.
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FIGURE 1. Distribution of image patches per city in the dataset before training-test split and dataset balancing. For model training, a maximum
of 1500 samples per city is used to ensure a more uniform representation across regions.

We only retain MODIS—SEVIRI pairs when at least 75% of
their valid-pixel areas spatially overlap. All thresholds were
derived from an empirical examination of MODIS-SEVIRI
pairs to balance the size of the resulting dataset and the
image quality. The distribution of image patches per city
is shown in Fig. 1. To ensure a balanced representation
across cities and to prevent over-representation of specific
climatic regions, we limit the number of training samples
to a maximum of 1500 images per city. This downsampling
strategy mitigates biases toward cities with higher data
availability and promotes more uniform learning across
different geographic and climatic conditions. Ultimately, our
dataset contains 52938 datapoints.

2) NOWCASTING

We include all available SEVIRI acquisitions for the studied
period of 2004-2025 in the training of the LST nowcasting
model. We spatially subset the data around cities of interest,
and regrid the resulting image patches to the grid used
for the LST downscaling model. We apply the pre-saved
downscaling model to estimate the prepared SEVIRI image
patches at higher spatial resolution. The resulting patches
are then arranged into time-series sequences to be used as
an input to the nowcasting model. Ultimately, for Bucharest,
Antwerp, and Berlin, the training set is composed of
respectively 98330, 54031, and 51237 datapoints. The test set
contains 24152, 12042, and 11834 datapoints respectively.

ill. METHOD

This Section presents the methodological framework of
the proposed downscaling—nowcasting pipeline. We first
describe the formulation of the LST downscaling task and
the U-Net architecture used to reconstruct high-resolution
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MODIS-like LST fields from lower-resolution SEVIRI
inputs. We then introduce the nowcasting setup, including
the temporal prediction problem, the construction of training
samples, and the ConvLSTM-based model used to forecast
future high-resolution LST fields. Finally, we define the
benchmark predictors used for evaluation.

The proposed framework follows a two-stage design,
where spatial downscaling and temporal prediction are
learned separately. This choice is motivated by both method-
ological and practical considerations. First, the spatial and
temporal components address distinct learning problems: the
U-Net focuses on reconstructing spatial detail from coarse-
resolution observations, while the ConvLSTM captures
temporal dynamics of already downscaled fields. Decoupling
these tasks simplifies training and allows each model to
specialize in a well-defined objective. Moreover, the avail-
ability of supervision differs between tasks. High-resolution
MODIS LST provides a direct target for training the
spatial downscaling model, whereas temporally consistent
high-resolution sequences are not available without applying
a downscaling model. The sequential design enables the use
of all available high-resolution snapshots for spatial learning,
while leveraging temporally dense SEVIRI observations for
forecasting.

A. DOWNSCALING
Formally, the LST downscaling task is defined as a map

Y =f(X) ()

where X is the low-resolution SEVIRI LST field (augmented
as in our case by SZA or potentially other auxiliary
predictors), Y is the corresponding high-resolution MODIS
LST field, and f is a regression function approximated via a
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machine learning model. In this work, we deliberately restrict
the predictor space to LST fields and solar illumination
geometry (SZA), in order to investigate how much of the
kilometer-scale spatial variability can be recovered from
satellite-derived thermal signals alone. Thus, the proposed
framework should be interpreted as a data-minimal and
sensor-driven approach, rather than a fully physically explicit
urban climate model.

We implement a convolutional encoder—decoder U-Net
architecture [21] (architecture details can be found in
Appendix A). A U-Net consists of a contracting path
that captures contextual information through successive
convolution and pooling operations, and an expansive
path that progressively reconstructs high-resolution pre-
dictions. Skip connections between encoder and decoder
layers help preserve fine-scale spatial patterns, making
the U-Net particularly effective for tasks requiring both
global context and local detail. In remote sensing, U-
Net architectures have been successfully applied to cloud
segmentation [22], land-cover and land-use classifica-
tion [23], and image super-resolution [24], demonstrating
robustness under varying spatial resolutions and sensor
characteristics.

Because the cities in our dataset vary in spatial extent,
input images are padded to a standardized dimension of
128x 128 pixels, which is computationally efficient and
compatible with the downsampling scheme of the U-Net.
To fill missing values in the input, we use k-nearest neighbors
(KNN) imputation with k = 5, following common practice.
We note that, in urban environments, LST fields can exhibit
strong spatial heterogeneity with sharp thermal gradients
(e.g., between built-up areas, vegetation, and water bodies),
which may not be fully captured by the local smoothness
assumption underlying KNN. As a result, this approach
can introduce localized smoothing or interpolation artifacts,
particularly when the fraction of missing pixels is high.
However, in our dataset, missing values typically affect a
limited portion of each image, and KNN imputation provided
a practical trade-off between simplicity and performance.
We did not perform explicit hyperparameter optimization for
k, as the focus of this study is on the downscaling model rather
than the imputation method. In addition, such experiments
would significantly increase computational costs. During pre-
liminary experiments, this method yielded better downstream
performance than image-wise mean and median imputation,
as reflected by lower RMSE (and consistent trends in
other regression metrics) on a validation set. Moreover, any
potential smoothing effects introduced during imputation are
partially mitigated by the learning-based downscaling model,
which is trained to recover high-resolution spatial variability
from the input data.

B. NOWCASTING

We refer to intraday forecasts with lead times up to 75 minutes
as nowcasting and use these terms interchangeably here.
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TABLE 1. Performance of the LST downscaling model on the hold-out test
set.

R? RMSE [°C] MAE[°C] MBE [°C]
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FIGURE 2. Predictions versus target values of the LST downscaling model.
The dashed red line corresponds to 45-degree line. p corresponds to the
Pearson correlation coefficient.

We define a nowcasting task as follows:
)A(t+At = g (Xt —28t, X;—s¢, Xi) 2

where X; denotes the downscaled SEVIRI LST field at
time t, 6t = 15 min is the native SEVIRI sampling
interval, At € 15,30,45,60,75 min is the prediction
lead time, and g is a non-linear mapping learned by the
model. We use the three most recent time steps as input
to capture short-term temporal dynamics while keeping the
input dimensionality manageable. We did not perform an
explicit hyperparameter search over the number of input
frames, as preliminary experiments indicated that three time
steps provide a reasonable trade-off between performance
and computational cost.

To construct the training samples, we use trailing temporal
windows of three consecutive downscaled SEVIRI-derived
LST fields as predictors, while the target is the future
downscaled LST field at lead time At at MODIS resolution.
A separate model is trained for each lead time using a
corresponding dataset.

For the task of nowcasting, we use a Convolutional LSTM
Network, which combines recurrent temporal memory with
convolutional operators [25], [26], [27]. For architecture
specification, see Appendix B. Such a model processes
spatiotemporal data by stacking ConvLSTM layers to capture
spatial features and temporal dependencies simultaneously.
We use an encoder-decoder structure as it is shown to
be effective for time-dependent images or video predic-
tions [26], [27]. This architecture is suitable for LST nowcast-
ing because it preserves spatial coherence (e.g., intra-urban
thermal gradients) while learning temporal dependencies in
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FIGURE 3. Visual examples of the performance of the downscaling model on the example city of Bucharest. All times are in local summer time of
Bucharest (UTC+3). Background maps of Bucharest are generated using python package contextily v.1.6.2 with OpenStreetMap Humanitarian map

provider.

image sequences, required for sub-hourly urban temperature
nowcasting.

1) BENCHMARKS

To evaluate the ConvLSTM-based LST forecast model,
we compare it against two complementary data-driven base-
line predictors: the Persistence and Climatological Rolling
Median benchmarks.

The Persistence benchmark assumes the LST field does
not change as time progresses, so the Persistence benchmark
propagates the latest available field to all forecast lead times.
Formally, for each At € {15, 30, 45, 60, 75} min,

)A(persistence

rrar o =X 3

Persistence is a reasonable baseline in high-frequency geo-
physical nowcasting because LST fields are usually strongly
autocorrelated in time at intraday forecast horizons.

The Climatological Rolling Median benchmark accounts
for the typical diurnal behavior at each time slot while
remaining insensitive to short-term fluctuations. For a given
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timestamp ¢ and lead time A¢, the prediction is defined pixel-
wise as

}A(climatology

: 5
A = median {X;y Ar—k-24n}3—1 5 4)

that is, the median over the previous five days at the same
local time of day and location.

These two benchmarks are relevant and complementary
for LST nowcasting: Persistence tests whether the model
improves over a strong short-memory predictor, while
Climatological Rolling Median tests whether the model
captures event-specific departures from the expected diurnal
cycle. Demonstrating gains over both baselines indicates that
the model learns both immediate temporal evolution and non-
stationary dynamics.

IV. RESULTS

In this Section, we present the results of our experiments.
We start with the evaluation of the LST downscaling
model, which will then be used for improving the spatial
resolution of the inputs of the LST nowcasting model.
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FIGURE 4. Downscaling performance per city. Top panel: Root Mean Square Error (RMSE) per studied city. Bottom panel: Mean Bias Error (MBE) per
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TABLE 2. Performance of the LST nowcasting models on the hold-out test set for different lead times.

City Lead time [min] R? RMSE [°C] MAE [°'C] MBE [°C]

Bucharest 15 0.99 0.59 0.42 0.04
30 0.99 0.76 0.55 -0.09

45 0.99 0.87 0.62 -0.10

60 0.99 0.99 0.70 -0.04

75 0.98 1.15 0.82 -0.02

Antwerp 15 0.99 0.57 0.40 0.06
30 0.99 0.67 0.47 -0.08

45 0.99 0.77 0.55 0.01

60 0.99 0.85 0.60 0.10

75 0.98 0.97 0.68 0.04

Berlin 15 0.99 0.58 0.41 0.13
30 0.99 0.67 0.48 0.13

45 0.99 0.75 0.54 0.08

60 0.99 0.86 0.62 -0.01

75 0.99 0.97 0.70 0.04

Next, we present an evaluation of the performance of the
nowcasting model. Finally, we present an evaluation of the
whole downscaling-nowcasting pipeline against the actual
high-resolution MODIS-derived LST fields at the available
timestamps.

A. LST DOWNSCALING MODEL

In this Subsection, we present the results of the LST down-
scaling model. The model is trained to map low-resolution
SEVIRI LST fields to high-resolution MODIS (Terra/Aqua)
LST fields using the U-Net encoder—decoder architecture
described in Section III. Evaluation on the hold-out test set
shows a strong agreement between predictions and targets
(Fig. 2) with an overall R? of 0.97, Root Mean Square Error
(RMSE) of 1.92 °C, Mean Absolute Error (MAE) of 1.44 °C,
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and negligible Mean Bias Error (MBE) of 0.01 °C (see
Table 1). The near-zero bias indicates that the model does not
systematically over- or underestimate LST across the test set.
In Fig. 3, we provide visual examples of the performance of
the downscaling model on the example city of Bucharest over
different observation times.

As a next step, we evaluate the robustness of the model
across different geographic and temporal conditions by
assessing its error metrics by city, month, and hour of day.
Fig. 4 summarizes the RMSE and MBE per city included
in this study. The spread in RMSE shows that performance
is not uniform across all urban areas, reflecting differences
in local climate and land-cover heterogeneity. The city-wise
MBE remains close to zero for most cities, suggesting that
the model does not introduce strong location-specific biases.
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Seasonal variations are shown in Fig. 5. Errors change
across the warm-season months only slightly. The observed
changes may reflect changing surface conditions (e.g.,
vegetation state and soil moisture) and the varying availability
of clear-sky observations used to form the training data pairs.

Finally, Fig. 6 shows the LST downscaling model
performance as a function of local hour. Results cluster
around the nominal overpass times of the MODIS Terra
and MODIS Aqua instruments, with a spread driven by
longitudinal differences across cities, the use of civil time
(including daylight saving time) rather than local solar time,
and smaller timing offsets introduced by the wide MODIS
swath. The hourly patterns indicate that the RMSE of the
LST downscaling model depends on the diurnal cycle, just
like the LSTs themselves. We observe a noticeably better
performance of the model during the night when LSTs
are lower. We also notice a deterioration of the model
performance for hours that are further away from the typical
overpass time of the satellite - this is likely caused by lower
training and test data availability for those time stamps.
Despite this variability, the MBE remains small across hours,
confirming stable bias behavior throughout the day.

Overall, the results demonstrate that the proposed U-Net-
based model can reliably enhance the spatial resolution of
15-min LST fields derived from geostationary satellite while
maintaining low bias, which is a key prerequisite for the
subsequent nowcasting experiments based on the downscaled
LST field sequences.

B. LST NOWCASTING MODEL
In this Subsection, we present the results of the nowcast-
ing models. For the nowcasting part of the experiment,
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we demonstrate the LST nowcasting model for three
exemplary cities: Bucharest, Antwerp, and Berlin, selected
to represent different urban and climatic conditions across
Europe. Bucharest is characterized by a humid subtropical
climate (Cfa in the Koppen classification [28]), Antwerp by a
temperate oceanic climate (Cfb), and Berlin by a transitional
climate between oceanic and continental regimes (Cfb/Dfb).

For the nowcasting task, a separate ConvLSTM model was
trained for each city, for each lead time using downscaled
sequences of SEVIRI-derived LST fields. The performance
of the models is evaluated on a hold-out test set. The
aggregated metrics for all three cities are summarized in
Table 2. Across all cities, the nowcasting models demonstrate
consistently high predictive skill. The R?> values remain
very high (0.98-0.99) for all lead times, indicating that the
models effectively capture the short-term spatio-temporal
evolution of LST. A gradual degradation of performance with
increasing lead time is observed, as expected for forecasting
tasks. For instance, RMSE increases from approximately
0.57-0.59 °C at 15 minutes to 0.97-1.15 °C at 75 minutes,
while MAE increases from about 0.40-0.42 °C to 0.68—
0.82 °C. Biases remain small for all cities and lead times,
with MBE values close to zero (typically within £0.1 °C ).
No systematic over- or underestimation is observed across
the forecasting horizon. While small positive or negative
biases appear at specific lead times, their magnitude remains
negligible compared to the total prediction error. To provide
a visual context, Fig. 7 shows prediction-versus-target scatter
plots for Bucharest across different lead times, illustrating
a close alignment between predictions and observations.
Equivalent plots for Antwerp and Berlin are provided in
Appendix C.

Despite the common trend, some inter-city differences
emerge. From Table 2, we can see that Antwerp and
Berlin generally exhibit slightly lower errors than Bucharest,
particularly at longer lead times, whereas Bucharest exhibits
the strongest increase in error with lead time.

We now further break down the results for the city of
Bucharest. First, Fig. 8 and Fig. 9 show the distribution of
RMSE and MBE per month. Similarly to the downscaling
model, we do not see strong variations in the performances
of the models across the studied months. Importantly, the
relative ranking across lead times is preserved month by
month (Fig. 8): shorter lead times consistently produce
lower errors than longer lead times. From Fig. 9, we also
see that even though the MBE exhibits slight seasonal
dependency, it remains close to zero for all studied months.
We also observe similar patterns for Antwerp and Berlin.
Corresponding plots are provided in Appendix C.

Finally, with the diurnal analysis in Fig. 10 (respectively
Fig. 15, and Fig. 16 in Appendix C), we compare our Con-
vLSTM approach with two benchmark methods: Persistence
and Climatological Rolling Median. Our ConvLSTM-based
LST nowcasting models achieve lower RMSEs across most
hours of the day and for all lead times, indicating that
our LST nowcasting models learn meaningful temporal
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FIGURE 7. Predictions versus target values of the LST nowcasting model for different lead times for the city of Bucharest. The red line corresponds to

45-degree line. p corresponds to the Pearson correlation coefficient.

dynamics beyond simple extrapolation. At the same time,
the curves reveal two time windows in which outperforming
Persistence becomes more challenging, specifically near the
transition points of the diurnal cycle where the temperature
tendency changes sign. This is visible around approximately
14:00 local time, which is typically the time when LST
reaches its daytime maximum and starts to decrease, and
between approximately 03:00 and 05:00, when LSTs stabilize
following nighttime cooling before increasing again after
sunrise. Around these points, Persistence can be more
difficult to surpass because the recent trajectory is less
predictive of the immediate future than during monotonic
warming or cooling periods. Taken together, these results
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show that our proposed LST nowcasting framework provides
accurate and stable sub-hourly LST forecasts at 1 km
resolution, making it suitable for urban heat monitoring
applications.

C. VALIDATION AGAINST MODIS-DERIVED LST

To provide further validation, in this Subsection, we compare
the LST forecasts of our model against spatiotemporally
collocated MODIS-derived LSTs. In contrast to the previous
Subsection, which evaluates the model against downscaled
SEVIRI-derived LST fields, here we provide a direct
comparison with independent MODIS-derived observations
taken from the hold-out test set used for the evaluation
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TABLE 3. Forecast LSTs compared to MODIS-derived LSTs, by lead time. We report results for daytime/nighttime overpasses of Terra and Aqua.

City Lead time [min] R? RMSE [°C] MAE[°C] MBE [°C]

Bucharest 15 0.78/0.92 2.47/1.10 1.91/0.86 0.66/0.27

30 0.79/0.91 2.46/1.12 1.89/0.88 0.57/0.00

45 0.81/0.88 2.32/1.19 1.75/0.93 0.55/0.04

60 0.80/0.86 2.36/1.28 1.81/0.99 0.65/0.17

75 0.78/0.82 2.45/1.44 1.89/1.05 0.44/-0.15

Antwerp 15 0.62/0.97 2.32/1.09 1.75/0.84 -0.19/-0.09

30 0.61/0.97 2.33/1.09 1.77/0.86 -0.66/-0.07

45 0.61/0.97 2.37/1.01 1.82/0.81 -0.40/-0.15

60 0.58/0.97 2.45/1.00 1.90/0.79 -0.50/0.09

75 0.44/0.96 2.70/1.22 2.10/0.99 -0.76/0.08

Berlin 15 0.89/0.97 1.96/0.98 1.54/0.74 -0.20/0.01

30 0.89/0.97 1.97/0.93 1.55/0.71 -0.23/0.09

45 0.88/0.96 2.11/0.89 1.68/0.69 -0.54/0.06

60 0.87/0.96 2.15/0.88 1.67/0.68 -0.31/0.06

75 0.86/0.96 2.25/0.93 1.73/0.72 -0.07/-0.09
We split all available MODIS observations into those
S 12- corresponding to the daytime and nighttime overpasses
< _ . of Terra (equatorial overpass times are approximately
E 1.0 1 Lead time (min) 10:30 a.m./p.m.) and Aqua (equatorial overpass times are
‘_-'; —15 approximately 11:30 a.m./p.m.). The results are presented
g 081 30 in Table 3. The results show a consistent contrast between

g . 45 o . . C
& 0.6 4 . nighttime and daytime observations. Nighttime performance
5 - s remains high, with R? values typically ranging from 0.82 to
§ 0.4 - 0.97 and RMSE between about 0.88 and 1.44 °C across lead
S times. In contrast, daytime performance is systematically
~ 024 lower, with R” values ranging more broadly (0.44-0.89)
00 and RMSE values around 1.96-2.7 °C. This day-night
' N . o 5 s contrast is coherent with earlier results from the downscaling
< N < v@@? Q&" subsection, where lower errors were also found at night, likely
N . . . . .

K due to the higher amplitudes of LST variability during the
Month daytime. Similar conclusions can be drawn from Fig. 11 (also

FIGURE 8. Nowcasting performance per studied month for the city of
Bucharest: RMSE per month per lead time.
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FIGURE 9. Nowcasting performance per studied month for the city of
Bucharest: MBE distribution over lead times per month.

of the downscaling model. As in the previous subsection,
we consider three cities for the analysis: Bucharest, Antwerp,
and Berlin.
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Fig. 17 and Fig. 18 in Appendix C).

Some inter-city differences can also be identified. Berlin
shows the most consistent performance across both day-
time and nighttime conditions, maintaining relatively high
R? values and comparatively low errors. Antwerp exhibits
very strong nighttime agreement (RMSE below 1.22 °C ) but
lower daytime performance, particularly at longer lead times,
where R? decreases more substantially. Bucharest shows
intermediate behavior, with stable nighttime performance but
slightly higher daytime errors compared to Berlin.

Biases remain relatively small overall but also exhibit a
certain structure. Nighttime MBE values are generally close
to zero for all cities, indicating the absence of systematic
offsets. During the daytime, however, city-dependent biases
emerge. Bucharest tends to show a positive bias (slight
overestimation of MODIS LST), while Antwerp and Berlin
exhibit negative biases. Moreover, the MBE of Berlin tends to
be closer to 0 than the MBE of Antwerp and Bucharest. Those
trends show similar patterns to what we observe in Figure 4
for the downscaling model. Nevertheless, all biases typically
remain below 1 °C in magnitude and are small relative to
the overall prediction error. Summing up, despite the slight
daytime offset, this MODIS-based validation confirms that
the proposed pipeline enables strong predictive skill and
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Median benchmark. All times are in local summer time of Bucharest (UTC+3).

remains robust for all studied lead times for high-resolution
urban LST nowcasting.

V. DISCUSSION
In this study, we developed a comprehensive pipeline that

combines downscaling and short-term nowcasting of land
surface temperatures in urban areas. First, we presented a
downscaling model trained to increase the spatial resolution
of SEVIRI-derived LST fields using MODIS-derived LST
as a target. The downscaling model was developed for
large European cities and achieved an overall RMSE of
1.96 °C. A closer analysis of the error distribution revealed
differences in downscaling quality across cities and months.
We also observed that downscaling is generally more
challenging for daytime observations than for nighttime
observations. Nevertheless, MBE remained close to zero in
most cases, suggesting that the model generalizes without
introducing strong structural biases. Generalization across
different climatic regimes is often a concern in data-driven
LST modeling. However, based on the per-city evaluation,
we do not observe a systematic dependency of model
performance on geographic or climatic conditions within
the studied domain. In particular, several northern cities
exhibit among the lowest downscaling errors, while higher
errors are observed in some warmer regions, suggesting that
performance is not trivially linked to climate regime. This
indicates that the proposed model is capable of capturing
spatial variability across a range of environmental conditions
during the warm season. Overall, these experiments indicated
that the developed LST downscaling model is well-suited
for preparing inputs for the follow-up LST nowcasting
application.
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As a second step, we developed LST nowcasting models
trained on SEVIRI LST fields that were first downscaled by
the downscaling model. For nowcasting, we focused on three
cities of interest, Bucharest, Antwerp, and Berlin. We trained
five separate LST nowcasting models per city for lead times
ranging from 15 to 75 minutes. The general RMSE ranged
from 0.57-0.59 to 0.97-1.15 °C, gradually increasing with the
lead time. For all studied cities, the developed nowcasting
models outperformed the two baselines, Persistence and
Climatological Rolling Median, indicating that the proposed
LST nowcasting models capture both immediate temporal
evolution and non-stationary LST dynamics.

Finally, we compared the obtained nowcasting results with
actual MODIS-derived LSTs from daytime and nighttime
overpasses of MODIS Terra/Aqua. The obtained overall
RMSE ranged between 1.96-2.7 °C for daytime predictions
and between 0.88—1.44 °C for nighttime predictions. We also
observed that nighttime predictions exhibited negligible
bias centered around zero, while for daytime predictions,
some low city-dependent biases emerged. The observed bias
can be partially correlated with the city-specific bias of
the downscaling model. The observed differences between
daytime and nighttime performance can be interpreted in the
context of urban surface energy balance processes. During
daytime, LST variability is strongly driven by solar radiation,
shadowing effects, and heterogeneous surface properties
(e.g., vegetation, building materials), resulting in sharper spa-
tial gradients that are more difficult to reconstruct and predict.
In contrast, nighttime LST fields are governed by heat release
from urban materials and reduced radiative forcing, leading
to smoother spatial patterns and improved predictability. This
behavior is consistent with the characteristic dynamics of the
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FIGURE 11. Nowcasting results vs MODIS measurement per lead time for the city of Bucharest. Top panel: LST estimates vs corresponding
MODIS-derived LSTs from daytime overpasses of Terra and Aqua. Bottom panel: LST estimates vs corresponding MODIS-derived LSTs from nighttime
overpasses of Terra and Aqua. p corresponds to the Pearson correlation coefficient.

surface urban heat island, which is typically more spatially
coherent at night.

It is important to note, however, that the observed error
values reflect the combined effect of both the LST downscal-
ing and nowcasting models. Due to the sequential design of
the framework, any spatial inaccuracies or biases introduced
by the downscaling model are propagated into the temporal
prediction stage. As a result, the reported performance does
not exclusively quantify the predictive skill of the nowcasting
model, but rather the joint behavior of the coupled spatio-
temporal pipeline. Moreover, the evaluation is limited by
the temporal sampling of MODIS observations, which are
concentrated around the overpass times of Terra and Aqua.
Consequently, the assessment does not fully capture model
performance throughout the diurnal cycle, particularly during
periods without high-resolution reference data.

The training and evaluation of the proposed framework
are restricted to the period from mid-May to mid-September,
corresponding to the climatologically warmest months of the
year. This choice is motivated by our primary application,
namely the characterization of surface urban heat islands,
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which are most pronounced during this period. Nevertheless,
this temporal restriction limits the applicability of the model
for year-round LST monitoring. In particular, the physical
drivers of LST variability during colder seasons differ
substantially from those in summer, with increased influence
of factors such as reduced solar forcing, altered surface
energy balance, and season-dependent land—atmosphere
interactions. As a result, the relationships learned by the
model during warm months may not generalize to winter
conditions [29]. Extending the framework to a full annual
cycle would likely require either season-specific models or
the inclusion of additional predictors capturing landscape and
environmental controls that become more dominant outside
the summer period.

To further improve the presented approach, we propose
to investigate the influence of the auxiliary data on the
obtained results. Urban LST is known to be influenced
by such factors as land cover composition, vegetation
activity (e.g., NDVI), urban geometry (e.g., sky view factor),
and anthropogenic factors (e.g. building density, population
activity, and pollution levels). These variables affect surface
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TABLE 4. The downscaling model U-Net architecture used. Convolutional layers are defined by kernel size, stride (s), and padding (p).

Stage Operation Channels Spatial Role
Encoder
1 Conv Block 3—64 128x128 Feature extraction
MaxPool (2x2) 64 — 64 128—64 Downsampling
2 Conv Block 64 — 128 64x64
MaxPool (2x2) 128 — 128 64—32 Downsampling
3 Conv Block 128 — 256 32x32
MaxPool (2x2) 256 — 256 32—16 Downsampling
4 Conv Block 256 — 512 16x16
MaxPool (2x2) 512 — 512 16—8 Downsampling
Bottleneck
5 Conv Block 512 — 1024 8x8 Deep representation
Decoder
6 Transposed Conv (2X2, s=2) 1024 — 512 8—16 Upsampling
Concatenate (skip) 512 +512 — 1024 16x16 Skip connection
Conv Block 1024 — 512 16x16 Feature fusion
7 Transposed Conv (22, s=2) 512 — 256 16—32 Upsampling
Concatenate (skip) 256 + 256 — 512 32x32 Skip connection
Conv Block 512 — 256 32x32 Feature fusion
8 Transposed Conv (2x2, s=2) 256 — 128 3264 Upsampling
Concatenate (skip) 128 + 128 — 256 64 x64 Skip connection
Conv Block 256 — 128 64 x64 Feature fusion
9 Transposed Conv (22, s=2) 128 — 64 64—128 Upsampling
Concatenate (skip) 64 + 64 — 128 128 x 128 Skip connection
Conv Block 128 — 64 128128 Feature fusion
10 Conv (1x1) 64 — 1 128x128 Output layer

TABLE 5. Architecture of the ConvLSTM-based nowcasting model. Convolutional layers are defined by kernel size, stride (s), and padding (p).

Stage Operation Channels Spatial Role
Encoder
Stage 1 Conv (3x3, s=1, p=1) + LeakyReLU 1—32 128128 Feature extraction
ConvLSTM (5 x5) 32 — 64 128x128  Temporal modeling
Stage 2 Conv (3%3, s=2, p=1) + LeakyReLU 64 — 64 128—64 Downsampling
ConvLSTM (5 x5) 64 — 96 64x64 Temporal modeling
Stage 3 Conv (3%3, s=2, p=1) + LeakyReLU 96 — 96 64—32 Downsampling
ConvLSTM (5x5) 96 — 128 32x32 Temporal modeling
Decoder
Stage 3 ConvLSTM (5x%5) 128 — 128 32x32 Temporal modeling
Transposed Conv (4 x4, s=2, p=1) + LeakyReLU 128 — 128 3264 Upsampling
Stage 2 ConvLSTM (5 x5) 128 — 96 64 %64 Temporal modeling
Transposed Conv (4 x4, s=2, p=1) + LeakyReLU 96 — 96 64—128 Upsampling
ConvLSTM (5 x5) 96 — 64 128x 128  Temporal modeling
Stage 1 Conv (3x3, s=1, p=1) + LeakyReLU 64 — 32 128%x128  Feature refinement
Conv (1x1, s=1, p=0) 321 128x128 Output layer

energy balance components, including heat storage, radiative
trapping, and anthropogenic heat release, and therefore
contribute to the spatial variability of LST. By not explicitly
incorporating these variables, we assume that their effects
are encoded in the coarse-resolution LST signal and can
be statistically inferred during downscaling. While this
assumption enables a simplified and broadly applicable
framework, it may limit the physical interpretability of the
model and its ability to generalize across heterogeneous
urban environments or extreme conditions. While potentially
improving spatial detail, such variables may also intro-
duce city-specific dependencies or diurnal biases (e.g., the
NDVI-LST relationship is typically stronger during daytime
than nighttime [30], [31]), which could reduce the robustness
and transferability of the model across regions and times.
For the downscaling model, the addition of the variables
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can be done as additional channels or in a multi-modal
fashion [32]. For the nowcasting model, additional features
will have to be split into stationary and dynamic, which,
given the used ConvLSTM architecture, could add additional
implementation complexity.

In conclusion, the proposed framework demonstrates that
combining deep-learning-based downscaling with short-term
nowcasting is a feasible and effective strategy for the
diurnal monitoring of urban LST. The results indicate
strong predictive performance, low systematic bias of the
proposed models, and clear added value over the benchmark
predictors. The proposed pipeline can support a broad range
of applications, such as near-real-time urban heat island
monitoring and forecasting, early warning for short-term
heat stress episodes, improved city-scale heat-risk mapping,
and targeted cooling interventions. It can also provide
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FIGURE 12. Nowcasting performance per studied month for Antwerp (left) and Berlin (right). Top row: RMSE per month per lead time. Bottom row: MBE

distribution over lead times.
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FIGURE 13. Predictions versus target values of the LST nowcasting model for different lead times for the city of Antwerp. The red line corresponds to

45-degree line. p corresponds to the Pearson correlation coefficient.

high-frequency thermal inputs for downstream models of

energy demand or public-health risk assessment.
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The source code for the experiments described in
this article can be found in the github repository:
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FIGURE 14. Predictions versus target values of the LST nowcasting model for different lead times for the city of Berlin. The red line corresponds to
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FIGURE 15. Diurnal evolution of the RMSE per lead time for the city of Antwerp: ConvLSTM-based LST nowcasting model, Persistence benchmark and
Climatological Rolling Median benchmark (computed over two consecutive days due to the low data coverage). All times are in local summer time of

Antwerp (UTC+2).

https://github.com/Energy Weather AI/LST_downscaling_
and_nowcasting. We share the preprocessed machine
learning-ready datasets used in this study via Zenodo
repository [33].

APPENDIX A

DOWNSCALING MODEL SPECIFICATIONS

For the downscaling, we use a typical U-Net [21], composed
of four downsampling (encoder) and upsampling (decoder)
stages and skip connections between them. The details of the
architecture used can be found in Table 4. For training, we use
the Adam optimizer with a maximum of 1000 epochs and
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early stopping set at 10 epochs for the validation RMSE. The
learning rate used is 2 x 1073, and the batch size is 32. The
reproducibility seed is set at 0. Training time for a model run
is approximately 3 hours on average using one NVIDIA A100
GPU node.

APPENDIX B

NOWCASTING MODEL SPECIFICATIONS

The nowcasting model architecture is a typical implementa-
tion of Convolutional LSTM Network, which is composed
of an encoder and a decoder part [25], [26], [27], since the
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FIGURE 17. Nowcasting results vs MODIS measurement per lead time for the city of Antwerp. Top panel: LST estimates vs
corresponding MODIS-derived LSTs from daytime overpasses of Terra and Aqua. Bottom panel: LST estimates vs
corresponding MODIS-derived LSTs from nighttime overpasses of Terra and Aqua. p corresponds to the Pearson correlation
coefficient.

desired output is an image. The encoder consists of three o A convolutional block (for feature extraction and
hierarchical stages, each combining: downsampling). The kernel size used is 3 x 3.
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coefficient.

o A ConvLSTM layer (temporal modeling). The kernel
size used is 5 x 5.

We use the LeakyReLU activation function with a slope set
at the value 0.2.
The decoder mirrors the encoder in reverse order,
combining:
o ConvLSTM layers (initialized with encoder outputs),
« Transposed convolutions for upsampling with a stride of
2, kernel size 4 x 4, and padding 1,
« Two final convolutional layers. The first convolutional
layer uses a 3x 3 kernel and the second a 1 x 1 to generate
the final 128 x 128 prediction.

We also use the LeakyReLU activation function with a slope
set at the value 0.2. The architecture is shown in Table 5.
For training, we use the Adam optimizer with a learning rate
of le — 4, a batch size of 128, a maximum of 1000 epochs,
and early stopping set at 10 epochs for the validation RMSE.
Training time for a model run is approximately 7 hours on
average for Bucharest using one NVIDIA A100 GPU node.
For Berlin and Antwerp, this is reduced to approximately
4 hours due to less data being available for those cities than
for Bucharest.

APPENDIX C

RESULTS FOR ANTWERP AND BERLIN

To avoid the excessive number of figures in the main
text, we present in this appendix the nowcasting results for
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Antwerp and Berlin. The conclusions drawn from the results

of

Bucharest presented in the main text also apply to the

figures presented in this section.
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