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ARTICLE INFO ABSTRACT

Edited by Marie Weiss Adaptation of urban areas to heat extremes requires adequate information on intra-urban variability patterns of
outdoor thermal comfort (OTC). Remotely sensed Land Surface Temperatures (LST) are often used to map heat
hotspots in urban areas. However, this approach has limitations as LST and OTC are influenced by different
physical processes. This study investigates the relationship between satellite-derived Landsat Level-2 LST data
and pedestrian-level Universal Thermal Climate Index (UTCI) predictions from a microscale thermal comfort
Urban climate model across Freiburg, Germany. A cluster analysis of the differences is performed, and multiple random forest
Urban heat models are trained using different combinations of LST, ERA5-Land reanalysis, and local-specific urban
UTCI morphology and land cover data as predictors.

While a linear relationship between LST and UTCI exists under non-heat stress conditions (UTCI <26 °C) and
in vegetated or open areas, this becomes non-linear and spatially inconsistent under heat stress, particularly in
compact urban environments. The growing divergence between LST and UTCI along an urbanization gradient
ranging from —1 K to 49 K highlights the significant impact of urban morphology on the LST-UTCI relationship,
leading to substantial intra-urban variability. This variability appears to persist even within similar urban ty-
pologies (e.g. LCZs/clusters), with only limited reduction in spatial variability. Random forest models confirm
these findings: those based solely on LST or global-scale predictors struggle to capture intra-urban UTC vari-
ability, while models incorporating local urban morphology and land cover data outperform them (even without
LST input). This suggests that the contribution of LST to neighborhood-scale UTC modeling is limited under
certain conditions and environments.
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areas and their rural surroundings, which are primarily caused by
changes in land-cover, urban form, urban materials and by anthropo-

1. Introduction

Urban areas are at the forefront of the challenges posed by climate
change (Dodman et al., 2022). Among the most pressing issues is the
growing frequency, intensity, and duration of extreme heat in many
cities, which affects human well-being, critical infrastructure, and the
built environment (Mora et al., 2017; Cissé et al., 2022). Addressing
these challenges is essential to ensure the safety, resilience, and well-
being of urban populations worldwide. However, assessing the impact
of extreme heat on human well-being is inherently complex due to the
multifaceted nature of urban environments (Krayenhoff et al., 2021).

One well-documented aspect of urban thermal environments is the
Urban Heat Island (UHI) effect (Oke, 1973). The UHI describes differ-
ences in air or surface temperature (T, Tsf., respectively) between urban

genic heat emissions (Oke, 1982). UHIs can be classified into four types:
subsurface, surface, canopy, and boundary layer UHIs (Oke et al., 2017).
Among these, the canopy layer UHI is the most relevant to human
thermal comfort as it directly represents the outdoor pedestrian-level
environment in which human activities take place (Oke et al., 2017).
This means that information on heat exposure within the canopy layer is
crucial for the adaptation and mitigation of urban areas to heat stress
(Stewart et al., 2021). Nevertheless, many studies focus on the surface
UHI to map urban heat patterns and potential hotspots (e.g. Zhou et al.,
2019) by using land surface temperature (LST).

LST is the critical variable for studying the surface UHI (Voogt and
Oke, 2003; Stewart et al., 2021). Derived from thermal infrared sensors
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on satellite platforms, such as Landsat (Earth Resources Observation and
Science (EROS) Center, 2020) and MODIS (Wan et al., 2021), or air-
crafts, LST provides spatially extensive measures of surface thermal
conditions. This fact and the global availability of satellite-based LST
have made Landsat and MODIS LST products a popular tool for identi-
fying urban thermal patterns and assessing urban heat risks at coarser
scales (Peng et al., 2012; Li et al., 2023b). MODIS LST data, acquired
from sensors with a wide off-nadir viewing capability, has a relatively
coarse spatial resolution of around 1 km. This limits its effectiveness in
capturing intra-urban variability in LST and OTC. In contrast, Landsat
offers higher-resolution thermal data (100 m), making it more suitable
for urban-scale analysis. However, due to its nadir-viewing geometry,
Landsat is less capable of capturing off-nadir surface information.
Nevertheless, Landsat LST data’s higher resolution offers greater po-
tential to assess intra-urban variability of street-level outdoor human
thermal comfort (OTC). OTC, on the other hand, is influenced by a
combination of T,, humidity, wind, and the three-dimensional radiative
environment expressed in mean radiant temperature (Tp -Epstein and
Moran, 2006; Potchter et al., 2018). It is typically assessed using thermal
indices (de Freitas and Grigorieva, 2017) such as the Universal Thermal
Climate Index (UTCI - Biazejczyk et al., 2013) or Physiological Equiva-
lent Temperature (PET - Hoppe, 1999), which integrate environmental
and physiological factors into an equivalent temperature which can be
classified in different stress categories. Unlike LST, which captures
surface conditions of roofs, tree canopies, and other (mainly) horizon-
tally surfaces, OTC metrics are measured/modelled at pedestrian level
(1.1 m a.g.1.) (Fig. 1), reflecting the actual three-dimensional conditions
experienced by pedestrians, such as below the tree canopy of within
narrow urban street canyons (Staiger et al., 2019). This means, that LST
has limitations when used to represent canopy UHI or OTC due to the
preferential nadir view of LST observation systems (Roth et al., 1989).
Nazarian et al. (2022) summarize the limitations of LST from satellites
for the estimation of OTC in three aspects: (i) LST only represents sur-
faces visible to the sensor, introducing the problem of anisotropy (Voogt
and Oke, 1998; Cao et al., 2019), (ii) LST mainly maps on horizontal
surfaces with high exposure to the sky (e.g. high sky view factor), and
(iii) the spatial resolution of LST is too coarse to resolve individual urban
structures such as buildings or trees. In addition, Ty of urban street
canyon facets is strongly influenced by their height-to-width ratio and
orientation, and differs significantly between rooftops and within the
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canyon (Adderley et al., 2015; Saher et al., 2021). As the proportion of
buildings increases, therefore, satellite-based LST data products are
increasingly dominated by higher Ty, on rooftops, and their coarse
resolution cannot account for differences within the urban canyon. In
summary, satellite-based LST provides an integrated temperature signal
across rooftops, streets, vegetation canopy, and other surfaces, while
missing most ‘vertical’ and below-canopy surfaces, and thus represents
an indirect and incomplete measure of human exposure to heat stress,
particularly in street canyons or under tree canopies where human ac-
tivity is concentrated (Christen et al., 2012; Adderley et al., 2015;
Krayenhoff et al., 2020; Cheung et al., 2021; Stewart et al., 2021;
Chakraborty et al., 2022; Li et al., 2023a).

Although LST is widely used to map thermal situation and potential
hot/cold spots within cities (Renard et al., 2019; Zhou et al., 2019;
Manoli et al., 2020; de Almeida et al., 2021), and the drawbacks of it are
known (Nazarian et al., 2022), few studies combined remote-sensed LST
with spatial fields of precise OTC data to investigate whether LST is a
valuable proxy for OTC and whether LST values can be “corrected” or
scaled to match OTC and its high intra-urban variability. The lack of
high-resolution OTC data over large domains, resolving buildings and
vegetation, complicates such assessments. A few studies tried to inves-
tigate OTC by temperature-humidity indices based on remote sensing
and station data (Feng et al., 2020, 2023; Mijani et al., 2020; Patle and
Ghuge, 2024; Fahy et al., 2025). Feng et al. (2020) proposed a modified
temperature-humidity index to estimate thermal comfort in Nanjing,
China, but without validation on in-situ measurements or urban climate
models. In a subsequent work, Feng et al. (2023) conducted a combined
analysis using the remotely sensed temperature-humidity index and
station data. They evaluated the remotely sensed temperature-humidity
index with the in-situ measured thermal comfort index PET and found a
R? of 0.83. Mijani et al. (2020) developed a model to estimate the
discomfort index (Thom, 1959) for Teheran, Iran, using LST and mea-
surements from meteorological stations. In addition, Feng et al. (2023)
validated the temperature-humidity index on OTC data but with a
limited number of meteorological stations. However, temperature-
humidity indices such as the discomfort index neglect effects of the
radiative environment and wind, which play a substantial role in OTC, e.
g. through ventilation, shading, or radiation trapping. Wang et al.
(2020) used LST data from MODIS and weather station data to calculate
UTCI, which they mapped for different cities at a resolution of 1 km. It

(b) Outdoor thermal comfort (OTC)
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Fig. 1. Schematic representation of the surfaces representing land surface temperature (LST) (a) and outdoor human thermal comfort (OTC) (b). In (a), the blue
colour represents the areas seen by a nadir-view remote sensor, such as Landsat, including all horizontal surfaces of urban areas (as well as tree canopies), as seen
from above. In (b), the actual OTC at street-level is shown, where rooftops are usually excluded. Figure based on Oke et al. (2017). (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the web version of this article.)
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should also be noted that using MODIS to calculate UTCI at a resolution
of 1 km cannot accurately represent street-level intra-urban variability
of OTC. A more sophisticated study by Li et al. (2023a, 2023b) compared
Landsat 8 LST data with high resolution Ty, data and concluded that the
relationship is particularly strong on roofs, but not on street-level. In a
recent study, Fahy et al. (2025) examined the relationship between
measured OTC data and LST, finding only a weak correlation between
the two in urbanized areas.

The discrepancy between LST and OTC raises questions about the
reliability of LST as a proxy for OTC (Voogt, 2008; Martilli et al., 2020;
Venter et al., 2021; Nazarian et al., 2022; Fahy et al., 2025). However,
bridging this discrepancy between LST and OTC through a better un-
derstanding of their relationship in complex urban environments and
their intra-urban variability could be crucial to improve the assessment
of global urban heat stress products and the delivery of Earth
observation-based services and products for heat intervention and urban
planning. This would be preferrable, as OTC-measurements or building-
resolved OTC-modeling are complex, resource-intensive, and often un-
affordable, while satellite LST products are readily available. Although
there are studies in which measured or modelled OTC is compared to
LST, these studies take mostly a more ‘qualitative’ approach, comparing
limited measurement data from single days or stations to spatial LST
data. Furthermore, these studies do not clarify how the variability of the
LST-OTC relationship varies within similar urban environments, such as
within the same LCZs, or between areas with similar building structures.
To overcome these limitations and achieve a more ‘quantitative’ un-
derstanding of the LST-OTC-relationship across and within various
diverse urban environments, we compare LST observations from Land-
sat Level-2 (Earth Resources Observation and Science (EROS) Center,
2020) with high-resolution OTC maps and data from a street-level sta-
tion network. UTCI is used as the thermal index to quantify OTC. OTC
maps are obtained by applying the HTC-NN model of Briegel et al.
(2024) at 1 m spatial resolution. The HTC-NN is a machine-learning
emulator of different numerical urban climate models and allows
rapid prediction of high-resolution pedestrian-level UTCI. In addition,
both the high-resolution OTC maps and Landsat LST data are further
evaluated using data from a street-level station network.

Based on LST data and the HTC-NN model, we perform a systematic
investigation between daytime LST and OTC using the city of Freiburg, a
midsize town in the Upper Rhine Valley in southwest Germany, for
which in-situ measurements of OTC are available from a street-level
sensor network (Zeeman et al., 2024; Feigel et al., 2025; Plein et al.,
2025). In particular, we examine the intra-urban variability of the LST-
OTC relationship and the potential of LST to serve as a proxy for OTC. To
this end, LST is compared with OTC on a spatial and temporal base. A
cluster analysis is then conducted to identify areas of higher or lower
agreement, and to assess the variability of the LST-OTC relationship in
different urban environments. In addition, land cover classes and other
urban morphometric parameters are examined to investigate how they
contribute to the differences between LST and OTC. In a final step,
different random forest models are developed that attempt to estimate
OTC from LST, to assess whether LST can be used to directly predict
UTCI, the corresponding UTCI stress classes, and what additional in-
formation/data is required to properly represent the intra-urban vari-
ability of OTC. The model results will be compared to the HTC-NN model
outputs and to ERA5-HEAT data (Di Napoli et al., 2020) as baseline,
which is expected to be less accurate due to its spatial resolution and
missing urban parameterization. In addition, the HTC-NN and random
forest model are then compared to simultaneous in-situ measurements
from the street-level sensor network.

The rest of the paper is structured as follows. Section 2 ‘Data and
Methods’ describes the data and methods used, followed by Section 3
‘Results’ which presents the results of our study. Section 4 ‘Discussion’
discusses the results and section 5 concludes.

Remote Sensing of Environment 331 (2025) 115045

2. Data and methods

This section describes the conceptual approach, and how the LST,
UTCI, and ERA5 datasets are obtained. Fig. 2 shows a flowchart of the
LST-UTCI relationship analysis with UTCI modeling using the HTC-NN
(step 1 / Section 2.1), cluster analysis (step 2 / Section 2.2.1), random
forest modeling (step 3 / Section 2.2.2), and the evaluation procedure
(step 4 / Section 2.2.3).

2.1. Research area and data

2.1.1. Research area and study period

The research area of this study is the city of Freiburg im Breisgau, a
mid-sized city in the southwest of Germany. Freiburg is located in the
Upper Rhine Valley and is one of the hottest cities in Germany with an
annual mean T, of 11.0 °C, mean precipitation of 887 mm (1990-2020),
and monthly mean T, > 20 °C in July (DWD Climate Data Center (CDC),
2024). In summer, Freiburg is highly exposed to human heat stress
(Briegel et al., 2024) and the Upper Rhine Valley has the highest current
and projected heat stress in Germany (Hundhausen et al., 2023). The
research area covers the greater area of Freiburg with an extent of 10 km
x 7 km and consists of roughly 47,000 30 m x 30 m grid cells. Both the
built-up and rural areas of Freiburg are studied, as we want to investi-
gate not only urban specific relationships between LST and UTCI, but
also from suburban, rural, and vegetated areas close to the city. The
research area is masked by the extent of the urbanized area of Freiburg.
To the east of Freiburg lies the ridge of the Black Forest which is not
considered in the analysis. However, some parts of the research area
cover the urbanized valley at its entrance. In addition, the lack of geo-
spatial data availability causes some areas close to the city center to be
missing.

The study period covers the years 2021 to 2024.

2.1.2. Land surface temperature data

The land surface temperature data used in this study are remotely
sensed Landsat Level-2 observations (Earth Resources Observation and
Science (EROS) Center, 2020). Landsat Level-2 observations provide LST
in an 8-day interval at an overpass at approximately 10:20 UTC (11:20
CET/local time). Landsat Level-2 LST data has a spatial resolution of 30
m x 30 m. Although the nominal resolution of the thermal infrared
sensor is 100 m x 100 m, the LST product is downscaled to 30 m x 30 m
based on the emissivity layer, which has a native resolution of 30 m x
30 m. Due to cloudy weather conditions, not all overpasses could be used
for analysis. For the overall comparison between LST and UTCI, a spatial
LST data availability threshold of 80 % per timestep is applied to ensure
that only timesteps with high spatial coverage (cloud-free days) are
analyzed. The 80 % threshold corresponds to more than 37,700 valid
(cloud-free) 30 m x 30 m Landsat LST grid cells, resulting in 46 obser-
vations (timesteps) in summer and 77 for all seasons. For the subsequent
cluster analysis (see section 2.2), the LST data availability threshold per
timestep is set at 95 % (> 44,600 30 m x 30 m Landsat LST grid cells
with valid data) resulting in only 22 observations. The threshold was set
to 95 %, as the study aims to map the entire urbanized area of Freiburg,
and if an observation of a grid cell is missing, the grid cells cannot be
considered in the cluster analysis. An overview of the dates for which
LST data was used is given in Table A2.

2.1.3. Thermal comfort data

Human outdoor thermal comfort data are obtained by applying the
HTC-NN model by Briegel et al. (2023, 2024), (Fig. 2 - Step 1). The HTC-
NN is a machine learning emulator of numerical urban climate models
designed for rapid, high-resolution prediction of human OTC in complex
urban environments, developed and evaluated for Freiburg, Germany.
The model directly predicts two-dimensional fields of UTCI with a res-
olution of 1 m x 1 m resolving buildings and vegetation. An overview of
the different UTCI stress classes is given in Table A1 (Appendix A).
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Fig. 2. Schematic representation of the LST analysis. In the first step (1), HTC-NN is used to predict high resolution UTCI maps (1 m), which are then aggregated to
30 m x 30 m and the differences to LST are calculated for the cluster analysis (2). In addition, different random forest models are trained using different combination
of aggregated local-specific data (urban morphology, land cover), LST, and ERA5-Land data (3). In step 4, the different models are evaluated.

Spatial input data of the HTC-NN include spatially resolved land cover
classes (e.g., buildings, trees, paved surfaces), digital elevation and
surface models (for both buildings and vegetation), and sky view factor
maps, all at 1 m resolution. Sky view factor maps are generated using the
UMEP scheme (Lindberg et al., 2018). The model is forced with T,
incoming long- and shortwave radiation, relative humidity, air pressure,
and wind speed and direction. The forcing data are provided by an
automated urban weather station located on a rooftop (approx. 60 m a.g.
L) in the city center of Freiburg (Briegel et al., 2023). The HTC-NN
model is thoroughly validated using numerical urban climate model
outputs, as well as measured UTCI data from a dense sensor network and
from mobile measurements. The overall Mean Absolute Error (MAE) for
UTCI is 2.3 K. For further details on model development and configu-
ration, spatial and forcing data, and the validation procedure see Briegel
et al. (2023, 2024). As the spatial resolution of the Landsat LST data is
30 m x 30 m, the 1 m resolution UTCI maps produced by the HTC-NN
are resampled and averaged to match the coarser resolution of the
Landsat LST data. As this study aims to investigate the potential of LST as
a proxy for pedestrian-level OTC, 1 m pixels covered by buildings are
excluded from the analysis and not considered for aggregation.

2.1.4. ERA5-land and ERA5-HEAT reanalysis data

The ERAS5-HEAT dataset (Di Napoli et al., 2020) is used as a
benchmark for the random forest UTCI models forced by LST and ERA5-
Land data (Munoz Sabater, 2019) (see Section 2.2). ERA5-HEAT is a

global dataset of UTCI and mean radiant temperatures derived from
ERAS reanalysis data for open areas using the methods proposed by Di
Napoli et al. (2021). ERA5-HEAT is available with an hourly resolution
and a spatial resolution of 0.25° x 0.25° (~27.75 km at the equator).
From the ERA5-HEAT dataset, the grid cell centered at 48.00°N / 7.75°E
is used as it covers the entire urbanized area of Freiburg (48.00°N,
7.80°E) and is mainly located in the Upper Rhine Valley, which repre-
sents the climate in the city of Freiburg better than neighboring grid cells
covering the Black Forest mountains.

The ERA5-Land dataset (Munoz Sabater, 2019) is used to obtain
additional predictors for the random forest models (see Section 2.2).
ERAS5-Land data is a high-resolution reanalysis dataset with a horizontal
resolution of 0.01° x 0.01° (~ 9 km at the equator) and is available at
hourly resolution. The grid cell used in this study is centered at 48.00°N
/ 7.80°E. From the ERAS5-Land data, T,, relative humidity (RH),
incoming short- and longwave radiation (Kdown and Ldown), and U are
extracted and used as additional predictors for the random forest
models.

2.2. Analysis of relationship between LST and OTC
The following section describes the cluster analysis of the differences

between LST and UCTI. the random forest modeling approach, and the
evaluation of the random forest models (Fig. 2 Steps 2-4).
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2.2.1. Cluster analysis

To better investigate and understand potential spatial relationships
and systematic differences between LST and OTC, a cluster analysis of
the differences (LST — UTCI) across grid cells and time steps is per-
formed (Fig. 2 - Step 2). Differences of LST and the aggregated UTCI
maps are calculated for approximately 45,000 grid cells (30 m x 30 m)
and for each of the 22 overpasses (data availability threshold of 95 %,
see section 2.1). The 44,600 x 22 matrix is then used for the cluster
analysis and to assign each grid cell to a cluster.

The optimal number of clusters (k) is first determined using the
NBClust package (Charrad et al., 2014) in R (R Core Team, 2024), which
evaluates 30 different clustering indices (e.g., silhouette, gap statistic).
Based on the majority rule across these indices, the optimal k is identi-
fied as 3 representing urban, suburban, and rural areas. However, the
three clusters do not allow for the distinction of different urban envi-
ronments and are therefore not suitable for an assessment of intra-urban
variability. To further investigate the relationships between LST and
OTC in different urban contexts, we perform hierarchical clustering as
an additional step. This approach allows the identification of possible
subgroups within the primary clusters. Hierarchical clustering is per-
formed using a Euclidean distance matrix as the similarity measure and
Ward’s minimum variance method as the linkage criterion (Ward,
1963). This method identifies three primary clusters, with evidence of
two additional sub-clusters. These sub-clusters suggest finer-scale pat-
terns that may provide further insights into the urban spatial dynamics
of LST and OTC.

We also investigated the relationship between LST and UTCI in terms
of the different local climate zones (LST - Stewart and Oke, 2012).
However, as Freiburg mainly comprises LCZ 2 (see Table A3), our focus
is on the derived clusters, which are based directly on the LST-UTCI
relationship and thus better represent its physical properties.

2.2.2. Random forest modeling approach

Random forest modeling is carried out to better assess whether LST is
a good proxy for OTC in urban areas and whether LST can be used to
derive accurate OTC products (Fig. 2 - Step 3). Therefore, several
random forest models (Breiman, 2001) with different spatial and tem-
poral input data (predictors) are developed and compared. An overview
of the different model configurations is given in Table 1. The baseline
model is forced with LST only (rf LST). However, this simple linear

model with only LST as a predictor with UTCI = f(LST), cannot accu-
rately capture the heterogeneity in the LST-UTCI relationship, as indi-
cated by the wide 95 % confidence interval (Fig. A1). This suggests that
additional predictors are needed to account for that large (intra-urban)
variability. Another baseline model is forced with ERA5-Land data only
(rf_ERAS), using only one grid cell for the entire model domain (see
ERA5-Land section). In addition, a model is trained with a combination
of LST and ERA5-Land data (rf LST + ERAS5). These three model con-
figurations are forced by the globally available data products LST and
ERA5-Land, and are further extended by incorporating specific data on
local urban morphology and landcover (Table 1) such as land cover class
(LCC) fractions (Briegel and Christen, 2025), average sky view factor,

Table 1
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and frontal area index of each individual 30 m x 30 m grid cell (rf LST +
Urb, rf ERAS + Urb, and rf_All, respectively). Sky view factor and frontal
areas index are computed by using the UMEP scheme (Lindberg et al.,
2018). In total, six model combinations are explored, allowing a
comprehensive analysis of the predictor contributions.

Each of these six models is trained by two approaches: one focusing
on continuous UTCI values through regression and the other on UTCI
stress class classification (Table A1), resulting in a total of 12 models.
For each of the individual 12 models, a random search optimization is
performed to find the hyperparameter set with the highest accuracy
(lowest Root Mean Square Error - RMSE). The random search is con-
ducted individually for each model, as the number of predictors is
different for each model. Overall, the search range of the number of trees
varies from 200 to 800, the number of predictors randomly sampled at
each split from 1 to 4, and the minimum number of data points in a node
required to split the node further from 1 to 10. A detailed table with the
hyperparameter set is given in Appendix A (Table A4). The dataset is
divided into train and test data to evaluate the performance of the final
model. The train data covers 35,365 areas (30 m x 30 m) and 62
timesteps and the test data covers 11,792 areas and 24 timesteps
resulting in ~2 million data points for training and ~ 250,000 data
points for testing. For robust hyperparameter optimization, the train
data is further divided into 5 folds and a 5-fold cross-validation is
applied to each hyperparameter set. The best hyperparameter set is used
to train the final model by training on the entire train data. Final model
is evaluated by testing against the test data. All modeling is done in R (R
Core Team, 2024) using the ranger package (Wright and Ziegler, 2017).

2.2.3. Random Forest model evaluation

The UTCI heat stress classification accuracy of the random forest
models is evaluated using the Overall Accuracy (ACC) and the True Skill
Score (TSS — Stull, 2015). ACC describes simply the percentage of all
correct stress class predictions. The TSS is defined as follows:

a b

TSS = -
S8 at+c b+d

€Y)

with true positives (a), false positives (b), false negatives (c), and true
negatives (d). TSS closer to +1 indicates more accurate prediction, TSS
closer to 0 indicates less accurate prediction.

To evaluate the model skill and performance and to assess the ability
of LST as a proxy for OTC, the predictions of the rf LST model are
compared with those of the other random forest models and additionally
with the ERA5-HEAT dataset as a baseline (Di Napoli et al., 2020, 2021),
which is described in section 2.1.

3. Results
3.1. Comparison of LST and UTCI
Fig. 3 shows the averaged UTCI of each 30 m grid cell as a function of

LST for the summer season (Fig. 3a) and all seasons (Fig. 3b). Pearson’s
correlation coefficients between all 30 m x 30 m grid cells of LST and

Different models with predictor combinations. All globally available data besides LST are extracted from ERA5-Land data. The six model configurations are carried out

as regression (UTCI) and as classification (UTCI stress class).

Variables Random forest models with different predictor combinations

Globally available data Specific local data on urban morphology and LCC

rf LST rf ERAS rf LST + ERAS rf LST + Urb rf ERAS + Urb rf All
LST v v/ v 4
ERAS5-Land’ v v v v
Data on urban morphology and LCC” v v v

1

air temperature, incoming shortwave radiation, incoming longwave radiation, relative humidity, wind speed.

2 LCC: land cover class fractions (buildings, trees, low vegetation, paved, water), sky view factor, frontal area index.
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Fig. 3. UTCI as a function of Landsat LST for 2 million summer observations (a) and for 3.5 million annual observations (b) with a bin size of 2 °C LST. Black lines
show mean value and gray areas the 95 % confidence interval. The histograms on top and at the right show the LST and UTCI distributions, respectively. Note, x and y
axis differ for a and b. The average 95 % confidence intervals are 10.3 K and 11.1 K for (a) and (b), respectively.

UTCI for summer and all seasons are 0.70 and 0.93 respectively. The 25 °C UTCI, the slope decreases, indicating a transition to a non-linear
average UTCI of all grid cells across all time steps is 23.5 °C for all relationship. Above 25 °C UTCI, the relationship flattens further,
seasons and 29.8 °C in summer, while the average LST is 26.0 °C for all showing a decreasing response of UTCI to increases in LST. The rela-
seasons and 34.4 °C in summer. Fig. 3b shows that UTCI and LST have a tionship between UTCI and LST is almost linear for non-heat stress sit-

linear relationship between 0 °C and 20 °C UTCI. Between 20 °C and uations (UTCI <26 °C), but non-linear in general and for heat stress

a LST %344°C_o:63°c_ b UTCI X:29.8°C_0:4.0°C
LST standardized UTCI standardized
30 20
X X
-30 20

Buildings Buildings

Difference _ Land cover classes
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18K B Buildings
. Evergreen tress
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B water
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E DRy -

1 2km A

Fig. 4. Standardized maps of averaged LST (a) and UTCI (b) for 46 timesteps in summer. The difference between LST and UTCI (not standardized) is shown in (c),
and the land cover classes are shown in (d). Maps (a)-(c) have a spatial resolution of 30 m x 30 m and (d) of 1 m x 1 m. The labeled areas in the maps indicate
different urban morphologies with (1) densely built-up city center, (2) industrial area, (3) and (4) residential areas with a mixture of buildings and trees, (5) park area

with low vegetation and trees, (6) open areas with low vegetation, and (7) park area with a lake. Standardization is done by subtracting the mean from each value
and then dividing by the standard deviation.
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situations (UTCI >26 °C). In the summer period (Fig. 3a) no linear
relationship between UTCI and LST can be seen. In addition, the 95 %
confidence interval spans up to 10 K, indicating that the large intra-
urban variability of UTCI cannot be expressed by LST.

Figs. 4a, b show standardized maps of the averaged LST and UTCI
and Fig. 4c the corresponding average differences (LST — UTCI) for the
46 timesteps of the summer period. An overview of the different land
cover classes in Freiburg is shown in Fig. 4d, with more detailed maps in
Fig. S1 (Supplement). LST has different spatial patterns than UTCI. LST
is highest in industrial areas (2) and the densely built-up city center (1)
and lowest in areas with a high proportion of trees or forest such as parks
(5) and open areas with unsealed or water surfaces (6, 7). Residential
areas (3, 4) have lower LST than sealed industrial areas, but higher LST
than unsealed/forested areas. UTCI, on the other hand, has partly
reversed spatial patterns, with the highest values in industrial (2) and
open areas (6, 7), and the lowest values in densely built-up areas (1) and
residential areas with densely built-up and trees (3). Areas with a mixed
land cover have intermediate UTCI values (4). Fig. 4c shows the dif-
ferences and the highest positive differences are found in densely built-
up areas (1), industrial areas (2), and residential areas (3). The lowest
(negative) differences are found in areas with large water bodies (7) and
open, unsealed areas (6). These patterns can also be seen in Fig. 5, which
shows LST, UTCI, and the corresponding differences as functions of the
land cover classes buildings, paved, trees, and low vegetation for the 30
m x 30 m grid cells. LST increases as the fraction of buildings and paved
surfaces increases, and decreases as the fractions of vegetated areas such
as low vegetation or trees increases (Fig. 5a). On the other hand, UTCI
follows a pattern more related to pedestrian-level shading, with UTCI
increasing in open areas with higher fractions of low vegetation or paved
surfaces and decreasing with increasing fractions of buildings and trees
(Fig. 5b). The corresponding difference summarizes the relationship
between LST and UTCI, with partly inverse pattern for the different land
cover classes. Higher building fractions resulting in larger differences
and higher tree or low vegetation fractions resulting in smaller differ-
ences (Fig. 5¢). The only land cover which seems to have no positive or
negative influence on the relationship are paved surfaces.

3.2. Cluster analysis

The results of the hierarchical cluster analysis of the LST-UTCI dif-
ferences, mapped across three and five spatial clusters, are shown in
Fig. 6a and b and in Table 2.

B

a LST 3 b UTCI
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The statistical analysis revealed that the three-cluster classification
most accurately reflects the relationship between LST and UTCI. This
classification provides a clear gradient ranging from vegetated to highly
urbanized environments. Cluster A comprises the most natural areas and
shows the highest levels of grass (31.2 %) and tree (50.8 %) cover, low
building density (5.3 %) and a relatively unobstructed view of the sky
(SVF = 0.63). This cluster also exhibits the lowest LST (31.0 °C) and the
smallest LST-UTCI difference (0.97 K). Cluster B reflects a more mixed
urban form, with increased building (17.3 %) and paved surface (28.0
%) fractions, a slightly lower SVF (0.61), and higher LST (35.0 °C) and
LST-UTCI differences (4.82 K). Cluster C is the most urbanized, showing
the highest building fraction (31 %), the lowest SVF (0.481), and the
smallest green cover. It corresponds to the highest LST (36.9 °C) and the
largest LST-UTCI difference (8.03 K). While the three-cluster classifi-
cation provides strong statistical and thematic coherence, the five-
cluster solution is used for further analysis as it offers greater spatial
differentiation and captures important variations within categories,
particularly in vegetated areas and among moderately to densely built-
up urban forms.

The vegetation and water cluster (A.I) has the highest proportion of
low vegetation (37 %) and trees (49 %), combined with minimal built-up
fraction (3 %). Similarly, cluster A.II has a slightly higher proportion of
paved surfaces (12 %) but remains predominantly vegetated and has a
lower Sky View Factor (0.57 vs 0.74 in A.I). Cluster A.I and A.Il show a
distinct spatial pattern, dominating areas outside the built-up environ-
ment and occurring in large parks and cemeteries. Cluster B represents a
mixture of buildings (17 %), paved surfaces (28 %), and vegetation (39
% trees and 15 % low vegetation) and represents transitional areas be-
tween vegetated clusters A.I/A.Il and densely built-up clusters C.I/C.IL,
but also low density residential areas. The urbanized clusters (C.I and C.
I) are located in the city center, industrial zones, and densely built-up
residential areas. These clusters are characterized by a higher propor-
tion of buildings (25 % in C.I, 42 % in C.II), lower low-vegetation cover
(7 % and 4 %, respectively), and decreasing tree fractions (38 % and 30
%). The paved fraction also increases from cluster A.I to C.I, but de-
creases to cluster C.II. The increasing built-up fraction from A.I to C.II
highlights a clear transition from natural to urban environments. The
morphometric parameters further emphasize this urbanization trend.
The sky view factor, which indicates the openness of the urban canopy
(including buildings and vegetation), decreases significantly from 0.74
in the vegetation and water clusters A.I to 0.41 in the more urbanized
clusters C.I and C.IL Similarly, the frontal area index and mean building

c Difference (LST - UTCI)

uildings

uildings 4

rees

20 40 60 80 100 20 40

60 80 100 20 40 60 80 100

Landy cover fractions (%)

Fig. 5. LST (a), UTCI (b), and the corresponding differences (c) as functions of land cover class fractions for the 30 m x 30 m grid cells. Shaded areas represent the

95 % confidence interval. Note that the y-axes differ.
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b Hierachical cluster analysis (k=5)

Cluster

B (A) Forest and
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|
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1 and paved
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Fig. 6. Maps of the hierarchical cluster analysis of the LST-UTCI differences cut by 3 (a) and 5 (b) clusters. Cluster A.I and A.II are sub-clusters of cluster A, and C.I
and C.II are sub-clusters of cluster C. Spatial resolution is 30 m x 30 m. The labeled areas in the maps are the same as in Fig. 4 and indicate different urban
morphologies with (1) densely built-up city center, (2) industrial area, (3) and (4) residential areas with a mixture of buildings and trees, (5) park area with low
vegetation and trees, (6) open areas with low vegetation, and (7) park area with a lake.

Table 2

Results of the cluster-analysis distinguished by temperature types, land cover fraction, and morphometric parameters. The temperature values give the average of each
cluster and the values in brackets (+) below the average temperature values are the standard deviations.

Cluster and sub-cluster

(A) Forest and low vegetation area

(B) Built-up and vegetation mix (C) Densely built-up and industrial area

(AD
Vegetated and water

(A.ID
Vegetated and paved

(C.D (CIm
Built-up and paved Densely built-up

Temperature types

30.1°C 31.5°C
LST (+57°0) (+65°0)
30.9°C 29.6 °C
rct (£3.9°0) (+£4.5°0)
Difference —-0.8K 20K
(LST - UTCI) (£ 3.2K) (£3.2K)
Land cover fractions
Buildings 3% 7 %
Low vegetation 37 % 28 %
Paved 7 % 12 %
Trees 49 % 52 %
Water 5% 1%
Morphometric parameters
Sky view factor 0.74 0.57
Frontal area index 0.02 0.06
Mean building height 1.0m 2.5m
Mean canopy height 6.3 m 9.2 m

35.0°C 36.5°C 37.7°C
(£6.4°C) (£6.5°C) (£6.7°C)
30.2°C 29.3°C 27.9°C
(£4.3°0) (£4.4°0) (£4.4°0C)
48K 7.1K 9.7K
(+3.3K) (£ 3.2K) (£ 3.5K)
17 % 25 % 42 %

15 % 7 % 4%

28 % 29 % 24 %

39 % 38 % 30 %
<0% <0% <0%
0.61 0.52 0.41

0.13 0.19 0.26
5.8m 7.8 m 10.4 m

6.4 m 6.8 m 6.8 m

height increase, indicating a greater presence of vertical structures in
urbanized areas.

A clear LST gradient is observed from clusters A.I to C.II, with LST
increasing from 30.1 °C in the vegetated Cluster A.I to 37.7 °C in the
densely built-up Cluster C.II. Conversely, UTCI follows an inverse
pattern, with the highest value recorded in Cluster A.I (30.9 °C) and the
lowest in Cluster C.II (27.9 °C). The difference between LST and UTCI
increases with urbanization, ranging from —0.8 K in A.I'to 9.7 Kin C.IL
The differentiation between sub-clusters (A.I vs. A.II, C.I vs. C.II) shows
the importance of a more detailed classification beyond broad urban-
rural categorizations. Although the cluster can account for some of the
intra-urban variability of LST-UTCI relationship, the within-cluster
variability is still high (Fig. A2). For example, the average 95 % confi-
dence interval span is 7.5 K within cluster C.II, compared to 10.3 K
across the overall relationship.

Besides the cluster analysis, an overview of the averages of LST,
UTCI, and their corresponding differences by Local Climate Zone (LCZ)

is given in Table A3, showing a similar increasing difference from rural
to more urbanized LCZs.

3.3. Random Forest modeling

The performances of the regression and classification random forest
models are evaluated for predicting continuous UTCI values and UTCI
stress classes for different combinations of predictors, including models
with and without LST. The predictions are made for 11:00 local time
(CET) and match the spatial extent and resolution of the LST data and
aggregated UTCI data from the HTC-NN.

A detailed comparison of the results for the regression random forest
models and the different predictor combinations is given in Table 3
(Table A5 for classification models). In addition, the comparison of the
predictions of the HTC-NN (1 m resolution), HTC-NN predictions
aggregated to 30 m (excluding building footprints), and the LST data
with the in-situ UTCI measurements is given in Table A6. Since ACC and
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Table 3
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Model evaluation results: Root Mean Square Error (RMSE - regression models only), overall accuracy of predicted UTCI classes (ACC), and True Skill Score (TSS) for the
different UTCI classes: no thermal stress (8 °C < UTCI <26 °C), cold stress (UTCI <8 °C), for all heat stress classes (UTCI >26 °C), moderate heat stress (26 °C < UTCI

<32 °C), and > strong heat stress (UTCI >32 °C).

(cold stress)

Model RMSE (UTCI) ACC TSS

(no thermal stress)
rf LST 3.52K 74 % 0.81
rf ERAS 2.90 K 80 % 0.88
rf LST + ERAS 2.83K 82 % 0.89
rf LST + Urb 311K 76 % 0.81
rf ERAS5 + Urb 2.60 K 81 % 0.85
rf All 2.34K 83 % 0.89
ERAS5-HEAT 3.71K 77 % 0.83

TSS TSS TSS

(heat stress) (moderate heat stress) (> strong heat stress)
0.86 0.86 0.56 0.48
0.86 0.92 0.63 0.58
0.86 0.92 0.62 0.70
0.81 0.89 0.61 0.54
0.86 0.87 0.62 0.68
0.86 0.91 0.66 0.68
0.47 0.92 0.45 0.81

TSS of the regression and classification models are similar, but regres-
sion models allow continuous prediction of UTCI values, providing
additional flexibility over classification models, the following analyses
are carried out focusing on the regression model approaches.

3.3.1. Overall Accuracies of random forest predictions

Among the models using only globally available predictors (LST and
ERA5-Land), the combined rf LST + ERA5 regression model performs
best, with an RMSE of 2.83 K and an ACC of 82 %. However, the rf ERA5
model performs almost similarly, with a slightly higher RMSE of 2.90 K
and an ACC of 80 %, indicating that the inclusion of LST data slightly
improves the prediction accuracy. The slight improvement is

Aggregated by time step

particularly evident for strong heat stress conditions, where rf LST +
ERAS achieves a TSS of 0.70 compared to 0.58 for rf ERAS5. In contrast,
the rf LST model, which relies solely on LST, has the lowest performance
of the meteorological models, with an RMSE of 3.52 K and an ACC of 74
%.

The addition of specific local data on urban morphology and land-
cover as predictors to the models leads to mixed results. While rf ERA5
+ Urb and rf LST + Urb achieve lower RMSEs (2.60 K and 3.11 K) than
their non-local-specific counterparts, the improvements of ACC are
marginal, increasing to 81 % and 76 % respectively. The effect on
classification performance is more nuanced. The addition of local-
specific predictors does not improve TSS values for general heat stress
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Fig. 7. Boxplots of the mean and standard deviation of UTCI of the test data (HTC-NN), the predictions on the test data of the different random forest models, and the
ERAS5-HEAT dataset, aggregated by date (a, b) and by grid cell (c, d) for the different clusters A (rural) to C (urban). In (a) and (b) each observation represents the
mean and standard deviation of all grid cells per time step. In (b), for example, this means that it represents the spatial variability of each timestep. In (c) and (d),
each observation represents the mean and standard deviation of all time steps per grid cell. This means that (d) represents the temporal variability within each

grid cell.
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(UTCI >26 °C), but lead to higher TSS values for moderate heat stress
(26 °C < UTCI <32 °C) and strong heat stress (UTCI >32 °C). This means
that models with local-specific data on urban morphology and LCC
provide a more detailed representation of heat stress variability,
particularly in distinguishing between different heat stress classes. The
rf All model, which integrates all available predictors, achieves the
highest ACC (83 %) and the lowest RMSE (2.34 K), demonstrating that
the combination of globally available data and local-specific data leads
to the most robust predictions. The ERA5-HEAT dataset, used as a
baseline for comparison, has a higher error than the random forest
models with an RMSE of 3.71 K and a similar accuracy to the LST forced
models with an ACC of 77 %. ERA5-HEAT systematically overestimates

Aggregated by time step
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UTCI (see also Fig. 8b and c¢), resulting in poor performance in identi-
fying cold or no stress conditions, but better classification of moderate
and strong heat stress. Despite its higher RMSE, ERA5-HEAT achieves a
similar TSS to rf All for general heat stress conditions, showing that
although its absolute predictions are less accurate, it remains a
competitive dataset for heat stress classification.

3.3.2. Representation of the intra-urban variability of OTC

Although ERA5-HEAT and the random forest models incorporating
only globally availably data appear to have similar TSS and ACC to the
random forest models additionally incorporating local-specific data,
they cannot accurately capture the intra-urban variability of OTC. In
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Fig. 8. Boxplots of the overall accuracy (ACC), Mean Bias Error (MBE), and Root Mean Square Error (RMSE) of the random forest model predictions and the ERA5-
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within each area.
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fact, the rf ERA5 model has no intra-urban variability as forcing is
globally for the entire model domain and no further information at the
30 m resolution is provided. The intra-urban variability of the random
forest predictions can be assessed from Fig. 7, which shows the mean
and standard deviation aggregated by time step and grid cell (30 m x 30
m), from Fig. 8, which shows the evaluation metrics ACC, Mean Bias
Error (MBE), and RMSE aggregated by time step and grid cell, and from
Fig. A3, which shows predictions of an exemplary timestep of the
different RF models. Both figures show these metrics for the different
spatial clusters. For example: time step aggregation in Fig. 7b means that
each point in these boxplots represents the standard deviation of all
areas at one time step. In addition, Table 4 and Table A8 show the TSS by
UTCI stress class and cluster.

The random forest models forced with additional local-specific data
on urban morphology and LCC capture the intra-urban heterogeneity
much better than the models forced only with globally available data
across all clusters. The rf LST model has the highest RMSE, lowest ACC,
and an inconsistent MBE across the different cluster (Figs. 7 and 8). The
addition of ERA5-Land data in rf LST + ERAS5 seems to improve the
performance, reducing the RMSE and increasing ACC. However, the
representation of OTC intra-urban variability deteriorates as the stan-
dard deviation for each time step decreases (Fig. 7b). The rf ERA5 pre-
dictions and the ERA5-HEAT dataset have no intra-urban variability as
the standard deviation for each time step is 0, meaning that all grid cells
have the same value (Fig. 7b), making these predictions not suitable to
map intra-urban variability of OTC. In summary, random forest models
forced only with globally available data remain inferior to local-specific
informed random forest models, which consistently achieve lower
RMSE, more consistent MBE (Fig. 8), and more similar distributions of
mean and standard deviation compared to the HTC-NN “ground truth”
across all clusters (Fig. 7). The rf ERA5 + Urb and rf_All models perform
best, as their boxplots of mean and standard deviation best match those
of HTC-NN (Fig. 7), and the RMSE and MBE are homogeneously
distributed across all clusters (Fig. 8). This means that the addition of
local-specific data on urban morphology and LCC makes the prediction
more consistent across the different clusters and thus enables a better
mapping of intra-urban variability of OTC. Based on this, further
investigation is focused on the rf All model and the ERA5-HEAT as
baseline.

The predictor importance of the rf All model is given in Table A7.
Although meteorological variables are the most important predictors

Table 4
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(accounting for ~68 % of the variance), spatial variables such as land
cover classes and sky view factors are essential for capturing intra-urban
OTC variability. Spatial predictors modify the global forcing patterns,
enabling neighborhood-scale variability in RF model outputs.

The performance of the rf_All model and the ERA5-HEAT dataset in
predicting UTCI and its associated thermal stress classes and their
respective predictive capabilities across different urban clusters is given
in Table 4. The rf All model shows a high and consistent ACC, ranging
from 81 % to 85 % across all clusters. The RMSE decreases with
increasing urban complexity, from 2.53 K in cluster A.I to 2.18 K in
cluster C.II, showing the improved predictive performance in all clusters
but particularly in more built-up environments. In terms of classification
skill, the TSS for heat stress remains stable around 0.90 across clusters A.
I to C.I/C.II. For moderate heat stress, the TSS increases with urbani-
zation, indicating a better differentiation between moderate and strong
heat stress in densely built-up areas. Conversely, the ERA5-HEAT data-
set exhibits an inverse trend. Its RMSE increases from 2.78 K to 4.80 K
with increasing urbanization (from cluster A.I to C.II), indicating
reduced accuracy in densely built-up areas. Similarly, ACC decreases
from 83 % to 59 %, reflecting reduced classification performance. This
downward trend is also observed for TSS across all thermal stress cate-
gories. The higher TSS for strong heat stress of the ERA5-HEAT is caused
by a systematic overestimation (Fig. 8c and e). This decrease in model
performance from rural to urban areas highlights the expected limita-
tions of the ERA5-HEAT dataset in capturing the nuanced thermal dy-
namics of densely populated built-up areas.

The results show that the rf All model has a superior performance
compared not only to the ERA5-HEAT dataset, but also to the other
random forest models forced with globally available data such as LST or
ERA5-Land only. In particular, in densely built-up areas, the rf All
model, which also incorporates local-specific data on urban morphology
and LCC, provides a more accurate representation of the thermal pro-
cesses and thus of the OTC conditions.

4. Discussion
4.1. LST UTCI relationship
The results show that there is no clear linear relationship between

LST and UTCI in urban areas and that this non-linearity cannot be solved
easily due to the large intra-urban variability of OTC. As there are only a

Model selection results by cluster for the rf All model and the ERA5-HEAT dataset with Root Mean Square Error (RMSE), overall accuracy of predicted UTCI classes
(ACQC), and True Skill Score (TSS) for the different UTCI classes: no thermal stress (8 °C < UTCI <26 °C), cold stress (UTCI <8 °C), for all heat stress classes (UTCI
>26 °C), moderate heat stress (26 °C < UTCI <32 °C), and > strong heat stress (UTCI >32 °C).

Cluster and sub-cluster

(A) Forest and low vegetation area

(B) Built-up and vegetation mix (C) Densely built-up and industrial area

(€D
Built-up and paved

(C.ID
Densely built-up

(AD (A.ID
Vegetated and water Vegetated and paved
rf All
RMSE (UTCID) 2.53K 2.30 K
ACC 81 % 81 %
no stress 0.90 0.86
cold stress 0.95 0.82
TSS heat stress 0.91 0.88
moderate heat stress 0.60 0.63
> strong heat stress 0.68 0.66
ERAS-HEAT
RMSE (UTCI) 2.78 K 3.68 K
ACC 83 % 73 %
no stress 0.93 0.81
cold stress 0.69 0.53
TSS heat stress 0.97 0.89
moderate heat stress 0.65 0.43
> strong heat stress 0.88 0.80

2.38K 2.25K 2.18K
83 % 85 % 83 %
0.90 0.91 0.86
0.92 0.85 0.74
0.91 0.93 0.92
0.65 0.71 0.71
0.69 0.70 0.68
3.43K 4.02K 4.80 K
77 % 70 % 59 %
0.86 0.80 0.70
0.48 0.39 0.32
0.94 0.92 0.87
0.53 0.38 0.21
0.84 0.79 0.72
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limited number of studies that directly compare LST with high-
resolution spatial fields of OTC, our findings can only be partially
assessed against those in the literature. Li et al. (2023a, 2023b)
compared Landsat 8 LST data with high-resolution Ty, data, while Fahy
et al. (2025) compared Landsat 8 LST data with measured PET data.
However, whereas Li et al. (2023a, 2023b) conducted a spatial com-
parison, their focus was on Ty, rather than UTCL. In contrast, Fahy et al.
(2025) only had transects of measurement data, not spatially resolved
data on PET. We therefore set our findings additionally in context to
individual studies of LST and OTC in urban areas.

The LST-OTC relationship is influenced by several physical processes
related to the nature of street-level OTC and remotely sensed LST, as
well as the meteorological background conditions. Street-level OTC is
predominantly influenced by the radiative environment and shading
patterns during the day (Lindberg et al., 2016; Middel et al., 2021),
whereas LST is mainly controlled by land surface and material proper-
ties (Chakraborty and Lee, 2019; Schwaab et al., 2021). This means that
open areas, whether sealed or covered by low vegetation, have higher
UTCI values in the absence of shading, and shaded areas have lower
UTCI values regardless of whether they are shaded by trees or buildings
(Coutts et al., 2016; Briegel et al., 2024). LST, on the other hand, is
influenced by the thermal properties (emissivity) of the surface material,
and areas with all types of vegetation have potentially lower LST, while
built-up and paved areas have higher LST values (Ferreira and Duarte,
2019). This means that in densely built-up areas, such as city centers,
LST measurements are affected by anisotropy and dominated by roofs
(to the neglect of other surfaces) and respond to the thermal properties
of the roofing material (Stewart et al., 2021). On the other hand, street-
level OTC represents the actual thermal conditions in the street canyons
within the first 2 m, which are often shaded by the built environment or
trees (Li et al., 2023a, 2023b).

The results of our study support these findings by showing significant
intra-urban spatial variability in LST, UTCI, and the LST-UTCI rela-
tionship, which are closely tied to land cover types and urban
morphology. The relationship between LST and UTCI for non-heat stress
situations (UTCI <26 °C) appears robust as it is predominantly linear.
However, as UTCI increases, particularly above 26 °C UTCI, the rela-
tionship becomes increasingly non-linear, with UTCI showing a dimin-
ished response to increases in LST. One potential reason for this could be
the faster, more gradual heating of roof surfaces compared to the OTC in
the street canyon. At a certain T, or solar irradiance, LST may continue
to rise due to the solar heating of rooftops and upper building surfaces,
while pedestrian-level OTC in street canyons may stay constant due to
increased shading and reduced solar exposure. Li et al. (2023a, 2023b)
found similar results for Tyt and concluded that LST and T+ have a
stronger relationship on rooftops rather than in street canyons. In
addition to the non-linearity relationship, the span of the 95 % confi-
dence interval of more than 10 K in Fig. 3a indicates significant intra-
urban variability in the LST-UTCI relationship, for both the linear and
non-linear parts. For instance, at an LST value of 35 °C, the range of
UTCI values is 25-35 °C, representing conditions ranging from no
thermal stress to strong heat stress. These findings suggest that it is
difficult to draw any conclusions from LST towards pedestrian-level
OTC.

The cluster analysis and the corresponding land cover class fractions
provide useful context for further examination of these results. The
higher the building fraction or other urban morphometric indices
(Frontal Areas Index or Building Height), the higher the differences
between LST and UTCI (7 to 9 K for cluster C) with relatively low UTCI
values and relatively high LST values. Conversely, the higher the vege-
tation fraction, the lower the differences (—1 to +2 K for cluster A) with
relatively high UTCI values and relatively low LST values. The cluster
analysis reveals a progressive shift from natural to urban environments,
accompanied by increasing LST, decreasing UTCI, and increasing LST-
UTCI differences. This discrepancy is due to LST being increasingly
influenced by roofs as the built fraction increases, primarily reflecting
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the energy balance at the top of the canopy layer. In contrast, OTC is
influenced by the three-dimensional urban form, such as building
shading and reduced wind exposure, at the bottom of the canopy layer.
Although the cluster analysis reduced the variability of the LST-UTCI
relationship within each cluster, substantial variability remains within
each cluster. The 95 % confidence intervals range from 7.1 K to 7.5 K
across the different clusters (Fig. A2), compared to 10.3 K before clus-
tering. Similar observations are made for LCZ classifications.

Besides the differences in the physical nature of LST measurements
and OTC modeling, the native resolution of the thermal infrared sensors
must have a strong impact on the LST-OTC relationship. The native
resolution is 100 m, and the LST products are downsampled by the
emissivity layer to a resolution of 30 m. It must be assumed that the
native resolution of 100 m has a strong influence on the representation
of intra-urban differences.

In summary, the spatial patterns found in this study are noteworthy
as they show that LST maps exaggerate intra-urban differences of OTC,
and that surface heat accumulation exceeds its impact on actual OTC. In
addition, even within similar urban environments (cluster or LCZ) LST
cannot fully capture the high variability of OTC. This implies that LST
alone does not capture the intra-urban complexity of OTC, particularly
under heat stress conditions. While increasing green space effectively
reduces LST, the effect on OTC may be more complex, especially in
urbanized areas, where the three-dimensional form plays a crucial role.

4.2. Random Forest modeling

The results of the random forest models also highlight that local-
specific information on urban morphology and LCC significantly im-
proves the predictability of the intra-urban variability of OTC. While
models relying on coarse-resolution globally available data alone, such
as the rf LST, achieve reasonable classification accuracy, they fail to
capture the intra-urban variability of OTC, as model performance varies
widely between clusters. As expected, the rf ERA5 predictions and
ERAS-HEAT dataset show no intra-urban variability of OTC. Despite the
competitive classification performance of ERA5-HEAT for heat stress
conditions, its systematic overestimation leads to poor accuracy in
identifying cold or no stress conditions, and its uniform spatial pre-
dictions make it unsuitable for fine-scale OTC assessments. The inte-
gration of LST with ERA5-Land data in rf LST + ERAS5 slightly improves
the model performance, particularly for strong heat stress conditions, as
LST provides information at 30 m resolution. However, the issue of OTC
intra-urban variability is not adequately addressed. As LST has an almost
negative correlation with UTCI in densely built-up areas, the added
spatial value is limited. In addition, Landsat Level-2 thermal infrared
images have a native resolution of 100 m and are downscaled to 30 m by
using the emissivity layer. The native resolution of 100 m may be too
coarse to map microscale intra-urban OTC variability. Fahy et al. (2025)
developed a PET model that incorporated LST alongside other spatial
predictors. They obtained similar results, quantifying the effect of LST
on PET as accounting for less than 2 % of the observed variation in PET.

In contrast, models incorporating additional local-specific high-res-
olution data significantly improve prediction accuracy and consistency.
The rf ERAS5 + Urb and rf_All models do not only achieve lower RMSEs,
but also provide a more detailed representation of OTC patterns. This
improvement is particularly evident in densely built-up areas, where
local-specific predictors allow the models to be more effective in dis-
tinguishing between the moderate and strong heat stress classes. The
observed reduction in RMSE with increasing urbanization further em-
phasizes the ability of local-specific-informed models to map OTC in
complex urban environments. The rf All model outperforms all other
approaches, achieving the highest classification accuracy and the best
agreement with the test data of the HTC-NN model. However, the
rf ERA5 + Urb model has almost similar performance, but is not based
on LST with fixed time stamps (11:20 CET) and temporally infrequent
availability (every 8 days), which raises the question whether LST are
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necessary to train such a neighborhood scale OTC model. ERA5-Land
reanalysis data are available globally at hourly resolution, which
would make a model more flexible and better suited to assess OTC for
both day and night, as forecasts are not limited to one point in time
(11:20 CET local time) during the day. A cost-benefit analysis of whether
LST is advantageous for this type of model must conclude that this is not
the case.

In summary, as in section 4.1 on the LST-OTC relationship, the re-
sults of the random forest modeling highlight the difficulty of repro-
ducing intra-urban variability of OTC by relying solely on LST.
Moreover, the results emphasize the need to incorporate local-specific
information on urban morphology and LCC, rather than LST, into pre-
dictive models in order to accurately represent micro- and
neighborhood-scale thermal processes and ensure reliable assessments
of OTC.

4.3. Limitations

Although the findings from this study are robust, it is difficult to
extrapolate the results to other cities for several reasons. The different
background climate conditions, urban morphology, materials, vegeta-
tion types, and land cover of Freiburg, are not representative of other
cities around the world. This means that although the findings of this
study may be transposed for cities with similar morphology and land
cover in Central Europe, a transfer to other cities would first need as-
sessments, even though we can expect that physical characteristics of the
LST-OTC interplay should be similar worldwide.

It should be noted that all these findings are only valid for 10:20 UTC
(11:20 CET local time) at clear sky conditions, and that the LST-UTCI
relationship may vary for cloudy conditions, throughout the course of
the day and be different at night. For the latter, when UHI is strongest,
different processes compared to daytime dominate OTC. The role of T,
becomes more prominent and the impact of radiation on OTC changes,
as the effect of radiation trapping induced by trees and buildings is more
dominant. Previous studies found that T, can be better estimated from
LST at night than during the day, which might result in higher capability
in estimating OTC (Naserikia et al., 2024). However, the relationship
between LST and Ty has not yet been investigated during nighttime
conditions. Investigation of the temporal and diurnal dynamics of the
LST-OTC relationship, particularly during extreme heat events, would
be valuable. However, the temporal availability of satellite based LST
data with a spatial resolution higher than 100 m / 30 m is currently
limited which makes a comprehensive diurnal investigation of LST as
proxy of OTC difficult.

In addition, the spatial resolution of the downsampled LST data of
30 m may not be sufficient to map complex OTC patterns in densely
built-up areas. Even at 30 m resolution, Landsat LST data does not
represent the microscale processes in urban street canyons that are
responsible for street-level OTC variability, especially as most vertical
surfaces are neglected which are of importance for the radiation term
(Tmry) in OTC calculations. High-resolution thermal sensors would
greatly enhance the ability to capture fine-scale spatial variability in
urban environments. In particular, a higher spatial resolution would
provide a better representation of narrow features, such as street can-
yons, rooftops and small patches of vegetation. Several upcoming sat-
ellite missions aim to provide LST data with a spatial resolution below 5
m. This could help to overcome some of the limitations identified in this
study regarding the discrepancy between LST and OTC in complex urban
environments.

While off-nadir viewing angles could enhance the depiction of ver-
tical surfaces and facets within urban canyons, such as building walls
and surfaces beneath the (tree) canopy, the benefits for building-
resolved OTC assessments are unclear. Off-nadir observations intro-
duce the issue of thermal anisotropy, whereby the directional depen-
dence of surface-emitted radiation can lead to inconsistencies and biases
in LST retrievals (Lagouarde and Irvine, 2008; Adderley et al., 2015; Du

13

Remote Sensing of Environment 331 (2025) 115045

et al., 2023). Therefore, although high-resolution LST sensing is un-
equivocally beneficial for building-resolved OTC mapping, the value of
off-nadir viewing is more questionable due to the complexities it in-
troduces and would need a comprehensive assessment.

5. Conclusion

This study systematically evaluates the validity of using satellite-
based land surface temperature (LST), derived from Landsat level 2
products, as a proxy for outdoor thermal comfort (OTC) in a complex
urban environment. The spatial and statistical relationship between LST
and pedestrian-level OTC, represented by the universal thermal climate
index (UTCI), is investigated at multiple scales. We compared LST with
high-resolution UTCI predictions from the HTC-NN model (Briegel et al.,
2024). To assess the predictive capacity of LST for OTC quantitatively,
multiple random forest models are trained using LST combined with
various other predictors, such as ERA5-Land reanalysis data, land cover
characteristics and urban morphological parameters.

The results clearly demonstrate that LST alone is not a reliable proxy
for OTC, particularly in densely urbanized areas. Although a linear
relationship can be observed between LST and UTCI in non-heat stress
conditions (UTCI <26 °C) and in vegetated or open areas, this rela-
tionship breaks down under heat stress, particularly in densely built-up
environments. Additionally, intra-urban variability persists even within
similar urban typologies (e.g. urban clusters or LCZs). In densely built-
up areas, LST is increasingly dominated by rooftop surface tempera-
tures, whereas OTC at pedestrian level is influenced by shading, venti-
lation, and three-dimensional radiative exchange within the urban
canyon. Thus, while LST primarily reflects the energy balance at the
upper surface of the canopy layer, OTC integrates multiple microcli-
matic variables, including air temperature, wind speed, humidity and
mean radiant temperature, all of which can be affected by the three-
dimensional form of the city. More specifically, the progressive in-
crease in the LST-UTCI difference along the urbanization gradient
highlights the significant influence of urban morphology on the spatial
heterogeneity of OTC. This causes the LST-UTCI relationship to become
nonlinear and spatially inconsistent, resulting in substantial intra-urban
variability that cannot be captured by LST alone.

These limitations are further highlighted by the random forest
models. Those trained solely on LST or global predictors (e.g. ERA5-
Land) fail to capture the heterogeneity of OTC within urban areas,
particularly in dense urban areas. It is only when local varying pre-
dictors, such as building morphology and land cover, are included that
the models achieve meaningful improvements in accuracy and spatial
representation of variability.

However, several limitations must be considered. The analysis is
restricted to clear-sky, mid-morning conditions (11:20 CET local time)
and does not capture the full diurnal cycle of thermal comfort due to the
fixed satellite overpass time. The transferability of the results to other
cities requires further investigation and evaluation given differences in
climate, urban morphology, and land cover. Nevertheless, the physical
principles underlying the LST-UTCI relationship are likely to be similar
worldwide. Future work should explore the potential of higher-
resolution, temporally flexible LST datasets, and assess the diurnal and
night-time dynamics of the LST-OTC relationship. At night, LST may
better reflect the urban heat island (UHI) effect, and thus OTC
conditions.

In summary, LST should not be used as a standalone proxy for OTC in
urban areas it has limited ability to capture intra-urban OTC variability
and it weakly related to pedestrian-level heat stress in densely built-up
areas. To ensure accurate, actionable OTC assessments, predictive
models must integrate urban morphology, land cover, and meteorolog-
ical context.
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UTCI stress classes and the corresponding UTCI ranges.

Stress class

UTCI range (°C)

Extreme cold stress
Very strong cold stress
Strong cold stress
Moderate cold stress
Slight cold stress

No thermal stress
Moderate heat stress
Strong heat stress
Very strong heat stress
Extreme heat stress

< —40
—40 - -27
-27 - —-13

-13-0

0-9

9-26

26-32

32-38

38-46
> 46

Table A2

Overview of the dates with valid data for the cluster analysis, the additional dates of overall comparison in summer, and the dates of the rest of the year.

May June July August September
Cluster analysis 2022-05-04 2021-06-11 2022-07-15 2021-08-14 2021-09-22
2022-05-20 2022-06-30 2022-07-16 2021-08-21 2022-09-02
2022-05-29 2023-06-01 2022-07-24 2022-08-09 2023-09-04
2023-06-25 2023-07-11 2022-08-25 2023-09-12
2023-08-11 2023-09-20
2023-09-29
+ Overall comparison 2023-05-15 2021-06-02 2021-07-20 2022-08-01 2021-09-06
(summer) 2023-05-31 2021-06-18 2022-07-08 2022-08-08 2022-09-01
2022-06-13 2023-07-10 2022-08-16 2023-09-05
2022-06-21 2022-08-24
2022-06-29 2023-08-19
2023-06-08 2023-08-20
2023-06-09
2023-06-16
2023-06-17
2023-06-24

+ Overall comparison (remaining seasons)

January 2022-01-12, 2022-01-13, 2023-01-07

February 2022-02-05, 2022-02-13, 2023-02-08, 2023-02-09, 2023-02-16

March 2021-03-07, 2021-03-30, 2022-03-09, 2022-03-10, 2022-03-25, 2022-03-26

April 2021-04-24, 2022-04-18, 2023-04-05, 2023-04-21, 2023-04-22

October 2021-10-01, 2021-10-08, 2021-10-24, 2022-10-04, 2022-10-27, 2023-10-07,
2023-10-22

November 2023-11-23

December 2022-12-06, 2022-12-07, 2022-12-31
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Table A3

The temperature values give the average of each Local Climate Zone (Demuzere et al., 2022). The
values in brackets (+) below the average temperature values are the standard deviations, n describes
the number of grid cells in the LCZs.

LCZ UTCI LST Diff
2 28.9°C 38.2°C 9.3°C
(n=584) (£ 4.1°0C) (£ 5.6 °C) (+3.9°C)
3 28.9°C 37.5°C 8.6 °C
(n=642) (+4.0°C) (£ 5.6°C) (+3.6°C)
5 29.0°C 36.0 °C 7.0°C
(n = 2304) (+4.0°C) (£ 5.5°C) (+3.5°C)
6 29.9°C 35.1°C 5.2°C
(n = 26,405) (+3.8°C) (£ 5.7°C) (+3.8°C)
8 30.9°C 38.9°C 8.1°C
(n = 4677) (£3.8°0) (£6.0°C) (£4.2°0)
A 28.1 °C 28.4°C 0.3°C
(n = 5883) (£ 4.2°C) (£ 5.2°C) (+3.3°C)
B 30.4°C 31.9°C 1.5°C
(n = 4629) (£3.7°0) (£5.5°0) (£3.9°0)
D 31.5°C 34.4°C 2.9°C
(n=1706) (£ 3.4°C) (£6.1°C) (£ 4.6 °C)
Table A4

Hyperparameter sets of the random forest models with number of trees, mtry: the number of predictors
randomly sampled at each split, and min node size: minimum number of data points in a node required to
split the node.

Model Number of trees mtry min node size
rf LST 800 1 9
rf ERAS 800 4 7
rf LST + ERAS 400 3 7
rf LST + Urb 800 2 9
rf ERAS + Urb 400 6 1
tf All 800 5 3

Table A5

Model selection results Root Mean Square Error (RMSE - regression models only), overall accuracy of predicted UTCI classes (ACC), and True Skill Score (TSS) for the
different UTCI classes: no thermal stress (8 °C < UTCI <26 °C), cold stress (UTCI <8 °C), for all heat stress classes (UTCI >26 °C), moderate heat stress (26 °C < UTCI
<32 °C), and > strong heat stress (UTCI >32 °C).

Model RMSE (UTCI) ACC TSS TSS TSS TSS TSS

(no thermal stress) (cold stress) (heat stress) (moderate heat stress) (> strong heat stress)
rf LST - 74 % 0.80 0.86 0.86 0.55 0.48
rf ERAS - 80 % 0.88 0.86 0.92 0.63 0.58
rf LST + ERAS - 81 % 0.88 0.86 0.91 0.63 0.67
rf LST + Urb - 77 % 0.82 0.80 0.89 0.60 0.60
rf ERAS + Urb - 83 % 0.90 0.83 0.92 0.69 0.67
rf All - 84 % 0.91 0.86 0.93 0.72 0.70
ERA5-HEAT 371K 77 % 0.83 0.47 0.92 0.45 0.81

Table A6

Root Mean Square Errors (RMSE) of UTCI predictions of the
machine learning model HTC-NN with 1 m and 30 m reso-
lution and of the different random forest models in compar-
ison with UTCI in-situ measurements. N = 27.

UTCI RMSE (K)

Model Combination Random Forest Model
rf LST 4.77 K
rf ERA5 3.88K
rf LST + ERAS 3.89K
rf LST + Urb 419K
rf ERA5 + Urb 270K
rf All 2.72K
HTC-NN (1 m) 2.49 K
HTC-NN (30 m) 2.53K

15



F. Briegel et al. Remote Sensing of Environment 331 (2025) 115045

Table A7

Predictor importance assessed using the Mean
Decrease in Impurity (MDI) method provided by the
H20 Random Forest algorithm.

Variable Importance (%)
Ta 37.86 %
LST 28.58 %
Ldown 16.58 %
Kdown 8.70 %
RH 4.46 %
Sky View Factor 2.31%
Wind 0.73 %
Low vegetation 0.25 %
Trees 0.24 %
Frontal Area Index 0.12%
Buildings 0.09 %
Paved 0.08 %
Water < 0.01 %

Table A8

Model selection results by cluster for the remaining models not shown in Table 4 with Root Mean Square Error (RMSE), overall accuracy of predicted UTCI classes
(ACC), and True Skill Score (TSS) for the different UTCI classes: no thermal stress (8 °C < UTCI <26 °C), cold stress (UTCI <8 °C), for all heat stress classes (UTCI
>26 °C), moderate heat stress (26 °C < UTCI <32 °C), and > strong heat stress (UTCI >32 °C).

Cluster and sub-cluster

(A) Forest and low vegetation area (B) Built-up and vegetation mix (C) Densely built-up and industrial area
(A.D (A.ID) (C.D (C.ID)
Vegetated and water Vegetated and paved Built-up and paved Densely built-up
rf LST
RMSE (UTCI) 5.01 K 3.56 K 3.04 K 3.00 K 3.85K
ACC 59 % 74 % 80 % 78 % 65 %
no stress 0.76 0.84 0.86 0.79 0.66
cold stress 0.94 0.84 0.91 0.85 0.74
TSS heat stress 0.81 0.90 0.90 0.85 0.77
moderate heat stress 0.23 0.62 0.70 0.59 0.30
> strong heat stress 0.10 0.34 0.60 0.73 0.72
rf ERAS
RMSE (UTCI) 3.21K 3.10K 2.87K 2.64 K 2.68 K
ACC 78 % 77 % 80 % 83 % 80 %
no stress 0.88 0.83 0.90 0.92 0.86
cold stress 0.94 0.82 0.91 0.85 0.74
TSS heat stress 0.92 0.88 0.93 0.94 0.93
moderate heat stress 0.62 0.57 0.65 0.68 0.63
> strong heat stress 0.58 0.56 0.58 0.62 0.68
rf LST + ERA5
RMSE (UTCI) 3.70K 2.96 K 271K 2.39K 2.59 K
ACC 81 % 80 % 83 % 84 % 78 %
no stress 0.86 0.85 0.91 0.92 0.87
cold stress 0.94 0.82 0.91 0.85 0.74
TSS heat stress 0.89 0.89 0.93 0.95 0.93
moderate heat stress 0.61 0.61 0.65 0.64 0.54
> strong heat stress 0.71 0.69 0.70 0.72 0.74
rf LST + Urb
RMSE (UTCI) 3.75K 3.28K 2.99K 2.79 K 292K
ACC 68 % 75 % 77 % 77 % 57 %
no stress 0.82 0.82 0.83 0.79 0.76
cold stress 0.74 0.78 0.87 0.83 0.72
Tss heat stress 0.88 0.90 0.90 0.87 0.86
moderate heat stress 0.46 0.60 0.63 0.64 0.65
> strong heat stress 0.35 0.50 0.62 060 0.52
rf ERA5 + Urb
RMSE (UTCID) 2.71K 2.54 K 2.65K 2.56 K 2.48K
ACC 81 % 80 % 81 % 82 % 80 %
no stress 0.88 0.84 0.87 0.85 0.80
TSS cold stress 0.95 0.82 0.92 0.85 0.74
heat stress 0.89 0.86 0.88 0.87 0.84

(continued on next page)
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Table A8 (continued)

Cluster and sub-cluster

(A) Forest and low vegetation area (B) Built-up and vegetation mix (C) Densely built-up and industrial area
(AD (A.ID (cn (C.ID
Vegetated and water Vegetated and paved Built-up and paved Densely built-up
moderate heat stress 0.62 0.61 0.62 0.64 0.61
> strong heat stress 0.68 0.67 0.69 0.69 0.68
40 /
4
...................... Very strong Heat Stress
...................... Strong Heat Stress
30
...................... Moderate Heat Stre
22
o
'—
]
— rf LST
— Al
10
— Testdata
--- Idendity line
0
0 10 20 30 40 50

LST (°C) / binsize =2 °C

Fig. A1l. UTCI as a function of Landsat LST (blue), a simple model forced with LST only (rf LST, orange), and a model forced with LST, ERA5-Land reanalysis data and
data on urban morphology and land cover (rf_All, green) of the random forest modeling test data with a bin size of 2 °C LST. Solid lines show mean values and shaded
areas show the 95 % confidence interval. The rf LST predictions do not represent the wide 95 % confidence interval of the LST-UTCI relationship, whereas the rf All
model better captures this variability. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Very strong Heat Stress

Strong Heat Stress

Moderate Heat Str

—— A.l Vegetated and water

——— C.ll Densely built-up

—— 1x1 Line

| | | |

20 30 40 50
LST (°C) / binsize =2 °C

Fig. A2. UTCI as a function of Landsat LST for 2 million summer observations with a bin size of 2 °C LST This is exemplary of clusters A.I. and C.II. The lines show the
mean value, and the shaded areas show the 95 % confidence interval. The relationships of the remaining clusters fall between the lines of A.L. and C.II. The average

95 % confidence intervals are 7.1 K and 7.5 K for A.I and C.II, respectively.
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UTCI (°C) 0 1 2km
2022-07-15 ——
35°C

22°C

c rf_LST+Urb

v ole |
e rf ERA5+Urb

Fig. A3. UTCI prediction at 30 m x 30 m resolution of (a) the HTC-NN (averaged from 1 m), and the different random forest models (b-g) for one exemplary timestep
(2022-07-15 11:20:00 local time).
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Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2025.115045.

Data availability

The HTC-NN and Landsat LST data can be found here: https://doi.

org/10.5281/zenodo.17224146.
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