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A B S T R A C T

Urban areas are increasingly vulnerable to the impacts of climate change, especially heatwaves, 
due to their distinct characteristics. However, the influence of urban form and land cover on 
future outdoor thermal comfort remains inadequately quantified in climate models. This study 
addresses this issue by introducing the Unified Human Thermal Comfort Neural Network (UHTC- 
NN), a novel deep learning framework that efficiently and accurately maps pedestrian-level urban 
heat stress at a building-resolved scale of 1 m across entire cities. Using the city of Freiburg, 
Germany, as a case study, the model uses extensive spatial data to generate detailed Universal 
Thermal Climate Index (UTCI) maps by downscaling CMIP5 climate ensembles for the period 
2070–2099. The model results show significant increases in heat stress hours under future climate 
scenarios (RCP4.5 and RCP8.5), with climate signals emerging as the dominant effect. Our model 
reveals that future heat stress hours will exhibit significant spatial variability, with contrasting 
day-night dynamics. While overall heat stress hours (UTCI ≥ 26 ◦C) increase more uniformly 
during the day, nighttime heat stress hours and daytime extremes (UTCI ≥ 38 ◦C) increase more 
heterogeneously. These patterns are significantly influenced by shading and radiation trapping at 
the meter scale, and by building density and land cover at the hectormeter scale. This work 
highlights the need for high-resolution models to accurately map urban heat exposure and inform 
adaptive urban planning. By facilitating comprehensive analyses, the model supports targeted 
interventions to mitigate urban heat, providing a local-specific tool for urban planning in a 
warming world.

1. Introduction

Urban areas stand at the forefront of climate change impacts, as they are more vulnerable to weather and climate extreme events 
such as heatwaves, flooding, or low air quality (Oke et al., 2017; Unger et al., 2020). With more than 55 % of the world’s population 
living in cities (United Nations et al., 2019), this poses a significant risk to human well-being, particularly in terms of heat stress (Mora 
et al., 2017), but also regard to economic losses, increased risk of power outages (Stone et al., 2021), and increased mortality due to 
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extreme events (Cissé et al., 2022; Dodman et al., 2022).
The frequency and intensity of regional heatwaves has already increased worldwide in recent decades (Barriopedro et al., 2011; 

Perkins-Kirkpatrick and Lewis, 2020). Even a 0.5 K increase in global warming will significantly increase both the intensity and 
frequency of extreme heat events (Seneviratne et al., 2021). Furthermore, the global urban population is estimated to increase from 55 
% to 68 % by 2050 (United Nations et al., 2019), highlighting the need to address the vulnerability of urban areas to extreme heat 
events by adapting to and mitigating the impacts of urban heat (Wang et al., 2021; Barriopedro et al., 2023).

The characteristics of urban areas differ in form and function from those of rural areas, causing very specific urban canopy climates, 
often with large intra-urban and microscale variability (Fenner et al., 2017; Masson et al., 2020; Yang et al., 2024). Generally, cities 
have a higher proportion of paved areas, enlarged three-dimensional surface areas for heat storage, complex shadow patterns, and a 
lower proportion of vegetation and permeable surface (Oke et al., 2017). This results in an altered energy and water balance compared 
to rural areas, leading to the Urban Heat Island effect (UHI; Oke, 1982). There are four types of UHI: sub-surface, surface, canopy and 
boundary layer. The canopy and surface UHI are particularly relevant for thermal comfort assessments as the UHI effect can result in 
increased and differently timed heat stress for pedestrians, especially in summer and during heatwaves (Best and Grimmond, 2015; 
Ward et al., 2016a, 2016b; Lamberti et al., 2025). Therefore, the built environments of urban areas strongly affect human thermal 
comfort, particularly due to increased heat loads at night. Human thermal comfort, and therefore heat stress, is influenced not only by 
air temperature (Ta; ◦C), but also by relative humidity (RH; %), three-dimensional radiation load (expressed as mean radiant tem
perature - Tmrt; ◦C), wind velocity (U; m s− 1) (Parsons, 2002), and physiological factors such as metabolic rate or clothing insulation 
(Epstein and Moran, 2006). To summarize these effects into a single equivalent (perceived) temperature, several thermal indices have 
been developed (de Freitas and Grigorieva, 2017). In this study, the Universal Thermal Climate Index (UTCI; ◦C) (Błażejczyk et al., 
2013) is used, as it is one of the indices that has been the focus of past and future research on outdoor thermal comfort from micro- 
(Nice et al., 2022; Weeding et al., 2024) over meso- (Nam et al., 2024) to global scale (Di Napoli et al., 2021). UTCI provides a 
standardized measure of thermal comfort based on the physiological responses of a reference individual (Fiala model - Fiala et al., 
2001) walking outdoors under reference conditions of 50 % RH, U of 0.5 m s− 1 at 10 m, and Tmrt equal to Ta.

Modelling the impact of urban form and function on outdoor thermal comfort during extreme weather events such as heatwaves has 
received considerable attention in recent years (Krayenhoff et al., 2021). Most models are process-based, meaning they resolve 
physical processes such as radiative transfer (Lindberg et al., 2008, 2018), heat storage (Järvi et al., 2011; Ward et al., 2016a), energy 
partitioning (Järvi et al., 2011; Lindberg et al., 2018), and airflow (Giometto et al., 2016, 2017; Wehrle et al., 2024) at different urban 
scales, which is computationally expensive and time consuming (Briegel et al., 2023). For this reason, previous research assessing 
future outdoor thermal comfort in cities has been limited to case studies of individual neighborhoods or generic locations (Aminipouri 
et al., 2019; Wallenberg et al., 2023; Weeding et al., 2024), coarse spatial resolution (Krayenhoff et al., 2018; Zhao et al., 2021; 
Georgescu et al., 2023; Hundhausen et al., 2023), short time periods or single days, and often with a focus solely on Ta (Paranunzio 
et al., 2021) or Tmrt (Aminipouri et al., 2019). This means that research focusing on the temporal dimension, by modelling thermal 
comfort over long time periods, is limited by spatial resolution. On the other hand, studies that focus on high spatial resolution and/or 
larger model domains are limited to short exemplary time periods (Nice et al., 2022). Although a combination of long-term modelling 
of a generic point and spatial modelling of extreme events has been carried out (Lindberg et al., 2016; Thorsson et al., 2017), a 
combination of high temporal and spatial resolution on large model domains, resolving all buildings of entire cities over decades, has 
not been possible due to disproportionate computational effort.

In recent years, machine and deep learning approaches that emulate process-based models in different fields of urban climate 
sciences have gained more and more attention as a potential solution to the temporal and spatial shortcomings of process-based urban 
climate models (Luo and Chen, 2025). For example, image-to-image deep learning approaches, such as U-Net (Ronneberger et al., 
2015), have become popular due to their ability to enable spatial predictions. Lu et al. (2025) and Briegel et al. (2023) both used a U- 
Net to emulate LES/SOLWEIG for U and Tmrt predictions, respectively. Delgado-Enales et al. (2025) applied a U-Net to model spatial 
fields of Ta in Bilbao, Spain. The work by Briegel et al. (2024) proposed a combined model of different machine and deep learning 
based sub-models to model Ta, U, RH, and Tmrt individually in the first instance, and outdoor thermal comfort (UTCI) in the second 
instance. However, this approach involves dividing the complex interactions influencing outdoor thermal comfort into sub-models for 
each meteorological variable. While this modular structure is functional since the relevant variables can be assessed independently, it 
introduces inefficiencies. Although previous studies have demonstrated the strong predictive capabilities of U-Nets for individual 
variables (Delgado-Enales et al., 2025; Lu et al., 2025), there is currently no universal deep learning-based model capable of directly 
predicting spatially continuous UTCI fields.

In this study, we present the Unified Human Thermal Comfort Neural Network (UHTC-NN), a streamlined deep learning model 
based on the previous model (Briegel et al., 2024) that directly predicts spatial fields of UTCI based on geospatial inputs and temporally 
varying meteorological forcings. This streamlined model, using a single unified neural network, is significantly faster and more 
efficient than its predecessor, achieving up to 106 times the speed of traditional numerical models. The rapid prediction of two- 
dimensional UTCI fields in urban environments allows high-resolution, city-wide, long-term climate impact assessments across 
multiple scales with reasonable computational effort (hours to days), providing a systematic and quantitative analysis of urban heat 
stress that has not been possible before. After validation and, if necessary, further training for specific urban settings, the model can be 
adapted and applied to any city.

We demonstrate the model’s advantages and the impact of climate change at pedestrian level using Freiburg, a mid-sized city in 
Southwest Germany, as a showcase. Here, UHTC-NN is used to provide city-wide high-resolution (1 m) pedestrian level UTCI maps. We 
compare an ensemble of CMIP5 global-to-regional climate model chains for the years 2070–2099 with the historical climate from 
downscaled reanalysis data (ERA5-Land) for the years 1990–2019 (historical reference period). This comparison includes three 
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Representative Concentration Pathways (RCP2.6, RCP4.5, and RCP8.5). A detailed mapping of heat stress hours to land cover classes at 
different spatial scales is performed. The UHTC-NN allows us to investigate whether future heat extremes will increase uniformly 
across the city or exhibit spatial patterns of differential warming. Furthermore, the UHTC-NN facilitates the analysis of how urban heat 
extremes are related to urban form and land cover. This information is crucial for identifying effective heat adaptation measures, such 
as optimizing building density and enhancing green and blue infrastructure.

2. Methods

The following section gives an overview of the study area and how temporal and spatial data are derived from different sources as 
well as validation data. In addition, the pre-processing process of temporal and spatial data to receive the model predictors is 
described. Furthermore, the entire model development process with validation and prediction is given.

2.1. Study area

The study area covers the urbanized area of Freiburg im Breisgau, Germany, a mid-latitude city in Central Europe. The mid-sized 
city is located in Southwest Germany (48.0◦N, 7.8◦E) in the Upper Rhine Valley and at the western slope of the Black Forest Mountain 
range. Freiburg has a warm-temperate climate with long-term averages (1990–2020) of 11.0 ◦C for annual Ta (20.1 ◦C in July), 886.5 
mm for annual precipitation, and up to 19 days with maximum Ta > 30 ◦C per year (DWD Climate Data Center (CDC), 2025). However, 
the average annual Ta of the last 10 years (2015–2024) was almost 1 K warmer than the long-term average of 11.9 ◦C. In addition, 
Hundhausen et al. (2023) showed that the Rhine Valley is one of the most exposed areas to heat stress in Germany and is predicted to 
experience a disproportionate increase in the future.

The training domain covers the urbanized area of Freiburg and has an extent of 10 km × 7 km and the model domain for 
downscaling climate model data has an extent of 5.0 km × 2.5 km (Fig. 1). The training domain provides detailed data from 40+
weather stations in an street-level sensor network, which helps to validate the model’s accuracy (Zeeman et al., 2024). Possible future 
changes in land use, urban development scenarios or changes in ecosystem functions are not considered as this would require further 
assumptions. However, this does not preclude such applications; for example, the UHTC-NN can be used to optimize buildings 
(Fünfgeld et al., 2025) or vegetation (Schrodi et al., 2023) for thermal comfort.

2.2. Climate change scenarios and reanalysis data

Reanalysis data for the years 1990–2019 are used as reference data to compare heat stress in future urban climates with the current 
urban climate assuming urban form stays constant. For this purpose, ERA5-Land data are used as provided by the Copernicus Climate 

Fig. 1. Study area with train, test, and prediction areas (c) and the location of Freiburg in Germany (a and b).
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Data Store (Muñoz Sabater, 2019, 2021). ERA5-Land data have a spatial resolution of ~9 km, allowing for detailed analysis of land 
surface conditions. ERA5-Land data are aggregated to 3 h values to ensure comparability, as the climate model data have a 3 h 
temporal resolution.

CMIP5 climate model data from five global-to-regional climate model chains (GCM-RCM) with a spatial resolution of 0.11◦ (~12.5 
km) are used as forcing data for thermal comfort predictions, consisting of three different global models and two different regional 
models (Table 1). For each, three different representative concentration pathways are considered, namely RCP2.6, RCP4.5, and 
RCP8.5 for the period 2070–2099. The peak of anthropogenic radiation forcing in RCP2.6 is assumed to occur in the mid-21st century, 
resulting in a forcing of 2.6 W m− 2 in 2100 (van Vuuren et al., 2011). RCP4.5 is a scenario with a stabilization of the radiative forcing at 
4.5 W m− 2 by the end of the century, while RCP8.5 is a scenario with very high greenhouse gas emissions, leading to a radiative forcing 
of 8.5 W m− 2 in 2100 (van Vuuren et al., 2011). The ensemble of simulations with different global and regional climate model chains is 
considered to provide a more comprehensive view of climate change projections in terms of regional heat extremes and uncertainty 
estimation. These simulations are part of the EURO-CORDEX dataset (https://www.euro-cordex.net). Only model chains for which all 
three RCPs were available in the Copernicus Climate Data Store (Copernicus Climate Change Service and Climate Data Store, 2019) 
could be considered. The climate model data and ERA5-Land data were extracted from the specific grid cell containing the Freiburg 
model domain (5.0 km × 2.5 km).

The climate model data are bias corrected in two steps. For this purpose, the R package “Multivariate Bias Correction of Climate 
Model Outputs” is used (Cannon Alex, 2023). In the first step univariate quantile delta mapping (QDM) (Cannon, 2016; Fauzi et al., 
2020; Qian and Chang, 2021) is applied. Therefore, quantiles of the ERA5-Land data and historical climate model data are mapped for 
the period of 1970–1999 and then applied to the climate model data of 2070–2099. For a more detailed description of the QDM method 
applied to the climate model data see Sulzer and Christen (2024). In the second step, the Multivariate Bias Correction in N dimensions 
(MBCn) as introduced by Cannon (2018) is applied, which is an extension of the univariate QDM method to multiple dimensions. 
Multivariate bias correction is applied to account for the interactions of the meteorological data that need to be considered for the UTCI 
calculation. To account for seasonality and the diurnal cycle, data are grouped by month and hour of the day prior to both bias 
correction steps. Figure A1 (Appendix A) shows detailed results of the bias correction process.

2.3. Validation data

Data from a custom biometeorological sensor network (Zeeman et al., 2024; Feigel et al., 2025) are used for pointwise validation of 
the UHTC-NN. The sensor network consists of eight stations. The sensors measure Ta, RH, U, and black globe temperature (Feigel et al., 
2025), which allows the calculation of Tmrt and hence UTCI (Błażejczyk et al., 2013). The stations are distributed across the entire city 
and its surroundings and represent different urban areas such as residential or industrial areas (Plein et al., 2024). Detailed information 
on the sensor network and its custom data logging and management platform can be found in Plein et al. (2024) and Zeeman et al. 
(2024). The biometeorological stations are instrumented with full weather sensors (ClimaVUE50, Campbell Scientific Inc., Logan, UT, 
USA) and black globe temperature sensors (model BLACKGLOBE-L, Campbell Scientific Inc., Logan, UT, USA) which are connected to a 
custom data logging platform (Feigel et al., 2025). The sensors are mounted at 3 m a.g.l. on streetlights or custom poles with south 
facing black globes to ensure full sun exposition (Feigel et al., 2025). The measuring interval is one minute.

2.4. Model development

The following sections describe the derivation of the spatial and temporal predictors and the response data (UTCI maps), the model 
development process, and the model evaluation process and predictions. The deep learning modelling is done using Python (Python 
Software Foundation) and PyTorch (Paszke et al., 2019). The UHTC-NN model requires geospatial input in the form of detailed urban 
building, form, and vegetation characteristics, and temporally varying input in the form of generic meteorological forcing for the entire 
domain.

2.4.1. Spatial and temporal predictors
The spatial predictors are related to urban form and function and are time independent. All spatial predictors are listed in Table 2. 

Since the UHTC-NN combines several sub-models of the proposed model by Briegel et al. (2024) into one, spatial predictors are added 
to the UHTC-NN in two different ways: spatially resolved and spatially aggregated (see Fig. 2). Spatially resolved data are provided to 
the U-Net encoder as images (matrices) with a resolution of 1 m and an extent of 500 m × 500 m, such as the Digital Surface Model 

Table 1 
Overview of the used CMIP5 EURO-CORDEX simulations. GCM: Global Climate Model; RGM: Regional Climate Model; RCP: Representative 
Concentration Pathway; rip: realization, initialization, and physics (driving ensemble member).

GCM RCM rip RCP

ICHEC-EC-EARTH KNMI-RACMO22E r12i1p1 RCP2.6, RCP4.5, RCP8.5
ICHEC-EC-EARTH SMHI-RCA4 r12i1p1 RCP2.6, RCP4.5, RCP8.5
MOHC-HadGEM2-ES KNMI-RACMO22E r1i1p1 RCP2.6, RCP4.5, RCP8.5
MOHC-HadGEM2-ES SMHI-RCA4 r1i1p1 RCP2.6, RCP4.5, RCP8.5
MPI-M-MPI-ESM-LR SMHI-RCA4 r1i1p1 RCP2.6, RCP4.5, RCP8.5
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(DSM), Digital Elevation Model (DEM), or Land Cover Classes (LCC - Briegel and Christen, 2025). Land cover data is based on in
formation from several sources (Briegel et al., 2023) and follows the UMEP definitions (Lindberg et al., 2018). According to these, 
pixels with values such as ‘grass’, ‘paved’, ‘water’, and ‘bare soil’ do not have a tree canopy above them. DSM and DEM are obtained 
from LiDAR data provided by the city of Freiburg, and have a vertical accuracy of ±0.15 m (City of Freiburg im Breisgau, 2021). To 
prevent edge effects, several adjustments are made to the spatial data during pre-processing. Spatial predictors, such as Sky View 
Factor maps, are calculated not only for 500 m × 500 m grid cells, but also within a 200 m buffer. Spatially aggregated data covers the 
same 500 m × 500 m grid extent as the spatially resolved data, but aggregated into a scalar value: e.g., mean building height, mean 
altitude, or fractions of land cover classes. The aggregated spatial data are added together with the temporal data to the abstract spatial 
representation of the U-Net (the ‘bottleneck’ between encoder and decoder). A detailed description of the derivation of the spatially 
resolved and aggregated data can be found in Briegel et al. (2023, 2024), and Briegel and Christen (2025).

The temporal predictors are climate change scenario and reanalysis atmospheric forcing data. The variables derived from climate 
change scenario and reanalysis data are Ta, RH, air pressure, wind speed and direction, incoming shortwave radiation (Kdown), and 
incoming longwave radiation (Ldown). ERA5-Land data is used as training data. Besides these variables, additional temporal variables 
are created. To account for seasonality and the diurnal cycle, sine functions are applied with maximum and minimum in summer/ 
winter and day/night. In addition to the sine functions, solar elevation and declination angles are added to address the position of the 
sun to better map shadow patterns. The temporal data, together with the spatial aggregated data (in sum 25 predictors), are added to 
the abstract spatial representation of the U-Net.

2.4.2. Response data
The response data comprises UTCI maps generated from simulations using the HTC-NN model by Briegel et al. (2024), which was 

proposed to model UTCI with high spatial and temporal resolution for large model domains. Their model uses four different sub- 
models based on machine and deep learning to separately model Ta, RH, Tmrt, and U, respectively. Due to the different spatial vari
ability of the input variables, Ta and RH are modelled at a spatial resolution of 500 m, while Tmrt and U are modelled at a finer res
olution of 1 m. Consequently, UTCI is predicted over areas of 500 m × 500 m using input data at mixed resolutions: 500 m for Ta and 
RH and 1 m for Tmrt and U. The individual sub-models are described in detail in Briegel et al. (2024) for Ta, RH, and U; in Wehrle et al. 
(2024) for U; and in Briegel et al. (2023) for Tmrt. The outputs from these four sub-models are used in the final step to calculate the 
UTCI.

2.4.3. Model development
The development of the UHTC-NN requires three steps: (i) splitting predictors and response data into training and test data 

(sampling), (ii) finding the best U-Net architecture, and (iii) training and evaluating the final model.
The spatial training and test data consist of 100 areas with a size of 500 m × 500 m (Fig. 1). The temporal training and test data 

consist of 200 days with an hourly resolution. Of the 100 areas, 85 are used for training and 15 are retained for testing. Likewise, of the 
200 days, 170 are devoted to training and the remaining 30 to testing. This means, the HTC-NN is used to simulate UTCI maps for 85 
areas and 170 days (training) and 15 areas and 30 days (testing) with hourly resolution, resulting in a total of 357,600 UTCI maps with 
346,800 maps used for training and 10,800 for testing. Temporal training data are randomly sampled within the period from 2020 to 
2022, while data sampled after the summer of 2022 serve as test data. Some days are added manually to cover extreme weather 
situations: days with minimum and maximum daily average Ta and days with daily minimum and maximum Ta are added. This means 
that 196 days are randomly sampled, and 4 days are predefined. Spatial training and test areas are also randomly sampled. Similar to 
the temporal data, specific test areas are predefined manually as biometeorological measurements exist in some areas. In total, 92 areas 
are randomly sampled, and 8 areas are manually defined. The spatial and temporal predictors are split into training and test data in the 
same way as the UTCI response data.

The final architecture of the UHTC-NN is based on the U-Net architecture proposed by Ronneberger et al. (2015) and Dosovitskiy 
et al. (2015). A more detailed explanation of the U-Net and its functionality can also be found in Briegel et al. (2023). A schematic 
representation of the model is shown in Fig. 2. The resolved spatial input data (34, 512, 512) is reshaped by a 3 × 3 convolutional layer 
(32, 512, 512) before being transformed into an abstract representation by three 3 × 3 convolutional layers with a stride of two 
resulting in a shape of (256, 64, 64). The aggregated spatial and the temporal data (256, 1, 1) are added to this abstract representation. 
This is followed by upsampling, concatenation with the specific encoder layer (skip connections), and a 1 × 1 convolutional layer. This 
process is repeated three times before a 3 × 3 convolutional layer is applied in the last step to achieve the targeted spatial resolution (1, 
512, 512). Except for the last convolutional layer, batch normalization and ReLU activation function are added after to the con
volutional layers. The model is trained for 10 epochs. The remaining hyperparameters are listed in Table A2.

Table 2 
Spatial predictors of the UHTC-NN can be either spatially resolved (1 m £ 1 m) or aggregated (500 m £ 500 m). DSM: Digital Surface Model; 
DEM: Digital Elevation Model; SVF: Sky View Factor; suffixes ‘b’ and ‘v’ account for buildings and vegetation, respectively.

Urban form and function Spatially resolved Spatially aggregated

Building structure DEM, DSMb, SVFb Mean building height, roughness length, zero place displacement length, frontal area index
Vegetation structure DEM, DSMv, SVFv Mean vegetation height, frontal area index
Land cover classes Land cover class map Land cover class fractions, mean altitude
Urban population – Population density
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The UHTC-NN is validated in two steps. The first step is a spatial validation against the model from Briegel et al. (2024). In a second 
step, both models are validated against measurements from the biometeorological sensor network. As evaluation measures Root Mean 
Square Error: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(1) 

and Mean Absolute Error: 

MAE =
1
n
∑n

i=1
|yi − ŷi| (2) 

are used.

2.4.4. Model predictions
The UHTC-NN is used to model UTCI on a spatial resolution of 1 m and on temporal resolution of 3 h for the two periods from 1990 

to 2019 and 2070–2099. For the 2070–2099 period, the UHTC-NN is forced with the RCP2.6, RCP4.5, and RCP8.5 scenarios using five 
climate models each. This results in 15 simulations for the 2070–2099 period.

The prediction area is a 5.0 km × 2.5 km subset of the city of Freiburg (see Fig. 1). In order to prevent edge effects (see Fig. B2), we 
ran two simulations of UTCI for the same model domain: one with the initial grid configuration and one with a shifted grid. This 
involved shifting the grid by 250 m in both the x and y directions to create overlapping grids and predictions. We then calculated a 
weighted mean based on the distance to the corresponding grid cell centres. This means roughly 140 million 500 m × 500 m UTCI 
maps and around 36 billion 1 m × 1 m UTCI point predictions are calculated. Since saving results of every individual timestep would 
exceed available storage capacity, only aggregated results are saved. The results are not stored as decimal numbers, but as sums of 
hours per pixel in each UTCI class. The bin size of the UTCI classes is 1 ◦C, e.g. [1.0 ◦C, 2.0 ◦C). In addition, a distinction is made 
between day and night and between months. This allows the calculation of the average hours per month and pixel above certain 
thresholds for both day and night.

2.5. Validation of the UHTC-NN

2.5.1. Validation
The validation of the UHTC-NN is done in two ways. A direct comparison with its parent model (Briegel et al., 2024) is performed, 

as well as point validations using RMSE for both models with measurements from a pedestrian-level sensor network. In addition, 
classification metrics are calculated to quantify the ability of the model to predict the UTCI heat stress classes as a function of the 

Fig. 2. Schematic representation of the U-Net (figure is based on Briegel et al., 2023).
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surrounding areas by increasing the radii of considered data around the measurement station (Table B1). True Skill Score (TSS), 
Probability of Detection (POD), and False Alarm Rate (FAR) are used as evaluation metrics. The TSS is defined as follows: 

TSS =
a

a + c
−

b
b + d

(3) 

with true positives (a), false positives (b), false negatives (c), and true negatives (d). TSS closer to +1 indicates more accurate pre
diction, TSS closer to 0 indicates less accurate prediction. The definitions of POD and FAR can be found in Appendix B.

2.5.2. Significance test
To distinguish whether the heat stress hours of the three RCP scenarios differ significantly from the historical ERA5-Land data, a 

significance test is applied. As the heat stress hours data do not follow a normal distribution, the nonparametric paired Wilcoxon signed 
rank test is used (Hastie et al., 2009). This test is applied in two ways: (1) to test the overall significance between ERA5-Land and the 
different RCP scenarios and (2) to test the significance of each hexagon (defined by a particular land cover fraction combination) 
shown in Fig. 4. For (1), the 5.0 km × 2.5 km prediction areas are compared in their entirety and the five different climate models are 
pooled into one dataset. As the test is paired, each 1 m × 1 m ERA5-Land grid cell is compared with its corresponding grid cell in the 
RCP data. The significance level of the paired Wilcoxon signed rank test is 0.05 (p-value). In (2), the 100 m × 100 m grid cells are 
identified for each hexagon from Fig. 4. Each 100 m × 100 m still has a 1 m resolution and for each 100 m × 100 m grid cell the 
significance is tested individually. However, as each hexagon of Fig. 4 can be assigned up to multiple different 100 m × 100 m grid 
cells, the p-value must be adjusted to account for the multiple comparison problem (type I error). This is done by dividing the p-value 
by the number of 100 m × 100 m grid cells per hexagon (Bonferroni correction): For example, if a hexagon is assigned to 10 different 
100 m × 100 m grid cells, the p-value is 0.05 / 10 = 0.005. Figure 4b and d show how many of the corresponding grid cells are 

Fig. 3. Mean heat stress hours (UTCI ≥ 26 ◦C) per year with 1 m resolution for an area of 5.0 km £ 2.5 km in Freiburg, Germany. Heat stress 
hours at pedestrian level modelled by UHTC-NN for the historical period are shown in a for daytime and in c for nighttime. The additional heat 
stress hours of the RCP8.5 scenario ensemble downscaling are shown in b and d. The small panels (1)–(4) represent different neighborhoods with (1) 
an industrial area (LCZ 8), (2) an open arrangement of mid-rise to large buildings (LCZ 5), (3) an open low-rise residential area (LCZ 6), and (4) a 
dense arrangement of mid-rise to large buildings (LCZ 2). Building footprints are excluded from calculations and shown in grey.
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significant for the RCP8.5 scenario (< 90 %, 90 %–95 %, ≥ 95 %).

3. Results

3.1. Validation of the UHTC-NN

The UHTC-NN is validated in two steps. First, the HTC-NN and UHTC-NN are compared with data from the urban sensor network. 
Although the HTC-NN has already undergone extensive point validation using data from the urban sensor network (Briegel et al., 
2024), the predictions of the HTC-NN and the UHTC-NN are compared with the sensor network data to ensure that the predictions of 
both models are reasonable and that the UHTC-NN is accurate against not only its parent HTC-NN model, but also against mea
surements. The respective MAEs of the HTC-NN and UHTC-NN are 1.85 K and 1.83 K, and the respective RMSE are 2.46 K and 2.45 K. 
The MAE of the UHTC-NN ranges from 1.40 K to 2.72 K across the different sensor stations, and from 1.11 K to 4.01 K across the 
different test days. These results agree with the findings of Briegel et al. (2024) and demonstrate that the UHTC-NN has a similar ability 
to predict UTCI as the HTC-NN. TSS analysis of heat stress classes shows that smaller radii result in higher TSS for heat stress in general 

Fig. 4. Average heat stress hours per year (UTCI ≥ 26 ◦C) and 100 m × 100 m grid cell as function of land cover class fractions depicted in a ternary 
plot. Each hexagon represents a certain land cover fraction combination and shows the average heat stress hours of all grid cells sharing this land 
cover fraction combination (bin size is 5 %). The grey dots show the number of grid cells for each hexagon. The black dots show the percentage of 
significantly different 100 m × 100 m cells in each hexagon (see Methods section). The upper panels (a and b) show the average heat stress hours for 
daytime and the lower panels (c and d) for nighttime. The historical reference period is shown in a and c, while b and d show the additional heat 
stress hours of the RCP8.5 scenario ensemble. The black framed hexagons (1)–(4) correspond to the sub-panels from Fig. 3.
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and for strong heat stress (see Table B1). TSS for heat stress in general is 0.78 and TSS for strong heat stress is 0.71 at the radius of 1 m, 
whereas at a radius of 100 m, TSS is 0.72 for heat stress in general and 0.50 for strong heat stress. TSS for moderate heat stress is quite 
similar for different radii, ranging from 0.51 for the 1 m radius to 0.54 for the 100 m radius.

In the second validation step, the UHTC-NN and the HTC-NN predictions are compared on an area basis. The overall MAE of all 15 
test areas and 30 test days is 0.42 K, while the RMSE is 0.57 K. Figure B1 shows box plots of the RMSE by meteorological season (a), 
averaged daily cycles by season (b), box plots by test area (c) and by test day (d). There is slight variation in model accuracy between 
seasons, with an RMSE of around 0.5 K. Errors are lower at night than during the day, and vary more between test days than between 
test areas. In summer, the highest errors occur in the morning and evening. In spring and autumn, the highest errors occur before and 
after noon, whereas in winter, there is no clear trend. On average, the UHTC-NN has higher errors during the day than at night.

3.2. Historical heat stress conditions in urban environments

Example heat stress maps for a 5.0 km × 2.5 km area are shown in Fig. 3. The maps show the average hours per year and pixel (m2) 
exceeding a UTCI value of 26 ◦C at pedestrian level (1.3 m a.g.l.), which represents the threshold for heat stress (Błażejczyk et al., 
2013), and are hereafter referred to as heat stress hours. Average heat stress hours are differentiated by day (Figs. 3a, b) and night 
(Figs. 3c, d), and by historical reference period (1990–2019 – Figs. 3a, c) and projected average increase of the downscaled RCP8.5 
scenario ensemble (2070–2099 – Figs. 3b, d). Figure 3a illustrates substantial differences and high spatial variability in daytime heat 
stress hours at the neighborhood and microscale across the city, with values ranging from approximately 250 h to 950 h at a spatial 
resolution of 1 m. At night, heat stress hours are almost non-existent in the historical period (Fig. 3c), with up to 5 h in selected 
locations.

Sub-panels (1)–(4) of Fig. 3a-d show map tiles of four neighborhoods with different local climate zones (LCZ) (Stewart and Oke, 
2012). Sub-panel (1) represents an industrial area with large buildings, paved surfaces and few trees (LCZ 8), while sub-panels (2) and 
(3) are residential areas with mature tree stocks (LCZ 5 and 6, respectively), and (4) is the historic city center of Freiburg with a dense 
mix of mid-rise buildings and low tree coverage. These sub-panels are added to illustrate contrasting neighborhoods within the same 
city.

The different spatial pattern of daytime and nighttime heat stress hours at the neighborhood scale (sub-plots shown in Fig. 3) can be 
assessed more systematically in the context of land cover fractions (Fig. 4). For Fig. 4, a 100 m × 100 m grid is superimposed on the 
heat stress hours maps and heat stress hours are averaged within each grid cell. In addition, land cover fractions (buildings, paved 
surfaces, grass surfaces, tree canopy coverage) are calculated for each grid cell. Each hexagon represents a particular combination of 
land cover fractions and shows the average heat stress hours of all grid cells sharing that land cover fraction combination. During the 
day, a higher proportion of buildings/trees leads to less heat stress hours, while a higher proportion of paved/grass explains more heat 
stress hours (Fig. 4a). At night, however, the pattern is reversed, with more heat stress hours in neighborhoods with higher building/ 
tree fractions (Fig. 4c). Figure 5 shows hours of heat stress differentiated by UTCI heat stress class: moderate (26 ◦C ≤ UTCI < 32 ◦C), 
strong (32 ◦C ≤ UTCI < 38 ◦C), and very strong (UTCI ≥ 38 ◦C), similar to Fig. 4. The spatial patterns of the heat stress hours across the 
different stress classes are almost identical in the reference period, with more hours occurring open areas with higher proportion of 
grass/paved surfaces. However, there is a shift towards an increase in hours as the proportion of building increases from moderate to 
very strong heat stress.

3.3. Future heat stress conditions change under climate change

By the end of the 21st century, heat stress hours are projected to increase by an average of up to 480 h during the day and up to 110 
h at night (Figs. 3b, d). According to the RCP8.5 scenario, nocturnal heat stress will become a common stress factor in the future. 
Although the average relative increase in daytime heat stress hours is smaller than at night (+63 % vs. +600 %), the average absolute 
increase is greater during the day (+393 h vs. +61 h). Daytime heat stress for strong and very strong heat stress increases by +172 h 
(reference: 135 h) and +64 h (reference 7 h), respectively. This equates to percentage increases of 128 % and 914 %, respectively. The 
increase in heat stress hours varies substantially between neighborhoods for both day and night, with some areas experiencing smaller 
or larger changes. The increase pattern differs between day and night, with greater variability observed during the day. In the reference 
period, daytime heat stress hours decrease from sub-panels (1) to (4) in Fig. 3a, but heat stress hours increase from (1) to (4) under the 
RCP8.5 scenario (Fig. 3b). Conversely, current nighttime heat stress hours increase from (1) to (4), with the city center experiencing 
the highest number of heat stress hours. Under the RCP8.5 scenario, the increase in nighttime heat stress hours mirrors the daytime 
trend, increasing from (1) to (4).

Figure 4b and d show that the patterns of additional heat stress hours as a function of land cover class fractions under the RCP8.5 
scenario are nearly identical for both day and night. Results for RCP2.5 and RCP4.5 are shown in Appendix C (Figs. C1, C2). The 
increase in additional heat stress hours is higher in areas with more buildings/trees and lower in open areas with fewer buildings/trees. 
However, in areas with sparse building density, the increase in additional heat stress hours is more pronounced at night compared to 
daytime. When distinguishing between the different heat stress classes (Fig. 5), the increase patterns are almost opposite for moderate 
and very strong heat stress (Figs. 5b, f). While hours with moderate heat stress increase most in areas with a higher proportion of 
buildings or trees, hours with very strong heat stress increase particularly in open areas with a high proportion of grass and paved 
surfaces (Fig. C3). The pattern of increases for strong heat stress is intermediate, with the highest increases occurring in areas with a 
low proportion of buildings (Fig. 5d).

Figure 6 illustrates the same relationship as Fig. 4, but in a two-dimensional form that allows to distinguish between grass and 
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paved fractions. Figure 6b and d show that the proportion of grass has an inverse effect on the additional heat stress hours between day 
and night: during the day, the additional heat stress hours increase as the proportion of grass increases, whereas at night the additional 
heat stress hours decrease as the proportion of grass increases. In addition, Figs. 6c and d demonstrate that the relationships between 
land cover fractions and (additional) nighttime heat stress hours follows the same pattern for both the reference period and the 
projected increase under RCP8.5. However, the relationships between (additional) daytime heat stress hours and the building, tree, 
and paved fractions differ between the reference period and the projected increase under RCP8.5 (Figs. 6a, b). The spatial patterns in 
Fig. 5b, d, which show fewer hours for low proportions of buildings and trees, are reflected in the initial minimum of additional heat 

Fig. 5. Average heat stress hours distinguished by UTCI stress classes per year and 100 m × 100 m grid cell as function of land cover class fractions 
depicted in a ternary plot similar to Fig. 4. The panels a and b show the average ‘moderate heat stress’ (Moderate HS) hours, c and d the average 
‘strong heat stress’ (Strong HS) hours, and e and f the average ‘very strong heat stress’ (Very strong HS) hours. All panels show the daytime situation. 
The historical reference period is shown in a, c, and e, while b, d, and f show the additional heat stress hours of the RCP8.5 scenario ensemble. The 
black framed hexagons (1)–(4) correspond to the sub-panels from Fig. 3.

Fig. 6. Average heat stress hours (UTCI ≥ 26 ◦C) per year and 100 m × 100 m grid cell as function of land cover class fractions (bin size is 5 %). The 
upper panels (a and b) show the average heat stress hours for daytime and the lower panels (c and d) for nighttime. The historical reference period is 
shown in a and c, while b and d show the additional heat stress hours of the RCP8.5 scenario ensemble. Note that a minimum of three areas per bin 
are used as thresholds and that the scales of the y-axes differ between the subplots. Shaded areas are the 95 % confidence intervals of the spatial 
variability.

F. Briegel et al.                                                                                                                                                                                                         Urban Climate 62 (2025) 102564 

11 



stress hours for building and tree proportions in Fig. 6b.
Figure 7 shows the additional heat stress hours under RCP8.5 as a function of the reference period heat stress hours differentiated 

by UTCI stress classes. For moderate heat stress during the day, areas with more heat stress hours under the current climatic conditions 
experience a smaller increase of additional heat stress hours, while areas with fewer hours experience a larger increase (Fig. 7a). For 
strong heat stress there is no clear trend. However, for very strong heat stress, a clear trend emerges: areas with more hours of very 
strong heat stress during the reference period experience a greater increase in additional very strong heat stress hours than areas with 
fewer hours (Fig. 7b). The same pattern is observed at night: areas with more hours of heat stress experience a greater increase in 
additional heat stress hours (Fig. 7c).

4. Discussion

Validation of UHTC-NN shows a comparable accuracy to other thermal comfort models (Krayenhoff et al., 2021; Meili et al., 2021; 
Nice et al., 2022; Briegel et al., 2024). Its high accuracy and rapid computation allow efficient downscaling of multi-decadal reanalysis 
data or climate ensembles on a 3-hourly resolution. This enables robust assessment of the spatial heterogeneity of projected climate 
change signals for entire cities.

4.1. Historical heat stress

The downscaling of the ERA5-Land-reanalysis data reveals significant intra-urban variability in heat stress (Fig. 3), highlighting the 
need to distinguish between daytime and nighttime heat hotspots (Wang et al., 2021). The microscale patterns of heat stress hours are 
strongly influenced by urban morphology (Fig. 3). At a coarser level of aggregation (100 m), average heat stress hours are closely 

Fig. 7. Additional heat stress hours of the RCP8.5 scenario ensemble downscaling as a function of heat stress hours in the historical reference 
period. Panel a show the daytime conditions for moderate and strong heat stress, while panel b shows very strong heat stress. Panel c shows 
moderate heat stress at night. The colors represent UTCI heat stress classes: moderate heat stress (26 ◦C ≤ UTCI < 32 ◦C), strong heat stress (32 ◦C ≤
UTCI < 38 ◦C), and very strong heat stress (UTCI ≥ 38 ◦C). Shaded areas are the 95 % confidence intervals of the spatial variability.

F. Briegel et al.                                                                                                                                                                                                         Urban Climate 62 (2025) 102564 

12 



correlated with land cover fractions (Figs. 4, 6). Different types of land cover lead to a day-night contrast of heat stress hours, mainly 
due to shading, radiation reflection/emission, and ventilation effects. In particular, daytime heat stress is significantly reduced by 
shading, and areas with a higher proportion of trees or buildings experience fewer heat stress hours than open areas (Middel et al., 
2016). On hot, solar radiation-intensive days, heat stress is primarily driven by solar radiation, with shading reducing Tmrt and hence 
UTCI. In contrast, the number of heat stress hours at night is higher in areas with more trees or buildings compared to open areas as 
long-wave radiation trapping becomes the dominant process: the three-dimensional nature of cities (buildings and trees) increases the 
surface area, leading to higher longwave radiation emissions towards the pedestrian level and thus to higher Tmrt (Allegrini et al., 
2012). The combination of radiation trapping and reduced ventilation increases nighttime heat stress in street canyons with large tree 
canopies. This day-night variation highlights the challenge of balancing daytime shading with nighttime radiation trapping and 
ventilation in climate-sensitive design.

The results of this study align with those of comparable studies that have investigated pedestrian-level thermal comfort at a 
building-resolved scale. During the daytime, shading is the main factor in describing small-scale variability (Crank et al., 2020; Middel 
et al., 2021), whereas at night, radiation trapping and reduced near-surface Ta cooling are important factors (Masson et al., 2020; 
Weeding et al., 2024).

4.2. Future heat stress

The future increase in heat stress hours, similar to the current spatial variability, is unevenly distributed across the city, with 
distinct spatial patterns at the neighborhood scale and at the microscale for both day and night and across different heat stress classes 
(Fig. 3). The average absolute increase in general heat stress hours during the day (+393 h) is significantly higher than at night (+61 h) 
for RCP8.5. Both RCP8.5 and RCP4.5 show a significant increase over the entire area. However, the RCP2.6 scenario illustrates the 
need for a combined analysis incorporating climate, spatial heterogeneity, and day/night comparisons (cf. Figs. C1 and C2), where 
both increases and decreases in heat stress hours occur as a function of land cover fractions. The differences in additional daytime heat 
stress hours between areas with more buildings or trees and open areas are mainly due to shading. While Ta will increase with projected 
climate change, solar radiation is expected to remain constant (Table A1). Consequently, the increase in Ta will raise the UTCI baseline 
in both shaded and sunlit areas. As open areas already experience more heat stress hours, there is less capacity for further increases 
(Figs. 4a, 5a). However, this does not imply that open areas will experience less heat stress than shaded areas in future. The spatial 
pattern of heat stress from the reference period will persist, and there will be a shift towards more extreme heat stress classes. The 
overall distribution of general heat stress hours will become narrower. When differentiating between heat stress classes, the difference 
in increase between the UTCI classes can be explained in a similar way. Areas that are already frequently exposed to very strong heat 
stress during the reference period are also much more often exposed to moderate heat stress (Figs. 5a,c,e). This means that these 
hotspot areas experience a shift between the UTCI stress classes, with a smaller increase in moderate heat stress but a larger increase in 
very strong heat stress (Figs. 5b,d,f, and 7). Most of the shaded areas will only experience a substantial increase in the moderate and 
strong heat stress class. At night, areas currently experiencing higher levels of heat stress (more buildings/trees) will face even larger 
increases in additional heat stress hours compared to areas with lower current levels of heat stress (more grass/paved) due to increased 
nighttime Ta, and thus increased Tmrt by radiation trapping (Figs. 3, 4). In open areas the increase in UTCI is mainly due to higher Ta. As 
a result, the distribution of heat stress hours at night becomes wider, in contrast to the narrower distribution observed during the day. 
In conclusion, during the day, ‘cooler’ areas experience a larger absolute and relative increase in heat stress hours, while ‘hotter’ areas 
show a smaller increase, but with a higher proportion of (very) strong heat stress. At night, the trend is reversed, with ‘hotter’ areas 
experiencing larger increases and ‘cooler’ areas showing smaller increases. Unprecedented extreme daytime heat stress will show 
increased heterogeneity, analogous to nighttime heat stress.

There are not many studies that have conducted comprehensive spatial downscaling of climate ensembles to a building-resolved 
scale. Weeding et al. (2024) used SOLWEIG to downscale an RCP8.5 climate ensemble to a 1 m resolution for a 150 m × 150 m 
domain in Tasmania. They found a median increase in hours of strong and very strong heat stress of 74 % and 125 %, respectively, from 
the 1990–2005 period to the 2040–2059 period. While the two study areas cannot be compared directly and our study uses the period 
2070–2099 as the future scenario (+128 % and +914 % for strong and very strong heat stress respectively), the observed trends in both 
studies suggest a significant rise in heat stress, particularly towards the end of the century.

4.3. Potential limitations

Downscaling climate ensembles to a building resolved scale holds several potential sources of uncertainty such as accuracy of the 
chosen modelling/downscaling approach, quality of meteorological and spatial data, and assumption made to represent future urban 
structures.

Although we demonstrated that the proposed models are as accurate as comparable urban climate models, their accuracy is still 
limited by the data on which they are trained. As statistical models, incorporating machine- and deep learning models, are capable of 
interpolation, extrapolation must be approached with caution. For this reason, this research focuses on general heat stress hours rather 
than extreme values, as only a few hours with these extremes occurred during the training period. The same is true of spatial urban 
morphometric data. As we trained and evaluated the model in Freiburg, Germany, the findings are specific to Freiburg and may differ 
for cities in other climate zones and with different urban structures. However, as other studies have found similar effects of urban 
morphology on heat stress (Weeding et al., 2024), the conclusion drawn should be valid in principle.

In this modelling approach, the current urban morphology and vegetation are ‘frozen’, and no assumptions are made about future 
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changes in land use or ecosystem functions. While this approach leaves potential adaptation actions unconsidered, it preserves the 
current tree canopy and vegetation structure and thus the ecosystem functions, which will most likely differ by the end of the 21st 
century (e.g., tree mortality has already increased in Germany in recent years due to droughts and extreme temperatures - Haberstroh 
et al., 2022; Schiefer et al., 2024). In addition, not every pixel may be correctly classified in the context of land cover. However, we 
think this should not influence the general trend when we compare current to future stress. These and other caveats should be 
addressed in future studies.

5. Conclusion

Our study presents a novel deep learning model UHTC-NN, designed to model human thermal comfort (UTCI) in complex urban 
environments. This model provides rapid, high-resolution predictions of two-dimensional UTCI fields at pedestrian-level, enabling 
systematic and quantitative analysis of heat stress in urban environments. By downscaling extensive meteorological datasets, including 
reanalysis and climate projections, to a building-resolved scale, UHTC-NN provides detailed insights into the spatial patterns of urban 
heat stress. We demonstrate the model’s capabilities by applying it to downscale a CMIP5 climate model ensemble to 1 m resolution for 
a 5.0 km × 2.5 km area in Freiburg, Germany.

Our findings reveal significant increases in heat stress hours under the RCP4.5 and RCP8.5 scenarios, with the climate signal as the 
dominant effect, while under the RCP2.6 scenario increases and some decreases in heat stress hours occur, with urban land cover as the 
dominant effect. Nevertheless, large intra-urban variability in heat stress hours is found for both the reference period (1990–2019) and 
the projected future changes (2070–2099), which underlines the need of high-resolution prediction models like UHTC-NN for mapping 
heat exposure in urban environments. This spatial variability is closely related to land cover fractions and shows inverse day/night 
spatial patterns. Future daytime general heat stress will exhibit reduced spatial heterogeneity, while nighttime heat stress and daytime 
extremes will show increased spatial heterogeneity. The high-resolution UTCI predictions generated by UHTC-NN mark a significant 
advance in data-driven heat stress modelling for complex urban environments.

A combined analysis of climate change impacts, complex urban structures, and diurnal (day/night) patterns, which can be 
examined simultaneously by this approach, is required for a holistic understanding of these processes. Once validated and adapted for 
use in other cities, UHTC-NN has the potential for global applications, significantly improving our ability to address and mitigate urban 
heat hotspots in the face of climate change. Such comprehensive insights open a wide range of possibilities for urban planning, from the 
evaluation of adaptation measures and design alternatives, to the assessment of critical infrastructure, and the advancement of 
research on urban-environment-heat interactions - all while consistently taking into account the effects of climate change.
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Appendix A. Data and methods

Table A1 
Metrics of different meteorological input variables for the reference period from 1990 to 2019 (ERA5-Land) and the climate projections from 2070 to 
2099 distinguished by RCPs.

Scenario Ta Kdown Ldown RH U

mean  

(◦C)

mean of daily maximum  

(◦C)

mean  

(W m− 2)

mean of daily maximum  

(W m− 2)

mean  

(W m− 2)

mean of daily maximum  

(W m− 2)

mean  

(%)

mean  

(m s− 1)

ERA5-Land 9.5 13.5 140 476 309 337 78.7 2.0
RCP2.6 10.2 14.4 137 440 315 340 79.5 2.5
RCP4.5 11.3 15.4 135 434 322 347 79.4 2.6
RCP8.5 13.2 17.3 135 434 334 359 78.1 2.6

Table A2 
Hyper-parameter of the U-Net model.

Hyper-parameter Value

Loss function L1
Optimizer AdamW
Learning rate 0.001
Weight decay 1e-3
Learning rate scheduler cosine annealing

Fig. A1. Density plots of the initial CCS scenario data (2070–2099), the multivariate bias corrected data (2070–2099), and the ERA5-Land data 
(1990–2019). Panel a shows the results for Ta, b for Pressure, c for RH, d for Ldown, e for Kdown, and f for U.
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Appendix B. Evaluation of the UHTC-NN

Impact of spatial data inaccuracy and spatial correlation
In addition to evaluating the UHTC-NN on measurement data, this section shows and discusses the effect of the accuracy of the 

spatial data, edge effects of the model predictions, and how RMSE is influenced by increasing distance to the measurement stations of 
the sensor network.

As spatial data such as building and vegetation DSMs are subject to uncertainty, we evaluated the impact of these inaccuracies. 
According to the data provider, the City of Freiburg and the State of Baden-Württemberg, the DSM data has an error range of ±0.15 m. 
We simulated the UTCI for one day with hourly resolution in one of the test areas. We found that the differences ranged from -0.0015 K 
to 0.0006 K, which is negligible. The edge effects of the model predictions are shown in Fig. B2, with averaged RMSE map across all test 
areas and days (a) and with RMSE as a function of the distance to the edges. It can be seen that RMSE is slightly increased closer to the 
edges. Although, this margin is quite small, the predictions are adjusted to account for these effects (see methods section).

Increasing the radius used to capture data for evaluation on the sensor network results in an increasing RMSE trend, from 2.20 ◦C 
for a 1 m radius to 2.55 ◦C for a 100 m radius (5 m radius: 2.22 ◦C; 10 m radius: 2.28 ◦C; 50 m radius: 2.44 ◦C).

Definition of Probability of Detection (POD) and False Alarm Rate (FAR)
True positives (a), false positives (b), false negatives (c), and true negatives (d). 

POD =
a

a + c
(4) 

FAR =
b

a + b
(5) 
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Fig. B1. Evaluation of the UHTC-NN on its parent model proposed by Briegel et al., 2024. Boxplots of root mean square error (RMSE) by season are 
shown in a. RMSE as a function of time of day for different seasons is shown in b. The differences between day and night are shown in c and d, while 
c shows the averages by test areas and d by test days.

Fig. B2. Spatial mapping of prediction errors. RMSE averaged over all test areas and test days (a). RMSE as a function of distance to the edge of the 
500 m × 500 m grid (b).

Table B1 
True Skill Score (TSS), Probability of Detection (POD), and False Alarm Rate (FAR) of the UHTC-NN compared to 
measured data of the sensor network. Results are differentiated by different radii of considered simulated values of the 
UHTC-NN for comparison. Heat stress is defined as UTCI ≥26 ◦C, moderate heat stress as 32 ◦C > UTCI ≥26 ◦C, and 
strong heat stress as UTCI ≥32 ◦C.

UHTC-NN

Radius (m) UTCI stress class TSS POD FAR

1
Heat stress 0.78 0.80 0.16
Moderate heat stress 0.51 0.54 0.35
Strong heat stress 0.71 0.74 0.43

5
Heat stress 0.78 0.80 0.16
Moderate heat stress 0.51 0.55 0.35
Strong heat stress 0.69 0.71 0.43

10
Heat stress 0.76 0.79 0.15
Moderate heat stress 0.51 0.55 0.34
Strong heat stress 0.69 0.70 0.40

50
Heat stress 0.72 0.74 0.13
Moderate heat stress 0.53 0.57 0.35
Strong heat stress 0.56 0.57 0.30

100
Heat stress 0.72 0.74 0.11
Moderate heat stress 0.54 0.57 0.35
Strong heat stress 0.50 0.51 0.28

Appendix C. Additional Results
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Fig. C1. Average heat stress hours per year (UTCI ≥ 26 ◦C) and 100 m × 100 m grid cell as function of land cover class fractions depicted in a 
ternary plot for the RCP2.6 scenario. Each hexagon represents a certain land cover fraction combination and shows the average heat stress hours of 
all grid cells sharing this land cover fraction combination (bin size is 5 %). The grey dots show the number of grid cells for each hexagon. The black 
dots show the percentage of significantly different cells in each hexagon (see Methods section). The upper panels (a and b) show the average heat 
stress hours for daytime and the lower panels (c and d) for nighttime. The period 1991–2020 is shown in a and c, while b and d show the additional 
heat stress hours of the RCP2.6 scenario ensemble downscaling (2070–2099). The black framed hexagons (1)–(4) correspond to the sub-panels 
from Fig. 3.
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Fig. C2. Average heat stress hours per year (UTCI ≥ 26 ◦C) and 100 m × 100 m grid cell as function of land cover class fractions depicted in a 
ternary plot for the RCP4.5 scenario. Each hexagon represents a certain land cover fraction combination and shows the average heat stress hours of 
all grid cells sharing this land cover fraction combination (bin size is 5 %). The grey dots show the number of grid cells for each hexagon. The black 
dots show the percentage of significantly different cells in each hexagon (see Methods section). The upper panels (a and b) show the average heat 
stress hours for daytime and the lower panels (c and d) for nighttime. The period 1991–2020 is shown in a and c, while b and d show the additional 
heat stress hours of the RCP4.5 scenario ensemble downscaling (2070–2099). The black framed hexagons (1)–(4) correspond to the sub-panels 
from Fig. 3.
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Fig. C3. Average heat stress hours distinguished by UTCI stress classes per year and 100 m × 100 m grid cell as function of land cover class fractions 
(bin size is 5 %). The upper panels (a, c, and e) show the average heat stress hours for the reference period and the lower panels (b, d, and f) the 
additional heat stress hours of the RCP8.5 scenario ensemble. Note that a minimum of three areas per bin are used as thresholds and that the scales 
of the y-axes differ between the subplots. Shaded areas are the 95 % confidence intervals of the spatial variability. All sub-plots only show the 
daytime situation.
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Unger, J., Skarbit, N., Kovács, A., Gál, T., 2020. Comparison of regional and urban outdoor thermal stress conditions in heatwave and normal summer periods: a case 
study. Urban Clim. 32, 100619. https://doi.org/10.1016/j.uclim.2020.100619.

United Nations, Department of Economic and Social Affairs, Population Division, 2019. World Urbanization Prospects: The 2018 Revision (ST/ESA/SER.A/420). 
United Nations, New York. 

van Vuuren, D.P., Edmonds, J., Kainuma, M., Riahi, K., Thomson, A., Hibbard, K., Hurtt, G.C., Kram, T., Krey, V., Lamarque, J.-F., Masui, T., Meinshausen, M., 
Nakicenovic, N., Smith, S.J., Rose, S.K., 2011. The representative concentration pathways: an overview. Clim. Change 109, 5. https://doi.org/10.1007/s10584- 
011-0148-z.

Wallenberg, N., Rayner, D., Lindberg, F., Thorsson, S., 2023. Present and future heat stress of preschoolers in five Swedish cities. Clim. Risk Manag. 40, 100508. 
https://doi.org/10.1016/j.crm.2023.100508.

Wang, J., Chen, Y., Liao, W., He, G., Tett, S.F.B., Yan, Z., Zhai, P., Feng, J., Ma, W., Huang, C., Hu, Y., 2021. Anthropogenic emissions and urbanization increase risk of 
compound hot extremes in cities. Nat Clim Chang 11, 1084–1089. https://doi.org/10.1038/s41558-021-01196-2.

Ward, H.C., Kotthaus, S., Järvi, L., Grimmond, C.S.B., 2016a. Surface urban energy and water balance scheme (SUEWS): development and evaluation at two UK sites. 
Urban Clim. 18, 1–32. https://doi.org/10.1016/j.uclim.2016.05.001.

Ward, K., Lauf, S., Kleinschmit, B., Endlicher, W., 2016b. Heat waves and urban heat islands in Europe: a review of relevant drivers. Sci. Total Environ. 569–570, 
527–539. https://doi.org/10.1016/j.scitotenv.2016.06.119.

Weeding, B., Love, P., Beyer, K., Lucieer, A., Remenyi, T., 2024. High-resolution projections of outdoor thermal stress in the twenty-first century: a Tasmanian case 
study. Int. J. Biometeorol. https://doi.org/10.1007/s00484-024-02622-8.

Wehrle, J., Jung, C., Giometto, M., Christen, A., Schindler, D., 2024. Introducing new morphometric parameters to improve urban canopy air flow modeling: a CFD to 
machine-learning study in real urban environments. Urban Clim. 58, 102173. https://doi.org/10.1016/j.uclim.2024.102173.

Yang, M., Ren, C., Wang, H., Wang, J., Feng, Z., Kumar, P., Haghighat, F., Cao, S.-J., 2024. Mitigating urban heat island through neighboring rural land cover. Nature 
Cities 1, 522–532. https://doi.org/10.1038/s44284-024-00091-z.

Zeeman, M., Christen, A., Grimmond, S., Fenner, D., Morrison, W., Feigel, G., Sulzer, M., Chrysoulakis, N., 2024. Modular approach to near-time data management for 
multi-city atmospheric environmental observation campaigns. Geoscientific Instrumentation, Methods and Data Systems 13, 393–424. https://doi.org/10.5194/ 
gi-13-393-2024.

Zhao, L., Oleson, K., Bou-Zeid, E., Krayenhoff, E.S., Bray, A., Zhu, Q., Zheng, Z., Chen, C., Oppenheimer, M., 2021. Global multi-model projections of local urban 
climates. Nat Clim Chang 11, 152–157. https://doi.org/10.1038/s41558-020-00958-8.

F. Briegel et al.                                                                                                                                                                                                         Urban Climate 62 (2025) 102564 

22 

https://doi.org/10.1017/9781139016476
https://doi.org/10.1016/j.uclim.2021.100983
https://doi.org/10.1201/b16750
https://doi.org/10.48550/arXiv.1912.01703
https://doi.org/10.1038/s41467-020-16970-7
https://doi.org/10.5281/zenodo.12732552
https://doi.org/10.5281/zenodo.12732552
https://doi.org/10.3390/ijerph18041992
https://doi.org/10.48550/arXiv.1505.04597
https://doi.org/10.1093/forestry/cpae062
https://doi.org/10.48550/arXiv.2310.05691
https://doi.org/10.48550/arXiv.2310.05691
https://doi.org/10.1017/9781009157896.013
https://doi.org/10.1017/9781009157896.013
https://doi.org/10.1175/BAMS-D-11-00019.1
https://doi.org/10.1175/BAMS-D-11-00019.1
https://doi.org/10.1021/acs.est.1c00024
https://doi.org/10.1007/s10584-024-03685-7
https://doi.org/10.1007/s10584-024-03685-7
https://doi.org/10.1007/s00484-017-1332-2
https://doi.org/10.1007/s00484-017-1332-2
https://doi.org/10.1016/j.uclim.2020.100619
http://refhub.elsevier.com/S2212-0955(25)00280-9/rf0345
http://refhub.elsevier.com/S2212-0955(25)00280-9/rf0345
https://doi.org/10.1007/s10584-011-0148-z
https://doi.org/10.1007/s10584-011-0148-z
https://doi.org/10.1016/j.crm.2023.100508
https://doi.org/10.1038/s41558-021-01196-2
https://doi.org/10.1016/j.uclim.2016.05.001
https://doi.org/10.1016/j.scitotenv.2016.06.119
https://doi.org/10.1007/s00484-024-02622-8
https://doi.org/10.1016/j.uclim.2024.102173
https://doi.org/10.1038/s44284-024-00091-z
https://doi.org/10.5194/gi-13-393-2024
https://doi.org/10.5194/gi-13-393-2024
https://doi.org/10.1038/s41558-020-00958-8

	Deep learning enables city-wide climate projections of street-level heat stress
	1 Introduction
	2 Methods
	2.1 Study area
	2.2 Climate change scenarios and reanalysis data
	2.3 Validation data
	2.4 Model development
	2.4.1 Spatial and temporal predictors
	2.4.2 Response data
	2.4.3 Model development
	2.4.4 Model predictions

	2.5 Validation of the UHTC-NN
	2.5.1 Validation
	2.5.2 Significance test


	3 Results
	3.1 Validation of the UHTC-NN
	3.2 Historical heat stress conditions in urban environments
	3.3 Future heat stress conditions change under climate change

	4 Discussion
	4.1 Historical heat stress
	4.2 Future heat stress
	4.3 Potential limitations

	5 Conclusion
	Code availability
	CRediT authorship contribution statement
	Declaration of competing interest
	datalink3
	Acknowledgements
	Appendix A Data and methods
	Appendix B Evaluation of the UHTC-NN
	Appendix C Additional Results
	References


