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ARTICLE INFO ABSTRACT

Keywords: Different urban microscale models exist to model street-level mean radiation temperature (Tpt).
CNN However, these models are computationally expensive, albeit to varying degrees. We present a
U-Net

computational shortcut using a convolutional encoder-decoder network (U-Net) to predict
pedestrian level (1.1 m a.g.l.) Ty at a building-resolved scale (1 x 1 m). SOLWEIG is used to
create spatial training data for 68 days at hourly resolution in the city of Freiburg, Germany.
Validation of the model was carried out in two steps: First, SOLWEIG (and U-Net) were validated
against Ty point measurements. Second, U-Net was validated against SOLWEIG on 6 areas and
12 days resulting in a MAE of 2.4 K. The U-Net is 22 times faster than SOLWEIG, and thus able to
emulate a micrometeorological physical model with computational superiority. As a demon-
stration case, U-Net is applied to model Ty, for the urbanized area of Freiburg for two complete
30-year periods (1961-1990, 1991-2020) driven by hourly ERA5-Land reanalysis data. Sum-
mertime daily maximum Tp, increased on average by 2.5 K, whereas summertime daily
maximum air temperature increased by only 1.5 K. Maximum T, increase is stronger on non-
tree covered paved areas (2.8 K) than on tree covered grassy areas (1.8 K).

SOLWEIG

Mean radiant temperature (Tmt)
Urban thermal comfort

Urban climate informatics

1. Introduction

Average heat-related mortality per year increased by almost 54% globally from 2000-2004 to 2014-2018 for people over 65 (Watts
et al., 2021). Furthermore, heat waves account for the most fatalities of extreme weather events in Europe (EEA, 2017). According to
the Synthesis Report of the Intergovernmental Panel on Climate Change (IPCC), global air temperature (T,) will increase in the future
due to global climate change (Seneviratne et al., 2021). In turn, the increase of global T, will favour heat wave events at the same time
(Bindoff et al., 2013; Seneviratne et al., 2021). The physical characteristics of urban areas make them more vulnerable to extreme
weather events, such as heat waves, than rural areas. (Oke et al., 2017). In urban areas, buildings’ geometry, thermal and radiative
properties and vegetation cover differ from those in rural areas, resulting in generally elevated T,, referred to as Urban Heat Island —
UHI (Oke et al., 2017).
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Li and Bou-Zeid (2013) investigated the relationship between heat waves and UHI and found that heat stress in cities during heat
waves is higher than the sum of a background UHI and the heat wave effect alone. These findings indicate that urban areas are more
exposed to increasing thermal stress than rural areas due to climate change. As heat waves become more frequent in the future and the
global urban population is expected to increase (United Nations, 2019), the proportion of people exposed to heat stress will increase
tremendously (Li and Bou-Zeid, 2013). This illustrates how intensely human thermal comfort and, thus, well-being depends on
adaption to heat waves and UHI in cities (Bindoff et al., 2013).

Different thermal indices can express human thermal comfort (VDI, 2008). Thermal indices have been developed to link envi-
ronmental and physiological (based on human energy balance) variables to describe better thermal comfort / total heat stress of an
individual (Epstein and Moran, 2006; Potchter et al., 2018; Staiger et al., 2019). Several studies concluded that mean radiation
temperature (Tpyy) is the driving parameter of outdoor human thermal comfort during daytime (Holst and Mayer, 2011; Kantor and
Unger, 2011; Cohen et al., 2012). In addition to topographic conditions, the complex and heterogeneous three-dimensional structures
of cities cause high spatial and temporal variability of Tp,¢ and other relevant environmental variables for calculating thermal indices.
Of these environmental variables, Tp,+ and wind have the highest variability on the microscale (Matzarakis et al., 2016). This has the
consequence that Tps and wind have to be modelled at building-resolving scale when assessing current and future heat stress exposure
in urban outdoor spaces.

Various microscale (building-resolving) models exist to model Ty, in urban settings:

ENVI-met (Bruse, 1999), SkyHelios / RayMan (Matzarakis et al., 2007, 2010; Frohlich and Matzarakis, 2018), and SOLWEIG
(Lindberg et al., 2008) are common models to predict Tryt in complex building-resolved urban contexts. These models differ in their
underlying physical properties, but their output have been validated / intercompared in several studies (Chen et al., 2014; Szics et al.,
2014; Janicke et al., 2015; Kantor et al., 2018; Gal and Kantor, 2020; Liu et al., 2020). However, these models have one downside in
common: they are computationally expensive, albeit to varying degrees. This means study area and time might be very limited
depending on spatial and temporal resolution. While this is sufficient for case studies where micro-level processes are modelled for
different neighbourhoods in limited periods, accurate micro-level calculations over long periods or entire cities are not possible (e.g.,
downscaling global climate projections over decades or calculating building resolved human thermal comfort for entire cities with e.g.,
10 x 10 km domain size). Thus, it would be helpful to have a fast and accurate model to project future urban climate conditions over
long periods while retaining the required building-resolved information and possibly taking different climate change projections and
urban development scenarios into account.

Machine learning and deep learning methods became an important part of urban climate informatics (Middel et al., 2022) and
gained more attention for modelling urban climate, while overcoming the computational drawbacks of physical models: Support
Vector Machines were used to model T, for courtyards (Diz-Mellado et al., 2021), regressions and gradient boosted trees to model Tyt
/ radiation on building-resolved scale (Ketterer and Matzarakis, 2016; Vartholomaios, 2019), and feedforward Multi-Layer Perceptron
(MLP) approaches to model building-resolved T, (Xie et al., 2022), pointwise T, (Oh et al., 2020), or thermal comfort (Kariminia
et al., 2016; Chan and Chau, 2019). The mentioned examples use different methods to receive the corresponding predictors and
response data. Ketterer and Matzarakis (2016), for example, used the RayMan model (Frohlich and Matzarakis, 2018) to simulate PET
and Tyt as response data and used measurement data as predictors, while Chan and Chau (2019) used data from field questionnaire
surveys on outdoor thermal comfort and field measurements to train an ANN for thermal comfort prediction in urban parks. The
mentioned studies partly used benchmark models which were outperformed by ANNs (liner model in Ketterer and Matzarakis (2016);
ARIMA model in Oh et al. (2020), RayMan in Chan and Chau (2019), and Ty, obtained by surface T (Xie et al., 2022)). While MLPs
have already been successfully applied in urban meteorology, more complex deep learning architectures have not yet been used.
However, convolutional neural networks (CNN) and recurrent neural networks (RNN) have been successfully used in other, non-urban,
meteorological subfields. A combination of CNN and Long-Short-Term-Memory (LSTM) layers was successfully applied to forecast
short-term pointwise T, (Kreuzer et al., 2020; Jeong et al., 2021) and to forecast T, for a 36 x 36 grid covering China (Zhang and Dong,
2020). The used MLP and CNN models, however, were applied to solve a regression problem for one point in which no spatial re-
lationships between neighbouring grid cells were considered.

Spatial relationships can be considered by fully convolutional networks (FCN) and U-Nets (a special type of FCN — Ronneberger
et al. (2015)), as they allow image to image processing and therefore have the advantage of learning spatial patterns of the training
data (see appendix A). This means U-Nets are more capable of mapping varying temporal and spatial predictors in space. U-Nets were
first used for biomedical image segmentation and needed fewer training data than comparable architectures (Ronneberger et al.,
2015). Different FCN types, auto-encoders, and U-Net architectures have recently been used for now- and forecast meteorological
variables at the synoptic scale in weather forecasting applications (Larraondo et al., 2019; Weyn et al., 2019, 2020; Trebing et al.,
2021) and climate modelling (Sha et al., 2020).

This study presents a U-Net approach for modelling Ty, at the microscale in complex urban areas. To the authors’ knowledge, U-
Net-like architectures have not yet been used for modelling Ty, Training a neural network requires representational training and test
data. We use SOLWEIG to model Tyt (at 1.1 m a.g.1.) for 62 areas (500 x 500 m) and on 80 days (hourly resolution) as response data.
The spatial and temporal inputs of SOLWEIG are, in turn, used as input features for the U-Net. In addition, data from a Ty, mea-
surement campaign is used to validate SOLWEIG and U-Net. To demonstrate a potential application, the trained U-Net is then applied
to model long-term (60 years at hourly resolution) Tp, for an area with a 500 x 500 m extent at a resolution of 1 m for the City centre
of Freiburg, Germany. For that purpose, ERA5-Land hourly data are used from 1960 to 2020.

The following objectives are addressed in this study: 1. U-Net is able to generalize and model Tt on unknown areas and weather
situations accurately; 2. U-Net is computational fast with a positive trade-off between predictive uncertainty and computational speed;
and 3. U-Net allows for computationally efficient long-term modelling of spatially distributed Tp in urban areas.
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2. Methods

This chapter describes how spatial and temporal predictors are created, how training and test areas are sampled, how physical
model simulations are conducted, how the architecture and training process of the U-Net is set-up, and how the U-Net is validated.

2.1. Study area

The study area covers the city of Freiburg im Breisgau (48°00’ N, 07°51’ E). Freiburg is located in southwestern Germany (Baden-
Wiirttemberg), at the transition from the Upper Rhine Valley to the Black Forest (Fig. 1). In recent years, the Upper Rhine Valley has
become more exposed to droughts and heat waves.

2.2. Data

Section 2.2 describes the collection of validation data (2.2.1 Validation Data), the pre-processing of spatial and temporal data to
obtain spatial and temporal predictors (2.2.2 Spatial and temporal predictors) and the sampling of training and test data (2.2.3
Sampling of training and test data).

2.2.1. Validation data

Point measurements were collected within the city of Freiburg in field campaigns within the KLIMES project (Mayer, 2008). On
individual days between January 2007 and August 2008, T,, vapour pressure, wind speed, short-, and long-wave radiation were
continuously recorded at selected locations representing different urban structures (Holst and Mayer, 2011). Ty values were derived
from short- and long-wave radiant flux densities measured by the six-directional method at 1.1 m a.g.l (Mayer et al., 2008). For a
detailed description of the measurement campaign see Mayer et al. (2008) and Holst and Mayer (2011). This study uses stationary
measurements from 12 individual days, with 3 sites including measurements throughout the night (Table 1). Measurement data has a
temporal resolution of 10 min.

(A‘ 0 1 2 km [] Training areas @ Measurements
|| .
<> [ Test areas + Weather station

Fig. 1. Administrative boundary of Freiburg with training areas (grey) and test areas (red). Red cross indicates location of an urban weather station,
black dots represent locations of the measurement campaign in 2007 / 2008 (KLIMES). Data basis of orthophoto: City of Freiburg (Freiburg, 2019).
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)



F. Briegel et al. Urban Climate 47 (2023) 101359

2.2.2. Spatial and temporal predictors

Both SOLWEIG and U-Net need spatial (geometric) and temporal (meteorological) input data. All spatial data has a resolution of 1
m. A digital elevation model (DEM) is derived from LIDAR (Freiburg, 2021). In addition, LIDAR and building outline data (derived
from CityGML with level of detail 1 — Freiburg, 2018) are used to obtain a digital surface model containing ground and building heights
(DSMDb) and a digital surface model containing vegetation heights above ground and zero values for pixels not covered by vegetation
(DSMv). SOLWEIG requires land cover classes of buildings, paved surfaces, grass, water and bare soil. A land cover class map is created
by clipping different OpenStreetMap layers (OSM, 2017) and Copernicus Urban Atlas data (EEA, 2018). Gaps in the land cover class
map are filled by a Support Vector Machine (SVM) trained on about 10,000 points using the channels of an RGB orthophoto (Freiburg,
2019) as predictors. The SVM is set up with a radial basis kernel and has a mean misclassification error of <10%.

Besides land cover and digital surface models SOLWEIG requires sky view factor maps (SVF) and shadow matrices. Both SVF and
shadow matrices are calculated by the Urban Multi-scale Environmental Predictor (UMEP - Lindberg et al., 2018) using the anisotropic
model (Wallenberg et al., 2020) with digital building and vegetation surface models. The anisotropic model divides the sky vault for
each 1 x 1 m position into 145 patches with the value O for obstructed and 1 for an unobstructed view resulting in 145 shadow
matrices. Model parameters transmissivity of light through vegetation and trunk height are default (Table 3). SVF and shadow matrices
of all areas are calculated by applying an extra buffer of 100 m around the training / test areas to prevent edge effects. 15 SVF maps are
calculated, representing the different cardinal directions and building / vegetation combinations (see Lindberg et al., 2018). UMEP is
also used to calculate wall aspect and wall height raster maps. In sum, the U-Net is trained on 21 spatial predictors: DEM, DSMb, DSMv,
land cover classes, wall aspect, wall height, and the 15 SVF maps. SOLWEIG uses additionally the 145 shadow matrices. Fig. S1 shows
spatial data examples for DEM, DSMb, DSMv, land cover, SVF, and wall height.

Meteorological input data is provided by an urban weather station located in the northern part of the city (48° 00’ 04“N, 7° 50’ 55”
E; red cross in Fig. 1). The station is placed on a rooftop of a university building at the height of about 51 m a.g.1, hereafter called UWS.
Air pressure (p) is measured by a barometer (model PTB110, Vaisala Oyj, Helsinki, Finland). T, and relative humidity (RH) are
measured by a housed and ventilated temperature and relative humidity probe (model CS215A, Campbell Scientific Inc. (CSI), Logan,
UT, USA). Global solar radiation (Kgown) is measured by a ventilated pyranometer (model CM21, Kipp & Zonen (K&Z), Deft, The
Netherlands). Precipitation (P) is measured using a tipping-bucket rain gauge (model SBS500, CSI). Wind speed is measured by a cup
anemometer (model 00.14576.250 004, Lambrecht, Gottingen, Germany) and wind direction by a wind vane (model W200P, CSI).
Measurement data is aggregated to hourly values (sum for precipitation, otherwise average).

In addition to the mentioned meteorological parameters, U-Net is trained by two supplementary temporal predictors, solar
elevation and declination angles, to address seasonality (Reda and Andreas, 2004, 2007; Van Doninck, 2016).

2.2.3. Sampling of training and test data

Training data for neural networks must be representative as neural networks are able to interpolate but not extrapolate. Therefore,
it is crucial for the generalisability of the neural network to find a suitable sample of training data.

To select appropriate training areas, a grid is placed over the study area with a cell size of 500 x 500 m. Next, the proportions of
land cover classes are calculated for each grid cell. The grid cells are then divided into 5 clusters using the k-means cluster algorithm.
The clusters roughly represent urban areas, forests, meadows, and areas with a high proportion of open water / bare soil. In the final
step, 50 grid cells are drawn randomly from these clusters with a focus on urban areas. In addition to these 50 sampled areas, 12
additional areas were added by hand to cover areas where measurements are available and ensure that Freiburg’s inner city, where
most people are exposed to heat stress, is well represented (Fig. 1). Table 2 gives an overview of the properties of the test areas. The test
areas were selected to cover measurement points of the KLIMES measuring campaign in 2007 / 2008. Of the 6 test areas, two areas
represent residential areas with dominantly pre-1945 building structures (Wiehre, Herdern), two with new post-1990 building
structures (Rieselfeld, Vauban), one the City Centre with larger buildings and open squares (City Centre) and one area an open field
with large low-rise buildings (Airport).

Meteorological training data is drawn from the years 2018 and 2019. Similar to spatial data, meteorological data are first clustered
by k-means cluster algorithm, and then, unlike spatial data, 64 days are equally drawn from these clusters. To cover extremes, days
with average minimum and maximum T, and days with absolute minimum and maximum T, are added. Sampled data has an hourly

Table 1
Overview of the Tmrt measurement campaign sitesin 2007 / 2008 with coordinates, measurement durations, sky view factors (SVF), and urban site
characteristics.

Site name Coordinates Start End SVF City district
(Lat / Lon) (UTC) (UTC)
(WGS84)
Open field 48.0233° / 7.8344° 2007-04-16 06:00 2007-04-18 11:00 0.99 Airport
Intersection 47.9748° / 7.8296° 2007-07-14 07:20 2007-07-15 06:00 0.73 Vauban
Street canyon (1) 47.9978° / 7.7922° 2007-06-19 08:00 2007-06-20 10:00 0.66 Rieselfeld
Street canyon (2) 47.9922° / 7.8446° 2007-05-24 07:50 2007-05-24 22:15 0.44 City centre
2008-02-08 09:00 2008-02-08 17:30
Street canyon (3) 47.9863° / 7.8439° 2007-07-16 07:20 2007-07-16 16:20 0.42 Wiehre
Tree-lined street 48.0062° / 7.8576° 2007-08-01 07:30 2007-08-01 21:30 0.23 Herdern

2007-01-13 09:15

2007-01-13 16:30
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Table 2
Properties of test areas with local climate zone (LCZ), mean sky view factor (SVF), building and tree cover fractions, zero-plane displacement height,
and mean building height.

City district LCz SVF (mean) Building cover fraction Tree cover Zero-plane displacement height (m) Mean building height (m)
fraction
Airport LCZ 8/LCZ D 0.94 0.14 0.35 9.9 10.3
City centre LCZ5 0.64 0.44 0.22 22.8 15.2
Herdern LCZ 6 0.71 0.28 0.49 15.7 12.6
Vauban LCZ 6/LCZ D 0.84 0.18 0.38 11.8 9.7
Rieselfeld LCZ 6 0.75 0.27 0.28 13.2 11.5
Wiehre LCZ 6 0.71 0.30 0.49 14.6 11.3

resolution. Test data (12 days) are chosen based on the available data from the measurement campaign.

2.3. Physical Ty, modelling using SOLWEIG

SOLWEIG is a 2.5-dimensional microscale model for simulating radiant fluxes and Ty in complex urban areas. A detailed
documentation can be found in Lindberg et al. (2008, 2016a); Lindberg and Grimmond (2011, 2019); and Wallenberg et al. (2020).
Various studies have been conducted to intercompare SOLWEIG to other microscale models and to evaluate model performance
against six-directional radiation (Hoppe, 1992; VDI, 1994) or black globe temperature measurement methods (Lindberg et al., 2008;
Lindberg and Grimmond, 2011; Chen et al., 2014; Szf{ics et al., 2014; Janicke et al., 2015; Aminipouri et al., 2019a; Gal and Kantor,
2020; Liu et al., 2020; Wallenberg et al., 2020). SOLWEIG follows the six-directional approach of Hoppe (1992) for calculating Tp, by
estimating short- and longwave radiation fluxes of six directions (upward, downward, and the four cardinal directions) for the height
of 1.1 m a.g.1 (hereafter referred to as “at pedestrian level™). Tp, is computed for a standing or walking person (rotationally symmetric)
with angular factors (weighting coefficients) of 0.22 for radiation fluxes from cardinal points and 0.06 for radiation fluxes from above
and below (Lindberg et al., 2008). Angular factors describe the share of the human surface in a given direction.

SOLWEIG uses spatial 2D and meteorological input data (see section 2.2.2 Training data). Model parameters emissivity, albedo,
transmissivity of light through vegetation and trunk height are set to default (Table 3) (Konarska et al., 2013; Lindberg et al., 2008).
SOLWEIG takes gradual surface temperature (Ts) drop / rise into account when pixel changes from sun- days are used exposed to
shaded (and vice versa) to adjust outgoing longwave radiation (Lindberg et al., 2008). To address for this effect, SOLWEIG is run with
spin up time of one day. SOLWEIG is used to calculate Ty, for 62 areas on 80 days resulting in 101,688 Ty,;¢ maps.

2.4. U-Net model design

All modelling is done with Python (Python Software Foundation, https://www.python.org/) and PyTorch (Paszke et al., 2019).
First, a brief description of data preparation is given before the used model architecture and the training process are presented. For a
detailed description of CNN and U-Net see appendix A.

2.4.1. Data preparation

It is common practice in deep learning to normalize data before training neural networks, which usually improves accuracy.
Therefore, both spatial predictors and Tp, maps are standardized to have zero mean and unit variance:
X—p

o

Xoorm =

With X as the predictor to be normalized, 4 mean of X, and ¢ standard deviation of X. Temporal data is not normalized. For testing,
predicted Ty, is denormalized.

2.4.2. U-Net architecture
The U-Net architecture in this study generally follows the encoder-decoder architecture introduced by Ronneberger et al. (2015).

Table 3
Used model parameter for SOLWEIG and its pre-processors
(default values).

Model parameter Value
Emissivity 0.95 (ground)
0.9 (walls)
Albedo 0.15 (ground)
0.2 (walls)
Transmissivity 3%
Trunk height 25% of tree height
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More specifically, the encoder passes an image (spatial predictors in this task) through a set of convolution and pooling layers to obtain
meaningful feature maps and reduce the spatial dimensionality. After encoding, the feature maps are passed to the decoder for suc-
cessive up-convolution layers. In this work, the architecture follows the design of Dosovitskiy et al. (2015), where pooling layers are
removed and the spatial dimensions are reduced through convolutions with larger strides (e.g., stride 2). This approach allows a more
specific down-sampling by ‘learning’ the pooling operation, which makes, on the other hand, decoding easier. Fig. 2 shows the used
architecture schematically.

In the encoding part, spatial input data (21, 256, 256) are processed by a first convolutional layer with stride 1 (no reduction of
spatial dimension) and 32 filters. The first layer is followed by three convolutional layers with stride 2 (reduction of spatial dimen-
sionality of factor 2 per layer), increasing number of filters (factor 2 per layer) and kernel size 3, resulting in an abstract representation
of the spatial input data with a dimension of (256, 32, 32). After spatial data is encoded, temporal data is added to the abstract spatial
representation. Therefore, temporal data is transformed by a fully connected layer to obtain the same dimension as the spatial rep-
resentation. The decoding part consists of three up-sampling layers, again with stride 2 and kernel size 3, for doubling spatial
dimension. After each up-sampling layer, feature maps with the same dimensions of encoder and decoder are concatenated (skip
connections), followed by a convolutional layer with a kernel size of 1 to half the number of feature maps again. These skip connections
ensure the flow of information from the encoder to the decoder and result in less blurry outputs. After up-sampling, the last layer
outputs a single T, map by a convolutional layer with a kernel size of 3.

Except for the last one, each convolutional layer is followed by a batch-normalization and non-linearity layer (ReLU activation
function - Table 4). Adaptive moment estimation (Adam) is chosen as the optimization algorithm (Kingma and Ba, 2015). The learning
rate is set to 0.001 and an exponential decay of the learning rate after each batch is applied with gamma = 0.9999. Mean absolute error
(MAE) is used as loss function:

I | o
MAE:;Zi:]| Yi—Y |

With ¥, as predictions and Y; as true value. In addition to MAE, root mean square deviance (RMSE) is calculated as supplementary
score for performance evaluation. As this study focuses on outdoor thermal comfort, rooftops are excluded from evaluation (but
included in training).

2.4.3. Training

The U-Net is trained for 10 epochs with a batch size of 32. Each epoch uses all spatial and temporal training data. Batches of training
data are randomly shuffled in each epoch. Random cropping is used during training with crop size of 256 x 256. After each epoch,
model performance is determined. Therefore, test input resolution is resized from 500 x 500 to 256 x 256 using bi-linear down-
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Fig. 2. Schematic visualization of the used U-Net approach: 2D Convolutional Layer (Conv), batch normalization (BN), ReLU activation function
(ReLU), fractionally-strided convolution up sampling layer (UpSampling), linear transformation of temporal data (Linear). Temporal data is added
to the compressed latent representation of the spatial input data.
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Table 4
Used hyper-parameter of U-Net.
Hyper-parameter Settings
Activation function ReLU
Optimizer Adam (learning rate: 0.001, gamma: 0.9999)
Loss function L1 Loss (MAE)
Number of epochs 10
Batch size 32

sampling. However, for predicting and final model evaluation, the initial 500 x 500 raster data are split into four 256 x 256 subsets
covering the entire 500 x 500 raster data. The four subsets are framed back together to a 500 x 500 extent for evaluation metrics
calculation. Of the 62 areas, 6 are used as test areas, whereas 12 of the 80 days are used for testing. The remaining training data (56
areas and 68 days) are used for training the U-Net. This means training and test data consist of 91,392 and 10,296 Ty, maps,
respectively.

2.4.4. Computational performance evaluation

To evaluate the temporal performance of the U-Net, we compared the computing time from SOLWEIG and the U-Net for 720
timesteps (equal to 5 days with 10 min resolution, 30 days with hourly resolution) and a 500 x 500 m area. The computer used has the
following specifications: Intel Core i9-9900KF CPU @ 3.60 GHz, 32 GB RAM, and a NVIDIA GeForce RTX 3080 (GPU). SOLWEIG uses
the CPU while the U-Net is trained on the GPU.

2.5. Application: Long-term Tp;; modelling for Freiburg

As a potential application, ERA5-Land hourly reanalysis data (Munoz Sabater, 2019, 2021) are used as temporal predictors to
predict long-term Ty, at pedestrian level. Windspeed and -direction, short-wave downwelling radiation, air pressure, T,, and dewpoint
temperature are extracted from ERA5-Land data for the centre point of the study area (47.9959° / 7.85222°, WGS84). Before the U-Net
is driven with ERA5-Land data, the distributions and extreme values of ERA5-Land and measured data used for training were checked
for agreement, because artificial neural networks can interpolate well but not extrapolate. Both data sets show good agreement except
at extremely low T, values. ERA5-Land includes data points below —10 °C (down to —24 °C), while the training data only includes data
down to —10 °C. This means, predictions of cold extremes are not completely reliable. However, since the focus is on summertime Tpy,t
predictions anyway, this does not affect the results of the application. The study area has a size of 6 x 6.5 km with a resolution of 1 m
and covers almost the entire urbanized area of Freiburg. The model is run at an hourly time step for two complete climate reference
periods (1961-1990 and 1991-2020) for the months June, July, and August from 6:00 to 20:00, resulting in >10 million simulations.

Table 5

Evaluation metrics of measurement sites (U-Net, SOLWEIG, and measurements). RMSE is root mean square error, MAE is mean absolute error. (S) and
(W) describe summer and winter measurements. (n) gives the number of observations used for the evaluation metric calculation for each site and
combination.

Site U-Net vs SOLWEIG vs Measurements U-Net vs
Measurements SOLWEIG
RMSE (K) MAE (K) RMSE (K) MAE (K) RMSE (K) MAE (K)
Open field 5.1 4.1 4.4 3.6 2.3 1.6
(n = 246, 246, 429)
Intersection 6.2 4.7 7.1 4.6 6.1 3.6
(n =135, 135, 286)
Street canyon (1) 6.8 4.9 6.2 5.0 6.9 3.9
(n =157, 157, 286)
Street canyon (2) 4.2 3.3 6.5 4.4 3.9 2.2

)
(n =102, 102, 143)

Street canyon (2) (W) 7.1 4.6 6.8 4.2 0.5 0.3
(n =53, 53, 143)

Street canyon (3) 4.7 3.7 5.3 4.1 4.5 2.2
(n = 84, 84, 143)

Tree-lined street 6.4 4.8 8.0 5.4 5.3 1.8

S
(n =85, 85, 143)

Tree-lined street 4.8 4.5 4.6 4.1 0.6 0.4
w)
(n =45, 45, 143)

Overall 5.7 4.3 6.0 4.4 4.6 2.3
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3. Results

A direct validation of the model results on pointwise measurements is given in section 3.1. A detailed area-wise comparison be-
tween the physical model (SOLWEIG) and the U-Net is given in section 3.2. Results of the application of the U-Net for modelling
climate changes at urban scale are shown in section 3.3.

3.1. Pointwise validation of SOLWEIG and U-Net based on measurements

A comparison of measurements and models for the six sites is given in Table 5. Fig. 3 shows the results for the sites “Open field”
(Airport), “Street canyon (1)” (Rieselfeld), and “Intersection” (Vauban). At the site “Open field” (Fig. 3 (a)), measured and modelled
Tmre values at pedestrian level show a high concordance, apart from the first night where both models overestimate Tp,t by 5-10 K
compared to the measurements. In the late morning and afternoon of 17 April (and 18 April), both models underestimate Ty, by 3—4 K.
MAE errors of U-Net / measurements and SOLWEIG / measurements are 4.1 K and 3.6 K, while MAE of U-Net / SOLWEIG is lower at
1.4 K. Fig. 3 (b) shows measurements and model predictions for the site “Street canyon (1)”. Around 9:00 on the first day, both
SOLWEIG and U-Net start to overestimate Ty, at pedestrian level up to 9 K (SOLWEIG). While SOLWEIG overestimates Tt up to 5 K
throughout the afternoon, U-Net results are in accordance with the measurements before U-Net underestimates Tyt by almost 20 K
(15:30-18:30. After sunset, Tp,y¢ is underestimated by both U-Net and SOLWEIG by 5 K. MAE of U-Net / measurements and SOLWEIG /
measurements are 4.9 K and 5.0 K, respectively. A comparison for a hot summer day at the site “Intersection” is shown in Fig. 3 (c). In
the morning of the first day, U-Net and SOLWEIG start to overestimate Ty,+. At midday both models overestimate Ty, (U-Net up to 12
K, SOLWEIG up to 20 K). In the afternoon, measured Ty, values increase, so that U-Net underestimates T, while SOLWEIG continues
to overestimate. Similar to Fig. 3 (b), U-Net estimates Ty, lower than SOLWEIG in the afternoon. In the evening and night, mea-
surements and modelled Ty, are in accordance. MAE error of U-Net / measurements and SOLWEIG / measurements are 4.7 K and 4.6
K. The overall MAE for U-Net is 4.3 K and 4.4 K for SOLWEIG. Overall, MAE between U-Net and SOLWEIG is low at 2.3 K. In addition,
both models estimate Ty, less accurate when forced with ERA5-Land data.

Results of the remaining sites and detailed descriptions can be found in the supplementary material (S2 — Pointwise validation of
SOLWEIG and U-Net based on measurements: remaining sites, Fig. S2-a, and Fig. S2-b).
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Fig. 3. T model predictions and stationary measurements for the sites “Open field”, “Street canyon (1)”, and “Intersection” for two diurnal cycle
on April 16-18, 2007, June 19-20, 2007, and July 14-15, 2007, respectively forced with data from the urban weather station. Dashed black lines
are downwelling shortwave radiation of the forcing data from the urban weather station (SW, UWS) and measured on site (SW, Site). Dots show
model results with ERA5-Land forcing data. Blue shaded areas indicate nighttime hours. Observational data are not covering the entire two-day
periods. SVF is sky view factor. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of
this article.)
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3.2. Comparison of computational performance

The U-Net is about 22 times faster than SOLWEIG when saving predictions to GeoTIFF format. However, if the predictions are
stored only in NumPy arrays, the U-Net is up to 38 times faster. For pure spatial statistics, calculated directly from the predictions, the
U-Net is up to 130 times faster (e.g., Fig. 9). The U-Net needs 0.17 s for saving the output in NumPy format and 0.29 in GeoTIFF format,
while SOLWEIG needs 6.50 s for calculating and saving a Tt map with a resolution of 500 x 500 m.

3.3. Area-wide validation of U-Net against SOLWEIG

A direct comparison of U-Net and SOLWEIG predictions is shown in two levelplots (Fig. 4 and Fig. 5) and Table 6. Fig. 6 shows
predicted Ty, maps at pedestrian level of both models and their differences for four time steps. Ty, prediction error (MAE) of the U-
Net as a function of time, season, area, solar elevation angle, and spatial resolution are shown in Fig. 7, Fig. 8, and Fig. 9.

Fig. 4 shows U-Net predictions in relation to SOLWEIG predictions, expressed in occurrence frequencies. The highest frequencies
are in line with the identity line, showing the good overall performance of the U-Net. The overall MAE of all areas at 2.4 K validates the
good performance. MAE ranges from 2.0 K for Vauban area with a low building area fraction and high grass / tree area fractions to 2.6
K for Rieselfeld area with higher building area fraction and lower SVF (Table 2 and Table 6). Fig. 4 indicates, however, a slight un-
derestimation of the U-Net for high Ty values (60-70 °C). A linear model fitted on SOLWEIG and U-Net data supports this visual
impression, as its slope of 0.94 is smaller than 1. Fig. 5 shows the differences of normalized SOLWEIG and U-Net predictions in relation
to normalized SOLWEIG predictions. The difference tends to be positive for high Ty, values, while it is generally negative for low Tyt
values indicating that the U-Net has a systematic bias when predicting extreme values.

A diurnal cycle of SOLWEIG (a — d), U-Net (e — h), and their difference (i — 1) by four time steps (06:00, 12:00, 18:00, 24:00 UTC) is
shown in Fig. 6. Both models take land cover classes into account, resulting in lower Ty« predictions over grass and water or under
trees compared to paved surfaces (e.g., compare b, f with m). Predictions for the night agree (d, h and 1), while the predictions for the
day show differences. SOLWEIG predictions have a sharper transition from shadow to light (a — ¢) than U-Net predictions, which can be
seen by the more blurry-looking transitions of the U-Net (e — g). Fig. 6 (j) illustrates the problem of the U-Net in predicting the
transitions from shadow to light, as high positive and low negative differences are close to each other. At times with low solar elevation
angle (i and k), large prediction differences cover more pixels and thus greater areas, which can be seen in the East-West canyon (k),
and the underestimation of T by the U-Net for already sunlight areas in (i).

The impact of area, season and time on U-Net Ty, predictions are shown in Fig. 7. As indicated in Fig. 6 (i) and (k), time of day has a
strong impact on model performance of the U-Net. Fig. 7 (a — ¢c) show MAE aggregated for each area and season as a function of time.
MAE values follow different diurnal cycles for each area and season. MAE is higher at noon in winter than in spring or summer. In
spring, however, MAE is higher in the morning and evening than in summer. The diurnal MAE curves for spring and summer also show
that areas with lower building cover fraction and higher SVF (Vauban and Airport) have lower MAE throughout the day than areas
with higher building cover fraction and lower SVF (Wiehre, Herdern, Rieselfeld, and City Centre). In Winter, however, MAE of the
Airport area is higher. It can be seen that diurnal MAE curves follow a seasonal pattern, with the highest MAE at noon in winter and the
highest MAE in the morning and evening in spring and summer. Aggregated MAE by season (Fig. 7 (d)) shows this seasonal pattern of
the diurnal MAE cycles more precisely.
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Fig. 4. Levelplot of U-Net predictions in relation to SOLWEIG predictions. Color indicates the frequency of occurrence; dashed line is the identity
line (1:1 line) and solid line is a linear model fitted on U-Net predictions as a function of SOLWEIG predictions. The 95% confidence interval of the
slope cannot be seen, because it’s to narrow.
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Fig. 5. Levelplot of the difference of normalized SOLWEIG and U-Net predictions in relation to normalized predictions by SOLWEIG. The color
indicates the frequency.

Table 6
Evaluation metrics of the test areas (SOLWEIG vs. U-Net). RMSE is root mean square
error and MAE is mean absolute error.

Area RMSE (K) MAE (K)
Airport 3.4 2.2
City centre 4.0 2.5
Herdern 3.9 2.3
Rieselfeld 4.1 2.6
Vauban 3.5 2.0
Wiehre 4.0 2.5
Overall 3.8 2.4

The variation in model performance depending on season and time is related to the solar elevation angle. Fig. 8 shows a clear
connection between solar elevation angle and model performance (MAE). While MAE is low at low sun elevation angles, MAE values
increase at moderate elevation angles (20-40°) before decreasing again at high sun elevation angles.

3.4. U-NNet application — Downscaling Tpy for two climate reference periods

To demonstrate the potential of the U-Net model for climate change applications at the urban scale, we run 60 years of daytime Tyt
at hourly resolution in summer for the city of Freiburg (see Section 2.3 and Appendix B for results of the entire urbanized area of
Freiburg). In this case, the individual output maps are not saved, but Ty, statistics are summed up during the model run.

The results of long-term modelled Ty, for a subset of Freiburg are shown in Fig. 9 and Fig. 10. Fig. 9 (a — ¢) compares the average
summertime daily maximum T, at pedestrian level (months June, July, and August) for two periods (1961-1990 and 1991-2020).
Fig. 9 (d - e) shows average hours per year with T > 60 °C for the two reference periods. The threshold value of 60 °C is chosen
because it corresponds to a physical equivalent temperature (PET) of >40 °C and thus to severe heat stress (Lee et al., 2013; Thorsson
et al., 2017). Average summertime daily maximum Ty, at pedestrian level increases within the entire area of Freiburg (Fig. 9 (c) and
Fig. B1 (a)) by an average of 2.5 K (Table 7) while ranging from 1.1 K to 4.0 K from the first to the second period. Average summertime
daily maximum T,, however, increases by only 1.5 K in the same period (in the ERA5-Land data). Pixels covered by tree canopy (dark
blue pixels in (a) and (b)) experience a smaller Ty, increase than pixels without tree cover (1.7 K compared to 2.7 K). On a daily
average, however, T increases by 1.7 K, which is less than the average daily maximum value of Ty, with the increase being
somewhat smaller in shady areas than in sunlit areas (Table 7). The number of hours per year and pixel with Tt > 60 °C increase with
an average of 6 h from period one to period two, with the highest increase (by up to 90 h / doubling its values) to the south of buildings
(Fig. 9 d - f). Similar to the average daily maximum Ty, hours with T, > 60 °C increase more in areas without trees and paved
surfaces and less in parks with tree cover and grassy areas. Days with average Tp,t > 60 °C of the entire 500 x 500 area increase from
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Fig. 6. This figure shows a 200 x 200 m subset of a modelled Ty« map at a height of 1.1 m a.g.1. and a spatial resolution of 1 x 1 m by SOLWEIG (a
—d) and U-Net (e - h), as well as the difference (i - 1) for four time steps of a clear summer day (July 17, 2007) in the city centre of Freiburg. (m)
shows land cover classes of the area. Coordinates of each figure center are 47.9938° / 7.84523° (WGS84).

1.3 to 4.3 from period one to period two. Fig. 10 shows the average number of hours per year in Ty, classes within the 30-year periods.
The classes comprise 5° bins (e.g., 5-10 °C, 10-15 °C, etc.). While the number of hours decreases in classes with Tp values below 10
°C, the number of hours increases in classes with Tp, values above 10 °C, with the highest relative increase (up to 3 times) in classes
between 50 and 70 °C.

4. Discussion
4.1. Pointwise validation of SOLWEIG and U-Net based on measurements

SOLWEIG has been thoroughly validated for various cities (see section 2.3). From these studies, it can be concluded that microscale
urban characteristics and weather conditions (clouds, solar radiation) strongly influence Tp,r. As SOLWEIG has already been validated,
the focus of this study is not on a detailed model evaluation of SOLWEIG, but on demonstrating that the performance of SOLWEIG (and
U-Net) is consistent with the results of previous studies. The results of the station “open field” at the airport area show the good
performance of SOLWEIG and U-Net on a clear sky day in a non-complex environment (Fig. 3 (a)). As the complexity of surroundings
increases due to buildings and trees, both models become less accurate or cannot accurately represent every Tp,¢ variation (Fig. 3 (b)
(c) and Fig. S2 and S3). Reasons for the reduced accuracy are the more complex shadowing and emissivity with increasing building /
tree cover that are not fully represented in the input data. Nevertheless, the accuracy of SOLWEIG (and U-Net) is in line with literature,
which ranges between 2.7 and 5.8 K for MAE (Lindberg and Grimmond, 2011; Janicke et al., 2015; Kantor et al., 2018; Aminipouri
et al., 2019a; Gal and Kantor, 2020) and 4.4-4.8 K (RMSE) (Lindberg et al., 2008, 2016a). A more detailed discussion can be found in
supplementary material S2.

The difference between U-Net and SOLWEIG predictions is much smaller than between SOLWEIG and measurements. This means
that improving the U-Net model would require, in the first step, a more precise model calibration of SOLWEIG (emissivity, albedo, and
transmissivity) and/or more detailed spatial input data or improved physics in SOLWEIG.

11



F. Briegel et al.

Urban Climate 47 (2023) 101359

00:00 06:00 12:00 18:00 00:00
8 B - PP s — =
LT —— Airport
61 —— Herdern
City Centre
Rieselfeld
47 —— Vauban
Wiehre
2 -
0 -
8
6 -
4 E
2 -
<,
L
< 8
=
6 -
4
2 -
o : : : : : : : :
81 (d) Season i
6 " <=+ Winter
] oo P N —— Spring
INL e T T T s - “N —  Summer
4
2 o
0_ cee I,'v_v g ] ok . vlv .
00:00 12:00

Time (UTC)

Fig. 7. MAE as a function of time aggregated by season and areas (a), days (b), and seasons (c). Spring covers the days April 16-18, 2007; Winter
covers the days of 13. January 2008 and 8 February 2008; Summer covers the rest of the days. Color chart in (b) follows annual cycle (black: winter
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Fig. 9. Maps of average daily maximum Ty, of the three summer months June, July, and August (JJA) for two climate reference periods (a, b) in a
500 x 500 m subset of central Freiburg. Second line shows hours per year with Ty, > 60 °C (Thorsson et al., 2017) for the two periods (d, e). (¢) and
(f) show the corresponding differences between 1961-1990 and 1991-2020. Coordinates of each figure center are 47.9971° / 7.85495° (WGS84)
with a 1 x 1 m resolution, north arrow is located in (A).

4.2. Area-wise validation of U-Net against SOLWEIG

Model performance of the U-Net is good, with an overall MAE of 2.4 K in relation to SOLWEIG (ranging from 2.0 to 2.6 K between
test areas), highlighting the ability of deep neural networks to model Tr,;+ on unknown data and so in emulating complex physical
models. Although MAE values are higher during the day than at night, MAE ranges are relatively low between 2 and 4 K during times
with the highest risk of thermal stress (around midday in summer).

To the authors’ knowledge, encoder-decoder networks such as U-Nets have not been used yet for modelling meteorological var-
iables on micro-scales. However, U-Nets have been used on meso- and synoptic scales for different meteorological tasks. Sha et al.
(2020) used a U-Net and a modified U-Net (U-Net-Autoencoder) to downscale maximum and minimum T, from 0.25° (~ 28 km) to 4
km in Northern America. Sha et al. (2020) report that the used architecture leads to promising results in the downscaling of maximum
and minimum T,.

The U-Net performs better in open areas than in complex urban surroundings (Table 6, Fig. 7), because of the more complex
shadowing in urban environments. SOLWEIG uses shadow matrices of the total sky vault (145 patches), while U-Net is trained only
with aggregated shadow matrices (SVF factor maps) of the different cardinal points, making it much more difficult for the U-Net to
model Ty, as accurately as SOLWEIG. Wallenberg et al. (2020) point out the importance of the appropriate sky vault model for
modelling Ty with SOLWEIG. The limitations of the U-Net modelling Ty, at the transition from shadow to sun can also be seen in
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Fig. 10. Hours per year (averages for 500 x 500 m images) within Ty, classes with a magnitude of 5 °C for two reference periods (1961-1990
and 1991-2020).

Table 7
Increase of average daily maximum Ty, and average Ty, for June, July, and August for different land cover classes for the entire urbanized area
of Freiburg depicted in Fig. B1 from 1961-1990 to 1991-2020.

Land cover class Average increase of daily maximum Ty, (K) Average Ty, increase (K)
Covered by tree / grass 1.8 1.4
Covered by tree / paved 2.1 1.5
Covered by tree / all 1.9 1.5
Uncovered / grass 2.4 1.8
Uncovered / paved 2.8 1.9
Uncovered / all 2.7 1.8
All 2.5 1.7

Fig. 6 (i-k). Nevertheless, as the U-Net can reliably predict Tp, without explicit shadow matrices, it can be assumed that providing the
shadow matrices would significantly improve the performance of the U-Net. Kong et al. (2022) found a higher correlation of Ty, on
shadow patterns in the morning and evening, indicating the importance of exact shadow patterns. The highest prediction errors occur
in the morning and evening on summer days and during midday on winter days (Fig. 6 and Fig. 7). The main reason for these diurnal
error cycles is complex shadow patterns for low solar zenith angles. Low solar zenith angles create long shadowing of buildings and
trees and thus affect a larger area. As the U-Net has its highest errors at the transition from shadow to sun, large errors and errors in a
larger area occur under these circumstances. Fig. 8 shows the dependence of the model error as a function of solar zenith angle. The
highest model errors occur for low solar zenith angles corresponding to morning / evening hours in summer and midday in winter. The
U-Net underestimates high T, and overestimates low Ty, values (Fig. 4 and Fig. 5). Although training data were selected to cover the
entire possible predictor space, extremes of sampled Tp,+ data might not be represented enough in the training data.

The architecture and hyper-parameter of the U-Net have not been optimized yet, but have been selected to the best of the authors’
knowledge. Additionally, the mentioned limitations of the U-Net are mostly related to the used spatial and temporal predictors:
shadow matrices used by SOLWEIG were not used by the U-Net, and meteorological training data may not adequately represent all
weather situations. Nevertheless, the U-Net shows a good performance which allows long-term analysis of Tyt in urban areas. An
improvement of the model could be achieved by optimising architecture and hyper-parameter, more detailed spatial predictors, and
better sampled meteorological predictors.

4.3. U-Net application — Predicting Ty for two climate reference periods

SOLWEIG has already been used to compare long-term periods and how climate change affects Ty, in urban areas (Lindberg et al.,
2016b; Thorsson et al., 2017; Aminipouri et al., 2019b). However, as SOLWEIG is computationally intensive, previous studies have had
to accept limitations in the calculations of Ty Lindberg et al. (2016b), Thorsson et al. (2017), and Aminipouri et al. (2019b) used
several decades of meteorological data with an hourly resolution for their analysis. In a first step, they calculated Ty, for only one
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generic point for the entire study period to analyse changes over time (SOLWEIG1D). In the second step, Tt was calculated for an
entire area (SOLWEIG2D) for selected hours / days with Try > 60 / 55 °C from step one. This means that spatial variability of Tpy is
always represented by predictions for single or multiple hours / days, but not for entire periods. The approach in this study overcomes
these limitations using encoder-decoder networks such as the proposed U-Net. The computational superiority of the U-Net introduced
in this study allows predictions for entire maps at the highest details for decades with manageable computational resources.

To demonstrate this application, U-Net was used to model Ty, for a 6 x 6.5 km area in Freiburg for two periods (1961-1990 and
1991-2020) with ERA5-Land data (hourly resolution). Fig. 3 shows that both SOLWEIG and U-Net produce reasonable results when
forced with ERA-Land data. Even if no future climate projections are presented here, the analysis of the changes between the references
periods 1961-1990 and 1991-2020 gives an overview of what contributes to mitigating heat stress, especially as the results show the
influence of land cover and shading on Tp,. Days with area-wise averaged T, > 60 °C tripled from period one to period two, while T,
increased by 1.5 K. Continued T, increase could lead to further doubling / tripling of days with Tpyx > 60 °C. The average daily
maximum value of T, at pedestrian level increased by 2.5 K in summer, with an increase of 2.8 K and 1.8 K for paved and shaded
grassy surfaces, respectively. The most substantial increase of daily maximum Ty, at pedestrian level can be seen in sun-exposed areas
located in the south-east to the south-west of buildings with paved surfaces and without trees providing shade. Trees and grass covered
areas significantly reduce maximum Ty, and thus heat load on humans. These results confirm findings from previous studies (Lindberg
et al., 2016b; Thorsson et al., 2017). However, average daily Tpyt increase depends less on shading or land cover than maximum Tpy¢
increase, assuming that mitigation measures of heat stress affect only maximum Ti,. This means the distribution of Ty will shift
towards higher T values, regardless of any mitigation measures. Nevertheless, the right measures can counteract the right skewness
of the Ty distribution (and thus the maximum Ty, values) (compare Fig. 10). While Ty can be used as a proxy variable for outdoor
daytime thermal comfort in summer, T,, relative humidity and wind also contribute to human thermal comfort, so adaptation mea-
sures should also consider these variables.

4.4. Computational performance and usability

The U-Net is 22 times faster than SOLWEIG with a MAE of 2.4 K. As spatial and temporal data is the same, pre-processing dif-
ferences can be neglected while comparing both approaches. SOLWEIG can be assessed by the QGIS plug-in UMEP, which provides a
detailed documentation and tutorials, which makes SOLWEIG more suited for case studies and users with limited coding experience.
Nevertheless, if SOLWEIG is used within the “UMEP for processing” QGIS processing framework or as stand-alone python scripts,
coding skills are required as well. This means, the U-Net then might become more suited, especially when analysing larger areas or
longer time periods, as computation time is less. It should be also noted, that the U-Net is a “first-step” of an outdoor thermal comfort
Al-model covering the Ty, part.

5. Conclusion

This study introduces a deep learning approach using a subtype of encoder-decoder network (U-Net) to model pedestrian level Tp
in complex urban environments by emulating the physical model SOLWEIG. This means, SOLWEIG is used to generate Ty, maps as
response data of the U-Net. The U-Net is trained on 56 areas (500 x 500 m) and 68 days (hourly resolution) and tested on 6 areas and
12 days (10-min resolution). The following three objectives that were to be addressed in this study could be achieved: 1. U-Net is able
to generalize and model Ty, on unknown areas and weather situations accurately; 2. U-Net is computationally fast with a positive
trade-off between predictive uncertainty and computational speed; and 3. U-Net allows for computationally efficient long-term
modelling of spatially distributed Ty, in urban areas.

The U-Net is able to generalize and model Tp,¢ on unknown areas and weather situations accurately. SOLWEIG (and U-Net) are
point-wise validated against measurements in summer and winter in a first step. The MAE between measurements and SOLWEIG is
higher than MAE between SOLWEIG and U-Net (4.4 K vs. 2.3 K). After point-wise validation of SOLWEIG on measurements, the U-Net
is validated on the entire 6 test areas and 12 test days. Model accuracy (MAE) of U-Net is high at 2.4 K in relation to SOLWEIG. Model
accuracy varies between different test areas and days, while shadow patterns and solar elevation angle have the highest impact on
accuracy. U-Net model improvement can be achieved by adding training data and optimising the hyper-parameter and model ar-
chitecture. Whereas an improvement of the overall model results also depends on the performance of SOLWEIG, which would require a
more accurate SOLWEIG model, as the U-Net cannot be better than the data it is trained on. As the model is developed for the area of
Freiburg, a transfer to other cities would require a new validation.

The U-Net is 22 times faster than SOLWEIG (if predictions are stored in GeoTIFF format), but up to 130 times faster for only
calculating spatial statistics directly from the predictions (e.g., results in Fig. 9). With its MAE of 2.4 K, it has a positive trade-off
between predictive uncertainty and computational speed, in our opinion. This means that the proposed U-Net approach is able to
emulate a micrometeorological physical model with computational superiority. The computational superiority of the U-Net allows
further investigations of Tyt in complex urban areas for entire cities and decades.

The application of the U-Net on the urbanized area of Freiburg and two 30-year periods (1961-1990, 1991-2020) of ERA5-Land
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reanalysis data with hourly resolution shows that summertime daily maximum Ty, at pedestrian level increased by 2.5 K, whereas
summertime daily maximum T, increased by only 1.5 K from period one to period two. Maximum Ty, increase is stronger on non-tree
covered paved areas than on tree covered grassy areas (2.8 K and 1.8 K). Average Ty« increase shows no difference between land cover
classes, indicating that adaption measures are essential for extreme events.
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Appendix A. About convolutional neural networks, encoder-decoder, and U-Nets

Convolutional Neural Networks (CNN) have been developed for image classification. In terms of computer vision, convolution is a
matrix (kernel) operation on a patch of pixels (e.g. 3 x 3). A Gaussian filter, for example, uses a Gaussian function as convolution
kernel. In a CNN, however, the kernel values (weights) are not fixed but learned to minimize a loss function (prediction error). In other
words, the CNN ‘learns’ the weights during the training process and the weights store the CNN’s ‘knowledge’. Non-linearity is added
after each convolutional layer by the activation function.

CNNs are usually built of several convolutional layers followed by non-linear activations and pooling layers for dimension
reduction. A pooling layer reduces the size of the image by extracting either the maximum or average value from a matrix sliding over
the image. By using a 2 x 2 matrix for pooling, the image size is reduced to a half. Due to convolution, non-linearity and pooling, CNNs
are able to learn patterns regardless of their position in the image (translation invariant) (Szeliski, 2011). This makes CNNs more
efficient and requires less training data than densely-connected networks as the same kernel is applied / slid over the input (Chollet and
Allaire, 2018).

Fully convolutional encoder-decoder networks enable image-to-image processing and are often used for image segmentation,
optical flow and depth estimation. The encoding sub-model consists of convolutional, activation, and pooling layers and extracts
patterns on different spatial levels. This means, the encoder compresses the input image into a latent representation with a reduced
spatial dimension (Chollet and Allaire, 2018). The decoder sub-model then decodes the compressed latent representation back to an
image with its initial dimension. To this end, the decoder uses convolutional layers as well as upscaling convolutional layers, which can
be simple copying of a value into an N x N block of pixels, linear interpolation or learned deconvolution. The encoder and decoder parts
define a symmetrical structure and can solve either supervised or unsupervised tasks. However, encoder-decoder networks have one
main limitation, where information are lost due to down-sampling and up-sampling, thus resulting in blurry outputs.

U-Nets overcome this by adding skip connections from the encoder to the decoder. This means, spatially rich information from the
encoder is passed to the decoder by concatenating the up-sampled feature maps (of the decoder) with the corresponding ones from the
encoder at the same level. Although U-Net was initially developed for semantic segmentations where a classification per-pixel is
learned, it has been applied widely in other tasks where continuous per-pixel values need to be predicted, such as optical flow and
depth estimation, hence the similarity to the task of this study.
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Appendix B. Changes in Tyt from 1961-1990 and 1991-2020 for the entire urbanized area of Freiburg

0 15
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Fig. B1. Map of the difference of average daily maximum Ty, of the three summer months June, July, and August (JJA) between 1961-1990 and
1991-2020 (a) and the difference of hours per year with Tyt >60 °C (b) of the urbanized area of Freiburg (6 x 6.5 km). Coordinates of each figure
center are 48.0026° / 7.82694° (WGS84) with a 1 x 1 m resolution. More detailed results for the black square are shown in Fig. 9.

Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.uclim.2022.101359.
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