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Abstract.

Pedestrian-level wind plays a critical role in shaping the urban microclimate and is

significantly influenced by urban form and geometry. The most common method for

determining spatial wind speed patterns in cities relies on numerical computational

fluid dynamics (CFD) simulations, which resolve Navier-Stokes equations around

buildings. While effective, these simulations are computationally intensive and require

specialised expertise, limiting their broader applicability. To address these limitations,

this study proposes a more cost-effective alternative while maintaining the accuracy

and spatial patterns captured by CFD. We developed a machine learning (ML)

approach to predict wind speed patterns from prevailing wind directions and three-

dimensional urban morphology, which are increasingly available for global cities. The

model is trained and tested using a comprehensive dataset of 512 numerical simulations

of urban neighbourhoods, representing diverse morphological configurations in cities

worldwide. We find that the ML algorithm accurately predicts complex wind patterns,

achieving a normalised mean absolute error of less than 10%, which is comparable

to wind anemometer measurement in a low wind speed environment. In predicting

wind statistics, the ML model also surpasses that of regression models based solely on

statistical representations of urban morphology. The R2 values measuring grid-level

agreement between ML and CFD range from 0.94-0.99 and 0.65-0.95, respectively,

for the idealised and whole datasets. However, we find that grid-based R2 is not

an effective metric for evaluating the 2D model performance due to localised biases

arising from faster wind speed grid regions, which is revealed by the wind probability

density function. This further confirms the suitability of the ML models for capturing

wind distributions at pedestrian height. These findings demonstrate that complex

pedestrian wind patterns can be effectively predicted using an image-based ML

approach, circumventing the need to resolve complex physical equations directly.

Keywords: urban wind speed estimation, urban climate modelling, machine learning
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1. Introduction

The urban environment is a complex system with three-dimensional changes in form,

fabric, and function. The complexity results in high spatial variabilities in microclimate,

modified by heterogeneous urban morphology as well as anthropogenic fluxes of heat and

pollutants (Krayenhoff et al., 2021). The urban microclimate also exhibits diurnal and

seasonal variations, making urban meteorology a dynamic field that requires continuous

monitoring and evaluation.

Physical and numerical modelling is the most common approach in studying urban

climate across scales. Based on applications and the scale of interest, urban processes can

either be explicitly resolved by computational fluid dynamics (CFD) models (Takemi et

al., 2020) for microclimate or be parameterised in urban land surface models (ULSMs)

for general interaction between the urban area and the upper atmosphere (Lipson et

al., 2018). In between, the coupling framework connecting CFD models and ULSMs

provides better boundary conditions and forcings for downscaling tasks (Lin et al.,

2021) as well as upscaling of microscale urban data for large-scale models (Creutzig

et al., 2019). While the coupling has promoted a more accurate and efficient evaluation

of urban microclimate, most studies were focused on specific areas and meteorological

conditions (e.g., (Bechtel et al., 2012)) of a period, which limits generalisations and

reuse of the flow field for cities of a great variance (Boeing, 2019). Such a limitation has

incurred repetitive efforts to rerun computationally expensive simulations for evolving

urban environments (e.g., (Santiago et al., 2017)).

Recent advancements in accessibility to realistic urban geometry (Sirko et al., 2021),

as well as computational power, have facilitated an unprecedented number of urban

airflow datasets (e.g., (Kanda et al., 2013)). Efforts in gathering, harmonising, and

employing urban information have also emerged as an efficient approach to addressing

urban challenges (urban climate informatics (UCI) (Middel et al., 2022)). For example,

urban canopy parametrisations (UCPs) is developed by correlating urban geometrical

conditions to the corresponding fluxes to the atmosphere (Nazarian et al., 2020),

enhancing the representation of building effects (Martilli et al., 2002) in mesoscale

climate models. However, UCPs have inherent limitations from their city representations

and flow homogeneity assumption, which blocks further probing into building-scale

(� 100m) urban environments (Chen et al., 2022a) that is relevant to thermal comfort

studies (Nazarian et al., 2019).

The success of machine learning (ML) and neural networks (NNs) in image

processing, particularly computer vision techniques, has motivated numerous urban

applications using ML for object detection, classification, and regression tasks.

Convolutional NNs (CNNs) are the predominant models employed for this purpose with

convolutional layers encoding key spatial features from input images and supplying the

feature to subsequent layers to perform the required tasks. For instance, based on

satellite images over cities, CNN has helped to identify and locate building footprints

(Sirko et al., 2021), and to estimate building heights (Cao et al., 2021) that collectively
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reconstruct 3D urban geometry. The satellite image can also be generalised for climate

modelling purposes, where CNN helped to classify local climate zone (LCZ) (Liu et al.,

2020). Starting from urban flow datasets, NN can be developed as a surrogate model

trained on urban factors and resulting urban microclimate to emulate urban processes.

The high efficiency of these models has boosted downscaling approaches to city scale of

sub-hectometres for urban environment (Briegel et al., 2023; Bechtel et al., 2012).

Unlike temperature and heat fluxes generally following seasonal and diurnal cycle

(Ha et al., 2020), the urban wind speed is more variable (Droste et al., 2018) and

subject to interactions between the urban boundary layer and urban configurations

(Oke et al., 2017). Under neutral conditions, urban wind speed field can be expressed

as U = f(�h; �v; �α), where �h represents urban horizontal geometry such as building

footprint and street orientations (Lu et al., 2023a), �v represents building height

variability that consists major urban vertical heterogeneity (Lu et al., 2024b), and �α

reflects mesoscale forcings such as the strength and direction of the prevailing wind

(Santiago et al., 2013). The complexities of the urban wind field have constrained

its physical modelling to a neighbourhood scale of limited scenarios (e.g., (Letzel et

al., 2012)). However, wind fields are a major factor in many urban applications. For

example, a) the increase in wind speed contributes to better pedestrian thermal comfort

in heatwave events (Lam et al., 2018) but attracts a great discomfort in cold climate

regions (Liu et al., 2022); b) the wind speed pattern within urban canopy reflects its

ventilation efficiency (Ng et al., 2011) that is likely worsens amid urbanisation, which

requires active evaluation for urban planning decisions altering the air paths; and c)

wind speed is an essential meteorological input to drive the land surface models (Best

et al., 2015) in characterising flow transport, which constitutes a major contribution of

urban feedback to climate models.

Several ML approaches based on different datasets and applications have shown

to be successful while also manifesting limitations in several aspects: firstly, some

models were trained on idealised urban arrays with random distribution (e.g., (Lu et

al., 2023b)), which is particularly limiting due to the 3D complexity of realistic urban

morphology. Secondly, the performance of the NN model directly connects to the host

dataset for training and testing. However, most training (e.g., (Chockalingam et al.,

2023)) relies on a limited dataset without considering neighbourhoods of global cities,

which constrains general use beyond their area of interest. Finally, some models, such

as that by Mokhtar et al., 2021, were developed outside the specific context of urban

climatology, meaning their performance metrics may not be fully suitable to address real-

world urban climate applications. While being outside the urban climate domain does

not inherently diminish their value, the lack of metrics specifically designed for urban

settings such as wind extremes questions their applicability and accuracy in addressing

urban climate issues.

This study aims to address these limitations using the recent development of

a comprehensive, high-resolution urban flow dataset (UrbanTALES (Nazarian et al.,

2024)), developing and evaluating a neural network model to predict pedestrian-level
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wind �elds. The model is designed to map both realistic urban geometry over 
at
terrain and prevailing wind directions to the resulting wind �eld. Further, we focus
on predicting the spatial patterns of pedestrian wind speed, addressing the following
research questions:

� Can the ML approaches replace CFD simulations for predicting mean wind speed
at the pedestrian level?

� How is the performance of the ML model impacted by the underlying dataset?

The paper is organised as follows, Sect. 2 describes the numerical setup of large-
eddy simulation (LES) used to prepare the training and testing dataset and the NN
model to emulate the physical process and predict pedestrian wind speed �eld. Sect.
2.3 depicts the transformation and processing of air
ow data between LES and NNs.
Sect. 3 demonstrates the model performance in metrics on urban applications. Sect. 4
raises conclusions remarks and perspectives.

2. Methods

We use an extensive LES dataset (described in Sect. 2.1) to train and test a prediction
model for the distribution of pedestrian wind speed responding to the urban geometry
and prevailing wind directions. The ML approach used here is CNNs, described in Sect.
2.2, and followed by the (pre and post) data processing methods in Sect. 2.3. Figure
1 demonstrates the dataset and data processing procedure, which will be explained in
this section.

2.1. Dataset Formulation and Large-eddy Simulation

The ML model was trained based on UrbanTALES (Nazarian et al., 2024) - an extensive
high-resolution urban 
ow dataset covering both idealised building blocks and realistic
neighbourhoods (Fig. 1(a)). We considered 224 idealised and 288 realistic cases in the
dataset, which are constructed to cover a comprehensive range of urban morphologies
seen in global cities. The idealised building blocks are built to cover eight urban
densities ranging from� p 2 [0:06; 0:64], two commonly used horizontal con�gurations
(aligned and staggered (Coceal et al., 2007)), and three building height distributions
(Hstd 2 [0; 2:8; 5:6]m with the same mean building heightHmean = 16m). The realistic
urban geometry is extracted from OpenStreetMap (OpenStreetMap contributors, 2017)
using OSM2LES (Lu et al., 2022), with the level of details (LOD) 1.3 for urban
geometries (Biljecki et al., 2016), where the small building parts were identi�ed and
extruded to the designated height level.

The numerical setup for the 
ow simulation is described in detail in Nazarian
et al., 2024 and is noted here for completeness. The LES mode of the Parallelised
Large-eddy Simulation Model (PALM, version r4554 (Maronga et al., 2020)) is used to
perform simulations over urban geometries under neutral conditions. The only driver is
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Figure 1: Dataset and data processing work
ow. (a) Four types of urban con�gurations
are considered in UrbanTALES representing horizontal (� h) and vertical (� v) variation in
the building geometry. b) In addition to geometry variations, prevailing wind directions
� are varied in the 
ow dataset while the strength of the pressure gradient (dp

dy = dp
dx tan � )

driving the 
ow is the same. (c) Data preprocessing to make the 
ow �eld from numerical
simulations compatible with ML work
ow for orthogonal � . The 
ow �eld of varying
sizes in cases was �rst expanded based on the lateral periodic boundary conditions
to a uniform size of 800� 800m and sliced to four 400� 400m. (d) The prepossessing
procedure shown for an idealised con�guration with oblique wind direction (� = 45o).
Colours represent the pedestrian wind speed.
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where Aa(z) is the surface area of air atz height level, � is the air density, u� is the
friction velocity, and Vair is the total volume of air in the numerical domain. We keep the
friction velocity u� � 0:21m/s the same for variable prevailing wind direction and vary
the partitioning between pressure gradient atx and y direction. The Reynolds number
Re� = u� HT =� � 2:5 � 106 is large enough to neglect viscosity e�ects and independent
of Reynolds number e�ects.

The time-averaged wind speed �eld (U =
p

u2 + v2 + w2, where � indicates time-
averaged 
ow properties,u, v, and w are streamwise, spanwise, and vertical velocity,
respectively sampled at the pedestrian (z = 1:5m) level (examples are shown in
Fig. 1(a)).

Note that the present study built a mapping between urban con�gurations and
the corresponding wind �eld with imagery features that re
ect the 
ow pattern around
buildings. Other urban climate parameters, including mean radiant temperature and
thermal comfort indices, which re
ect thermal comfort levels, as well as turbulent
momentum and heat 
ux, which assess urban responses to atmospheric 
ow, can also be
predicted using the same framework. This approach allows for comprehensive modelling
of urban climate dynamics and their interactions with the atmosphere.

2.2. Convolutional Neural Network Models

While UrbanTALES is a comprehensive LES dataset with expansive coverage of urban
con�gurations and densities, the number of cases is still limited for ML algorithms.
Considering this we adopt the U-net model introduced by Ronneberger et al., 2015
as a type of CNNs that was originally designed for biomedical image segmentation
and optimised for small datasets, which has been proved e�ective in urban wind speed
predictions (Lu et al., 2023b). In our case, the generic U-net model is adjusted to
further match the purpose where the details are shown in Appendix A. The model
is implemented using the PyTorch backend (Paszke et al., 2019) and trained on two
NVIDIA Tesla V100 graphics processing units (GPUs) with mean absolute error (MAE)
loss function and the Adam optimiser (Kingma et al., 2017). Similar to Lu et al., 2023b,
we train the model for 1,000 iterations with a �xed learning rate of 0.001 and a batch
size of 16.

2.3. Data Processing

As a CNN model, U-net requires uniformity in the input image sizes. The raw LES
domain sizes, however, vary in size as they represent realistic urban geometries with
varying boundaries. The following explains the pre-processing and post-processing of the
images (2D array of values representing urban geometries and pedestrian wind speeds)
in the dataset to achieve uniform image sizes for the model.
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Data Pre-processing for machine learning It is crucial to ensure the physical
meaning of values remain meaningful in the data processing stage. The common practice
is to expand the images by padding constant values, such as zeros, to the original images.
However, the periodic boundary conditions imposed during LES simulations in our case
can help better expand the images, where the wind �eld can be padded with the wrap
of the 2D image along both axes. This procedure helps make sure that the image is
augmented while the underlying physics is also preserved. Details are shown in Fig.
1(b-c) and explained in detail in Appendix B.

Data Post-processing Two post-training tasks are necessary to restore the output
from ML work
ow to the original LES 
ow �eld. The �rst one is essentially a reverse
procedure of the pre-processing steps and the second is to clean up unphysical predicted
values such as non-zero wind speeds within the buildings. An example of this procedure
is shown in Appendix B.

2.4. Experimental setup and performance metrics

The split of train and test data needs to be random to ensure objectivity. In each
experiment, we allocate� 80% of the data for training and� 20% for testing. While,
the prediction model does give a full 2D wind �eld, di�erent urban applications care
about di�erent aspects of the wind �eld. For example, thermal comfort and ventilation
(e.g., (Nazarian et al., 2019)) studies may require detailed wind speed patterns, while
disaster prevention (Duan et al., 2021) and land surface modelling applications (Harman
et al., 2004) rely on the extreme and aggregated value, respectively. Therefore, model
skill varies when used for di�erent applications and we will evaluate the performance in
three independent metrics as follows,

(i) R 2 = 1 �
P N

i =1 (Ui � Ûi )2

P N
i =1 (Ui � �U)2

;

(ii) NMAE =
P N

i =1 jUi � Ûi j

N
P N

i =1 Ui

;

(iii) � � =
j� � �̂ j

�
;

Where N is the total number of image pixels corresponding to the wind speed (i.e.
excluding building pixels), Ui is the true wind speed from LES at pixeli , Ûi is the
corresponding predicted wind speed, and�U is the mean of the true wind speed. For the
relative standard deviation error,� � , � is the standard deviation of the true wind speed,
and �̂ denotes the predicted values.

(i) Determination coe�cient (R 2) : to measure how well the predictions explain
variability in the truth. However, some minor defects such as the 
ow pattern being
shifted down/upstream will signi�cantly reduce R2.
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(ii) Normalised mean absolute error (NMAE) : to test if the ML model captures
the 
ow pattern distribution but fails in giving a correct magnitude. Cases showing
unanimous over or underestimation of wind speed can be then amended by globally
subtracting or adding a value.

(iii) Relative standard deviation error ( � � ) : the standard deviation, when combined
with MAE, depicts the general statistical distribution or probability density
function (PDF) of the wind speed map. � � then can help measure the spread
of wind speed values and the typical distance between wind speed at each data
point and the mean.

3. Results and Discussion

Although urban geometry data is becoming increasingly available (Li et al., 2024),
obtaining this information on a global scale remains challenging (Herfort et al., 2023).
Therefore, we conduct two sets of experiments corresponding to two common scenarios
based on how much urban geometry information is available: The �rst approach focuses
on idealised urban con�gurations (Sect. 3.1). When the detailed 3D urban geometry
is not available, some parameters such as plan area density (� p) and building height
distribution statistics (such as mean building height and standard deviation of building
height) are given. In this case, the best practice is to construct a set of idealised urban
arrays matching these parameters as a surrogate (e.g., (Wang et al., 2021)). Second, we
detail the performance of the prediction model when detailed urban geometry datasets
are available, combining the entire dataset of idealised and realistic con�gurations (Sect.
3.2).

3.1. Prediction over Idealised Urban Arrays

Here we consider idealised urban arrays in the UrbanTALES dataset with one uniform
and three building height distributions (Lu et al., 2024b), namelycontinuous, clustered,
and high-rise con�gurations. The robustness of various training and test data splits is
demonstrated by conducting 20 experiments using di�erent random seeds to divide the
data (results are shown in the supplementary �le). The R2 scores for the training and
test sets hover around 0.94 and 0.99, respectively, which indicates the model performance
is irrespective of the seed (test results are shown in Appendix C).

Figure 2 illustrates the distribution of performance metrics for the train and test sets
and categorised by prevailing wind angle. The prediction model is capable of capturing
the wind speed with high accuracy as evidenced by the low and concentrated NMAE
(mostly below 10 %, which is lower than typical wind speed measurements from modern
anemometers (Azorin-Molina et al., 2023) at low wind speeds where the signal-to-noise
ratio is low) and high R2 (mostly above 0.9). Additionally, the model performance
is close between the training and test data, indicating that it generalises well to the
out-of-sample scenarios. The statistical metrics (� � ) are wider spread, which indicates
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variations in the training data have a higher impact on the statistics of the wind �eld.
The impact of prevailing wind direction on the model performance is overall minor where
the � = 45o shows greater variance in all three metrics.

Figure 2: Performance of the ML algorithm trained with the idealised urban layouts.
Three model performance metrics (Sect. 2.4) are shown for the training and test sets.
The box plots are categorised by prevailing wind angle� = 0o (blue) and � = 45o

(orange).

To showcase the model skill over the wind �eld pattern, we select three pairs
(� 2 [0o; 45o]) of cases corresponding to three building height distributions from the
test set in Fig. 3. The selection is also considered to cover three urban densities
(� p 2 [0:0625; 0:25; 0:4444]) and re
ect intermediate model performance.

The �rst pair in Fig. 3 shows the comparison for theclustered-alignedurban layout.
The di�erences in building heights result in unevenly distributed wind �elds around
individual building blocks where the 
ow around tall buildings has faster wind speed due
to the enhanced vertical transport of momentum (Xie et al., 2008). The prediction model
was able to reproduce the typical double-peak wind speed distribution commonly seen in
aligned urban layouts, where the �rst peak (U � 0:2m/s) representing the leeward facets
cavity (size and wind speed) is accurately captured. This capacity in particular bene�ts
identifying the strong building leeward vortex that signi�cantly worsens the ventilation
of particles out of the urban canyons (Mei et al., 2018). However, the prediction
systematically underestimated the wind speed in the wind corridor (U � 0:8m/s) and
the wake region (U � 1:2m/s), which contributed to an underpredicted wind speed
PDF at the second peak. For the oblique wind direction (� = 45o) case, the double
peak behaviour remains, the cavity region is larger but encloses higher wind speed.
The prediction shows a similar behaviour of the� = 0 o layout but overestimates the
windward recirculation region. It also underestimates the wind magnitude within the
wake, leading to a poor capture of the wind maxima.

The second pair showshigh-rise staggeredurban layout result with medium density
(� p = 0:25). The PDF of wind speed shows a skewed Gaussian distribution towards the
lower end (U � 0:1m/s). The prediction model captures the overall 
ow pattern well
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Figure 3: Comparison of wind speed �eld from (LES, upper plot in each comparison)
model with (ML, lower plot in each comparison) predictions (only trained with idealised
urban layouts in UrbanTALES) for three pairs of cases from the test set for sparse
(� p = 0:0625), medium (� p = 0:25), and dense (� p = 0:4444) layouts. In total, six cases
are presented, with con�gurations and angles indicated by the vertical titles. Height
and wind speed colour bars are shared between the LES results and predictions.

for the � = 0o scenario but produces an arti�cial second peak atU � 0:3m/s for the
� = 45o scenario. Meanwhile, the prediction misses some extreme values at both the
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high (U � 0:7m/s) and low (U � 0m/s) ends and therefore may face challenges when
the objective is to capture extreme values for thermal comfort and urban ventilation
assessment (Ng et al., 2011). One possible way to improve the prediction capacity of the
distribution tail is by modifying the loss function to penalise the model for incorrectly
predicting the low and high extremes (Bittner et al., 2023).

The third pair demonstrates the model performance over a densecontinuous aligned
con�guration. The fastest wind speed (U � 0:58m/s) occurs at the windward facet of
the two tallest buildings for the � = 0 o case. The predicted wind �eld captures the
position of this wind extreme but overlooks the magnitude. On the other end of the
distribution, the model accurately placed the low wind speed region but overestimated
its value. As a result, the PDF is squeezed towards the mean. For the oblique wind
(� = 45o) con�guration, similar to the other two pairs, the R2 score remains close to
� = 0o, which could be attributed to changing wind direction not complicating the wind
�eld.

The prediction model works well over two sets of idealised building arrays
constructed following common urban morphological parameters. However, the realistic
urban landscape featuring a great heterogeneity (Lu et al., 2023a) requires the actual
urban morphology for evaluation, which will be addressed in the next section.

3.2. Prediction over both idealised and realistic urban neighbourhoods

For the scenario where the modeller is given detailed and realistic urban morphology,
we train and test the model using the full version of UrbanTALES with 512 urban
con�gurations, which include both idealised and realistic urban con�gurations. The R2

scores for the training and test sets cluster around 0.95 and 0.65, respectively, which is
similar to physical estimation approaches such as Wang et al., 2020. The distribution
of performance metrics, separated by con�gurations, for the training and test sets, are
shown in Fig. 4.

The performance of the model based on the whole dataset has slightly degraded,
which is expected as the size of the training data might not be su�cient for the
prediction model to learn the more realistic and complex 
ow patterns. In the test
set, all three metrics are wider spread than the training, and the di�erence is larger for
realistic con�gurations. While increased con�guration diversity by using the full dataset
poses challenges for generalisation, the model still yields satisfactory performance better
than statistical methods (Wang et al., 2024) consuming similar computational power.
This can be attributed to the ML model does not rely on �tting certain wind speed
distribution functions (e.g., Weibull distribution in Wang et al., 2022), which provides
better 
exibility to accommodate realistic and complex wind �elds.

The model performance over di�erent urban con�gurations such as building
densities and height variability (Fig. 1(a)) further re
ects its generalisation skills.
Figure 5 presents performance metrics over six density ranges. The train set maintains a
high score across densities, which demonstrates the model's e�ective feature extraction
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Figure 4: Performance of the ML algorithm trained with the entire UrbanTALES dataset
consisting of idealised and realistic con�gurations (512 simulation cases). Three model
performance metrics (Sect. 2.4) are shown for the training and test sets. The box plots
are categorised by idealised building blocks (blue) and realistic urban neighbourhoods
(orange).

Figure 5: Performance evaluation for the prediction model based on the whole
UrbanTALES dataset showing detailed distribution of model performance based on
ranges of urban densities where the idealised (circle) and realistic (triangle) cases are
distinguished by markers.
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and pattern recognition capabilities in urban geometry, indicating robust spatial learning
for wind speed prediction. The very sparse (� p � 0.1) and dense (� p � 0.5) categories
mostly re
ect model skills over idealised con�gurations since the density (� p) for realistic
cases are centred around [0:15� 0:45]. Within this range, the performance metrics show
a general decreasing trend, which is expected since denser layouts lead to more complex

ow (Lu et al., 2023a) that needs better generalisation.

The statistics of wind speed is sometimes a surrogate when the detailed 
ow �eld
is not available (e.g., (Yuan et al., 2012)), and can be predicted from urban geometrical
conditions (such as urban density and building height distribution, e.g., (Wang et al.,
2020)). Next, we compare the performance of the ML model based on the 2D 
ow �eld
and a non-linear regression model (baseline model thereafter) solely based on urban
geometrical parameters and the resulting wind speed statistics. Figure 6 shows the
mean (Umean), standard deviation (Ustd ), and maximum (Umax ) of the wind speed.

The baseline model considered here is trained based on the random forest model,
i.e., an ensemble learning method that builds multiple decision trees during training and
outputs the mean prediction of the individual trees to improve prediction accuracy and
control over-�tting. The model maps inputs including prevailing wind direction, plan
area density, standard deviation of building heights, and theurban geometry con�guration
to the output of wind speed statistics for individual cases. The split of training and test
sets of the baseline model were kept identical to that of the prediction model to ensure
consistency across predictions.

Figure 6: Scatter plot showing the model skills in predicting wind �eld statistics where
the blue makers represent the U-net model trained on 2D urban geometry and orange
represents the baseline model trained only on urban geometrical indicators.

The models are di�erentiated using distinct colours while urban con�gurations are
shown with di�erent markers in Fig. 6. The U-net predictions forUmean and Ustd are
tightly clustered around identity line (Prediction equals LES), with very small MAE
values (0.023m/s forUmean and 0.016m/s for Ustd ), indicating close alignment with
LES. In contrast, the baseline model prediction forUmean and Ustd are scattered and
show a clear separation between realistic and idealised con�gurations. As opposed to
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Umean and Ustd measuring the entire 
ow �eld statistics, Umax represent wind extremes,
which usually sit near the building windward facets or in the lateral wakes (Lu et al.,
2024b) and therefore is harder to capture. The U-net model performs better than the
baseline model but with higher MAE because the model systematically underestimates
the maximum values, particularly for the higher wind speed values. The baseline model
is quite spread across the whole range and cancels errors calculated from mean bias.
These behaviours can be explained as follows:

� The baseline model overestimateUmean but underestimate Ustd for realistic
con�gurations. This is expected since the simple regression model is highly
navigated by the variation in urban density, which shows a negative/positive
correlation with Umean/ Ustd for idealised con�guration (e.g., (Xie et al., 2008)).
However, realistic urban geometries are highly variable in both horizontal and
vertical geometrical aspects and the resulting 
ow �eld shows a weaker correlation
to the conventional geometrical parameters (Lu et al., 2023a).

� The lower skill of the U-net model onUmax is also observed in Fig. 3 where the higher
ends of wind speed distribution are missing from the prediction. The baseline model
overestimates/underestimatesUmax for idealised/realistic con�guration, again, due
to the unrealistic high weight of urban density, which shows a negative correlation
(Nazarian et al., 2024) withUmax for idealised con�gurations.

� Given that the random forest model is not designed to capture the spatial features
and dependencies of the input data, its performance declined with more complex
con�gurations. In comparison, spatial characteristics were encoded as features in
the U-net model, which enabled it to incorporate spatial information into learning
and gain a better understanding of the physical 
ow patterns around buildings.

Similar to Sect. 3.1, we select six cases from the test set, and compare the LES
results with the U-net predictions. The �rst row of Fig. 7 shows a comparison of two
identical geometry over di�erent prevailing wind directions. The second row further
demonstrates how building height variability a�ects the model performance. The third
row shows two examples of R2 being insu�cient to capture the model performance where
the distribution matches well but yields very low R2 and vice versa.

Unlike its insigni�cant impact on the model performance for idealised layouts in
Sect. 3.1, the prevailing wind direction greatly a�ects the model performance in the
�rst row of Fig. 7. This can be traced back to di�erent prevailing wind directions
changing the windward and leeward pairing of buildings, which then produce wind
extremes at completely di�erent regions. For the� = 0 o con�guration, the prediction
model produces two false positives at the building edges in the upper panel, which is
perhaps a�ected by the training data with other prevailing wind directions (which has
more wind extremes,� = 30o for example).

The second row considers both the impact of wind direction and building height
distribution in a very dense layout. While the prediction model restores the wind �eld
well in the uniform layout, it produced some false positives when adding the actual
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Figure 7: Similar to Fig. 3, but for predictions based on the whole UrbanTALES dataset.
The �rst two pairs are selected to show the impacts of building height con�guration
and prevailing wind direction on the model performance, and the third pair shows two
examples where the R2 cannot fully re
ect model performance. Six cases are presented,
with con�gurations and angles indicated by the vertical titles. Height and wind speed
colour bars are shared between the LES results and U-net predictions for each case.
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