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Abstract

Urban morphology plays a crucial role in affecting
pedestrian level wind velocity and air temperature. Most
existing studies utilized the CFD method to simulate
environmental parameters at the pedestrian level, while
using statistical analysis to assess the impact of urban
morphology. Simulation has high requirements in
computational time, input parameters, and modeler
expertise. Statistical analysis results highly rely on the
pre-designed scenarios while lacking a profound
interpretation. The study addressed these gaps by using
CFD simulation data to establish two separate machine
learning models for quickly predicting pedestrian level
wind velocity and air temperature. Results showed that
XGBoost-based models achieved better performance
than LightGBM-based models. Then, explainable SHAP
was applied to the optimal XGBoost-based models to
investigate the effect of urban morphology on pedestrian
level wind velocity and air temperature. SHAP results
revealed that the location of sidewalks from the building
array center has a more significant impact on wind
velocity and air temperature than the street width,
building height and width, and orientation angle. In
addition, the study explored the effect of interactions
between urban morphology-related design variables on
pedestrian level wind velocity and air temperature.
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Introduction

In urban outdoor spaces, the wind environment and air
temperature at the pedestrian level significantly affect
human comfort. As one of the essential factors, urban
morphology plays a crucial role in affecting pedestrian
level wind velocity and air temperature (Sun et al. 2022).
Scholars have conducted a series of research in this field

(Du, Mak, and Li 2019; Wu, Zhan, and Quan 2021a;
Weerasuriya et al. 2020; Zhang, Cui, and Song 2020),
where predicting wind velocity and air temperature and
identifying the effects of urban morphology on them are
two research priorities.

Existing studies mainly employed experimental and
numerical approaches to predict wind velocity and air
temperature (Yang et al. 2023). The experimental
approach is based on field measurements and wind
tunnel tests, while the numerical approach entails
computational fluid dynamics(CFD) and data-driven
models (Yang et al. 2023). Compared to the
experimental approach, the numerical approach shows
superiority in modifying experimental parameters,
setting numerous scenarios, and conducting comparative
analysis (Zheng, Chen, and Yang 2023). As one of the
numerical approaches, CFD has been widely used to
evaluate pedestrian level wind and thermal environments
(Mochida and Lun 2008; Shen and Wang 2020).
However, it consumes much computing time, ranging
from hours to even days (Liu and Niu 2019; Wu, Zhan,
and Quan 2021b). In addition, it requires models with
detailed input parameters and modelers with
professional knowledge and sufficient expertise (Kastner
and Dogan 2023). Meeting these requirements makes
predicting wind velocity and air temperature challenging
in the early design stage. Novel data-driven models can
quickly and accurately predict wind and thermal
parameters. It uses machine learning algorithms to
develop predictive models to capture the relationship
between known input urban morphologies and output
wind and thermal parameters. It then applies this
predictive model to other known input urban
morphologies to predict unknown wind and thermal
parameters. Yang et al. (2023) indicated that weather
station records, field measurements, wind tunnel tests,
and CFD simulations are the four primary data sources
for developing machine learning models. The coefficient
of determination(R?) of this kind of model is around 0.8-
0.9, indicating high prediction accuracy (Yang et al.



2023). In addition, data-driven models show high
efficiency in predictions, with a study showing a
reduction in computational time from ~8h for CFD to
~4s for data-driven models (Kastner and Dogan 2023).
Although data-driven models offer high prediction
accuracy and computational efficiency, limited studies
use this approach to predict pedestrian level wind and
thermal conditions (Yang et al. 2023). Therefore, there
is a need to develop machine learning models to
efficiently predict reliable wind velocity and air
temperature at the pedestrian level, and to assess the
effect of urban mopholpgy on them.

When exploring the effect of urban morphology on
pedestrian level wind environment and air temperature,
most studies used comparative analysis to explore the
environmental parameter differences under different
urban characteristics. For instance, Li et al. (2020) used
CFD to simulate the outdoor wind velocity and air
temperature of five building array scenarios, analyzing
the effect of frontal area density of the building array on
pedestrian wind and thermal environment. This kind of
study commonly simulated environmental parameters
under a variety of scenarios one by one, followed by
statistical analysis to elucidate how urban morphology
affects wind and thermal environment. It highly relies on
pre-designed scenarios and is still time-consuming. In
addition, other studies used an overall coefficient to
determine the impact mechanism of the urban
morphology. For instance, Zhang, Cui, and Song (2020)
used R? to explore the relationship between building
layout and outdoor wind comfort. However, such a
global coefficient makes it hard to explain the underlying
reasons on the one hand, and the impact on specific
scenarios on the other. As an advanced explanatory
technique to interpret black-box machine learning
models, SHapley Additive exPlanations (SHAP) can
well quantify the contribution of input features on model
outputs by SHAP values from global to local levels
(Lundberg et al. 2020). It has been widely used in
explaining machine learning models and plays a crucial
role in the interpretable analysis field (Mi, Li, and Zhou
2020). Most studies have applied SHAP at the building
level (Lan, Hou, and Gou 2023; Yang et al. 2022), while
few studies used SHAP at the urban level. Therefore,
applying SHAP to machine learning prediction models
offers an explainable way to explore the relationship
between urban morphology and pedestrian level wind
velocity or air temperature.

In summary, existing studies predicting pedestrian level
wind velocity and air temperature and investigating the
effects of urban morphology on them entailed two
research gaps. Firstly, the simulation approach for
assessing wind and thermal environments is challenging
due to the high requirements of computational time and

modeler knowledge and expertise. Secondly, statistical
analysis and global coefficient are limited in explaining
the effect of urban morphology on wind velocity and air
temperature in terms of scenario diversity, time
limitation, and interpretability. Based on the two gaps,
the study aims to (1) develop machine learning models
to quickly and accurately predict pedestrian level wind
velocity and air temperature; (2) apply SHAP to the
established machine learning prediction model to
investigate the effect of urban morphology on pedestrian
level wind velocity and air temperature in an explainable
way. The study is organized into three main sections to
achieve these objectives: (1) establish databases,
including urban morphology-related design variables
and the corresponding pedestrian level wind velocities
and air temperatures; (2) develop two separate machine
learning models for predicting wind velocity and air
temperature; (3) apply SHAP to each prediction model
to investigate the effect of urban morphology on wind
velocity and air temperature.

Methodology

CFD simulation

CFD simulation based on the Ansys Fluent 2019 R3 was
selected to calculate pedestrian level wind velocity and
air temperature under different urban morphologies. The
obtained dataset is further used to develop machine
learning prediction models and SHAP analysis.

Urban geometry modeling

The study modeled a building array with nine cuboids as
an ideal urban model (Figure 1), which was based on the
CaseC of the Architectural Institute of Japan (AlJ)
(Tominaga et al. 2008). As the study focuses on
pedestrian level conditions, sidewalks around buildings
are considered test areas, as shown in the black-filled
areas in Figure 1(b). Since the spatial distributions of
wind velocity and air temperature vary considerably, the
study set 36 test surfaces in total for all four directions of
buildings. This can help monitor the environmental
parameter differences in spatial distributions. These
sidewalks are designed to be 5m away from building
surfaces, 1.5m above ground level, 5Sm wide, and the
same length as the building width.

Based on the AlJ guidelines (Architectural Institute of
Japan 2016), the computational domain of the CFD
simulation was set based on the building height(H). As
shown in Figure 1(a), the distance between the inlet and
the first building windward surface is SH, the distance
between side symmetry to building sidewalls is SH, the
distance between the outlet and the last building leeward
surface is 15H, the top symmetry is 8H away from the
building roof.
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Figure 1 Description of urban geometry modeling

Design and target variables

The study selected building height(H), building
width(W), distance between buildings(D), and
orientation angle(0) as design variables to control urban
morphology since these design variables have significant
effects on pedestrian level wind and thermal
environment (Wu, Zhan, and Quan 2021a; Du, Mak, and
Li 2019). To generate various urban morphologies, the
study set the range and discretization for four design
variables (Table 1). Then, the Latin hypercube sampling
(LHS) was utilized to generate unique design schemes
randomly as it can generate limited samples to better
cover the high-dimensional design space (Wu, Zhan, and
Quan 2021a). The range of H, W, and D refers to the

“Code for fire protection design of buildings GB50016-
2014”7 (Ministry of Public Security of the People’s
Republic of China 2018) and the existing reference (Du,
Mak, and Li 2019). Since design schemes randomly
generated by LHS are not ideally symmetric in 6 and 90-
0 degrees, the study defined the range of 6 as 0° to 90°.
The mean wind velocity(M Vel) and air
temperature(M_Ta) in each test sidewalk are selected as
the target variables.

Table 1 Description of design variables

were used as boundary conditions for CFD validation
(Figure 2(b)-(c)). Wind tunnel results at the height of
0.1H were compared with CFD validation results.
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Figure 2 Description of ALJ CaseC
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Three mesh systems, including coarse, medium, and fine,
were established for the mesh sensitivity test. The
growth rate of the three mesh systems was set to 1.2, and
all mesh systems had ten inflation layers with the first
layer thickness of 0.0011m. The global element sizes for
the coarse, medium, and fine systems were 0.054m,
0.036m, and 0.024m, respectively, while the element
sizes around their buildings were set to 0.027m, 0.018m,
and 0.012m, respectively. In addition, three k-¢ models,
including standard k-g, RNG k-¢, and realizable k-¢,
were compared to select the most suitable turbulence
model. The solution method was based on the coupled
and second-order upwind schemes. The study used the
Spearman correlation coefficient (Cc) to measure the
correlation between the wind tunnel and the CFD
validation results with different mesh systems and k-g¢
models. Table 2 summarizes nine results. As the standard
k-¢ with the medium mesh outperformed other results,
the study selected the standard k-¢ model and the
medium mesh generation scheme for further CFD
simulation.

Table 2 Cc between wind tunnel and CFD validation

Design Range Discretization
variables Lower Upper
H 24m 99m Im
W 20m 50m Im
D 24m 99m Im
0 0° 90° 1°
CFD validation

To select the suitable turbulence model and mesh scheme,
the study conducted the CFD validation based on the
wind tunnel results of AIJ CaseC, which is available on
an online AIJ website (Architectural Institute of Japan
2020). CaseC geometry and test points are shown in
Figure 2(a). Detailed inflow profiles provided by ALl

k-¢ model Mesh system Correlation coefficient
Standard k-¢ Coarse 0.83
Medium 0.84
Fine 0.83
RNG k-¢ Coarse 0.59
Medium 0.55
Fine 0.48
Realizable k-¢ ~ Coarse 0.82
Medium 0.83
Fine 0.82




CFD simulation

The study applied the typical urban geometry of AlJ
CaseC to Beijing’s weather conditions as a case study.
Beijing was selected as the study area, which is the
capital of China and represents the typical city that has
experienced intensive urbanization in the past 30 years
in China (Zhang et al. 2022). Studying the effects of
urban morphology on pedestrian level wind velocity and
air temperature is significant in Beijing as it is highly
urbanized, with diverse and complex buildings in urban
areas (Zhang et al. 2022). The study focused on winter
conditions at the pedestrian level as Beijing is located in
the cold climate zone of China, with an average outdoor
air temperature of -0.7°C in winter (Yin et al. 2021).

Based on the CFD validation results, the study utilized
the standard k-¢ model for wind environment simulation,
while the energy model and discrete ordinates(DO)
model were used to evaluate the radiant heat fluxes
between surfaces as it can achieve high accuracy (Li et
al. 2020).

For k-g¢ model, the vertical inflow wind velocity U(z2),
turbulent kinetic energy k(z) and the turbulence
dissipation rate £(z) profiles followed the equations (1)-
(4) proposed by AlJ (Tominaga et al. 2008):

U() = U, &
1(z) = CZL((ZZ)) = 0_1(%)(—01—0.05) 2
2 2 ,
k() = 2D+ 2(2) to@ oy O
= ((2U(2)*
g(z) = Cul/zk(z)%a(;)(a_l) 4)

Where Us is the wind velocity at the reference height zg,
and « is the power-law exponent determined by terrain
category, I(z) is the turbulent intensity, z; is the
atmospheric boundary layer height, C, is the turbulent
viscosity constant that is 0.09.

For energy and DO models, the properties of wall
materials are based on the literature (Li et al. 2020). The
heat transfer coefficients (h.) of ground and building
walls are calculated by the suggested empirical equation
(Yang et al. 2017):

h, = 5.7 + 3.8V, 5)

Where V,;, is the airflow velocity.

Winter in Beijing usually starts in December and ends in
February. To determine the simulation time, the study
calculated the mean Universal Thermal Climate Index
(UTCI) for each hour of the winter daytime based on the
local EPW file. Figure 3 shows that the mean UTCI is

lowest at 9 am in winter daytime, which is during the
morning rush hour in Beijing (Liu et al. 2021). This
implies that the thermal comfort of pedestrians is the
worst during the peak hour of 9 am. Therefore, 9 am was
selected as the simulation time. Based on the local EPW
file, the study calculated the mean values of wind
velocity, air temperature, and solar radiation-related
parameters at 9 am in winter in Beijing, and the mode of
wind direction during this period as the simulation
inflow parameters. The simulation date was selected
based on the typical period in the local EPW file. The
power-law exponent and atmospheric boundary layer
height were set based on the Standard for green
performance calculation of civil buildings in China
(Ministry of Housing and Urban-Rural Development of
the People’s Republic of China 2018). Table 3
summarizes the CFD simulation parameters and settings.

UTCI(°C)

9 10 11 12 13 14 15 16 17 18

Time of day

Figure 3 Mean UTCI in winter daytime

Table 3 CFD simulation parameters and settings

Parameters Settings

Date and time 9 am, 14" December

Inlet a=0.22, z;=10m, Us=2.69m/s,
zg=400m, wind direction=0°,
air temperature=-3.81°C
No-slip stationary wall
Symmetry

Outflow

Ground and building wall
Lateral and top boundary
Outlet

The simulation used a 12th Gen Intel(R) Core(TM) i7-
12700K-3.60 GHz, 32 GB RAM high-performance
computer with parallel processing. To ensure the
reliability of CFD simulation in Beijing, the settings of
the computational domain, mesh generation scheme,
turbulence model, and solution method were the same as
the CFD validation. In addition, the study conducted the
mesh sensitivity test for the simulation case in Beijing
since this case has different inflow profiles, where,
notably, the mesh generation method is the same as the
validation case. Eight mesh systems, from coarse to fine,
are generated in total. The growth rate of each mesh
system was set to 1.2, and all mesh systems had ten
inflation layers with the first layer thickness of 0.027m.



The global element sizes from mesh 1 to mesh 8 were
39m, 36m, 33m, 30m, 27m, 24m, 21m, and 18m,
respectively. In addition, the element sizes around
buildings were set to 6.5m, 6m, 5.5m, 5m, 4.5m, 4m,
3.5m, and 3m, respectively. Similarly, the study adopted
the Cc to measure the correlation between results
generated by the finest mesh system 8 and other mesh
systems. Table 4 summarizes the total number of mesh
elements, simulation running time, and Cc between each
mesh system and mesh system 8. The mesh system
results show a higher variation in wind velocity than air
temperature. The study finally selected mesh system 5
for simulation as it achieved high Cc for wind velocity
and air temperature with the acceptable number of mesh
elements. This means that mesh system 5 can simulate
reliable results in a shorter time.

Table 4 The number of mesh elements, simulation
running time, and Cc between each mesh system and
mesh system 8

Mesh Number Run- Cc with mesh system 8
of mesh ning Wind Air
clements  time velocity ~ temperature

1 574371  140h  0.90 0.98

2 869,638 2.12h 0.90 0.98

3 1,038,649 2.30h  0.90 0.98

4 1,336,391 3.00h  0.92 0.98

5 1,768,283 3.97h  0.93 0.99

6 2,278,086 4.45h  0.93 0.99

7 3,223,059 7.07h 0.97 1.00

8(Finest) 4,901,300 22.35h 1.00 1.00

Based on the settings of design variables and target
variables discussed earlier, 60 design schemes of urban
morphology were randomly generated based on LHS.
Figure 4 shows some geometries of the 60 design
schemes sampled with LHS. All these 60 design schemes
followed the simulation parameters and settings in Table
3 and the mesh system 5. Since each design scheme has
36 sidewalk test surfaces, the study added the horizontal
distance (Horiz D) and vertical distance (Verti D)
between each sidewalk center and the center of the
building array to design variables (Figure 5). Meanwhile,
the directionality of the horizontal and vertical distances
was defined based on the relative position of the
sidewalk to the center of the building array. 2,160 (60*36)
sidewalk samples were ultimately generated in total.
Each sample includes design variable data, horizontal
and vertical distance data from the building array center,
and corresponding wind velocity and air temperature.
Using this dataset for analysis can capture the effect of
urban morphology on target variables while identifying
spatial distribution variation of target variables.
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Figure 4 Geometries of some design schemes
sampled with LHS
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Prediction model development

The study selected tree-based algorithms to develop the
machine learning model for predicting wind velocity and
air temperature at the pedestrian level. eXtreme Gradient
Boosting (XGBoost) and Light Gradient Boosting
Machine (LightGBM) were selected as they achieved
superior performance in previous studies (Liu et al. 2022;
Moon, Rho, and Baik 2022). The study split the entire
dataset into 80% training and 20% test sets. Ten-fold
cross-validation was used on the training set to find the
optimal model hyperparameter. The model was then
evaluated on the test set to explore the prediction ability
of this model on the unknown data. As the study used
SHAP to analyze the effect of urban morphology on
pedestrian level wind velocity and air temperature, the
entire dataset was more comprehensive in capturing their
relationship than the training or test set. Consequently,
the model performance was further evaluated on the
entire dataset.

Coefficient of determination (R?) and root mean square
error ( RMSE ) were used to evaluate the model



performance. R? represents the goodness of fit of a
model (Zhang et al. 2023), while RMSE calculates the
average difference between predicted and actual values
(Liu et al. 2022). Higher R? and lower RMSE indicate
better model performance. The calculation of two
metrics is shown in equations (6)-(7):

Z?=1(3’Prediction,i B YActual,i)Z (6)

E?:1(YActual,i - :)_]Actual)2

R*=1-

Q)

n
1

RMSE = EZ(yPrediction,i - YActual,i)z
i=1

Where n is the number of samples in the dataset,
Yprediction,i A Yacruari are the predicted and actual values of
the it" sample, respectively, and ¥,¢yq; is the average of the
actual values.

Effects analysis using SHAP

Existing machine learning models are often black-box
models, leading to difficulties in interpreting model
predictions. The classic game-theoretic Shapley value
can interpret the contribution of model input on model
output based on the marginal contribution of features
(Shapley 1953). Equation (8) defines the calculation of
Shapley value @; (Lundberg and Lee 2017):
SIN(|F| = |S] = D!
@; = Z Is1d ||F||' | ) [fsu{i}(xsu{i})_fs(xs)]

ScF\{i}

®
Where F is the set including all features, S is the subset
excluding the ith feature, and f:gu{i}(xSU{i}) — fs(xg) is

the prediction difference, including and excluding the
ith feature.

Based on the Shapley value, Lundberg and Lee proposed
SHAP in 2017, which inherited all the advantages of
Shapley value and improved the computation speed of
the Shapley value from the exponential to the polynomial
level (Lundberg et al. 2020). Consequently, SHAP can
offer local explanations for a specific sample prediction
while capturing the global structure (Lundberg et al.
2020), where SHAP value is used to measure the feature
contribution. The study employed SHAP to the optimal
wind velocity and air temperature prediction models to
interpret the effects of urban morphology on wind
velocity and air temperature from global and local
aspects.

Discussion and result analysis

CFD simulation results

Table 5 summarizes simulation results for 2,160
sidewalk samples. Figure 6 shows the distribution of the

simulated mean air temperature and wind velocity for
2,160 sidewalk samples. Compared to the inflow air
temperature of -3.81°C and wind velocity of 2.69m/s,
urban morphology showed a more significant effect on
the wind environment as the median value of simulated
wind velocity is 0.98m/s, and the median value of
simulated air temperature is -3.35°C.

Table 5 Statistical description of simulation results

Mean Standard Min Max
Deviation

H 58.42 20.33 24 98
w 35.28 9.29 20 50
D 60.83 22.62 24 98
0 47.70 25.93 3 90
Horiz D |68.27| 147.71| 0 |180.5]
Verti_ D 168.27| 147.71| 0 |180.5]
M Ta -3.32 0.20 -3.71 -1.87
M_Vel 1.24 0.77 0.09 3.30

Median: 0.98 Median: -3.35
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Figure 6 Distribution of target variables

Prediction model results

As mentioned, the model performance was evaluated on
the test set to assess the model prediction ability and the
entire data to support SHAP analysis. In addition, the
study listed the validation results of developed models.
Table 6 summarizes the performance of wind velocity
prediction models. In summary, two models achieved
satisfactory performance, with R? around 0.80 on
validation data, around 0.85 on test data, and over 0.96
on entire data, while RMSE was below 0.35m/s on
validation data, below 0.29m/s on test data, and below
0.16m/s on entire data. Specifically, XGBoost-based
wind velocity prediction model performed better on
validation, test, and entire data. Therefore, the study
selected the XGBoost-based wind velocity model as the
optimal pedestrian level wind velocity prediction model.
Figure 7 displays the actual mean wind velocity versus
the predicted mean wind velocity on the test and entire
data, where most samples match the diagonal except for
a few points.



Table 6 Performance of wind velocity prediction

models
XGBoost LightGBM
Validation data  R? 0.81 0.79
RMSE  0.34 0.35
Test data R? 0.86 0.85
RMSE  0.28 0.29
Entire data R? 0.97 0.96
RMSE  0.13 0.16
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Figure 7 The actual versus the predicted value of
XGBoost-based wind velocity model

Table 7 summarizes the performance of air temperature
prediction models. The two models also achieved
satisfactory results, with the R? around 0.70 on
validation data, around 0.75 on test data, and over 0.90
on entire data, while RMSE of 0.11°C on validation and
test data, and around 0.05°C on entire data. Like the wind
velocity, the XGBoost-based air temperature model
slightly outperformed the LightGBM-based model
regarding validation, test, and entire data. Therefore, the
study selected the XGBoost-based air temperature model
as the optimal pedestrian level air temperature prediction
model. Figure 8 shows the actual mean air temperature
versus the predicted mean air temperature on the test and
entire data, with most of the samples showing high
goodness of fit, except for a few points.

Table 7 Performance of air temperature prediction

models
XGBoost LightGBM
Validation data  R? 0.70 0.69
RMSE 0.11 0.11
Test data R? 0.75 0.74
RMSE 0.11 0.11
Entire data R? 0.94 0.91
RMSE  0.05 0.06

R?=0.75 R2=0.94

Predicted mean air temperature [°C]

®
Predicted mean air temperature [°C]

—4.0 —4.0
—4.0 -3.5 -3.0 —

5 —2.0 0 -35 -30 -25 -2
Actual mean air temperature [°C]

.0
Actual mean air temperature [°C]

(a) On the test data (b) On the entire data
Figure 8 The actual versus the predicted value of the
XGBoost-based air temperature model

Effects analysis results

The study employed the SHAP summary plot and
dependence plot to investigate the effect of urban
morphology on wind velocity and air temperature. The
summary plot identifies key design variables that
significantly affect wind velocity and air temperature,
while the dependence plot captures the impact of
interactions between design variables on wind velocity
and air temperature. Figure 9 shows the summary plot
for wind velocity. The x-axis uses the SHAP value to
quantify the contribution of design variables on wind
velocity, with positive SHAP values increasing target
variables, negative SHAP values decreasing target
variables, and higher absolute SHAP values representing
higher contributions to model output. The y-axis lists the
design variables based on the descending order of feature
importance. Each dot in the chart represents a sidewalk
sample, with red representing a higher variable value and
blue representing a lower variable value. Figure 10(a)-(b)
shows the single dependence plot for wind velocity. It
can investigate how the value of design variables in the
x-axis affects the target variable based on SHAP value
of the y-axis. Figure 10(c)-(d) were used to explore how
the contribution of the design variable on the target
variable interacts with the second design variable. The x-
axis and y-axis explanations are similar to the single
dependence plot, while the gradient color of the dots
represents the value change of the second design variable
on the right side of the chart. The dispersion of red and
blue dots indicates the effect of design variables on target
variables interacting with the second variable.

Analysis of wind velocity

As shown in Figure 9, the summary plot for wind
velocity revealed that the horizontal distance, vertical
distance, and orientation angle are the first three essential
design variables affecting the pedestrian level wind
velocity, followed by the distance between buildings,
building height, and width. Horizontal distance is the
most critical design variable, with most higher horizontal



distances resulting in lower wind velocity. Vertical
distance is the second critical design variable, with most
lower vertical distances resulting in lower wind velocity.
The orientation angle also greatly influences wind
velocity, with most larger orientation angles more likely
reducing wind velocity. The other three design variables
have less impact on wind velocity, with lower distance
between buildings, lower building height, and greater
building width decreasing wind velocity. In summary,
the relative position of the sidewalk to the building array
center and orientation angle have a more significant
impact on the pedestrian level wind velocity, compared
to the street width, building height, and building width.
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Horizontal distance -'—"*—‘"-

Vertical distance -—-*.-—-—— "
E
Orientation angle -————+ [
s
Distance between buildings '—+- . 2
&

Building height —+ “

Building width +—

Low

-1.0 -0.5 0.0 05 10
SHAP value (impact on model output)

Figure 9 Summary plot for wind velocity

The dependence plot that showed the meaningful
distribution and dispersion was discussed in this section.
Figure 10(a)-(b) show the single dependence plot of
orientation angle and building height. The influence of
orientation angle on wind velocity fluctuates with angle.
Most angles within 30° to 55° increase wind velocity,
while most angles larger than approximately 80° or
smaller than 10° reduce wind velocity. A building height
of 60m serves as a cutoff point to distinguish the positive
or negative impact on wind velocity, with most buildings
taller than 60m increasing wind velocity and most
buildings shorter than 60m decreasing wind velocity.
Figure 10(c) reveals that the impact of distance between
buildings on wind velocity interacts with the horizontal
distance of sidewalks. Streets that are approximately
narrower than 60m can decrease the wind velocity of
sidewalks with higher horizontal distances more
significantly than lower horizontal ones. Similarly,
streets wider than 60m can increase the wind velocity of
sidewalks with higher horizontal distances more
significantly than lower horizontal ones. In contrast,
Figure 10(d) illustrates that narrower streets lead to a
higher increase in wind velocity of sidewalks with higher
vertical distances, while wider streets more significantly
decrease their wind velocity.

021 .

SHAP Value for 8
S S ¢
IS
SHAP Value for H

30 40 50 60 70 80 90 100
Building height

0 20 40 60 80
Orientation angle

. (@
100 08 100

SHAP Value for D
S
Horizontal distance
SHAP Value for D
S
Vertical distance

L S —
30 40 50 60 70 80 90 100
Distance between buildings

6
30 40 50 60 70 80 90 100
Distance between buildings

Figure 10 Dependence plot for wind velocity

Analysis of air temperature

Figure 11 shows the summary plot for air temperature.
Horizontal and vertical distance are the two key design
variables affecting the pedestrian level air temperature,
which aligns with the wind velocity analysis. The impact
of horizontal and vertical distances on air temperature
shows more explicit directionality, with higher
horizontal distances leading to higher air temperatures
and lower vertical distances leading to higher air
temperatures. Given that the inlet wind direction is 0°
(North) and the building array rotates from east to north
(Figure 1(c)), the sidewalks with higher horizontal
distances and lower vertical distances can receive less
shade from surrounding buildings and experience greater
solar exposure, thus leading to higher air temperature.
The distance between buildings is the third key design
variable, with higher distances leading to lower air
temperatures. Building height, orientation angle, and
building width show less impact on air temperatures,
with higher building height, most larger orientation
angles, and higher building width resulting in lower air
temperatures.
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Figure 11 Summary plot for air temperature



Figure 12 shows the dependence plot for air temperature.
Higher horizontal and lower vertical distances can result
in a maximum increase in air temperatures of over 0.4°C.
Figure 12(c) shows a similar effect with the wind
velocity, showing that most angles within 30° to 55° can
increase air temperature. Figure 12(d)-(e) reveals that a
building height of 60m is an approximate cutoff point to
distinguish its impact on air temperature. In addition, its
impact significantly interacted with the horizontal and
vertical distances. As shown in Figure 12(d), buildings
approximately shorter than 60m can lead to a higher
increase in the air temperature of sidewalks with lower
horizontal distances than higher horizontal ones.
Similarly, buildings taller than 60m decrease the air
temperature of sidewalks with lower horizontal distances
more significantly than higher horizontal distances. In
contrast, Figure 12(e) reveals that shorter buildings lead
to a higher increase in the air temperature of sidewalks
with higher vertical distances, while taller buildings
more significantly decrease their air temperature. Figure
12(f) reveals that the effect of orientation angle on air
temperatures interacts with the vertical distance. An
orientation angle smaller than 30° can increase the air
temperature of sidewalks with lower vertical distances
more significantly than higher vertical distances, while
an orientation angle larger than 55° can decrease the air
temperature of sidewalks with lower vertical distances
more significantly than higher vertical distances.

1S
IS

o

i
e
w

e
o
e e
S

14

o
<4
°

-0.1

SHAP Value for Horiz_D
SHAP Value for Verti_D

!
=3
N

—150-100 <50 0 50 100 150
Vertical distance

—150-100 <50 0 50 100 150
Horizontal distance

SHAP Value for 6
SHAP Value for H
Horizontal distance

-0.05{ +

-0.101
30 40 50 60 70 80 90 100
Building height

0 20 40 60 80
Orientation angle

SHAP Value for H
S
Vertical distance
SHAP Value for 6
Vertical distance

30 40 50 60 70 80 90 100 0 20 40 60 80
Building height Orientation angle

Figure 12 Dependence plot for air temperature

Conclusion

The wind and thermal environments at the pedestrian
level play an essential role in human comfort in outdoor
spaces. Improving the wind and thermal environments
from the urban morphology perspective has received
much attention. Most existing studies utilized the CFD
method to simulate the pedestrian level wind and thermal
parameters, which is time-consuming and has high
simulation requirements. In addition, studies highly
relied on pre-designed project scenarios to assess the
impact of urban morphology on pedestrian level wind
and thermal environments. It commonly offered a global
coefficient or trend change to interpret the effect, lacking
a profound interpretation. The study addressed these
gaps by applying the CFD simulation data to two
machine learning algorithms to establish models for
predicting pedestrian level wind velocity and air
temperature. The results showed that XGBoost-based
models outperformed LightGBM-based models for
predicting wind velocity and air temperature, achieving
R? of 0.86, RMSE of 0.28m/s for wind velocity, and R?
of 0.75, RMSE of 0.11°C for air temperature. The study
then applied SHAP to the two optimal XGBoost-based
prediction models to investigate the impact of urban
morphology on pedestrian level wind velocity and air
temperature. Compared to urban morphology-related
design variables, like street width, building height and
width, and orientation angle, the relative position of
sidewalks from the building array center plays a more
essential role in affecting wind velocity and air
temperature. In addition, the study explored the effect of
interactions between design variables on pedestrian level
wind velocity and air temperature.

This study acknowledges certain limitations that should
be addressed in future research. The two prediction
models developed in this study can well predict wind
velocity and air temperature around a 3%3 building array.
However, it is the ideal geometry. The predictive
capabilities of these two models remain uncertain in
other real-world urban morphologies. Thus, there may be
limitations in generalizing the two prediction models to
more complex and realistic urban scenarios. Future
research should focus on improving the practicality of
these prediction models.
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