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ABSTRACT
Urban morphology plays a crucial role in affecting pedestrian level wind velocity and air tempera-
ture. Most studies use CFD to simulate these parameters, which requires substantial computational
resources, detailed inputs, and modeller expertise. To assess the impact of urban morphology on
these parameters, comparative analyses are often used but are highly dependent on pre-designed
scenarios. The study established twoXGBoost-basedmodels to predictwind velocity and air temper-
ature efficiently while applying SHAP to investigate the effect of urban morphology. SHAP results
revealed that the horizontal and vertical distances from the array centre showed a greater influ-
ence onmicroclimate parameters than conventional building design variables. This study introduces
efficient machine learning models predicting pedestrian-level wind and thermal environment with
high temporal granularitywhile providingquantifiable insights into the relationshipsbetweenurban
morphology variables and microclimate conditions through SHAP-based analysis, offering practical
design optimization support for creating more comfortable urban environments.
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1. Introduction

In urban outdoor spaces, the wind and thermal envi-
ronment at the pedestrian level play a crucial role in
human comfort. Among the key influential factors, urban
morphology significantly impacts pedestrian level wind
velocity and air temperature (Dong et al. 2025; Shen et al.
2024; Sun et al. 2022). Extensive research has been con-
ducted in this field (Du, Mak, and Li 2019; Weerasuriya
et al. 2020; Wu, Zhan, and Quan 2021b; Zhang, Cui, and
Song 2020), with two primary research priorities: pre-
dicting wind and thermal environment parameters and
identifying the effects of urban morphology on these
parameters.

Existing studies predominantly employed experimen-
tal and numerical approaches to predict wind and ther-
mal environment parameters (Yang et al. 2023). The
experimental approach relies on field measurements
and wind tunnel tests, while the numerical approach
includes computational fluid dynamics (CFD) and data-
driven models (Yang et al. 2023). Compared to exper-
imental approaches, numerical approaches offer flexi-
bility in modifying parameters, simulating multiple sce-
narios, and conducting comparative analyses (Zheng,
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Chen, and Yang 2023). Among numerical approaches,
CFD was widely used to assess pedestrian level wind
and thermal environments (Mochida and Lun 2008; Shen
and Wang 2020; Wang et al. 2025). However, CFD sim-
ulations are highly computationally demanding, often
requiring several hours to multiple days to complete (Liu
and Niu 2019; Wu, Zhan, and Quan 2021a). Additionally,
they demand detailed input parameters and specialized
expertise frommodellers (Kastner andDogan 2023),mak-
ing them challenging for early-stage design assessments.
In contrast, data-drivenmodels offer a promising alterna-
tive by enabling fast and accurate predictions ofwind and
thermal parameters. These models utilize machine learn-
ing algorithms to develop predictivemodels that capture
relationships between known urban morphology inputs
and corresponding wind and thermal outputs, enabling
the prediction of unknown wind and thermal parame-
ters in other unseen urban morphologies. Yang et al.
(2023) identified four primary data sources for develop-
ingmachine learningmodels in this field: weather station
records, field measurements, wind tunnel tests, and CFD
simulations. In addition, machine learning models in this
field demonstrate high predictive accuracy, with coeffi-
cients of determination (R2) typically ranging from 0.8 to
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0.9 (Yang et al. 2023). For example, Giljarhus and Hågbo
(2024) developed a regression model based on CFD-
simulateddata topredict pedestrian levelwindvelocity at
thebuilding scale, achievingR2 values ranging from0.810
to 0.991. Similarly, Mokhtar et al. (2021) and Clemente
et al. (2024) introduced similar deep learning-basedwork-
flows to estimate pedestrian level wind-related factors in
urban environments. Notably, machine learning models
greatly enhanced computational efficiency, with studies
showing a reduction in computational time from approx-
imately eight hours for CFD simulations to just approxi-
mately four seconds for data-driven models (Kastner and
Dogan 2023). These advances highlight the need for fur-
ther exploring the integration of machine learning tech-
niques in urban climate research.

When assessing the effect of urban morphology on
pedestrian level wind and thermal environment, most
studies used comparative analysis to explore their differ-
ences under different urban morphologies. For instance,
Li et al. (2020) used CFD to simulate outdoor wind veloc-
ity and air temperature of five building array scenarios,
analyzing the effect of frontal area density of the build-
ing array on pedestrian level thermal comfort. Such stud-
ies commonly simulated wind and thermal parameters
across various urban morphology scenarios individually,
followed by statistical analyses to elucidate the effect of
urban morphology on 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 of urban morphol-
ogy on pedestrian level wind and thermal environment.
For instance, Zhang, Cui, and Song (2020) used R2 to
explore the relationship between urbanmorphology and
outdoor wind and thermal comfort. However, this global
coefficient makes it difficult to interpret both the under-
lying reasons and the impact of urban morphology on
windand thermal environment in specific scenarios. As an
advanced explanatory technique to interpret black-box
machine learning models, SHapley Additive exPlanations
(SHAP) can well quantify the contribution of input fea-
tures on model outputs by SHAP values from global to
local levels (Lundberg et al. 2020). It has beenwidely used
in explaining the prediction behaviour of machine learn-
ing models and plays a crucial role in the interpretable
analysis field (Mi, Li, and Zhou 2020). Some studies have
applied SHAP at the room level to investigate the effects
of specific variables (e.g. indoor and outdoor environ-
mental parameters) on thermal comfort (Lan, Hou, and
Gou 2023; Yang et al. 2022), while others have applied
SHAP at the building level to investigate the influence
of household characteristics on building energy use (Cui
et al. 2024). However, few studies have applied SHAP at
theurban level to explore the relationshipbetweenurban

morphology and pedestrian level wind and thermal envi-
ronment. Since wind velocity and air temperature are
commonly regarded as key parameters for representing
the pedestrian level wind and thermal environment, as
well as essential variables for calculating wind and ther-
mal comfort (Du et al. 2017; Jeong et al. 2022), it is nec-
essary to first develop machine learning models that can
efficiently and accurately predict pedestrian level wind
velocity and air temperature. Subsequently, SHAP can be
applied to these models to interpret the contributions of
input urban morphology design variables to predicted
wind velocity and air temperature outputs.

In summary, existing studies predicting pedestrian
level wind and thermal environment and investigating
the effects of urban morphology on them have entailed
two research gaps. Firstly, the simulation approach is
challenging for assessing wind and thermal environ-
ment due to the high requirements of computational
time and modeller knowledge and expertise. Secondly,
comparative analysis and global coefficients are lim-
ited in explaining the effects of urban morphology on
wind and thermal environment parameters, due to con-
straints related to scenario diversity, time limitation, and
interpretability. To address these 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 models to investigate the
effect of urban morphology on pedestrian level wind
velocity and air temperature in an explainable way. To
achieve these two objectives, the study was organized
into three main sections: (1) establish databases, includ-
ing urban morphology-related design variables and the
corresponding pedestrian level wind velocities and air
temperatures; (2) develop two separate machine learn-
ing models for predicting pedestrian level 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. The novelty of this
study lies in the development of two predictive mod-
els capable of estimating pedestrian level wind velocity
and air temperature within seconds, thereby eliminat-
ing the need for time-consuming simulations. In addition,
the SHAP-based effect analysis results provide valuable
policy implications for early-stage urban planning and
building layout design, contributing to optimizing the
urban microclimate and enhancing the efficiency of the
decision-making process.

2. Methodology

Figure 1 proposed a research framework for establish-
ing wind velocity and air temperature prediction models
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Figure 1. Research framework for establishing wind velocity and air temperature prediction models and SHAP-based effect analysis.

and conducting SHAP-based effect analysis. It comprises
threemain sections: (1) establishing two databases based
on CFD simulations, which includes urban geometry
modelling, defining design and target variables, CFD val-
idation and simulation; (2) developing wind velocity and
air temperature prediction models using the two estab-
lished databases, involving determining machine learn-
ing algorithms and evaluation metrics, model training,
and identification of the optimal model; and (3) con-
ducting SHAP-based effect analysis to identify key drivers
influencing pedestrian level wind velocity and air tem-
perature based on SHAP summary plot, to explore how
the effect of one urban morphology design variable on
wind velocity and air temperature interacts with another
based on SHAP dependence plot, and to derive policy
implications for the early stages of urban planning and
building layout design based on SHAP heatmap plot. The
results are not only applicable to urban morphologies
similar to those examined in this study, but the research
methodology and framework are also generalizable and
can be applied to other case studies with different urban
morphologies.

2.1. Database establishment based on CFD
simulation

CFD simulations using Ansys Fluent 2019 R3 were con-
ducted to calculate pedestrian level wind velocity and
air temperature under various urban morphologies for
data collection purposes. The study first modelled a typ-
ical urban geometry representative of common urban
morphologies.Urbanmorphologydesignvariables, along

with predicted wind velocity and air temperature vari-
ables, were then defined. The ranges and discretization of
these design variables were determined for Latin Hyper-
cube Sampling (LHS), enabling the generation of diverse
urban morphology scenarios. Before the actual CFD sim-
ulations, a CFD validation was performed to select the
appropriate mesh scheme and turbulencemodel. Finally,
CFD simulations were carried out for each sampled urban
morphology, and databases were established that link
the urban morphology design variables to their corre-
sponding wind velocity and air temperature values.

2.1.1. Urban geometrymodelling
The study modelled a building array consisting of
nine cuboids to represent common urban morpholo-
gies (Figure 2). This configuration was based on Case
C proposed by the Working Group of the Architectural
Institute of Japan (AIJ) (Tominaga et al. 2008) and has
been widely used in studies concentrating on outdoor
wind and thermal environments (Chen, Rong, and Zhang
2021; Gromke and Blocken 2015; Liu et al. 2019a; 2019b;
Liu and Niu 2019; Tong, Chen, and Malkawi 2016). As
the study focused on pedestrian level wind and ther-
mal environments, sidewalks surrounding the buildings
were designed as test areas, indicated by the black-filled
regions in Figure 2(b). Due to the considerable spatial
variations in wind velocity and air temperature, 36 test
areas were positioned around all four sides of the nine
building cuboids. This arrangement enabled monitoring
of spatial variations in wind velocity and air temperature.
The sidewalks were designed to be five metres (m) away
from the buildings, positioned 1.5metres above ground
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Figure 2. Description of urban geometry modelling.

level, with a width of five metres and a length matching
the width of the buildings.

The computational domain for the CFD simulationwas
defined based on the building height (H), following the
guidelines of the AIJ (Mochida et al. 2016). As shown
in Figure 2(a), the distance from the inlet to the wind-
ward surface of the first building is 5H, while the distance
from the side symmetry boundaries to the building side-
walls is also 5H. The outlet is positioned 15H downstream
from the leeward surface of the last building, and the top
symmetry boundary is set 8H above the building roofs.

2.1.2. Definition of design and target variables
The study selected building height (H), building width
(W), distance between buildings (D), and orientation
angle (θ ) as design variables to control urbanmorphology
since these variables significantly affect pedestrian level
wind and thermal environments (Du, Mak, and Li 2019;
Wu, Zhan, and Quan 2021b). To generate diverse urban
morphologies, the ranges and discretization of these four
design variables were defined, as shown in Table 1. Based
on these parameters, LHS was employed to randomly
generate unique design schemes in this study, as LHS can
efficiently generate limited samples while ensuring bet-
ter coverage of the high-dimensional design space (Wu,
Zhan, and Quan 2021b). The ranges and discretization for
H, W, and D were determined by referring to the ‘Code
for Fire Protection Design of Buildings GB50016-2014’
(Ministry of Public Security of the People’s Republic of
China 2018) and existing literature (Du, Mak, and Li 2019).
Although the same design scheme is theoretically sym-
metric at θ and 90°-θ , the variations in H, W, and D of the
urban morphology design schemes generated through
LHS result in asymmetry at θ and 90°-θ . Consequently, to
ensure diverse urban morphologies, the range of θ was
defined from 0° to 90° with a discretization of 1°. The
area-weightedwind velocity (M_Vel) and air temperature

Table 1. Description of design variables.

Range

Design variables Lower Upper Discretization

H 24m 99m 1m
W 20m 50m 1m
D 24m 99m 1m
θ 0° 90° 1°

(M_Ta) within each test sidewalk were selected as the tar-
get variables, with their definitions provided in Equations
(1)–(2).

M_Vel = 1
A

∫
A
VeldA (1)

M_Ta = 1
A

∫
A
TadA (2)

Where Vel and Ta represent the wind velocity and air
temperature at any location within a test sidewalk, and
A denotes the area of the test sidewalk (Du, Mak, and Li
2019).

2.1.3. CFD validation
Since theAIJ provides open-accesswind tunnel results for
Case C (Architectural Institute of Japan 2020), the study
conducted CFD simulation for Case C using the detailed
inflow profiles provided by AIJ. The wind tunnel results
and CFD simulation outcomes for Case C were then com-
pared for validation purposes. This process facilitated the
selection of the appropriate generation method of the
mesh scheme and turbulence model for subsequent CFD
simulations. Figure 3(a) shows the geometry and test
points of AIJ Case C, while Figure 3(b and c) present the
corresponding inflow profiles. For validation, the study
comparedwind tunnel resultswithCFD simulation results
at test points located at a height of 0.1H.

Three processes were conducted for the CFD valida-
tion. First, a mesh sensitivity test was performed on Case
C using three mesh schemes, including coarse, medium,
and fine, combined with the standard k-ε turbulence
model. All three mesh schemes were configured with a
growth rate of 1.2, 10 inflation layers, and a first-layer
thickness of 0.0011m. The global element sizes were
0.054m for the coarse mesh, 0.036m for the medium
mesh, and 0.024m for the fine mesh, while the element
sizes around thebuildingswere 0.027, 0.018, and 0.012m,
respectively. After identifying the optimal mesh scheme,
the study applied it to two additional turbulence mod-
els, including the RNG k-ε and realizable k-ε model, for
further Case C simulations. Finally, the simulation results
from the three turbulence models, using the selected
mesh scheme, were compared with wind tunnel exper-
imental results, allowing the study to identify the most
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Figure 3. Description of AIJ Case C.

Table 2. R values between the Case Cwind tunnel results and the
simulation results using the mediummesh scheme.

Turbulence model Mesh system R

Standard k-ε Medium 0.84
RNG k-ε Medium 0.55
Realizable k-ε Medium 0.83

suitable turbulence model and assess the consistency
between the Case C simulations and wind tunnel results.
Notably, the coupled and second-order upwind schemes
were applied as the solution methods in all simulations
throughout this process.

Points along eight lines of x = −0.25, x = −0.2,
x = 0.2, x = 0.25, y = −0.25, y = −0.2, y = 0.2, and
y = 0.25, at a height of 0.1H, were selected as target
points for the mesh sensitivity test. Figure 4 presents the
comparison results of the threemesh schemes, where the
velocity ratio, calculated by normalizing thewind velocity
with the inflow velocity at the same height, served as the
comparison criterion. Overall, the medium and fine mesh
schemes produced closely aligned results, both differing
significantly from those under the coarse mesh. Given its
comparable accuracy to the fine mesh but lower com-
putational cost, the medium mesh scheme was selected
as the appropriate mesh. The study further employed
the Spearman Correlation Coefficient (R) to further assess
the correlation between Case C wind tunnel results and
simulation outcomes across the three turbulence mod-
els based on the selected medium mesh. As shown in
Table 2, R values were 0.84 for the standard k-ε model,
0.55 for the RNG k-ε model, and 0.83 for the realizable k-
ε model. The standard k-ε model exhibited a significantly
higher R than the RNG k-ε model and a slightly higher R
than the realizable k-ε model, making it themost suitable
turbulence model. Therefore, combining the medium
mesh scheme with the standard k-ε model was deter-
mined to be the optimal configuration for simulating
Case C, yielding the best agreement with the wind tunnel
results.

2.1.4. CFD simulation
Beijing was selected as the study area, with the typical
urban geometry of AIJ Case C applied to Beijing’s weather
conditions for simulation. As a highly urbanized city with
diverse and complex building structures (Zhang et al.
2022), studying the effect of its urban morphology on
pedestrian level wind velocity and air temperature is cru-
cial. This study focused on winter wind and thermal envi-
ronments, as Beijing is located in the cold climate zone
of China,where pedestrians face significant outdoor envi-
ronmental challenges. Investigating the effect of urban
morphologyunder pedestrian levelwinter conditions can
help enhance outdoor wind and thermal comfort in Bei-
jing.

Based on the CFD validation results, the study uti-
lized the standard k-ε model for wind environment sim-
ulations. For the k-ε model, the vertical inflow wind
velocityU(z), turbulent kinetic energy k(z), and turbu-
lence dissipation rate ε(z) were defined according to the
Equations (3)–(6) proposed by AIJ (Tominaga et al. 2008):

U(z) = Us

(
z

zs

)α

(3)

I(z) = σu(z)

U(z)
= 0.1

(
z

zG

)(−α−0.05)

(4)

k(z) = σ 2
u (z) + σ 2

v (z) + σ 2
w(z)

2
∼= σ 2

u (z) = (I(z)U(z))2

(5)

ε(z) = C1/2μ k(z)
Us

zs
α

(
z

zs

)(α−1)

(6)

WhereUs is thewindvelocity at the referenceheight zs,
α is the power-law exponent determined by terrain cate-
gory, I(z) is the turbulent intensity, zG is the atmospheric
boundary layer height, and Cμ is the turbulent viscosity
constant that is 0.09.

To capture the air temperatures of the test sidewalks,
the study employed the Energy model and the Discrete



170 X. CUI ET AL.

Figure 4. Comparison of velocity ratios across the three mesh schemes used in the CFD validation.

Ordinates (DO) radiationmodel to simulate thermal envi-
ronments as they have demonstrated high accuracy in
prior research (Li et al. 2020). First, the Solar Calculator
was used to determine the sun position based on inputs
such as specific date and time, longitude, and latitude.
Then, the Ray-Tracing model offered the solar radiation
incident on exposed surfaces, which was applied as a
boundary condition and added into the energy equation.
Finally, the DO model was used to yield the radiant heat
fluxesbetween surfaces.Material propertiesweredefined
following previous literature (Li et al. 2020): the build-
ing material has a density of 2400 kg/m3, specific heat of
750 J/kg K, thermal conductivity of 1.7 W/m K, absorp-
tion coefficient of 0.9, scattering coefficient of 0, refractive
index of 1.7, and emissivity of 0.7; the groundmaterial has
a density of 2360 kg/m3, specific heat of 920 J/kg K, ther-
mal conductivity of 0.75 W/m K, absorption coefficient of
0.9, scattering coefficient of −10, refractive index of 1.92,
and emissivity of 0.95. The heat transfer coefficients (hc)
of the ground and building walls were calculated by the
empirical equation (Yang et al. 2017):

hc = 5.7 + 3.8Vair (7)

Where Vair is the airflow velocity.
Winter in Beijing typically spans from December to

February. To determine the specific simulation time, the
study calculated the mean Universal Thermal Climate
Index (UTCI) for each hour of winter daytime based on
the local EPW file. As shown in Figure 5, the mean UTCI
reaches its lowest point at 9am, coincidingwith themorn-
ing rush hour in Beijing (Liu et al. 2021). This indicates
that pedestrians experience the most challenging envi-
ronmental conditions during their commute at this peak
hour. Therefore, 9amwas selected as the simulation time.
The study determined the simulation inflow parameters
by calculating the mean wind velocity, air temperature,
and solar radiation-related parameters, as well as the
mode of wind direction at 9am in winter based on the

Figure 5. Mean UTCI in winter daytime.

Table 3. CFD simulation parameters and settings.

Parameters Settings

Global location Longitude = 116.28°E, Latitude = 39.93°N,
Altitude = 55m, Timezone = GMT+8

Date and time 9am, 14th December
Inlet α = 0.22, zs = 10m, Us = 2.69m/s,

zG = 400m, wind direction = 0°, air
temperature = −3.81°C

Ground and building wall No-slip stationary wall
Lateral and top boundary Symmetry
Outlet Outflow

local EPW file. The simulation date was selected based
on the typical winter period with the nearest average
temperature in the EPW file. Additionally, the power-law
exponent and atmospheric boundary layer height were
set following the ‘Standard for Green Performance Cal-
culation 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.

The simulations were conducted on a high-perfor
mance computer with a 12th Gen Intel® CoreTM i7-
12700 K (3.60GHz) processor and 32 GB RAM, utilizing
parallel processing. The computational domain setup,
mesh generation strategy, turbulence model choice, and
solution method followed the same configurations used
in the CFD validation described in section 2.1.3. Specifi-
cally, the standard k-ε turbulence model was employed
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with the medium mesh scheme, which had achieved
an R value of 0.84 in the CFD validation, along with a
coupled and second-order upwind solution scheme for
the CFD simulations. Notably, only the mesh generation
approach for the CFD simulations remained consistent
with the validation case, however, the specific mesh sizes
differed due to variations in the inflow profiles. There-
fore, a mesh sensitivity test was performed again for the
CFD simulations, and similarly, three mesh schemes were
generated, including coarse, medium, and fine. All three
mesh schemes were configured with a growth rate of 1.2,
10 inflation layers, and a first-layer thickness of 0.027m.
The global element sizes for coarse, medium, and fine
meshes were 39, 27, and 21m, respectively, while the ele-
ment sizes around buildings were 6.5, 4.5, and 3.5m. The
study first calculated the R values between the results
obtained from the fine mesh and those from the coarse
and medium meshes to compare three results. In addi-
tion, the Grid Convergence Index (GCI), which quantifies
the grid convergence error based on Richardson’s extrap-
olation method (Roache 1997), was adopted to select
the optimal mesh scheme. The key equations used for
calculating the GCI were presented below (Celik et al.
2008):

The apparent order p of the convergence is calculated
by:

p = 1
ln(r21)

∣∣∣∣∣ln
∣∣∣∣ f3 − f2
f2 − f1

∣∣∣∣ + ln

(
rp21 − s

rp32 − s

)∣∣∣∣∣ (8)

Where s = sgn
(
f3−f2
f2−f1

)
, f1, f2, f3 are the solutions on the

fine, medium, and coarse meshes, r21 is the refinement
ratio between fine and mediummeshes, r32 is the refine-
ment ratio between medium and coarse meshes.

The extrapolated value is calculated by:

f21ext = rp21f1 − f2
rp21 − 1

(9)

The GCI between fine and medium meshes is calculated
by:

GCI21 = 1.25|e21a |
rp21 − 1

(10)

The GCI between medium and coarse meshes is calcu-
lated by:

GCI32 = 1.25|e32a |
rp32 − 1

(11)

Where e21a = f1−f2
f1

, e32a = f2−f3
f2

, which are the approxi-
mate relative error.

Table 4 summarizes the total number of mesh ele-
ments, simulation runtimes, and R values with the fine
mesh. The high correlations (R ≥ 0.96) between the

coarse and medium meshes compared to the fine mesh
indicated strong agreement, with the medium mesh
showing slightly higher R values than the coarse mesh.
The average GCI for the 36 test sidewalks was 5.06%
for the velocity ratio between the fine and medium
mesh schemes, and 5.09% between the medium and
coarse mesh schemes. Meanwhile, the average GCI for
the air temperature ratio was 0.46% between the fine
and medium mesh schemes, and 0.40% between the
medium and coarsemesh schemes. Overall, allGCI values
indicated satisfactory results, with the fine mesh scheme
offering no substantial improvement over the medium
mesh scheme. Therefore, the medium mesh was ulti-
mately selected as the optimalmesh scheme for CFD sim-
ulations, balancing accurate simulations of wind veloc-
ity and air temperature with a manageable number of
mesh elements and reasonable simulation time. Addi-
tionally, Figure 6 compares the velocity ratios and air tem-
perature ratios across the three mesh schemes, showing
that while the results are generally similar, the medium
mesh aligns more closely with the fine mesh across most
sidewalks.

Based on the previously defined design and target
variables, 60 urban morphology design schemes were
randomly generated by LHS. Figure 7 shows some of
the sampled geometries. All 60 design schemes adhered
to the simulation parameters and settings outlined in
Table 3, utilizing the medium mesh. Each design scheme
included 36 sidewalk test areas. The study incorporated
the horizontal distance (Horiz_D) and vertical distance
(Verti_D) between each sidewalk centre and the centre of
the building array as additional design variables (Figure
8). Thedirectionality of thesedistanceswasdefinedbased
on the relative position of the sidewalk to the build-
ing array centre. A total of 2,160 (60∗36) sidewalk sam-
ples were generated, each containing design variable
data, horizontal and vertical distance information, and
corresponding wind velocity and air temperature val-
ues. This dataset enables a comprehensive analysis of
the effect of urban morphology on wind velocity and
air temperature while capturing its spatial distribution
variations.

2.2. Predictionmodel development based on
machine learning

The study selected tree-based algorithms to develop
the machine learning model for predicting pedestrian
level wind velocity and air temperature. eXtreme Gra-
dient Boosting (XGBoost) and Light Gradient Boosting
Machine (LightGBM) were selected due to their supe-
rior performance in previous studies (Liu et al. 2022;
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Figure 6. Comparison of velocity ratios and air temperature ratios across the three mesh schemes used in the CFD simulations.

Table 4. The number of mesh elements, simulation runtimes, and R values between coarse,
medium, and fine mesh schemes.

Rwith the fine mesh

Mesh Number of mesh elements Runtimes Wind velocity Air temperature

Coarse 574, 371 1.40h 0.96 0.98
Medium 1,768,283 3.97h 0.97 0.99
Fine 3, 223, 059 7.07h 1.00 1.00

Figure 7. Geometries of some design schemes sampled with
LHS.

Moon, Rho, and Baik 2022). The dataset from CFD simu-
lations was split into 80% for training and 20% for test.
Ten-fold cross-validation was conducted on the training
set to optimize the model hyperparameters. The model
predictive capability was first assessed on test data to
analyze its generalization to unseen data. The model was
thenassessedon theentiredataset since it providedmore
comprehensive information than the training or test sets
alone, which ensured that the SHAP-based effect analysis
results were more robust and informative.

The Coefficient of Determination (R2) and Root Mean
Square Error (RMSE) were used to evaluate the model
performance. R2 represents the goodness of fit of mod-
els (Zhang et al. 2023), while RMSE measures the mean

Figure 8. Horizontal and vertical distance.

deviation between predicted and actual values (Liu et al.
2022). A higher R2 and lower RMSE indicate better model
performance. The calculations of these two metrics are
presented in Equations (12)–(13):

R2 = 1 −
∑n

i=1 (yPrediction,i − yActual,i)
2∑n

i=1 (yActual,i − ȳActual)
2 (12)

RMSE =
√√√√1

n

n∑
i=1

(yPrediction,i − yActual,i)
2 (13)

Where n represents the total number of samples in the
dataset, yPrediction,i and yActual,i denote the predicted and
actual values of the ith sample, and ȳActual is the mean of
actual values.
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Figure 9. Graphical illustration of SHAP local explanation, adapted from Lundberg et al. (2020).

2.3. Effects analysis based on SHAP

Machine learning models are usually considered black-
box models, making it challenging to interpret their
model predictions. The Shapley value interprets the con-
tribution of each input to model output based on its
marginal impact (Shapley 1953). Equation (14) displays
the Shapley value∅i calculation (Lundberg and Lee 2017):

∅i =
∑

S⊆F\{i}

|S|!(|F| − |S| − 1)!
|F|! [fS∪{i}(xS∪{i}) − fS(xS)]

(14)
Here, F is the set including all features, S is the subset
without the ith feature, and fS∪{i}(xS∪{i}) − fS(xS) is thepre-
dictiondifference, including and excluding the ith feature.

Lundberg and Lee proposed SHAP in 2017, which
retained all the benefits of Shapley value while signifi-
cantly improving its computational efficiency, reducing
the complexity from exponential to polynomial level
(Lundberg et al. 2020). As a result, SHAP can provide
local explanations for individual sample predictionswhile
simultaneously capturing the global structure of feature
contributions (Lundberg et al. 2020), with SHAP values
measuring the contribution of each feature. The study
applied SHAP to the optimal wind velocity and air tem-
perature prediction models to interpret the influence of
urban morphology on wind velocity and air tempera-
ture from both global and local perspectives. Figure 9
presents the graphical illustration of SHAP local explana-
tion, demonstrating how it interprets model prediction
behaviour.

3. Result and discussion

3.1. Wind velocity and air temperature databases

Table 5 summarizes the simulation results for 2,160 side-
walk samples. Figure 10 illustrates the distribution of sim-
ulated air temperature and wind velocity across these
samples. Compared to the inflow conditions of an air
temperature of –3.81°C and a wind velocity of 2.69m/s,
urban morphology exhibited a more pronounced influ-
ence on the wind environment. This is evident as the
median simulated wind velocity decreased to 0.98m/s,

Table 5. Statistical description of simulation results.

Variables Mean Standard deviation Min Max

H 58.42 20.33 24.00 98.00
W 35.28 9.29 20.00 50.00
D 60.83 22.62 24.00 98.00
θ 47.70 25.93 3.00 90.00
|Horiz_D| 68.27 47.71 0.00 180.50
|Verti_D| 68.27 47.71 0.00 180.50
M_Ta −3.32 0.20 −3.71 −1.87
M_Vel 1.24 0.77 0.09 3.30

while the median simulated air temperature showed a
slight increase to –3.35°C.

3.2. Wind velocity and air temperature prediction
models

3.2.1. Selection of the optimalmodel
The model was first assessed on test data to assess pre-
diction accuracy and on the entire data to support SHAP
analysis. Additionally, the study documented the valida-
tion results of the developedmodels. Table 6 summarizes
the performance of the wind velocity prediction models.
Overall, both LightGBM-based and XGBoost-based mod-
els demonstrated satisfactory performance, achieving R2

of approximately 0.80 on validation data, around 0.85
on test data, and around 0.96 on entire data, and RMSE
around 0.35m/s for validation data, around 0.29m/s for
test data, andaround0.16m/s for theentiredata.Notably,
the XGBoost-based wind velocity prediction model out-
performed the LightGBM-based model across valida-
tion, test, and entire data. Therefore, the XGBoost-based
model was selected as the optimal pedestrian level wind
velocity prediction model. Figure 11 illustrates the com-
parison between actual and predicted wind velocities
for the test and entire data, showing that most sam-
ples closely align with the diagonal line, with only a few
outliers.

Table 7 presents the performance of the air tem-
perature prediction models. Both LightGBM-based and
XGBoost-based models demonstrated satisfactory
results, with R2 of approximately 0.70 on validation data,
around 0.75 on test data, and exceeding 0.90 on the
entire data, and RMSE of 0.11°C for both validation and
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Figure 10. Distribution of target variables.

Figure 11. The actual versus the predicted values of XGBoost-based wind velocity model. (a) On test data (b) On entire data.

Table 6. Performance of wind velocity prediction models.

Dataset Criteria XGBoost LightGBM

Validation data R2 0.81 0.79
RMSE 0.34 0.35

Test data R2 0.86 0.85
RMSE 0.28 0.29

Entire data R2 0.97 0.96
RMSE 0.13 0.16

test data, and approximately 0.05°C for the entire data.
The XGBoost-based air temperature model slightly out-
performed the LightGBM-based model across validation,
test, and entire data. Consequently, the XGBoost-based
model was selected as the optimal pedestrian level air
temperature prediction model. Figure 12 illustrates the
comparison between actual and predicted air tempera-
tures for the test and entire data, showing high goodness
of fit for most samples, with only a few deviations.

3.2.2. Reliability of the optimal model
Toensure the reliability of the selectedoptimal prediction
models, the study compared their model performance
with previous prediction models in a similar field. Given
that RMSE values are unit-dependent, R2 was chosen as
the comparison criteria as its dimensionless nature allows
for a more intuitive comparison. Table 8 summarizes the

Table 7. Performance of air temperature prediction models.

Dataset Criteria XGBoost LightGBM

Validation data R2 0.70 0.69
RMSE 0.11 0.11

Test data R2 0.75 0.74
RMSE 0.11 0.11

Entire data R2 0.94 0.91
RMSE 0.05 0.06

R2 results from previous prediction models in the field of
outdoorwindand thermal environmentprediction, along
with the results from this study.

Overall, R2 values varied significantly across different
studies, ranging from 0.10 to 0.99. These variations are
potentially caused by differences in sample sizes, input
features, and the structure of the original data. In this
study, the XGBoost-based model achieved R2 values of
0.86 for wind velocity predictions and 0.75 for air tem-
perature predictions on test data, both of which fall
within the investigated R2 range. Additionally, the lower
R2 values observed in the validation data in this study
are considerably higher than the lower R2 values in the
investigated models, while the higher R2 values for the
entire data approach the upper values of R2 in inves-
tigated models. Therefore, the optimal XGBoost-based
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Figure 12. The actual versus the predicted values of the XGBoost-based air temperature model. (a) On test data (b) On entire data.

Table 8. The comparison of R2 for the optimal models in this study and the similar models in previous studies.

Studies Year Target variables Algorithms R2

This study 2025 Wind velocity XGBoost 0.81(V), 0.86(T), 0.97(E)
Air temperature XGBoost 0.70(V), 0.75(T), 0.94(E)

Ma et al. (2025) 2025 MRT XGBoost/Simplified energy balance
model/ Transformer model

0.58/0.76/0.99

Ma et al. (2025) 2025 Wind velocity XGBoost/Transformer model 0.55/0.81
Wu, Zhan, and Quan (2021b) 2021 Wind velocity Response surface 0.84–0.99
Wu, Zhan, and Quan (2021a) 2021 Wind velocity Gaussian process/Response surface approximately 0.10–0.90
Du, Mak, and Li (2019) 2019 MVR Linear model/Quadratic model 0.82/0.98
Du, Mak, and Li (2019) 2019 PET Linear model/Quadratic model 0.90/0.99

Note: V, T, and E represent Validation, Test, and Entire.

models provided satisfactory performance for efficiently
predicting pedestrian level wind velocity and air tem-
perature in this case study. Although these two mod-
els may face challenges in predicting wind velocity
and air temperature for other cases with significantly
different urban morphologies or inflow profiles, the
modelling framework developed in this study can be
directly utilized for further model development. Fur-
thermore, the two optimal prediction models serve as
valuable tools for further analyzing the effect of urban
morphology on pedestrian level wind velocity and air
temperature.

3.3. SHAP-based effect analysis results

The study utilized SHAP summary plots and dependence
plots to analyze the effect of urban morphology on wind
velocity and air temperature. The summary plot identi-
fies key design variables that significantly influence wind
velocity and air temperature, while the dependence plot
captures how the impact of design variables on wind
velocity and air temperature interacts with other design
variables. Figure 13 presents the SHAP summary plot for
wind velocity. The x-axis denotes the SHAP value, quan-
tifying the contribution of the design variable to wind
velocity. Positive SHAP values indicate an increase in the
target variable, negative values indicate a decrease, and

higher absolute SHAP values reflect a greater influence
on model output. The y-axis ranks design variables in
descending order of feature importance. Each dot in the
chart represents a sidewalk sample, where red indicates
higher variable values and blue indicates lower values.
Figure 14(a and b) display single dependence plots for
wind velocity, illustrating how variations in design vari-
able values in the x-axis affect the target variable based
on SHAP values in the y-axis. Additionally, Figure 14(c and
d) explore how the contribution of one design variable
on the target variable interacts with the second design
variable. Similar to the single dependence plot, the x-axis
and y-axis represent the design variable values and its
SHAPvalues,while thedotgradient colour indicates value
changes in the second design variable. The dispersion of
redandbluedots highlights theextent towhich theeffect
of design variables on target variables interacts with the
second variable.

3.3.1. Analysis of wind velocity
As shown in Figure 13, the summary plot for wind veloc-
ity indicates that the horizontal distance, vertical dis-
tance, andorientation angle are the threemost influential
design variables affecting pedestrian level wind velocity.
These are followed by the distance between buildings,
building height, and building width. Among them, hori-
zontal distance is the most critical design variable, with
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Figure 13. SHAP summary plot for wind velocity.

higher horizontal distances generally leading to lower
wind velocity. Vertical distance ranks second in feature
importance, with lower vertical distances typically asso-
ciated with reduced wind velocity. The orientation angle
also plays a significant role, as larger orientation angles
tend to result in lower wind velocity. In contrast, the
other three design variables have a comparatively smaller
impact on wind velocity. Specifically, a shorter distance
between buildings, lower building height, and greater
building width contribute to reducing wind velocity. In
summary, the relative position of the sidewalk within the
building array centre and the orientation angle exerts
a more pronounced influence on pedestrian level wind
velocity compared to street width, building height, and
building width.

This section discusses the dependence plot, which
illustrates the meaningful distribution and dispersion
of wind velocity. Figure 14(a and b) present the sin-
gle dependence plots for orientation angle and build-
ing height. The influence of orientation angle on wind
velocity exhibits fluctuations, with most angles between
30° and 55° increasing wind velocity, whereas angles
exceeding approximately 80° or falling below 10° gener-
ally reduce the wind velocity. Building height also plays
a crucial role, with 60m serving as a threshold to dis-
tinguish the positive or negative impact of design vari-
ables on wind velocity. Buildings taller than 60m tend
to increase wind velocity while those shorter than 60m
typically decrease it. Figure 14(c) highlights how the
impact of distance between buildings on wind veloc-
ity interacts with the horizontal distance of sidewalks.
When the street width is less than approximately 60m,
it more effectively reduces wind velocity for sidewalks
with greater horizontal distances than those with shorter
ones. Conversely, for streets wider than 60m, wind veloc-
ity tends to increase more significantly for sidewalks with
greater horizontal distances than for those with shorter
ones. In contrast, Figure 14(d) demonstrates that nar-
rower streets contribute to a greater increase in wind
velocity for sidewalkswith higher vertical distances, while
wider streets tend to decrease their wind velocity more
significantly.

3.3.2. Analysis of air temperature
Figure 15 presents the summary plot for air temperature,
highlighting horizontal and vertical distance are the two
primary design variables influencing pedestrian level air
temperature. This finding aligns with the wind velocity
analysis. The impact of horizontal and vertical distances
on air temperature exhibits a clear directional trend, with
greater horizontal distances corresponding to higher air
temperatures and lower vertical distances also contribut-
ing to increased air temperatures. Given that the inlet
wind direction is 0° (North) and the building array rotates
from east to north (Figure 2(c)), sidewalks with greater
horizontal distances and lower vertical distances receive
less shade from surrounding buildings and experience
higher solar exposure, ultimately resulting in increased air
temperatures. The distance between buildings emerges
as the third most influential design variable, with smaller
distances generally resulting in higher air temperatures.
In contrast, building height, orientation angle, and build-
ing width have a relatively minor effect on air tempera-
tures, with shorter buildings, and smaller building widths
generally leading to higher air temperatures.

Figure 16 presents the dependence plot for air tem-
perature, illustrating thatgreaterhorizontal distances and
lower vertical distances can lead to a maximum increase
in air temperature of over 0.4°C. Figure 16(c) exhibits
a trend similar to that of wind velocity, indicating that
most orientation angles between 30° and 55° contribute
to an increase in air temperature. Figure 16(d–e) fur-
ther reveal that a building height of approximately 60m
serves as a threshold in determining its impact on air
temperature, with its influence significantly interacting
with both horizontal and vertical distances. As shown in
Figure 16(d), buildings shorter than 60m tend to increase
the air temperature of sidewalks with lower horizontal
distances more than those with higher horizontal dis-
tances. Conversely, buildings taller than 60m reduce the
air temperature of sidewalks with lower horizontal dis-
tances more significantly than those with higher hori-
zontal distances. Similarly, Figure 16(e) demonstrates that
shorter buildings contribute to a greater increase in air
temperature for sidewalks with higher vertical distances,
whereas taller buildings more effectively decrease their
air temperature. Figure 16(f) highlights how the effect
of orientation angle on air temperatures interacts with
the vertical distance.When the orientation angle is below
30°, the increase in air temperature is more pronounced
for sidewalks with lower vertical distances than those
with higher vertical distances. In contrast, when the ori-
entation angle exceeds 55°, the reduction in air temper-
ature is more substantial for sidewalks with lower ver-
tical distances compared to those with higher vertical
distances.
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Figure 14. SHAP dependence plot for wind velocity.

Figure 15. SHAP summary plot for air temperature.

3.4. Policy implication

To enhance pedestrian level wind and thermal com-
fort during winter in Beijing, it is essential to reduce
wind velocity while increasing air temperature. This study
employed the SHAP heatmap plot to identify combina-
tions of key design variables that are likely to achieve
these objectives. Figure 17 presents the SHAP heatmap
plot for wind velocity and air temperature, respectively.
These heatmaps visualize the SHAP values in a matrix
format, where the x-axis indicates samples of urban mor-
phology, the y-axis denotes design variables, and the
colour-encoded SHAP values illustrate the influence of
each design variable on wind velocity and air tempera-
ture. The right-side bars show the importance of design
variables. Above the matrix, the model output is dis-
played as a descending f (x) curve, providing an overview
of the predicted outcomes.

Figure 17(a) displays the SHAP heatmap plot for wind
velocity. By analyzing it alongside the corresponding
SHAP summary plot, it becomes evident that a combi-
nation of a larger horizontal distance, smaller vertical
distance, larger orientation angle, narrower street width,
lower building height, and greater building width can
contribute to reducing pedestrian level wind velocity.
Based on this analysis, several design strategies were rec-
ommended to potentially mitigate pedestrian level wind
velocity during winter in Beijing’s urban environment.
First, orienting buildings at larger angles to the prevailing
wind direction can disrupt direct wind pathways, thereby
reducing wind velocity along pedestrian corridors. Sec-
ond, in specific urban morphologies, narrowing streets
may help break wind pathways and reduce pedestrian

level wind velocity. Third, reducing building heights can
alleviate the downwash effect, thereby contributing to
lower pedestrian level wind velocity. Lastly, in specific
urban morphologies, increasing building width can help
block and diffuse wind flow, further minimizing wind
velocity. Integrating these strategies into urban planning
and building layout design at an early stage can con-
tribute to creating amore comfortablewind environment
for pedestrians.

Figure 17(b) presents the SHAP heatmap plot for
air temperature. Similarly, the analysis reveals that a
combination of larger horizontal distance, smaller verti-
cal distance, narrower street width, and lower building
height andwidth can contribute to increasing pedestrian
level air temperature. Based on this analysis, the follow-
ing design strategies were recommended to potentially
enhance pedestrian level air temperature. First, while
wider streets can increase sunlight exposure and raise
air temperatures, narrowing streets in certain configu-
rations may reduce wind flow, create sheltered micro-
climates that retain heat, and consequently increase air
temperature. Therefore, optimizing street width requires
a careful balance between maximizing sunlight expo-
sure and minimizing wind effects to effectively improve
pedestrian level air temperature. Second, reducing build-
ing heights and widths decreases shading and enhances
solar radiation exposure at the pedestrian level, thereby
contributing to higher air temperatures.

4. Conclusion and future work

The wind and thermal environments at the pedes-
trian level are crucial factors influencing outdoor human
comfort. Enhancing wind and thermal environments
through urban morphology design has garnered signifi-
cant attention. However, most existing studies relied on
CFD simulations to evaluate pedestrian level wind and
thermal conditions, which were both time-intensive and
computationally demanding. Additionally, existing stud-
ies primarily assessed the impact of urban morphology
on wind velocity and air temperature based on pre-
designed project scenarios, often providing only global
coefficients, thereby lacking profound interpretability.
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Figure 16. SHAP dependence plot for air temperature.

Figure 17. SHAP heatmap plot for (a) wind velocity and (b) air temperature.

To address these limitations, this study leveraged CFD
simulation data in combination with two machine learn-
ing algorithms to develop models for pedestrian level
wind velocity and air temperature predictions. The
results indicated that XGBoost-basedmodels outperform
LightGBM-based models, achieving R2 of 0.86 and RMSE
of 0.28m/s for wind velocity, and R2 of 0.75 and RMSE of
0.11°C for air temperature. SHAPwas used for the optimal
XGBoost-based models to further analyze the influence
of urban morphology on wind velocity and air temper-
ature. The findings revealed that, compared to conven-
tional urban morphology design variables, such as street
width, building height, building width, and orientation
angle, the relative position of sidewalks within the build-
ing array centre plays a more significant role in shaping
pedestrian level wind and thermal environments. Addi-
tionally, the study investigated the interactions between
the effect of one design variable on pedestrian level wind
velocity and air temperature and another design variable.
Based on the SHAP effect analysis, the study proposed
design strategies for the early stage of urban planning
and building layout design.

The novelty of this study lies in the two predic-
tion models capable of estimating pedestrian level wind

velocity and air temperature within seconds, signifi-
cantly reducing the reliance on time-intensive simula-
tions. These models serve as rapid and reliable tools for
assessing pedestrian level wind and thermal environ-
ments in urban areas with morphological characteristics
similar to those examined in this study. Furthermore,
the SHAP-basedeffect analysis provided valuable insights
into the influence of urban morphology on pedestrian
level wind velocity and air temperature, offering practi-
cal policy implications for urban planning and building
layout design. By effectively applying these findings to
real urban environments in Beijing, this research can con-
tribute to creating a more comfortable pedestrian wind
and thermal environment while enhancing the efficiency
of urban design decision-making.

The study recognizes limitations to be addressed in
future research. While two prediction models estab-
lished in this study effectively estimate wind veloc-
ity and air temperature around a 3× 3 building array,
this represents an idealized geometry. Their predictive
capability in more complex and diverse urban mor-
phologies remains uncertain, posing challenges in gen-
eralizing these models to real-world urban environ-
ments. Future research should focus on enhancing the



JOURNAL OF BUILDING PERFORMANCE SIMULATION 179

adaptability and practicality of these prediction models
for broader urban applications. Additionally, the recom-
mended strategies for each design variable exhibited
both similarities and differences in improving pedestrian
level wind and thermal environments during winter in
Beijing. To further refine these strategies, future stud-
ies could integrate wind velocity and air temperature
into a unified thermal comfort criterion, offering a more
comprehensive approach to optimizing pedestrian level
thermal comfort.
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