Development of Machine Learning-Aided Rapid CFD Prediction for Optimal

Urban Wind Environment Design
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Abstract

This paper presents a Machine Learning (ML) model based on Computational Fluid Dynamics
(CFD), developed to quickly and accurately predict the impact of buildings on the urban wind
environment. While CFD simulations are effective for wind studies, such as analyzing wind loads,
pedestrian comfort, and pollution dispersion, they require significant computational resources and
time. Recently, Machine Learning has demonstrated strong potential in providing accurate and
immediate predictions by learning from datasets. By training on CFD-generated data, the ML model
can quickly produce accurate and physically consistent results, addressing the limitations of CFD
methods. The Reynolds-Averaged Navier-Stokes (RANS) turbulence model was chosen for CFD
simulations, which were validated against experimental data, with mesh sensitivity analyzed at a wind
speed of 3 m/s. A dataset of 300 cases, involving 100 hypothetical buildings and three wind speeds
(3,4, and 5 m/s), was generated to train the ML model. A multi-output regression model was proposed
to effectively predict key parameters—wind velocity, turbulence intensity, and CO2 mass fraction—
in the selected urban domain. The Random Forest algorithm, which best represented the CFD results,

was selected for model development. The ML model demonstrated high efficiency on new data,



achieving 88-96% accuracy. This work offers a fast and precise prediction tool, valuable for urban
design and related applications.
Key words: Urban design; CFD simulation, Machine learning; Wind environment; Pollution

dispersion; Pedestrian comfort

1. Introduction
Buildings and their locations significantly impact the urban wind environment and, consequently, the
safety, comfort, and well-being of residents. Pre-assessments of the microclimate at building sites are
essential for designing sustainable living environments. The rapid growth of cities has made urban
boundary layer studies increasingly important [1]. Key factors that must be carefully investigated
include wind loads on buildings, pedestrian wind comfort, and pollution dispersion. Wind loads, such
as a sudden gust of wind can exert significant pressure on a building's walls, potentially causing
damage. This poses a serious danger to people both inside and outside the building [2], [3]. Air
pollution is a significant concern in large cities, contributing to increasing rates of respiratory
diseases, allergies, and other serious health issues [4]. Adequate airflow can naturally enhance air
quality, but tall buildings may obstruct it, leading to air stagnation and smog [5], [6]. When airflow
collides with a building, it changes direction, creating eddies and turbulence around the structure [7]-
[9]. These effects can negatively impact pedestrian wind comfort or even pose risks, such as the
downdraught effect [10]-[12]. That is why it is crucial to select the optimal dimensions of a planned
building in advance, thoroughly analyzing how it will influence the wind environment under various
meteorological conditions.

An effective tool for this purpose is parametric analysis, which involves the use of adjustable
parameters, such as dimensions, meteorological conditions, materials, and forms, to optimize
architectural outcomes [13]. This method facilitates the efficient evaluation of design options tailored
to specific requirements and environmental conditions, enabling in-depth analysis of energy

consumption, light, and wind effects [14], [15]. Previously, such analyses were conducted using wind



tunnel tests, which involved building scale models to study the effects of varying dimensions and
wind directions [16]. However, this approach was time-consuming and resource-intensive [17]. With
advancements in computing technology, Computational Fluid Dynamics (CFD) has emerged as a
powerful alternative, providing more precise and versatile modelling capabilities [18].

CFD is a widely used tool for modelling airflow around various geometries, enabling analysis
under diverse physical conditions. It has been effectively applied to wind loads [19], urban ventilation
[20], [21], pedestrian comfort, and pollution dispersion [17]. CFD modelling, based on the Navier-
Stokes equations, employs turbulence models like Direct Numerical Simulation (DNS), Large Eddy
Simulation (LES), and Reynolds Averaged Navier-Stokes (RANS) [22],[23]. While DNS provides
high accuracy, it is computationally intensive and limited to simple geometries [24]. LES offers a
balance by modelling large-scale eddies, but it remains computationally expensive [25], [26]. RANS
models, with steady simulations, are approximately 80 times faster than LES [27] and are often
preferred for their acceptable trade-off between accuracy and computational efficiency [28], [29].
Additionally, RANS has demonstrated strong performance in simulating flow around objects, making
it the chosen approach for this study [30], [31].

Although CFD remains a powerful tool for wind environment modelling and parametric analysis
[32], its computational requirements are a significant limitation, as it often takes several hours to
complete each individual case simulation [33]. In contrast, an ML model trained on CFD-generated
data can deliver results in just a few minutes or even seconds, while still providing highly accurate
results [34]. This significant reduction in computational time demonstrates the potential of ML as a
transformative tool for urban design and wind environment analysis.

ML is rapidly evolving and finding applications in a variety of fields, including speech
recognition, medical diagnostics, finance, and urban design [35]. Its main advantage is its ability to
process and analyze huge data sets - numbers, images, text, and audio - to identify patterns and
provide optimal predictions or solutions. For urban design, ML has shown potential in optimizing

energy consumption [36], reducing traffic congestion through data analytics [37], studying indoor air



quality [38], and planning energy-efficient buildings [39]. However, when applied to urban wind
environments, particularly for buildings that have yet to be constructed, ML models face a significant
challenge: the lack of available training data. To address this, CFD simulation provides a robust
solution by generating the physically accurate data required to train ML models, bridging the gap
between data scarcity and predictive capability [40].

Thus, CFD-based ML models have become increasingly relevant, as they effectively combine
the precision of CFD with the computational speed of ML [41], [42]. Using data from CFD
simulations, these models, once trained, deliver predictions that are both fast and physically precise,
making them powerful tools for urban design and beyond [43]. In urban design, such combined
models have been proposed to analyze various aspects of the urban wind environment. These
applications include studying wind loads on buildings [44], [45], and solar panels [46], assessing the
wind environment around buildings [47]-[49], and modelling pollution dispersion [50]-[52],
including PM2.5 particle behaviour [53] in urban areas.

For instance, He et al. [47] developed a hybrid framework combining parametric design, CFD
simulation, image processing, and ML for wind assessment around buildings, specifically identifying
low-velocity areas in the wake region behind the building. Their approach relied primarily on single-
output regression models and image-based feature extraction. Similarly, Du and Chen [44] applied a
semi-supervised regression model for peak wind load predictions. Zhao et al. [49] introduced a two-
stage CFD-Graph Neural Network (GNN) model for urban airflow prediction. Although CFD-based
ML frameworks have been widely explored, most previous studies have focused on single-output
models or deep-learning-based feature extraction techniques such as Convolutional Neural Networks
(CNNs).

This paper proposes a comprehensive approach that integrates the assessment of wind loads,
pedestrian comfort, and pollution dispersion into a single framework. Unlike previous studies that
examine these aspects separately, this work considers them collectively, providing a more holistic

understanding of the wind environment around buildings. This study introduces a multi-output



regression model capable of simultaneously predicting wind velocity, turbulence intensity, and CO:
mass fraction in an urban environment. Rather than relying on image-based approximations, our
approach directly extracts numerical data from CFD mesh nodes, improving both accuracy and
interpretability. This also enables the prediction of full variable contours rather than only peak or
minimum values. Additionally, this study integrates wind rose data specific to Almaty, Kazakhstan,
providing localized meteorological inputs that enhance the relevance and applicability of the findings.
Furthermore, it utilizes a synthetic dataset of hypothetical buildings generated through CFD
simulations, addressing a common gap in early urban design where real-world data for unconstructed
structures are often unavailable. This study also examines wind environment in the wake region
behind buildings, focusing on turbulence intensity and velocity contours - an area that remains
underexplored in the existing literature.

By integrating these innovative elements, this study proposes a new approach to applying CFD-
based ML models in urban design, providing predictions that are not only fast and resource-efficient,
but also highly accurate and adaptable to practical scenarios. This ML-assisted CFD framework can
be readily applied to urban planning, helping city developers, architects, and engineers optimize
building designs for improved air quality and pedestrian safety. The following sections detail the
methodology, dataset preparation, and evaluation of our proposed model.

2. Development of CFD-based ML model

The development process begins with the validation of CFD simulations against experimental
data, followed by a mesh sensitivity analysis (Fig.1). During this stage, the optimal RANS model and
numerical settings are determined. Subsequently, parametric simulations of various building sizes are

conducted using the selected RANS model at different wind velocities (3, 4, and 5 m/s), thereby
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creating a training dataset for the ML model. The most appropriate ML model is then selected and
trained. Finally, the ML model's accuracy is evaluated using new building sizes not included in the
training data.

2.1 CFD

As previously noted, LES and DNS yield accurate results but are computationally intensive.
Therefore, this paper uses a steady RANS model, known for its effectiveness in fluid flow modelling
[28],[29]. Since the RANS models depend on the chosen parameterization of turbulence and the
results can vary across different applications, this work considers various RANS models: standard k-
epsilon model (SKE) [54], the Re-normalized Group k-epsilon model (RNG) [55] and the realizable
k-epsilon model (RLZ) [56]. ANSYS Fluent software [57] was used for the simulation, where the
control volume method was applied to solve the fluid flow equations. For gradient approximation,
the Least Squares Cell-Based scheme was used. Advection was discretized using a second-order
upwind scheme [58]. In this work, the Semi-Implicit Method for Pressure-Linked Equations
(SIMPLE) was applied [59].

2.2 Benchmark test case validation

To validate the turbulence models and numerical methods, a wind tunnel experiment by
Tominaga et al. [58],[60] was numerically simulated. This benchmark test effectively models airflow
and pollution dispersion around a building.

(a) Computational domain configuration

The 3D computational domain of the test case is 1.08 x 4.2 x 1.94 m [58], with a windward
distance of 5.0H and a wake region length of 15.0H (where H = 0.2 m). Figure 2 illustrates the flow
configuration: a cubic building model with a height H is located within the flow. A square-shaped gas
source with a side length of 0.025H is placed at ground level behind the building. The outlet gas
velocity Wg is equal to 0.5Uy, where Uy is defined as the wind speed at height H (Uy=0.4 m/s). More

detailed flow parameters and settings can be found in previous work [58].



(b) Comparative analysis of numerical results with experimental data and selection of the best
turbulence model

Comparisons between the experimental data and the numerical results of various RANS k-epsilon
turbulence models (RLZ, RNG, and Standard) are shown in Figs.3-4. The comparisons are performed
for vertical profiles at different locations downstream of a cube at x/H = 1.0, 1.5, and 2.0 (/H = 0),
considering dimensionless velocity values U/Uy and concentration values C/C,. Here, C, represents

the characteristic concentration, which is defined as follows:

Co =~ (1)

= H2Uy
where Q. is the pollutant emissions flow rate, which was defined as volumetric flow rate. The value

of C, in the experiments was 312.5 ppm (parts per million).
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Figure 2. Computational domain and boundary conditions for the test problem [58].

There are various validation metrics for analyzing the correspondence between experimental data
and simulation results: factor of 2 of the observations (FAC2), fractional bias (FB), and normalized

mean square error (NMSE) [61]. These metrics are calculated as follows:

1for0.5$%$2

1 for 0; < 0.05 and P; < 0.05 (2)
else 0

FAC2 = %Z?’zl n; where n; =



_ lo]-[P]
FB = 0.5([0]+[P]) (3)

_ [(0;-P)?]
NMSE = ol 4)

where O; and P; are the observed (experimental) and predicted (simulated) values of the variable for
sample i, respectively; N is the number of measurement points. Square brackets indicate the average

over the entire data set. Ideal values for a perfect data fit are 1.0 for FAC2 and 0 for FB and NMSE.

Table 1. Validation metrics for dimensionless concentration C/C, (21 sampling points)

FAC2 FB NMSE
RANS model (ideal value 1) (ideal value 0) (ideal value 0)
RLZ 1.0 -0.06 0.19
RNG 1.0 -0.03 0.29
SKE 1.0 -0.1 0.47
a x/H=1.0 b x/H=15 C x/H=2.0
1.5 I 1.5 ( 1.5 ]
1 /,O’/‘/ 1 /,O/'/‘ 1 O/
Bl o 3 5 s 4 b o
osl off 0.5 O/ 05 /IIO Wlﬁzfi E i i
- REE
cﬁ_, LS S . I

0 0.5 1 1.5 -0.5 0 0.5 1 1.5 -0.5 0 0.5 1 %5 X A

U/Uy U/Uy UlUy Pollution Source

Figure 3. Comparison of the experimental data with the vertical profiles of the dimensionless flow
rate U/Uy in the leeward flow region, obtained using various RANS models in the central section

(z/H = 0): (a) x/H = 1.0, (b) x/H = 1.5, (c) x/H = 2.0.
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Figure 4. Comparison of the experimental data with the vertical profiles of the dimensionless
concentration C/C, in the leeward flow region, obtained using various RANS models in the central

section (z/H = 0): (a) x/H=1.0, (b) x/H=1.5; (c) x’H =2.0.

Table 1 presents the FAC2, FB, and NMSE validation metrics for the vertical concentration
profiles at three sections (x = 1H, 1.5H, 2H), based on 21 data points. All models achieved the ideal
FAC2 value of 1.0, indicating good agreement with the experimental data. According to the FB
metric, the RNG model performed better than the RLZ model, with a difference of 0.03 between
them. However, the NMSE metric shows that the RLZ model outperformed the RNG model, with a
difference of 0.1. Additionally, as shown in Fig.5, both the RLZ and RNG models show nearly the
same deviation according to the FB metric across all sections, although the RNG model deviates more
significantly from the experimental data than the RLZ model. Based on the comparisons of these
validation metrics, the RLZ model was selected as the preferred RANS turbulence model for the

simulations in this study.
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Figure 5. Comparison of RANS models at various sections (x/H = 1.0, 1.5, 2.0). a) FB; b) NMSE

Test studies of atmospheric flow simulations and pollution dispersion can be found in earlier

investigations [62]-[68].

2.3 Main simulations: flow around building

(a) Computational domain configuration and boundary conditions

Following the successful validation of the numerical algorithm, a parametric design study was
conducted. In this study the computational domain includes a building and a road as a pollution
source, located 25 m behind the building (see Fig.6). The length of the road is 50 m and the width is
7 m. The dimensions of the building (height, length, and width) used as parameters and varied during
the parametric analysis, which will be detailed in the next section. Following the CFD Best Practice
Guideline [69], the computational domain was set up to minimize boundary effects: 5H from the wind
inlet to the building’s windward wall, 15H from the leeward side to the exit boundary, and 4.5H from
the side walls. The height of the computational domain was set to 6H. Here, H is 51 m, matching the
tallest building height in the analysis.

The initial profiles of the velocity u, turbulence kinetic energy k and dissipation rate & were
established in accordance with [70], which provides suitable profiles for modelling atmospheric

boundary layer, as shown in Egs.(5a)-(5d).
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where x = 0.4, u, is the friction velocity, y, — acrodynamic roughness length, set at 0.1, according to

Davenport’s roughness classification for open flat terrain with low crops and occasional large

obstacles [71].
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Figure 6. Computational domain, boundary conditions and ML interested zones.
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This study focuses on Almaty city, Kazakhstan. According to the wind rose diagram, winds in
Almaty most often blow from south to north, exceeding 1.6 m/s for 572 hours, and 3.4 m/s for 910
hours annually (Fig.7). Based on these data, the u..f wind velocity parameter was set to be 3, 4, and
5 m/s, respectively [72], with y..f = 10 m, since upper-air measurements of meteorological data are
usually taken at this altitude [73]. The average road emission velocity is taken to be 1 m/s, so the
momentum ratio for this model is expressed as M = Wg/U; = 0.34, 0.25, 0.2, respectively, where Wg
is the vertical exhaust velocity and U, is the horizontal wind speed at a reference height 10 m. To
avoid numerical errors and ensure robust convergence, the problem was solved until the flow
stabilized, indicated by minimal changes in variables with each iteration. In the literature, a
convergence criterion of 10™* is recommended for achieving accurate solutions in urban simulation

problems [74].

NNW NNE

1500
NW NE

1000

WNW ENE

500

Wsw ESE

5
w ‘ . 0.0 : 18 h/year

>0.3 : 150 h/year

[ >1.6: 572 h/year
SSW SSE >3.4:910 h/year
s ® >5.5: 140 h/year

® >8.0:0 h/year
® >10.8 : 0 h/year

0.0 >0.3 >1.6 >3.4 ® >55 >13.9: 0 h/year
® >80 ® >108 >13.9 >17.2 m/s >17.2 m/s: 0 h/year

Figure 7. Wind rose diagram of Almaty city [72].
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(b) Mesh sensitivity analysis

The computational mesh was constructed according to recommendations for detailed modelling
of the atmospheric boundary layer [75]. Mesh sensitivity analysis was performed on three types of
mesh: coarse (343,885 cells), basic (791,910 cells), and fine (1,165,689 cells). The number of nodes
on the building walls was 2.5 million for the fine mesh, 1.0 million for the basic mesh, and 0.5 million
for the coarse mesh. Mesh parameters near the building and ground were set in the following ratios:
basic/coarse = 2 and fine/basic = 1.5. Simulations were performed for a building with dimensions 27
m in height, 48 m in length, and 18 m in width, with an inlet wind velocity u,.¢ of 3.0 m/s. For the
mesh sensitivity analysis, velocity and turbulent kinetic energy (TKE) were considered at 2 vertical
sections along the centreline: in the windward (y =—40 m) and in the leeward (y = 60 m) flow regions,
with n =50 points (Fig.8). The numerical results of velocity and TKE illustrate a significant difference

between the basic and coarse mesh, while the results for the basic and fine mesh are almost identical.
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Figure 8. Comparisons of the velocity and TKE vertical profiles for different meshes in the windward

(Y =—40 m) and leeward (Y = 60 m) flow regions of the building.
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The mesh was evaluated using the Grid Convergence Index (GCI) presented by Richardson [76]
and Roach [77]. It is calculated using Eqs.(6)-(8), where &, 1s the root mean square relative error,
r is the grid refinement ratio, the p parameter is based on the discretization of all second-order terms,
and 7 is the amount of measurement points, Fg is the Safety Factor. For all three meshes, the GCI was

less than 5%, aligning with the previous recommendations [78] (see table 2).

GCI = Fs fp—’fl (6)
i1=n £i2 1/ 2
Erms = ( n ) (7)

Uj,coarse~ Ui fine

(8)

& =
Ui fine

wherer =2, p =2,n =10, F; = 1.25.
Therefore, to optimize computational resources and reduce computation time without

compromising accuracy, the basic mesh was selected for further simulations.

Table 2. Grid convergence indexes (GCI) of velocity and TKE for different meshes at two locations.

Location Grids Basic vs Coarse Basic vs Fine Coarse vs Fine
Y=60m GCI of Vel (%) 1.3 0.2 15

GCI of TKE (%) 2 1.5 2.9
Y=-40m GCI of Vel (%) 0.3 0.4 0.3

GCI of TKE (%) 2 0.2 2.2

Figure 9. Building parameters and wind flow direction.
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2.4. Parametric analysis

A parametric analysis was conducted involving four variables: building height, length, width,
and wind velocity (Fig.9).

The choice of building height in this study was influenced by the architectural features of Almaty,
where seismic safety requirements limit the construction of very high-rise buildings, resulting in a
predominance of medium-height structures. Consequently, buildings ranging from 9 to 17 floors
(approximately 27 to 51 meters, considering an average floor height of 3 meters) were considered.
The ranges of building width and length were based on standard residential building sizes common
in many modern cities. Detailed dimensions of the buildings and the selected wind speeds for
parametric analysis are given in table 3.

Table 3. Building sizes and wind velocity values for parametric design.

Velocity [m/s] Height [m] Length [m] Width [m]
3 27,33, 39, 45,51 24, 30, 36, 42, 48 9,12, 15,18
4 27,33, 39,45, 51 24, 30, 36, 42, 48 9,12, 15,18
5 27,33, 39, 45,51 24, 30, 36, 42, 48 9,12,15,18

Using the selected RANS model, numerical settings, and optimal mesh configuration, 300
simulations were performed. These simulations covered 100 different building sizes, each analyzed
at wind speeds of 3, 4, and 5 m/s, generating a comprehensive dataset for ML model training and

validation (see table 4).

2.5. Machine Learning model development

(a) Training dataset preparation

A regression model is well-suited for the problem addressed in this work. In such tasks, the model
is trained to identify relationships between input features and an output target to make predictions.
These models are commonly used in tasks such as predicting apartment prices, where inputs might

include area, number of rooms, and floor, with the output being the price [79]. In this study, the input
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parameters were building dimensions (height, length, width) and wind velocity, while the output
targets were wind velocity, turbulence intensity, and pressure coefficient. There are two types of
regression models: single-output, which predicts one variable, and multi-output, which predicts
multiple variables simultaneously. Both types were used in this work. The first step involved
generating and processing the training data by extracting CFD simulation results from zones A and

B to train the ML model (see Fig.6).

Table 4. Investigated variables and the zones from which they were extracted.

What was What variables Datasets From which Number of ML model type
investigated were extracted zone outputs
max Cp 1
Wind load on Pressure ave Cp ! Simple regression
oy . Zone A (wall) model (with single
building wall coefficient Cp .
min Cp 1 output)
max Cp height 1
Pedestrian wind Velocity and Velocity Zone B at 1156 Multioutout
comfort around turbulence Turbul pedestrian level reeression II; odel
building intensity urbuience (1.5 m height) 1156 &
Intensity
Pollution Zone B at Multioutput
dispersion CO, mass fraction | CO, mass fraction | pedestrian level 1156 re rel;siorlll II; l(l) del
around building (1.5 m height) &

Zone A was used to study the wind load on the building and represents the surface of the
building's windward wall, from which the pressure coefficient (Cp) values were extracted. Zone B is
a square area (99 by 99 m) located at a height of 1.5 m above the ground surface (pedestrian level)
and 23 m from the road. It was used to study pedestrian wind comfort and pollution dispersion, with
data on wind speed, turbulence intensity, and CO2 mass fraction collected from this zone. The
selection of this zone is justified by its practical significance, given the high pedestrian activity and
the building’s influence. In this region, the specified variables exhibit the most significant changes,
whereas in other areas the changes are less pronounced due to their distance from the building.

Moreover, when generating the mesh for all buildings, the mesh size in this particular zone remained

18



constant regardless of the buildings’ sizes, which later facilitated the extraction of CFD results for
further training of the ML model. Additionally, restricting the analysis to this specific zone
significantly reduces the computational load, as considering the entire field would require processing
a substantially larger volume of data.

For wind load analysis, a single-output regression model was used. Maximum, average, and
minimum C, values, along with the height of peak wind load, were extracted from Zone A, resulting
in four datasets. A multi-output model was used to study pedestrian wind comfort and pollution
dispersion. Training data from each grid node in the Zone B was extracted, creating 3 datasets
(velocity, turbulence intensity, and CO> mass fraction), each with 1,156 elements. This enabled the

generation of contour plots. The ML model was developed in Jupyter Lab using Python.

(b) Selection of ML models

Several tests were conducted to select the optimal ML model. The Linear Regression, Decision
Tree, Random Forest, Gradient Boosting and KNN models were considered. Linear Regression is
computationally efficient and interpretable, yet it assumes a linear relationship, limiting its
performance with complex, non-linear data. Decision Tree models are interpretable and capture non-
linear patterns, but they are prone to overfitting and exhibit high variance. Random Forest, an
ensemble of decision trees, mitigates overfitting and performs well with high-dimensional data,
though it is computationally intensive. Gradient Boosting offers high accuracy by iteratively
combining weak learners, but it requires significant computational resources and careful tuning to
avoid overfitting. K-Nearest Neighbors (KNN) is non-parametric and effective for small datasets but
is computationally expensive for large datasets and sensitive to the choice of K. More details about
these algorithms can be found in the ML textbook [80].

Each ML method presents unique strengths and limitations, and the choice of model depends on
the specific requirements of the problem. To assess their suitability, all models were trained on the

same CFD-based dataset and subsequently tested on unfamiliar input. Their accuracy was evaluated
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using a range of validation metrics [81]. The R? metric, which indicates how well the predicted values
match the known data, was used to evaluate performance:

2 1 _ Z(Ytrue_Ypred)z
RE=1 YXVtrue—Ymean)? (9)

where Yirye are the known values, ypreq are the values predicted using ML, Ypeqn is the mean value

of the known values. The value of R? ranges from 0 to 1, with 1 indicating perfect agreement between
predicted and actual values. Based on Table 5, the Random Forest model outperformed the others in
terms of predictive accuracy with an R? value of 0.885, RMSE of 0.001, and MAPE of 7.68%, which
are the closest to the ideal values. Additionally, it offered a reasonable balance between training time
(30.4 seconds) and prediction time (96 milliseconds), making it both efficient and accurate. For these

reasons, the Random Forest model was selected for further simulations.

Table 5. Comparison of different ML algorithms: performance on unknown dataset

ML algorithm _ R? | _ RMSE. _ MAPE. Training time/
(ideal value: 1.0)  (ideal value: 0.0)  (ideal value: 0%) prediction time
Linear Regression 0.654 0.0031 25.21% 7.36 sec/ 91.6 ms
Decision Tree 0.882 0.0011 7.72% 7.15 sec/ 101 ms
Random Forest 0.885 0.001 7.68% 30.4 sec/ 96 ms
Gradient Boosting 0.867 0.0011 11.45% 143.95 sec/ 108.3 ms
KNN 0.614 0.0035 42.14% 9.93 sec/ 147 ms

The Random Forest algorithm operates by generating multiple data subsets from the original
training set through bootstrapping [82]. For each subset, a distinct decision tree is constructed and
trained on its unique sample of data. Each decision tree independently generates a prediction. Once
all trees have made their outputs, these are combined through an averaging process to yield the final
prediction (Fig.10). This aggregation from multiple trees enhances the stability and accuracy of the
model.

Several key parameters are used in this model:
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e Number of trees (n_estimators) — Provides a balance between computational cost and
prediction accuracy, as increasing the number of trees can improve stability but also increases
training time.

e Maximum depth (max_depth) — Controls the complexity of each tree, preventing overly deep
structures that could lead to overfitting.

e Minimum samples per leaf (min_samples leaf) — Allows each leaf node to represent
individual samples, capturing detailed patterns in the data while keeping the model simple.

e Minimum samples per split (min_samples split) — Ensures that each decision node is
sufficiently representative.

The following key structural parameters were used in this study: n_estimators = 10, max_depth
= 10, min_samples leaf = 1, and min_samples_split = 2. These parameters were selected to achieve

a balance between computational efficiency and model accuracy.

Training set

WE i

Decision Tree 1 Decision Tree 2 Decision Tree N

Figure 10. Schematic of the Random Forest ML algorithm

21



300 training sets 600 training sets 1200 training sets 2400 training sets 4800 training sets

0.0175

140
0.0150
120 0.0125
0.0100
100 0.0075
80 0.0050
0.0025
60 0.0000

140 140 140 140

120 120 120 120

100 100 100 100

80 80 80 80

60 60 60 60

-40 -20 O 20 40 -40 -20 O 20 40

Figure 11. CO; mass fraction predicted by ML models based on different training dataset size.

(c) Structural analysis

The next phase aimed to improve the ML model's performance by evaluating the sufficiency of
the training data size. Figure 11 shows that the initial dataset of 300 cases was insufficient, as
indicated by the "rough" plot. To address this, the dataset size was increased through duplication.
Table 6 presents the dataset sizes, training accuracy, and Mean Absolute Percent Error (MAPE) on
the validation set for CO2 dispersion. The results suggest that a dataset size of 4,800 is optimal for
training the Random Forest model. The effectiveness of data duplication for improving model
performance is particularly notable in Random Forest models. The more frequently these input-output
relationships occur, the better the ML can learn the patterns. However, it is important to note that this
approach is specifically useful for Random Forest models and may not be suitable for other ML
algorithms. In other models, data duplication can lead to overfitting, improving performance on the

training set but potentially degrading accuracy on unfamiliar datasets.

Table 6. Performance of ML models based on different training datasets: R? training scores and

Mean Absolute Percentage Error (MAPE) compared with CFD simulation results.

Sizes of training

dataset R® MAPE
300 0.9931075 0.1914
600 0.9986719 0.1679
1200 0.9998891 0.1646
2400 0.9999982 0.1643
4800 1.0 0.1643
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3. Results
The trained ML model was tested on a new dataset of eight buildings with unknown dimensions

different from the training set but within its size range (see table 7).

Table 7. Building sizes for the new unknown test dataset

No. of test Height Length Width

buildings [m] [m] [m]
1 37 20 9
2 29 21 10
3 47 25 16
4 31 27 16
5 43 30 11
6 35 44 10
7 41 45 11
8 49 47 17

Each building was evaluated under three wind speeds (3, 4, and 5 m/s), totalling 24 test cases. The
ML model's predictions were compared with CFD simulations, showing a high correlation (R?
ranging from 88% to 96%) and confirming the model's accuracy in predicting the wind environment
around buildings. For a more detailed analysis, table 8 shows the values of other statistical metrics
(FAC2, FB, NMSE and R?, as calculated by Eqs.(2-4) and (9)).

The CFD simulations for each building required an average of 3 - 4 hours to complete, totalling
approximately 1.5 months to generate the full set of 300 CFD training data for the ML model. In
contrast, the training phase of the ML model was completed in just 30.4 seconds, with a prediction
time of 96 milliseconds (ms) per case. The ANSYS simulations were conducted on a high-
performance desktop featuring an 8-core Intel Core i7-9700KF processor and 32 GB of RAM, while
the Machine Learning tasks were performed on a laptop equipped with an Intel Core i7-1065G7
processor and 16 GB of RAM. Despite running on a less powerful machine, the ML model
demonstrated remarkable efficiency and achieved significant time savings.

Detailed results are discussed below.
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Table 8. Comparison metrics between ML and CFD models

Variables _ FAC2 _ FB _ NMSE _ R?
(ideal value 1) (ideal value 0) (ideal value 0) (ideal value 1)
Velocity 1.0 0.0058 0.002 0.96
Turbulence intensity 1.0 0.0004 0.0003 0.99
CO; 1.0 0.0617 0.1167 0.88

3.1 Wind Load on building (Zone A)

Figures 12 and 13 compare wind load results from ML and CFD. Figure 12 highlights the
maximum Cp and the height of peak wind pressure on the building wall. The height of the peak
pressure point did not depend on wind strength but only on the building's height: the taller the
building, the higher the point of maximum pressure. This indicates that the upper floors of buildings
experience more wind pressure than the lower floors. It is evident from the plots that wind speed
significantly influences the pressure force. Specifically, at 3 m/s, the maximum Cp does not exceed
17; at 4 m/s, it ranges from 22 to 30; and at 5 m/s, it exceeds 44. The R? value ranged from a minimum

of 86% to a maximum of 93%. Figure 13 shows the minimum and average pressure coefficient Cp.
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Figure 12. Comparison of CFD and ML models for the maximum Cp [-] (peak wind loads) and their

height position [m].

3.2 Pedestrian wind comfort and pollution dispersion (Zone B)
The ML model's accuracy in predicting CO; mass fraction, velocity, and turbulence intensity at
pedestrian level (Zone B) was evaluated against CFD results. Figure 14 presents scatter plots of these
variables at 1,156 points (the number of nodes in Zone B). Overall, there is a high degree of similarity
between the methods, though some deviations are observed at individual points. Depending on wind
speed, R? metrics ranged from 62% to 78% for CO, mass fraction, 78% to 91% for velocity and 87%

to 92% for turbulence intensity. Root Mean Square Error (RMSE) values were also calculated,
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showing close agreement between the models: for CO, mass fraction it ranged from 0.0007 to 0.0012;

for velocity from 0.0414 to 0.1148; and for turbulence intensity from 0.0063 to 0.012.
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Figure 13. Comparison of CFD and ML models for minimum and average Cp.

26



c0, Velocity Turbulence Intensity

0.08 5 1.0
@ Vel3 / @ Vvel3 % @ Vvel3 ’
o \Vel4 Vil o Vel4 ¥ o Vel4
o Vels /e 41 © Vels o \Vels
0.06 %
0.8 1
34
i 0.04 o o
= = =
27 0.6
0.02 A R? =0.78 R? = 0.92
14 RMSE = 0.0414 RMSE = 0.0063
R2 = 0.91 0.4 1 R —
0.00 { € 0 RMSE = 0.1148 RMSE = 0.012
T T T T T T T T T T T T
000 002 004 006 0.08 0 1 2 3 4 5 0.4 0.6 0.8
CFD CFD CFD

Figure 14. Comparison of CO2 mass fraction, velocity, and turbulence intensity between CFD and

ML results: scatter plots and metrics.

Figures 15-23 illustrate 2D contours taken from Zone B. These results also show excellent
agreement between ML and CFD predictions. In Fig.15, for a wind speed of 3 m/s, the maximum
flow velocity at pedestrian level is 2.7 m/s for test building number 8 (see table 7). In other cases, it
remains below 2.5 m/s. At a wind speed of 4 m/s, building 8 again experiences the highest air flow at
pedestrian level, reaching 4 m/s, while in other buildings it stays below 3.2 m/s (Fig.16). With a wind
of 5 m/s, the maximum flow velocity reaches 4.8 m/s for building 8, 4 m/s for buildings 5-7 and does
not exceed 3.6 m/s for others (Fig.17).

The influence of building length on the flow pattern behind the building for wind speeds greater
than 4 m/s is demonstrated in Figs.16-17. The longer the lee wall of the building (increases from the
Ist to the 8th test building), the larger the low-velocity areas in leeward zone. It should be noted that
in cases 5 - 8, where the wall length is significant, the speed behind the building is very low (Fig.17),
but at the same time the speed at the edges of the building is higher due to wind flowing around the
building, creating eddies and turbulence. According to the Lawson Wind Comfort Criteria,
pedestrian-level air velocity should not exceed 7.6 m/s [83]. Although the flow in these cases stays
below this critical value, it is crucial to consider it for scenarios where nearby buildings might create

high-velocity zones (Bernoulli effect). Turbulence intensity increases with wind speed, as expected:
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at 3 m/s, the maximum value does not exceed 0.8, at 4 m/s, it reaches 0.85, and at 5 m/s, it goes up to
0.95 (Figs.18-20).

Figures 21-23 show that higher wind speeds improve pollution dispersion, with the maximum
CO2 mass fractions decreasing from 0.064 at 3 m/s to 0.056 at 4 m/s and 0.048 at 5 m/s. Therefore,
maintaining adequate ventilation in urban streets and preventing the formation of low-velocity

regions are crucial for ensuring effective pollutant dispersion and improving air quality.
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Figure 15. Velocity contour plots: comparison between CFD and ML results (wind velocity 3 m/s).
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Figure 22. CO; mass fraction contour plots: comparison between CFD and ML results (wind velocity

4 m/s).
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Figure 23. CO2 mass fraction contour plots: comparison between CFD and ML results (wind velocity
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4. Discussion

Model advantages

The CFD-based ML model proposed in this study offers several advantages. It simplifies the
process by bypassing complex steps in CFD simulations, such as geometry construction, boundary
condition definition, mesh generation, and post-processing. Instead, inputting the building
dimensions and wind velocity directly yields accurate predictions, significantly streamlining the
workflow. This model also provides substantial time efficiency, delivering results within seconds
compared to the days or weeks required by traditional CFD methods, allowing for rapid identification
of optimal designs. The proposed method also reduces the need for extensive simulations, leading to
significant cost savings in electricity, equipment, and experimental setups. Pre-simulation of design
options minimizes material waste and construction errors, contributing to cities building practices.
Moreover, the ability to analyze important factors such as wind loads, pedestrian comfort and
pollution dispersion provides a holistic view of the urban wind environment, offering information
that is difficult to obtain using traditional methods. The robustness and efficiency of these models
make them a valuable tool for engineering and building design, optimizing processes, reducing
computational costs, and enabling sustainable and adaptive urban design. By combining CFD
accuracy with ML speed, the proposed framework ensures resource-efficient, reliable, and practical
solutions for complex wind environment analyses.

ML model limitations

Despite the advantages of the CFD-based ML model, its applicability is limited to the trained
range of the dataset i.e. building dimensions and wind velocity. The model is expected to provide
accurate predictions within the range and is generally not applicable to cases outside the range. This
limitation highlights the need for careful consideration of the model's scope in practical applications.

Prospects for Future Research

The approach developed in the present work can be readily applied to more complicated cases.

The development of CFD-based ML models offers promising opportunities for rapid and accurate
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flow assessments around buildings, with several areas warranting further exploration. Expanding the
model to account for more complex building geometries, including varied roof slopes, windows, and
balconies, and increasing the number of buildings in the analysis could significantly enhance its
applicability to real-world structures. Investigating the model's performance across a broader range
of wind directions and weather conditions would provide additional insights into its potential
applications for urban design. Future models could also incorporate complex atmospheric conditions,
such as variable temperature gradients and thermal effects, to better simulate pollutant dispersion and
pedestrian comfort in urban environments. Additionally, the current study focused validation
primarily on the leeward side of the building. Expanding validation points to include critical areas,
such as rooftops and windward sides, could enhance the reliability and accuracy of the model in
capturing complex wind flow behaviors across various building regions. While this study provides a
robust framework for simulating wind effects induced by buildings, the integration of additional

environmental factors will further strengthen its utility for practical scenarios.

Finally, the potential of such hybrid models extends beyond urban wind studies and urban design.
Future applications could include aerodynamic testing of vehicles, water pollution dispersion
analysis, renewable energy assessments, and thermal comfort studies in outdoor urban spaces. This
study underscores the value of CFD-based ML models as effective tools for accurate and efficient

flow assessment across diverse engineering and environmental contexts.

5. Conclusions
This study presents an advanced integration of CFD and ML to accelerate and enhance the
analysis of urban wind environments, including wind loads, pedestrian comfort, and pollution
dispersion. By utilizing a dataset of 300 cases (100 buildings and three wind speeds) generated
through CFD simulations, the Random Forest ML model achieved predictive accuracies ranging from

88% to 96%. The ML model significantly reduced computational time, delivering results in an

34



average of 96 milliseconds per case, compared to the 3 — 4 hours per case required by traditional CFD
simulations.

The CFD-based ML approach not only significantly reduces computational costs but also
provides a practical tool for architects, urban planners, and policymakers to evaluate design options
rapidly and adaptively. By enabling quick and accurate predictions of wind flow and pollutant
dispersion, this framework supports real-time urban planning, optimizing pedestrian comfort, and air
quality management in dense environments. This capability is particularly crucial for sustainable city
development and informed decision-making.

In addition to its methodological contributions, this study demonstrates the effectiveness of
multi-output regression in CFD-based urban wind analysis, whereas previous works have primarily
relied on single-output regression models or neural networks (e.g., DNNs and CNNs) for wind
environment prediction. Furthermore, unlike some approaches that employ image-based feature
extraction to obtain training data, this study directly utilizes numerical data from CFD mesh nodes,
providing a more detailed and interpretable representation of the urban wind environment.

While single-output models are limited in their ability to predict multiple interdependent
variables simultaneously, and neural networks often require large datasets and substantial
computational resources, image-based extraction methods may introduce inaccuracies due to
resolution constraints. In contrast, multi-output regression model effectively predicts multiple key
parameters—wind velocity, turbulence intensity, and CO2 mass fraction—while maintaining both
high accuracy and computational efficiency. These findings contribute to the growing body of
knowledge on CFD-based ML modeling, underscoring its potential as a robust and scalable method
for simulating complex flows in urban environments.

Future research should expand the model’s applicability by incorporating more complex building
groups, diverse architectural forms, wind directions, and atmospheric conditions such as temperature
gradients, thereby enhancing its accuracy and versatility. Incorporating higher-fidelity turbulence

models, such as like LES, could improve predictions, while larger and more diverse training datasets
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could further enhance performance. Furthermore, integrating this methodology into interactive urban
design platforms could provide urban planners with an accessible and computationally efficient tool
for evaluating multiple design scenarios.

Potential future applications extend beyond urban wind comfort analysis. This approach can be
adapted for renewable energy assessments, optimizing wind turbine placements in urban
environments. Additionally, expanding the model to include pollutant dispersion from traffic
emissions or industrial sources could enhance air quality management strategies. Finally, the
application of this method to aerodynamic analysis of building clusters and urban heat island
mitigation measures will aid sustainable urban planning.

By addressing these research directions, the proposed CFD-based ML model can evolve into a
widely applicable tool for urban wind analysis, ultimately contributing to the creation of healthier,

more sustainable, and climate-resilient cities.
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