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Abstract

Computational Fluid Dynamics (CFD) is regarded as an important tool for analyzing the
flow field, thermal environment, and air quality around the built environment. However,
for built environment applications, the high computational cost of CFD hinders large-scale
scenario simulation and efficient design optimization. In the field of built environment
research, surrogate modeling has become a key technology to connect the needs of high-
fidelity CFD simulation and rapid prediction, whereas the low-dimensional nature of
traditional surrogate models is unable to match the physical complexity and prediction
needs of built flow fields. Therefore, combining machine learning (ML) with CFD to predict
flow fields in built environments offers a promising way to increase simulation speed while
maintaining reasonable accuracy. This review briefly reviews traditional surrogate models
and focuses on ML-based surrogate models, especially the specific application of neural
network architectures in rapidly predicting flow fields in the built environment. The review
indicates that ML accelerates the three core aspects of CFD, namely mesh preprocessing,
numerical solving, and post-processing visualization, in order to achieve efficient coupled
CFD simulation. Although ML surrogate models still face challenges such as data availabil-
ity, multi-physics field coupling, and generalization capability, the emergence of physical
information-driven data enhancement techniques effectively alleviates the above problems.
Meanwhile, the integration of traditional methods with ML can further enhance the com-
prehensive performance of surrogate models. Notably, the online ministry of trained ML
models using transfer learning strategies deserves further research. These advances will
provide an important basis for advancing efficient and accurate operational solutions in
sustainable building design and operation.

Keywords: machine learning; computational fluid dynamics; surrogate model; built
environment

1. Introduction
Airflow organization in the built environment not only directly affects the indoor

and outdoor environmental quality, energy efficiency, and human comfort, but also is a
key factor to protect the health of residents and achieve sustainable development [1,2].
Computational Fluid Dynamics (CFD) has become a fundamental tool for simulating fluid
flow, heat, and mass transfer in these complex environments, which utilizes numerical
methods to solve the governing equations in a large space and with high resolution [3,4].
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With the diversification of building forms and functional complexity in the process
of urbanization, engineering practice has put forward the urgent need for rapid decision-
making and multi-scenario comparison for ventilation optimization, pollutant dispersion
simulation, and wind load assessment in the built environment [5,6]. However, traditional
CFD simulations usually involve time-consuming meshing, iterative solving of nonlinear
equations, and high-performance computing resources [7]. This inherent limitation sig-
nificantly restricts its rapid application and optimization efficiency in the early stage of
engineering design.

Recently, the booming development of machine learning (ML) technology has pro-
vided a brand-new path to break through the bottleneck of CFD computational efficiency.
The ability of ML to characterize system behavior in a data-driven manner enables a range
of potential applications in science [7,8]. By utilizing a data-driven approach, ML algo-
rithms excel at identifying latent patterns in high-dimensional fluid dynamics data, thus
enabling surrogate models that bypass traditional numerical solvers [9,10]. Although the
training phase of ML models can be time-consuming, they are very effective in making new
predictions [11]. Applying ML to CFD simulation can greatly shorten the calculation time,
enabling the originally time-consuming complex airflow simulation to obtain approximate
but sufficiently accurate results in a shorter time [12,13]. It provides strong support for
rapid decision-making and optimized design in engineering practice.

ML-based surrogate models can predict the flow field around a building in millisec-
onds to seconds by deep training on CFD data, realizing tens to hundreds of times efficiency
gains compared to traditional CFD methods [14–16]. The Artificial Neural Network (ANN)
model is highly adaptable and can be applied to different scenarios ranging from ventila-
tion analysis to pollutant dispersion prediction, while maintaining fidelity comparable to
traditional CFD in many real-world scenarios [17,18]. Crucially, such models enable rapid
feedback loops for design optimization and operational control.

This review focuses on rapid CFD prediction techniques based on ML surrogate
models in the built environment domain. Unlike other reviews, it not only provides a
comprehensive overview of various methods, models, and application examples of ML
for CFD acceleration in this domain, but also analyzes the applicability and limitations of
different surrogate models in different built environment scenarios. Section 2 introduces the
basic principles of CFD and its engineering applications in the built environment. Section 3
explores the traditional surrogate modeling and ML approaches used to accelerate the
CFD workflow. Section 4 elaborates the framework of ML accelerating CFD, focusing on
how ML accelerates strategies at each stage of CFD simulation. Section 5 focuses on the
engineering application of using ML to achieve rapid prediction in the built environment.

2. CFD for the Building Environment
2.1. Typical Applications of CFD in the Building Environment

CFD is a high-fidelity modeling method based on detailed physical principles that can
successfully make detailed predictions of various airflow and temperature distributions [19].
Fluid motion is usually divided into two typical flow regimes, laminar flow and turbulent
flow. In the built environment, the flow field is usually turbulence-dominated. This
phenomenon is attributed to the multiphysical coupling mechanism, which includes high
Reynolds number flow conditions, geometrical complexity of the building form, and the
synergistic effect of atmospheric turbulence on the incoming flow characteristics [20]. The
temporal and spatial non-constant properties of turbulence significantly affect the wind
load distribution, indoor and outdoor ventilation efficiency, and pollutant diffusion and
transport in building structures, which is the core scientific issue in building environmental
engineering [21].
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Currently, CFD simulation methods for turbulent air flow fields consist of three main
categories: direct numerical simulation (DNS), large eddy simulation (LES), and Reynolds
Average Navier–Stokes (RANS) simulation using turbulence models. LES and RANS
methods have been widely adopted for rapid computational analysis of turbulent flows.
While LES offers higher accuracy than DNS by resolving large-scale eddies and modeling
small-scale turbulence, its computational cost remains significantly higher than RANS due
to the explicit resolution of transient flow features. In the context of RANS, two-equation
turbulence models, including the k-ε and k-ω frameworks, are commonly employed to
predict fluid field variables [22]. Among these, the k-ε model has demonstrated broader
applicability and robustness in diverse engineering scenarios, particularly in steady-state
simulations with well-defined boundary conditions [23]. However, its performance may
degrade in complex flows with strong adverse pressure gradients or separation phenomena,
necessitating careful validation for specific applications.

2.2. Engineering Applications of CFD in the Built Environment

Numerous applications of the built environment are closely related to the study of fluid
flow, which not only covers the micro-environment inside buildings but also includes large-
scale flow fields in the external urban canopy [24–26]. For instance, indoor environments
have the core design goals of ensuring occupant comfort and maintaining satisfactory
indoor air quality, while outdoor simulation focuses on the behavior of external airflow in
the built environment [27–31].

CFD techniques are widely used for modeling indoor environments, covering complex
ventilation systems and thermal comfort simulation studies [32]. Its excellent simulation
capabilities provide a solid theoretical basis and an effective analytical tool for indoor
environmental quality studies by accurately modeling key physical processes such as
airflow, heat transfer, and particle dispersion [33,34]. In terms of further deepening the
application of CFD technology, an in-depth study of the interaction between the indoor
environment and the human thermoregulation system can be realized by integrating it with
the human thermoregulation model (Figure 1) [35]. As a neighborhood-scale modeling
tool, the effectiveness of CFD has been fully confirmed [36–40]. Pedestrian wind comfort is
a traditional problem in outdoor built environments during the study of average speeds in
high-speed areas around buildings (Figure 2) [41]. Since the inception of CFD technology,
the extensive history of its application in the built environment has been emphasized in
numerous literature reviews, which fully proves the key role and irreplaceability of CFD in
this field [41–43].

 

Figure 1. Indoor thermal environment assessment of historic buildings using CFD, extracted from
Kang et al. [35].
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Figure 2. Evaluating urban wind fields using CFD, modified from Zhao et al. [41]. (a) Urban spatial
layout. (b) Pedestrian-level turbulent kinetic energy.

2.3. CFD Challenges in Built Engineering

Current CFD models have achieved effective handling of most flow physics problems
in the built environment, including indoor and external flow phenomena [44]. The key
challenge in applying CFD to build environment systems is the high computational cost,
particularly in scenarios requiring rapid optimization or multi-scenario comparisons. This
cost arises from two main factors: (1) the need for fine meshes in complex geometries (e.g.,
building façades, ventilation ducts), and (2) the use of high-fidelity turbulence models
(e.g., LES, Low Reynolds Number models) to resolve transient flow features. In order
to accurately capture these complex phenomena, CFD requires the generation of fine
computational grids, especially in areas with complex geometries, where the number of
grids tends to grow exponentially. In addition, in CFD simulation, each source requires
different boundary conditions based on its characteristics. Since a small release area
leads to a high concentration gradient in the local space near the point source, this high
concentration gradient can significantly slow down the convergence of the computational
process if the simulation is to capture this phenomenon. Although the use of LES and
Low Reynolds Number models is theoretically possible to obtain more accurate results,
it requires a lot of computational resources and time, which can take hours to days for
a single full simulation [45,46]. Furthermore, CFD requires multi-core/cluster resources
for multi-scenario optimization, and there is a linear relationship between resource scale
and cost.

The above issues make it difficult to apply traditional CFD in scenarios such as rapid
optimization of the built environment and rapid comparison of multiple scenarios. The
introduction of the ML surrogate model provides an effective solution to these problems
and opens up new avenues for research and practice in the field of the built environment.

3. Rapid Prediction Methods Based on CFD
This section systematically describes the rapid prediction techniques based on tradi-

tional surrogate models, ML, and ANN, comparing their principles, application scenarios,
and limitations. It provides a valuable reference for beginners to adopt Artificial Intelligence
(AI) to solve fluid dynamics problems in the built environment. ML is a large class of AI that
contains various algorithms such as Random Forest (RF), Principal Component Analysis
(PCA), and Neural Networks. Among them, neural networks are an important subset.
Surrogate models for approximating complex systems or processes can be constructed
using both traditional mathematical methods and ML methods.

3.1. Traditional Surrogate Model

In the field of engineering optimization, traditional surrogate models are widely
used as an efficient alternative to complex numerical simulations to reduce computational
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costs and speed up the design process. Common surrogate models include polynomial
regression, response surface modeling, and Kriging model [47–49]. Response surface
models fit the input-output relationship by polynomials and are suitable for rapid approx-
imation of low-dimensional problems, but their accuracy is limited in high-dimensional
nonlinear issues [50]. The Kriging model is based on Gaussian processes and models
sample correlations through covariance functions. It can provide prediction error estimates
through spatial interpolation and shows high robustness in aerodynamic optimization.
However, its computational complexity increases significantly with the increase of the
sample size [51,52].

However, the performance of traditional surrogate models is highly dependent on
the number and distribution of training samples; a small number of samples may lead to
prediction bias, and the cost of generating high-fidelity samples may still constrain their
application [53]. Moreover, as the input parameters increase, the sample requirement grows
exponentially, the fitting accuracy of low-order models decreases, and the computational
complexity of high-order models (e.g., RBFs) soars. In addition, in multi-objective opti-
mization, the trade-off relationship between conflicting objectives needs to be handled.
Traditional methods often convert multi-objectives into single objectives through weighting
functions, but the selection of weights relies on experience and may affect the diversity of
solutions [54,55].

Recently, with the evolution of technology, ML-based proxy models have relied on
data-driven modeling methods. It can effectively overcome the inherent limitations of
traditional proxy models in terms of sample dependence, dimensional scalability, and
multi-objective processing, and gradually become the core method for accelerating CFD
simulation at present.

3.2. ML-Based Surrogate Model
3.2.1. ML Method

The core principle of ML is to train the proxy model using large-scale original datasets.
After the successful completion of the training, the model can achieve excellent compu-
tational efficiency and accuracy [56,57]. Notably, this computational advantage provides
significant opportunities for accelerating numerical simulation of fluid dynamics, especially
for complex flow phenomena that traditionally require resource-intensive CFD methods.
ML is classified into three main learning paradigms based on the utilization of the data and
the learning objectives, with multiple algorithms for each paradigm, shown in Figure 3.

1. Supervised learning trains a model with input features and corresponding output
labels. For example, taking CFD geometric parameters or boundary conditions as
inputs and flow field data as outputs, a model is trained to predict the response of
future observations [58]. In this way, unknown flow fields can be predicted quickly
without conducting new simulations.

2. Unsupervised learning analyzes unlabeled data, allowing the discovery of the intrinsic
structural properties of the data based on input features alone through techniques
such as clustering, quantization, and dimensionality reduction [59]. For example,
POD methods can be used to downscale the Navier–Stokes equations by constructing
Galerkin projections on the respective modes, while combining a discretized form of
the energy equation with a state-space model for systematic integration [60].

3. Semi-supervised learning combines a small amount of labeled data with a large
amount of unlabeled data to train models [61]. When the sample size is limited,
semi-supervised regression is used to construct pseudo-labeled samples of untested
building groups and mix them with existing samples to expand the sample size [62].
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Figure 3. Schematic diagram of ML classification.

Unsupervised and semi-supervised learning can reduce the reliance on data labeling
and assist in accelerating the solution, which, however, is not as direct as supervised
learning and needs to be combined with supervised learning to achieve rapid prediction
in CFD.

3.2.2. ANN Method

ANN, as a major method in the supervised learning framework, has been widely used
in fluid mechanics. Attention is drawn to the fact that this architectural advantage confers
ANN with superior performance in solving nonlinear issues compared to traditional ML
models. In 1986, Rumelhart et al. [63] reintroduced and refined the backpropagation
algorithm (BP), which enabled efficient parameter optimization in multilayer networks.
This advancement spurred research efforts to integrate neural networks with fluid dynamics.
In this section, a systematic description of the fundamentals of four representative neural
network architectures, MLP, CNN, RNN, and PINN, which are often used to accelerate
CFD prediction in built environment applications, is presented.

MLP is the most standard and common feedforward neural network, and also the
infrastructure of deep learning. As shown in Figure 4a, it is the simplest MLP structure,
consisting of two input nodes, a single hidden node, and a single output node. Some early
studies attempted to use MLP to make preliminary predictions of the flow field around
buildings. However, due to the relatively simple structure of the MLP model, its ability is
limited when dealing with data with spatial correlation and complex structure. With the
deepening of research, its application has gradually been replaced by more advanced deep
learning models.

CNN uses convolution to automatically extract local features from data, and its prede-
cessor is LeNet, which was started as a handwritten digit recognition network. However,
due to the constraints of computer hardware and equipment, CNNs have only been widely
studied in image classification and object detection after 2012 [64]. Since CNN can effi-
ciently capture the spatial pattern and structure of the flow field, it has been applied to study
the flow field distribution in the built environment. Jin et al. [65] utilized CNN to identify
the pressure values on a cylinder to predict the velocity field. As shown in Figure 4b, the
CNN extracts the hierarchical features of the flow field through multilayer convolution
and pooling operations, which in turn enables the prediction of physical quantities such
as pressure distribution and velocity field. However, the pooling operation may lose part
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of the location information, which requires additional design for tasks requiring accurate
spatial localization.

 
Figure 4. Schematic diagram of a typical ANN structure. (a) Schematic of the simplest MLP structure.
(b) Example diagram of a CNN with 3 × 3 convolutional kernels. (c) Schematic of the basic RNN
structure. (d) Schematic of PINN structure with physical control equations embedded in the neural
network. (Blue nodes represent input layers, green nodes represent hidden layers, and purple nodes
represent output layers).

RNN is mainly used to process data with time series, which stores past information
by introducing memory units [66], as shown in Figure 4c. In CFD prediction of the built
environment, the movement of fluids has temporal characteristics, such as wind fields and
temperature fields that change over time. Lee et al. accurately predicted urban boundary
layer dynamics and transient turbulence by modeling the temporal evolution of fluid
motion using a circulation structure within the RNN [67]. However, traditional RNNs
suffer from the problems of gradient vanishing and gradient explosion, and have limited
effectiveness in dealing with long sequence data [68]. Therefore, Long Short-Term Memory
networks (LSTM) with special gating mechanisms were proposed in 1997 [69]. LSTM is an
improved RNN structure that can better capture long-distance temporal dependencies and
has been increasingly applied in CFD prediction tasks where the building environment
changes over time.

PINN is a neural network model that has emerged in recent years, proposed by Raissi
et al. It is considered an efficient solver for partial differential equations [70]. It can embed
the equations of the physical control of the fluid (e.g., NS equations) into the loss function
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of the neural network, as in Figure 4d. Wei et al. [48] used measured data as inputs to
the PINN to reconstruct the detailed 2D airflow field without inlet boundary conditions.
Moreover, it saves 42% of the computation time compared with the traditional CFD, which
effectively compensates for the traditional data-driven method’s over-reliance on data and
neglect of physical laws. However, the loss function of PINN contains multiple competing
terms, which are difficult to balance, and the optimization process is complicated and prone
to falling into local minima or difficult to converge.

Overall, each model has its own characteristics and applicable scenario models. Re-
searchers should select the appropriate model based on specific practical problems.

4. ML Accelerated CFD Frameworks for Rapid Prediction
The integration of ML technology into CFD predictions for the built environment is

increasingly expanding and deepening, offering robust support for accelerating CFD simu-
lations and enhancing the understanding of fluid phenomena within architectural settings.
This section provides a systematic review of the development of coupling frameworks
between CFD and ML, as well as the application of ML techniques to accelerate critical
stages of CFD simulations.

4.1. CFD-ML Coupled Model Basic

Although CFD solvers have evolved into a well-established system over several
decades, the deep integration of ML with traditional numerical simulation methods remains
in its infancy [71]. Caron et al. [72] highlighted that it is impractical for ML to entirely
replace CFD in the near future. Consequently, a more feasible strategy involves constructing
a coupled framework of CFD and ML, leveraging ML models to either model or optimize
the complex physical processes within CFD simulations. This approach not only reduces
computational time but also enhances simulation efficiency.

The coupling of CFD and ML primarily manifests in two distinct paradigms. One
involves embedding ML models within the architecture of CFD solvers to enhance and
accelerate traditional numerical methods [73,74]. The underlying principle is to leverage
data-driven models as substitutes for specific physical modeling components. McConkey
et al. [75] predicted the linear and nonlinear parts of the Reynolds stress tensor based on
a neural network embedded in the tensor decomposition, with velocity field prediction
accuracy exceeding that of conventional physical models. Geneva et al. [76] addressed
the problem of quantifying uncertainty in data-driven turbulence models by proposing a
new framework that improves RANS predictions while providing probabilistic bounds
on the flow field variables to enable quantitative measurement of model form and cog-
nitive uncertainty. The other paradigm involves the independent operation of CFD and
ML models, with computational efficiency enhanced through data interaction. Specifi-
cally, CFD generates high-quality training datasets to support the training of ML models,
while the trained ML models enable rapid prediction of flow field characteristics in new
scenarios [77,78]. This approach establishes a synergistic mechanism between CFD and
ML via data exchange, significantly boosting computational efficiency while maintaining
prediction accuracy. Vandewiel et al. [79] showed that a post-trained CNN surrogate model
could approximate RANS simulations of natural ventilation within a few milliseconds
(Figure 5). Liu et al. [80] combined the Kriging surrogate model to achieve fast IAQ predic-
tion under limited samples and dynamically adjusted the ventilation strategy through an
optimization algorithm.
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Figure 5. Spatial Attention CNN surrogate model, extracted from Vandewiel et al. [79].

4.2. ML Accelerated CFD Simulations

A typical CFD simulation consists of the following key steps: first, a 3D model is
constructed to generate a computational grid. Then, based on the conservation law of
momentum, the temporal and spatial changes of the fluid in each grid cell are solved.
Finally, the simulation results are visualized. This section will systematically sort out the
research progress and cutting-edge applications of ML to realize targeted accelerated CFD
in the key aspects of mesh preprocessing, numerical solving, and post-processing.

4.2.1. ML for Preprocessing

In the CFD preprocessing stage, mesh generation is significantly more time-consuming
than geometric modeling. Geometric modeling typically relies on readily available design
drawings or models, making it relatively efficient. In contrast, mesh generation must satisfy
stringent requirements for mesh quality and resolve the complex flow fields surrounding
buildings through fine discretization. Moreover, the high-resolution demands of turbulence
simulations result in a substantial increase in mesh density and necessitate repeated iterative
optimization. Consequently, this section focuses on summarizing the research progress in
leveraging ML techniques to accelerate mesh generation.

Since the 1990s, ML technology has progressively exhibited distinct advantages in
finite element mesh generation and adaptive optimization, driving the innovation and
advancement of computational methodologies. Early studies (1996–1997) pioneered the
mapping of mesh partitioning problems onto ML network models, enabling the auto-
matic generation of node topological structures via coordinate allocation [81]. This type
of approach maps the mesh partitioning problem to a neural network, and optimizing
the node positions significantly improves the accuracy of the numerical solution, while
reducing the dependence of traditional mesh partitioning on manual experience [82]. Over
time, researchers began to investigate the application of neural networks in dynamic
scenarios [83]. Manevitz et al. [84] used neural network methods for time series predic-
tion to obtain effective mesh refinement at the appropriate time. In the two-dimensional
wave equation, the coarse mesh is taken as the input, and the model is run to control the
insertion of the new mesh. This prediction-based adaptive strategy achieved superior accu-
racy compared to traditional post-processing error estimation methods under equivalent
computational resources.

In recent years, neural networks have achieved continuous and significant advance-
ments in the field of finite element mesh generation and optimization [85,86]. Guo et al. [87]
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proposed a novel approach fusing heuristic and optimization smoothing. The model takes
the ring formed by the neighboring nodes of a free node as input, predicts the optimal
position of the free node, and optimizes the mesh by moving the node directly without
changing the mesh topology. ML-driven techniques for predicting mesh spacing func-
tions [88], such as the Implicit Geometry Neural Network (IGNN), enable the automated
generation of adaptive meshes by learning the mapping between geometric characteristics
and mesh size functions (Figure 6) [89]. Meanwhile, 3DMeshNet embeds the differential
equations for mesh generation into the loss function of the neural network and learns
mappings in the space with geometric points as inputs to achieve fast generation of 3D
structured meshes. These approaches have exhibited remarkable robustness and efficiency
across various scenarios, achieving an 85% reduction in mesh generation time and a 4- to
8-fold decrease in computational costs [90].

 

Figure 6. Flowchart of adaptive mesh generation, modified from Xu et al. [89].

4.2.2. ML for Numerical Solution

Numerical solution constitutes the core component of CFD simulations, entailing a
substantial number of computational operations [91]. In this context, ML primarily con-
tributes to accelerating the solution process and enhancing solution accuracy. Some studies
focus on leveraging ML models to either fully or partially substitute traditional numerical
solvers. Notably, research has concentrated on the pressure solver, a computationally
intensive module [92,93]. Sousa et al. [94] integrated an ML surrogate model with an
incompressible fluid solver to create two ML-enhanced CFD solver variants (Figure 7),
which effectively reduced the number of iterations of the pressure solver in unsteady flow
simulations. The simulation results in key metrics, such as drag coefficients and Strouhal
numbers, are substantially reduced by about eight times in execution time compared to
the conventional method. Yousif et al. [95] reconstructed the flow field obtained from DNS
back to its original resolution based on a convolutional autoencoder. Then, an LSTM model
of predicted fluid flow was used to predict the time evolution of low-dimensional data, and
the turbulent pulsation characteristics at the DNS level were successfully reproduced with
the statistical properties and energy spectrum errors below 3%. Ling et al. [72] proposed
using neural networks to learn the Reynolds stress anisotropy tensor model from CFD data.
This method ensures the rotational invariance of tensor eigenvalues, and the prediction
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error of the velocity field in complex flows is significantly reduced compared with the
traditional vorticity model.

 

Figure 7. Surrogate model graphical representation, extracted from Sousa et al. [94]. The input of SM
is the longitudinal ux,t* and vertical vy,t* components of the velocity field at time t, while the sole
output is the predicted pressure field pt at time t.

Meanwhile, ML can also be employed to enhance the algorithms and models for
numerical solutions [96–98]. Calzolari et al. [99] integrated OpenFOAM with a data-
driven zero-equation model based on deep learning, showcasing improved robustness and
computational efficiency. In built environment simulations, this approach achieved a local
pressure prediction speed 30 times faster than the traditional RANS method. Additionally,
decoupling the Reynolds stress into linear and nonlinear components and predicting it
through the completeness basis derived from the mean flow tensor helps overcome the
ill-conditioning of the RANS equations [73]. Sousa et al. [100] developed an ML-based
pressure solver that addressed the computational bottleneck of solving the Poisson equation
via geometrically adaptive domain decomposition. Using an MLP-principal component
analysis network, they achieved a 30-fold acceleration in local pressure prediction with a
3% error rate. Furthermore, by employing an end-to-end deep learning framework, they
achieved 8–10 times spatial super-resolution in 2D turbulent flow simulations, accompanied
by an 80-fold acceleration in computation.

4.2.3. ML for Post-Processing Visualization

CFD simulations produce vast amounts of data, and post-processing visualization
plays a critical role in understanding and analyzing flow field results. Traditional post-
processing methods demand manual parameter and threshold setting, which is not only
inefficient but also highly reliant on user expertise. ML offers an automated and intelligent
approach to post-processing visualization, specifically enabling data dimensionality reduc-
tion, visualization generation, and the automatic identification of key flow field features
from CFD simulation results.

ML is capable of performing dimensionality reduction on large-scale flow field data.
By retaining the primary feature information, it effectively reduces data complexity, thereby
enhancing the efficiency and smoothness of the post-processing visualization process.
Typical application scenarios involve unsupervised learning models, such as autoencoders
(AE), which are able to map high-dimensional flow field data into a low-dimensional space
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while preserving key features [101]. Carlos et al. used high-fidelity flow field data, and
the recirculation area and boundary conditions were identified through the ML model
to identify the three-dimensional flow of the vortex at the junction. This method can
distinguish the similar characteristics of fluids without a clear physical definition [102].
ML can automatically adjust visualization parameters, including color mapping, contour
intervals, and vector graph density, according to the specific requirements of different users,
thus generating visualization images that better align with user expectations. In terms
of visualization generation, typical applications include the use of generative adversarial
networks (GANs) to produce high-quality visualization images based on input flow field
data [103]. Moreover, ML can be employed to automatically identify critical features in
the flow field, such as vortices and boundary layers [104,105]. Typical applications include
training with supervised learning models based on a large amount of labeled flow field
data to learn automatic recognition patterns of common flow field features in the built
environment, such as vortex areas, separation lines, and temperature areas [106]. Kashir
et al. used CNN to convert each unit of the computational domain of CFD into the smallest
possible measurement frame (Figure 8) to extract various features in the fluid flow. This
method is particularly suitable for large-scale computing simulations with a large number
of non-uniform grids [107].

Figure 8. Schematic of CNN structure proposed by Kashir et al. [107,108].

The advancement of ML technology facilitates researchers in analyzing and inter-
preting CFD simulation results from multiple perspectives and at different levels, thereby
offering stronger support for the optimization of building environment design.

5. ML Applied to Rapid Prediction of Built Environment
Combining ML with CFD to predict flow fields in the built environment offers a

promising avenue for increasing simulation speed while maintaining reasonable accuracy.
Through approximating complex physics-based CFD simulations, ML-assisted modeling
allows for rapid prediction of airflow patterns.

5.1. Building Environment Surrogate Model

In the field of built environment research, surrogate modeling has emerged as a
key technology to bridge the need for high-fidelity CFD simulations with the need for
rapid predictions [109]. Surrogate models play a vital role in the rapid prediction of
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various parameters such as thermal comfort and air quality indoors, and wind fields
and pollutants outdoors. Surrogate models utilizing ML algorithms learn patterns and
relationships between various parameters from large data sets generated by high-fidelity
CFD simulations or experiments [110]. Once trained, these surrogate models are able to
approximate the output of complex physical processes at significantly lower computational
cost (typically by several orders of magnitude) [111,112]. Surrogate models for the built
environment focus on these three types of approaches: reduced order model (ROM), direct
surrogate model (DSM), and ROM coupled with DSM.

ROM extracts the principal mode of the fluid dynamics equation through dimension-
ality reduction techniques, builds a low-dimensional model, and quickly predicts the flow
field characteristics under different building layouts [113,114]. The fundamental work of
POD in flow modal analysis dates back to Lumley 1970. After more than 50 years of theo-
retical refinement and engineering practice, the method has been expanded and applied to
a variety of flow scenarios [115]. Typical applications include indoor temperature, particle
concentration, and pressure [102,116–118]. Liang et al. [49] optimized the ventilation pa-
rameters and oxygen supply concentrations of plateau buildings calculated by CFD using
POD, which improved the thermal comfort of personnel in the indoor environment of
the plateau.

DSM is suitable for design space exploration and multi-objective optimization by
directly mapping input parameters with outputs through algorithms such as neural net-
works and random forests. Deep learning architectures (e.g., CNN, RNN) dominate the
surrogate model. Calzolari et al. [119] systematically illustrate the current state of the art of
research on surrogate models in the construction field using a deep learning framework. It
is pointed out that ANN can be used as an alternative solution to the traditional numerical
simulation process or as a performance optimization module to achieve a rapid prediction
of the building flow field while maintaining the prediction accuracy.

In the simulation of complex flow fields in the built environment, the single surrogate
model faces the problem of accuracy degradation in multi-dimensional input space or
insufficient computational gain due to insufficient dimensionality reduction. Therefore, the
coupled modeling paradigm of ROM and DSM builds a hybrid surrogate model system
with both physical mechanisms and statistical learning characteristics by synergistically
integrating the dual advantages of dimensionality reduction technology and data-driven
algorithms. The framework usually adopts a staged modeling strategy. Firstly, ROM is
used to decompose the high-dimensional flow field data into intrinsic modes and extract
the dominant spatiotemporal features. Subsequently, the DSM is employed to establish the
nonlinear mapping relationship between the input parameters and the low-dimensional
modal coefficients. Zhao et al. [25] used POD-ANN to predict indoor temperature by
CFD simulation of the indoor flow field in a real school building as a case study (Figure 9).
Under the premise of ensuring accuracy, this hierarchical decoupled modeling approach not
only significantly reduces the input dimension of the neural network but also significantly
improves the extrapolation ability of POD.
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(a)  

(b)  

Figure 9. POD-ANN predicts the indoor temperature field, modified from Zhao et al. [25]. (a) 3D
model of a real school building. (b) Comparison of POD-ANN and CFD indoor temperature distribu-
tion results.

5.2. CFD-ML Rapid Prediction

ML models are trained to learn the mapping between input parameters and the
resulting flow field characteristics of the building environment, including velocity vectors,
pressure distributions, and turbulence parameter [108,120]. The ML surrogate model
has been used in many studies in recent years to rapidly predict flow fields in indoor
and urban environments of buildings, as shown in Table 1. This section focuses on the
application of CFD-ML to realize rapid prediction of built environments from indoor and
urban environments, respectively.
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Table 1. Recent research on the application of ML surrogate models in the built environment. Urban
wind environment (UWE); Urban pollutants (UP); Indoor air quality (IAQ); Indoor environment (IE).

Authors Built
Environment Model Goal Results

Baitureyeva et al.
[47] UWE RF

Assessment of wind loads, pedestrian
comfort and pollution dispersion are
integrated into a framework to assess

the wind environment around the
building

The ML model shows high efficiency
on new data with 88–96% accuracy.

Wehrle et al. [121] UWE RF

ML framework is proposed for
generating spatially distributed mean

wind fields at a given height above
ground level in arbitrary urban

canopy geometries.

The application of the newly
developed morphological

parameters improved the prediction
accuracy by more than 34% on

average.

Lin et al. [122] UP BPNN
CFD-BPNN-based to study and

predict pollutant dispersion in ideal
urban environments.

The BPNN model effectively
captures the shading effect on the

leeward side of each building based
on velocity.

Wang et al. [123] IE CNN-LSTM
Building a CNN-LSTM model for fast

and accurate assessment of indoor
thermal comfort.

The established CNN-LSTM model
outperforms ANN, SVR, basic CNN

in predicting indoor thermal
comfort.

Tian et al. [124] IAQ SVM

Innovation in predicting IAQ
distribution inhomogeneity in mixed
ventilation from air temperature and

air velocity.

SVM outperforms BPNN and
GABPNN models in predicting air
temperature and velocity models

during pulsatile air supply.

Tian et al. [125] IE BPNN
Predicting energy utilization, thermal

comfort and indoor air quality in
stratified environments.

The BP neural network model can
predict indoor environmental
indicators with high precision.

Luo et al. [60] IE POD-RBF
Proposing a new POD-RBF model for

indoor non-uniform environment
simulation and prediction.

The training and implementation
phases enable full 3D indoor air

temperature and velocity
distribution prediction at fast

computational speeds.

5.2.1. Internal Flow Field of Building

In research on CFD coupled with ML to realize rapid prediction of indoor environ-
ments, different ML learning models demonstrate unique advantages and usage scenarios.
For example, Tian et al. [124] show that SVM can effectively predict the IAQ distribution
of mixed ventilation under dynamic air supply parameter inputs by virtue of its global
optimization property, which can avoid the overfitting problem that ANN is prone to, but
its performance is highly dependent on the linear characteristics of the data Whereas Tian
et al. [125] demonstrated that ANN can successfully predict multidimensional metrics such
as energy efficiency and thermal comfort in stratified environments through nonlinear
modeling capability, the purely data-driven ANN may lead to non-physical understanding
due to the lack of physical constraints. With the deepening of research, PINN is embedded
with physical conservation laws, such as the Navier–Stokes equations, as the loss function.
Wei et al. showed that only a few spatial measurements are needed to reconstruct the 2D
airflow field, which saves 42% of computation time compared with the traditional CFD and
significantly outperforms the ANN when the data are sparse [48]. Xu et al. [126] revealed
that the core watershed can be reconstructed even if the data sparsity is 1% or the core
watershed data are missing. Research showed that the velocity and pressure fields can
be accurately predicted even when the data sparsity reaches 1% or the core basin data
are missing.

Moreover, when facing multivariate boundary conditions or highly dynamic time-
series scenarios, the above models still face challenges. To this end, researchers have
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further introduced hybrid algorithmic architectures to expand the applicability boundaries
of the coupled CFD-ML technique by compressing the problem dimensions or fusing
the advantages of multiple networks. Wang et al. [123] developed a CNN-LSTM hybrid
model integrating CFD data for the first time, which was used to efficiently predict human
thermal comfort in indoor crowded environments (Figure 10). The model has high accuracy
and stability in predicting dynamic indicators such as air velocity and temperature. The
determination coefficient of the test set reaches 0.89, and it has good applicability to
scenarios with high requirements for indoor time series data processing. Luo et al. [60]
proposed that the POD-RBF model can quickly and accurately predict the indoor air
temperature and velocity field, with a short construction and calculation time, with a
small error, and is robust to low sampling volume, effectively reducing the burden of
computation, suitable for rapid simulation of complex boundary conditions. GA-BP neural
network with the help of genetic algorithms to optimize the initial weight of the BP network,
the BP network’s prediction of the indicators of insufficient accuracy has been improved.

 

Figure 10. CNN-LSTM coupling technology roadmap and results presentation, extracted from
Wang et al. [123]. Subfigure 1 shows the dataset creation flowchart. Subfigure 2 shows the model
building schematic of CNN-LSTM. Subfigure 3 shows the model evaluation. Subfigure 4 shows the
generalization performance flowchart of CNN-LSTM. Subfigures 5 shows a comparison with other
algorithms: (a) air flow rate, (b) air temperature, (c) PMV, and (d) DR.
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5.2.2. External Flow Field of Building

The external flow field has a profound impact on factors including wind-induced
pedestrian comfort, natural ventilation potential, and pollutant dispersion around the
building. In the field of pollution in built-up urban environments, the combination of CFD
and ML provides a powerful tool for responding to hazardous urban pollution events.

Kaloop et al. [127] compared and analyzed seven commonly used ML algorithms, such
as feed-forward neural networks, RF, and DNN, in the field of predicting wind pressure in
high-rise buildings and found that DNN performs optimally in predicting wind pressure
in high-rise buildings through its nonlinear mapping ability, and its error is controlled at a
low level in the training and testing stages. In addition, the strategy of directly utilizing
CFD grid node data avoids the information loss of traditional image feature extraction and
makes the prediction results more interpretable [47]. Wehrle et al. [122], the RF-based ML
framework is able to efficiently map the morphological parameters to the mean wind speed
by introducing 10 morphological parameters, revealing the key role of feature construction
on model performance. The SEC hybrid framework integrates semi-supervised learning,
extreme learning machine, and CFD simulation data, and alleviates the small-sample
dilemma by constructing the pseudo-labeled samples. and its strategy of introducing the
mean wind load as an auxiliary input cleverly reduces the nonlinear strength between
inputs and outputs [62]. Its strategy of introducing the mean wind load as an auxiliary input
subtly reduces the intensity of nonlinearity between the inputs and outputs. Remarkably,
the Physical Information Graph Neural Network (PIGNN) achieves accuracy comparable to
that of CFD on unstructured grids with 10–100 times computational speedup by embedding
the RANS equations directly into the network architecture [128]. This physical constraint
mechanism effectively solves the generalizability problem of purely data-driven models.
The two-stage GNN framework, on the other hand, innovatively combines the steady-state
RANS with the graph neural network to accelerate the convergence by utilizing the initial
solution of coarse grid CFD, and achieves a computational efficiency 280 times higher than
that of the traditional LES while maintaining the accuracy (Figure 11) [41].

As a surrogate model that can rapidly and accurately predict atmospheric pollution
and dispersion, it needs to be both fast and physically plausible [129]. In order to achieve a
fast and reliable assessment of air pollution exposure in urban areas, spatial constraints
on topographic airflow and modeling the effects of analyzed obstacles are needed to
estimate pollutant distributions [130,131]. The data-driven BPNN model is based on CFD
data of multiple operating conditions to effectively capture the localization of pollutants
on the leeward side of a building, which provides a microscopic scientific basis for the
precise formulation of pollution control regulations. Huang et al. [132] established a spatial
distribution dataset of pollutants through vehicle-mounted mobile monitoring experiments
and used DL techniques to derive several urban morphology indicators from street view
images. Despite the instability of the mobile monitoring data, the neural network was
found to have the highest performance in predicting pollutant dispersion levels.

In summary, ML not only breaks through the limitations of traditional CFD methods
in terms of computational cost and feature extraction, but also constructs a surrogate model
system with both speed advantage and physical rationality through the deep integration of
data-driven and physical mechanisms.
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Figure 11. GNN framework combined with graph neural networks, modified from Zhao et al. [41].
Numbers in the Building complex indicate measurement points.

5.2.3. Calculation Time Advantages of CFD-ML

Numerous studies have shown that by training ML models on the data generated by CFD,
accurate and physically consistent results can be quickly produced, thereby addressing the limi-
tations of CFD methods in terms of long computing time [102,104–107,109–119,133]. In the sim-
ulation of building environment fluids, compared with the traditional CFD method, the CFD-
ML strategy can achieve a reduction of orders of magnitude in computing time [108,121–123].
Zhao et al. [42] used POD coupled with ANN to predict indoor temperature. The research
shows that POD-ANN can simultaneously take advantage of the strengths of both algorithms,
reducing the computing time by 63% compared to traditional CFD simulation. Baitureyeva
et al. [47] spent 1.5 months training the RF model using the RANS model to generate a CFD
dataset of 300 urban wind environment cases. Under the same computing equipment, the
training phase of the ML model was completed in just 30.4 s. Lin et al. [122,134] used the
results of a verified turbulence model as the input of the BPNN model to study the diffusion
characteristics of urban pollutants. After the model training was completed, the concentration
distribution of NO could be collected in just a few seconds. Tian et al. [124] used 40 cases with
different supply air parameters as the dataset of the BPNN model. The research shows that
BPNN can almost instantly predict indoor thermal comfort while ensuring high data accuracy.
This efficiency advantage enables CFD-ML to demonstrate irreplaceable application value in
scenarios such as optimizing the thermal comfort of building occupants and real-time flow
field regulation.
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5.3. Rapid Control and Optimization

Rapid control and optimization are the ultimate goals of the implementation of CFD-
ML technology. In the field of the built environment, achieving rapid control and optimiza-
tion is of crucial significance for enhancing building energy efficiency, improving indoor
comfort, and strengthening the coordination between buildings and the environment. The
CFD-ML model provides strong support for the rapid prediction and optimization of
the built environment, enabling accurate decisions to be made in a timely manner in the
complex and dynamic built environment.

In the rapid feedback control system, the ML-based proxy model can predict the
impact of control actions on the variables of the building environment] [135]. Advanced
control strategies are an important component of intelligent buildings. For model-based
control algorithms, the accuracy of the model is directly related to the good performance
of the intelligent building control and automation system [136,137]. Especially when it
comes to model predictive control involving the combination of heating, ventilation, and
air conditioning systems within buildings, a high-precision model is needed to reliably
predict the responses of buildings under different environmental and operating conditions.
In terms of control decisions, the model-free Q learning strategy in reinforcement learning
can make optimal control decisions for HVAC and window systems based on the outdoor
and indoor environments to reduce energy consumption and thermal discomfort [138].
Fang et al. [139] constructed an ANN-based fast temperature assessment model to establish
the mapping relationship between flow patterns and model parameters through system
thermophysical analysis, replacing the parameter identification process of CFD, providing
a low-cost modeling solution for the design of real-time thermal control systems in data
centers. It provides a low-cost modeling solution for the design of real-time thermal control
systems in data centers.

PINN can quickly reconstruct the wind flow field from real-time data or CFD simula-
tion data, but this method is only effective in the short term. Zhang et al. [140] examined
the short-term forecasting of the wind flow field using trained PINN. The experiment uses
the time series data from 0 to 100 s as the training samples, and their study shows that the
prediction accuracy of the model decreases significantly after the 115 s threshold, which
is manifested by the obvious deviation of the prediction results from the real data. There-
fore, Chang et al. [134] adopt a migration learning strategy for online deployment of the
trained PINN, a framework that ensures the feasibility of online system deployment while
significantly reducing the training period required for model iteration. PINN combined
with migration learning is able to reconstruct the evolution of the flow field over a longer
period of time, as shown in Figure 12. This results in a new paradigm for wind flow field
reconstruction with dynamic response characteristics. In engineering applications in online
environments, due to the limitation that traditional network architectures are difficult to
complete sufficient training within the physical flow evolution cycle, the migration learning
technique shows unique application advantages. Through the mechanism of combining
knowledge migration and incremental learning, the method effectively breaks through the
technical bottleneck of PINN in long-term time series prediction.
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Figure 12. Comparison of wind farms with and without PINN combined with migration learning,
extracted from Chang et al. [134].

6. Opportunities and Challenges
In the building environment domain, CFD rapid prediction technology leveraging

ML-based surrogate models has exhibited considerable potential. Nevertheless, for ML
surrogate models to be broadly and reliably integrated into engineering practice, several
critical challenges must still be overcome. These challenges span data availability, multi-
physics coupling, and generalization capacity, each of which imposes constraints on model
performance, applicability, and scalability (Figure 13).

 

Figure 13. Challenges and opportunities for rapid ML-based CFD prediction.

One of the primary challenges is acquiring high-quality, diverse, and physically
representative datasets. Generating training datasets through high-fidelity CFD simulations
incurs substantial computational costs, particularly for transient or turbulent flows in
complex urban geometries. Most datasets inadequately cover the extensive parameter space
encountered in real-world scenarios, which diminishes the model’s representativeness.
Moreover, rapid CFD predictions necessitate dynamic updates of boundary conditions, yet
existing datasets are predominantly static and struggle to capture temporal correlations.
For example, in urban wind field prediction, models must capture time-varying turbulent
features, while traditional data-driven methods are prone to inaccuracies due to mismatches
in time steps.

The prediction of multi-physics field coupling using data-driven surrogate models
remains a challenging research topic, as most ML models are trained on single physical
fields or decoupled datasets. In real-world building environments, airflows are typi-
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cally influenced by complex interactions, including thermal effects, radiation, humidity,
buoyancy-driven convection, pollutant diffusion, and human activities. Furthermore,
transient simulations involving unstable flow behaviors add to the complexity of sur-
rogate modeling, since maintaining temporal consistency and causal dependencies is
essential [74]. While RNN and temporal convolutional networks (TCNs) provide promis-
ing initial solutions, their stability, interpretability, and scalability remain constrained in
large-scale, high-resolution CFD applications.

When utilizing ML-based surrogate models for CFD predictions in arbitrary building
environments, the generalization capability represents a critical bottleneck during deploy-
ment. While many models demonstrate high accuracy within the distribution of training
data, they struggle to extrapolate effectively when faced with unseen geometries or bound-
ary conditions. This limitation arises partly because data-driven models are inherently
inductive and lack explicit physical constraints derived from governing equations such as
the Navier–Stokes equations.

Currently, active learning, physics-informed data augmentation techniques, and grid-
driven interpolation strategies present key approaches to reduce the computational cost of
generating high-fidelity CFD data while expanding data coverage. In handling complex
coupled systems, hybrid ML models offer a scalable solution. For example, the PINN-
XGBoost hybrid model exploits the physics-aware capabilities of PINN to compensate for
the physical agnosticism of traditional ML models, while leveraging the ensemble learning
strengths of XGBoost to manage high-dimensional nonlinear boundary conditions [141].
By incorporating physical information-based loss functions to constrain model outputs
and adopting a cross-domain transfer learning framework, the model’s adaptability across
different domains can be significantly enhanced. The development of lightweight surrogate
models holds promise for enabling real-time digital twins in building operations, providing
rapid feedback for energy optimization, ventilation control, and emergency response. This
equips decision-makers with timely and accurate information, thereby improving building
operational efficiency and safety while reducing operational costs.

7. Conclusions
This review aims to provide a systematic overview of recent advances in ML surrogate

models for accelerating CFD simulations for rapid prediction in the built environment. The
review emphasizes that ML-based surrogate models, especially neural network architec-
tures and reduced-order models, show significant potential in reducing CFD computation
time. This makes them attractive for iterative design and rapid decision-making processes
in complex architectural and urban environments. A key discovery is the increasing re-
search adoption of hybrid CFD-ML frameworks, where ML accelerates key phases of the
CFD workflow. For indoor and outdoor flow field prediction, surrogate models utilizing
deep learning architectures have achieved significant success in approximating complex
flow behaviors under different built environment configurations. The core value of CFD-
ML techniques is to enable a closed loop for rapid control and optimization of the built
environment. Among them, migration learning and reinforcement learning are considered
to be helpful in realizing a rapid feedback system for the built environment, and further
research is recommended.

However, the trade-off between prediction speed and accuracy remains a critical issue,
especially for scenarios requiring high-fidelity results. It must be recognized that ML
surrogate models are not intended to replace traditional CFD but to complement it by
enabling rapid prototyping and exploratory analysis. Notably, ML-based proxy models
will become an indispensable tool in the next generation of sustainable and intelligent
building systems.
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In summary, ML-accelerated CFD predictions are evolving towards more accurate,
scalable, and interpretable modeling frameworks. These developments are expected to
significantly enhance early-stage and detailed design workflows for the built environment,
facilitating rapid feedback, data-driven control strategies, optimization of ventilation,
energy efficiency, and occupant comfort. As the field evolves, interdisciplinary collaboration
between ML researchers, CFD specialists, and built environment practitioners will be critical
in translating theoretical advances into practical tools for sustainable design.
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ANN Artificial Neural Network
CFD Computational Fluid Dynamics
CNN Convolutional Neural Networks
DNS Direct Numerical Simulation
GAN Generative Adversarial networks
LES Large Eddy Simulation
LSTM Long Short-Term Memory
ML Machine Learning
MLP Multi-Layer Perceptron
PCA Principal Component Analysis
PINN Physical information neural network
POD Proper orthogonal decomposition
RANS Reynolds Average Navier–Stokes
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