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ABSTRACT

Despite the substantial advancements made over the past 50 years in solving flow problems using numerical discretization of the Navier—
Stokes (NS) equations, seamlessly integrating noisy data into existing algorithms remains a challenge. In addition, mesh generation is
intricate, and addressing high-dimensional problems governed by parameterized NS equations is difficult. The resolution of inverse flow
problems is notably resource-intensive, often necessitating complex formulations and the development of new computational codes. To
address these challenges, a physics-informed neural network (PINN) has been proposed to seamlessly integrate data and mathematical mod-
els. This innovative approach has emerged as a multi-task learning framework, where a neural network is tasked with fitting observational
data while reducing the residuals of partial differential equations (PDEs). This study offers a comprehensive review of the literature on the
application of PINNS in solving two-dimensional and three-dimensional NS equations in structural wind engineering. While PINN has dem-
onstrated efficacy in many applications, significant potential remains for further advancements in solving NS equations in structural wind
engineering. This work discusses important areas requiring improvement, such as addressing theoretical limitations, refining implementation
processes, and improving data integration strategies. These improvements are essential for the continued success and evolution of PINN in
computational fluid dynamics.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0244094

I. INTRODUCTION

In the past 50 years, significant advancements have been made in
computational fluid dynamics (CFD) for numerically solving the
incompressible and compressible Navier-Stokes (NS) equations in
structural wind engineering. This progress is largely attributed to the
adoption of many numerical methodologies such as finite elements,
spectral, and meshless methods (Brooks and Hughes, 1982
Karniadakis and Sherwin, 2005; Katz, 2009). However, seamlessly inte-
grating (multi-fidelity) data into existing algorithms for practical appli-
cations continues to pose significant challenges. Additionally, mesh
generation for industrial-complexity problems is time-consuming.

OpenFOAM (Jasak et al., 2007) consist of over 100,000 lines of code,
making maintenance and updates challenging across generations.

To address these challenges, deep neural networks (DNN) can be
considered for solving the NS equations in structural wind engineering,
which have gained increasing popularity and demonstrated success in
fields such as computer vision and natural language processing.
Furthermore, DNN is being progressively employed to address tradi-
tional applied mathematics issues like partial differential equations
(PDEs) through application of machine learning (ML) and artificial
intelligence techniques. Some PDEs present significant challenges for
conventional numerical methods due to substantial nonlinearities and
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Furthermore, solving inverse problems, such as determining unknown
boundary conditions or conductivities, frequently incurs high costs
due to the necessity for unique formulations and the development of
new computational codes. Finally, computer programs like

convection dominance. Deep learning with its capability as a universal
approximation and its high expressiveness has recently emerged as a
new paradigm in scientific computing. Recent research has demon-
strated the potential of deep learning in constructing meta-models for
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rapid predictions of dynamic systems, and neural networks have
proven effective in capturing the underlying nonlinear input-output
relationships in complex systems. However, addressing such high-
dimensional complex systems remains the subject to the curse of
dimensionality, as initially described by Bellman (1966) in the context
of optimal control problems. ML-based algorithms offer promising
prospects for solving PDEs (Blechschmidt and Ernst, 2021). Pioneer
work utilized relatively simple neural network models such as the
multi-layer perceptron with few hidden layers to solve differential
equations (Lagaris ef al, 1998). Contemporary studies utilize
sophisticated neural network techniques, incorporating optimiza-
tion frameworks and auto-differentiation capabilities, as evidenced
by the unified DNN approach proposed by Berg and Nystrom
(2018) for estimating PDE solutions. Blechschmidt and Ernst
(2021) anticipate that ML-based approaches for solving PDEs will
remain a significant area of study in the coming years, particularly
as deep learning continues to advance in methodological, theoreti-
cal, and algorithmic developments.

While deep learning provides powerful modeling capabilities
in data-rich fields like vision, language, and speech, the develop-
ment of interpretable and generalizable models remains challeng-
ing, particularly for domains with limited data such as complex
physical systems (Vinuesa and Sirmacek, 2021; Rudin, 2019).
Purely data-driven approaches based on deep learning require
extensive datasets for training, which may not be available for
many scientific problems. Moreover, these models often neglect
physical constraints, resulting in models that might align well with
observational data but fail to adhere to the fundamental physical
laws. Therefore, integrating governing physical laws and domain
knowledge into training process may lead to more accurate and
robust models. Such domain knowledge can act as an informative
prior, enhancing the model’s understanding of the physical or
mathematical frameworks of the system besides the observational
data. Accordingly, the physics-informed neural network (PINN)
was innovatively introduced by Raissi ef al. (2017a, 2017b), which
uses automatic differentiation to represent differential operators,
hence eliminating the need for a mesh generation. This methodol-
ogy allows for the direct incorporation of constraints such as the
NS equations into the neural network’s loss function, enabling the
model to penalize deviations from desired values while appropri-
ately weighting any available data. This approach has been applied
to various flow problems, including incompressible flows (Jin
et al., 2021; Raissi et al., 2020), compressible flows (Mao et al,
2020), and biomedical flows (Yin ef al., 2021).

Notably, PINNs are not intended to replace existing CFD codes
for numerically solving the incompressible and compressible NS equa-
tions. The current generation of PINNs does not match the precision
or efficacy of high-order CFD codes in solving standard forward
problems due to the high-dimensional non-convex nature of the loss
function (Karniadakis and Sherwin, 2005). However, PINNs present a
better performance compared to traditional CFD solver when analyz-
ing problems with scattered partial spatiotemporal data. Therefore,
comprehensively investigating the potential application of PINNs in
structural wind engineering is particularly important. This paper aims
to comprehensively review the PINN framework in detail and discuss
its application to the incompressible NS equation in structural wind
engineering.

REVIEW pubs.aip.org/aip/pof

Il. DEVELOPMENT OF PHYSICS-INFORMED NEURAL
NETWORKS

PINNS are a type of scientific ML method used for addressing
problems related to PDEs. PINNs approximate solutions to PDEs
through training neural networks to minimize a loss function that
incorporates terms representing both the initial and boundary condi-
tions along the boundary of the space-time domain, as well as the
PDE residual at specified collocation points within the domain
(referred to as collocation points). PINNs are deep learning networks
that yield an estimated solution at a given input point within the inte-
gration domain after training. A key innovation of PINNs is the incor-
poration of the governing physics equations and neural networks,
transforming PDE solutions from direct solving to an optimization
problem where the loss function serves as a penalizing factor, thus con-
fining the range of acceptable solutions.

The incorporation of prior knowledge into ML algorithms is not
an entirely novel concept. The work by Dissanayake and Phan-Thien
in 1994 is often cited as an early precursor to PINNs. Their study built
upon the universal approximation achievements in the late 1980s
(Hornik ef al., 1989), and in the early 90 s, various methodologies were
proposed to utilize neural networks for approximating PDEs, such as
the research on constrained neural networks by Lagaris ef al. (1998),
Lee and Kang (1990), and Psichogios and Ungar (1992). Specifically,
Dissanayake and Phan-Thien (1994) employed a simple neural net-
work to approximate a PDE solution, where the output of the network
aimed to approximate the solution value at a specified input position.
The network incorporated two hidden layers, each containing 3, 5, or
10 nodes. The loss was evaluated using a quasi-Newtonian approach,
with the gradient calculations performed via finite difference methods.
In a subsequent refinement, Lagaris ef al. (1998) proposed the solution
of a differential equation as a constant term and an adjustable term
designed by unknown parameters, optimized through neural network
training. However, this method was initially restricted to problems
defined within regular borders, which was later expanded by Lagaris
et al. (2000) to address problems with irregular borders. PINNs shift
the focus from reliance solely on extensive data sets to incorporating
the physics of the problem, thereby enhancing the solution’s accuracy
by integrating structured prior knowledge about the system’s behavior.
This concept was further explored by Owhadi (2015), who demon-
strated the significant potential of leveraging structured prior knowl-
edge in computational approaches. Building on this foundation, Raissi
et al. (2017¢) utilized Gaussian process regression to develop a repre-
sentation of the linear operator that could accurately infer solutions
and provide uncertainty estimates for a diverse range of physical prob-
lems. This work was subsequently expanded upon in Raissi and
Karniadakis (2018a) and Raissi ef al. (2018b). In 2017, PINNs were
introduced as a novel category of data-driven solvers in a two-part arti-
cle (Raissi ef al, 2017a, 2017b), with further consolidation in 2019
(Raissi ef al., 2019b). In this latter work, the authors demonstrated the
application of PINNs in solving nonlinear PDEs such as the
Schrodinger, Burgers, and Allen-Cahn equations. The development of
these PINN’s has enabled not only the estimation of solutions to for-
ward problems by directly governing mathematical models, but also
the resolution of inverse problems by learning model parameters from
observable data. This pioneering work has significantly advanced the
field of physics-informed ML for solving complex physical problems
through an integrated scientific computing framework.
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As computational capabilities expanded in the 2000s, the feasibil-
ity of deploying more sophisticated models featuring an increasing
number of parameters and layers became more general (Ozbay ef al,
2021). Various deep models utilizing the Multilayer Perceptron and
Radial Basis Functions were introduced (Kumar and Yadav, 2011).
The interest in using neural networks for solving PDEs surged in the
late 2010s, fueled by advances in hardware capabilities, enhanced train-
ing practices, and the advent of open-source software like TensorFlow
(Haghighat and Juanes, 2021), which included automatic differentia-
tion features (Paszke ef al, 2017). Recent advancements by Kondor
and Trivedi (2018) and Mallat (2016) were further evolved by Raissi
et al. (2019), who not only extended previous approaches but also
introduced novel methods, including a discrete time-stepping scheme
that effectively leverages the predictive capacity of neural networks
(Kollmannsberger et al., 2021).

The significant impact of PINNSs is underscored by the high cita-
tion rate of key publications such as Raissi ef al. (2019b) and the
observed exponential growth in citations over recent years.
Nonetheless, PINN represent just one of several neural net frameworks
developed for solving PDEs. Among these, the Deep Ritz method (E
and Yu, 2018) defines the loss function as the energy of the solution to
the problem. Other approaches utilize the Galerkin method or Petrov-
Galerkin method, wherein the loss is determined by multiplying the
residual with a test function. The deep Galerkin method is employed
when dealing with volumetric residuals (Sirignano and Spiliopoulos,
2018). Further variations include hp-VPINN (Kharazmi ef al., 2021),
which applies a Galerkin approach at collocation points, and conserva-
tive PINN (CPINN), which preserves certain conservation properties
within the solution domain (Jagtap ef al., 2020b). Another approach is
physics-constrained neural networks (PCNNs) (Liu and Wang, 2021;
Sun et al., 2020a; Zhu et al., 2019). While PINNs include both the PDE
and its initial/boundary conditions in the training loss function,
PCNNeSs are “data-free” neural networks, which do not require data for
enforcing initial/boundary conditions like PINNs, instead using a cus-
tomized neural network architecture that embeds these constraints
directly within the network’s structure. This soft form technique is
detailed in Raissi ef al. (2019b), where the term “PINN” was intro-
duced. Despite the diversity of approaches, this review will primarily
focus on PINNSs due to their broader documentation and foundational
status within this family of neural network methodologies.

Various review papers have been published, including review
papers by Karniadakis ef al. (2021), explores the potentials, limitations,
and diverse applications of PINNs for both forward and inverse prob-
lems. Specific studies, such as those by Cai et al. (2021), have examined
PINN s for incompressible three-dimensional (3D) flows, while others
have performed comparative analyses with other ML techniques
(Blechschmidt and Ernst 2021). PINN has also been compared against
other methods for solving PDEs, such as the one based on the
Feynman-Kac theorem (Blechschmidt and Ernst, 2021). Furthermore,
PINNSs have been extended to solve integrodifferential equations (Pang
et al., 2019) and stochastic differential equations (Yang et al., 2020;
Zhang et al., 2019). The advantages of PINNs are as follows: they are
mesh-free, enable on-demand computation of solutions after training,
and allow solutions to be made differentiable using analytical gra-
dients. Moreover, PINNs provide a straightforward approach to jointly
solving forward and inverse problems through a single optimization
framework. PINNs have further been adapted to solve inverse

pubs.aip.org/aip/pof

problems, such as characterizing fluid flows from sensor data with
minimal modification to the forward problem-solving code. In the
context of inverse design, PDEs can be enforced as hard constraints
(Lu et al., 2021). In conclusion, PINNs not only provide a framework
to address PDEs in complex geometries or high dimensions, but also
solve inverse and constrained optimization problems that are challeng-
ing to numerically simulate.

I1l. THE APPLICATION OF PINN IN THE STRUCTURAL
WIND ENGINEERING
A. PINN for solving Navier-stokes equation

In structural wind engineering, the widely employed equation is
the NS equation, which utilizes tensor notation and the Einstein sum-
mation convention, given by

8ui _
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where x is the spatial coordinate; ¢ is the time; p represents the fluid
density; v denotes the kinematic viscosity of the fluid; f; is the body
force per unit mass acting on the fluid; p;(x, 0) denotes the initial pres-
sure field of the fluid at time t = 0; P(%0) indicates the pressure at the
boundary; and u;(x, t) is the solution of the PDE with the initial condi-
tion u;(x, 0) and boundary condition u;]s.

To significantly reduce computational time compared to directly
solving all turbulent fluctuations, the Reynolds-Averaged Navier—
Stokes (RANS) equations were developed to model the average behav-
ior of turbulence flows as follows:
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For the 2D incompressible NS equations, the location and speed of
every fluid particle was x; = {x, y}, u; = {u, v}, while x; = {x,y, 2}
and u; = {u, v, w} was given for the 3D incompressible flow.

In the context of the vanilla PINNs (Raissi ef al., 2019b), a fully
connected feed-forward neural network with multiple hidden layers is
used to approximate the solution of the PDE # by taking the space and
time coordinates (x,t) as inputs. Let the hidden variable of the kth
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hidden layer be denoted by Z¥, then the neural network can be
expressed as

Z° = (x,1), (11)
ZF=c(WFZF1 4 bF), 1<k<K-1, (12)
Zk = wkzk-1 4 bk k=K, (13)

where K is the total layers of this neural network and the output of the
last layer is utilized to approximate the true solution, namely i = Z.
WF and b* denote the weight matrix and bias vector of the kth layer;
o(--+) is a nonlinear activation function. All the trainable model
parameters, i.e., weights and biases, are denoted by ¢} in this paper.

In PINNS, solving a PDE system is transformed into an optimiza-
tion problem by iteratively updating ¥ with the objective of minimiz-
ing the loss function Lo,

Lo = wiLppg + WaLdata + w3Lic + walpc, (14)

where w;(i = 1,2, 3, 4) are the weighting coefficients for different loss
terms. The first term Lppg penalizes the residual of the governing equa-
tions. The other terms are imposed to satisfy the model predictions for
the measurements Lgu,, the initial condition Ljc, and the boundary
condition Lgc, respectively. Typically, the mean square error, com-
puted using the L2-norm of the sampling points, is utilized to calculate
the losses in Eq. (14). The sampling points are represented as a data set
{xi, t,'}?i 1> where the number of points (N) for different loss terms can
vary. Generally, the Adam optimizer (Kingma and Ba, 2014), an adap-
tive algorithm for gradient-based first-order optimization, was used to
optimize the model parameters . The detailed process of PINN is
given in Fig. 1.

To construct the PDE loss in Eq. (14), a key procedure involves
computing partial derivatives using automatic differentiation (AD).
AD leverages the chain rule to calculate derivatives of the outputs with
respect to the network inputs directly in the computational graph. This
approach allows for explicit expression of partial derivatives, avoiding

REVIEW pubs.aip.org/aip/pof

the introduction of discretization and truncation errors seen in con-
ventional numerical methods. However, parameterizing the PDE and
its derivatives with neural networks in PINNs may lead to generaliza-
tion errors and optimization errors based on the training data and the
optimizer, respectively (Shin et al, 2020). Currently, AD has been inte-
grated into various deep learning frameworks (Abadi et al, 2016;
Paszke et al., 2019), facilitating the development of PINNs.

B. Case study for incompressible flows using PINN

The aerodynamic analysis of supertall buildings and large-span
bridges, with their varied external surfaces and surrounding complex
wind fields, has always been a challenging area of research (Cai ef al,
2023; Wang et al., 2025). Historically, simplifications were made by
reducing 3D flow field problems to two-dimensional cross sections.
With the evolution of computational methods, there is an innovative
application of PINN to obtain the flow field distribution of two-
dimensional cross sections. This method offers a precise representation
of complex flow field, and a better understanding of the structural
response characteristics in wind fields. Raissi ef al. (2017b) employed
PINN to analyze the incompressible flow and dynamic vortex shed-
ding around a circular cylinder at Reynolds number Re =100. The
focus of Raissi ef al. (2019a) is to predict the lift and drag forces on a
structure using some limited and scattered information on the velocity
field. This challenging inverse problem is addressed using DNN
extended to encode the incompressible NS equations coupled with the
structure’s dynamic motion equation. The proposed algorithm is
applicable to non-Newtonian, compressible, or partially known flows,
allowing inference of unknown parameters such as Reynolds and
Péclet numbers, in addition to velocity and pressure fields. Their work
was further extended in Raissi ef al. (2019b), where PINN were applied
to the prototype problem of incompressible flow past a circular cylin-
der, demonstrating the model’s ability to capture the periodic steady-
state behavior and asymmetrical vortex shedding patterns, known as
the Karman vortex street.
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FIG. 1. Schematic of the PINN.
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Zhang et al. (2020) introduced a frequency-compensated PINN
framework capable of constructing a highly accurate surrogate for pre-
dicting the 2D incompressible fluid flow past a cylinder. This model
employs a subnetwork that learns the Fourier components as functions
of inlet velocity and cylinder size, enhancing the system’s ability to
generalize across different spatial and temporal domains, even for
novel geometrical configurations. Furthermore, advancements were
reported by Cheng and Zhang (2021), who proposed integrating
PINN with Resnet blocks to solve dynamic vortex shedding and
vortex-induced vibrations around a circular cylinder at high Reynolds
numbers. In contrast to traditional data-driven neural networks, they
embedded the RANS equations with an additional turbulent eddy vis-
cosity into the loss function. Training and validation data were
obtained using CFD techniques. The performance of PINN in solving
vortex-induced vibration of cylinders and wake-induced vibration of a
cylinder behind another cylinder was validated through three scenar-
ios. In a related development, Eivazi ef al. (2022) employed PINNSs to
solve the RANS equations for incompressible turbulent flows by taking
only the data on the domain boundaries for the simulation of four tur-
bulent flow cases, i.e., zero-pressure-gradient boundary layer, adverse-
pressure-gradient boundary layer, and turbulent flows over a
NACA4412 airfoil and the periodic hill. Analysis results show the
remarkable accuracy with predictions of PINNs for laminar flows
showing less than 1% error in cases involving strong pressure gra-
dients. Most recently, Yan et al. (2023) used PINN to investigate the
2D incompressible fluid flow across a generic bridge deck section at
varying Reynolds numbers. The network successfully extracted velocity
and pressure fields from the concentration field and accurately pre-
dicted drag and lift coefficients, showcasing results comparable to
those obtained via CFD.

Notably, simple two-dimensional sectional flow field studies can-
not always accurately represent 3D flow field around supertall build-
ings or large-span bridges. This indicates the importance of directly
solving for the 3D flow field to comprehensively understand the char-
acteristics and evolution of such flow field. The complexity of neural
networks based on PINN for solving the 3D NS equations presents
both challenges and opportunities for advancement in this field.
Research in this area is currently in its preliminary stage. A notable
advance was made by Raissi ef al. (2018c), who used PINN to infer
hidden quantities of interest such as velocity and pressure fields merely
from spatiotemporal visualizations of a passive scaler (e.g., dye or
smoke). Their algorithm successfully predicted the pressure and veloc-
ity fields in both 2D and 3D flows past the circular cylinder for several
benchmark problems relevant to real-world applications. Furthermore,
exploration by Jin ef al. (2021) led to the development of the velocity-
pressure (VP) and the vorticity-velocity (VV) forms of the governing
equations based on PINNSs to solve the incompressible 3D NS equa-
tion. Their findings indicated that the VV form method yielded higher
solution accuracy compared to the VP form when applied to flow
around a cylinder at a Reynolds number of 100. Rui ef al. (2023)
reconstructed a 3D wind field around a building model in wind tunnel
by proposing a novel PINN framework. This framework introduced a
dynamic prioritization self-adaptive loss balance strategy, which adap-
tively reconciles the loss terms during PINN training to optimize
multi-objective optimization, thereby facilitating convergence.
Meanwhile, the zero-equation turbulence model and the wind velocity
data near wall were embedded in PINN. The result demonstrated that

pubs.aip.org/aip/pof

novel PINN framework could be a powerful mean for wind field simu-
lation and reconstruction in wind engineering applications. Currently,
the application of PINN to real-world 3D flow field problems remains
largely developmental. A primary challenge is often insufficient data
available in real-world flow fields. To address this, a derivative method
based on PINN has been proposed. This method enables the recon-
struction of complex 3D flow fields using a limited number of data
samples, thus broadening the potential applications of PINNs in
practical.

C. The notable derivation of PINN: Knowledge-
enhanced deep learning

As mentioned earlier, expertise in the domain can be utilized to
enhance the performance of ML models in wind engineering applica-
tions. A good understanding of fundamental physics and other rele-
vant types of domain knowledge specific to each subfield of wind
engineering would facilitate a more efficient utilization of ML tools.
The integration of such knowledge is crucial for improving the accu-
racy and reliability of predictions in structural wind engineering, espe-
cially when dealing with complex phenomena like typhoons,
tornadoes, and thunderstorm (Wang ef al, 2022, 2023; Cai et al,
2021a, 2021b, 2022). It is noted that the fundamental physics in terms
of governing equations is a special type of domain knowledge, and
recent studies have demonstrated that incorporating the underlying
physics into training process can significantly reduce the need for
labeled datasets, enhancing the regularization mechanism (e.g., Raissi
et al, 2017a; 2017b). Additionally, other equation-based domain
knowledge such as empirical/semi-empirical formulas was also
regarded as part of the loss function in deep learning to provide
machine-readable prior knowledge for the effective regularization of
neural networks in simulating tropical cyclone winds (Snaiki and Wu,
2019, 2022). In this reference, the simulation of tropical cyclone
boundary-layer wind requires both the spatial coordinates and stan-
dard storm parameters (denote by & = (Ap;rm;c;0o; @;20)) as
inputs, shown in Fig. 2. Different from the traditional PINN, an addi-
tional term L, that denotes the loss in terms of the empirical/semi-
empirical formulas was embedded into the PINN framework. The cen-
tral pressure difference Ap, radius of maximum winds r,,, translational
speed ¢, approach angle 0, and hurricane center location ¢ can be
readily obtained from the National Hurricane Center, and the surface
roughness z; can be obtained using the available database on Land
Use/Land Cover. This knowledge-enhanced deep learning (KEDL)
approach provided the 3D boundary-layer wind field with high com-
putational efficiency and accuracy. Furthermore, Zhang ef al. (2023)
adopted an KEDL-based approach to reconstruct the tornado vortices
from limited observed data, where the simplified tornado governing
equations was embedded in a DNN as the prior physical information.
This approach was validated by the reconstruction of different numeri-
cal tornado vortices generated by large eddy simulation and then
applied to reconstruct a real tornado vortex.

This recent success of this novel KEDL approach underscores its
potential to substantially advance ML applications in wind engineer-
ing. To fully realize the promise of KEDL, systematic research efforts
are needed to efficiently identify knowledge representations (such as
physics equations, empirical formulas, probabilistic relations, logic
rules, and others) in structural wind engineering. Following this, it is
crucial to integrate these elements into each component of the ML
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FIG. 2. Schematic of a knowledge-enhanced deep learning.

framework. While domain knowledge could be employed to enhance
purely data-driven ML tools, it is expected that learning machines
could be utilized for harnessing data to discover new knowledge in
wind engineering (e.g., governing laws characterizing transport of tur-
bulence quantities or optimization of wind-structure system).
Ultimately, the synergy between domain knowledge and machine
learning will pave the way for innovative solutions to complex chal-
lenges in wind engineering, enhancing the resilience and performance
of structures in wind-prone environments.

IV. PINN FUTURE DIRECTIONS

The next step for advancing the theoretical or practical frame-
work of PINN is not yet clearly defined. While recent literatures have
improved PINN capabilities, several unresolved issues remain unad-
dressed. These include practical applications to real-world situations
and theoretical concerns related to convergence and stability, and
implementation challenges such as managing boundary conditions,
designing neural network, and refining optimization strategies.
Although PINNs and other deep learning methods that incorporate
physics priors demonstrate promise in effectively solving high-
dimensional PDEs, they often fall short of accurately approximating
solutions to PDEs when compared to traditional numerical methods.
This is particularly evident in cases involving complex physical phe-
nomena that display multi-scale, chaotic, or turbulent characteristics.

A. A aspect of overcoming theoretical drawback in
PINN

A PINN consists of three main components: a neural network for
approximation, a module to refine this approximation, and a module
for minimizing the losses. The neural network architecture determines
its ability to approximate a function, and the error we make in approx-
imating is called approximation error. The approach to iteratively
improving the approximator is influenced by how the loss is defined
and the quantity of data points considered. The quality of iterations in

minimizing the losses depends on the optimization process, leading to
the optimization error. These elements catalyze a multitude of research
questions concerning the future of PINNs, particularly regarding their
convergence to the correct solutions of a differential equations. To
achieve convergence and stability, approximation errors must asymp-
totically approach zero, a process significantly influenced by the net-
work’s topology. The output of the current research on the topology of
PINNS is extremely limited. For instance, Mo ef al. (2022) altered the
number of hidden layers and neurons per layer to calculate the relative
error for various neural architectures. Similarly, Blechschmidt and
Ernst (2021) demonstrated the number of successes for different net-
work topologies after ten iterations, considering the number of layers,
neurons, and activation function. Conversely, Mishra and Molinaro
(2022) derived error estimates and identified potential methods for
PINNS to approximate PDEs. It appears that the initial hidden layers
may be responsible for encoding low-frequency components, while
subsequent layers may handle higher-frequency components
(Markidis, 2021). This concept could be an expansion of the
Frequency principle (Xu, et al, 2020). According to this principle,
DNNE fit target functions from low to high frequencies during train-
ing, indicating a low-frequency bias in DNNs and explains why DNNs
do not generalize well on randomized dataset.

The impact of initialization and loss function on generalization
error in DNN learning is a critical area of research that need further
exploration. While numerous theoretical studies have focused on loss
estimation via quadrature rules applied to randomly and identically
distributed points, the strategy employed by some PINNs involves
selectively positioning collocation points within specific regions of the
space-time domain, a method that merits additional scrutiny (Nabian
et al, 2021). Moreover, the application of dynamic loss weighting
within PINNs presents a promising avenue for future research, as
highlighted by Nandi e al. (2022).

Another interesting research topic is the apparent insensitivity of
PINNs to the dimensionality of problems. Research indicates that
PINNs can scale up effectively, independent of the size of the
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problems, without the computational cost exponentially increasing
with problem dimensionality—a characteristic that remains somewhat
enigmatic within neural network architectures (Mishra and Molinaro,
2021; De Ryck and Mishra, 2021). Recent work by Bauer and Kohler
(2019) has demonstrated that least squares estimates based on feedfor-
ward neural networks (FFNNs) can circumvent the curse of dimen-
sionality in nonparametric regression. Additionally, Zubov ef al.
(2021) have effectively utilized the PINN technique with quadrature
methods to solve high-dimensional problems. In general, the failures
of PINNGs to accurately approximate solutions are often not attribut-
able to a lack of expressivity within the neural network architecture,
but due to the challenges associated with optimizing soft PDE con-
straints (Krishnapriyan ef al., 2021).

B. A aspect of improving implementation in PINN

When developing a PINN, it is important to thoroughly investi-
gate additional configurations and consider various tweaks and best
practices. This involves addressing each of the PINN’s three modules,
from neural network architecture options to activation function types.
Recent studies have suggested that extending research beyond tradi-
tional FFNNs could significantly advance PINN capabilities. There is a
growing interest in exploring the potential of non-FFNN architectures
such as convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) within the PINN framework (Wang et al., 2022).
Additionally, even within FENNS, critical questions about optimal net-
work size and configuration remain (Haghighat, ef al., 2021), with var-
ious alternative architectures from the broader deep learning field
suggesting possible benefits for PINN development (Dargan ef al,
2020). For example, Fourier neural operator has been proposed for
learning generalized functional spaces, potentially enhancing PINN
performance across various applications (Wen ef al, 2022; Rafiq ef al.,
2022). N-BEATS, a deep stack of fully connected layers connected
with forward and backward residual links, is suitable for analyzing
time series-based phenomena (Oreshkin et al, 2020). The
Transformer architecture is capable of managing long-range depen-
dencies by representing global relationships in intricate physical prob-
lems (Kashinath et al., 2021). Additionally, sinusoidal representation
networks are well-suited for capturing complex natural signals and
their derivatives and could be applied in PINN (Sitzmann et al., 2020).
Some initial findings can be found in Huang ef al. (2021) and Wong
et al. (2022). Another area of research aims to investigate whether
enhancing the width or depth of the FFNN yields better results in
improving PINN outcomes. This raises the question of whether there
exists a minimum depth/width threshold necessary for networks to
effectively capture and compute complex physical laws (Torabi Rad
et al., 2020). Future research in PINN will crucially focus on enhancing
compatibility and understanding activation functions more deeply,
which are essential for improving network performance in terms of
convergence rates and solution accuracy (Rudin ef al., 2022). Jagtap
et al. (2020a) demonstrated that the scalable activation function can be
optimized to enhance network performance, in terms of convergence
rate and solution accuracy. Furthermore, investigation can explore
alternative or combined approaches to differentiate the differential
equations. To accelerate PINN training, Chiu ef al. (2022) introduced
an innovative approach by defining the loss function using both
numerical and automatic differentiation. The proposed coupled-auto-
matic-numerical differentiation PINN (can-PINN) has proved to be

REVIEW pubs.aip.org/aip/pof

more efficient and precise compared to traditional PINN setups, where
automatic differentiation alone requires numerous collocation points
to achieve high accuracy. While PINNs training points can be distrib-
uted spatially and temporally and making them highly versatile, the
position of training locations affects the quality of the results. A notable
limitation of PINNS is that the boundary conditions must be deter-
mined during the training phase, necessitating the creation of a new
network if these conditions change (Wiecha et al,, 2021). In terms of
loss, considering that neural networks tend to prioritize minimizing
the largest loss component during training, it follows that all loss com-
ponents should have similar magnitudes. If there is a significant dis-
parity in the sizes of the loss components, the network may overlook
the smaller components, leading to insufficient optimization in certain
aspects of the model. Different loss components play distinct roles
within the system, making it reasonable to assign them different
weights to reflect their importance. In essence, this weight adjustment
aims to control the influence of each loss component within a relatively
similar range, thereby preventing any single loss from dominating the
optimization process. However, the current literature lacks an objective
method for determining these weight variables, which represents a sig-
nificant research gap (Nandi ef al., 2021).

Optimization tasks within PINNs also require deeper investiga-
tion. Standard optimization algorithms like Adam and Broyden-
Fletcher-Goldfarb-Shanno (BFGS) algorithms are predominantly
employed (Wong et al, 2021). The Adam algorithm establishes a
workflow that can be analyzed using dynamical systems theory, creat-
ing a gradient descent dynamic. Moreover, to alleviate stiffness in gra-
dient flow dynamics, investigating the limiting neural tangent kernel is
necessary. Considering that significant efforts to solve optimization
problems or improve these approaches in ML has been done, there
remains considerable potential to enhance these techniques within the
context of PINNSs (Sun et al,, 2020b). The L-BFGS-B is the most com-
monly used BFGS in PINNs, and it is currently the most crucial PINN
technology according to Markidis (2021). Furthermore, the full impact
of learning rate on PINN training behavior has not been thoroughly
explored. Gradient normalization is another important area of research
(Nandi et al, 2022). This method dynamically assigns weights to dif-
ferent constraints to eliminate the dominance of any component of the
global loss function. To accelerate the solution process of the NS equa-
tions, Wei ef al. (2019) proposed a unified framework based on deep
reinforcement learning, which proved more effective in capturing
shock waves compared to traditional finite element methods in solving
the Burgers equation. This approach also demonstrated an increase in
solution speed with the number of solution steps, exhibiting transfer
learning characteristics. Research on training strategies for network
parameters when transitioning from solving low Reynolds number to
high Reynolds number has also been conducted by Wei et al. (2019),
which improves computational efficiency of PINN. Additionally,
Meng et al. (2020) proposed a temporally parallel approach for PINNs
by dividing the time domain into subdomains. Subsequently, a coarse-
scale network corresponds to the complete time domain and N fine-
scale networks is, respectively, linked to N subdomains. By alternately
training these two types of networks, this method can enhance the
computational efficiency of PINNs when solving problems with longer
time domains. In addition, the computational efficiency of PINNs can
be greatly improved by designing parallel computing frameworks,
such as the parallel computing program (i.e., SimNet developed by
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NVIDIA (Hennigh ef al., 2021)). In a related development, Dong and
Li (2021) combined extreme learning machines, domain decomposi-
tion, and local neural network, introducing more prior functions to
effectively enhance the efficiency of network solution.

C. An aspect of integrating field measurement and
simulated wind data

One of the primary challenges in applying PINN to solve real
3D typhoon flow field problems is the limited availability of train-
ing data. While KEDL methods can mitigate the data requirement,
increasing the data volume can significantly improve model conver-
gence and accuracy. Hence, it is crucial to procure an extensive
range of wind field data, encompassing not only wind speed but
also diverse parameters like temperature and air pressure fields. In
terms of data collection, traditional meteorological wind measure-
ment towers have been complemented by modern lidar wind pro-
filers and simulated data, such as typhoon wind field data from the
Weather Research and Forecasting Model (WRF). Inspired by the
work of Mao et al. (2020), it is noted that while the data obtained
from WREF can be distributed throughout the space, the measured
data are mainly concentrated near the ground. This solution sug-
gests that dividing domain into several subdomains and using dif-
ferent deep networks may improve the solution accuracy.

In practical applications, it is crucial to integrate these different
data sources effectively, ensuring their accuracy and consistency.
This integration requires rigorous quality control and calibration of
observational data, as well as validation and verification of simu-
lated data. Given the inherent differences and uncertainties among
various data sources, systematic research into data fusion and inte-
gration methods is necessary. Such research aims to maximize the
advantages of various data sources and minimize the limitations of
each data type.

Simultaneously, attention must be given to the spatiotemporal
distribution characteristics of data collection to ensure extensive and
representative coverage. This entails scientifically planning and appro-
priately arranging the deployment of observation devices and the selec-
tion of simulated regions, as well as effectively integrating and utilizing
data across different temporal and spatial scales. By fully leveraging
diverse data collection methods and considering various factors, a
more comprehensive understanding of the features of typhoon 3D
flow fields can be achieved, providing more reliable support for model
training and prediction.

V. CONCLUSIONS

PINNS present a novel method for simulating realistic fluid flows,
utilizing data from multimodal sources, whereas the boundary condi-
tions or initial conditions are unknown. Although this is commonly
encountered in practical scenarios, current CFD solvers are unable to
address such ill-posed problems. Therefore, PINNs can be considered a
supplementary tool to traditional numerical methods in CFD, offering
new avenues for tackling idealized and real-world issues.

This review article provides an overview of the application of
PINNS in solving the NS equations in structural wind engineering. It
presents numerous case studies for solving two-dimensional and 3D
flow fields, along with the KEDL method for reconstructing wind fields
for typhoons, tornadoes, and other phenomena. Additionally, this
study also discusses potential improvements in utilizing PINNs to

REVIEW pubs.aip.org/aip/pof

solve the NS equations in wind engineering, considering the theoretical
drawback, implementation process and data integration.
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