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Structural Health Monitoring (SHM) is a fundamental task in the life-cycle assessment and management of civil
infrastructures, specifically dams, locks, bridges, and roads. It aids in cost reduction, facilitates the early detection
of degradation processes, damages, and structural deficiencies, ensures timely maintenance, and provides early risk
warnings. SHM is directly related to the concept of Digital Twin, which is usually defined as a virtual replica
of the physical asset. On the one hand, SHM provides the data for the implementation of digital twins, while
on the other hand, digital twins can improve the effectiveness of SHM and support data analysis. Together, they
represent a powerful combination for managing and maintaining critical infrastructure. A hybrid approach has
become increasingly established in recent years, which comprises a combination of physics-based models and
data-driven techniques. This approach mitigates the constraints of both models to align the digital twin’s behavior
more closely with that of the corresponding physical asset. This study explores the hybrid modeling framework
known as physics-enhanced machine learning for forecasting potential structural damage. Among the various hybrid
modeling approaches, we focus on physics-informed neural networks (PINNs) and their applications in SHM of civil
infrastructures. This study provides a comprehensive classification of research employing the PINNs architecture
and critically evaluates its associated limitations. Additionally, we explore advanced deep learning architectures
that can integrate PINNs within their computational frameworks to enhance SHM performance by addressing its
limitations. This work is a foundational reference for understanding state-of-the-art advancements in PINNs for
SHM applications.

Keywords: Structural Health Monitoring, Physics Enhanced Machine Learning, Civil Infrastructures, Physics
Informed Neural Networks, Graphical Neural Network, Transformers, Neural Operators

1. Introduction

Within the context of the fourth industrial revolu-
tion, artificial intelligence, the internet of things,
edge computing, and mixed reality are crucial
technologies facilitating the deployment of digital
twins (DTs). By integrating real-world data with
computer modeling and simulation, the DT con-
nects the physical and digital realms, creating an

effective tool for virtual sensing of physical assets
Drakoulas et al. (2023). Digital twins in civil en-
gineering can be used in different contexts like
structural identification, predictive maintenance,
etc. One of the key applications includes Struc-
tural Health Monitoring (SHM) of civil structures
like bridges, dams, roads, etc. According to Farrar
and Worden (2012), SHM refers to implementing
a damage detection strategy for aerospace, civil,
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or mechanical engineering infrastructure. DGZfP
(2022) describes SHM as the long-term monitor-
ing of an infrastructure system and, in particular,
its performance in terms of safety, durability, and
serviceability by permanently installing sensors
on the structure to detect long-term changes. Dam-
age detection involves five hierarchical steps Ryt-
ter (1993): identifying damage, locating it, deter-
mining its type, assessing its severity, and pre-
dicting the remaining service life. An SHM sys-
tem uses data analysis algorithms to answer these
questions. Unsupervised learning can address the
first two steps, while the others require super-
vised learning, physical models, and probabilistic
methods Farrar and Worden (2012). Both data-
driven models, and physics-based models present
deficiencies: (1) physics-based models require de-
tailed knowledge of the physics behind the prob-
lem under assessment, which is often missing; (2)
data-driven models require data from the damaged
state of the structure, which is usually unavail-
able. Over time, various approaches have been
proposed to integrate both models to mitigate their
drawbacks. A hybrid approach has emerged in re-
cent years, aiming to combine the best features of
model and data-based SHM, which is referred to
as Physics- Enhanced Machine Learning (PEML)
(Cicirello (2024)).

1.1. Physics- Enhanced Machine
Learning

PEML involves developing hybrid physics and
data-driven models to enhance their predictive
and decision-making performance for complex
dynamic structures. These hybrid models inte-
grate advanced computational models and data
with domain and prior knowledge, which can be
mathematical, physical, observational, or empir-
ical. Moreover, first principles and appropriate
biases (e.g., physics constraints, model form) are
also integrated in the hybrid model. In Physics-
Enhanced Machine Learning (PEML), bias refers
to guiding principles or constraints incorporated
into a machine learning model to prioritize spe-
cific solutions over others. These biases help re-
strict the space of admissible solutions, ensuring
that the model converges to physically plausible

and generalizable solutions rather than overfitting
to limited data. The role of biases in PEML is
primarily positive, as they enhance model general-
ization, accelerate learning, and integrate physical
laws into the learning process Cicirello (2024).

Based on the paper, Cicirello (2024), key
components of PEML include four Physics and
Domain Knowledge Biases: Observational Bias,
Learning Bias, Inductive Bias, and Model Form
Bias. PEML strategies can be grouped as sum-
marised in Fig. 1. This includes Physics Guided
ML, Physics Informed ML, and Physics Encoded
ML Faroughi et al. (2023); Cicirello (2024).

Physics Guided ML: This strategy uses a de-
tailed physics-based model as a foundation, guid-
ing the learning process with small-to-medium
amounts of informative data. The primary focus
is identifying latent parameters, improving pre-
dictions, and refining physics-based models with
data-driven insights.

Physics Informed ML: This is a data-driven
approach where a machine learning model is de-
veloped and constrained using physics-based bi-
ases. These biases — such as conservation laws,
symmetries, and physical constraints — restrict the
solution space, ensuring physically consistent and
generalizable predictions.

Physics Encoded ML: This can be classi-
fied as a hybrid approach that explicitly com-
bines physics-based and data-driven models. It
is used when the physics model is incomplete,
and data can fill in the gaps by learning missing
components or correcting uncertainties in known

physics.
’ Physics Guided ML >
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Fig. 1. Components of PEML

This study focuses on Physics Informed Neu-
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ral Networks (PINNs), a class that comes un-
der the definition of Physics Informed ML (Ci-
cirello (2024); Haywood-Alexander et al. (2024)).
In the examined PEML techniques for SHM,
PINNs have predominantly been emphasized in
research about civil structures and have been sub-
stantially incorporated into predictive algorithm
frameworks in the last five years. In this study,
we review a selection of research works incor-
porating the PINNs framework in their experi-
ments, though the list is not exhaustive. Based
on their application within computational archi-
tectures, we categorize these studies to provide a
structured understanding of their implementation.
This paper highlights the limitations of PINNs and
lists alternative deep-learning frameworks that can
effectively incorporate PINNs, offering a valuable
starting point for researchers seeking to integrate
PINNS into their experiments.

The primary objectives of this paper are to 1)
analyze the architecture of PINNSs, 2) categorize
studies that integrate the PINNs framework within
their computational architectures, 3) identify key
challenges associated with PINNs, and 4) explore
alternative deep learning architectures that can
incorporate PINNs to enhance SHM performance.

The structure of this paper is as follows: Chap-
ter 2 provides an in-depth discussion of the archi-
tecture of PINNs. In Chapter 3, we classify the
reviewed studies based on their implementation
within computational architectures. We then out-
line the limitations of PINNs and propose alterna-
tive deep learning architectures capable of embed-
ding the PINNs framework to address these chal-
lenges. In Chapter 4, we summarize our findings,
followed by the conclusion presented in Chapter
5.

2. Physics-Informed Neural Networks
(PINNSs)

PINNs first appear in the merged version of the
paper Raissi et al. (2019), introducing a new
class of data-driven solvers. They represent a
novel approach in scientific machine learning, de-
signed to tackle problems involving partial differ-
ential equations (PDEs) using automatic differen-
tiation Cuomo et al. (2022). PINNs are deep learn-
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ing frameworks that incorporate physics-based
knowledge, such as ordinary differential equations
(ODEs), PDEs, or constraints, into neural network
architectures Al-Adly and Kripakaran (2024). To
understand the architecture of the PINNs frame-
work and how physical behavior is incorporated
into the framework, here we take an example of
a damped pendulum with initial and boundary
conditions.

The first component of the framework consti-
tutes the Neural Network (NN) Representation.
Consider a deep neural network (Eq. 1) that mod-
els the function:

unn(z,t,0): ¢ x [0,T] — R (1)

where the input (z,t) € ¢ x [0, 7] maps to the out-
put uyn(x,t;©) € R through a nonlinear trans-
formation via neural network layers, parametrized
by ©.

This network consists of three layers: Input
Layer, Hidden Layer and Output Layer, as pre-
sented in the Eq. ( 2), Eq. (3) and Eq. (4).

NN° = (1) )

NN!'=a(W!NN'=1 48 (3)

where a(-) is the activation function, and wi, b
are the weights and biases at layer [.

NNE = WENNE-L 4 bt “

where L is the total number of layers.

This neural network is then equipped with
the physical dynamics of the system. Here, the
Physics Governing Equation of system (see Eq.
5) is presented, which is a second order ODE.

y" (t) + 2By (t) + wiy(t) =0 Q)

where: y(t) is the angular displacement, /3 is the
damping coefficient, and wy is the natural fre-
quency of the system.

To ensure the neural network solution satisfies
physical constraints, we impose the following ini-
tial conditions (Eq. 6):

y(0) =vo, ¥'(0) =y (6)
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where yo is the initial displacement and g, is the
initial velocity.

Therefore, to incorporate the physics governing
equation in the neural network, the resultant loss
function consists of three main components: the
data loss L4, the boundary condition loss L;, and
the residual loss L, for the governing equation.

The total loss function (Eq. 7) is the linear
combination of the three loss functions.

L(X; @) = )\ILT(XT; 6) + )\2Lb(Xb§ ®)+
A3La(X4;0) (7)
here A1, Ao and A3 are the assigned weights to
control the importance of each loss functions. The
mathematical formulation of the three loss func-
tion is presented in Eq. (8), Eq. (9) and Eq. (10)
below.

Lpy(Xy;0) = —
b( b ) ‘Xb‘ (20.700)

1
o

b
(zy,t5=0)
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(10)

X3, X, and X4 are sets of points where bound-
ary conditions are enforced, the governing dif-
ferential equation is evaluated to ensure physics
compliance, and observed or synthetic data is used
to enhance real-world accuracy, respectively.

The goal of the PINNs architecture is to learn
optimal parameters O such that the approximated
solution ux minimizes the total error, while
satisfying physical constraints. The next sections

> Junn (s, tn;©) — yol?

explore the incorporation of PINNs in the context
of SHM in civil structures.

3. Application of PINNs in SHM

The evolution of PINNs and frameworks that in-
corporate PINNs as a component in SHM has
demonstrated significant advancements, particu-
larly in accuracy, robustness, scalability, and real-
time applicability. In this section, we classify ex-
isting studies based on their implementation of
PINNs within computational architectures. Ad-
ditionally, we analyze their limitations and list
alternative deep learning architectures that can in-
corporate PINNS in their framework to overcome
these challenges.

3.1. Categorization for PINNs-Based
SHM Architectures

Based on the implementation of PINNs in compu-
tational architecture, we have divided the studies
into three broad categories: PINNs as physics-
controlled solvers, PINNs embedded within Deep
Learning Architecture, and PINNs in Hybrid
Learning and System Identification.

3.1.1. PINNs as Physics-Constrained Solvers

These studies are grouped in this category as they
employ PINNs primarily as numerical solvers for
forward or inverse problems, where the focus is
on enforcing physical constraints in solving PDEs
related to SHM. The inverse problem is defined as
the problem of automated damage detection from
measured sensor data Yuan et al. (2020).

As per the reviewed studies, Yuan et al. (2020)
is one of the first to introduce and incorporate
Physics-Informed Learning in the architecture for
forward and inverse problems. They incorporate
physics-governing equations with Dirichlet and
high-order boundary conditions in the loss func-
tion of an Artificial Neural Network (ANN) for
the inverse problem. The goal is to reconstruct the
entire displacement field of the beam from sparse
measurements. In the subsequent year, Lai et al.
(2021) presents Physics-Informed Neural ODEs
(PiINODE), in which Neural ODEs are recast as a
two-level representation with a physics-informed
term (prior physical knowledge of the system)
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and a discrepancy term (from a Feedforward Neu-
ral Network) in the residual minimization pro-
cess. They also propose using Sparse Identifica-
tion of Nonlinear Dynamical Systems (SINDy).
This ML technique identifies governing equations
of a dynamical system using a sparse set of basis
functions, ensuring that only the most relevant
terms are retained. The term sparse implies that
most potential functions in the model are dis-
carded, retaining only the minimal essential terms
to characterize the system’s behavior effectively.
Here, PINNs apply to solving governing equa-
tions of vibration modes in structural dynamics.
Al-Adly and Kripakaran (2024) examines how
PINNSs solve Kirchhoff-Love plate bending prob-
lems under variable temporal loading. This study
applies PINNs to model the bending behavior
of Kirchhoff-Love plates in structural analysis.
Here, PINNSs act as numerical solvers, constrained
by the governing PDEs of plate deformation.

3.1.2. PINNs embedded within Deep Learning
Architecture

PINNS architecture’s adaptability was enhanced in
2022 when the PINNs were coupled with deep
learning architecture. A deep learning architec-
ture is a structured framework of multiple neural
network layers designed to automatically extract,
learn, and process hierarchical features from data
for classification, prediction, and decision-making
tasks. Lai et al. (2022) proposes a framework
called Neural Modal Ordinary Differential Equa-
tions (Neural Modal ODEs), which couples a dy-
namical variational autoencoder with a Physics-
Informed Neural ODEs (PINODE) scheme. Sim-
ilarly, Ni et al. (2022) proposes a convolutional
neural network to reconstruct structural response
under rare events. The innovation encompass two
key aspects: a multi-end autoencoder with skip
connections and a physics-based loss function de-
rived from the dynamic equilibrium equation to
guide the training process toward physically con-
sistent solutions. They use skip connections, as
these allow information to bypass certain layers in
a neural network, preventing vanishing gradients
and improving feature retention.
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3.1.3. PINNs for Hybrid Learning & System
Identification

PINNs are increasingly included in hybrid learn-
ing frameworks, integrating physical constraints
with state-space models, Bayesian inference, and
probabilistic modeling. Haywood-Alexander and
Chatzi (2023) highlights this hybrid method by
merging PINNs with state-space models and
adaptive loss balancing approaches, allowing
uncertainty-aware learning in the SHM process.
Similarly, Liu et al. (2022) explores the integra-
tion of PINNs into Physics-Guided Deep Markov
Models, allowing for probabilistic inference in
structural system identification. This method en-
ables PINNSs to account for uncertainty in struc-
tural behavior, making it particularly useful for
scenarios where sensor data is sparse or noisy.
Additionally, Haywood-Alexander et al. (2024)
presents Bayesian PINNs (B-PINNs), a method-
ology that combines Bayesian inference with
PINNs-based modeling to assess uncertainty in
physics-constrained learning. This probabilistic
augmentation makes PINNs more robust in SHM
applications, ensuring that models do not overfit
to deterministic physics priors but adjust accord-
ing to confidence intervals in structure behavior
predictions.

3.2. Current challenges in PINNS

In the reviewed studies, PINNS have demon-
strated significant potential as a hybrid approach
for modeling the nonlinear dynamics of complex
and high-dimensional engineered systems.
However, PINNs face several challenges,
mainly when applied to multi-scale dynamic PDE
systems. One major limitation is their sensitiv-
ity to hyperparameter selection, requiring care-
fully fine-tuned regularization strategies to bal-
ance physics-based constraints with data-driven
learning. Another challenge lies in optimizing
high-dimensional latent spaces while maintaining
long-term dependencies imposed by PDE con-
straints. Additionally, PINNs often struggle with
generalization, as they tend to learn the physi-
cal constraints of a single PDE and require re-
optimization for different instances. Finally, their
reliance on dense, high-quality sensor data for
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enforcing physical consistency poses difficulties
in real-world deployment, especially in environ-
ments where missing data and sensor noise are
prevalent Li et al. (2024); Lai et al. (2022); Ni
et al. (2022).

To overcome these challenges for SHM tasks,
current research has explored alternative deep
learning architectures such as Graph Neural Net-
works (GNNs), Transformer-based PINNs and
Neural Operators, which can embed PINNs
framework in their architecture and mitigate the
limitation of learning from sparse, noisy, and dy-
namic SHM data while preserving physical con-
sistency.

3.3. Alternative Deep Learning
Frameworks for PINNs Integration

3.3.1. Graphical Neural Network (GNN)

Graphs have been incorporated in the deep learn-
ing framework for more than a decade, where
models are used to process data structured as
graphs, making them suitable for applications in-
volving interconnected systems or learning the
dynamics of physical systems. The learning capa-
bility of GNN through passing messages between
nodes allows them to work on non-Euclidean do-
mains Wettewa et al. (2024). This capability of
GNN gives a promising use case in SHM where
civil structures like bridges, dams, and buildings
could be presented as a graph-like network with
nodes representing sensors and edges capturing
mechanical interactions such as stress, strain, and
force distribution Wettewa et al. (2024).

SHM framework could be significantly en-
hanced by the integration of GNN with PINNs.
Recently, Di Lorenzo et al. (2024) proposes a
novel architecture that combines GNN with el-
ements of Finite Element Method (FEM). This
gives a prospect of their incorporation to be used
for SHM problems. It can enhance spatial repre-
sentation learning and handle sparse sensor data.
The current standard PINNs framework depends
upon fully connected networks, which struggle
to capture localized stress propagation and global
structural dependencies. The graph based physics
constraints can enable better generalisation across
different structural geometries and various load-

ing conditions. Additionally, the graph attention
mechanism can prioritize crucial regions, making
PINNs-based SHM models effective at early dam-
age identification.

3.3.2. Transformer-Based PINNs

Transformers have emerged as the frontrunner in
deep learning architectures for capturing long-
term dependencies in sequential data Vaswani
et al. (2023). The current traditional recurrent
networks (LSTM) face problems of vanishing
gradients and computational inefficiency in long-
term forecasting, while transformers learn global
contextual relationships across entire time-series
data Devlin et al. (2019). This makes their use
case ideal for damage detection scenarios in SHM.
Transformers have been used in natural language
processing (NLP) and time-series forecasting, but
their use case in SHM-related problems has been
unexplored.

One of the main limitations of PINNS in time
series modeling is their incapability to capture
long-term structural behavior and dynamic re-
sponses, mainly in the scenarios of temporal vari-
able loading conditions. Zhao et al. (2024) in-
troduces a novel Transformer-based framework
called 'PINNsFormer,” which enables PINNs
to capture temporal dependencies via generated
pseudo sequences, thereby improving generaliza-
tion and approximation accuracy in solving PDEs.
By incorporating structures like PINNsFormer,
SHM models can enforce physics constraints
while leveraging self-attention mechanisms to ex-
tract long-range dependencies from sensor data.
This could result in a more stable and gener-
alizable model capable of accurately predicting
structural responses under varying operational and
environmental conditions.

3.3.3. Neural Operators for PINNs

Neural operators have been one of the current
advancements in deep learning frameworks, de-
signed to learn the mapping between the func-
tions, making them efficient for solving PDEs Li
et al. (2024). Unlike traditional neural networks,
which approximate functions at discrete points,
Neural Operators (e.g., Fourier Neural Operators
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(FNOs) and DeepONets) generalize across dif-
ferent input distributions, significantly improving
computational efficiency in physics-based model-
ing. These models have been successfully applied
to fluid dynamics, material science, and engineer-
ing problems, but their integration with PINNs for
SHM remains unexplored.

One of the primary drawbacks of standard
PINNS is their computational cost, as they require
solving physics-informed loss functions pointwise
across all training samples, making them imprac-
tical for large-scale SHM applications. Neural
Operators can replace traditional PINNs archi-
tectures, allowing for faster physics-constrained
learning by leveraging global function mappings
instead of local pointwise approximations Lu
et al. (2022); Li et al. (2024). By integrating
FNOs with PINNSs, the model can efficiently infer
global stress-strain relationships, leading to real-
time structural simulations faster than traditional
PINNs solvers. This makes Neural Operator-
PINNs hybrids a promising solution for large-
scale SHM tasks, such as monitoring entire bridge
networks.

4. Discussion

The evolution of PINNs has demonstrated signif-
icant advancements in recent years, transitioning
from their initial application in solving PDEs to
becoming integral components of deep learning
architectures. To elucidate the fundamental prin-
ciples of PINNS, this study employs the example
of a damped pendulum, offering a mathematical
overview of their underlying architecture. Further-
more, this study provides a state-of-the-art analy-
sis of research incorporating PINNs within vari-
ous computational frameworks. It systematically
classifies these studies into three broad categories:
(1) PINNs as Physics-Constrained Solvers, (2)
PINNs embedded within Deep Learning Archi-
tecture, and (3) PINNs for Hybrid Learning and
System Identification. Through this classification,
the study presents a comprehensive evaluation of
the methodologies, applications, and contributions
of PINNs across various SHM tasks.

Despite significant advancements over the past
five years, they still inherit several limitations.
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These include sensitivity to hyperparameter selec-
tion, challenges in optimizing high-dimensional
latent spaces while maintaining long-term depen-
dencies imposed by PDE constraints, and a lack of
generalization. To address these issues, recent re-
search has introduced frameworks with strong po-
tential for SHM applications. Approaches such as
Graphical Neural Networks, Transformer PINNs,
and Neural Operators have demonstrated promis-
ing results and could be widely adopted in fu-
ture SHM developments. This study provides an
overview of advancements in the PINNs frame-
work and explores how integrating advanced deep
learning techniques can enhance its effectiveness
for SHM tasks

5. Conclusion

In the modern era, Digital Twin-based Structural
Health Monitoring (DT-SHM) has emerged as a
critical component in developing and maintain-
ing concrete civil structures. The inherent limita-
tions of purely physics-driven and data-driven ap-
proaches have necessitated the adoption of hybrid
Digital Twin frameworks that effectively integrate
both methodologies. A hybrid approach termed
as PEML has emerged over the years, in which
one of the classification-PINNs have gained sig-
nificant prominence in SHM applications over the
past five years.

This study presents a comprehensive review
of state-of-the-art research in the PINNs domain,
highlighting existing limitations and challenges.
Furthermore, we outline the integration of PINNs
within deep learning architectures to enhance
SHM tasks, providing insights into their potential
for improving predictive accuracy and structural
assessment.
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