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Abstract

Structural Health Monitoring (SHM) is essential for the safety and long-term performance of civil and
mechanical infrastructure, yet traditional vibration-based approaches often struggle with nonlinear
behavior and environmental variability. Koopman operator theory provides a promising alternative by
enabling linear analysis of nonlinear structural dynamics through observable functions. This review
examines 67 peer-reviewed studies published between 2010 and 2025 and selected using Preferred
Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) guidelines. We outline the
development of Koopman-based methods from Dynamic Mode Decomposition (DMD) and Extended-
DMD (EDMD) to recent applications in civil, mechanical, and aerospace systems. The review clarifies
the mathematical foundations of Koopman analysis and its relationship to structural dynamics. It also
identifies major research gaps, including limited damage-sensitive observable design, insufficient use
of structural mechanics constraints, the absence of quantitative links between Koopman spectra and
physical damage, inadequate benchmarking, and the need for real-time deployment strategies. We
conclude by outlining a hybrid Koopman framework that integrates physics-based information with
data-driven learning to support interpretable and scalable SHM.

Keywords: structural health monitoring; Koopman operator; dynamic mode decomposition; hybrid
modeling; physics-informed learning; damage detection

1. Introduction
Structural Health Monitoring (SHM), which promotes early detection of degradation in civil

infrastructure, serves as the first line of defense for ensuring usability and safety in the civil and
transportation sectors around the globe. The main task of SHM is the detection, localization, and
quantification of damage by processing sensor data extracted from the structures under operational
loads [1,2]. As infrastructure systems grow older and have to cope with the growing demands of
climate change, population growth, and changing patterns of use, the need for dependable, automated,
and interpretable monitoring systems has become critically important. The American Society of Civil
Engineers estimates that infrastructure investment for America alone is more than USD 4.5 trillion
needed by 2025, adding to the importance of being able to effectively assess the condition and develop
a maintenance priority [3].

Cawley and Adams [4] showed in 1979 that even small cracks produce detectable shifts in
natural frequencies, and this observation launched four decades of vibration-based damage detection
(VBDD) research that monitors changes in modal characteristics like natural frequencies, mode shapes,
and damping ratios [5,6]. The basic premise on which these methods are based is that physical
damage results in changes in the distributions of structural stiffness, mass, or damping, which result
in measurable changes in dynamic properties. Subsequent decades have seen a massive growth of
indicators based on the modal response, such as the mode shape curvature [7], the modal strain energy
[8], and the flexibility-based approaches [9], all based on the linear vibration theory.
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However, one essential drawback of traditional VBDD methods is the linear assumption that
is used in the method. Real civil structures often experience nonlinear behaviors that have multiple
causes: responding by opening and closing the cracks under the dynamic loading, nonlinearity
of geometry in slender members, degradation of material, friction in joints and connections, and
soil-structure interaction effects [10]. These nonlinear phenomena make the linear modal analysis
unable to capture the full complexity of structural response, especially under damage situations where
nonlinearity is often strong. A breathing crack, for example, adds bilinear stiffness properties that
cause higher harmonics in the response spectrum—properties that linear models are fundamentally
incapable of modeling [11]. Consequently, the presence of damage signatures embedded in the
nonlinear response components can be undetected with traditional linear response analysis methods,
hence turning into false negatives, which is disadvantageous to structural safety.

Furthermore, the presence of environmental and operational variability (EOV) is a constant
problem that delays the damage detection process [12,13]. Temperature variations, changes in humidity,
loading due to traffic, and the effects of wind can cause parameter variations of modal properties
that conceal or simulate real damage effects. Numerous studies have been run in which variations of
several percent in frequency due to environmental factors have been documented, magnitudes that
often exceed damage-induced changes, particularly for incipient damage [14,15]. This sensitivity to
benign variability causes high rates of false alarm if simple threshold-based schemes are used, thus
destroying the confidence of operators in monitoring systems.

In order to overcome all these shortcomings, researchers have increasingly approached SHM as a
data-driven approach, treating SHM as a statistical pattern recognition problem [16,17]. In this context,
data-driven damage identification has proven effective for cantilever-type infrastructure, including
catenary poles, through both frequency-based Bayesian inference and robust vibration monitoring
techniques [18,19]. Furthermore, machine learning methodologies, encompassing both established
methods like principal component analysis and support vector machines and more recent approaches
such as convolutional neural networks and autoencoders, have demonstrated considerable potential
in identifying subtle anomalies that might be overlooked by physics-based analyses [20,21]. Deep
learning methods, in particular, have achieved notable performance on benchmark datasets, enabling
the automatic learning of discriminative features from raw sensor data without the need for explicit
modal identification [22].

The practical deployment of such sensor-driven pipelines, however, depends not only on al-
gorithmic capability but also on the feasibility of embedding reliable sensing hardware into real
structures, a challenge that remains nontrivial for reinforced concrete environments [23]. Moreover,
purely data-driven methods have their own limitations: they often work like "black boxes" with limited
interpretability, they may overfit to the conditions in which they were trained and cannot generalize
well to scenarios they have never seen, and they do not give any guarantee of physical consistency in
the predictions they make [24]. For safety-critical infrastructure applications, not being able to explain
why a damage indication was generated makes such methods difficult to adopt [25]. Grey-box model-
ing frameworks that combine physics-based constraints with data-driven learning offer a promising
pathway toward bridging this gap, connecting the interpretability of classical model-based SHM with
the flexibility of modern machine learning and, ultimately, moving the field closer to explainable
diagnostics.

The practical implementation of sensor-driven pipelines, however, depends on both the algorithms
used and the ability to reliably integrate sensing hardware into existing structures. This is a significant
challenge, especially in reinforced concrete environments [23]. Moreover, data-driven methods have
their own limitations. They often act like "black boxes," making them hard to understand. They can
also overfit to the conditions they were trained on, which reduces their ability to generalize to new
situations. These methods also don’t guarantee that their predictions are physically consistent [24]. For
safety-critical infrastructure, the inability to explain why a damage indication was generated makes
these methods difficult to use [25]. Grey-box modeling frameworks, which combine physics-based
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constraints with data-driven learning, offer a promising way to address this issue. They connect
the interpretability of traditional model-based SHM with the flexibility of modern machine learning,
ultimately moving the field closer to explainable diagnostics.

Several reviews have addressed Koopman operator methods and SHM separately, but their
intersection remains underexplored. Brunton and his team [26] provided a detailed overview of
modern Koopman theory in their SIAM Review article. This overview covered the mathematical
foundations, algorithms, and applications in fields like fluid dynamics, neuroscience, and control.
However, structural health monitoring was only briefly mentioned. Conversely, extensive SHM
reviews by Farrar and Worden [1], Azimi et al. [20], and Flah et al. [21] thoroughly cover traditional and
machine learning methods but do not address Koopman-based approaches. The present review fills
this gap by providing the first systematic synthesis specifically examining the application of Koopman
operator methods to structural health monitoring, with particular emphasis on the emerging hybrid
physics-data paradigm that holds promise for interpretable, physics-consistent damage detection.

This confluence of challenges, that is, nonlinearity, environmental confounding, and the trade-
off between interpretability and performance, is the motivation for exploring other mathematical
frameworks that are capable of bridging the physics-based and data-driven models. In this regard,
Koopman operator theory has emerged as a particularly promising framework. Originally, the
theory was developed by Bernard O. Koopman in 1931 [27] and asserts that the evolution of observable
functions of any nonlinear dynamical system can be described by an infinite-dimensional linear operator.
This remarkable property allows the use of the powerful linear analysis techniques for the inherently
nonlinear problems without the linearization errors that exist with linearizing approximations like the
Jacobian-based methods. The Koopman perspective has seen a dramatic resurgence since the early
2000s thanks to the advances in computation and the development of data-driven approximation
algorithms, most notably DMD [28] and EDMD [29].

The attractiveness of Koopman methods in SHM is manifold. First, they give a principled, mathe-
matical way of handling nonlinear structural dynamics without giving up the analytical tractability of
linear systems. Second, the spectral characteristics of the Koopman operator, its eigenvalues and eigen-
functions, contain information on global dynamics of the system, such as frequencies, decay rates, and
spatial patterns, which represent natural features related to system damage [30,31]. Third, Koopman-
based methods are basically data-driven methods while still preserving meaningful relationships to
physical dynamics, which may provide the interpretability that is missing in approaches based on
pure machine learning. Fourth, recent developments in deep learning have led to automatic discovery
of Koopman-invariant observables, which does not require the use of manual feature engineering and
retains the linear evolution structure [32].

Through a systematic claim-support-critique analysis of the reviewed literature, we identify five
important research gaps that currently limit the adoption of Koopman methods in practical SHM
systems. First, there is a notable absence of damage-sensitive observable functions (dictionaries)
specifically tailored for structural damage detection; existing approaches predominantly employ
generic polynomial or radial basis function dictionaries without exploiting domain knowledge. Second,
current Koopman learning frameworks lack systematic integration of structural mechanics constraints,
such as stability, energy conservation, and modal orthogonality, leading to physically inconsistent
models. Third, a quantitative mapping from Koopman spectral changes (∆λ) to physical damage
parameters (e.g., stiffness reduction ∆k, crack length) remains largely unexplored, restricting most
studies to Level 1 (damage detection) rather than Level 3 (damage quantification) in Rytter’s hierarchy
[33]. Fourth, the literature lacks standardized benchmarking on established SHM datasets, making
cross-study comparisons difficult and hindering objective assessment of method performance. Fifth,
real-time implementation strategies for online Koopman-based SHM remain underdeveloped, with
most studies focusing on offline batch processing rather than continuous monitoring scenarios. These
gaps motivate our proposed hybrid physics-data framework presented in Section 5.
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This review is intended as an overview as well as a critical analysis of the Koopman operator
methods in the framework of SHM, and it is intended both as a resource for other researchers who are
new to the field and as a synthesis of the state-of-the-art for experienced practitioners. We organize
our review thematically in the following way: (Section 2): We describe the PRISMA-guided systematic
search methodology of the literature from 2010 to 2025. (Section 3):We present the mathematical
foundations of traditional SHM methods, Koopman operator theory, and data-driven approximation
algorithms like DMD and EDMD. (Section 4): We critically evaluate current applications using a
claim-support-critique approach in civil infrastructure, mechanical systems, and aerospace structures.
(Section 5): We examine the emerging field of physics-informed Koopman learning and physics-data
fusion strategies. (Section 6): We pinpoint significant research deficiencies and elucidate how hybrid
Koopman frameworks can mitigate these shortcomings. In Section 7, we summarise the principal
findings and formulate priority research questions for the field.

By synthesising and critically evaluating the literature in this manner, we trace the evolution of
Koopman-based SHM methods, assess the current state of the field, and identify the research questions
that remain open. In doing so, we establish a foundation for future research into hybrid frameworks
capable of advancing damage detection, localization, and quantification

1931 2005 2010 2015 2018 2020 2025
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Figure 1. Timeline of Koopman operator methodology development and its application to structural health
monitoring. The field evolved from Koopman’s foundational operator theory (1931), through Mezić’s revival
connecting spectral analysis to dynamical systems (2005), to Schmid’s introduction of DMD (2010). Recent
advances in deep learning (2018–present) have enabled data-driven Koopman learning, while physics-informed
approaches are emerging as the state-of-the-art. This review synthesizes SHM applications from 2010 to 2025 and
proposes a hybrid framework integrating these developments.

2. Review Methodology
This systematic review was performed in accordance with the PRISMA guidelines [35], to ensure

transparency, reproducibility, and comprehensiveness. The period of time covered in this review starts
from 2010 and extends to 2025 and includes the theoretical renaissance of Koopman operator methods
that was awakened by DMD Schmid [28] and also extends to the latest research in hybrid physics-data
methods.

2.1. Study Selection and Data Extraction

The selection process had three phases: title/abstract screening, full-text assessment, and quality
appraisal. Two reviewers independently assessed studies at each stage, with disagreements resolved
through discussion. Database searches yielded 847 records, which were augmented by 89 additional
records discovered through forward and backward citation searches, culminating in a total of 936
records. Following the removal of 401 duplicates, 535 unique records underwent title and abstract
screening. Of these, 332 were deemed irrelevant and subsequently excluded, leaving 203 for full-
text assessment. In accordance with the eligibility criteria, 136 articles were excluded after full-text
evaluation (54 due to a lack of SHM focus, 53 because of insufficient methodological detail, and 29

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0780.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0780.v1
http://creativecommons.org/licenses/by/4.0/


5 of 30

representing duplicate content), thereby resulting in the inclusion of 67 studies in the final qualitative
synthesis.

Table 1. Systematic search strategy

Component Search Terms
Group A (Koop-
man/ DMD)

“Koopman operator” OR “Dynamic Mode Decomposition” OR “DMD”
OR “Extended DMD” OR “EDMD” OR “Koopman eigenfunction” OR
“Koopman mode”

Group B (SHM) “structural health monitoring” OR “damage detection” OR “damage
identification” OR “condition monitoring” OR “fault diagnosis” OR
“vibration-based” OR “modal analysis”

Group C (Do-
main)

“civil structure” OR “bridge” OR “building” OR “mechanical system”
OR “aerospace” OR “infrastructure” OR “nonlinear dynamics”

Combined query: (Group A) AND (Group B OR Group C). Databases searched: Scopus, Web
of Science, IEEE Xplore, Google Scholar. Supplemented by forward and backward citation
searching of seminal papers.

For each study, we gathered bibliographic details about the publication, its application area
(civil, mechanical, or aerospace engineering), the specific type of structure, the Koopman or DMD
variant used, the observable dictionary chosen, the types of damage considered, the validation method
(simulation, laboratory, or field), the main findings, and any limitations mentioned. This data was then
used for our thematic analysis and critical synthesis.

Table 2. Eligibility criteria for study inclusion and exclusion

Inclusion criteria
IC1 Published in peer-reviewed journals, conferences, or doctoral dissertations be-

tween 2010 and 2025
IC2 Written in English
IC3 Applied Koopman operator theory, DMD, or closely related spectral methods to

structural or mechanical system analysis
IC4 Addressed damage detection, health monitoring, condition assessment, or prog-

nostic objectives
IC5 Provided sufficient methodological detail for critical evaluation
Exclusion criteria
EC1 Fluid dynamics applications without structural relevance
EC2 Purely theoretical developments not applied to physical systems
EC3 Duplicate publications or extended abstracts of already included full papers
EC4 Non-peer-reviewed material (e.g., preprints without subsequent publication)

In total, 67 publications met all inclusion criteria and were retained as primary studies in the
qualitative synthesis. The final reference list contains 97 entries, because in addition to these 67
Koopman/DMD-based SHM studies, we also cited foundational works on structural health monitoring,
Koopman operator theory, dynamic mode decomposition, physics-informed learning, and benchmark
datasets that provide conceptual and methodological context but do not themselves satisfy the inclusion
criteria for the systematic review
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Figure 2. PRISMA flow diagram illustrating the systematic literature search and selection process for Koopman
operator methods in structural health monitoring (2010–2025). A total of 936 records were identified before
deduplication; after removal of 401 duplicates, 535 unique records were screened, leading to 67 studies included
in the qualitative synthesis.
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Figure 3. Distribution of the 67 reviewed Koopman/DMD-based SHM studies by application domain (left) and
publication year (right). Civil infrastructure applications dominate the literature (58%), followed by mechanical
systems (35%), with aerospace applications notably underrepresented (7%). The publication trend shows acceler-
ating interest since 2018, coinciding with advances in deep learning-based Koopman methods.

2.2. Thematic Organization

After data extraction, we grouped the literature based on the development and diversification of
Koopman methods in SHM into the following thematic groups:

1. Foundational Methods: Processes that have established DMD/EDMD algorithms and theoretical
properties
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2. Civil Infrastructure Applications: Bridges, buildings, towers, and other infrastructure structures
on large scale

3. Mechanical Systems: Rotating machinery, gearboxes, bearings, industrial equipment
4. Aerospace Structures: Aircraft parts, space vehicles and aerospace structures
5. Hybrid Approaches: Physics-informed learning, constrained optimization, multi-fidelity ap-

proaches
6. Deep Learning Integration: Neural network-based Koopman embeddings & auto-encode neural

network architectures

For each theme, we used a Claim-Support-Critique, or C-S-C, methodology to avoid bias in
evaluation; that is, we tried to identify the central claims of each article, the evidence used to support
the claims, and the critical evaluation of the limitations and open questions.

Table 3. Representative studies applying Koopman/DMD methods to structural health monitoring

Authors Year Domain Method Structure Validation

Peng et al. 2022 Civil EDMD Frame build-
ing

Numerical

Deng et al. 2025 Civil Koopman Cable-stayed
bridge

Field data

Colombo et al. 2025 Civil DMD Beam Laboratory
Climaco et al. 2023 Mechanical mrDMD Wind turbine

gearbox
Numerical

Ma et al. 2023 Mechanical Adaptive
DMD

Rolling Bear-
ing

Benchmark data

Dang et al. 2018 Mechanical Improved
DMD

Rolling bear-
ing

Benchmark data

Bruder et al. 2021 Robotics Deep Koop-
man

Soft robot Laboratory

3. Theoretical Background
This section proves the theoretical bases required to understand Koopman operator methods in

SHM. We start by introducing traditional methods of SHM and the limitations associated with them,
followed by a brief introduction of the mathematical framework of Koopman theory, and end with
data-driven approximation algorithms.

3.1. Traditional Structural Health Monitoring: Methods and Limitations
3.1.1. The SHM Hierarchy

Structural health monitoring is classically represented by a hierarchical process that contains four
levels of increasing complexity [33]:

1. Level 1—Detection: Estimation of existence of damages in the structure
2. Level 2—Localization: Possible location(s) of the damage identified
3. Level 3—Quantification: Determination of extent or severity of damage
4. Level 4—Prognosis: Prediction of the remaining useful life

This hierarchy indicates an increase in demands for information: in Level 1, it is only required to
identify the object (damaged/undamaged); in Level 4, it is needed to understand fully the dynamics
of the damage evolution. Most of the methods that currently exist tackle Levels 1 and 2, with Levels 3
and 4 being critical open challenges [1].

3.1.2. Model-Based Methods

Model-based SHM approaches rely on physics-derived models, typically through finite element
models (FEM) of the structure under investigation. The basic paradigm is comparing the measured
and predicted dynamic properties and attributing discrepancies to damage [36]. Model updating
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techniques aim at iterating model parameters (stiffness, mass, and damping) to reduce a difference
between predicted and measured modal properties [37,38]. As the changes in the required parameter
increase beyond reasonable environmental impacts, damage is assumed.

The strengths of model-based approaches are that they are physically interpretable, damage
localization can be done using parameter maps, and the theoretical base of the approach (structural
mechanics) is solid. There are several limitations, however, that limit their practical applicability:

• Model uncertainty: In practice, real structures are inevitably different from the idealized repre-
sentations that are used in finite element simulations because of construction tolerances, material
variabilities, approximations of boundary conditions, and the omission of one or more com-
ponents [39]. The propagation of such parameter uncertainties through coupled multi-field
models has been shown to produce considerable scatter in both forward predictions and inverse
identification results [40,41].

• Computational cost: High-fidelity FEM updating for large civil structures might be computation-
ally too expensive, especially for real-time monitoring applications [42]. Even moderately complex
coupled thermo-hydro-mechanical simulations require parallel computation strategies and op-
timized sparse storage schemes to remain tractable [43], and the repeated model evaluations
needed for probabilistic sensitivity analyses further compound this burden [44].

• Nonlinearity handling: Standard FEM updating is based on the assumption that the structure
behaves linearly, which restricts its application to structures showing notable nonlinear response
[45]. Extending model-based identification to coupled nonlinear settings, such as thermo-hydro-
mechanical problems in masonry dams, demands substantially more sophisticated formulations
and solver strategies [43], while the reconstruction of nonlinear deformations in thin shell struc-
tures introduces additional geometric complexities into the inverse analysis [46].

• Ill-posedness: The inverse problem of inferring distributed damage from limited modal mea-
surements of an object can often be ill-posed, with multiple damage configurations potentially
yielding similar modal changes [47]. This difficulty persists in multi-field inverse problems such
as crack identification in hydro-mechanically coupled systems, where regularizing iterative meth-
ods must be applied to obtain stable reconstructions [48]. Optimal experimental design strategies
have been proposed to mitigate this ill-posedness by maximizing the information content of the
available measurements [49].

3.1.3. Data-Driven Methods

Data-driven SHM treats damage detection as a pattern recognition problem, and the discrimina-
tive features are learned directly from the sensor measurements without any explicit physics models
[2,16]. Classical approaches involve the use of statistical process control on extracted features, time-
series modeling (ARIMA and AR), and machine learning classifiers (SVM and random forests) [50,51].
More recently, deep learning architectures have achieved state-of-the-art performance over benchmark
datasets [20,52].

Data-driven methods have some appealing properties: they can find small patterns that are
invisible to physics-based analysis, they can be scaled to high-dimensional sensor networks, and they
do not require any previous structural model. However, there are still major limitations, as deep
learning models offer limited insight into why a damage indication was generated, which reduces trust
in safety-critical contexts [53]. Models trained under particular conditions often fail when deployed
on different structures or under shifted operating envelopes [54], and even on a single experimental
structure, environmental variability can mask or mimic damage trends [55]. Supervised approaches
further require labeled damage examples that are rarely available for civil structures where damaging
tests are impractical [56]. Also, Pure data-driven models can learn spurious correlations or make
predictions that do not adhere to physical constraints [24]
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3.1.4. The Need for Hybrid Approaches

The complementary limitations of model-based and data-driven approaches lead to the motivation
of hybrid ways of integrating the strengths of the two paradigms. Physics-informed machine learning
in particular has become a promising research direction where physical constraints, equations, or
prior knowledge are included in the data-driven algorithms [24,57]. In the context of computational
mechanics, this idea has been realized through deep energy methods that use variational principles as
the loss function for neural network training, enabling the solution of forward and inverse problems
across linear elasticity, hyperelasticity, and fracture mechanics without the need for labeled data
[58]. Transfer learning strategies have further extended the applicability of such physics-informed
architectures by allowing models trained on one physical configuration to be efficiently adapted to new
loading or damage scenarios [59]. Koopman operator theory is one way to explain such hybridization
that provides a principled mathematical structure (linearity in observable space) but is ultimately
data-driven in implementation.

3.1.5. Koopman Operator

Consider a discrete-time dynamical system defined by the map F : M → M, where M ⊆ Rn is
the state space:

xk+1 = F(xk), xk ∈ M (1)

Rather than tracking the evolution of states x instead Koopman theory tracks the evolution of
observables—scalar-valued functions g : M → C belonging to some function space F . The Koopman
operator K : F → F is defined by its action on observables:

Kg(x) = g ◦ F(x) = g(F(x)) (2)

The operator K advances any observable function by one time step along the flow of the dynamical
system. Critically, K is linear even when F is nonlinear:

K(αg1 + βg2) = αKg1 + βKg2, ∀α, β ∈ C, g1, g2 ∈ F (3)

This linearity constitutes the basic fact in Koopman theory: the price paid for linearization is
infinite-dimensionality, as K acts on a function space rather than a finite-dimensional state space
[30,31].

For continuous-time systems ẋ = f(x), an analogous construction yields the Koopman generator
L, satisfying Lg = ∇g · f, with the Koopman operator recovered Kt = etL for flow time t.

3.1.6. Spectral Properties

The spectral decomposition K gives profound information on the dynamics of the system. An
eigenfunction φj : M → C is such that:

Kφj = φjλj, (4)

where λj ∈ C is the corresponding eigenvalue. The evolution of eigenfunctions is simply under the
dynamics:

φj(xk) = λk
j φj(x0), (5)

For many systems of interest, it is possible to expand an observable, g, in Koopman eigenfunctions:

g(x) =
∞

∑
j=1

φj(x)vj, (6)
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where vj are the Koopman modes associated with observable g. The time evolution then becomes

g(xk) =
∞

∑
j=1

λk
j φj(x0)vj. (7)

This decomposition is similar to modal expansion in the linear case but is applied globally to
nonlinear dynamics. The eigenvalues capture temporal behavior: |λj| represents the growth/decay
rates and arg(λj) represents the oscillation frequencies [31,60].

Nonlinear State Space M

x1

x2

xk+1 = F(xk)

(Nonlinear, finite-dim.)

Lift via Ψ

x 7→ Ψ(x)

Observable Space F

ψ1

ψ2

Ψk+1 = KΨk

(Linear, high-dim.)

The Koopman operator K “lifts” nonlin-
ear dynamics into a linear representation

by evolving observable functions rather than state variables.

Figure 4. Conceptual illustration of the Koopman operator framework. Left: Trajectories in the original nonlinear
state space exhibit complex, curved paths. Right: Through the lifting map Ψ, these same trajectories become linear
in the high-dimensional observable space, governed by the linear operator K.

3.1.7. Relevance to Structural Dynamics

In the case of linear structural systems, Koopman eigenfunctions include classical normal modes
but are not limited to them, and the eigenvalues are modal frequencies and damping ratios. In the case
of nonlinear systems, Koopman analysis can capture more information: nonlinearity-induced harmon-
ics are represented by new eigenfunctions, quasi-periodic responses to nonlinearity are represented by
new eigenvalues on the unit circle with insufficient phases, and chaotic dynamics are represented by
continuous spectra [30].

This relation to modal analysis is what renders Koopman theory especially important in SHM.
Changes caused by damage, either linear (reduced stiffness) or nonlinear (crack breathing, loose
joints) will change the Koopman spectrum in predictable ways. A reduction of the stiffness reduces
the modal frequencies; the new spectral components are introduced by the emerging nonlinearity.
Using Koopman eigenvalues and modes to monitor damage, it is possible to potentially detect and
characterize damage more sensitively than classical linear modal analysis.

3.2. Data-Driven Approximations: DMD and EDMD

Since K is infinite-dimensional, practical applications require finite-dimensional approximations
constructed from measurement data.
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3.2.1. Dynamic Mode Decomposition (DMD)

Schmid proposed a data-driven technique to approximate Koopman operator; this technique
is known as Dynamic Mode Decomposition [28]. Given a sequence of m snapshots {y1, y2, . . . , ym}
where yk ∈ Rn, DMD seeks the best-fit linear operator A satisfying

yk+1 ≈ Ayk (8)

Organizing the snapshots in matrices: Y = [y1, . . . , ym−1] and Y′ = [y2, . . . , ym], the DMD solution
is:

A = Y′Y† (9)

where Y† denotes the Moore-Penrose pseudoinverse. The eigenvalues µj of A approximate Koopman
eigenvalues and corresponding eigenvectors provide DMD modes representing spatial coherence
patterns depending on the dictionary completeness [61].

Computational efficiency is also obtained with high-dimensional data by SVD-based projections.
Exact DMD and optimized variants have been developed to handle noise, missing data, and streaming
applications [62,63].

3.2.2. Extended Dynamic Mode Decomposition (EDMD)

Standard DMD implicitly assumes the identity map as the observable, which is inadequate for
strongly nonlinear systems. To mitigate this, Extended DMD, which [29] formulated as such, employs
a dictionary of observable functions Ψ(x) = [ψ1(x), ψ2(x), . . . , ψN(x)]T .

Considering data pairs of the form: {(xk, xk+1)}m
k=1, EDMD finds the matrix K ∈ RN×N minimiz-

ing:

min
K

m

∑
k=1

∥Ψ(xk+1)− KΨ(xk)∥2 (10)

The solution is given by:
K = G†A (11)

where G = 1
m ∑m

k=1 Ψ(xk)Ψ(xk)
T and A = 1

m ∑m
k=1 Ψ(xk)Ψ(xk+1)

T .
The most frequent examples of dictionaries are polynomials, radial basis functions (RBFs), Fourier

modes, and time-delay embeddings [29,64]. The dictionary used has a critical influence on the quality
of approximation; namely, if Ψ spans a near-invariant subspace under K, the finite-dimensional K
accurately captures the dominant Koopman spectrum.

3.2.3. Deep Learning Extensions

Rather than manually designing dictionaries, deep learning approaches learn optimal observables
automatically. The seminal work of Lusch et al. [32] employs an autoencoder architecture where the
encoder E : Rn → Rp maps states to a latent representation z = E(x), constrained to evolve linearly:

zk+1 = Kzk (12)

The decoder D : Rp → Rn reconstructs states from latent codes. Training minimizes a combined
loss:

L = ∥x − D(E(x))∥2︸ ︷︷ ︸
reconstruction

+ ∥E(xk+1)− KE(xk)∥2︸ ︷︷ ︸
linear dynamics

+ ∥xk+1 − D(KE(xk))∥2︸ ︷︷ ︸
prediction

(13)

This encourages the network to discover a coordinate system where dynamics are linear and
learns Koopman-invariant observables [65–67].
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Figure 5. Comparison of traditional operational modal analysis (top) and Koopman mode decomposition (bottom)
for structural health monitoring. The Koopman approach captures nonlinear phenomena such as higher harmonics
and mode interactions that linear methods inherently miss, potentially yielding enhanced damage sensitivity.

4. Applications of Koopman Methods in Structural Health Monitoring
This section critically evaluates the use of Koopman operator techniques in SHM in the civil

infrastructure, mechanical systems, and aerospace structures. We will use a Claim-Support-Critique
(C-S-C) approach to offer a fair evaluation of any study area that we have.

4.1. Civil Infrastructure: Bridges, Buildings, and Large-Scale Structures

The complex dynamic behavior of civil structures is due to the operational loads (traffic, wind,
pedestrians), environmental effects (temperature, humidity), aging mechanisms (corrosion, fatigue),
and structural nonlinearities. The Koopman method used in monitoring civil infrastructure is in its
infancy but has a lot of potential.

4.1.1. Phase-Space Embedding and Stochastic Koopman Operators

Peng et al. [68] introduced a pioneering study to examine the use of phase-space reconstruction
with Koopman operator theory in the evaluation of damages under stochastic excitations. In the
context of the study conducted by Peng et al., time-delay embedding is used to reconstruct the attractor
of the structural response of the single-channel acceleration data and is followed by EDMD to compute
a finite-dimensional Koopman approximation.

The phase-space embedding method allows the decoupling of intrinsic and stochastic input
system dynamics, and Koopman eigenvector variations can provide robust damage indicators even
when the system is driven by ambient excitation.

The paper has proven the ability of successful damage detection in simulated multi-story frame
buildings with breathing nonlinearity of cracking. Koopman eigenvalues of fundamental modes
were observed to shift (2-5 percent) with the introduction of damage, and new eigenvalues were
observed due to the harmonic generation of nonlinear behavior of cracks. The Koopman approach was
more robust to noise and identified damage at earlier stages as compared to the traditional frequency
identification in the FFT.

Nevertheless, these findings are limited by a number of limitations limiting external validity.
To begin with, the research was based on numerical simulation only, and idealized damage models
were used; experimental or field validation was not conducted. Second, the decision on embedding
dimension and delay parameters was made in an ad hoc manner without logical optimization. Third,
the relation between Koopman eigenvalue changes and physical damage parameters (magnitude of
stiffness reduction, crack extent) is restricted to Level 1 or 2.

4.1.2. Cable Force Estimation in Bridge Networks

Notably, Deng et al. [69] used the Koopman theory to predict the forces in cables in cable-stayed
bridge networks by taking advantage of the spatiotemporal correlation between cables. The method
regarded the cable network as a coupled dynamical system and used higher-order derivatives of
vibration signals as observables to linearize inherently nonlinear cable dynamics According to them,
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Koopman-based modeling is able to model cable tension forces on the same level of accuracy even
with incomplete sensor coverage and is able to compute such models more efficiently than time-series
methods.

The approach delivered correlation coefficients that were greater than 0.99 between estimated and
measured cable forces with computation times that were about 20% lower than competing methods.
The Koopman model was very successful in spreading information over the cable network, and the
information can be estimated at locations that are not monitored at all, i.e. the capability is in itself
very relevant to SHM where extensive instrumentation is not always realistic.

While demonstrating impressive performance metrics, this study involved the use of data im-
putation as opposed to direct damage detection. Although the results clearly showed high levels of
performance in terms of performance metrics. This capability to identify the presence of abnormal
behavior in cables (e.g., the abrupt loss of tension and failure) was implied but not directly tested.
Besides, the effectiveness of environmental effects (tension changes due to environmental factors) on
the fidelity of Koopman models was not considered.

4.1.3. Vision-Based DMD for Modal Identification

Emerging literature has examined non-contact structural monitoring by coupling a computer
vision sensor with DMD analysis. It has been shown that DMD used on high-speed video sequences
can capture modal parameters similar to those obtained with accelerator-based measurements as
well as DMD measurements of acceleration, angular momentum, and torque in specific situations,
like component handling on a conveyor belt, manufacturing plants, and car and motorcycle chassis
[70,71]. The observables are pixel intensities, giving information about the spatial deformation patterns
represented by DMD modes, and eigenvalues, giving information about frequency distributions.

They claim that vision-based DMD allows widespread full-field modal detection without any
physical instrumentation, with which localized damage might be detected based on high-resolution
mode shape representations.

Although DMD on video data has been applied to beam structures, laboratory experiments have
demonstrated that the initial few modes of bending can be identified with frequency errors of less
than 2% relative to reference sensors. The mode shapes in reconstructions of the spatial mode of DMD
display local variations at locations of damage [72].

Nonetheless, vision-based methods have serious difficulties being deployed to the field: changes
in lighting, camera motion, occlusion, and processing of high-resolution video are expensive. The
detectability of minor emerging damage is also unknown, with the detectability of mode shape
variation being minor compared to the noise of measurements.

4.2. Mechanical Systems: Rotating Machinery and Gearboxes

Mechanical systems, especially rotating machinery, possess very complicated dynamics that
comprise parametric excitation and varying operational circumstances. Such fault diagnosis methods
as Koopman-based methods have been developed.

4.2.1. Multi-Resolution DMD for Gearbox Monitoring

The authors of the work by Climaco et al. [73] used multi-resolution DMD (mrDMD) to detect
gear tooth damage in wind turbine gearboxes. The mrDMD algorithm is a hierarchical decomposition
algorithm, and it is appropriate for machinery with different loads and speeds, as it breaks down the
dynamics in multiple time scales.

mrDMD is a good isolating approach to detect damaged signatures in non-stationary oper-
ational variability and turbulent excitation, whereas traditional spectral analysis detects faults in
non-stationary flow.

Interestingly, mrDMD was applied to simulated gearbox vibration data with realistic winds
obtained with turbulence, where it was successful in extracting a DMD mode at the tooth mesh
frequency, which exhibited different amplitude changes between healthy and damaged conditions.
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The hierarchical decomposition allowed the separation of slow modulation by the wind and the fast
gear mesh dynamics.

One potential flaw Is that the investigation employed simulated data with known damage
characteristics; the performance on data with uncertain states of damage has not been established yet.
The calculation cost of mrDMD in continuous monitoring on the Internet was not compared.

4.2.2. Bearing Fault Diagnosis

DMD variants have been used in several studies to apply them to diagnostics of rolling element
bearings propagation diagnostics [74,75]. Bearings will have standard defect frequencies based on
geometry and speed of rotation; the damage will also introduce impulses activating the defect frequen-
cies. Vibration signals on DMD may be split out into modes of defect frequency, and the magnitude of
the eigenvalues is a measure of the severity of the fault.

It is clear that DMD-based features are effective for bearing fault detection across varying load and
speed conditions, particularly in scenarios where traditional envelope analysis encounters difficulties
due to non-stationary operating conditions.

Notably, Ma et al. [74] developed an adaptive DMD (ADMD) method for compound fault diagno-
sis in rolling bearings, demonstrating successful decoupling of multiple simultaneous fault signatures.
The method achieved reliable fault identification on both simulated signals and experimental data
from bearing test rigs. Cai et al. [76] combined adaptive DMD with genetic algorithm-optimized
support vector machines (GA-SVM) for planetary bearing fault classification, achieving 96.43% clas-
sification accuracy across four bearing states (inner ring fault, outer ring fault, rolling element fault,
and normal condition), outperforming both empirical mode decomposition (EMD) and convolutional
neural network (CNN) approaches on the same dataset. Dang et al. [75] introduced an improved DMD
algorithm with optimal rank truncation and hierarchical mode selection, successfully extracting fault
characteristics from noisy bearing signals where conventional spectral methods failed.

While these results are promising, several limitations warrant consideration. The majority of DMD-
based bearing studies utilize standard benchmark datasets (CWRU, IMS, Paderborn University) with
artificially seeded faults under controlled laboratory conditions. The performance of these methods
on naturally developing faults under industrial noise conditions, variable speeds, and fluctuating
loads remains less thoroughly validated. Additionally, most studies focus on fault detection and
classification rather than establishing quantitative relationships between DMD spectral features and
physical damage parameters such as crack depth or spall area.

4.3. Aerospace Structures and Control-Oriented Applications

Aerospace systems require highly reliable monitoring and strong weight requirements, so efficient,
explainable algorithms are of interest. Although most of the work on aerospace SHM with Koop-
man methods specifically is absent, other related efforts in control and robotics provide transferable
information.

Aerospace structural health monitoring represents a domain where Koopman-based methods
remain notably underexplored, despite the significant potential benefits. The aerospace industry faces
unique challenges that could benefit from advanced data-driven approaches: composite structures
with complex failure modes [77], stringent weight and real-time computational constraints, and the
need to detect barely visible impact damage (BVID) before it propagates to critical failure [78].

4.3.1. Koopman-Based Control and Prediction

Koopman methods have been applied extensively in model predictive control (MPC) of nonlinear
systems [26,79,80]. The central advantage is straightforward: once a linear Koopman model has been
constructed, standard linear MPC techniques can be applied directly to nonlinear plants [32]. In
aerospace contexts, this enables real-time trajectory optimization and fault-tolerant control without the
computational overhead of repeatedly solving nonlinear programming problems.
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In the robotics and control literature, Koopman-based approaches have proved effective for soft
robots and flexible structures that exhibit significant geometric nonlinearity [80]. These systems share
important characteristics with aerospace composite structures, where damage-induced nonlinearities
such as delamination breathing or control surface freeplay may manifest as detectable changes in the
Koopman spectrum [81].

Translating these methods from controlled laboratory settings to operational aerospace structures,
however, raises several challenges that must be acknowledged. Aircraft operate under coupled aero-
thermo-structural loads with far greater variability than most civil infrastructure, and environmental
compensation techniques developed for bridges and buildings [12] cannot be assumed to transfer
directly to such extreme operating envelopes. Aerospace composites also exhibit multiple interacting
failure mechanisms, including matrix cracking, delamination, and fiber breakage, which may require
specialized observable dictionaries tailored to these damage modes [29,78]. From a regulatory perspec-
tive, aviation authorities such as the FAA and EASA demand rigorous validation of any SHM system,
including demonstration of probability of detection (POD) curves, and this level of validation has not
yet been achieved for Koopman-based approaches [82]. Finally, onboard SHM systems must operate
within strict power and computational budgets, which places additional constraints on the complexity
of any Koopman algorithm deployed in flight.

Despite these challenges, several promising avenues exist for advancing Koopman-based
aerospace SHM. DMD analysis of strain or acceleration data from wing-mounted sensors could
detect stiffness degradation associated with fatigue crack growth or disbonding [83], and the modal
character of Koopman analysis aligns naturally with flutter monitoring requirements [26]. Combining
Koopman methods with guided wave measurements, which are already well established in aerospace
SHM [84], could further improve damage localization capabilities for composite panels. At a system
level, Koopman operators could serve as reduced-order models within digital twin frameworks [85],
supporting real-time structural state estimation and remaining useful life prediction [83]. Unmanned
aerial vehicles represent a particularly attractive initial application domain, since their less stringent
certification requirements relative to manned aircraft would allow Koopman-based SHM concepts to
be validated under realistic flight conditions before being scaled to larger platforms.

5. Hybrid Koopman Approaches: Integrating Physics with Data-Driven Learning
As noted in the review above, it can be seen that purely data-driven Koopman approaches are

promising and have challenges, including physical inconsistency, limited interpretability, and uncertain
damage quantification. The use of hybrid solutions that bring physics-based knowledge to Koopman
learning is a new area of research with high potential application in SHM.

The methods presented in this section have been developed and validated in adjacent fields,
primarily fluid dynamics, control theory, and general dynamical systems modeling. Their application
to structural health monitoring remains largely unexplored. We synthesize these existing techniques
here and articulate how they can be adapted to the SHM context, drawing on the structural mechanics
constraints and damage detection requirements identified in the preceding sections. Where we present
mathematical formulations, these represent adaptations of established methods to the SHM setting
rather than novel algorithmic contributions.

5.1. Physics-Informed Koopman Learning

Physics-informed models incorporate physical constraints, equations, or priors within the Koop-
man operator learning procedure and conditions, ensuring that identified models respect known
structural behavior.

5.1.1. Stability-Guaranteed Learning

Pan and Duraisamy [34] introduced a physics-informed framework for learning Koopman embed-
dings with guaranteed stability. In the case of autonomous systems, stability requires that all Koopman

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0780.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0780.v1
http://creativecommons.org/licenses/by/4.0/


16 of 30

eigenvalues satisfy |λj| ≤ 1 (discrete time) or Re(λj) ≤ 0 (continuous time). Data-driven methods can
fit unstable models without constraints because of noise, limited data, or limited dictionaries.

The suggested scheme parameterizes the Koopman matrix to provide structural stability, such as
by ensuring that eigenvalues are in the unit circle when factorized through a specified matrix. This
was applied to fluid dynamics problems and produced physically plausible models, which were stable
in long prediction times.

Implications for SHM: Structural systems become inherently stable (passive, energy-dissipating);
learned Koopman models should reflect this. The stability enforcement would help to exclude false
unstable modes on the false alarm and make sure that real instability (e.g., flutter onset) would be seen
as a constraint violation.

5.1.2. Constrained Optimization Formulations

Other physics-based types of constraints may be included in EDMD optimization besides stability:

• Symmetry: For geometrically symmetrical structures, Koopman modes are expected to appear
in symmetric pairs. This is implementable either by constrained optimization or by dictionary
design that is symmetrically designed [86].

• Energy conservation: The eigenvalues of lightly damped structures should be concentrated
around unity. Penalizing deviation from |λ| = 1 for identified modes can improve physical
consistency

• Modal orthogonality: In the event that mass-normalized mode shapes are provided by an FEM
baseline, orthogonality can be imposed almost in the learned Koopman basis by constraints.

5.2. Fusion of First-Principles Models with Koopman Learning

A particularly powerful hybrid approach incorporates physics-based models as priors, which are
subsequently refined or corrected through data-driven Koopman learning. This fusion leverages the
interpretability and physical consistency of first-principles models while exploiting the adaptability of
data-driven methods to capture unmodeled dynamics and system variations.

5.2.1. Regularized Koopman Optimization

The integration of physics priors into Koopman learning can be achieved through regularized
optimization formulations. A regularized EDMD formulation that penalizes deviations from a physics-
based prior is given by:

min
K

∥Ψ(X′)− KΨ(X)∥2
F + α∥K − Kprior∥2

F (14)

where Kprior represents a Koopman matrix derived from a physics-based model (e.g., a linearized
finite element model), and α > 0 controls the regularization strength. This regularized formulation
follows the general framework of constrained operator regression [34], here adapted to SHM by using
an undamaged FEM model as the physics prior. The first term ensures the model accurately represents
the observed data, while the second term, however, connects the learned operator to the basic physical
principles. This formulation encourages the trained operator to remain consistent with known physical
behavior while adapting to measured data.

Physics-informed Dynamic Mode Decomposition (PiDMD), a method that formalizes a related
approach, was developed by [87]. This method shows how fundamental physical principles, such
as conservation laws, symmetry, and stability constraints, can be directly included in the DMD
optimization process. Their formulation restricts the family of admissible models to a matrix manifold
M that respects the physical structure of the system:

min
K∈M

∥Ψ(X′)− KΨ(X)∥2
F (15)

where the manifold M encodes physical constraints such as energy conservation (unitary or orthogo-
nal matrices), self-adjointness (symmetric matrices), or shift-equivariance (circulant matrices). This
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constrained optimization can be cast as a Procrustes problem, admitting closed-form solutions for
many physically meaningful manifolds.

In the context of SHM, an undamaged finite element model could serve as the physics prior
Kprior. Under healthy operating conditions, the regularization term in Equation (14) would dominate,
yielding a learned operator close to the physics baseline. However, when structural damage occurs,
the data-driven approach would require adjustments to the previous model to accurately reflect the
observed behavior. These deviations are quantified through ∥K − Kprior∥F that provides a natural
damage indicator, with larger departures suggesting more significant structural changes. This approach
offers the dual benefit of producing predictions that are consistent with physical laws under normal
conditions, while also allowing for the sensitive detection of damage when unusual events occur..

5.2.2. Hybrid Observable Dictionaries

In lieu of using generic polynomial or RBF dictionaries, hybrid methods may divide observables
into data-driven and physics-based parts:

Ψ(x) =

[
Ψphys(x)
Ψdata(x)

]
(16)

Hybrid dictionaries of this form have been used implicitly in control applications [86]; we
formalize the concept here for damage-sensitive observable design.

Physics-based observables Ψphys may consist of modal coordinates calculated using known mode
shapes, strain energy content, or even kinematic values. The observed data-driven variables (which are
observables) Ψdata can be cited as learned features of the neural networks or adaptive basis functions.

This hybrid dictionary is such that the Koopman model directly captures known linear dynamics
(by using Ψphys) but it is allowed to have nonlinear or unmodeled effects (by using Ψdata). The value
of data-driven observables offers an interpretable indicator of the inadequacy of the model or change
of the system.

5.3. Deep Learning with Physical Constraints

Modern deep Koopman methods can include physics by changing the architectural design or loss
function modifications:

• Physics-informed loss terms: Adding penalty terms for energy non-conservation, constraint
violation, or deviation from known equilibria guides the network toward physically consistent
solutions [57].

• Equivariant architectures: Neural network architectures that uphold identified symmetries (e.g.,
rotation equivariance in rotationally symmetric architectures) reduce the hypothesis space and
enhance generalization, which is why they are called equivariant architectures [88].

• Residual learning: Residual learning trains networks to recall the difference between a physics
baseline and observations instead of the whole dynamic to exploit prior knowledge while allowing
modeling of random effects that do not change the model.

5.4. Insights from Hybrid Models in Structural Mechanics

Several research programs within computational structural mechanics have developed hybrid
physics-data strategies that, while not explicitly framed in Koopman terms, address the same fun-
damental challenge: combining the interpretability of physics-based models with the flexibility of
data-driven methods. These efforts provide both methodological precedents and concrete tools that
can inform the design of hybrid Koopman frameworks for SHM.
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Figure 6. Proposed hybrid Koopman framework for structural health monitoring. The framework integrates
physics priors from finite element models with sensor data streams through a hybrid observable dictionary
combining physics-based features (Ψphys mode shapes, strain energy) and data-driven features (Ψdata neural
network embeddings). Constrained EDMD or deep Koopman learning, identifies the Koopman operator while
ensuring physical consistency by enforcing constraints related to stability, symmetry, and energy conservation.
The output module links Koopman spectrum (∆λ) to physical damage parameters (∆k). Moreover, a feedback
loop allows the model to be updated adaptively as new data becomes available.

5.4.1. Inverse Analysis and Uncertainty Quantification

A prerequisite for any quantitative damage assessment is the ability to solve inverse problems
robustly under uncertainty. Lahmer [48] developed regularizing iterative methods for crack identifica-
tion in hydro-mechanically coupled gravity dams, demonstrating that stable damage reconstruction
is achievable even when the forward problem involves multi-field coupling. Subsequent work on
optimal experimental design for nonlinear ill-posed problems [49] showed that the information content
of sensor measurements can be maximized through systematic sensor placement, a concept directly
transferable to the selection of Koopman observables. If the observables used in EDMD are chosen to
maximize sensitivity to damage parameters, the resulting Koopman operator will be better conditioned
for inverse damage mapping.

The treatment of uncertainty in inverse problems has been advanced through both global and
local sensitivity analyses for coupled thermo-hydro-mechanical problems [40], uncertainty assessment
in masonry dam damage detection [41], and probabilistic sensitivity frameworks for computationally
expensive models [44]. These methods quantify how parameter uncertainties propagate through
forward models, information that is essential for calibrating the regularization strength α in the hybrid
Koopman formulation of Equation (14).

5.4.2. Frequency-Based Damage Identification Under Uncertainty

Alkam and Lahmer’s research on eigenfrequency-based Bayesian damage identification in cate-
nary poles [18] offers a direct connection between traditional vibration-based structural health mon-
itoring (SHM) and the Koopman spectral framework discussed in this review. Their methodology
estimates both the location and severity of damage by analyzing shifts in measured eigenfrequen-
cies, employing transitional Markov Chain Monte Carlo sampling to explicitly quantify posterior
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uncertainty in the inferred parameters. A complementary monitoring strategy for the same class of
structures [19] demonstrated that robust status classification is achievable under field conditions using
unified damage indices derived from multiple vibration features.

The connection to Koopman methods is immediate: Koopman eigenvalues generalize the concept
of eigenfrequencies to the nonlinear setting. A Bayesian inference framework analogous to that of
Alkam and Lahmer, but operating on Koopman eigenvalues rather than linear natural frequencies,
would constitute a principled approach to the spectral-to-physical damage mapping identified as
Gap 3 in Section 6. The posterior distributions over damage parameters would naturally account for
measurement noise, environmental variability, and modeling uncertainty.

5.4.3. Sensor Integration and Deployment Challenges

The feasibility of any SHM framework depends ultimately on the quality and reliability of the
underlying sensor data. Walther and colleagues [23] examined the practical difficulties associated
with integrating RFID sensors within reinforced concrete for streamlined structural health monitoring,
pinpointing electromagnetic shielding caused by the reinforcement cage as a significant impediment.
Alkam et al. subsequently investigated distributed fiber optic sensing (DFOS) for damage detection
in civil structures, illustrating that spatially continuous strain measurements can reveal damage
signatures that discrete accelerometer networks might overlook.

These sensor-level considerations have direct implications for Koopman-based SHM. The choice
of observable dictionary (Section 6) is constrained by what can be measured in practice: if only
acceleration data are available from a sparse sensor network, the Koopman observables must be
constructed from time-delay embeddings or derived features rather than from spatially resolved strain
fields. Conversely, if dense DFOS data are available, strain energy-based observables (Equation (18))
become directly computable, potentially enabling the physics-informed dictionaries advocated in this
review.

5.4.4. Explainability and Trust in Data-Driven SHM

For safety-critical infrastructure, the ability to explain diagnostic outcomes is not merely desirable
but a prerequisite for adoption by asset owners and regulatory bodies. Luckey et al. [25] examined how
explainable artificial intelligence (XAI) concepts can advance structural health monitoring, arguing
that interpretability must be designed into the monitoring pipeline rather than retrofitted onto opaque
models. The Koopman framework offers a natural pathway toward this goal: because the learned
representation preserves a linear evolution structure with physically meaningful eigenvalues (frequen-
cies, damping ratios), the diagnostic outputs are inherently more interpretable than those of generic
deep learning classifiers. The hybrid framework proposed in this review extends this advantage by
anchoring the learned operator to a physics baseline, ensuring that deviations from expected behavior
can be traced to specific physical mechanisms.

6. Research Gaps and Future Directions
Our systematic review reveals a diverse lack in the literature that needs to be addressed to achieve

the full potential of Koopman methods for SHM. We organize this analysis using the Claim-Support-
Critique methodology, stating each of the gaps and offering some suggestions for resolution.

6.1. Gap 1: Observable Dictionary Design for Damage Sensitivity

Most current Koopman and DMD implementations in structural health monitoring continue to
rely on generic observable dictionaries such as polynomials, radial basis functions, and time delays.
Experts argue that these bases are not optimized for damage sensitivity, which leaves the lifted
representation poorly equipped to highlight the subtle signatures that damage produces in vibration
responses or strain patterns.

Studies have shown that generic dictionaries need to contain a massive number of terms in order
to approximate the Koopman invariant subspaces, which brings the increase in computational cost and
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possibility of overfitting [29,89]. More seriously, however, the type of observables employed may not
be the most sensitive to damage-induced change, and physically motivated features, such as modal
strain energy or curvature, have been shown to exhibit better damage sensitivity in traditional SHM
[8].

As a result, there is no systematic methodology that exists for designing ‘ "damage-sensitive
dictionaries" where knowledge on physics and data-driven feature learning are combined. Research is
needed on:

• Hybrid dictionaries using strain energy, modal coordinates, and learning nonlinear features
• Sensitivity analysis between composition of dictionary and damage detectability
• Adaptive dictionary learning with a focus on damage-relevant dynamics

6.1.1. Strategies for Physics-Informed Observable Design

The selection of observables fundamentally determines the Koopman operator’s ability to capture
damage-sensitive dynamics. While generic dictionaries (polynomials, radial basis functions, Fourier
modes) have been successful in many dynamical systems, SHM applications require observables
specifically tuned to structural damage signatures. We outline several promising strategies:

Mode Shape-Based Observables

Classical SHM research has established that mode shape curvatures and derivatives are more sen-
sitive to localized damage than mode shapes themselves [7]. This insight can be directly incorporated
into EDMD dictionaries:

Ψcurvature =

{
∂2ϕi
∂x2 , i = 1, . . . , nmodes

}
(17)

where ϕi represents the i-th mode shape. For discretely sensed structures, curvatures can be ap-
proximated using central difference operators. Rucevskis et al. [90] demonstrated that mode shape
curvature methods can detect and localize damage in plate structures without baseline data, a property
highly desirable for operational SHM.

Strain Energy-Based Observables

Modal strain energy distributions concentrate at damage locations, providing natural damage
indicators [8]. Strain energy observables can be constructed as follows:

ψSE,i(x) = ϕ⊤
i Klocalϕi (18)

where Klocal represents the local stiffness contribution. Changes in these observable characteristics
after damage directly reflect local changes in stiffness.

Nonlinear Feature Observables:

Damage often introduces nonlinearity through mechanisms such as crack breathing or friction at
interfaces. Observables capturing these effects include

• Products of modal coordinates: ψij = qiqj (capturing mode coupling)

• Higher harmonics: ψ
(n)
k = sin(nωkt) (capturing harmonic generation)

• Time-frequency features: wavelet coefficients at damage-sensitive frequency bands

Sensitivity Optimization

Beyond intuition-driven observable selection, a systematic optimization approach can identify
maximally damage-sensitive dictionaries. Drawing on feature selection techniques from machine
learning, one can formulate the dictionary design as:

Ψ∗ = arg max
Ψ

S(Ψ;Dhealthy,Ddamaged) (19)
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where S is a sensitivity metric (e.g., Fisher discriminant ratio, mutual information) quantifying the
separability between healthy and damaged classes in the Koopman feature space. This sensitivity-
based formulation connects to established feature selection methodologies in pattern recognition [50]
and could leverage neural dictionary learning [32]..

6.2. Gap 2: Integration of Structural Mechanics Constraints

Without explicit structural mechanics constraints, learned Koopman operators frequently generate
non-physical behavior that no real passive structure could produce. Findings indicate that purely
data-driven EDMD/deep Koopman methods do not necessarily have a congruence with the principles
of structural mechanics, and this can lead to non-physical models. Research suggests that learned
Koopman operators, without clear restrictions, can have unstable eigenvalues and might not follow
the principle of reciprocity. And possibly predict energy generation for passive structures, all of which
are physically impossible for real structures [34]. With noise and limited data, these problems become
more severe.

Although physics-informed Koopman learning has been developed for system fluids, the system-
atic usage in structural mechanics contexts is still limited. Directions for the research include:

• stability-constrained EDMD for structural systems
• Incorporation of mass/stiffness matrix structure into learned operators
• Energy-preserving Koopman formulations for conservative systems

6.3. Gap 3: Quantitative Spectral-to-Physical Damage Mapping

Although damage consistently causes observable changes in Koopman eigenvalues, the field still
lacks any established, quantitative way to translate those spectral shifts back into physical damage
parameters. Studies have shown that Koopman eigenvalues change as damage occurs, yet no sufficient
methodology exists for quantitatively relating changes in spectra to physical damage parameters.
Although former work reports that damage leads to eigenvalue shifts [18,68,69], it does not present
functional relationships between the magnitude of spectral deviations and damage severity (e.g.,
percentage stiffness reduction).

Even in frequency-based approaches where Bayesian inference has been used to estimate damage
location and severity from eigenfrequency changes [18], the mapping remains indirect and structure-
specific rather than providing a general spectral-to-physical law. This confines Koopman methods
largely to Level 1 SHM (detection) rather than Level 3 (quantification).

Considering that the design of inverse mappings from Koopman spectral space to physical
parameter space is crucial in quantitative damage assessment, the research approach may include:

• Perturbation analysis to obtain Eigen sensitivity to localized changes in stiffness
• Bayesian inference frameworks of damage parameters from spectral observations
• Physics-regularized regression learning spectral-damage mappings from simulation data

6.4. Gap 4: Benchmarking & Comparative Validation

Rigorous, side-by-side comparisons between Koopman-based SHM approaches and established
alternatives remain conspicuously absent from the literature. Specifically, comparisons between
Koopman-based methods and other methods (traditional modal analysis, deep learning classifiers) are
still missing from rigorous and comparative studies.

For instance, most of the Koopman SHM studies report results by themselves with no method
of systematic comparison to baselines. Performance measures (detection rate, false alarm rate, and
localization accuracy) are inconsistently shown, making it difficult to objectively compare the benefit
of methods [17]..

However, community-wide benchmarking on standardized datasets with agreed metrics is
needed. This should include:

• Comparison on benchmarks for SHM (Z24 bridge, IASC-ASCE buildings)
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• Evaluation at different noise levels, levels of damage, and environmental conditions
• Computational Cost and real-time feasibility assessment

6.4.1. Established SHM Benchmark Datasets

The absence of standardized benchmarking represents a significant barrier to objective assessment
of Koopman-based SHM methods. We highlight several established benchmark datasets that should
be prioritized for future validation studies:

Z24 Bridge (Switzerland):

The Z24 highway bridge dataset [91,92] remains the most widely used civil SHM benchmark,
featuring

• Nearly one year of continuous ambient vibration monitoring
• 17 progressive damage scenarios applied before demolition
• Documented environmental effects (temperature-frequency relationships)
• Publicly available through KU Leuven

This dataset has been used extensively for environmental normalization research and novelty detection
algorithm development, yet systematic Koopman/DMD analysis remains limited.

IASC-ASCE Benchmark Structure:

The International Association for Structural Control (IASC) and the American Society of Civil
Engineers (ASCE) jointly developed a 4-story steel frame benchmark [93], providing:

• Simulated and experimental data
• Multiple damage scenarios (brace removal, connection loosening)
• Standardized evaluation metrics

Los Alamos National Laboratory Datasets:

LANL has released several SHM benchmark datasets, including an 8-DOF system and a three-
story building structure, with documented damage states and environmental variations.

Rotating Machinery Datasets:

For mechanical system applications, established datasets include the following:

• CWRU Bearing Dataset: Case Western Reserve University bearing fault data with multiple fault
types, locations, and severities

• IMS/NASA Bearing Dataset: Run-to-failure data enabling prognostic algorithm development
• Paderborn University Bearing Dataset: Multiple operating conditions and damage types

Table 4. Summary of established SHM benchmark datasets for Koopman method validation

Dataset Domain Structure Type Key Features Koopman Studies

Z24 Bridge Civil Highway bridge Environmental effects, progressive
damage Limited

IASC-ASCE Civil Steel frame Multiple damage scenarios None identified
LANL 8-DOF Civil Shear building Controlled damage levels None identified
CWRU Bearing Mechanical Rolling bearing Multiple fault types Yes [74,75]
IMS/NASA Mechanical Rolling bearing Run-to-failure Limited

Quantitative Performance Summary:

Aggregating performance metrics across the reviewed studies remains challenging due to incon-
sistent reporting. However, several trends emerge:

• Frequency estimation: Studies reporting frequency recovery accuracy typically achieve errors
below 2% for dominant modes. [94]
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• Fault classification: Bearing fault diagnosis studies report classification accuracies ranging from
90 to 97% on benchmark datasets. [74,76]

• Damage localization: Cable force estimation studies demonstrate correlation coefficients exceed-
ing 0.99 between predicted and measured values. [69]

• Detection sensitivity: Most studies demonstrate damage detection capability for damage severi-
ties exceeding 5–10% stiffness reduction, though systematic sensitivity characterization is rare

These results, while encouraging, highlight the need for standardized evaluation protocols
enabling direct cross-study comparison.

6.5. Gap 5: Real-Time Implementation and Scalability

The great majority of published Koopman-based structural health monitoring work stops at
offline, batch processing of recorded data. It is observed that most Koopman SHM studies are done
using batch, offline analysis; real-time, adaptive implementations that allow for continuous monitoring
are still underdeveloped.

In support of this, civil infrastructure monitoring produces continuous data streams over years;
methods must be efficient in their ability to update with new data without total re-computation. While
there are variants of DMD online [62] their use for SHM with adaptive damage tracking is unexplored.

Hence, research needs include the following:

• Recursive/streaming EDMD algorithms for on-line Koopman updating
• Anomaly detection frameworks that trigger detailed analysis on change detection
• Scalability tests on large sensor networks and extended time periods of monitoring

6.6. Noise Sensitivity and Robustness Considerations

A critical consideration for practical SHM deployment is the robustness of Koopman/DMD
methods to measurement noise, a challenge that has received substantial attention in the broader DMD
literature but limited explicit treatment in SHM applications.

Sources of Noise in SHM Data

Structural health monitoring data are subject to multiple noise sources:

• Sensor noise: Accelerometers, strain gauges, and other transducers introduce measurement
uncertainties, typically modeled as additive white Gaussian noise.

• Environmental variability: Temperature, humidity, and boundary condition changes induce
response variations that may mask or mimic damage effects [12].

• Operational variability: Varying loads, traffic patterns, and excitation sources create non-
stationary conditions.

Impact on Standard DMD

Analytical work by [95] showed that standard DMD is biased when sensor noise is present.
The magnitude of this bias depends on the signal-to-noise ratio and the number of snapshots used.
Specifically, DMD eigenvalues are consistently underestimated. This could lead to incorrect damage
assessments in SHM applications, where changes in eigenvalues are the main way to diagnose issues.

Noise-Robust DMD Variants

Several DMD modifications have been developed to improve its robustness:

1. Forward-Backward DMD: This method reduces bias by averaging the results of DMD applied in
both forward and time-reversed directions [95].

2. Total Least-Squares DMD (TLS-DMD): Addresses noise in both the input and output snapshot
matrices. This approach avoids the bias that is often present in standard least-squares methods
[62].
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3. Optimized DMD: Distributes reconstruction error across all snapshots, rather than concentrating
it in the last snapshot. This improves the method’s robustness, as shown in [96].

4. Robust DMD (RDMD): This method uses robust statistical frameworks, specifically Huber
estimators, to lessen the impact of outliers [97].

Implications for SHM Applications

The SHM studies reviewed in Section 4 rarely included analyses of noise robustness or used
DMD methods that were adjusted for noise. This represents a significant gap between algorithmic
developments in the DMD community and SHM applications. We recommend that future Koopman-
based SHM studies:

1. Characterize the noise floor of their measurement systems
2. Use TLS-DMD or similar noise-resistant methods when the situation calls for it.
3. Report sensitivity analyses quantifying detection capability versus noise level
4. Consider environmental compensation techniques to separate damage effects from benign vari-

ability

Table 5. Summary of identified research gaps and proposed directions for Koopman-based SHM

Gap Current Limitation Proposed Direction

Dictionary Design Generic observables not opti-
mized for damage

Hybrid physics-data dictionaries with sen-
sitivity optimization

Physics Constraints Learned models may violate me-
chanics principles

Stability, symmetry, and energy constraints
in optimization

Damage Quantification Spectral shifts not mapped to
physical damage

Perturbation analysis and inverse mapping
frameworks

Benchmarking Lack of systematic comparisons Standardized datasets and evaluation pro-
tocols

Real-Time Operation Batch processing unsuitable for
continuous monitoring

Online/streaming algorithms with adap-
tive updating

6.7. Limitations of This Review

Several limitations should be acknowledged when interpreting these findings. Our search was
restricted to English-language publications in Scopus, Web of Science, and IEEE Xplore, and the
interdisciplinary terminology surrounding Koopman methods means that relevant studies framed
under broader labels such as spectral analysis or dynamic mode decomposition without explicit
reference to structural health monitoring may have been missed.

A more specific concern is the size and maturity of this literature. Koopman-based SHM remains
a young field with a relatively small body of directly relevant studies, which constrains the strength
of any trend-level conclusions. A significant proportion of the incorporated research is predicated
on numerical simulations or controlled laboratory experiments, as opposed to operational field data,
thereby constraining the inferences that can be drawn regarding practical readiness within authentic
environmental and operational contexts.

The diversity of performance metrics, validation protocols, and reporting standards across the
studies examined precluded formal meta-analysis and complicated systematic quality assessment.
Furthermore, the search period concluding in early 2025 implies that the most recent preprints and
conference papers within this dynamic field may not be comprehensively represented.

Despite these limitations, we believe this review offers a thorough and balanced assessment of
research on structural health monitoring using Koopman methods, and it also highlights possible
directions for future work.
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7. Conclusions
This systematic review has examined 67 peer-reviewed studies published between 2010 and 2025

that apply Koopman operator methods to structural health monitoring. The analysis reveals a field
that has matured rapidly in algorithmic terms but remains at an early stage of integration with the
engineering requirements of practical SHM deployment.

The primary theoretical advantage of the Koopman framework is readily apparent: the global
linearization of nonlinear dynamics via observable lifting facilitates the utilization of established
linear analysis techniques for systems characterized by damage-induced nonlinearities, including
breathing cracks, joint degradation, and material yielding. This capability has been demonstrated in
civil, mechanical, and aerospace applications through DMD and EDMD, with Koopman eigenvalues
and modes serving as physically meaningful indicators of structural change.

However, the current literature exhibits a consistent pattern: methods are validated on numerical
simulations or controlled laboratory experiments using generic observable dictionaries, with limited
attention to damage quantification, physical consistency, or field deployment. The five research
gaps identified in this review, such as observable dictionary design, structural mechanics constraints,
spectral-to-physical damage mapping, standardized benchmarking, and real-time scalability, all
collectively explain why Koopman-based SHM has not yet progressed beyond Level 1 detection in
most reported studies.

The hybrid physics-data framework synthesised in Section 5 offers a viable path forward. By an-
choring learned Koopman operators to physics-based priors, enforcing mechanical constraints during
optimization, and constructing observable dictionaries informed by structural damage mechanics, the
interpretability and quantitative capability required for safety-critical infrastructure monitoring become
achievable. The inverse analysis, uncertainty quantification, and sensor integration methodologies
reviewed from adjacent fields provide the necessary building blocks.

Three priorities merit particular attention. First, the development of damage-sensitive hybrid
dictionaries that combine modal strain energy, structural kinematics, and adaptively learned nonlinear
features would directly address the observable design gap that currently limits detection sensitivity.
Second, systematic validation on established SHM benchmarks (Z24 bridge, IASC-ASCE structure,
CWRU bearings) using agreed performance metrics is essential for the field to move beyond isolated
demonstrations toward objective method comparison. Third, the construction of inverse mappings
from Koopman spectral changes to physical damage parameters, potentially through Bayesian infer-
ence operating on Koopman eigenvalues, would enable the transition from detection to quantification
that SHM practice demands.

Addressing these priorities will require collaboration between the dynamical systems, structural
engineering, and machine learning communities. The mathematical elegance of Koopman theory is
necessary but not sufficient; what remains is the sustained engineering effort to translate that elegance
into reliable, field-validated monitoring systems for aging infrastructure worldwide.
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60. Mezić, I. Analysis of Fluid Flows via Spectral Properties of the Koopman Operator. Annual Review of Fluid
Mechanics 2013, 45, 357–378. https://doi.org/10.1146/annurev-fluid-011212-140652.

61. Kutz, J.N.; Brunton, S.L.; Brunton, B.W.; Proctor, J.L. Dynamic Mode Decomposition: Data-Driven Modeling of
Complex Systems; SIAM, 2016.

62. Hemati, M.S.; Rowley, C.W.; Deem, E.A.; Cattafesta, L.N. De-Biasing the Dynamic Mode Decomposition for
Applied Koopman Spectral Analysis of Noisy Datasets. Theoretical and Computational Fluid Dynamics 2017,
31, 349–368. https://doi.org/10.1007/s00162-017-0432-2.

63. Askham, T.; Kutz, J.N. Variable Projection Methods for an Optimized Dynamic Mode Decomposition. SIAM
Journal on Applied Dynamical Systems 2018, 17, 380–416. https://doi.org/10.1137/M1124176.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 March 2026 doi:10.20944/preprints202603.0780.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.1016/j.advengsoft.2016.06.005
https://doi.org/10.1016/j.ymssp.2005.04.008
https://doi.org/10.1016/j.ymssp.2005.04.008
https://doi.org/10.1016/j.cma.2017.09.034
https://doi.org/10.1002/nme.2257
https://doi.org/10.1080/17415977.2010.500495
https://doi.org/10.1080/17415977.2010.500495
https://doi.org/10.1088/0266-5611/27/12/125005
https://doi.org/10.1177/1475921710388971
https://doi.org/10.1002/stc.1886
https://doi.org/10.1016/j.ymssp.2020.107077
https://doi.org/10.1016/j.ymssp.2020.107077
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1016/j.ymssp.2019.106550
https://doi.org/10.3390/eng5020036
https://doi.org/10.1016/j.ymssp.2020.107141
https://doi.org/10.1016/j.jcp.2018.10.045
https://doi.org/10.1016/j.cma.2019.112790
https://doi.org/10.1016/j.tafmec.2019.102447
https://doi.org/10.1146/annurev-fluid-011212-140652
https://doi.org/10.1007/s00162-017-0432-2
https://doi.org/10.1137/M1124176
https://doi.org/10.20944/preprints202603.0780.v1
http://creativecommons.org/licenses/by/4.0/


29 of 30

64. Brunton, S.L.; Brunton, B.W.; Proctor, J.L.; Kaiser, E.; Kutz, J.N. Chaos as an Intermittently Forced Linear
System. Nature Communications 2017, 8, 19. https://doi.org/10.1038/s41467-017-00030-8.

65. Takeishi, N.; Kawahara, Y.; Yairi, T. Learning Koopman Invariant Subspaces for Dynamic Mode Decom-
position. In Proceedings of the Advances in Neural Information Processing Systems, 2017, Vol. 30, pp.
1130–1140.

66. Otto, S.E.; Rowley, C.W. Linearly Recurrent Autoencoder Networks for Learning Dynamics. SIAM Journal
on Applied Dynamical Systems 2019, 18, 558–593. https://doi.org/10.1137/18M1177846.

67. Azencot, O.; Erichson, N.B.; Lin, V.; Mahoney, M. Forecasting Sequential Data Using Consistent Koopman
Autoencoders. In Proceedings of the International Conference on Machine Learning (ICML), 2020, Vol. 119,
pp. 475–485.

68. Peng, Z.; Li, J.; Hao, H. Data Driven Structural Damage Assessment Using Phase Space Embedding
and Koopman Operator under Stochastic Excitations. Engineering Structures 2022, 255, 113906. https:
//doi.org/10.1016/j.engstruct.2022.113906.

69. Deng, C.; Ren, Y.; Xu, X.; Fan, Z.; Huang, Q. Novel Cable Force Estimation Based on Koopman Operator
Leveraging Spatiotemporal Correlation in Cable Networks. Journal of Civil Structural Health Monitoring 2025,
15, 3607–3624. https://doi.org/10.1007/s13349-025-01007-8.

70. Chen, J.G.; Davis, A.; Wadhwa, N.; Durand, F.; Freeman, W.T.; Büyüköztürk, O. Video Camera-Based Vibra-
tion Measurement for Civil Infrastructure Applications. Journal of Infrastructure Systems 2017, 23, B4016013.
https://doi.org/10.1061/(ASCE)IS.1943-555X.0000348.

71. Sarrafi, A.; Mao, Z.; Niezrecki, C.; Poozesh, P. Vibration-Based Damage Detection in Wind Turbine Blades
Using Phase-Based Motion Estimation and Motion Magnification. Journal of Sound and Vibration 2018,
421, 300–318. https://doi.org/10.1016/j.jsv.2018.01.050.

72. Colombo, F.T.; da Silva, S.; Garrido, H.; Domizio, M. Damage Identification in Structures Using Dynamic
Mode Decomposition for Vibration Analysis of Low-Resolution Videos. Structural Health Monitoring 2025.
Early Access, https://doi.org/10.1177/14759217251327555.

73. Climaco, P.; Garcke, J.; Iza-Teran, R. Multi-Resolution Dynamic Mode Decomposition for Damage Detection
in Wind Turbine Gearboxes. Data-Centric Engineering 2023, 4, e1. https://doi.org/10.1017/dce.2022.34.

74. Ma, P.; Zhang, H.; Wang, C. Adaptive Dynamic Mode Decomposition and its Application in Rolling Bearing
Compound Fault Diagnosis. Structural Health Monitoring 2023, 22, 398–416. https://doi.org/10.1177/147592
17221095729.

75. Dang, Z.; Lv, Y.; Li, Y.; Wei, G. Improved Dynamic Mode Decomposition and Its Application to Fault
Diagnosis of Rolling Bearing. Sensors 2018, 18, 1972. https://doi.org/10.3390/s18061972.

76. Cai, Z.; Dang, Z.; Lü, Y.; Yuan, R.; An, B. Adaptive Dynamic Mode Decomposition and GA-SVM with
Application to Fault Classification of Planetary Bearing. Chinese Journal of Engineering 2023, 45, 1559–1568.
https://doi.org/10.13374/j.issn2095-9389.2022.07.01.001.

77. Sause, M.G.R.; Jasiuniene, E. Structural Health Monitoring Damage Detection Systems for Aerospace; Springer
Aerospace Technology, Springer, 2021. https://doi.org/10.1007/978-3-030-72192-3.
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