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Abstract

Structural Health Monitoring (SHM) is an interdisciplinary engineering field dedi-
cated to the autonomous, real-time assessment of structural integrity, with critical
applications ranging from civil infrastructure to aerospace, mechanical or more
general engineering systems. A primary objective within SHM is the early detection
of damage to ensure operational safety and optimize maintenance. In its modern
standing, SHM leverages dense arrays of sensors that generate complex, multivari-
ate data streams. These data are often captured under random excitations that
constitute real-world operational conditions, and the structures however frequently
exhibit nonlinear dynamic behavior. This combination of high-dimensional data
and inherent nonlinearity poses a significant challenge, as traditional monitoring
techniques based on linear system theory struggle to deduce meaningful insights from
such complex responses. While deep learning has emerged as a powerful paradigm
uniquely capable of extracting salient features from these datasets, its application
has largely been confined to linear systems. This represents an important research
gap, compounded by the practical scarcity of labeled data for damaged states, which
necessitates the development of robust unsupervised learning methods.

This dissertation directly addresses this gap by presenting a systematic explo-
ration of advanced deep learning architectures applied to a suite of challenging
nonlinear systems. These benchmarks, subjected to random excitations, encompass
numerical models with cubic stiffness, path-dependent hysteresis, and complex hy-
brid nonlinearities, and are further validated on physical experiments including a
magneto-elastic beam and a large-scale lattice tower. To analyze these complex
systems, the research follows a sought architectural progression. It starts with an
investigation into 1D Convolutional Neural Network (CNN)-based models, where
the application of a Convolutional Autoencoder and a Generative Adversarial Net-
work successfully establishes the fundamental viability of using unsupervised feature
learning to detect the onset of damage in nonlinear dynamics. This foundational
study provides a critical contribution by validating these architectures in a domain
where they have been seldom explored.

Building upon the insights from the convolutional models, which are powerful but
offer limited diagnostic interpretability, the research culminates in the development
of the SensorFusion Temporal Fusion Transformer (SensorFusionTFT). This novel
and interpretable architecture is specifically adapted for multi-sensor based SHM.
This progression from detection to diagnostics is enabled by a robust, multi-metric
framework. Damage is identified through a synergistic suite of three distinct metrics:
the foundational reconstruction error (RMSE), a highly sensitive Interval Score
that quantifies the violation of learned uncertainty bounds, and a novel Attention
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Anomaly Score derived from the model’s internal reasoning. The successful imple-
mentation of this framework is demonstrated across all benchmarks, showing a clear
advancement in both sensitivity and diagnostic capability. This work thus establishes
a complete pathway from foundational unsupervised models to a state-of-the-art,
interpretable, and multi-metric Transformer-based solution, providing a powerful
and practical framework for the next generation of SHM systems for real-world,
nonlinear structures.
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Chapter 1

Introduction



1.1 The Domain of Structural Health Monitoring (SHM) 2

This chapter establishes the foundational context and core motivation for the
research presented in this dissertation. It begins by defining the broad domain
of Structural Health Monitoring (SHM), outlining its primary objectives and the
established hierarchical framework for damage assessment. The discussion then
narrows to the central challenge that drives this work, the pervasive and complex
issue of nonlinearity in structural dynamics, a phenomenon that fundamentally limits
the efficacy of traditional monitoring techniques. Through a critical review of existing
methods, a distinct research gap is identified. This gap motivates the subsequent
turn to data-driven methods, leading to the formulation of this dissertation’s specific
research objectives and a clear statement of its scientific contributions to the field of
SHM for nonlinear systems.

1.1 The Domain of Structural Health Monitoring (SHM)
SHM has emerged as a critical engineering discipline aimed at implementing a
damage detection and characterization strategy for aerospace, civil, and mechanical
engineering infrastructure [26, 77]. The fundamental objective of SHM is to manage
risks and make appropriate decisions associated with an asset, including providing
information for risk assessment and understanding how those risks might develop
over time [4]. By instrumenting structures with sensors and analyzing the resulting
data, SHM provides a data-driven paradigm for moving beyond traditional schedule-
based maintenance towards condition-based interventions, thereby enhancing safety,
reducing operational costs, and extending the service life of critical infrastructure
[78].

1.1.1 Aims and Scopes of SHM

The primary goals of structural health monitoring can be categorized into three
main aspects: design validation, assessment of structural performance, and the
improvement of asset management [4].

Design Validation. SHM serves to verify whether a built asset behaves as planned
during its design stages. This validation process is distinct across engineering
disciplines but shares the common goal of model correlation.

• Aerospace Engineering. Design validation is critical for flight certification. This
is typically achieved through Ground Vibration Testing (GVT) on full-scale
aircraft to validate aeroelastic models and ensure flutter margins are safe before
the first flight. Similarly, for space systems, rigorous acoustic and vibration
testing is performed on satellites and launch vehicles to ensure survivability
during the extreme dynamic loads of launch and deployment.

• Mechanical Engineering. In sectors such as automotive or power generation,
validation involves experimental modal analysis of prototypes such as wind
turbine blades or automotive chassis to ensure the dynamic properties (nat-
ural frequencies and damping) align with design specifications before mass
production.
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• Civil Engineering. Validation is often carried out immediately after the com-
pletion of a structure, sometimes during the construction state.. For instance,
controlled load tests are performed on bridges to confirm their response char-
acteristics match the Finite Element (FE) models.

Assessment of Structural Performance. This is the core function of SHM,
conducted throughout the service life and operation of an asset. The development
of SHM techniques is oriented toward the identification of features sensitive to
small levels of damage such as fatigue cracks in aircraft fuselages, gear faults in
rotating machinery, or degradation in reinforced concrete elements and the ability
to distinguish these effects from those due to changing ambient and operational con-
ditions. In civil structures, these conditions include temperature and traffic loading;
in aerospace and space systems, they encompass varying flight envelopes, extreme
thermal cycling in orbit, and potential hypervelocity impacts from micrometeoroids;
while in mechanical systems, they involve fluctuating rotational speeds and torque
[4, 46]. Consequently, the development of statistical models is essential to foster
a better comprehension of damaged versus undamaged configurations under these
varying states. A critical aspect of this is the optimization of sensor placement to
accurately capture structural behavior and detect potential damage [4, 46].

Improving Asset Management. By providing continuous information about
how an asset or its elements are behaving, SHM enables a deeper understanding
of trends in physical state changes over time. This facilitates the optimization of
interventions and maintenance strategies, allowing for a shift from rigid schedule-
based maintenance to predictive or Condition-Based Maintenance (CBM). For
aerospace and industrial mechanical systems, this evolution is crucial for reducing
aircraft downtime and preventing costly unplanned outages in power generation
assets, effectively avoiding future malfunctions and reducing costs associated with
loss of structural performance [4].

The scope of SHM is vast, encompassing a wide range of structures from civil
infrastructure such as bridges, tunnels, and buildings [65], to aerospace systems like
aircraft and reusable launch vehicles, and mechanical systems such as wind turbines
[27]. The technology has gained significant attention due to its capability of providing
information about the global state of a structure, often without prior knowledge of
the damage location and without needing physical access to the damaged portion
[45].

1.1.2 Damage Assessment Hierarchy: Identification, Localization,
Quantification, and Prognosis

The process of damage assessment in SHM is systematically organized into a hier-
archy of increasing complexity and detail, a framework first formally proposed by
Rytter [68], which answers a series of fundamental questions at increasing levels of
sophistication [11, 66].

Level I: Detection. This foundational level addresses the question: is damage
present in the system? Traditional vibration-based methods often rely on the
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assumption of a linear behavior and then on the changes in the structure’s global
modal properties, such as natural frequencies [22, 24]. Since damage typically
causes a reduction in structural stiffness, this results in decreased natural frequencies
[21]. However, natural frequencies have been shown to be relatively insensitive to
localized, incipient damage, and multiple distinct damage scenarios can produce
similar frequency shifts, making them insufficient for precise identification [21].

Figure 1.1. Hierarchical representation of damage assessment levels in SHM. Adapted
from Rytter’s framework [68], illustrating the progression from data-driven detection to
physics-based prognosis.

Level II: Localization. Once damage has been detected, this level seeks to
determine its physical location. Traditional tools for localization are diverse and
include the following.

• Modal curvature methods. Curvature mode shapes are significantly more
sensitive to local damage than displacement mode shapes. Changes in curvature
are localized in the region of damage, providing a powerful tool for pinpointing
its location [57].

• Modal strain energy methods: These methods utilize the change in modal strain
energy distribution between the healthy and damaged states. Decomposing
the strain energy into its constituent components (e.g., axial and transverse)
can further enhance localization accuracy in complex structures [74, 42].

• Frequency Response Function (FRF) methods. FRFs are highly sensitive to
local changes in mass, stiffness, and damping. Methods based on analyzing
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changes in the FRF data have been successfully applied to locate damage in
beam-like structures [40].

• Ultrasonic guided wave methods. These active-sensing techniques use high-
frequency elastic waves that can travel long distances and are highly sensitive to
small defects like cracks. They are particularly effective for inspecting pipelines,
composite aerospace structures, and critical connections in civil infrastructure
[79, 52]. Recent advances in this area include the use of deep learning to
analyze the complex wave scattering patterns for improved localization [58].

Level III: Quantification. This level aims to assess the severity or extent of
the damage. This is an exceptionally challenging task, with traditional methods
including the following.

• Finite Element Model Updating (FEMU). This technique involves creating
a high-fidelity numerical model of the structure and iteratively adjusting its
parameters (e.g., elemental stiffness) to match the measured dynamic response
of the damaged structure [3, 41]. The magnitude of the parameter adjustments
quantifies the damage severity. Iterative methods based on modal strain energy
have also been developed to quantify damage through successive updates [87].

• Real-time quantification methods. For laboratory settings, techniques such
as Digital Image Correlation (DIC) can be combined with image processing
to monitor the rate at which strain fields change during mechanical tests,
providing a real-time measure of damage evolution [18].

Drawbacks of traditional quantification methods like FEMU include the high com-
putational cost and the inevitable discrepancies between the analytical model and
the actual structure, which can lead to non-unique or inaccurate solutions [41].

Level IV: Prognosis. The ultimate goal of SHM is prognosis, which addresses
the estimation of the structure’s Remaining Useful Life (RUL) [25]. This requires a
prediction of future performance based on the current damage state and anticipated
future loading. Traditional approaches include the following.

• Physics-based models. These methods compute RUL based on damage progres-
sion models, such as using fracture mechanics to predict fatigue crack growth.
They often employ statistical techniques like Sequential Monte Carlo methods
to manage and propagate uncertainty [8].

• Probabilistic methods. To avoid computationally expensive cycle-by-cycle calcu-
lations under random loading, probabilistic methodologies have been developed
to transform random load histories into equivalent constant amplitude loads
for efficient prognosis [93].

• Adaptive procedures. These approaches integrate online state estimation algo-
rithms with offline predictive models to provide condition-based RUL estimates
that adapt over time [54]. Recent advances include Bayesian methods that
update RUL distributions as new data becomes available [17].
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The successful development of prognosis capabilities remains a significant challenge,
requiring the integration of robust hardware, predictive models, and a rigorous
framework for quantifying uncertainty [25]. It is noteworthy that while the lower
levels of the hierarchy can be addressed with data-driven pattern recognition, Level
IV cannot be accomplished without a comprehensive understanding of the underlying
physics of damage evolution [23].

1.2 Handling Nonlinearities in Structural Health Moni-
toring

Having established the general framework and hierarchical goals of SHM, we now
turn to the central technical challenge that motivates this entire dissertation: the
presence of nonlinearity in structural systems. While the hierarchical framework
provides a clear roadmap, the efficacy of many traditional tools is predicated on the
assumption that the structure behaves as a linear time-invariant system. Nonlinear
characteristics degrade the performance of these methods [94]. This assumption
often fails to capture the true dynamic behavior of real-world structures, where
nonlinearity is frequently present and can be a primary indicator of damage itself.

1.2.1 Sources and Effects of Nonlinearity in Structural Systems

Nonlinearity in structural dynamics arises from multiple sources, and understanding
them is crucial for developing effective damage detection strategies [12, 15].

• Geometric Nonlinearity. This occurs due to large deformations where the
relationship between displacement and strain becomes nonlinear. For instance,
large rotational displacements can induce nonlinear effects on vibration fre-
quencies [88], and in plates and shells, large out-of-plane bending can couple
with in-plane axial deformation [100].

• Material Nonlinearity. This is an intrinsic property where the stress-strain
relationship is nonlinear, including plasticity, hyperelasticity, and damage-
induced material degradation [12].

• Boundary and Contact Nonlinearity. This arises from bolted joints,
interfaces between components, and breathing cracks. Contact nonlinearity is
particularly important in structures with joints, clearances, and gaps, where
components may impact or slide against each other [95, 99].

• Damage-Induced Nonlinearity. Damage itself is a major source of nonlin-
earity. A classic example is a breathing crack, which exhibits bilinear stiffness
as it opens and closes during vibration cycles, creating a time-varying system
stiffness [95, 14, 29].

Effects of Nonlinearity. Nonlinear systems exhibit characteristic dynamic phe-
nomena that distinguish them from linear systems [12, 14].
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• Amplitude-dependent natural frequencies. The resonant frequencies of
nonlinear systems depend on the amplitude of excitation, a stark contrast to
the constant natural frequencies of linear systems.

• Harmonic generation. A nonlinear system excited at a single frequency
ω will generate higher-order harmonics (2ω, 3ω, etc.) in its response, a phe-
nomenon known as superharmonic resonance [70, 47].

• Subharmonic and combination resonances. Resonances can occur at
fractional multiples of the excitation frequency, or at sum-and-difference fre-
quencies when subjected to multi-frequency excitation.

• Jump phenomena and multiple solutions. The frequency response curves
of nonlinear systems can bend, leading to jump phenomena where the response
amplitude changes abruptly as the excitation frequency is swept.

• Internal resonances. In multi-degree-of-freedom systems, energy can be
transferred between modes when their natural frequencies satisfy certain integer
ratio relationships.

• Path dependence. Many nonlinear systems, particularly those with hystere-
sis, exhibit path-dependent behavior, implying that the instantaneous response
is a function of the entire deformation history.

Collectively, these phenomena constitute a fundamental violation of the principles
of linear superposition and time-invariance, the very axioms upon which traditional
modal analysis is predicated. In the presence of such nonlinearities, features that
are assumed to be global system invariants - such as natural frequencies and mode
shapes - strongly depend on the instantaneous energy state and deformation history.
Consequently, the direct application of standard linear monitoring algorithms to
these systems entails a significant risk of misdiagnosis, where benign operational
variations may be conflated with structural damage. This fundamental incompati-
bility necessitates a critical evaluation of available damage detection strategies to
delineate their capabilities and limitations within the nonlinear domain.

1.2.2 A Critical Review of Existing Damage Detection Methods

The challenge of detecting damage in the presence of nonlinearity has given rise
to a broad spectrum of methodologies. Broadly, these can be dichotomized into
Model-Based approaches, which rely on updating a high-fidelity physical model
(e.g., Finite Element Model) to match experimental observations [28], and Data-
Driven approaches, which utilize signal processing to identify damage-sensitive
features directly from sensor data [27]. While model-based methods offer physical
interpretability, they are computationally expensive and struggle to accurately model
complex boundary conditions and damping. Consequently, data-driven methods
have become the dominant paradigm for continuous monitoring.

To provide a comprehensive context, existing methods are critically reviewed
below based on their underlying assumptions regarding system linearity.
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Methods Assuming Linear Behavior Before and After Damage. The vast
majority of traditional vibration-based SHM techniques fall into this category, as
detailed in Section 1.1.2. These methods like Modal Analysis rely on the premise
that damage manifests as a change in the global modal parameters of the system,
such as shifts in natural frequencies, or alterations in mode shapes, modal curvatures,
and flexibility matrices [5, 22]. Prior to deep learning, statistical time-series methods
were standard which uses Statistical Pattern Recognition methods like Principal
Component Analysis (PCA) or Auto-Regressive (AR) modeling fit linear statistical
models to healthy data and define damage as a statistical outlier [78]. While effective
for a specific class of problems, these methods are fundamentally inadequate when
applied to systems that are inherently nonlinear from the outset, or when damage
induces significant nonlinear behavior. They may misinterpret amplitude-dependent
frequency changes as damage and are often insensitive to damage types, such as
breathing cracks, that do not significantly alter the global linear modal properties.

Methods Assuming a Linear-to-Nonlinear Transition. A more refined class
of methods originates from the assumption that the undamaged structure behaves
linearly, while the occurrence of damage (e.g., a breathing crack, loosening of a joint)
introduces nonlinearity into the system [92]. The objective then shifts from tracking
linear parameter changes to detecting the very presence of nonlinearity itself. Key
techniques include the following.

• Harmonic Analysis. The presence of damage-induced nonlinearity, when
excited by a single-frequency sinusoid, will cause the generation of super-
harmonics (multiples of the excitation frequency) in the response spectrum [14].
The detection of these harmonics serves as a sensitive qualitative indicator
of damage. This method’s reliability can be compromised by other sources
of nonlinearity, such as those from actuators or sensors, which can lead to
false positives. Furthermore, for complex broadband or random excitation, the
harmonic signature becomes smeared and difficult to interpret.

• Bilinear System Identification. For damage like breathing cracks, the
system’s stiffness can be modeled as bilinear (one value for when the crack
is open, another for when it is closed). Methods have been developed to
identify these two distinct stiffness values from the response data [95]. This
approach relies on a highly simplified model of damage. Many real-world
damage mechanisms and other nonlinearities do not conform to a simple
bilinear model, limiting its general applicability.

• Time-Frequency Analysis. Techniques like the Hilbert-Huang Transform
(HHT) are used to extract the instantaneous frequency of the response. For a
system with a softening nonlinearity like a breathing crack, the instantaneous
frequency will show a characteristic dependence on the vibration amplitude.
HHT is susceptible to a phenomenon known as mode mixing, which can corrupt
the identification of instantaneous properties. The physical interpretation of
the decomposed modes (in terms of intrinsic mode functions, IMFs) is not
always straightforward, and the methods are highly sensitive to measurement
noise.
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Methods Assuming Nonlinear Behavior Before and After Damage. This is
the most challenging and realistic scenario, addressing structures that are inherently
nonlinear in both their healthy and damaged states. The goal is to distinguish subtle
changes in the nonlinear characteristics due to damage from the system’s baseline
nonlinear behavior. This dissertation focuses primarily on this domain. Notable
traditional methods include the following.

• Analysis of Bifurcation Phenomena. For some systems, damage can
alter the parameters such that the system’s dynamic behavior undergoes a
qualitative change, or bifurcation. It has been shown that model reduction
near these bifurcation points can reveal features that are sensitive to damage
[1]. This method is only applicable if the system is operating in the vicinity of
a bifurcation point, which is a restrictive condition and not representative of
general operational states.

• Nonlinear Normal Modes (NNMs). The concept of modal analysis can
be extended to nonlinear systems through NNMs, which describe amplitude-
dependent vibration modes. It has been shown analytically that the effective
nonlinearity coefficients governing the shape of the NNM backbone curves are
more sensitive to damage than linear natural frequencies [39]. This theoretical
evidence has been confirmed by experimental results [19, 13]. The experimental
identification of NNMs is significantly more complex and challenging than
linear modal analysis, particularly for multi-degree-of-freedom systems under
operational (non-laboratory) conditions.

• Describing Functions. In the frequency domain, the describing function
method can be used to approximate the response of a nonlinear system under
sinusoidal excitation. Damage can then be detected by tracking changes in this
function [62]. This is an approximate method that is typically only accurate for
systems with a dominant first harmonic and under single-frequency excitation,
limiting its utility for systems subjected to random or broadband loads.

• Restoring Force Surface Method. This non-parametric technique attempts
to directly reconstruct the nonlinear restoring force as a function of the system’s
state (displacement and velocity). Changes in the shape of this reconstructed
surface are direct indicators of a change in the system’s internal mechanics due
to damage [51]. This method is notoriously sensitive to measurement noise,
requires accurate measurement of acceleration to estimate the inertial force,
and suffers from the curse of dimensionality, making it practically infeasible
for systems with more than a few degrees of freedom.

• Stochastic System Identification. Advanced methods like stochastic sub-
space identification have been employed to track the changing modal parameters
of structures exhibiting nonlinear behavior under strong, random excitation
such as earthquakes [83]. These methods provide a powerful framework for
analyzing operational data but often rely on linearizing assumptions that may
not fully capture the underlying physics. The identification of equivalent linear
parameters can obscure the true nature of the nonlinearity, and distinguishing
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parameter changes due to damage from those due to amplitude-dependent
effects remains a significant challenge.

• Volterra Series. The Volterra series provides a rigorous mathematical
framework for representing nonlinear systems with memory, effectively acting
as a higher-order extension of the linear impulse response function. Several
proposals use the Volterra kernels to describe the system response; damage
is detected by observing changes in these kernels [75, 84, 85]. Output-only
versions have also been developed [61]. The primary limitation of the Volterra
series is its immense complexity and data requirement. The number of terms
and the difficulty of identifying the kernels grow combinatorially with the order
of the nonlinearity and the system’s memory, making the identification of
higher-order kernels computationally prohibitive for many practical systems.

The collective shortcomings of these traditional methods - their reliance on specific
signal types, susceptibility to noise, computational intensity, and difficulty in scaling
to complex systems - underscore a significant research gap. There is a clear need
for a new class of methods that can robustly and automatically learn the complex
features of nonlinear dynamic behavior directly from raw sensor data without relying
on restrictive prior models. This critical need serves as the primary motivation
for this dissertation’s focus on advanced deep learning architectures for damage
detection in nonlinear systems.

1.3 The Rise of Data-Driven and Machine Learning
Methods for SHM

The inherent limitations of physics-based models for complex nonlinear systems,
coupled with the increasing availability of rich data from sensor networks, have
catalyzed a paradigm shift toward data-driven approaches in SHM [7, 6]. These
methods, which range from innovative data acquisition strategies like drive-by
monitoring using sensors mounted on trains or other vehicles [53] to advanced
machine learning algorithms, offer the significant advantage of learning complex
patterns and damage signatures directly from data. Deep learning techniques, in
particular, have demonstrated remarkable promise, offering potential solutions to
challenges that traditional methods struggle to address [6, 34].

Early deep learning architectures employed in SHM included Recurrent Neural
Networks (RNNs) and Long Short-Term Memory (LSTM) networks, which are well-
suited for capturing temporal patterns in time-series data [80, 86]. However, these
recurrent architectures face inherent limitations when dealing with very long-term
dependencies due to the vanishing gradient problem, which can impede their ability
to learn relationships across extended temporal horizons [59, 73].

Building on these architectural foundations, recent research has explored hybrid
frameworks that strategically combine the strengths of multiple components. For
instance, architectures integrating Convolutional Neural Networks (CNNs) for local
feature extraction with LSTMs for temporal modeling have shown effectiveness in
capturing spatio-temporal dependencies in vibration signals [2]. Furthermore, to
overcome the limitations of purely data-driven approaches, Physics-Informed Neural
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Networks (PINNs) have gained attention. By integrating physical conservation
laws into the loss function, PINNs can regularize the learning process, improving
generalization for nonlinear systems where labeled data is scarce [97]. Additionally,
probabilistic approaches such as Variational Autoencoders (VAEs) and Bayesian
deep learning are emerging to address the critical need for uncertainty quantification
in safety-critical infrastructure monitoring [38]. Despite these advances, the challenge
of applying these sophisticated methods to unsupervised damage detection in highly
nonlinear systems remains significant.

To address these challenges, significant attention has been focused on unsuper-
vised deep learning architectures. Autoencoders (AEs) and Generative Adversarial
Networks (GANs), in particular, appear to be among the most promising for damage
detection [5]. Convolutional AEs have shown success by automatically extract-
ing features from time-series signals to learn a compressed representation of the
healthy state, with damage flagged through elevated reconstruction errors [63, 76].
This approach has gained significant traction, with recent studies demonstrating
its effectiveness for the unsupervised, real-time health assessment of major civil
infrastructure, such as bridges [30], and for detecting fatigue damage in full-scale
experimental tests of wind turbine blades using frequency response functions as input
[81]. However, the majority of these applications have been limited to linear dynamic
systems or have not systematically explored performance on systems with strong,
inherent nonlinearities. For instance, AE-based approaches have been proposed using
linear modal properties as inputs [60], raw dynamic response from linear systems [50],
cross-correlation functions from linear vibrations [71], and power cepstral coefficients
to represent linear modal properties [43]. Similarly, applications of GANs for damage
detection are even fewer, with the first examples for linear dynamic systems in civil
structures appearing only recently [48, 49].

The application of machine learning to inherently nonlinear systems remains
seldom explored. A seminal work in this context is due to [9], who used an autore-
gressive support vector machine for damage detection in a small-scale nonlinear
system. More recently, the use of deep learning techniques has started to emerge.
For example, [98] presented a numerical investigation using autoencoders for damage
detection in seismic isolation bearings. While preliminary applications of GANs for
nonlinear system identification have been proposed [96], no known proposals exist
about their application to damage detection problems in this domain.

This leads to the most fundamental challenge: output-only, vibration-based
damage detection in initially nonlinear systems is exceptionally difficult because the
features of the response can change considerably with varying excitation conditions,
even in the healthy state. Discerning the effects induced by damage from those
caused by the baseline nonlinear response is a significant concern that deserves
careful investigation [9].

To overcome the limitations of recurrent models in capturing long-term depen-
dencies a critical requirement for characterizing hysteretic nonlinear systems with
fading memory this research turns to the Transformer architecture [82]. Unlike
RNNs, which process time-series sequentially, Transformers utilize a self-attention
mechanism to compute relationships between all sequence positions in parallel [55].
In the context of nonlinear SHM, this allows the model to capture global temporal
correlations that correspond to complex energy transfer mechanisms, analogous to
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higher-order kernels in Volterra series, but learned directly from data. Building
upon this, the Temporal Fusion Transformer (TFT) was introduced as a special-
ized architecture for interpretable time-series forecasting [44]. While TFTs have
demonstrated exceptional performance in diverse forecasting domains [56, 72], their
application to unsupervised damage detection in nonlinear structural dynamics
remains largely unexplored. This is a critical research gap, as in real-world scenarios,
labeled datasets of damaged structures are exceptionally rare. Consequently, the
most viable strategy is unsupervised anomaly detection, where a model is trained
exclusively on data from the structure’s healthy state.

1.4 Research Objectives and Scientific Contributions
The critical review of the existing literature reveals a distinct and compelling research
gap: while deep learning is a promising avenue for SHM, there is a lack of systematic
investigation into unsupervised methods specifically designed for and validated
on systems where nonlinear dynamics are the dominant operational characteristic.
Traditional methods for nonlinear systems have significant limitations, and existing
deep learning applications have largely focused on linear systems.

The conceptual framework underpinning this research, mapping the evolution
from physics-based paradigms to the proposed advanced unsupervised deep learning
architectures, is illustrated in Figure 1.2.

1. Benchmarking Unsupervised Architectures on Nonlinear Systems
to systematically evaluate the efficacy of 1D Convolutional Autoencoders and
GANs for anomaly detection, establishing a performance baseline across a
diverse suite of numerical and experimental nonlinear systems.

2. Development of the SensorFusionTFT Architecture to introduce a
novel, probabilistic forecasting architecture specifically designed for high-
dimensional nonlinear dynamics. Unlike standard multichannel Transformers,
this model incorporates a Variable Selection Network (VSN) based on
Gated Residual Networks (GRNs). This mechanism enables the model to
learn time-varying sensor importance weights, dynamically suppressing
noise from irrelevant channels while explicitly modeling the nonlinear coupling
between sensors at each time step.

3. Development of an Interpretable Diagnostic Framework to formulate a
robust decision-making framework that transcends simple reconstruction error
by leveraging Quantile Regression to establish dynamic confidence intervals
for anomaly detection. Furthermore, this objective seeks to utilize the model’s
internal temporal attention maps and spatial sensor weights to not only
detect but potentially localize damage by identifying deviations in the learned
dependency structures.

4. Comparative Validation to provide a rigorous comparative analysis between
convolutional (local feature) and attention-based (global dependency) models,
delivering specific guidelines for architecture selection based on the type of
structural nonlinearity (e.g., stiffness degradation vs. contact nonlinearity).
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The principal scientific contribution of this work is a holistic and comparative
evaluation that maps the progression of deep learning architectures—from founda-
tional unsupervised models to a state-of-the-art interpretable Transformer—to the
specific and challenging domain of nonlinear structural health monitoring. This
research provides not only novel methodologies but also a practical and critical as-
sessment of their applicability, thereby advancing the state-of-the-art in data-driven
SHM for complex, real-world engineering systems.
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Figure 1.2. The conceptual framework of the research. The diagram maps the evolution
from traditional linear and nonlinear physics-based methods (Top) to the proposed
data-driven framework (Bottom). It highlights the dead ends in traditional machine
learning caused by manual feature engineering and data scarcity, motivating the focus
on Unsupervised Deep Learning. The thesis progression is visualized in the lower
section, advancing from black-box Convolutional Neural Networks (Phase I) to the
interpretable, memory-aware SensorFusionTFT (Phase II), specifically engineered to
handle the complexities of nonlinear structural dynamics.
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Chapter 2

Theoretical Foundations
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Having established the broad challenges of SHM in nonlinear systems in chapter 1,
this chapter provides the specific theoretical and mathematical foundations for the
present work. The objective is to formally introduce the archetypal systems-both
numerical and experimental-that will serve as the benchmarks for evaluating the
deep learning architectures developed and analyzed in this dissertation. For each
system, the governing equations of motion will be presented, the precise nature of its
nonlinearity will be characterized, its dynamic response will be analyzed to visually
demonstrate the fundamental difficulties that nonlinearity introduces to the damage
detection problem, and all relevant system parameters will be defined. This chapter
will thus serve as a self-contained reference for the subjects of my investigation,
setting a clear and rigorous stage for the application and results chapters that follow.

2.1 Numerical Archetypes of Nonlinear Dynamic Sys-
tems

To systematically evaluate the performance of the proposed damage detection
methods under controlled conditions, a series of numerical models are employed.
These archetypes are chosen to represent distinct and fundamental classes of nonlinear
behavior commonly encountered in structural and mechanical engineering.

2.1.1 Duffing Oscillator: Cubic Stiffness Nonlinearity

The first numerical archetype considered is the Duffing oscillator, a canonical model
for systems exhibiting nonlinearity due to geometric effects. This type of behavior is
common in structures like thin beams, plates, and cables undergoing large-amplitude
vibrations, where membrane tension effects introduce a hardening cubic stiffness
term. This system provides a fundamental benchmark for evaluating a model’s
ability to handle smooth, polynomial-type nonlinearities.

Governing Equations. The equation of motion for a single-degree-of-freedom
(1-DOF) system is given by the Duffing equation:

Mẍ + Cẋ + K1x + K3x3 = F (t), (2.1)

where x represents the displacement, M is the mass, C is the damping, K1 and
K3 are the linear and cubic stiffness coefficients, and F (t) is the external load. A
two-degree-of-freedom (2-DOF) extension is also considered:

M1ẍ1 + C1ẋ1 + K11x1 + K13x3
1

− C2 (ẋ2 − ẋ1) − K21 (x2 − x1) − K23 (x2 − x1)3 = F1,
(2.2a)

M2ẍ2 + C2 (ẋ2 − ẋ1) + K21 (x2 − x1) + K23 (x2 − x1)3 = F2, (2.2b)
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System Parameters. For the numerical simulations, the system parameters are
defined as follows:

• 1-DOF System: M = 412 kg, C = 405.95 kg/s (corresponding to a damping
ratio of 1%), K1 = 1 kN/mm, and K3 = 0.001 kN/mm3.

• 2-DOF System: M1 = M2 = 400 kg, C1 = C2 = 400 kg/s (damping ratio of
1%), K11 = K21 = 1 kN/mm, and K13 = K23 = 0.001 kN/mm3.

Dynamic Characteristics and the Challenge for SHM. The fundamental
difficulty of damage detection in nonlinear systems is vividly illustrated by their
Frequency Response Curves (FRCs). Figure 2.1 shows the FRCs for the 1-DOF
Duffing oscillator. Unlike a linear system, the Duffing oscillator exhibits a hardening
behavior: as the excitation amplitude increases, the resonant frequency shifts to
higher values and the response curve bends to the right, creating regions of bistability.
This presents a profound challenge for SHM [9], as a measured frequency shift could
be caused by a change in operational load rather than structural damage. Figure 2.1
also shows that damage (a stiffness reduction) shifts the curves to the left. However,
the response of a damaged system at high excitation could be mistaken for the
response of a healthy system at low excitation, leading to missed detections. These
challenges are compounded in the 2-DOF system (Figure 2.2), which displays more
complex modal interactions and multiple bent resonant peaks.

Damage Formulation. For both Duffing systems, damage is simulated as a
parametric reduction of the stiffness coefficients. A damage level of d% corresponds
to a reduction in both the linear and nonlinear stiffness terms by that percentage
amount, without affecting mass or damping. This phenomenological approach is
widely accepted for validating data-driven architectures as it provides a controllable
and physically grounded proxy for structural degradation mechanisms, such as
fatigue cracking or loosening of connections, which macroscopically manifest as a loss
of restoring force. Crucially, for the unsupervised deep learning models evaluated in
this work, this parametric reduction introduces a systematic drift in the underlying
data distribution P (x). In the context of nonlinear dynamics, this does not merely
shift the resonant frequency (as in linear theory) but alters the shape of the nonlinear
restoring force surface and the system’s amplitude-dependent response. This forces
the Autoencoder and GAN to detect anomalies based on complex changes in the
signal’s topology rather than simple spectral shifts, thereby rigorously testing their
ability to learn the manifold of the healthy state.

2.1.2 Bouc-Wen Model: Hysteretic Nonlinearity

To investigate systems with memory and energy dissipation, this research employs
a model governed by the Bouc-Wen formulation of hysteresis [10, 89]. This model
represents a wide class of systems where the restoring force is path-dependent, a
characteristic of material yielding or passive control devices like Tuned Mass Dampers
(TMDs).
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Figure 2.1. Frequency response curves (FRCs) of the 1-DOF Duffing oscillator, illustrating
the hardening nonlinearity and amplitude-dependent resonance for different damage
levels.

Type of Nonlinearity. The system exhibits a strong material nonlinearity
that manifests as a hysteretic restoring force. Unlike elastic nonlinearity, where
force is a function of displacement f(x), hysteretic force is a functional of the motion
history. The force at any given moment depends not only on the current displacement
but on the specific trajectory taken to reach that state, introducing memory effects
into the system dynamics.

Governing Equations and Parameter Definitions. The dynamics of the
single-degree-of-freedom oscillator are fundamentally described by the equation of
motion coupled with an evolutionary equation for the internal hysteretic variable
z. To ensure numerical stability and generalizability, the system is analyzed in its
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Figure 2.2. Frequency response curves (FRCs) of the 2-DOF Duffing system, showing
complex modal interactions and bent resonant peaks for different damage levels.

non-dimensional form:

¨̃x + δ ˙̃x + (1 − δ)z̃ + k̃3x̃3 = P̃ sin(Ω̃t̃) (2.3)

˙̃z =
[
h̃(x̃) − (γ̄ + β̄sgn( ˙̃xz̃))|z̃|n

]
˙̃x (2.4)

where x̃ = x/x0 is the non-dimensional displacement normalized by a characteristic
length x0, and t̃ = ωt is the non-dimensional time. The system includes a pinching
function h̃(x̃) = 1 − ξe−x̃2/x̃c which models the narrowing of the hysteresis loop.The
non-dimensional parameters are derived from the physical system properties used in
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the numerical simulations (M = 400 kg, Ki = 1.1 kN/mm). The conversion allows
for the handling of parameters that differ by several orders of magnitude:

• δ = ke
ke+kd

represents the post-yield stiffness ratio (α = 0.2), defined as the
ratio of the linear elastic stiffness to the total initial stiffness.

• k̃3 captures the cubic geometric nonlinearity normalized by the total linear
stiffness.

• γ̄ and β̄ control the hysteresis loop size and energy dissipation. In the physical
domain, these were set to β = 0.0007 and γ = 0.000011.

• n is the exponent controlling the sharpness of the yield transition, set to n = 1
for this study.

Manifestation of Damage and Nonlinear Dynamics. Damage to the hys-
teretic system is simulated by a parametric reduction of the stiffness parameters (ke

and kd). In the context of the Bouc-Wen model, this reduction does not merely shift
the natural frequency as in linear systems; it fundamentally alters the topology of
the system’s response. As the stiffness decreases (d% ↑), the system becomes more
compliant, leading to larger displacement amplitudes that push the response further
into the post-yield (inelastic) regime. Consequently, damage manifests as a severe
distortion of the phase-space trajectory and an increase in the area of the hysteresis
loop (increased damping). This amplitude-dependent behavior creates a non-unique
relationship between damage and response, making it a challenging task for deep
learning networks that rely on simple linear correlations.

Computational Challenges and Parameter Sensitivity

The simulation and data generation for systems governed by Eqs. (2.3) and (2.4)
present specific challenges that must be addressed to ensure the reliability of the
training dataset.

Parameter Sensitivity and Stiffness. A critical challenge in modeling
hysteretic systems is that the governing parameters span several orders of magnitude.
For instance, the shape parameters (β, γ) are often very small (10−4 to 10−3), while
stiffness values are large (103). This disparity makes the differential equations highly
sensitive to inputs; small numerical perturbations can lead to significant deviations
in the computed hysteresis loop, potentially resulting in bifurcations where the
system switches between periodic and chaotic behaviors. This sensitivity implies
that the healthy and damaged manifolds in the high-dimensional feature space may
be close neighbors, complicating the decision boundary for the neural network.

Numerical Integration with Diffrax. The differential equation governing
the hysteretic variable ˙̃z is numerically stiff, particularly due to the sharp gradients
introduced by the signum function sgn( ˙̃xz̃) and the pinching function. Standard
explicit integration schemes may fail to capture these rapid transitions or require
prohibitively small time steps. To address this, the dataset generation for this thesis
utilized the Diffrax library, a high-performance differential equation solver in the
JAX ecosystem. Specifically, the Tsit5() solver (Tsitouras 5/4 Runge-Kutta) was
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employed. While Tsit5 is an explicit solver, its adaptive step-size controller allows
it to robustly handle the non-smooth transitions inherent in the Bouc-Wen model
while maintaining computational efficiency suitable for generating large-scale deep
learning datasets.

2.1.3 Seismic Nonlinear Isolator: Hybrid Nonlinearity

The final and most complex numerical benchmark is a seismic isolator model proposed
by [69], which combines multiple sources of nonlinearity to achieve advanced isolation
performance. This system is chosen to serve as a formidable challenge for the deep
learning architectures, testing their ability to learn and detect anomalies in the
presence of highly complex, multi-faceted, and path-dependent dynamics1.

Type of Nonlinearity. This system represents a hybrid of nonlinear behaviors,
creating a rich dynamic response.

• Material Nonlinearity arising from superelastic components modeled on
shape-memory alloys (SMAs). These exhibit a recoverable, non-Hookean
response with distinct stiffnesses for different material phases (austenite and
martensite)

• Hysteretic Nonlinearity derived from traditional elastomeric components,
modeled using the Bouc-Wen formulation to capture path-dependent energy
dissipation and memory effects

• Stiffness Nonlinearity introduced by a negative stiffness mechanism. This
geometric nonlinearity is designed to create a quasi-zero stiffness effect, enhanc-
ing isolation by softening the force-displacement curve in a specific displacement
range

Governing Equations and Parameter Definitions. The overall equation of
motion describes a single degree of freedom system where the total restoring force is
the superposition of three distinct nonlinear components:

Mẍ + fi + fn + fs = F (t), (2.5)

where fi, fn, and fs correspond to the hysteretic, negative stiffness, and superelastic
forces, respectively.

Hysteretic Component (fi) described by the Bouc-Wen model

fi = Cẋ + αKix + (1 − α)Kiz, (2.6a)
dotz = ẋ[1 − (γ + βsign(zẋ))|z|n]. (2.6b)

Here, Ki = 1.1 kN/mm is the initial stiffness, and α = 0.2 is the post-yield to
pre-yield stiffness ratio. The parameters β = 0.0007, γ = 0.00001, and n = 1 control
the shape and smoothness of the hysteresis loop, determining the energy dissipated
per cycle.
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Negative Stiffness Component (fn) which activates only within a specific
displacement range:

fn =
(
−Knx + K3x3

) [1 + sign (xf − |x|)]
2 , (2.7)

where Kn = 0.5 kN/mm is the negative linear stiffness which reduces the global
system stiffness, and K3 = 0.00001 kN/mm3 is a cubic hardening term ensuring
stability at large displacements. The activation displacement is set to xf = 0.7xu,
meaning this softening effect is conditional on the vibration amplitude.

Superelastic Component (fs) which is modeled based on the formulation for
SMAs, capturing phase transformations:

ḟs = (1 − s)Ks

[
ẋ − |ẋ| sign (fs − βs)

( |fs − βs|
Y

)ns]
+ sKmẋ, (2.8a)

βs = Ksαs

{
x − fs

Ks
+ fttanh(asx)

[1 + sign(−xẋ)
2

]}
, (2.8b)

s = tanh [cs (|x| − xm)] + 1
2 , (2.8c)

ft = 2Y − ysY

αsKs
, (2.8d)

as = tan−1(ãsKs)
Y − ysY

. (2.8e)

The system dynamics toggle between the austenitic stiffness Ks and martensitic
stiffness Km, governed by the phase fraction s. The parameters xu = 100 mm
(ultimate displacement) and xm = 0.7xu define the phase transition points.

Manifestation of Damage and Nonlinear Dynamics. Damage is simulated
by a parametric reduction of the stiffness components. Specifically, a damage level
of d% corresponds to a simultaneous reduction in both the hysteretic stiffness Ki

and the negative stiffness Kn.In this hybrid system, damage manifestation is highly
non-trivial. Unlike linear systems where stiffness reduction simply lowers natural fre-
quency, here it fundamentally reshapes the total restoring force surface. A reduction
in Ki alters the yield point and energy dissipation capacity, while a reduction in Kn

weakens the softening effect intended to isolate vibrations. Consequently, damage
may lead to unexpected amplitude jumps or shifts in the activation of the super
elastic regime. This creates a scenario where the healthy and damaged dynamic
manifolds may intersect or diverge in complex ways depending on the excitation
amplitude, posing a severe challenge for deep learning models that must disentangle
these effects from noise and normal nonlinear operation.

Computational Challenges and Numerical Integration.

Simulating this hybrid system presents significant computational challenges due to
the interactions between multiple nonlinear switching mechanisms.
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Stiffness and Discontinuities. The governing equations involve multiple
non-smooth functions, including sign(·) terms in the Bouc-Wen and negative stiffness
models, and tanh(·) functions in the superelastic model. These terms introduce
sharp gradients and discontinuities in the vector field, making the system numerically
stiff. Small changes in state can trigger rapid phase transformations or stiffness
activations, requiring a solver capable of high temporal resolution during these
transient events.

Adaptive Integration with Dopri5. To generate high-fidelity training data,
the simulation utilized the Diffrax library. The dopri5 solver (Dormand-Prince 5/4)
was selected for the numerical integration. While dopri5 is an explicit Runge-Kutta
method, its embedded error estimation allows for robust adaptive step-size control.
This feature proved critical for this application: the solver automatically refines
the time step ∆t in regions of rapid state change (e.g., during hysteresis reversals
or phase transitions) to maintain stability and accuracy, while relaxing the step
size during smooth trajectories to ensure computational efficiency. This approach
ensured stable responses across different damage conditions, preventing numerical
artifacts from contaminating the dataset used for deep learning validation.

2.2 Experimental Case Studies of Nonlinear Systems
While numerical simulations provide a controlled environment for initial valida-
tion, the ultimate test of any SHM methodology is its performance on real-world
experimental data. Experimental benchmarks are indispensable for assessing the
robustness and generalizability of the developed deep learning architectures. They
introduce a host of challenges not present in idealized numerical models, including
ambient measurement noise, unmodeled dynamic complexities, sensor non-idealities,
and the subtle interplay of multiple physical phenomena. This section introduces the
two experimental systems used in this dissertation to validate the proposed damage
detection frameworks under these more realistic and demanding conditions.

2.2.1 The Magneto-Elastic Beam System

The first experimental benchmark is a laboratory-scale magneto-elastic system,
utilizing the UNESP-MAGNOLIA dataset based on the setup reported by [75]
and [85]. This system is specifically designed to create a strong, well-characterized
source of nonlinearity with a hardening effect, serving as a physical realization of the
Duffing-type behavior explored numerically in Section 2.1.1. It provides an essential
bridge between pure simulation and complex, real-scale structures, offering a rich
dataset for validating data-driven methodologies.

Physical Setup, Data Acquisition, and Experimental Protocol. The ex-
perimental apparatus, shown in Figure 2.3, consists of a 300 mm × 19 mm × 3.2
mm cantilever aluminum beam. The system’s primary source of nonlinearity is a
magnetic interaction mechanism: a small steel mass attached to the beam’s free end
interacts with a stationary neodymium magnet positioned at a fixed distance of 2
mm.The excitation is provided by an electrodynamic shaker attached to the beam at
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a position 50 mm from the clamped end. To capture the system’s dynamic response
with high spatial resolution, the setup employs a comprehensive sensor array:

• Acceleration: three piezoelectric accelerometers are distributed along the
beam’s length to acquire the acceleration response at different mode shape
nodes and anti-nodes.

• Velocity: a laser Doppler vibrometer is focused on the free end of the beam
to measure the transverse velocity, ensuring high-fidelity capture of the tip
kinetics where the nonlinear restoring force is most active.

To rigorously test the generalization capabilities of the deep learning models, the
research employs training and testing on signals acquired from random excitations.
The shaker drives the beam with band-limited Gaussian white noise (typically filtered
between 10 Hz and 400 Hz). This broadband input serves two critical purposes:
first, it forces the system to explore its full nonlinear geometric manifold rather than
settling into a specific steady-state periodic orbit; second, the excitation amplitude
is varied stochastically across different experimental runs (e.g., varying RMS voltage
levels). This ensures that the training data encompasses multiple energy states,
preventing the neural networks from overfitting to a specific amplitude-dependent
frequency shift.

Type of Nonlinearity. A hardening-type stiffness nonlinearity originates from the
magnetic interaction between the permanent magnet and the steel tip mass. As the
beam vibrates, the magnetic attraction force changes as a non-linear function of the
displacement, altering the system’s effective stiffness. This setup effectively creates
a physical system whose dynamics are governed by a Duffing-like restoring force,
exhibiting amplitude-dependent resonance and bifurcation phenomena depending on
the excitation energy.

Damage Formulation. Damage is simulated in a controlled and physically re-
alistic manner by altering a bolted connection positioned 150 mm from the free
end. The baseline (healthy) state is defined with four nuts securing the connection.
Damage is then progressively introduced by sequentially removing one nut at a time.
This corresponds to a minor change in the local mass and stiffness of the beam,
creating distinct damage classes approximately defined as 2%, 4%, and 6% of the
total attached mass. This progressive degradation offers a granular challenge for the
deep learning architectures, testing their sensitivity to detecting subtle, incipient
damage buried within the complex nonlinear response.

2.2.2 The LUMO Lattice Tower Benchmark

To further assess the scalability of the proposed frameworks, a second, larger
experimental benchmark is employed: the Leibniz University Test Structure for
Monitoring (LUMO). This publicly available dataset, introduced by Wernitz et al.
[91], provides a challenging and realistic testbed that moves beyond the controlled
laboratory environment to an outdoor setting subject to uncontrolled environmental
and operational variations (EOVs).
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Figure 2.3. Layout of the magneto-elastic beam experiment, consisting of a cantilever beam,
a permanent magnet to induce nonlinearity, and a bolted connection for simulating
damage. Figure adapted from [85].

Physical Setup and Structural Design. The LUMO structure is a 9-meter-
tall outdoor steel lattice mast, located in Hanover, Germany. It is composed of
three identical 3-meter segments with an isosceles triangular cross-section formed by
tubular legs1. The segments are interconnected via elliptical flanges using M10 steel
bolts. The entire structure is anchored to a reinforced concrete block foundation
(1.5×1.5×0.8 m) embedded in cohesive soil, utilizing a 30-mm thick steel hinge plate
that is bolted rigid during monitoring operations. Unlike laboratory setups, this
structure is continuously exposed to real-world variability, including wind-induced
aerodynamic loading and seasonal temperature cycles, making it an ideal candidate
for evaluating the robustness of unsupervised SHM algorithms.

Data Acquisition and Sensor Network. The structure is instrumented with a
high-density network of 22 sensors distributed across ten measurement levels (ML1
to ML10).

• Structural Sensors. The dynamic response is captured by 18 uniaxial
piezoelectric accelerometers (MEAS 8811LF-01-005) mounted in orthogonal
pairs to capture planar motion, along with two HBM strain gauges installed
at the base of the legs to measure axial strain. A Pt100 thermocouple records
the material temperature.

• Acquisition System. Data is digitized using a National Instruments cDAQ-
9189 chassis equipped with NI-9234 and NI-9237 modules. The system operates
continuously at a sampling rate of 1651.61 Hz, storing data in 10-minute blocks.

• Environmental Monitoring. Crucially, a separate meteorological mast
located 20 meters from the structure acquires synchronized environmental data,
including wind speed (average and maximum), wind direction, air temperature,
and solar radiation.

Type of Nonlinearity. The LUMO structure exhibits nonlinearities that are
more complex and subtle than those of the previous benchmarks. Wernitz et al.
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characterize the system as having weak-to-moderate nonlinearity directly coupled to
environmental effects. This manifests primarily as an amplitude-dependent dynamic
response, where the natural frequencies of the structure show a clear decreasing
trend with increasing wind speed. This phenomenon is attributed to a combination
of aerodynamic damping and stick-slip friction behavior within the numerous bolted
connections of the lattice structure. Furthermore, the structure exhibits a strong
linear dependence on material temperature, which alters the global stiffness matrix
and must be disentangled from damage-induced changes.

Damage Formulation. A distinguishing feature of the LUMO benchmark is its
sophisticated system for introducing reversible damage. Specific bracing elements at
predefined locations (DAM3, DAM4, and DAM6) are equipped with a specialized
mechanism consisting of left- and right-hand screw sockets and a threaded connection
rod. Damage is induced by loosening these sockets and removing the connection
piece, effectively severing the bracing load path. As detailed in the dataset protocol,
two distinct damage severities are simulated:

• Moderate Damage. The damage mechanism is activated on a single bracing
strut at a given level. This simulates a localized loss of stiffness and a minor
mass reduction (approx. 155 g).

• Severe Damage. The mechanisms are activated on all three bracing struts
at a given level, creating a significant structural discontinuity and a larger
reduction in both stiffness and mass.

This configuration provides a diverse set of damage scenarios, ideal for evaluating
both the detection sensitivity and the localization capabilities of the proposed SHM
frameworks under realistic noise conditions.

2.2.3 Common Challenges in Unsupervised SHM Data and Simula-
tion

While data-driven frameworks offer significant promise, their practical implementa-
tion is often hindered by fundamental challenges inherent to both numerical modeling
and experimental data acquisition. This section critically examines these hurdles,
differentiating between the complexities of simulating nonlinear physics and the
practical realities of handling imperfect experimental datasets.

Simulation and Modeling Complexities

Generating high-fidelity synthetic data for training deep learning models requires
overcoming substantial computational barriers, particularly when nonlinearities are
present.

Modeling Energy Dissipation. Accurately capturing damping remains one of
the most persistent challenges in structural dynamics. In nonlinear regimes, energy
dissipation is rarely viscous or linear; it often arises from friction, micro-slip, or
hysteretic material behavior. Standard Rayleigh damping models frequently fail
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Figure 2.4. The LUMO experimental test setup, showing the 9-meter lattice tower,
sensor measurement levels (MLs), and damage locations (DAMs). The complexity and
environmental exposure of this benchmark provide a realistic test for SHM algorithms.
Figure adapted from [91].

to capture amplitude-dependent dissipation, leading to discrepancies between the
simulated and physical reality. Inaccurate damping models can result in synthetic
datasets that underestimate the system’s response amplitude or misrepresent the
decay envelopes, potentially biasing the neural network’s learning process.

Numerical Stiffness and Instability. Systems governed by rate-independent hys-
teresis (e.g., the Bouc-Wen model) or non-smooth transitions (e.g., contact/impact)
often result in stiff differential equations. These equations are characterized by time
scales that differ by orders of magnitude, where the solution can change rapidly in
a short interval. Standard explicit integration schemes may become numerically
unstable or require prohibitively small time steps to maintain accuracy. As discussed
in Section 2.1.3, mitigating this requires the use of adaptive solvers (e.g., dopri5 or
Tsit5) capable of dynamically refining the integration step during transient events
to prevent numerical artifacts from contaminating the training data.
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Experimental Data Integrity and Pre-processing

Transitioning from simulation to experimental benchmarks introduces stochastic
distortions that can severely degrade model performance if not rigorously addressed.

Sensor Noise and Signal Drift. Real-world sensors are subject to non-Gaussian
noise, electromagnetic interference, and low-frequency thermal drift. Piezoelectric
accelerometers, for instance, often exhibit a DC offset or slow baseline wander
that does not reflect physical motion. If left uncorrected, deep learning models
particularly Autoencoders may waste capacity learning to reconstruct this drift
rather than the structural dynamics.

• Mitigation Strategy. In the processing of the Magneto-Elastic Beam (Magnolia)
dataset, this issue was addressed by applying a digital high-pass filter to the
raw acceleration signals. This pre-processing step effectively removed the
low-frequency trend components and DC bias, isolating the dynamic content
relevant to the damage detection task.

Multi-Rate Synchronization and Computational Constraints. Modern
SHM systems are increasingly multimodal, combining high-frequency structural
sensors (e.g., accelerometers at 100-1000 Hz) with low-frequency environmental
sensors (e.g., temperature/wind at 1 Hz or lower). Fusing these disparate data
streams requires careful temporal alignment.

• Mitigation Strategy. For the SensorFusionTFT application on the LUMO
tower, the environmental data required upsampling or broadcasting to match
the timestamps of the structural response. Furthermore, the quadratic compu-
tational complexity of Transformer attention mechanisms (O(L2)) presents a
scalability bottleneck when dealing with long, high-frequency time series. To
manage the computational cost without sacrificing determining dynamics, the
structural data was downsampled and concatenated into a unified multivariate
tensor. This trade-off balances the retention of spectral information with the
memory constraints of GPU-accelerated training.

The Healthy Reference Assumption. Unsupervised learning rests on the
critical axiom that the training data represents a truly healthy state. In widely
deployed infrastructure, this assumption is often unverifiable; a structure may contain
latent, pre-existing defects (e.g., micro-cracks) at the time of sensor installation. If
a model is trained on data containing these features, it will learn to accept them
as normal, effectively blinding the system to that specific damage type. Ensuring
the integrity of the baseline dataset therefore remains a fundamental challenge that
often requires hybrid validation using physics-based models or periodic inspections.

2.3 Deep Learning Architectures for SHM
Having established the potential of data-driven methods in chapter 1, this section
provides a formal exposition of the deep learning architectures that form the method-
ological core of this dissertation. These architectures are presented in two main
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categories, reflecting a progression in modeling capability and complexity, designed
to address the specific challenges of analyzing nonlinear structural dynamics.

First, it is detailed the foundational principles of the Convolutional Neural Net-
work (CNN), a paradigm that excels at learning hierarchical and spatially-invariant
local features from sequential or multi-dimensional data. This capability to automat-
ically discover salient patterns without manual feature engineering is fundamental to
the data-driven approach of this thesis. It is then described how this convolutional
operator serves as the primary building block for two powerful unsupervised models
employed in this work: the Autoencoder (AE) for representation learning and the
Generative Adversarial Network (GAN) for learning data distributions.

Second, to address the limitations of purely local feature extraction and to
explicitly model complex temporal relationships over long horizons, the Transformer
architecture is introduced. The Transformer’s self-attention mechanism provides a
powerful framework for capturing global dependencies within time-series data. This
forms the basis for the advanced diagnostic model developed in the later stages of
this research, the SensorFusion Temporal Fusion Transformer (SensorFusionTFT).

This section will thus furnish a comprehensive theoretical toolkit, from the
fundamental convolution operation to the sophisticated self-attention mechanism,
providing the necessary background for the application chapters that follow.

2.3.1 The Convolution Operator for Feature Extraction

The foundational operation of the architectures used in chapter 3 is the convolution.
A convolution is a mathematical operation that uses a small filter, known as a kernel,
to slide across the input data and extract local features. The kernel itself is a matrix
of learnable parameters (weights) that become specialized during training to detect
specific patterns, such as spikes, oscillations, or trends in a time-series signal.

1D Convolution and Cross-Correlation. For a univariate 1D input signal, such
as a time-series x ∈ RL of length L, and a 1D kernel k ∈ RK of size K, the generic
output element y[j] is computed as a weighted sum of adjacent input elements.
Mathematically, this operation is defined as:

y[j] = (x ∗ k) [j] + b =
K∑

i=1
x[j + i − 1] · k[i] + b, (2.9)

where b is a learnable bias term. It is important to note a technical distinction: strictly
speaking, Eq. (2.9) describes a cross-correlation operation. A true mathematical
convolution would require the kernel weights to be flipped (reversed) relative to the
input time axis. However, in the field of deep learning, this operation is universally
referred to as convolution, as the learning process renders the distinction regarding
weight orientation irrelevant.

Key Properties and Hyperparameters. The convolution operation is governed
by several critical properties and hyperparameters that dictate how the network
processes information:
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• Weight Sharing and Equivariance. Unlike a fully connected layer where
every output unit has its own unique weights, a Convolutional Neural Network
(CNN) shares the same kernel k across all positions of the input. This drastic
reduction in parameters enables the network to be equivariant with respect
to translation: if the input signal is shifted in time, the resulting feature map
is shifted by the same amount, ensuring that a damage signature is detected
regardless of when it occurs in the window.

• Padding: The convolution operation requires decisions on how to handle the
boundaries of the input signal where the kernel would otherwise exceed the
valid range. Two common strategies are employed:

– Zero-padding. artificial zero values are added to the signal boundaries.
This allows the output size to match the input size, facilitating deep
architectures, though it introduces artificial information (zeros) that does
not strictly signify a null signal.

– Valid Convolution. The operation is only performed where the kernel fully
overlaps with the input. This avoids introducing artifacts but results in a
reduction of the output dimension.

• Stride and Dilation. the stride parameter controls the step size of the kernel
as it slides across the input. A stride greater than 1 results in a downsampling
of the output feature map. Additionally, dilation introduces gaps between the
kernel elements, expanding the kernel’s field of view without increasing the
number of parameters, which is particularly useful for capturing longer-range
dependencies without increasing computational cost.

Nonlinearity and Channels. Since convolution is a linear operator, deep learning
architectures introduce nonlinearities via activation functions to model complex data
distributions. A common choice is the Rectified Linear Unit (ReLU). For a layer
with kernel weights ω, bias b, and activation function ϕ, the hidden unit activation
at time t is given by:

h(t) = ϕ

b +
K∑

j=1
ω(j)x(t+j−1)

 . (2.10)

Furthermore, modern CNNs operate on multiple dimensions simultaneously. A layer
typically consists of multiple kernels in parallel, each producing a distinct feature
map or channel. This allows the network to learn multiple independent features
(e.g., one channel detecting high-frequency noise, another detecting low-frequency
trends) at the same hierarchical level.

Pooling and Receptive Fields. To reduce the spatial dimensionality and induce
invariance to small local translations, pooling operations are employed. Max-pooling,
for instance, extracts the maximum value within a defined window, summarizing
the presence of a feature while discarding precise positional information. Crucially,
as convolutional and pooling layers are stacked, the receptive field the region of the
original input x that influences a specific hidden unit grows. Deeper neurons thus
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capture increasingly global and abstract representations of the structural response,
moving from simple local waveforms to complex damage signatures.

2D Convolution for Time-Frequency Representations. While 1D convolution
excels at processing raw time-series, the principle extends naturally to 2D data
structures, denoted as X ∈ RH×W . In the context of SHM, this input is typically
a time-frequency representation, such as a spectrogram or a Continuous Wavelet
Transform (CWT), where the two dimensions represent Time and Frequency rather
than the spatial height and width found in image processing.

In this scenario, a 2D kernel K ∈ RKh×Kw slides across both dimensions of the
input simultaneously. The output feature map Y at position (i, j) is computed via
a double summation over the kernel dimensions:

y[i, j] =
Kh∑

m=1

Kw∑
n=1

X[i + m − 1, j + n − 1] · K[m, n] + b. (2.11)

This operation allows the network to learn spectro-temporal features. For instance,
a specific kernel might learn to identify a chirp signal-a frequency that increases
over time which appears as a diagonal feature in a spectrogram, a pattern that a 1D
convolution operating on raw time-series might struggle to isolate explicitly.

The hyperparameters governing 2D convolution extend those of the 1D case, but
with independent controls for each dimension.

• Kernel Size (Kh, Kw). This defines the patch of the time-frequency plane
the neuron looks at. A square kernel (e.g., 3 × 3) captures local dependencies
in both time and frequency. However, rectangular kernels can be designed
to capture specific structural behaviors: a kernel with shape (1, Kw) acts as
a pure frequency filter across a time window, while a kernel of shape (Kh, 1)
captures transient broadband impulses at a specific time instant.

• 2D Stride (Sh, Sw). The stride parameter also becomes a tuple, controlling the
downsampling rate independently for time and frequency. For example, setting
Sw > 1 compresses the temporal resolution, while setting Sh > 1 reduces the
frequency resolution, allowing the network to trade off fine-grained spectral
details for a broader, more abstract view of the system’s energy distribution.

• 2D Padding. Zero-padding is applied to both the top/bottom (frequency
boundaries) and left/right (time boundaries) of the input matrix to preserve
spatial dimensions and allow the kernel to process edge features, such as
high-frequency content or onset events, without discarding them.

In this dissertation, 2D convolutional layers are central to the GAN architecture
when processing Wavelet Transforms, enabling the generator to synthesize realistic
joint time-frequency distributions of the structural response.

2.3.2 Unsupervised Representation Learning with Convolutional
Autoencoders

The first architecture employed in this work is the Autoencoder (AE), an unsupervised
neural network designed for representation learning and dimensionality reduction
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[67]. The fundamental principle of an AE is to learn a compressed, low-dimensional
representation of the input data, known as the latent space, and then reconstruct
the original input from this representation with minimal distortion.

Architecture. The AE consists of two main components built from the 1D
convolutional layers described in Section 2.3.1:

• The Encoder (g). This network takes a high-dimensional input signal x ∈ Rn

and maps it to a low-dimensional latent representation h ∈ Rm, where m ≪ n.
It is typically composed of a series of convolutional and pooling layers that
progressively reduce the spatial dimensions while increasing the feature depth.

h = g(x) (2.12)

• The Decoder (f). This network takes the latent representation h and
attempts to reconstruct the original input, producing an output x̃ ∈ Rn. It
typically mirrors the encoder’s architecture, using transposed convolutional
layers (also known as deconvolutional layers) to upsample the feature maps
back to the original input dimensions.

x̃ = f(h) = f(g(x)) (2.13)

Regularization and Latent Space Topology. A critical challenge in AE design
is preventing the network from learning a trivial identity mapping, where the input
is simply copied to the output without extracting meaningful features. To ensure
robust representation learning, specific constraints are applied.

• Undercomplete AE. The dimension of the latent space (m) is required to
be smaller than the input dimension (n). This bottleneck forces the network
to discard noise and redundancy, retaining only the salient variations of the
healthy dynamics.

• Denoising and Sparse Strategies. Robustness is further enhanced by
introducing noise to the input while training the network to reconstruct the
clean original signal (Denoising AE), or by imposing sparsity constraints (e.g.,
via dropout or L1 regularization) on the latent activations.

The architecture is illustrated in Figure 2.5. The training process, which aims to
minimize a reconstruction-based loss function using an optimizer like ADAM, is
detailed in the overarching methodology in Section 2.4.

2.3.3 Unsupervised Anomaly Detection with Convolutional Gener-
ative Adversarial Networks

The second architecture is the Generative Adversarial Network (GAN), a powerful
class of unsupervised models proposed by [32]. Unlike the reconstructive approach of
the AE, the GAN is a generative model that learns to synthesize new data samples
that statistically resemble the training distribution.
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Figure 2.5. Architecture of the 1D Convolutional Autoencoder (AE) used for unsupervised
damage detection. The encoder compresses the input signal into a latent space, and the
decoder reconstructs it.

Architecture. The GAN framework consists of two competing networks, as
depicted in Figure 2.6:
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• The Generator (G). This network transforms a random noise vector z sam-
pled from a prior distribution (e.g., Gaussian) into a synthetic time-series G(z).
To facilitate stable training of deep convolutional GANs (DCGANs), specific
architectural guidelines are followed, such as the use of Batch Normalization
layers to stabilize learning and specific activation functions (e.g., LeakyReLU)
to prevent vanishing gradients.

• The Discriminator (D). This network acts as a binary classifier, receiving
either a real data sample x from the training set or a fake sample G(z)
from the generator. Its objective is to correctly identify the source of the
sample, outputting a probability close to 1 for real samples and 0 for fake ones.
The discriminator is a deep CNN that uses standard convolutional layers to
downsample the input time-series into a single probabilistic output.

This architectural framework can be implemented with either 1D CNNs for pro-
cessing raw time-series directly, or with 2D CNNs for processing 2D time-frequency
representations of the signals, allowing the network to learn from both temporal and
spectral patterns.

Adversarial Training and Loss Formulation. The training is formulated as
a minimax game where the Generator tries to minimize the probability that the
Discriminator classifies its output as fake, while the Discriminator tries to maximize
its classification accuracy. The objective function is derived from the binary cross-
entropy loss:

min
θG

max
θD

V (D, G) = Ex∼Pdata
[log D(x)] + Ez∼Pz [log (1 − D(G(z)))] (2.14)

Theoretically, this optimization minimizes the Jensen-Shannon (JS) divergence
between the real data distribution Pdata and the generated distribution Pg.

• The first term, Ex[log D(x)], encourages the discriminator to output 1 for real
data.

• The second term, Ez[log (1 − D(G(z)))], encourages the discriminator to output
0 for generated data.

The solution to this game is a Nash equilibrium where the generator produces
perfect samples (Pg = Pdata) and the discriminator is reduced to random guessing
(D(x) = 0.5). In the context of SHM, I utilize the trained Discriminator as an
anomaly detector: it outputs high probabilities for healthy data (which it recognizes
as real) and low probabilities for damaged data (which it views as anomalous or
fake), as detailed in the inference methodology.

2.3.4 Sequential Data Modeling with Attention Mechanisms and
Transformer Architectures

While convolutional architectures excel at learning local, spatially-invariant features,
they possess an inherent limitation in modeling structural dynamics: their receptive
field is fixed. In nonlinear systems, particularly those exhibiting hysteresis or chaotic
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Figure 2.6. Architecture of the 1D Convolutional Generative Adversarial Network (GAN)
used for damage detection. The Generator creates synthetic signals from noise, while
the Discriminator learns to distinguish real (healthy) signals from synthetic/anomalous
ones.
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behavior, the current state of the system is often a function of its entire deformation
history (fading memory). To address this challenge, this dissertation employs a
more advanced architecture based on the Transformer, which utilizes a self-attention
mechanism to capture global, long-range dependencies within a time-series regardless
of the temporal distance between events.

A particularly sophisticated variant of this architecture is the Temporal Fusion
Transformer (TFT), originally proposed by Lim et al. [44] for interpretable multi-
horizon time-series forecasting. The original TFT was designed to handle a rich
variety of inputs, including static covariates (e.g., sensor location) and known future
inputs. In this work, this powerful framework is adapted to create the Sensor-
FusionTFT, a specialized architecture for unsupervised damage detection. This
section provides a rigorous mathematical exposition of the four fundamental building
blocks employed in this architecture—Gating mechanisms, Residual Networks, Vari-
able Selection, and Attention—explaining their specific utility in processing noisy
structural response data.

Foundational Concepts: The Attention Mechanism

The Transformer architecture, first introduced by [82], represents a paradigm shift
in sequence modeling. Unlike Recurrent Neural Networks (RNNs) that process data
sequentially (t → t + 1), the self-attention mechanism allows the model to process
the entire sequence in parallel, weighing the importance of all past time steps when
encoding the representation for the current step.

Positional Encoding. The self-attention mechanism is permutation-invariant; it
treats the input as a bag of vectors without inherent order. For structural dynamics,
where the order of events (causality) is critical, positional information must be
explicitly injected. Following the canonical approach [82], a unique Positional
Encoding (PE) vector is added to the input embeddings. This is calculated using
fixed sinusoidal functions of varying frequencies:

PE(pos,2i) = sin
(

pos

100002i/dmodel

)
, PE(pos,2i+1) = cos

(
pos

100002i/dmodel

)
(2.15)

Mathematically, this allows the model to learn to attend by relative positions, which
is essential for capturing wave propagation phenomena where the time-lag between
events is constant regardless of absolute time.

Interpretable Multi-Head Attention. The core of the Transformer is the calcu-
lation of attention weights. This operation can be conceptualized as a differentiable
retrieval system involving three matrices: Queries (Q), Keys (K), and Values (V).
The model computes a compatibility score between a query (representing the cur-
rent state) and all keys (representing historical states), normalizes these scores via
Softmax to obtain probabilities, and then uses these weights to create a weighted
aggregate of the values.

Standard Transformers use multiple heads that learn different dependency pat-
terns independently. However, this often results in disjoint attention maps that are
difficult to interpret physically. To resolve this, an Interpretable Multi-Head Attention
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mechanism is employed [44]. Here, the attention weights are shared across heads to
produce a single, distinct attention matrix. Given input features transformed into
Q, K, V projections, the mechanism averages the attention scores across NH heads
before aggregation:

Attention(Q, K, V) = WH

 1
NH

NH∑
h=1

Softmax
(

QhKT
h√

dk

)WV V (2.16)

In this formulation, the input tensor is projected into NH separate Query (Qh) and
Key (Kh) matrices, one for each attention head, where NH is a model hyperparameter.
The term QhKT

h computes the dot-product similarity within each head, which is
scaled by the dimension of the keys, dk, to stabilize gradients. Crucially, the Value
matrix (V), which contains the actual information at each time step, is transformed
by a single, shared projection matrix WV to create a common value representation.
The Softmax-normalized scores from all heads are then averaged, and this single,
aggregated attention matrix is used to weight the shared value representation. Finally,
a second learnable projection matrix, WH , transforms this result into the final output
of the attention block. This modification is critical for SHM diagnostics as it forces
the model to learn a single consensus over the temporal direction, allowing us to
directly visualize which historical loading events the model considers significant for
the current prediction.

Core Architectural Components

The SensorFusionTFT is constructed from a series of sophisticated and reusable
building blocks designed to enable stable training, complex nonlinear processing and
information flow.

Gated Linear Unit (GLU). In experimental SHM, sensor data is often contam-
inated by environmental noise or trivial fluctuations. To prevent this noise from
propagating deep into the network, a gating mechanism is required. The Gated
Linear Unit (GLU) [20] acts as a trainable switch. It takes an input x and splits it
into two paths: a value path and a gate path.

GLU(x) = (W4x + b4)︸ ︷︷ ︸
Value

⊙ σ(W3x + b3)︸ ︷︷ ︸
Gate∈[0,1]

, (2.17)

where σ is the Sigmoid activation function and ⊙ is the element-wise Hadamard
product. If the gate outputs near 0, the information is suppressed; if near 1, it passes
through. This allows the network to learn to selectively ignore noisy or irrelevant
time steps.

Gated Residual Network (GRN). Building upon the GLU, the Gated Residual
Network (GRN) acts as the primary nonlinear processing unit (Figure 2.7a). Deep
neural networks often suffer from the vanishing gradient problem, where learning
signals degrade as they propagate back through many layers. The GRN addresses
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this by combining a Skip Connection with nonlinear gating. For an input a and
optional context vector c:

GRN(a, c) = LayerNorm (a + GLU (W2 · ELU(W1a + Wcc))) (2.18)

The architecture serves two mathematical purposes.

1. Adaptive Complexity. If the relationship in the data is simple (linear), the
GLU can effectively suppress the nonlinear branch (setting weights to 0), and
the skip connection (a + . . . ) allows the unmodified signal to pass through.
This allows the model to default to a simpler representation if necessary.

2. Gradient Flow. The addition operation in the skip connection creates a
gradient superhighway, ensuring stable training even for deep stacks of layers.

The SensorFusionTFT Architecture

The novel contribution of this dissertation is the architectural assembly of these
blocks into the SensorFusionTFT. To tailor the original TFT for unsupervised
damage detection, I introduce a specialized Time -Varying Sensor Fusion mechanism.

1. Parallel Input Embedding. Raw sensor data (scalars) typically lack sufficient
capacity to represent complex states. Therefore, the first step is to project the
scalar time-series x

(j)
t of each sensor j into a high-dimensional vector space e(j)

t ∈
Rdmodel using a linear transformation. This allows the model to learn rich feature
representations for each sensor independently before mixing them.

2. Time -Varying Variable Selection Network (VSN). In a large sensor
network, damage is often localized; at any given moment, only a subset of sensors may
carry relevant information about the structural anomaly. Standard concatenation of
all sensors would drown the useful signal in noise from unaffected sensors. To solve
this, I re-engineered the VSN to perform dynamic, instance-wise feature selection.

Mathematically, the VSN computes a weight wt,j for each sensor j at each time
step t. It first concatenates all sensor embeddings and passes them through a GRN
to capture nonlinear correlations between sensors. The output is then normalized
via a Softmax function across the sensor dimension:

vw = GRNweight(. . . ); wt = Softmax(vw) ∈ RNsensors (2.19)

This ensures that
∑

j wt,j = 1, effectively creating a probability distribution over the
sensors that changes at every time step.

3. Weighted Sensor Fusion. The unified representation of the system state, ft,
is then computed as a probability-weighted sum of the individual processed sensor
embeddings:

ft =
N∑

j=1
wt,j · GRNfeat(e(j)

t ) (2.20)

This operation filters out irrelevant sensors (low wt,j) and amplifies those showing
significant activity, effectively performing automated, learned signal processing.
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4. Temporal Fusion Decoder. Finally, the fused sequence f1:T is processed
by the interpretable multi-head attention block described in Eq. (2.16). This layer
correlates the fused state at the current time t with significant events in the history
t − k, enabling the detection of anomalies arising from long-term memory effects or
hysteretic energy dissipation.

The specific training objectives and the formulation of damage metrics based on
this architecture are detailed in Section 2.4.

×

×

Figure 2.7. Core components of the SensorFusionTFT architecture: (a) Gated Residual
Network (GRN), (b) Gated Linear Unit (GLU), (c) Positional Encoding, and (d)
Interpretable Multi-Head Attention.
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...

Figure 2.8. The proposed SensorFusionTFT architecture. The model dynamically fuses
information from N sensors via a Time-Varying Sensor Fusion Network and processes the
resulting unified time series through a Temporal Fusion Decoder to capture long-range
dependencies.

2.4 Methodology for Unsupervised Damage Detection
This section details the unified computational framework employed throughout this
dissertation to train, validate, and evaluate all deep learning architectures. The
methodology is rooted in an unsupervised learning paradigm, where the models are
tasked with learning a high-fidelity representation of a structure’s normal, healthy
behavior without exposure to any examples of damage. This approach is critically
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important for real-world SHM, where comprehensive datasets of damaged states are
rarely available. The following subsections will sequentially detail this framework,
from the high-level paradigm and data preparation to the specific training objectives
and the formulation of anomaly scores used for inference.

2.4.1 The Unsupervised Learning Paradigm

The core philosophy of this work is that of unsupervised anomaly detection, also
known as novelty detection. The fundamental premise is that a deep learning model,
when trained exclusively on data from a system in its healthy state, will become a
specialized expert on that normal behavior. It learns to represent the underlying
data distribution, P (x|state=healthy).

During the subsequent inference phase, the trained model is presented with new,
unseen data, xtest. If this data originates from a healthy state, the model should be
able to process it with high fidelity (e.g., reconstruct it with low error). However, if
xtest originates from a damaged state, its statistical properties will deviate from the
learned healthy distribution. The model, being an expert only on healthy dynamics,
will consequently fail to process this anomalous data with the same fidelity. This
failure is quantified by an anomaly score, S(xtest). A score that exceeds a statistically
defined threshold indicates the detection of damage. Furthermore, it is hypothesized
that the magnitude of this anomaly score will be correlated with the extent of the
damage. Ideally, a greater deviation from the learned healthy state, corresponding
to a higher level of damage severity, should produce a monotonically increasing
anomaly score.

In the context of the damage assessment hierarchy outlined in chapter 1, this
framework is designed to address multiple levels. The detection of a statistically
significant deviation in the anomaly score directly satisfies Level I: Detection. By
establishing a correlation between the magnitude of this score and the severity of
damage, this thesis makes a significant contribution towards Level III: Quantifica-
tion. Finally, for advanced architectures such as the SensorFusionTFT, the analysis
of internal model mechanisms-like the dynamic sensor importance weights-provides
a pathway towards achieving Level II: Localization, by identifying which sensor
channels are most affected by the anomalous structural behavior.

2.4.2 Data Preparation and Pre-processing

To prepare the raw sensor data for the deep learning models, a consistent pre-
processing pipeline is applied. All time-series data, whether from numerical simula-
tions or experimental measurements, are first normalized using min-max scaling to
the range [0, 1] specifically for the convolution based models. This step is crucial for
stabilizing the training process, reducing the variability among data points from dif-
ferent scales, and ensuring that the models are not biased by the absolute amplitude
of the response signals. It is acknowledged, however, that global min-max scaling as-
sumes the training set covers the full dynamic range of the system. In scenarios where
damage induces extreme amplitudes exceeding the healthy training bounds, this
scaling may introduce saturation effects, a limitation addressed in the Transformer-
based approach by using instance-wise standardization where appropriate. Following
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normalization, the data is segmented into appropriate formats.

Data Formatting for Convolutional Networks (AE and GAN). For the 1D
CNN-based architectures, the continuous time-series are segmented into fixed-length,
2-second windows sampled at 250 Hz. A total of 2,000 such time-series samples are
generated from the healthy system response under various magnitudes of random
excitation. This database is then partitioned into a training set (80%), used to learn
the model parameters, and a validation set (20%), used to monitor for overfitting
and to perform hyperparameter tuning. It is highlighted that neither the applied
loading conditions nor the specific system characteristics are explicitly fed to the
models, meaning both AE and GAN are designed to perform output-only damage
detection on unknown dynamic systems.

Data Formatting for the SensorFusionTFT. For the Transformer-based
architecture, a self-supervised, sliding window technique is employed. For a set of
N sensor sequences {x(j)}N

j=1, a look-back window of length W is used to predict a
future horizon of length F , creating input-target pairs from the continuous healthy
operational data:

Xt = {(xi,j)t+W
i=t+1}j∈Cin , (2.21)

Yt = {(yi,k)t+W +F
i=t+W +1}k∈Cout . (2.22)

The full training dataset is generated by sliding this window across the time series
of healthy operational data. This formulation is flexible and accommodates two
distinct and powerful validation scenarios used in this dissertation:

Auto-Encoding for Reconstruction. In the primary framework, the input
and target channel sets are identical (Cin = Cout). This tasks the model with a
self-supervised objective: reconstructing the system’s immediate future response
based on its immediate past. Success in this task demonstrates that the model has
learned the baseline temporal dynamics of the observed sensor signals.

Physics-Informed Surrogate Modeling. In a more advanced application of
the framework, the input and target channels are deliberately different (Cin ̸= Cout).
Here, the model is tasked with learning a mapping from easily observable quantities
to non-observable, physically meaningful internal variables. For instance, the input
set may consist of measured kinematics (e.g., displacement, acceleration) and any
known external excitation, while the target is the total internal restoring force of
the system. This presents a more challenging objective: the model must learn to act
as a high-fidelity, data-driven surrogate that emulates the underlying constitutive
law of the system.

By training the model on these self-generated tasks using only healthy data,
it becomes an expert on the baseline system dynamics. The overarching goal of
unsupervised damage detection is then achieved during inference by identifying
significant deviations between the model’s predictions and new measurements.
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2.4.3 Formulation of Training Objectives and Loss Functions

While all architectures follow the same unsupervised paradigm, each is trained to
a unique objective defined by its specific loss function. A common element across
all training procedures is the use of the Adaptive Moment Estimation (ADAM)
optimizer, a gradient-based technique that computes adaptive learning rates for each
parameter [36].

Reconstruction Objective for Autoencoders

The objective of the Autoencoder is to learn an efficient encoding and decoding of the
data that minimizes the reconstruction error. This is accomplished through proper
training, which consists of finding the optimal set of parameters θ that rule the
encoder g and decoder f . Two main strategies are employed to ensure a meaningful
latent representation and to avoid overfitting: creating a bottleneck by reducing the
dimensionality m of the latent space compared to the data dimension n, and adding
a regularization term. In this work, the L2 regularization technique is implemented,
leading to the following optimization problem:

min
θ

{
Ex∼Phealthy

[∆ (x, f(g(x; θ)))] + λ∥θ∥2
2

}
, (2.23)

where the first term is a loss function (here, Mean Absolute Error, MAE) that
quantifies the average reconstruction error, and the second term is the L2-norm of
the parameters weighted by a coefficient λ. To further prevent overfitting, training
is halted using an early stopping criterion.

Adversarial Objective for Generative Adversarial Networks

The training of a GAN is a non-cooperative game, where optimization is attained
at the Nash equilibrium point [64]. At this point, the Generator produces data so
realistic that the Discriminator is no better than chance at distinguishing real from
fake. This is achieved by solving the min-max optimization problem:

min
θG

max
θD

{Ex∼Phealthy
[log D(x; θD)] + Ez∼Pz [log (1 − D(G(z; θG)))]}, (2.24)

where the training alternates between updating the Discriminator’s parameters θD to
maximize this objective (classify correctly) and updating the Generator’s parameters
θG to minimize it (fool the discriminator). Overfitting in the discriminator is
controlled via dropout regularization.

Probabilistic Reconstruction Objective for the SensorFusionTFT

The SensorFusionTFT is trained not to predict a single point-estimate, but to forecast
a full probabilistic distribution of the future response using quantile regression [37,
90]. The objective is to minimize the Quantile Loss (or Pinball Loss). For a specific
quantile τ ∈ [0, 1], the loss is:

Lτ (y, ŷ(τ)) =
{

τ(y − ŷ(τ)) if y ≥ ŷ(τ)

(1 − τ)(ŷ(τ) − y) if y < ŷ(τ) (2.25)



2.4 Methodology for Unsupervised Damage Detection 44

where y is the ground truth and ŷ(τ) is the model’s prediction for the τ -th quantile.
The total loss is the sum of this function over all predicted quantiles(e.g., T =
{0.1, 0.5, 0.9}) and all target variables. This loss function incentivizes the model to
produce predictions where the true value lies between the predicted quantiles the
correct percentage of the time. Total model loss:

L = 1
NTQ

N∑
j=1

T∑
t=1

∑
τ∈T

Lτ (yt,j , ŷ
(τ)
t,j ) (2.26)

In Eq. (2.26), the total loss L is the average of the quantile loss computed over
all dimensions of the prediction task. The index j iterates from 1 to N , the total
number of target variables (i.e., sensors). The index t iterates from 1 to T , the
number of time steps in the prediction horizon. Finally, the summation over τ ∈ T
accumulates the loss for all Q predicted quantiles in the set T . The normalization
factor 1/NTQ ensures that the total loss is a mean value, making it independent of
the number of sensors, the forecast horizon, or the number of quantiles. Quantile
regression [37, 90] provides robust uncertainty intervals essential for SHM.

Optimizer: Adaptive Moment Estimation (ADAM). All models are trained
using the ADAM optimizer. It computes adaptive learning rates for each parameter
based on estimates of the first and second moments of the gradients. The update
rules are as follows:

mτ = β1mτ−1 + (1 − β1)∇τ , (2.27a)
vτ = β2vτ−1 + (1 − β2)∇2

τ , (2.27b)

m̂τ = mτ

1 − βτ
1

, (2.27c)

v̂τ = vτ

1 − βτ
2

, (2.27d)

θτ+1 = θτ − η√
v̂τ + ϵ

m̂τ , (2.27e)

where mτ and vτ are the first and second moment estimates, β1 and β2 are their
exponential decay rates, ∇τ is the gradient of the objective function, η is the learning
rate, and ϵ is a small constant for numerical stability.

2.4.4 Inference and Formulation of Anomaly Scores

Once trained, the models are deployed for inference on new data. For the numerical
nonlinear systems considered, the damage dataset is composed of responses generated
from systems with stiffness reductions ranging from 5% (incipient damage) to 30%
(severe damage) in 5% intervals.

Autoencoder: Reconstruction Error. The suitability of the AE for damage
detection relies on the evidence that a model properly trained on undamaged data
will yield a large loss function value when attempting to reconstruct the response
of a damaged system. The anomaly score SAE is therefore the reconstruction error
(MAE) for a given test sample.
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GAN: Discriminator Output as a Damage Index. The suitability of the
GAN for damage detection stems from the role of its trained discriminator, D.
Having been trained adversarially against the generator, the discriminator becomes
an expert at identifying the subtle characteristics of healthy structural response
data. During the inference phase, its function is repurposed for anomaly detection.

When the trained discriminator is presented with a new test sample, xtest, its
output probability, D(xtest), can be interpreted as a health index. If the data
originates from a healthy state, it will conform to the distribution the discriminator
learned, and the output will be close to 1. Conversely, if the data comes from
a damaged system, its statistical properties will differ from the learned norm.
The discriminator will correctly identify this deviation, classifying the sample as
anomalous (similar to fake data) by outputting a probability close to 0.

To create a more intuitive damage index, where the score increases with the
severity of the damage, I simply define the anomaly score SGAN as the complement
of the discriminator’s output probability:

SGAN (xtest) = 1 − D(xtest) (2.28)

With this formulation, the damage index SGAN is naturally bounded between 0
and 1. A score approaching 0 signifies a healthy state, while a score approaching 1
indicates a high probability of damage. This provides a clear, interpretable metric
for quantifying the deviation from the learned baseline of normal behavior.

SensorFusionTFT: Multi-Metric Assessment. The probabilistic nature of
the TFT allows for a suite of three distinct and complementary anomaly scores:

• Metric 1: Reconstruction Error (RMSE). The most direct indicator of
an anomaly is the reconstruction error, which measures the difference between
the model’s central prediction and the actual sensor measurement. I use the
Root Mean Square Error (RMSE) calculated from the median quantile forecast
(τ = 0.5). For a given sensor j and an evaluation period containing Teval time
steps, the RMSE is calculated as:

RMSEj =

√√√√ 1
Teval

Teval∑
t=1

(yt,j − ŷ
(0.5)
t,j )2 (2.29)

where yt,j is the ground truth measurement and ŷ
(0.5)
t,j is the model’s median

prediction for sensor j at time step t. A significant increase in RMSE relative
to the healthy baseline indicates that the system’s dynamics have changed in
a way the model cannot explain, signaling potential damage.

• Metric 2: Interval Score. While RMSE evaluates the accuracy of the
central (median) forecast, a robust anomaly detection framework must also
assess the reliability of the model’s uncertainty estimates. To this end, I employ
the Interval Score, a widely used proper scoring rule for evaluating the quality
and calibration of prediction intervals [31]. The Interval Score is designed to
penalize intervals that are too wide (lacking sharpness) as well as those that
fail to contain the true observation (lacking coverage).
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For the purpose of damage detection, we are primarily concerned with mis-
calibration, where the dynamics of the damaged system become more volatile
than the model’s learned uncertainty bounds for the healthy state. My im-
plementation therefore focuses on the penalty component of the score, which
quantifies the magnitude of the breach whenever the true measurement, yt,j ,
falls outside the predicted lower (ŷ(τlower)

t,j ) and upper (ŷ(τupper)
t,j ) quantile bounds.

For a prediction interval defined by these quantiles (e.g., 0.1 and 0.9), the
Interval Score (IS) for sensor j is calculated as the average penalty over the
evaluation horizon Teval:

ISj = 1
Teval

Teval∑
t=1

[
max(0, yt,j − ŷ

(τupper)
t,j ) + max(0, ŷ

(τlower)
t,j − yt,j)

]
(2.30)

As formulated in Eq. 2.30, if the true value yt,j lies within the prediction interval,
the term inside the summation is zero, and no penalty is incurred. However, if
a breach occurs, the score increases proportionally to the magnitude of that
breach. A significant increase in the Interval Score is therefore a powerful
damage indicator, signifying that the observed structural dynamics are no
longer consistent with the model’s learned representation of healthy operational
uncertainty.

• Metric 3: Attention Anomaly Score. The final metric provides a sophis-
ticated measure of temporal dislocation by analyzing changes in the model’s
self-attention patterns. While attention mechanisms are widely used for in-
terpretability, I introduce a novel damage indicator, termed the Attention
Anomaly Score, derived from the model’s internal attention patterns. This
metric is calculated by first establishing robust Regions of Interest (ROIs) from
a master attention difference matrix, which captures consistent changes in
temporal focus across attention weights. The score, formulated as a ratio of at-
tention energy between damage-activated ’hotspots’ and suppressed ’coldspots’,
provides a physics-agnostic and highly sensitive measure of deviation from
the learned healthy structural behavior. I hypothesize that damage alters
the causal relationships between past and future states, forcing the model to
re-allocate its attention. To quantify this, I define Regions of Interest (ROIs)
within the attention matrix based on characteristic changes observed across a
general set of damage scenarios. First, an average attention difference matrix,
∆A, is computed by subtracting the mean healthy attention pattern from the
mean pattern of various damage cases. From this matrix, I define two masks:
Hotspot Mask (Rhot): A set of indices (i, k) corresponding to the top percentile
of positive values in ∆A, indicating where attention consistently increases
with damage.Coldspot Mask (Rcold): A set of indices (i, k) corresponding to
the bottom percentile of negative values in ∆A, indicating where attention
consistently decreases.
For any new attention matrix A ∈ RW ×W (where W is the window size)
generated during inference, the ROI Damage Score is calculated as the ratio
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of the total attention energy within these two regions:

ScoreROI(A) =
∑

(i,k)∈Rhot
aik∑

(i,k)∈Rcold
aik + ϵ

(2.31)

where aik are the elements of the matrix A, and ϵ is a small constant for
numerical stability. A high score signifies that the model’s temporal focus
has shifted to align with patterns previously identified as characteristic of a
damaged state, providing a powerful, interpretable signal for damage detection
and localization in the temporal domain.
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Chapter 3

Damage Detection using
Convolutional Unsupervised
Learning Architectures
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Building upon the theoretical foundations established in chapter 2, this chapter
presents the first major investigation of this dissertation: the application of 1D
convolutional neural network-based architectures for unsupervised damage detection.
This methodological approach, centered on training models like the Autoencoder
(AE) to learn a baseline of normal behavior from healthy data, aligns with the
state-of-the-art in data-driven SHM and has proven to be a promising strategy
for practical engineering applications, including the real-time health assessment of
large-scale bridges [30]. Here, I extend this paradigm by systematically evaluating
the performance of both the Autoencoder and the Generative Adversarial Network
(GAN) across the suite of specifically nonlinear systems previously introduced. The
primary objective is to assess their sensitivity to incipient damage and to perform a
critical comparative analysis of their performance and characteristics. The chapter
is structured on a system-by-system basis to facilitate a direct and clear comparison
of the two architectural approaches. The core methodologies and results presented
in this chapter form the basis of a peer-reviewed article published in the journal
Nonlinear Dynamics [35].

3.1 Case Study Data Protocol
To evaluate the effectiveness of both the AE and GAN architectures, a series of
numerical simulations is performed. The goal is to test the models’ ability to
detect damage in nonlinear systems using only their time-domain response. To
replicate a common and challenging real-world scenario, the numerical models are
subjected to random vibrations of varying intensity, and the simulated response data
is contaminated with white Gaussian noise. This protocol ensures that the models
are tested not under a single, idealized condition, but across a range of operational
states, forcing them to learn the underlying dynamics rather than memorizing a
specific response type. All data is prepared and pre-processed according to the
framework detailed in Section 2.4.2.

3.2 Application to a 1-DOF Duffing Oscillator
The first benchmark for evaluation is the single-degree-of-freedom (1-DOF) Duffing
oscillator, whose theoretical properties and governing equation were detailed in
Section 2.1.1. As established by the analysis of its Frequency Response Curves
(Figure 2.1), this system’s hardening nonlinearity and amplitude-dependent reso-
nance present a significant challenge, creating ambiguity that can mislead traditional
damage detection methods. The now apply the unsupervised anomaly detection
framework and the model-specific anomaly scores are applied, as defined in Sec-
tion 2.4, to assess the capability of the AE and GAN to overcome this challenge.

3.2.1 Autoencoder Performance

The performance of the trained AE is first assessed by its ability to reconstruct the
system’s time-history response. As shown in Figure 3.1, the AE, having been trained
exclusively on healthy data, accurately reconstructs the displacement response of the
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undamaged system. However, when presented with data from the damaged system,
its reconstruction fidelity degrades significantly. This mismatch between the input
and the AE’s output highlights a clear deviation from the learned conditions of the
training process and thus points to the occurrence of damage. As hypothesized, the
magnitude of this reconstruction error, which serves as the anomaly score, visibly
increases as the damage level becomes more severe.
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Figure 3.1. Reconstruction of the 1-DOF Duffing system response via the Autoencoder for
different damage levels. The mismatch between the actual and reconstructed response
grows with increasing damage.

3.2.2 Generative Adversarial Network Performance

In contrast to the AE’s reconstructive approach, the GAN framework relies on the
fidelity of its Generator to learn the healthy data distribution. The Generator must be
able to mimic the undamaged system response with high accuracy to effectively train
the Discriminator to be a sensitive detector of anomalies. Figure 3.2 demonstrates
the success of this process. It shows a representative pair of actual and generated
time-history displacement responses for the undamaged system, along with their
corresponding time-frequency representations. The high degree of similarity confirms
that the Generator has successfully captured the complex, nonlinear dynamics of the
healthy state. This, in turn, implies that the Discriminator has been trained to be
an expert on this specific dynamic behavior and will therefore be able to accurately
recognize any deviation from it, such as that caused by the occurrence of damage.
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Figure 3.2. Fidelity of the trained GAN Generator. Comparison of a real time-history
response from the undamaged 1-DOF system with a synthetic response from the Gener-
ator, shown in both the time and time-frequency domains.

3.2.3 Comparative Discussion

To quantitatively compare the damage detection sensitivity of both architectures,
the anomaly scores for each are plotted against the damage level in Figure 3.3. The
top-left plot shows the distribution of the AE’s reconstruction error (MAE), while
the top-right plot shows the raw output of the GAN’s discriminator. As detailed in
Section 2.4.4, the discriminator’s output is transformed into an intuitive damage
index, defined as its complement.

The results clearly demonstrate the efficacy of the unsupervised paradigm. For
the AE, the reconstruction loss values consistently shift upwards as the damage
severity increases. Similarly, for the GAN, the discriminator outputs are clustered
near 1 for the healthy state, while a growing number of outcomes approach 0 as
the damage level increases. The bottom plots in Figure 3.3 show the trend of the
normalized anomaly scores. Both the AE’s reconstruction loss and the GAN’s damage
index are properly correlated with the damage level. Notably, a significant deviation
from the healthy baseline occurs even at the lowest 5% damage level, demonstrating
a satisfactory sensitivity of both deep learning architectures to incipient damage.

For completeness, the specific hyperparameters of the trained AE and GAN
architectures used for this case study are detailed in Table 3.1.
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Figure 3.3. Comparative damage sensitivity for the 1-DOF system. Top row: Scatter plots
of the raw anomaly scores (AE reconstruction error and GAN discriminator output).
Bottom row: Trend of the normalized average anomaly scores, showing a clear correlation
with damage level.

Table 3.1. Configuration of the deep learning architectures for the 1-DOF Duffing system.

Type Component Convolution
layers

Trainable
parameters

Kernel
size

Number
of filters Strides

AE Encoder 3 3,767 (100,50,25) (10,5,2) (1,1,1)
Decoder 3 66,056 (25,50,100) (5,10,1) (2,2,1)

GAN Generator 3 16,018 (2,3,6) (32,32,1) (2,1,2)
Discriminator 3 8,117,729 (6,6,6) (64,64,64) (2,2,2)

3.2.4 On the Role of the Input Representation: 2D GAN with
Wavelet Transforms

While the 1D convolutional architectures operating on raw time-series demonstrated
satisfactory performance, they inherently treat the signal as a flat sequence. However,
nonlinear structural responses often exhibit transient spectral characteristics such
as instantaneous frequency shifts that are best analyzed in the time-frequency
domain. To investigate whether explicit time-frequency features yield higher damage
sensitivity, a supplementary study was conducted using a 2D Convolutional GAN
(2D-GAN) applied to Continuous Wavelet Transforms (CWT) of the Duffing oscillator
response.
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Data Transformation and Architecture. Instead of raw acceleration vec-
tors, the input data consists of Scalograms generated via the Continuous Wavelet
Transform. The transformation was performed using the Complex Morlet wavelet
(cmor1.5-1.0), chosen for its optimal balance between temporal and spectral reso-
lution. Each time-series sample was converted into a 2D RGB image and resized to
dimensions of 69 × 76 pixels to serve as the input for the 2D-GAN.

The architecture was adapted from the 1D GAN described in Section 2.3.3 to
utilize 2D convolutional kernels (5 × 5) in both the Generator and Discriminator.
This allows the network to exploit spatial correlations in the scalogram, effectively
learning the joint time-frequency signature of the healthy system (e.g., the specific
energy decay patterns and resonant bands).

Comparative Results: 1D vs. 2D Sensitivity. The performance of the 2D-
GAN was evaluated using the same damage scenarios as the 1D study. Figure 3.4
presents the side-by-side comparison of the discriminator outputs and the normalized
anomaly scores.

Qualitatively, the 2D-GAN (Right column) exhibits a similar clustering pattern
to the 1D-GAN (Left column), with the healthy samples (blue) clustered near a
discriminator output of 1.0. However, a quantitative analysis of the normalized
anomaly scores reveals a distinct advantage in sensitivity for the 2D approach.

• 1D-GAN Sensitivity: The normalized anomaly score increases by approxi-
mately +65.1% at the maximum damage level (30% stiffness reduction).

• 2D-GAN Sensitivity: The 2D architecture achieves a higher relative increase
of +76.5% for the same damage level.

Critical Discussion on Computational Trade-offs. While the 2D-GAN demon-
strates superior sensitivity, this improvement comes at a significant computational
cost. The pre-processing step (CWT generation) increases the data storage require-
ments by two orders of magnitude compared to the raw time-series. Furthermore,
the training of the 2D-GAN is considerably more resource-intensive due to the larger
number of parameters in the 2D kernels and the processing of high-dimensional
image tensors.

Therefore, the choice between 1D and 2D architectures represents a trade-off: the
1D-GAN offers a highly efficient, lightweight solution suitable for edge computing
where moderate sensitivity is acceptable, whereas the 2D-GAN offers maximum
diagnostic resolution for critical assets where the computational overhead of time-
frequency analysis is justified.

3.3 Application to a 2-DOF Nonlinear System
Having demonstrated the efficacy of the convolutional architectures on a single-
degree-of-freedom system, two-degree-of-freedom (2-DOF) Duffing oscillator is now
addressed, as defined theoretically in Section 2.1.1. This system introduces modal
interactions and a more complex dynamic behavior, as illustrated by its FRCs in
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Figure 3.4. Comparative evaluation of input representations for the 1-DOF Duffing system.
Left: 1D-GAN operating on time-series. Right: 2D-GAN operating on CWT Scalograms.
The 2D approach yields higher sensitivity (+76.5% vs +65.1%) by leveraging spectro-
temporal features.

Figure 2.2. This application serves to evaluate the robustness and scalability of the
AE and GAN architectures when faced with a more intricate, multi-modal nonlinear
response.

3.3.1 Autoencoder Performance

Despite the added complexity from the interaction of the two nonlinear oscillators,
the AE architecture continues to perform reliably. As shown in Figure 3.5, the
model successfully reconstructs the undamaged response of both oscillators after
the training process. As expected, when the system is damaged, the reconstruction
accuracy decreases noticeably. The AE, trained only on the dynamics of the healthy
system, is unable to accurately reproduce the altered dynamics of the damaged state,
resulting in a significant reconstruction error that serves as the damage indicator.

3.3.2 Generative Adversarial Network Performance

Similarly, the GAN architecture demonstrates a satisfactory performance in modeling
the more complex 2-DOF system. Figure 3.6 confirms the fidelity of the trained Gen-
erator by comparing the real and generated responses of the undamaged oscillators
in the time-frequency domain. The strong similarity indicates that the Generator
has learned a robust representation of the healthy, multi-modal dynamics. This, in
turn, implies that the Discriminator has been successfully trained to recognize this
healthy response as genuine and will therefore be prone to classifying the response
from a damaged system as anomalous or fake.
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Figure 3.5. Reconstruction of the 2-DOF Duffing system response via the Autoencoder for
different damage levels. The model is applied to each degree-of-freedom independently.

3.3.3 Comparative Discussion

A direct comparison of the damage detection performance for both architectures is
provided in Figure 3.7. Since the models are applied individually to the response of
each mass, the scatter plots illustrate the distribution of anomaly scores for each
degree-of-freedom. The trend lines represent the average score across both masses
to enable damage detection via a single, aggregated parameter.

A key observation from this more complex case is a divergence in performance
stability. While the AE maintains a tight clustering of healthy scores, the GAN
displays a concerning variance in the undamaged state (Figure 3.7, top right). The
wide spread of discriminator outputs for the healthy condition overlaps significantly
with the 5% damage distribution. In an operational setting, this overlap represents
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Figure 3.6. Fidelity of the trained GAN Generator for the 2-DOF system. Comparison
of real vs. synthetic time-frequency representations for both degrees of freedom in the
undamaged state.

a non-trivial probability of false positives, where a healthy system could be flagged
as damaged due to the discriminator’s hypersensitivity to benign modal interactions.
This highlights a fundamental instability in the adversarial training process for
multi-modal nonlinear systems compared to the convex optimization landscape of
the Autoencoder.

The specific hyperparameters of the trained AE and GAN architectures used for
the 2-DOF system case study are detailed in Table 3.2.

3.4 Application to a Nonlinear Seismic Isolator
The final and most demanding numerical benchmark in this chapter is the hysteretic
seismic isolator, whose complex hybrid nonlinearity was detailed in Section 2.1.3. This
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Figure 3.7. Comparative damage sensitivity for the 2-DOF system. While both AE and
GAN show a clear correlation with damage, the AE demonstrates higher sensitivity in
this more complex case.

Table 3.2. Configuration of the deep learning architectures for the 2-DOF Duffing system.

Type Component Convolution
layers

Trainable
parameters

Kernel
size

Number
of filters Strides

AE Encoder 3 150,175 (50,25,12) (100,50,25) (1,1,1)
Decoder 4 2,142,902 (12,25,25,50) (50,100,100,2) (2,2,1,1)

GAN Generator 3 38,151 (6,6,4) (64,32,2) (2,1,2)
Discriminator 3 4,050,770 (6,6,6) (32,32,32) (2,2,2)

system, governed by the intricate dynamics of Eqs. (2.5)-(2.8), combines hysteretic,
negative stiffness, and superelastic behaviors, presenting a formidable challenge for
any data-driven model. This application serves as a crucial stress test to evaluate
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the robustness and performance limitations of the AE and GAN architectures when
confronted with highly complex, path-dependent dynamics and a higher level of
simulated measurement noise.

3.4.1 Autoencoder Performance

Despite the increased complexity, the Autoencoder continues to demonstrate a
satisfactory and predictable performance. As shown in the representative results
in Figure 3.8, the AE successfully reconstructs the response of the undamaged
isolator. As with the previous case studies, its reconstruction performance degrades
as expected when the damage level increases, with the mismatch between the input
and output signals serving as a clear indicator of the anomalous system behavior.
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Figure 3.8. Reconstruction of the seismic isolator response via the Autoencoder for different
damage levels. The reconstruction error grows as the damage severity increases.

3.4.2 Generative Adversarial Network Performance

In this highly challenging application, the Generative Adversarial Network shows a
good capture of essential system dynamics avoiding high frequency noise. As can be
inferred from the time-frequency comparison in Figure 3.9, the Generator perfectly
replicate the rich dynamics of the healthy isolator; some frequency components
present in the actual response are missing from the output produced by the generator.
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Figure 3.9. Fidelity of the trained GAN Generator for the seismic isolator. The time-
frequency comparison reveals that the Generator captures the main dynamics of the real
signal.

3.4.3 Comparative Discussion

The quantitative results presented in Figure 3.10 agree with and reinforce the
qualitative evidence from the reconstruction and generation plots. The performance
of both architectures on this complex benchmark reveals important insights into
their respective robustness.

The AE properly detects the presence of damage across all severity levels. Its
sensitivity, as indicated by the slope of the normalized reconstruction error, remains
satisfactory, although it is generally lower compared to its performance on the
simpler Duffing systems (Figures 3.3 and 3.7). This reduced sensitivity is likely
attributable to the higher level of measurement noise (10%) considered in this
numerical application, which makes it more difficult to distinguish small parametric
changes.

Conversely, the GAN’s damage detection capability is noticeably compromised.
While damage is eventually recognized, it requires a significant level of severity
(around 15%) before the damage index shows a meaningful increase (around 10%).
At lower damage levels, the response is almost negligible. This is mainly because
the discriminator tends to produce more false negatives in this application; that is,
it incorrectly classifies some samples from the damaged isolator as true or healthy.
This case study effectively highlights the AE’s superior robustness in handling
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highly complex dynamics and increased noise levels compared to the vanilla GAN
architecture employed in this work.
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Figure 3.10. Comparative damage sensitivity for the seismic isolator. The AE maintains
satisfactory sensitivity across all damage levels, whereas the GAN’s sensitivity is signifi-
cantly reduced, only detecting damage at higher severity.

3.5 Experimental Validation on a Magneto-Elastic Beam
Having evaluated the performance of the convolutional architectures on a series of
increasingly complex numerical models, the final and most critical validation of this
chapter involves their application to real experimental data. This step is essential
to assess the robustness and practical applicability of the proposed methods when
faced with the challenges inherent in physical measurements, including ambient noise
and unmodeled dynamics. For this purpose, data from the magneto-elastic beam
experiment are utilized, a system whose physical setup and nonlinear characteristics
were detailed in Section 2.2.1.

This experimental application deals with an output-only damage detection
scenario under random vibrations. The measured system response under band-pass
filtered white noise (10-420 Hz) is considered, with input excitation levels varying
across a range of values (0.01 to 0.15 VRMS). This protocol ensures that the models
are tested on their ability to detect damage irrespective of the specific degree of
nonlinearity being experienced, without any prior information about the system or
the applied excitation.
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3.5.1 Autoencoder Performance

The performance of the trained Autoencoder on the experimental data is shown
in Figure 3.11. The results confirm the effectiveness of the reconstruction-based
anomaly detection strategy. The AE accurately reconstructs the response signal
from the healthy experimental setup. As soon as a small, physical damage of 2% is
introduced, the reconstruction error displays an abrupt and noticeable increment,
signaling a clear deviation from the learned healthy baseline.
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Figure 3.11. Reconstruction of the experimental magneto-elastic system response via the
Autoencoder for different physical damage levels.

3.5.2 Generative Adversarial Network Performance

The GAN’s Generator also demonstrates its ability to capture the dynamics of the
physical system, as shown in Figure 3.12. The strong similarity between the actual
and generated time-frequency representations of the undamaged system’s response
indicates that the Generator has learned a faithful model of the healthy experimental
dynamics. Consequently, when the system is damaged, the resulting response no
longer represents the dynamics of the healthy system, leading to a growing number
of time-series samples being classified as fake by the trained Discriminator.
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Figure 3.12. Fidelity of the trained GAN Generator on experimental data. The time-
frequency comparison shows a high similarity between the actual undamaged response
and the synthetic data generated by the GAN.

3.5.3 Comparative Discussion

The final comparative assessment in Figure 3.13 demonstrates the effectiveness of
both architectures in this challenging experimental application. The results confirm
the very good sensitivity of both models to the lowest damage level of 2%, validating
their capability for early-stage damage detection in a physical system.

In particular, the damage index derived from the discriminator loss highlights
both the sensitivity and the limitations of the GAN. While it successfully flags
the onset of damage, the metric exhibits saturation at higher severity levels. As
seen in Figure 3.13, the anomaly scores for the 4% and 6% damage levels are
statistically indistinguishable. This plateauing effect suggests that while the GAN
is an exceptional binary detector (healthy vs. damaged), its utility for damage
quantification is limited in this experimental context, as the relationship between
the physical damage magnitude and the discriminator’s probability output becomes
highly nonlinear and saturates once the signal deviation exceeds the generator’s
learned manifold.

Ultimately, this experimental validation provides the strongest confirmation of the



3.6 Operational Limitations and Critical Analysis 63

viability of the unsupervised convolutional framework. It proves that both AE and
GAN architectures are able to detect physical damage without any prior information
about the system’s parameters or the applied dynamic loads, and irrespective of the
degree of nonlinearity in the response. The specific hyperparameters for the models
used in this experimental study are provided in Table 3.3.
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Figure 3.13. Comparative damage sensitivity on the magneto-elastic experimental data.
Both architectures demonstrate high sensitivity to the incipient 2% damage level, con-
firming their utility for early damage detection.

Table 3.3. Configuration of the deep learning architectures for the magneto-elastic system.

Type Component Convolution
layers

Trainable
parameters

Kernel
size

Number
of filters Strides

AE Encoder 4 1,283,525 (20,100,50,25) (100,100,50,25) (1,1,1,1)
Decoder 3 527,679 (50,50,20) (50,100,1) (1,2,2)

GAN Generator 3 414,629 (10,20,2) (100,200,1) (1,2,2)
Discriminator 4 2,357,201 (3,50,15,10) (200,200,100,50) (1,1,1,1)

3.6 Operational Limitations and Critical Analysis
The results presented in the preceding sections demonstrate the potential of deep
convolutional architectures for nonlinear SHM. However, to provide a balanced
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scientific assessment, it is necessary to critically examine the failures, stability issues,
and limitations observed during this investigation. As noted by the results on the
seismic isolator and the 2-DOF system, successful detection in a controlled study
does not immediately translate to operational robustness. This section outlines the
specific boundaries of applicability for these methods.

3.6.1 Black-Box Approaches vs. Traditional Statistical Methods

A fundamental question arises: what advantage do these computationally expensive
deep learning models offer over traditional statistical baseline methods, such as
Principal Component Analysis (PCA) or Mahalanobis Squared Distance (MSD)?

Traditional statistical approaches rely on the assumption that the healthy data
follows a multivariate Gaussian distribution and that the system dynamics can be
decomposed into linear orthogonal components. For the highly nonlinear systems
investigated here (e.g., the hysteretic isolator), these assumptions are fundamentally
violated. The data manifold of a hysteretic system is curved and folded; a linear
projection like PCA would overestimate the variance, leading to a high floor of
reconstruction error even in the healthy state.

However, deep learning models are not without their own disadvantages compared
to these traditional baselines.

• Convexity and Stability. PCA is a convex optimization problem with a
unique global solution. In contrast, training the GAN proved to be highly
unstable, often requiring multiple restarts to avoid mode collapse, where the
generator produces a limited variety of samples. This stochasticity in training
is a significant barrier to automated deployment compared to deterministic
statistical methods.

• Interpretability. when an MSD metric flags an anomaly, it is often possible
to trace the contribution of specific variables. The Convolutional AE and
GAN, however, act as black boxes. A high reconstruction error signals a global
mismatch but offers no immediate insight into whether the error stems from a
localized stiffness change or a benign environmental shift.

3.6.2 The Instability of Adversarial Detection

While the GAN demonstrated superior sensitivity in the experimental beam case
study, this sensitivity comes at the cost of robustness. In the 2-DOF Duffing bench-
mark (Section 3.3), the Discriminator exhibited a hair-trigger response, producing
a wide variance of outputs for the healthy state. This suggests that the decision
boundary learned by the Discriminator is not smooth. While this study utilizes
the standard minimax loss formulation based on the Jensen-Shannon divergence
(Eq. 2.14), it is acknowledged that this objective can sometimes lead to vanishing
gradients, particularly when the generated and real distributions have negligible
overlap. In the literature, the Wasserstein GAN (WGAN) is often cited as a robust
alternative. By leveraging the Earth Mover’s Distance rather than the JS divergence,
WGANs provide smoother gradients and a loss metric that correlates better with
sample quality, thereby improving training stability. However, for the scope of this
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work, the standard formulation proved sufficient. In a real-world scenario with
fluctuating environmental conditions, this lack of smoothness would likely result in
an unacceptable rate of false positives. The Autoencoder, by minimizing a continuous
error metric (MAE), demonstrated a smoother manifold representation, making it a
more conservative but reliable choice for safety-critical infrastructure.

3.6.3 Noise Sensitivity and the Limit of Detection

The performance degradation observed for the seismic isolator case study (Section 3.4)
under 10% noise provides a practical bound on the Limit of Detection (LOD).

• LOD for Stiffness Reduction. across the numerical benchmarks, the
effective LOD for the Autoencoder was approximately a 5% stiffness reduction.
Below this threshold, the reconstruction error distribution of the damaged
state overlapped significantly with the noise floor of the healthy state.

• Impact of Signal-to-Noise Ratio (SNR). for the GAN, high noise levels
prevented the Discriminator from learning the fine-grained features of the
hysteresis loops, effectively blinding it to damage levels below 15% in the
Isolator case. This indicates that while Generative models excel at capturing
complex distributions, they are less noise-robust than reconstructive models
(AE) which effectively act as de-noising filters.

3.6.4 Saturation and Non-Monotonicity

Finally, the experimental results on the magneto-elastic beam revealed a saturation
of the damage metrics. The distinction between moderate (4%) and severe (6%)
damage was minimal. This non-monotonic behavior implies that while these 1D
convolutional architectures are powerful detectors (Level I), their output cannot be
linearly mapped to damage severity (Level III) without extensive calibration. This
limitation stems from the use of the Tanh or Sigmoid activation functions in the
final layers, which squash unbounded damage features into a bounded range, losing
resolution at the extremes.

3.7 Summary and Findings
This chapter has presented a comprehensive and systematic investigation into the
use of 1D convolutional deep learning architectures for unsupervised, data-driven
damage detection in nonlinear dynamic systems. The performance of two distinct
models, the Autoencoder (AE) and the Generative Adversarial Network (GAN),
was thoroughly examined across a suite of three numerical benchmarks and one
experimental application, each exhibiting different and increasingly complex nonlinear
behaviors. The investigations were conducted under the realistic assumption that
neither the specific system parameters nor the excitation characteristics were known,
forcing the models to perform output-only damage detection based on learning the
dynamics of the healthy state. From this extensive study, several key conclusions
can be drawn.



3.7 Summary and Findings 66

• Validation of the Unsupervised Paradigm. The primary finding is that
both the AE and GAN architectures are fundamentally capable of detecting
the onset of damage in a variety of nonlinear dynamic systems. Across all case
studies, the models demonstrated the ability to distinguish between healthy
and damaged states, and the calculated anomaly scores showed a consistent and
monotonic correlation with increasing damage levels, confirming the viability
of the overall methodological framework.

• Comparative Performance and Robustness. A clear distinction in
performance characteristics was observed. The Autoencoder consistently
exhibited a more stable and robust performance, providing reliable damage
detection across all benchmarks, including the highly complex seismic isolator
and the noisy experimental data. The Generative Adversarial Network, on
the other hand, exhibited significant operational instability. While capable of
high sensitivity, it suffered from metric saturation at high damage levels and
a reduced noise tolerance in complex hysteretic systems, suggesting it is best
suited for binary detection tasks in low-noise environments rather than robust
quantification.

• Practical Implementation and Interpretability Trade-offs. From a
practical standpoint, establishing a well-performing AE architecture proved to
be a more straightforward task than configuring and training the GAN, which
required significantly more time and careful hyperparameter tuning. Conversely,
a principal advantage of the GAN lies in its output. The Discriminator’s raw
output, bounded between 0 and 1, provides a naturally interpretable health
index, which can be easily transformed into an intuitive damage index, a
feature not inherently present in the AE’s unbounded reconstruction error.

Contribution to the SHM Hierarchy. In the context of the damage assessment
hierarchy established in Chapter 1, the work presented in this chapter makes clear
and significant contributions. The demonstrated ability of both architectures to
reliably detect the onset of incipient damage (as low as 2%-5%) in all case studies
firmly satisfies the requirements of level I for damage detection. Furthermore, the
consistent, monotonic relationship observed between the magnitude of the anomaly
scores and the severity of the damage provides a strong foundation and a significant
step towards achieving level III for damage quantification. While this work does not
propose a full quantification model, it proves that the output of these unsupervised
models carries quantitative information about the extent of damage, not just its
presence.

Limitations and Transition to the Next Chapter. While the convolutional
architectures have proven effective, this investigation has also highlighted their
inherent limitations and opened avenues for further research. The methods presented
here focused solely on damage detection and preliminary quantification; the challenge
of level III related to damage localization was not addressed. Additionally, the
potential influence of changing environmental and operational conditions was not
considered.
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More fundamentally, the 1D convolutional architectures process each sensor
channel independently and are primarily designed to capture local features in time.
This limits their ability to model long-range temporal dependencies or to dynamically
fuse information from multiple sensors to understand the global state of a complex
structure. To address these architectural limitations and to explore a more powerful
and interpretable approach to unsupervised diagnostics, the subsequent chapter
introduces an advanced methodology based on the Transformer framework.
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Chapter 4

Damage Detection using an
Interpretable Sensor Fusion
Transformer
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The previous chapter established the viability of unsupervised convolutional
architectures for damage detection, while also revealing their limitations in inter-
pretability and in modeling complex temporal dependencies. This chapter addresses
these limitations by introducing and evaluating the novel SensorFusion Temporal
Fusion Transformer (SensorFusionTFT). The central challenge motivating this shift
is the nature of nonlinear structural dynamics itself: phenomena such as hysteresis
introduce path-dependent memory effects where the current state depends on the
entire history of motion. Capturing these non-local, history-dependent relationships
is a fundamental problem that local feature extractors like CNNs struggle with. This
necessitates an architecture with a mechanism, such as self-attention, that can learn
global dependencies across time. The novel architecture and findings detailed in this
chapter have been compiled into a manuscript for submission to a peer-reviewed
journal.

This chapter will demonstrate how the SensorFusionTFT, adapted from the
state-of-the-art forecasting model, provides a superior framework for this task. The
convolutional autoencoder from chapter 3 will serve as a conceptual performance
baseline, allowing for a clear assessment of the advancements offered by this more
sophisticated architecture.

4.1 Case Study Protocol for Transformer-Based Analy-
sis

To assess the capabilities of the SensorFusionTFT, its performance is evaluated
on challenging numerical benchmarks chosen to represent distinct and complex
forms of nonlinear behavior discussed in Chapter 2. To emulate realistic operational
conditions, the numerical models were subjected to band-limited random noise
excitation. This process yielded a comprehensive dataset for each system, comprising
340 distinct time-history simulations, which were partitioned into training (200),
validation (40), and test (100) sets. Following the unsupervised training phase
on healthy data, the model’s diagnostic capabilities were tested against simulated
damage scenarios with stiffness reductions ranging from 5% to 30%.

4.2 Application to a Hysteretic Tuned Mass Damper
The first numerical benchmark for the SensorFusionTFT is an hysteretic Tuned
Mass Damper (TMD), whose governing equations were defined in Section 2.1.2. This
system was specifically chosen to test the model’s ability to learn path-dependent,
hysteretic memory effects-a key challenge for many data-driven methods.

For this application, we employ the physics-informed surrogate modeling frame-
work, a specialized use-case of the broader auto-encoding paradigm where the model
learns to map observable kinematics to a non-observable physical quantity. The
objective is to predict the Total Restoring Force, F̃res, a quantity that holistically
represents the system’s internal constitutive law:

F̃res(t̃) = δ ˙̃x(t̃) + (1 − δ)z̃(t̃) + k̃3x̃(t̃)3. (4.1)
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By training the model to predict F̃res using only observable inputs (displacement,
acceleration, and external excitation), it is tested its ability to infer the underlying
physics of the system.

4.2.1 Performance as a Dynamic System Surrogate

Figure 4.1 demonstrates the core capability of the trained SensorFusionTFT: its
ability to act as a high-fidelity dynamic surrogate. For the healthy test case, the
model exhibits exceptional fidelity. The median prediction precisely tracks the
ground truth restoring force, indicating high point-forecast accuracy. Furthermore,
the 80% confidence interval (CI) is shown to be both narrow and well-calibrated; its
tightness signifies that the model is highly confident in its predictions, and the fact
that the true signal is consistently enveloped by these tight bounds confirms that
this confidence is justified. This dual success, an accurate median prediction coupled
with a narrow, and calibrated confidence interval, validates that the model has
successfully learned the complex, path-dependent nature of the healthy hysteretic
behavior, establishing its credibility. When presented with data from damaged states,
the model’s predictions, which are based on its learned understanding of the healthy
state, begin to diverge from the actual response. This divergence is the primary
diagnostic signal, and it becomes visually apparent as damage increases.
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Figure 4.1. Comparative predictions of the Total Restoring Force for the TMD. The
divergence between the ground truth (solid) and the model’s prediction (dashed) grows
with damage severity, signaling an anomaly.

4.2.2 Quantitative Damage Detection via Anomaly Metrics

To systematically quantify this divergence, I employ the multi-metric framework
defined in Section 2.4.4. Figure 4.2 illustrates the normalized distribution of the



4.2 Application to a Hysteretic Tuned Mass Damper 71

Root Mean Square Error (RMSE). A clear and monotonic trend is observable: as
the severity of the damage increases, the median reconstruction error also increases
significantly, with the 30% damage case exhibiting a mean RMSE over 118% higher
than the healthy baseline.

Figure 4.3 displays the normalized distribution of the Interval Score (IS), which
penalizes breaches of the model’s learned uncertainty bounds. The IS proves to be an
similar sensitive metric, showing a dramatic trend where the mean score for the 30%
damage case increases by over 109% very close to RMSE scores. This demonstrates
that damage not only causes the median prediction to diverge, but also decisively
breaks the model’s learned uncertainty model of the healthy state, making the IS a
highly potent indicator of anomalous behavior.
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Figure 4.2. Normalized distribution of RMSE for the TMD’s Total Restoring Force. Each
box plot shows the distribution of scores across all prediction windows for a given damage
case. The red line connects the mean RMSE value of each distribution, illustrating
the clear and monotonic trend of increasing average reconstruction error with damage
severity.

4.2.3 Diagnostic Insights from Interpretability Mechanisms

Beyond quantitative detection, the interpretable design of the SensorFusionTFT
provides deep diagnostic insights into its reasoning, as shown in the comprehensive
dashboard in Figure 4.4.

The top row displays the mean sensor importance from the VSN, which assigns
highest mean weights for the displacement and excitation signals as the most
important features for predicting the restoring force showing a robust physics-
induced surrogate learning. The middle row visualizes the deviation in the model’s
temporal self-attention pattern calculated with the self-attention weights of the
train dataset as baseline, showing an increasingly intense and structured change
as damage progresses from 5% to 30% damage scenarios. Finally, the bottom row
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Figure 4.3. Normalized distribution of the Interval Score (IS) for the TMD’s Total Restoring
Force. Each box plot represents the distribution of scores for a given damage case. The
red line, which connects the mean IS value of each distribution, illustrates the dramatic
and monotonic increase in the mean score as damage severity increases.

presents the Attention Anomaly Score, which quantifies this change in temporal
reasoning with respect to the baseline healthy train. The clear, monotonic increase
in this score provides a third, independent confirmation of the model’s ability to
detect and quantify damage, grounding the detection results not just in prediction
error, but in the internal mechanisms of the model itself.

4.3 Revisiting the Hysteretic Seismic Isolator
Having demonstrated the SensorFusionTFT’s ability to learn a system with pure
hysteretic nonlinearity, the hysteretic seismic isolator is revisited, a benchmark
whose complex governing equations were detailed in Section 2.1.3. This system
was specifically chosen to evaluate the architecture’s performance on a system with
highly complex, hybrid nonlinearities, including negative stiffness, superelasticity,
and path-dependent hysteresis all acting in concert [69, 10, 89, 16]. This serves as
a stringent test of the model’s capacity for abstraction and its ability to learn a
generalizable approximation of a sophisticated underlying constitutive relationship.

For this validation study, I employ a dual-target is employed, physics-informed
surrogate modeling approach. The model is trained exclusively on healthy data to
map observable inputs (displacement, acceleration, external excitation) to two critical
outputs: the future displacement (a kinematic variable) and the non-observable,
internal Total Restoring Force (a dynamic variable). Success in this dual-target
task provides strong evidence that the model’s core fusion mechanism can distill
input sensor data into a highly abstract latent representation rich enough to be
deconstructed into two distinct physical quantities.



4.3 Revisiting the Hysteretic Seismic Isolator 73

0 200
0.0

0.2

0.4
M

ea
n

S
en

so
r

Im
p

or
ta

n
ce Healthy test

Displacement Acceleration Excitation Input
0 200

5% Damage

0 200

10% Damage

0 200

15% Damage

0 200

20% Damage

0 200

25% Damage

0 200

30% Damage

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

Q
u

er
y

(P
re

d
S

te
p

)

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

0 34 68 10
2

13
6

17
0

Key (Past Step)

0

34

68

102

136

170

−10−2 −10−3 0 10−3 10−2

Attention Difference vs. Healthy

Healthy train Healthy test 5% Damage 10% Damage 15% Damage 20% Damage 25% Damage 30% Damage

0.5

1.0

1.5

2.0

2.5

N
or

m
al

iz
ed

D
am

ag
e

S
co

re

+0.0
-4.6 +2.3

+7.0 +10.5

+26.7
+37.1

+76.4

Mean Score Trend Healthy Train Baseline

Figure 4.4. Interpretability dashboard for the TMD application. This three-panel output
shows (Top) which sensors the model focuses on, (Middle) how its temporal reasoning
changes with damage, and (Bottom) a quantitative score of that change, all showing a
clear correlation with damage.

4.3.1 Performance as a Dynamic System Surrogate

The efficacy of this dual-target surrogate modeling approach is illustrated in Fig-
ure 4.5. Here we can see the model is tasked with simultaneously learning to predict
a probabilistic distribution for two distinct physical quantities: the kinematic Dis-
placement and the non-observable, internal Total Restoring Force. This is achieved
by training the model to output three quantiles (e.g., 10th, 50th, 90th) for each of
the two target variables.

In the healthy test state (top row), the model demonstrates exceptional fidelity
in this complex task. First, the median quantile predictions (dashed lines) for both
Displacement and Restoring Force precisely track their respective ground truth
signals, indicating high point-forecast accuracy. Second, the 80% confidence interval,
which is itself a model prediction formed by the upper and lower quantiles, is shown
to be both narrow and well-calibrated. It closely envelops the ground truth, signifying
that the model has learned not only the system’s central dynamic tendency but also
a tight and accurate representation of its operational uncertainty. This success in
concurrently predicting the distributions for two different physical outputs confirms
that the SensorFusionTFT has successfully internalized the complex, path-dependent
dynamics of the healthy system.

In contrast, for the damage scenarios, a significant divergence materializes
between the model’s forecast and the system’s actual behavior. It is crucial to
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interpret this discrepancy not as a prediction error, but as the core diagnostic signal.
Notably, this effect is far more pronounced for the Total Restoring Force than for
the kinematic displacement. Even at high damage levels, the displacement plots
show only subtle deviations, whereas the restoring force predictions exhibit large,
unmistakable errors. This highlights the model’s acute sensitivity to changes in
the underlying constitutive physics, which are more immediately apparent in the
internal forces than in the overall motion.
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Figure 4.5. Comparative prediction performance for the nonlinear isolator. The model’s
predictions for Displacement (left) and Total Restoring Force (right) are compared
against the ground truth (solid black) across four damage states.

4.3.2 Quantitative Damage Detection via Anomaly Metrics

To move beyond a qualitative assessment, the prediction error using the RMSE and
IS metrics is systematically quantified, with results presented in Figures 4.6 and 4.7.
The results reveal a clear, monotonic relationship between error and damage severity
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for both target variables. At the highest damage level of 30%, the mean RMSE
for both displacement and restoring force surges to over +800% above the healthy
baseline, confirming that prediction error functions as a reliable damage indicator.

The Interval Score proves to be an even more sensitive diagnostic tool. As shown
in Figure 4.7, this metric reveals a dramatic, exponential growth in error as damage
progresses. The sensitivity of the IS is remarkable for the 30% damage case, the
mean score escalates by over 7900% for the restoring force and an extraordinary
12,000% for displacement. This explosive increase signifies that the damaged system’s
behavior is not just different, but wildly unpredictable compared to the narrow
operational bounds learned during healthy training, making the IS an exceptionally
potent indicator for detecting both subtle and severe anomalies.
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Figure 4.6. Normalized distribution of RMSE by damage case for the isolator. The trend
lines show a clear, monotonic increase in mean reconstruction error distribution with
damage severity for both target variables.

It is important to address the operational implementation of these metrics. As
observed in Figure 4.2, the anomaly scores exhibit stochastic fluctuations due to
the random nature of the excitation. In a real-world scenario where multiple passes
or repeated tests are not feasible, a single-shot reading might fall within the noise
floor of the healthy distribution. Therefore, robust practical deployment requires
a temporal smoothing strategy, such as a Moving Average or Exponential
Weighted Moving Average (EWMA) filter applied to the anomaly score stream.
This would mitigate the instance-wise variance and reveal the underlying trend of
structural degradation.

4.3.3 Diagnostic Insights from Interpretability Mechanisms

A key advantage of the SensorFusionTFT is its inherent interpretability, which
allows for a deeper understanding of the model’s learned strategy. The diagnostic
dashboard in Figure 4.8 summarizes the model’s internal mechanisms, and the
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Figure 4.7. Normalized distribution of Interval Score (IS) by damage case for the isolator.
The sharp, exponential growth of the mean IS with increasing damage highlights its
high sensitivity as a damage indicator.

top row reveals a significant and physically insightful shift in the VSN’s focus
compared to the TMD case, with the network consistently assigning the highest
importance to the Acceleration signal. This learned prioritization is not an arbitrary
choice but a direct and logical consequence of the compound prediction objective
assigned in this benchmark. For predicting the Total Restoring Force, the model can
exploit the physical identity of the equation of motion (Fres = Fext − Mẍ), where
acceleration is not merely a correlated feature but a direct, linearly proportional
component of the target variable. Simultaneously, for predicting the future kinematic
Displacement, the acceleration signal provides the essential second-order temporal
information that governs the evolution of the system’s trajectory. The VSN, in its
optimization process, has therefore identified the acceleration signal as the most
salient feature for concurrently minimizing the loss across both prediction tasks.
This demonstrates a sophisticated capability that VSN is not simply learning static
correlations but is performing an objective-driven allocation of its focus, identifying
the most parsimonious pathway to solve the given problem.

The middle row visualizes the Attention Difference, which is the change in the
model’s temporal self-attention pattern relative to the healthy baseline. A clear
trend can be observed as the damage level increases, the heat maps show increasingly
intense and structured patterns of deviation, particularly at the end of the look-back
window. This indicates that the model is altering its temporal reasoning process in
response to the anomalous dynamics.

The bottom row quantifies this change via the Normalized Damage Score, a
metric derived from the attention difference patterns. The monotonic increase in this
score provides a third, independent validation of the model’s detection capability.
This demonstrates that damage can be identified not only through prediction error
but also by directly monitoring the internal state of the neural network, confirming
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that the model has learned damage-sensitive features within its attention mechanism.

Operational Detection Thresholds. While the numerical results demonstrate
statistical separability at damage levels as low as 5%, it is crucial to interpret
these findings with a degree of operational realism. In field conditions, factors such
as changing environmental conditions, sensor calibration drift, and varying noise
floors often mask incipient changes. Consequently, while the deep learning model
shows theoretical sensitivity to 5%-15% stiffness reductions, a more robust and
conservative target for reliable detection in a deployed system would likely be in the
range of >15%. The subtle deviations observed at lower levels, while mathematically
significant in this simulation, might effectively constitute a blind zone in a noisy,
real-world monitoring campaign.
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Figure 4.8. Interpretability dashboard for the seismic isolator. The VSN’s focus on
acceleration (top), the deviation in temporal attention (middle), and the rising Attention
Anomaly Score (bottom) provide a multi-faceted and interpretable view of the damage
detection process.

4.4 Experimental Validation on the Magneto-Elastic
Beam

The ultimate objective of any SHM architecture is robust performance on real-world
structures. To validate this capability, we now transition from numerical simulations
to evaluate the SensorFusionTFT on the magneto-elastic beam, an experimental
benchmark whose physical setup and nonlinear characteristics were detailed in
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Section 2.2.1. This case study serves two critical purposes: first, to confirm the
model’s ability to learn complex physical laws from real, noisy measurements, and
second, to test its core sensor fusion capability on a multi-sensor problem.

For this experimental validation, I again employ the physics-informed surrogate
modeling approach. The SensorFusionTFT is trained exclusively on data from the
three accelerometers on the healthy beam to learn the mapping from the measured
kinematics to the system’s Total Restoring Force, which is calculated from known
physical parameters. The trained model thus acts as a data-driven representation of
the healthy nonlinear constitutive law.

4.4.1 Performance on Experimental Data

Figure 4.9 provides a qualitative assessment of the model’s prediction performance on
unseen experimental data. For the healthy test case, the model’s median prediction
tracks the ground truth with remarkable accuracy. As physical damage is introduced
by removing nuts from the bolted connection, the model’s predictions, which are
based on its learned understanding of the healthy state, begin to diverge from the
actual measured response. This divergence becomes more pronounced as the damage
level increases from 2% to 6%, visually confirming the model’s sensitivity to subtle
physical changes in the system.

Time

−40

−20

0

20

M
ag

n
it

u
d

e

Healthy test

Time

M
ag

n
it

u
d

e

2% Damage

0.35 0.40 0.45 0.50 0.55 0.60 0.65
Time

−40

−20

0

20

M
ag

n
it

u
d

e

4% Damage

0.35 0.40 0.45 0.50 0.55 0.60 0.65
Time

M
ag

n
it

u
d

e

6% Damage

Ground Truth

Median Prediction

80% CI

Healthy test

2% Damage

4% Damage

6% Damage

Figure 4.9. Comparative prediction performance for the magneto-elastic beam. The
divergence between the ground truth (solid) and the model’s prediction of the healthy
response (dashed) serves as the primary damage indicator.
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4.4.2 Quantitative Damage Detection via Anomaly Metrics

The model’s detection capability is quantified using the RMSE and IS metrics,
with results presented in Figures 4.10 and 4.11. A clear and monotonic increase in
reconstruction error is evident as damage progresses from 2% to 6%. Crucially, even
the minimal 2% damage scenario produces a distribution of errors that is statistically
distinguishable from the healthy test case, highlighting the model’s high sensitivity
to incipient damage. The mean RMSE for the 6% damage case is over 63% higher
than the healthy baseline.

The Interval Score (Figure 4.11) provides an even more striking demonstration
of sensitivity. The mean IS for the 6% damage case is over 483% higher than the
baseline, indicating that the damage introduces dynamic behaviors that are funda-
mentally inconsistent with the model’s learned representation of healthy operational
uncertainty.

Interpretation of Experimental Damage Classes. It is imperative to clarify
the physical nature of the damage in this experiment compared to the numerical
simulations. In the numerical models, damage was defined as a global parametric
reduction (e.g., reducing K by 5%). In this experimental setup, ‘2% damage’ refers
to the removal of specific mass/stiffness elements at a localized bolted connection.
Consequently, these percentages represent discrete physical states rather than a
continuous degradation of global system parameters. This distinction explains the
non-monotonic behavior observed in the anomaly scores (Figure 4.10). As the
damage state transitions from 4% to 6%, the system dynamics may undergo complex
bifurcations characteristic of the magneto-elastic nonlinearity (e.g., shifting between
periodic and chaotic regimes). A higher percentage of mass removal does not strictly
imply a linear increase in prediction error; rather, it shifts the system to a different
dynamic manifold.

The overlap observed between the healthy upper bound and the lower bound
of damaged cases highlights the potential for false negatives in single-instance
detections. To address this, the presented results utilize the statistical mean as the
robust anomaly measure. It is acknowledged that obtaining multiple experimental
passes for a specific damage state is often unfeasible in rapid assessment scenarios.
However, within the context of a deployed continuous monitoring solution, this
limitation is effectively mitigated. By accumulating multiple records over extended
temporal horizons ranging from hours to days or months, the system can aggregate
samples to smooth out stochastic fluctuations. This temporal averaging ensures that
a stable diagnostic trend emerges, effectively resolving the distributional overlap and
enhancing the reliability of detection for low-magnitude damage.

4.4.3 Interpretability and Damage Localization Insights

A key advantage of the SensorFusionTFT lies in its inherent interpretability, which
allows us to move beyond simple detection towards diagnostics. The interpretability
dashboard in Figure 4.12 deconstructs the model’s internal reasoning.

The top row reveals the mean sensor importance assigned by the VSN to each
of the three accelerometers. The model learns to consistently assign the highest
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Figure 4.10. Normalized distribution of RMSE for the magneto-elastic beam. The trend of
mean value for each damage distribution demonstrates a clear increase in reconstruction
error with physical damage severity.
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Figure 4.11. Normalized distribution of Interval Score (IS) for the magneto-elastic beam.
The pronounced increase of mean values of IS highlights the model’s sensitivity to
anomalous behavior that violates its learned uncertainty bounds.

importance to Accelerometer 2. This learned spatial prioritization is a powerful
result, as this sensor is physically located nearest to the mid-span bolted connection
where damage was induced. The VSN has correctly identified the most informative
channel for monitoring the structural region most susceptible to change, providing a
crucial step towards Level II: Localization of damage hierarchy.

The middle row visualizes the deviation in the model’s temporal self-attention
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pattern, which becomes increasingly pronounced with damage compared to the
healthy train dataset baseline. The bottom row consolidates these temporal shifts
into the scalar Attention Anomaly Score. This metric exhibits a clear monotonic
increase highly correlated with damage severity, rising from a baseline of +0.3
for the healthy case to +12.6 for the 6% damage state. This provides a third,
independent line of evidence for damage detection, confirming that anomalies can be
robustly identified not just through reconstruction error, but also by monitoring the
model’s internal diagnostic signals. This demonstrates that the SensorFusionTFT
has successfully learned to associate specific dislocations in its spatio-temporal
reasoning with the onset of physical damage.
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Figure 4.12. Interpretability dashboard for the magneto-elastic beam. The VSN’s focus
on the sensor nearest the damage (top), the deviation in temporal attention (middle),
and the rising Attention Anomaly Score (bottom) demonstrate the model’s diagnostic
capabilities.

4.5 Large-Scale Experimental Validation: The LUMO
Lattice Tower

The culminating validation of this chapter transitions from controlled laboratory
setups to a large-scale, real-world benchmark: the Leibniz University Test Structure
for Monitoring (LUMO), whose physical characteristics were detailed in Section 2.2.2.
This case study was specifically chosen to probe the practical limits and test the key
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design principles of the SensorFusionTFT under the most challenging conditions.
Unlike the previous benchmarks, the LUMO structure is a 9-meter-tall outdoor
mast continuously exposed to real-world environmental and operational variability,
including changing wind loads and temperature cycles. Furthermore, its dense
network of 22 sensors directly tests the model’s core sensor fusion capability and its
scalability to high-dimensional data streams.

For this application, the SensorFusionTFT is trained in the auto-encoding
framework to reconstruct the feature-engineered response of all 22 sensors. The
model’s efficacy is assessed using the full suite of three anomaly metrics defined in
my methodology.

4.5.1 Damage Detection with Reconstruction-Based Metrics

The model’s fundamental damage detection capability is evaluated using the RMSE
and IS metrics, with the distributions of these scores across all 22 sensor channels
presented in Figures 4.13 and 4.14. A clear distinction is immediately evident
between the healthy and damaged states. In both figures, the error distributions for
the healthy data are compactly centered around the baseline (red dashed line).

Upon the introduction of damage, even at the moderate level (e.g., x12_DAM3_010),
a significant upward shift in the error distributions occurs for a subset of the sensors.
As the damage becomes more severe (e.g., x06_DAM3_111), the magnitude and
spread of these errors increase substantially. This trend consistently demonstrates
that the model, having learned the signature of healthy structural dynamics, cor-
rectly identifies the damaged states as anomalous. The pronounced separation
between the healthy and damaged score distributions validates the effectiveness
of using reconstruction error from the SensorFusionTFT as a robust indicator for
unsupervised damage detection in a complex, high-dimensional, and noisy real-world
environment.

4.5.2 Diagnostic Insights from Internal Mechanisms and Localiza-
tion

While the reconstruction error metrics provide a strong signal for detection, the
model’s internal attention mechanism offers a deeper, physics-agnostic insight. Fig-
ure 4.15 presents the distribution of the Attention Anomaly Score for the healthy
baseline and the six damage scenarios. The results show a clear and generally
monotonic trend: the scores for all damage cases are statistically distinct from the
healthy baseline, with the median score increasing with damage severity (e.g., a 66%
increase for moderate damage at DAM3). This demonstrates that by monitoring
the model’s internal reasoning, we can derive a powerful and quantitative indicator
of structural health that is complementary to traditional error metrics.

4.6 Summary and Findings
This chapter introduced and rigorously evaluated the SensorFusionTFT, a novel ar-
chitecture designed to overcome the limitations of the convolutional models analyzed
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Figure 4.13. Distribution of normalized RMSE scores across all sensors and structural
states for the LUMO tower. A clear increase in the magnitude and variance of the errors
is observable for the damaged cases.

Figure 4.14. Distribution of normalized Interval Scores (IS) for the LUMO tower. The
damaged cases exhibit a significantly larger and more widespread distribution of scores,
indicating a fundamental breakdown in the model’s learned uncertainty.

in Chapter 3. The central finding is that specialized Transformer architectures pro-
vide a demonstrably superior framework for the challenging domain of unsupervised
damage detection in nonlinear systems. By leveraging a self-attention mechanism,
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Figure 4.15. Distribution of the Attention Anomaly Score by damage case for the LUMO
tower. The statistically significant increase in the score for all damage scenarios confirms
its utility as a robust, complementary damage indicator.

the SensorFusionTFT showed an enhanced ability to learn the complex, non-local,
and path-dependent dynamics characteristic of the nonlinear benchmarks, a task
where the baseline convolutional autoencoder showed limitations.

A key contribution demonstrated in this chapter is the power of a multi-faceted
diagnostic framework, which moves beyond a single anomaly score. The framework
combines three complementary indicators: (1) the foundational reconstruction error
(RMSE), (2) the highly sensitive Interval Score (IS), which measures the breakdown
of the model’s learned uncertainty, and (3) the novel Attention Anomaly Score,
derived from the model’s internal reasoning. The results consistently showed that
a simultaneous spike across all three metrics provides a much stronger and more
reliable indication of damage than any single metric in isolation. The exceptional
sensitivity of the Interval Score, in particular, establishes that monitoring a model’s
uncertainty breaches is a potent method for detecting incipient damage.

Perhaps the most significant advancement presented is the move from simple
detection to interpretable diagnostics, a direct response to the limitations of the
black-box models analyzed in the previous chapter. The two core innovations of
the SensorFusionTFT proved critical in this transition. The Time-Varying Variable
Selection Network (VSN) demonstrated a sophisticated, objective-driven capability
that extends beyond simple sensor fusion. It learned to perform a physically
intuitive allocation of its focus based on the specific prediction task; for instance, it
correctly prioritized the acceleration signal in the dual-target isolator benchmark,
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having identified it as the most salient feature for concurrently predicting both the
internal restoring force and the future kinematic state. This learned intelligence,
combined with its demonstrated ability to provide a clear pathway towards Level II:
Localization-exemplified in the magneto-elastic beam experiment where it correctly
prioritized the sensor nearest the physical damage - establishes the VSN as a powerful
diagnostic tool. Complementing this spatial insight, the novel Attention Anomaly
Score offered a significant advancement over traditional error-based methods. Its
primary advantage is its ability to move beyond quantifying the magnitude of an
anomaly to characterizing its nature. It revealed how the underlying temporal
logic of the system shifted due to damage, providing a deeper diagnostic insight
unattainable with simple reconstruction metrics.

In summary, the findings of this chapter establish the SensorFusionTFT as
a state-of-the-art framework for unsupervised damage diagnostics in nonlinear
systems, outperforming the baseline convolutional models in both performance and
interpretability. The comprehensive results from this chapter, alongside the baseline
performance established in chapter 3, now provide the foundation for a final, critical
synthesis and comparative evaluation, which will be the subject of the concluding
chapter of this dissertation.
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Chapter 5

Conclusion and Future Research
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This dissertation tackled a systematic investigation into the application of ad-
vanced machine learning methods for the challenging domain of unsupervised damage
detection in nonlinear structural systems. The research was motivated by an impor-
tant gap in the existing literature: while traditional methods for nonlinear SHM face
significant limitations and deep learning applications have largely focused on linear
systems, a comprehensive evaluation of architectural progression from foundational
convolutional models to advanced, interpretable models had yet to be performed.
This work has sought to fill that gap, presenting a coherent research narrative that
not only validates the use of these models but also provides a critical comparative
analysis of their capabilities and practical trade-offs. This final chapter summarizes
the main findings of the entire study, offers general guidelines for practitioners,
acknowledges the limitations of the work, and proposes new directions for future
research.

5.1 Summary of Main Findings
The research presented in this thesis was structured in two principal stages, reflecting
a progression of increasing architectural complexity and diagnostic capability.

Stage 1: Establishing a Baseline with Convolutional Architectures. The
first steps were discussed in chapter 3 by establishing a performance baseline using
two foundational unsupervised deep learning models: the Convolutional Autoencoder
(AE) and the Generative Adversarial Network (GAN). The key findings from this
extensive study across multiple numerical and experimental nonlinear systems were
threefold.

• Both architectures successfully validated the unsupervised learning paradigm,
proving capable of detecting the onset of damage in a variety of nonlinear
systems by learning the dynamics of the healthy state alone.

• A clear performance trade-off was identified: the AE exhibited greater robust-
ness and training stability, providing consistent performance even on the most
complex benchmarks. The GAN, while demonstrating exceptional sensitivity
in certain cases, proved more difficult to train and less reliable on systems with
highly complex dynamics.

• The GAN offered a distinct advantage in the interpretability of its output,
with the discriminator’s score providing a naturally bounded and intuitive
damage index.

While effective, this initial investigation also shed light onto the key limitations of
these architectures: their nature as black-box models offered little diagnostic insight,
and their fundamental design was not optimized for fusing information from multiple
sensor channels.

Stage 2: Advancing Diagnostics with an Interpretable Transformer. To
address these shortcomings, the second stage of this research, detailed in chapter 4,
introduced the SensorFusionTFT, a novel architecture adapted from the Temporal
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Fusion Transformer. This model was specifically re-engineered for the demands
of multi-sensor SHM. The key findings from this stage represented a significant
advancement over the baseline.

• The self-attention mechanism proved demonstrably superior at learning the
complex, path-dependent, and non-local dynamics characteristic of the nonlin-
ear benchmarks, resulting in higher sensitivity and more robust performance.

• The development of a multi-faceted diagnostic framework-combining reconstruc-
tion error (RMSE), the novel Interval Score (IS), and an Attention Anomaly
Score-provided a much more reliable and high-confidence method for flagging
damage than any single metric in isolation. The IS, in particular, proved to be
an exceptionally powerful indicator of incipient damage.

• Most critically, the architecture’s inherent interpretability provided a pathway
to true diagnostics. The Time-Varying Sensor Fusion Network successfully
identified the sensor channels most relevant to the physical location of damage,
representing a crucial step towards Level II Localization within an unsupervised
framework.

5.1.1 Critical Comparative Evaluation of the Investigated Methods

The overarching contribution of this dissertation is the direct, evidence-based com-
parison of the three investigated architectural classes. This evaluation moves beyond
a simple assessment of detection accuracy to encompass a multi-faceted analysis
of their practical and theoretical attributes. Table 5.1 provides a concise synthesis
of this evaluation, critically comparing the Autoencoder, Generative Adversarial
Network, and the SensorFusionTFT across several key axes, including diagnostic
performance, interpretability, and the practical considerations of model complexity
and computational cost. The findings clearly establish a narrative of architectural
progression, highlighting the specific strengths and trade-offs at each stage of the
research.

5.1.2 General Guidelines for Applying Deep Learning to Nonlinear
SHM

Based on the comprehensive findings of this work, the following general guidelines
can be proposed for researchers and practitioners seeking to apply these methods.

Start with the Simplest Effective Model: The Autoencoder. For initial
exploratory analysis or on systems with limited sensor channels, the convolutional
AE provides a robust, reliable, and easy-to-implement baseline. Its consistent
performance makes it an excellent first choice for validating the feasibility of an
unsupervised SHM approach.

Consider the GAN for Interpretable Anomaly Scoring. If the primary goal
is a single, naturally bounded damage index and the additional training complexity
can be accommodated, the GAN is a valuable alternative. However, one must
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be prepared for its potential performance variability on highly complex dynamic
systems.

Invest in Transformers for Multi-Sensor Diagnostics. For complex, high-
value assets instrumented with a dense array of sensors, an investment in a Transformer-
based architecture like the SensorFusionTFT is justified. Its native ability to fuse
multi-sensor data and its deep interpretability features move beyond simple detection
to provide true diagnostic insights, including a pathway to damage localization.

Embrace Multi-Metric Anomaly Assessment. A key lesson from this research
is that relying on a single anomaly score can be fragile. A multi-metric framework,
such as the combination of reconstruction error, uncertainty-breach scores (IS),
and attention-based metrics, provides a much higher-confidence basis for making
operational decisions and minimizing false alarms.

5.2 Limitations and Recommendations for Future Re-
search

It is important to acknowledge the boundaries of the present study and to propose
directions for future inquiry. The following limitations and recommendations are
offered to guide subsequent research in this promising field.

Disentangling Environmental and Operational Effects. This work assumed
that significant changes in the system response are attributable to damage. However,
in real-world applications, environmental factors (e.g., temperature, humidity) and
operational variability can induce changes of a similar magnitude. Future research
should focus on methods to explicitly disentangle these effects, for instance by
incorporating environmental measurements as direct inputs to the deep learning
models (conditioned architectures) or by employing domain adaptation techniques
to create environment-invariant representations.

Advancing Towards Full Quantification and Localization. This thesis has
laid the groundwork for Levels I and III of the SHM hierarchy. Future work should
build upon this by developing methods to directly correlate the magnitude of the
anomaly scores with a physical measure of damage extent, thereby achieving full
Level III and Level IV Localization and Prognosis. Similarly, the localization insights
from the VSN could be formalized into a probabilistic localization algorithm.

Exploring Other Damage Types and System Classes. The numerical and
experimental studies herein focused on damage manifested as a change in stiffness or
mass. The robustness of these methods should be further validated on other damage
types, such as the initiation of plasticity, cracks onset, delamination in composites,
or the introduction of non-smooth nonlinearities like backlash, friction in joints etc.
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Investigating Transfer Learning and Digital Twins. A major challenge in
SHM is the cold start problem, where data from a newly deployed structure is
limited. Future research could explore transfer learning techniques, where a model
pre-trained on a high-fidelity numerical digital twin of the structure is fine-tuned
on the limited real-world data, potentially accelerating deployment and improving
day-one performance.

5.3 Concluding Remarks
In conclusion, this dissertation has presented a comprehensive and systematic investi-
gation into the application of advanced deep learning architectures for unsupervised
damage detection in nonlinear dynamic systems. By progressing from foundational
convolutional models to a novel, interpretable Transformer-based framework, this
work has demonstrated a clear pathway of increasing diagnostic complexity. The
findings establish that these methods can successfully overcome the limitations of
traditional techniques, learning the complex signatures of healthy nonlinear behavior
directly from data and reliably detecting deviations indicative of damage. The
introduction of the SensorFusionTFT and its multi-faceted diagnostic capabilities,
in particular, represents a significant step forward, moving the field from simple
anomaly detection towards true, interpretable diagnostics. While challenges remain,
this research successfully establishes that specialized, interpretable deep learning
architectures are a highly promising and powerful tool for the next generation of
autonomous and intelligent structural health monitoring systems.
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