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"It seems probable that once the machine
thinking method had started, it would not
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Abstract

The Structural Health Monitoring (SHM) of railway steel bridges is critical
to ensure transportation safety, reliability, and timely maintenance. This the-
sis proposes a comprehensive vibration-based SHM framework that integrates
signal processing, deep learning, and fuzzy reasoning to detect, classify, and
interpret structural damage.

This thesis proposes a comprehensive Multi-Agent System (MAS) for SHM
of railway steel bridges using vibration-based sensory data, machine learning
algorithms, and fuzzy logic reasoning. The system integrates diverse artificial
intelligence agents; responsible for sensing, perception, classification, reasoning,
and alert generation; into a cohesive architecture designed to detect, localize,
and assess structural damage in real-time.

Vibration signals collected from accelerometer sensors are first processed
through the Hankel matrix construction and Singular Value Decomposition
(SVD). These transformed signals are converted into statistical features and
spectrograms using the Short-Time Fourier Transform (STFT), capturing the
temporal and spectral evolution of bridge vibrations to be used in time domain
SHM detection and Frequency Domain classifications respectively. These sta-
tistical features and spectrograms form the shared environment observed by
multiple classifier agents.

We implement and compare classical machine learning models (SVM, KNN,
RF, MLP, Ensemble), a custom Radial Basis Function Network (RBF-Net), and
deep learning architectures (ResNet50, DenseNet121, EfficientNetB0). Addi-
tionally, hybrid DNN-Transformer fusion models (TRNet, TDNet, TENet) are
proposed to combine local feature extraction with global temporal attention.
These models collectively support bridge scenario classification and damage in-
tensity estimation, achieving accuracies exceeding 90%.

An Explainable Boosting Machine (EBM) agent further enhances trans-
parency by highlighting the influence of input features such as skewness, kur-
tosis, and signal energy on classification outcomes. Finally, a Fuzzy Logic Rea-
soning Agent is introduced, which aggregates outputs from perception agents
and applies expert-defined fuzzy rules to generate human-readable alerts (At-
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tention, Pre-Alarm, Alarm).

The proposed MAS architecture ensures robustness, interpretability, and
modularity, key requirements for intelligent infrastructure monitoring. The
work advances SHM by demonstrating that distributed intelligence, deep learn-
ing, and fuzzy reasoning can be jointly leveraged to build reliable, interpretable,
and scalable monitoring systems for safety-critical railway bridges.

Keywords: Accelerometer, Anomaly Detection, SHM, Machine Learning
(ML), Frequency Domain, ResNet50, DenseNet121, Fuzzy Logic, Reasoning
Layer, Perception Layer .
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Chapter 1

Introduction
"Artificial Intelligence is the new electricity.”

—Andrew Ng.

1.1 Owverview . . . . . . . . . . 2
1.2 Thesis Context . . . . . . . . . . . . . . .. 5
1.8 Thesis Motivations . . . . . . . . . . . . .. ... 7
1.3.1  Why a Multi-Agent System for SHM? . . . . . . . . .. 8

1.4 Thesis Contributions . . . . . . . . . . . . . . . . ... ... 9
1.4.1 Key Contributions . . . . . . . . . . . . . . ... ... 10

1.5 Thesis Organization . . . . . . . . . . . . . . . 11

The railway network plays a critical role in national and transnational in-
frastructure systems by supporting efficient, reliable, and sustainable trans-
portation of passengers and goods. It serves as a backbone for economic ac-
tivity, enabling regional connectivity, reducing road congestion, and lowering
greenhouse gas emissions compared to other transport modes. In the Euro-
pean context, railways are integral to the goals of the Green Deal and the
Trans-European Transport Network (TEN-T), aiming to promote environmen-
tally friendly mobility solutions. Railway infrastructure-particularly bridges,
tunnels, and viaducts, is essential for maintaining uninterrupted routes across
complex geographical terrains. The safe operation and structural integrity of
these components are vital for ensuring service continuity, public safety, and
economic resilience. As demand for rail transport continues to grow, maintain-
ing the health of railway assets, especially aging steel bridges, has become a
strategic priority across both national and European Union (EU)-level trans-
port policies.

Given the critical role that bridges play in the overall railway infrastructure



Chapter 1. Introduction 1.1. Overview

network, it has become imperative to develop reliable methods for their continu-
ous monitoring. In response to this need, Structural Health Monitoring (SHM)
systems have been extensively developed and deployed for the surveillance, eval-
uation, and condition assessment of existing long span bridges. Among these,
recently developed long term SHM systems represent state of the art solutions,
enabling the ongoing assessment of serviceability, safety, and sustainability of
such structures

1.1 Overview

The railway network in the European Union (EU) is one of the most extensive
and integrated in the world, comprising over 200,000 kilometers of active rail-
way lines that facilitate both passenger and freight transport across member
states. As part of the EU’s commitment to sustainable and efficient transport,
significant investments have been made in the modernization and expansion of
rail infrastructure, particularly along the Trans-European Transport Network
(TEN-T) corridors. The European Union (EU) boasts one of the most ex-
tensive and integrated railway networks globally, encompassing approximately
200,947 kilometers of active railway lines shown in Fig.1.1 as of 2023. This
network is pivotal for both passenger and freight transport, underpinning eco-
nomic activities and promoting sustainable mobility across member states [3].

An essential component of this infrastructure is the vast number of railway
bridges, many of which are constructed from steel due to its high strength-to-
weight ratio, durability, and adaptability to long spans. Steel railway bridges
play a critical role in maintaining uninterrupted rail connectivity over rivers,
valleys, and other challenging terrains; especially in countries with mountainous
regions or dense urban networks.

These bridges are subject to dynamic loads and environmental stressors,
making them prime candidates for Structural Health Monitoring (SHM). En-
suring the integrity and safety of railway steel bridges is vital to the overall reli-
ability of the EU railway network, prompting increasing research into advanced
monitoring systems that utilize vibration-based sensors, machine learning, and
real-time data analysis. Furthermore, Italian railway network is one of the most
developed and efficient in Europe, spanning approximately 16,700 kilometers,
of which around 11,500 kilometers are electrified. Managed primarily by Rete
Ferroviaria Italiana (RFI), the network plays a crucial role in connecting Italy’s
major cities and regions. Italy is renowned for its high speed rail service, known
as Alta Velocita (AV), which includes lines such as Turin-Milan-Rome-Naples
and Venice-Bologna-Florence-Rome. These routes, as shown in Fig. 1.2, are
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High-speed railways, operating speed:
=—— 310 - 320 km/h 190 - 200 mph
== 270 - 300 km/h 185 - 185 mph

240 - 260 km/h 150 - 160 mph
200 - 230 km/h 125 - 145 mph
=+ Under construction / upgrading

Other railways (not high-speed):
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Figure 1.1: High Speed Railway Map of Europe. Source:RFI [1].

served by Frecciarossa, Frecciargento, and Frecciabianca trains operated by
Trenitalia, as well as by the private operator Italo, offering competitive and
efficient services reaching speeds of up to 300-360 km/h. The major hubs such
as Rome Termini, Milan Centrale, and Naples Centrale facilitate smooth pas-
senger transitions across regions.

In addition to high speed services, Italy’s regional rail system connects
smaller towns and suburban areas, operated by companies such as Trenitalia
and Trenord (in Lombardy). The network is also integrated into the larger
European rail system, contributing to cross-border connectivity and aligning
with the EU’s goal of sustainable and interoperable transport across member
states.

Italy has an extensive network of railway bridges and viaducts that are
vital to maintaining seamless rail connectivity throughout the country’s diverse
geography, which includes mountains, valleys, and rivers. These structures form
a crucial part of the national and regional railway infrastructure, particularly in
areas such as the Apennines, Alps, and coastal regions where the terrain makes
standard rail construction challenging.

Integral to this vast railway system are the numerous bridges that facilitate
uninterrupted rail connectivity over rivers, valleys, and other challenging ter-
rains. A comprehensive survey conducted by European railway administrations
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Figure 1.2: Railway Network Map of Italy. Source: RFT [1].

identified over 220,000 railway bridges across the continent. Among these,
approximately 22% are steel beam bridges, highlighting the significant role
of steel structures in the railway infrastructure [4].

Notably, a substantial portion of these steel railway bridges are aging:
e 28% are over 100 years old [5].
e 40% are between 50 and 100 years old [6].

This aging infrastructure presents challenges in terms of maintenance and
safety, necessitating advanced monitoring and assessment techniques. Struc-
tural Health Monitoring (SHM) systems have become increasingly vital, en-
abling continuous surveillance and evaluation of bridge conditions. By em-
ploying sensor technologies and data analysis, SHM facilitates early detection
of potential issues and anomalies, thereby enhancing safety and extending the
service life of these critical structures.
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This aging infrastructure presents challenges in terms of maintenance and
safety, necessitating advanced monitoring and assessment techniques. Struc-
tural Health Monitoring (SHM) systems have become increasingly vital, en-
abling continuous surveillance and evaluation of bridge conditions. By em-
ploying sensor technologies and data analysis, SHM facilitates early detection
of potential issues, thereby enhancing safety and extending the service life of
these critical structures.

Many of Italy’s railway bridges date back to the 19th and early 20th cen-
turies, built during the early expansion of the rail network. Although numer-
ous bridges have been modernized, reinforced, or complete reconstruction, a
significant significant portion still requires ongoing maintenance and structural
monitoring to ensure safety and compliance with current standards.

Following several high profile infrastructure failures in recent decades; most
notably the Morandi Bridge collapse in Genoa (2018), although it was a road
bridge; it prompted a nationwide reassessment of all transport infrastructure,
including railway bridges. As a result, Rete Ferroviaria Italiana (RFI) has in-
tensified inspections, digital monitoring systems, and investments in structural
health monitoring (SHM) systems to track wear, stress, and possible damage
due to aging, weather events, or seismic activity.

Furthermore, Italy, like other EU countries, is increasingly adopting smart
infrastructure technologies, such as fiber optic sensors, Artificial Intelligence
(AI) based damage detection, and drones for visual inspections, to maintain
bridge safety. Projects under the EU funded TEN-T corridors also include the
modernization or replacement of critical railway bridges to support high speed
rail and increased freight loads. Despite progress, challenges remain, especially
in regions with older infrastructure or limited funding for upgrades.

In summary, Italy’s railway bridges are a vital but aging part of the trans-
port system, many in good operational condition but requiring continuous in-
vestment, inspection, and modernization to meet the demands of modern rail
transport and ensure long term safety.

1.2 Thesis Context

The Structural Health Monitoring (SHM) of railway steel bridges plays a piv-
otal role in modern infrastructure management by ensuring the long term safety,
serviceability, and resilience of these critical structures. Given the aging nature
of many railway steel bridges; subjected to dynamic loads, environmental ex-
posure, and material degradation, there is an urgent need for intelligent and
automated monitoring systems capable of assessing their health in real-time.
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This thesis addresses the challenge of monitoring and interpreting bridge
behavior under varying operational and environmental conditions through a
multilayered SHM framework. The proposed system is structured into three
primary layers: the data layer, the perception layer, and the reasoning layer.

The data layer is responsible for the continuous collection of raw vibration
signals using accelerometer sensors installed at strategic points on the bridge.
These sensors capture the dynamic structural responses that occur as trains
pass over the bridge, reflecting variations caused by train loads, temperature
changes, wind effects, and potential damage progression.

In the perception layer, these raw signals are processed through time-
frequency transformation techniques (such as the Short-Time Fourier Trans-
form) and statistical feature extraction methods. Key features such as kurto-
sis, Root Mean Square (RMS), peak frequency, and cumulative difference are
derived from the signal to characterize the structural state. Machine learning
algorithms; including classical models like Support Vector Machine (SVM), k-
Nearest Neighbors (KNN), and Random Forest, as well as deep learning models
such as Convolutional Neural Networks (CNNs) are employed to classify bridge
conditions and detect early signs of damage. The perception layer also utilizes
data slicing techniques (for example, Hankel matrix transformation) and data
augmentation to improve model generalization and sensitivity to subtle struc-
tural changes.

The reasoning layer builds upon the outputs of the perception layer, in-
tegrating domain knowledge through a fuzzy rule-based system. This layer
interprets the predicted damage indicators and assigns linguistic labels to dam-
age intensity (for example, "no damage", "low damage", "medium damage",
"severe damage"), generating actionable alerts. These interpretable alerts help
bridge operators prioritize inspection and maintenance actions without requir-
ing in-depth technical interpretation of model outputs.

This thesis focuses in particular on diverse bridge damage scenarios and
damage intensity levels, simulating real world structural degradation patterns
such as fatigue cracks, joint loosening, and material loss. These scenarios are
modeled both analytically (for example, via Finite Element Model (FEM) sim-
ulations) and experimentally using sensor datasets.

The integration of the reasoning layer with the perception layer provides
a robust decision support framework that enhances the interpretability and
trustworthiness of the SHM system. As part of the research, various damage
classification models are validated under realistic conditions, and the perfor-
mance is benchmarked using both simulated and real world datasets.

Ultimately, this work contributes toward developing an intelligent SHM
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framework capable of supporting the continuous and autonomous monitoring of
railway steel bridges, ensuring structural integrity, minimizing downtime, and
enabling predictive maintenance planning. Future extensions may include in-
corporating edge computing, wireless sensor networks, and adaptive fuzzy logic
for real-time deployment across large scale railway networks.

1.3 Thesis Motivations

The health and longevity of railway steel bridges are critical to ensuring the safe
and efficient functioning of national and regional rail networks. These bridges
are subject to continuous dynamic loading from passing trains, environmental
variations, material fatigue, and in some regions, seismic activity. Over time,
such stressors can lead to degradation in structural components, posing serious
safety risks and financial burdens if not detected and addressed in a timely
manner.

To address this challenge, modern Structural Health Monitoring (SHM)
systems increasingly leverage a layered architecture comprising a data layer,
perception layer, and reasoning layer; each responsible for specific functions
that contribute to the overall intelligence and reliability of the system.

At the foundation, the data layer involves the deployment of vibration-
based sensors (for example, accelerometers) strategically placed on the bridge
structure. These sensors continuously collect high frequency time series data
that capture the dynamic behavior of the bridge under operational conditions.
These raw sensory data serves as the primary evidence for detecting early signs
of damage or abnormal structural response.

The perception layer processes this sensor data through signal processing
techniques (for example, Short Time Fourier Transform, Hankel matrix based
slicing) and statistical feature extraction (for example, kurtosis, RMS, spectral
entropy). Machine learning models such as classical classifiers (for example,
SVM, Random Forest, MLP) and deep learning architectures (for example,
CNNs, Transformer-based fusion models) are then used to detect, classify, and
quantify structural damage with improved accuracy and robustness.

Building upon the perception outputs, the reasoning layer incorporates do-
main knowledge through a fuzzy rule-based inference system. This layer in-
terprets the extracted features and model predictions to generate high-level,
human-understandable alerts regarding damage severity. By assigning linguis-
tic categories (i.e, no damage, low damage, medium damage, high damage) and
triggering alerts accordingly, the reasoning layer supports maintenance decision-
making in a transparent and interpretable manner.
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Together, these layers form an intelligent, multi stage SHM framework that
enables continuous assessment of bridge health. The integration of vibration
based sensing with machine learning and reasoning logic not only improves de-
tection performance but also reduces reliance on manual inspections, optimizes
maintenance planning, and enhances public safety.

1.3.1 Why a Multi-Agent System for SHM?

While the thesis presents extensive technical details regarding Structural Health
Monitoring(SHM) of railway steel bridges using vibration based sensory data, it
is essential to clearly articulate the underlying motivation for adopting a Multi
Agent System(MAS) architecture over existing SHM methods.

Conventional SHM frameworks, particularly those built around centralized
machine learning pipelines; typically involve a monolithic model or single stage
learning system responsible for a wide range of tasks, including signal pre-
processing, damage localization, severity classification, and alert generation.
Although such models can be highly accurate, they suffer from several key lim-
1tations:

e Lack of modularity: Centralized systems lack modular separation of
tasks, making debugging, interpretation, and retraining difficult. Each
update or failure in a component often requires system wide retraining.

e Scalability challenges: As railway networks expand or new sensing
modalities (e.g., higher frequency accelerometers, strain gauges) are intro-

duced, centralized models become computationally heavy and less adapt-
able.

e Low interpretability: Deep models such as CNNs and DNNs often func-
tion as black boxes, producing accurate but opaque predictions. This hin-
ders real world deployment, where maintenance engineers need actionable
and understandable insights.

e Reduced fault tolerance: A failure in a centralized model; whether due
to sensor noise, missing data, or misclassifications; can cause the entire
SHM pipeline to collapse, jeopardizing safety.

To address these gaps, this thesis introduces a Multi Agent System
(MAS) for SHM, where each agent is a specialized, loosely coupled module
dedicated to a specific task, such as:

e Signal segmentation and Features engineering

e Damage intensity prediction (e.g., using EBMs, RBFNet)

e Bridge scenario classification (e.g., via CNN/DNN)

e Reasoning and alert generation (via fuzzy logic)

8
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The MAS approach offers several benefits over traditional SHM pipelines:

1. Decentralization and flexibility: Each agent can be retrained, opti-
mized, or replaced independently without affecting the rest of the pipeline.

2. Real time adaptability: Agents can operate in parallel or in sequence,
allowing the system to adapt to real time monitoring demands.

3. Interpretability and transparency of decisions: Integration of ex-
plainable models ( Explainable Boosting Machines (EBMs)), interpretable
reasoning (fuzzy logic) and intermediate decision nodes allows actionable
maintenance decisions.

4. Scalability for large infrastructure: MAS allows distributed deploy-
ment across edge devices and cloud environments, making it suitable for
nationwide bridge monitoring systems.

This research demonstrates how the MAS paradigm transforms SHM from a
passive monitoring tool into an intelligent, modular and interpretable decision
support system tailored for real world infrastructure management. This thesis is
also motivated by the need to develop and validate such a layered SHM system
tailored for railway steel bridges, with the goal of advancing infrastructure
resilience through data-driven and explainable monitoring approaches.

1.4 Thesis Contributions

This thesis contributes to the advancement of structural health monitoring
(SHM) techniques for railway steel bridges by integrating physics-based mod-
eling, time frequency signal analysis, deep learning architectures, and inter-
pretable reasoning systems. The core motivation behind this work is to improve
the reliability, interpretability, and real-time applicability of damage detection
systems for critical infrastructure.

The research presented in this thesis is structured into five main parts:

e In Chapter 4, we designed and evaluated a Radial Basis Function Radial
Basis Function (RBF) based neural network for damage detection in rail-
way steel bridges. The model was trained on statistical features derived
from accelerometer signals and was assessed on two main tasks: bridge
scenario classification and damage intensity estimation. The chapter high-
lights the effectiveness of RBFs in modeling non-linear feature spaces with
interpretable localized responses.

e In Chapter 5, we explored Explainable Boosting Machines (EBMs) for
interpretable classification of structural conditions. EBMs were trained on
the same statistical feature set and provided insight into feature contribu-
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tions through global importance plots. A stacked EBM architecture was
also proposed, where the secondary model used the primary EBM’s pre-
dictions along with original features to refine classification outputs. This
approach improved performance in complex tasks like stress force predic-
tion and supported transparent reasoning in SHM systems.

e In Chapter 6, we investigated the application of classical machine learn-
ing algorithms and a Convolutional Neural Network (CNN) for bridge
damage detection. Using structured time-series representations derived
from Hankel matrices, we applied various data slicing techniques and data
augmentation strategies to improve feature diversity. The chapter high-
lights how these approaches affect model performance in detecting damage
severity from sensor data.

e In Chapter 7, we focused on converting accelerometer signals into the
frequency domain using the Short-Time Fourier Transform STFT. This
enabled the construction of spectrograms that encode both the temporal
and spectral properties of the bridge vibrations. We then implemented a
deep learning fusion model that combines Deep Neural Network (DNN)s
and Transformer blocks to detect and classify damage levels. Data aug-
mentation techniques and Hankel matrix-based time series slicing were also
employed to enhance feature diversity and capture temporal dependencies.

e In Chapter 8, we developed a fuzzy rule-based reasoning layer that re-
ceives features from the perception module and translates them into in-
terpretable alerts. The system uses expert-defined fuzzy rules to assign
damage severity levels, thereby enabling human-understandable and pri-
oritized decision-making for bridge maintenance and safety assessment.

1.4.1 Key Contributions

The following key contributions are made by this thesis;

e A physics-informed, semi-analytical modeling framework using FEM to
simulate bridge damage scenarios and damage intensities for data genera-
tion and validation.

e A comprehensive evaluation of classical machine learning models-including
K-Nearest Neighbors (KNN), Support Vector Machines (SVM), Multi-
Layer Perceptron (MLP), Random Forest (RF), and ensemble techniques-
applied to statistical features extracted from sensor data for structural
damage classification.

e Implementation of a basic Convolutional Neural Network (CNN) model
as a deep learning baseline for learning patterns from raw or preprocessed
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structural vibration data.

e A time-frequency signal processing pipeline using Short-Time Fourier
Transform (STFT) and spectrograms to extract time-localized spectral
features from accelerometer signals.

e Development of fusion-based deep learning models that integrate DNN-
extracted visual features with Transformer-based sequence representations
to enable robust and temporally sensitive bridge damage detection.

e Application of Hankel matrix representations and data augmentation
strategies to enhance the modeling of temporal dependencies and increase
training data diversity:.

e Design and implementation of a fuzzy rule-based reasoning layer to trans-
late model outputs into interpretable graded alerts for various levels of
structural damage.

e Validation of all proposed models through extensive simulations and anal-
yses using synthetic FEM-based data and real world sensor recordings
relevant to railway steel bridges.

These contributions collectively support the development of practical, inter-
pretable and scalable SHM systems tailored to the needs of critical infrastruc-
ture such as railway bridges.

1.5 Thesis Organization

The structure of this thesis and the contributions made in each chapter are
organized around the key methodologies and frameworks developed for SHM of
railway steel bridges. These include the use of vibration-based sensory data, ad-
vanced feature extraction in both time and frequency domains, the application
of classical and deep learning models for damage detection, and the integration
of a fuzzy reasoning layer for interpretable decision-making. The thesis adopts
a multi layered approach; comprising the data, perception, and reasoning layers
to enable robust and intelligent monitoring of bridge health conditions. The
overall organization of the thesis is illustrated in
e The present chapter, Chapter 1, provides an overview of the thesis struc-
ture, highlighting introduction of railway network in EU, specifically Italy,
the motivation and overall perspective of doing SHM of Railway Steel
Bridge project for my thesis.
e Chapter 2 provides the necessary background to support the research
presented in this thesis. It introduces key concepts related to SHM. The
chapter further explores studies related traditional machine learning tech-
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niques for anomaly detection, damage classification, and alert generation.
Finally, it introduces Railway Bridge Health Monitoring , with a focus on
their potential solution and challenges in anomaly detection and classifi-
cation. This background study serves as a foundation for understanding
the subsequent researches conducted in this thesis.

e Chapter 3 presents an empirical study on Structural Health Monitor-
ing for Railway Steel Bridges in Time Domain. We will also discuss
Data Acquisition process using accelerometer sensors. initial Data
Pre-processing, Feature Extraction and Feature Analysis. This
chapter is based on data acquired from the Finite Element Model FEM
of Umbria-Sansepolcro section$ railway steel bridge located at the Cittd
D1 Castello over Fiume Tevere at this Location on Google Maps .

e Chapter 4 builds upon the findings of RBF based model for Structural
Health Monitoring SHM of Railway Steel Bridges. The current Radial Ba-
sis Function implementation focuses on leveraging accelerometer-derived
statistical features to enhance the reliability and sensitivity of damage de-
tection for Bridge Scenarios and Damage Intensities. Part of this chapter
is based on:

Asad, Muhammad. "Machine Learning Based Ambient Analysis of Rail-
way Steel Bridges for Damage Detection.” International Symposium on
Ambient Intelligence. Cham: Springer Nature Switzerland, 2023,

Muhammad Asad, Giovanni De Gasperis, and Stefania Costantini. RBF
based NN architecture for structural health analysis of railway steel bridges.
In AlxIA Doctoral Consortium 2023 @ 22nd International Con- ference

of the Italian Association for Artificial Intelligence. Springer Na- ture,
Rome, Italy, 2024.

e Chapter 5 investigates the effectiveness of Explainable Boosting Ma-
chine (EBM), a class of interpretable machine learning models that com-
bine the accuracy of ensemble methods with the transparency of general-
ized additive models. The focus is on evaluating the performance of EBMs
in the context of structural health monitoring of railway steel bridges, us-
ing statistical features derived from sensor data.

e Chapter 6 investigates the impact of various classical machine learning
algorithms and CINN on structural damage detection. It explores different
data slicing strategies derived from the Hankel matrix to preserve the
temporal structure of sensor signals and incorporates data augmentation
techniques to enhance feature diversity and improve model robustness.Part
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of this chapter is based on:

Asad, M., Alaggio, R., Cirella, R., Costantini, S., & Gasperis, G. D..
Vibration-Based Machine Learning Model Training for Railway Bridges
Health Monitoring [2025]. IEEE Sensors. Submitted, (Under Review)

e Chapter 7 examines anomaly detection in the context of railway steel
bridge monitoring, focusing on the analysis of damage scenarios and in-
tensities in the frequency domain. STFT is employed to generate spectro-
grams from raw accelerometer signals, capturing time—frequency charac-
teristics of structural vibrations. These spectrograms are then processed
using a deep learning framework that fuses DNN including ResNet, Ef-
ficientNet, and DenseNet with Transformer blocks to detect and classify
varying levels of structural damage.Part of this chapter is based on:

Asad, M., Alaggio, R., Cirella, R., Costantini, S., & Gasperis, G. D. ;
Semi-Supervised Anomalies Detection and Localization For Railways Steel
Bridges Using Parallel Dual Level Class Classification Approach [2025].
ScienceDirect Journal: Computers €& Structures. (Under Submission)

e Chapter 8 presents the implementation of a reasoning layer using a fuzzy
rule-based system for generating structural damage alerts. The outputs
from the perception layer-comprising statistical or deep feature represen-
tations; are used as inputs to the reasoning layer. A fuzzy inference sys-
tem is constructed using a set of predefined rules that evaluate damage
severity. Based on the degree of detected damage, the system generates
appropriate alerts, enabling interpretable and graded decision-making un-
der uncertainty.

e Chapter 9 presents the conclusions of the thesis, summarizing the key
findings, acknowledging the limitations of the current work, and outlining
potential directions for future research aimed at advancing the field. A sig-
nificant contribution was the implementation of frequency-domain analysis
using STFT to generate spectrograms, enabling effective damage detection
through deep learning models. The fusion of DNN with Transformer archi-
tectures demonstrated improved sensitivity in identifying damage patterns
from spectrogram-based features. Additionally, the thesis explored the use
of Explainable Boosting Machines EBM and statistical feature sets for in-
terpretable damage classification. A fuzzy rule-based reasoning layer was
developed to translate model outputs into human-understandable alerts,
providing graded damage assessments based on predefined rules. While
the models performed well in controlled settings, limitations include de-
pendency on data quality, generalizability to unseen bridge types, and the
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need for real-time integration.

Data Layer Perception Layer Reasoning Layer
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Figure 1.3: Thesis Technical Structure



Chapter 2

Background

"First, solve the problem. Then, write the code”

— John Johnson.
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2.8 Summary . . . . . . 19

Structural Health Monitoring( SHM) of railway steel bridges is becoming in-
creasingly important in the context of intelligent infrastructure systems, partic-
ularly with the rise of ( Internet of Things (IoT)) technologies and smart sensing
platforms. Modern SHM systems enable continuous monitoring of bridge con-
ditions through a network of wireless sensors, particularly those capable of cap-
turing dynamic responses such as vibration and strain. This chapter provides
a comprehensive analysis of the current state of SHM for railway steel bridges,
highlighting key technologies, signal processing techniques, and recent research
developments. The role of SHM in ensuring operational safety, reducing mainte-
nance costs, and extending structural lifespan is emphasized. Furthermore, the
chapter explores the data acquisition and communication frameworks required
for efficient damage detection, with a focus on how multi-layered SHM archi-
tectures, comprising data, perception, and reasoning layers, can be integrated
into real-time monitoring systems. Challenges such as sensor deployment, data
reliability, and interpretability are discussed, along with potential future direc-
tions including the use of Al-driven models, edge computing, and integrated
decision-support systems.
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2.1 Introduction

Structural Health Monitoring SHM refers to the process of implementing a
damage detection and assessment strategy for engineering structures. In the
context of railway steel bridges, SHM involves the continuous or periodic col-
lection of data; typically through sensors such as accelerometers, strain gauges,
and displacement transducers; to evaluate the structural integrity and detect
anomalies that may indicate damage or deterioration. SHM systems enable the
early identification of faults, reduce the reliance on manual inspections, and
support data driven maintenance planning. By providing real-time insights
into the bridge’s condition under operational loading; such as the passage of
trains, SHM and Anomaly detections enhances safety, extends service life, and
contributes to the efficient management of critical infrastructure.

Structural Health Monitoring (SHM) and Anomaly Detection is a multi-
disciplinary field that involves the integration of sensing technologies, signal
processing, data analytics, and decision making algorithms to assess the condi-
tion of civil infrastructure in real-time or at regular intervals. In the context of
railway steel bridges, SHM aims to monitor structural responses under opera-
tional loads; particularly dynamic loads induced by train passages, to detect,
localize, and quantify damage that may compromise safety and serviceability:.

Technically, SHM systems for railway bridges typically consist of three main
components: (1) a sensor network for data acquisition, (2) a data management
and processing framework, and (3) a diagnostic and prognostic module for in-
terpreting the structural state. Commonly used sensors include accelerometers,
strain gauges, displacement transducers, and temperature sensors, strategically
placed to capture dynamic responses such as vibration modes, deflections, and
thermal effects. Vibration-based monitoring, in particular, is widely used due
to its sensitivity to changes in modal properties; such as natural frequencies,
mode shapes, and damping ratios, which are indicative of structural degrada-
tion [7,8].

Modern SHM frameworks also incorporate signal processing techniques
(for example, Fast Fourier Transform (FFT), Short-Time Fourier Trans-
form( STFT), Wavelet Transforms (WT) and machine learning algorithms (for
example, SVMs, Random Forests, CNNs, Transformer networks) for automated
damage detection and classification. These methods are capable of handling
large volumes of time-series data and extracting features that are sensitive to
various damage types, including fatigue cracks, joint loosening, and corrosion
induced stiffness loss [9,10].

Furthermore, the deployment of long term SHM systems allows for tracking
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damage progression over time, supporting predictive maintenance strategies
that aim to prevent failures before they occur. The integration of reasoning
layers, such as fuzzy logic systems, enables interpretability by translating sen-
sor outputs and classifier predictions into human-readable alerts (for example,
“moderate damage detected”), which are critical for decision making by infras-
tructure managers [11].

However, SHM provides a robust and scalable approach for the continuous
assessment of railway bridge integrity, enabling early damage detection, reduc-
ing inspection costs, and extending structural life cycles; all while improving
the overall safety and resilience of transportation networks.

2.2 SHM in Railway Steel Bridges

Compared to other conventional monitoring systems, SHM systems for railway
steel bridges offer certain unique features due to the dynamic loading condi-
tions, strategic importance, and sensor-enabled infrastructure. These charac-
teristics bring both advantages and challenges. The following outlines the key
benefits of SHM in the context of railway steel bridges.

2.2.1 Key Advantages

e Predictable loading patterns: Railway bridges are subjected to repeti-
tive, predictable loads induced by train passages, enabling better modeling
of structural response and damage trend analysis [7,12].

e Sufficient power availability: Many SHM systems leverage existing
railway infrastructure or use vibration-based energy harvesting to reduce
reliance on batteries [13].

e High-frequency sensing and processing: The availability of high res-
olution sensors like accelerometers and strain gauges allows the extraction
of modal features critical for damage detection [8,14].

2.2.2 Challenges in SHM of Railway Steel Bridges

e Dynamic environment: Variability due to train-induced loads, envi-
ronmental conditions, and operational noise complicates damage identifi-
cation [10,15].

e Large-scale and distributed infrastructure: Monitoring multiple
bridges across large railway networks presents logistical and computational
challenges [16,17].

e High-volume data exchange: Sensor networks generate vast quantities
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of time series data, requiring efficient transmission, storage, and processing
solutions [13,18].

2.2.3 Applications and Services

Structural Health Monitoring(SHM) systems for railway bridges support a
range of essential applications. It provides essential functions such as early
damage detection, post-event assessment, maintenance optimization, and long-
term lifecycle management |9, 14].

Early Damage Detection: Modern SHM systems use vibration-based sen-
sors and Al techniques to detect structural anomalies such as cracks or loos-
ening at early stages [19]. SHM systems enable the continuous monitoring of
structural responses, such as vibration, strain, and displacement; allowing for
the early identification of anomalies that may indicate the presence of damage.
Detecting issues such as fatigue cracks, corrosion, or joint loosening at an early
stage allows for timely interventions, reducing the risk of sudden failures and
avoiding costly service disruptions.

Post-Event Assessment: Following events such as earthquakes, heavy train
loading, derailments, or accidental impacts, SHM systems provide vital data
to assess whether structural integrity has been compromised. By analyzing
post-event sensor data, engineers can make informed decisions about whether
a bridge can remain in service, requires immediate repair, or should be tem-
porarily closed for further inspection. SHM systems integrated with digital
twin architectures enable post-event evaluation of structural integrity following
train overloads, impacts, or earthquakes |20)].

Maintenance Optimization:Traditional bridge maintenance relies on pe-
riodic manual inspections, which may miss time sensitive deterioration.
Condition-based SHM strategies, supported by continuous data collection, en-
able smarter maintenance scheduling, reducing unnecessary inspections and
improving cost efficiency [21]. This improves maintenance efficiency, reduces
inspection costs, and ensures that resources are directed where they are most
needed.

Lifecycle Management: Long term SHM data helps model degradation
trends and supports bridge retrofitting or replacement decisions, ensuring long-
term safety and functionality [22]. It also plays a critical role in extending the
service life of bridges while maintaining safety and regulatory compliance.

Risk Mitigation and Safety Assurance: Real-time SHM data contribute
to safety assurance and integration into Intelligent Transportation Systems
(ITS) for dynamic speed control, bridge load restrictions, and predictive rout-
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ing [23,24]. Continuous monitoring helps railway operators manage operational
risk more effectively by providing real-time alerts and status reports on bridge
conditions. This ensures the safety of passengers, rolling stock and maintenance
personnel, especially in high-speed or high-traffic corridors.

2.3 Summary

Structural Health Monitoring (SHM) of railway steel bridges plays a vital role in
ensuring the long-term safety, durability, and operational continuity of critical
infrastructure. One of the core capabilities of SHM systems is their ability
to perform anomaly detection; the identification of structural behavior that
deviates from expected or baseline conditions. These anomalies may signal the
early onset of damage such as fatigue cracks, corrosion, joint degradation, or
unexpected shifts in structural response.

The dynamic and complex nature of railway bridge environments presents
a unique challenge for anomaly detection. Bridges are subjected to varying
train loads, temperature fluctuations, wind effects, and aging-related material
changes. As a result, the signals collected from vibration-based sensors are
often noisy, nonstationary, and influenced by operational and environmental
variability. Accurate anomaly detection therefore requires the integration of
robust feature extraction, adaptive filtering, and intelligent classification tech-
niques.

To address these challenges, SHM systems must be carefully designed across
three key components: Sensor Deployment and Data Acquisition, Feature-
Based Anomaly Detection, and Decision-Making & Interpretation. An effec-
tive SHM system that incorporates anomaly detection enables proactive main-
tenance, reduces the risk of unexpected failures, and supports data-driven in-
frastructure management. As railway bridges continue to age under increasing
traffic demands, the development of intelligent and scalable anomaly detection
methods within SHM frameworks is essential to preserve both safety and ser-
viceability.
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Chapter 3

Structural Health Monitoring and
Anomaly Detection in Time Domain

"What we want is a machine that can learn from experience.”

— Alan Turing

3.1 Introduction . . . . . . . . . . . . . . ...

3.2 Querview of Time-Domain SHM . . . . . . . . . . .. .. ...
3.2.1  Time-Domain Signal Analysis . . . . . . . . . . . . ..

3.8 Data Description and Acquisition . . . . . . . . . . .. .. ..
3.3.1 Hankel Matriz Construction and PCA-Based Feature

Extraction . . . . . . . . ..

3.3.2  llustrative Example . . . . . . . . . . . . . ... ...

3.4  Feature Extraction in Time Domain . . . . . . . . . . . . ...

3.4.1 Selected Feature Descriptions . . . . . . . . . . . . ..

3.4.2  Data Augmentation . . . . . . . . . . ... ... ..

3.5 Advantages and Challenges . . . . . . . . . . . . . . ... ...

3.6 Integration with Machine Learning . . . . . . . . . . . . . . ..

3.0.1 Model Selection Rationale . . . . . . . . . . . ... ..

3.7 Summary . . . ...

3.1 Introduction

Structural Health Monitoring (SHM) is an essential tool for ensuring the safety,
reliability, and performance of civil infrastructure, particularly railway steel
bridges that are subjected to repetitive dynamic loads and environmental
stresses. SHM enables continuous observation of structural conditions through
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sensor based systems, facilitating the early detection of damage and informing
maintenance decisions.

Structural Health Monitoring SHM in the time domain involves analyzing
raw or preprocessed structural response signals, such as acceleration, strain,
or displacement, as a function of time to detect and evaluate damage in civil
infrastructure. In the context of railway steel bridges, time-domain SHM is
especially valuable, as it captures the bridge’s dynamic response to operational
loads, such as those induced by passing trains, in real-time |[7].

Structural health monitoring (SHM) of railway bridges has become an in-
creasingly important focus. What prompted the research to explore this topic
more thoroughly is the recognition that structures, during their life, are sub-
ject to aging or degradation phenomena. These phenomena may result in a loss
of structural performance, ultimately leading to the inadequacy of the struc-
ture to fulfill its intended functional requirements. The strategic importance of
bridges as critical elements for mobility and logistical infrastructure makes their
monitoring even more essential than ordinary structures. Any potential com-
promise of their integrity could lead to significant disruptions in transportation
systems and severe economic and social impacts. The assumption at the base of
damage detection is that when any form of damage or degradation occurs, the
structural parameters change, and consequently, the response of the structure
is altered as well: the objective of monitoring a structure is, therefore, to detect
this behavioral change and to investigate its causes.

SHM involves continuously evaluating the bridge’s condition, assessing
damage progression, and timely maintenance interventions. In this context, a
structural monitoring system can be helpful in two different phases of a struc-
ture’s life: during maintenance, to focus interventions in parts of the structure
where anomalies emerge, and during emergencies, as a management tool for
selecting intervention priorities.

Damage detection techniques can be categorized into four stages, as outlined
by Rytter [25] and developed over time: identification, localization, quantifi-
cation of damage intensity, and prognosis. In line with these levels, many
techniques have been developed over time. Recently, the development of ar-
tificial intelligence techniques has driven the research community’s interest in
applying machine learning algorithms to solve damage identification and classi-
fication problems. Most use non-destructive methods that involve sensor data
acquisition (accelerometers, crack gauges, etc.) placed at significant locations
in the structure [26].

In this chapter, we focus on time-domain approaches for SHM, where raw
sensor signals; typically acceleration; are analyzed over time to extract features
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that are sensitive to structural changes. These features are then used to detect
anomalies, which may signal the presence of damage such as fatigue cracks,
loosened joints, or material degradation.

3.2 Overview of Time-Domain SHM

Time domain methods utilize direct measurements of a structure’s response over
time. These measurements reflect how the structure behaves under real oper-
ational conditions, offering crucial insights into the initiation and progression
of damage. Unlike frequency-domain methods, which require transformation of
the signal, time-domain approaches retain the raw temporal characteristics of
the structural response [14].

3.2.1 Time-Domain Signal Analysis

Time-domain SHM relies on the direct analysis of signals as a function of time.
It is particularly effective for real-time monitoring due to its computational
simplicity and the ability to capture transient events.

3.3 Data Description and Acquisition

The Finite Element Model (FEM) is designed in lab for initial data acquisition.
The model is based on the geometry and mechanical characteristics of an ex-
isting steel railway bridge on Umbria-Sansepolcro section as seen in Fig. 3.1
near Citta di Castello, Italy.

The structure is made up of three steel reticular beams, which allow the
railway network to cross the underlying Tiber River as in Fig 3.2; plane and
elevation views of the central span can be seen in Fig. 3.3 and Fig. 3.4. The
highlighted colors represent the group of accelerometer sensors installed at each
of seven bridge scenarios, i.e. S1, S2, S3,..., S7.

Recently, a vibration monitoring system was installed on the central span of
the structure. The system consists of six accelerometer sensors, mostly uniaxial
in the vertical direction. In the center of the span, there are biaxial sensors,
the additional component oriented in the transversal direction of the bridge.
Therefore, there are a total of eight measurement channels.

The accelerometers are very low noise, high dynamic Force-Balance type,
and are connected via cables in two synchronized chains: signals are collected
with a sampling frequency of 200 Hz. A Global Positioning System (GPS) re-
ceiver on each data recorder allows the data coming from the two chains to be
synchronized in time. The choice of very low-noise sensors allows the system
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Figure 3.1: Location of Umbria-Sansepolcro Railway Steel Bridge

(a) Plane View

(b) Elevation View

Figure 3.2: Railway Steel Bridge at Umbria-Sansepolcro Section [2]
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Figure 3.4: Aerial view of bridge$ Central Part. Colors refer to different damage scenarios.

to record even slight vibrations, such as those generated by the surrounding
environment of the bridge. The signals are recorded under ambient noise con-
ditions (train passages are not collected for this study).

Starting from the acquired ambient vibration series and considering the ge-
ometry of the bridge, the model was developed to replicate the actual structure’s
dynamic behavior optimally. For this purpose, the model’s parameters were op-
timized through a parametric calibration process, whose detailed description is
beyond the scope of this study. The model was then used to simulate the struc-
tural response in different damage scenarios.

The damage is generated by selecting specific elements of the FE model,
whose positions are predetermined and labeled by alphanumeric symbols (from
S1 to S7). It consists of the reduction of the mechanical property of the elastic
modulus in proportion to the chosen damage intensity level. Damage intensity
levels are represented by a percentage value ranging from 1% to 90%: a more
detailed description of the scenarios is provided in Table 3.1.

Therefore, the dataset used for training different ML models is built starting
from the time series generated by the FE model for each damage scenario and
intensity. The time series are recorded at the nodes of the FE model in the same
position as the sensors placed on the real structure. Each simulation produces
8 time series lasting 30 minutes, sampled with a frequency of 200Hz, for a total
of 360000 samples per series.

Furthermore, for each damage scenario and intensity, the simulation is repeated
180 times, varying the excitation applied to the model.
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Table 3.1: Damage Scenarios Description. Location of Damaged Elements as shown in
Fig. 3.3-3.4.

Scenarios | Description

S1 Braces - degradation due to bending mechanisms

S2 Transverse - degradation due to bending mechanisms (single transverse at
midspan)

S3 Transverse - degradation due to bending mechanisms (3 transverses at
midspan)

S4 Braces - degradation due to shear mechanisms

S5 Transverse - degradation due to shear mechanisms (transverses at the header)

S6 Left pier - degradation due to vertical failure

ST Piers - degradation due to vertical failure of both piers

It is important to note that, when dealing with complex structures such as
those in civil engineering, the damage classification phase (i.e., the Rytter scale
levels above the first) necessarily requires the development of a mathematical
model of the structure itself. This model is essential for estimating structural
behavior in potential damage scenarios.

3.3.1 Hankel Matrix Construction and PCA-Based Feature Extrac-
tion

A key component of the proposed methodology is the transformation of 1D
vibration signals into structured matrix representations that preserve the tem-
poral dynamics of the signal. This is achieved using the Hankel matrix,
a mathematical formalism particularly effective for analyzing non-stationary
structural vibration data.

3.3.1.1 Hankel Matrix: Structure and Purpose

Given a time series signal x(t) of length T', a Hankel matrix H of embedding
dimension w is constructed such that every ascending skew diagonal (top-right
direction) contains identical values. Formally:

T i) T3 cee T
X2 X3 Ty - T4l

H=|x3 T4 o5 -+ Tpq2 (3.1)
LTw LTw+l Lw+2 - xr

where w is the number of rows, and £k = T'—w+1 is the number of columns.
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3.3.1.2 Why Hankel Matrices?

The Hankel matrix converts a 1D signal into a 2D representation that captures:

e Temporal correlations: consecutive signal segments appear as adjacent
rows,

e Local vibration patterns: repetitive behavior is reinforced along diag-
onals,

e Structural changes: small deviations in dynamics alter the geometry of
the matrix.

This representation has been widely used in modal analysis, subspace iden-
tification, and anomaly detection because it improves the separation of signal
and noise components.

sectionDimensionality Reduction Using PCA

Once the Hankel matrix H is constructed, its dimensionality may be high,
especially for long signals. To extract the most informative patterns, Principal
Component Analysis (PCA) is applied.

First, the covariance matrix of H is computed as:

1

= H'H 3.2
C=-— (3.2)
PCA solves the eigenvalue problem:

where )\; and v; denote eigenvalues and eigenvectors, respectively. The
eigenvectors associated with the top-k eigenvalues correspond to the directions
of maximum variance and are used to project the Hankel matrix into a reduced
subspace.

3.3.1.3 Advantages of PCA in SHM

e Noise reduction: low-energy components (often noise) are discarded,

e Computational efficiency: reduces data dimension for subsequent ML
models,

e Enhanced discriminability: structural changes affect major principal
components,

e Improved stability: PCA regularizes high-dimensional Hankel matrices.
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3.3.2 Illustrative Example

Consider a vibration signal of length 256. Using a window size of w = 64
produces a 64 x 193 Hankel matrix. PCA is then applied to this matrix, and
the top principal components are extracted, providing a compact representation
of the signal dynamics.

This pipeline is essential for converting raw accelerometer signals into robust
features prior to generating spectrograms or feeding them into learning models.

This expanded explanation clarifies the mathematical role and practical
utility of the Hankel-PCA pipeline within the broader SHM methodology. It
provides readers unfamiliar with the formalism with a clear intuition about
why these transformations are essential for effective feature extraction from
vibration-based bridge monitoring data.

The proposed approach uses the physics based structure Reduced-Order
Model (ROM) to generate a dataset of expected sensor measurements corre-
sponding to various asset states with damage at different locations and in-
tensities. This dataset is then used to train a classifier capable of processing
near-real-time sensor data and estimating the underlying state of the asset.

The methodology involves an initial Data Dimensionality Reduction (DDR)
step, in which accelerometric time series data are processed to form block
Toeplitz correlation matrices. These matrices are derived from the block Han-
kel matrix constructed from output data, commonly referred to as the subspace
matrix in the Data-Driven Stochastic Subspace Identification (DD-SSI) tech-
nique [27]. The DD-SSI method is widely adopted in civil engineering appli-
cations for Operational Modal Analysis (OMA), as it enables the extraction of
dynamic structural properties under ambient excitation conditions. Once the
subspace matrix is formed, a set of block Toeplitz matrices is computed, en-
capsulating the temporal correlations in the vibration data. These correlation
matrices are then employed as input features to neural networks, which are
trained to perform damage classification across different bridge scenarios and
damage intensity levels.

Figure 3.6 illustrates the simulation-based workflow used for generating
FEM simulation datasets for SHM) of railway steel bridges. The process begins
with a FEM of the bridge structure, which is used to simulate various dam-
age scenarios and intensities. These scenarios represent real-world degradation
mechanisms, such as vibrational damages. Once the structural parameters are
defined; including material properties, boundary conditions, and damping (uni-
form or Rayleigh), the frequency response function matrix H is calculated.

Using this matrix, simulated time series data is generated by applying ran-
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Figure 3.5: Pedagogical illustration of Hankel matrix construction and PCA-based feature
extraction from a vibration time-series signal.
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Figure 3.6: FEM-based simulation pipeline for (7,) Hankel Matrix generation and classifi-
cation

dom white noise excitations to FEM. This simulates the acceleration response
of the structure under different operational and damage conditions. The gener-
ated signals are then used to compute subspace matrices, including the Hankel
matrix H, which captures the temporal dynamics of the structural response.

Both the Hankel and Residual matrices are labeled according to their corre-
sponding damage scenarios and are fed into machine learning classifiers. These
classifiers are trained to identify both the location and intensity of damage
based on the extracted features. This simulation framework provides a con-
trolled and repeatable way to generate labeled data for anomaly detection and
damage classification tasks in SHM.

The classification procedure of structural damage scenarios is based on the
extraction of features which contain within them the information necessary to
distinguish the dynamics of each SIMULATED state. The quantities of interest
are extracted directly from the acquired (or simulated) accelerometric series,
with a view to a non-parametric approach (not based on the extraction of modal
parameters). In the extraction process, the available accelerometric series are
initially reorganized into block matrices H, called Hankel matrices due to
their symmetric form: the rows and columns of these matrices H are obtained
by imposing a TIME DELAY 7 on the data matrix.

The covariance matrix of the outputs 7j, also called Subspace Matriz or
Toeplitz matriz due to its shape, is obtained by calculating the covariance
between H, and Hpy, determined by dividing the Hankel matrix into two
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halves [28]. Mathematically;

( Yo vy Yjia \
Y1 Y2 o Yj ) )
: S : Yt
Hoy.2i-1 = Yior Y 0t Yitj-2 _ (HO:z‘—1> _ <Hp> = yt.ﬂ
Yi  Yit1 o Yigj—1 Hi9i Hy :
Yir1 Yi+2 - Yitj | Yer2i-1
\ Y2i—-1 Y2i - Y2it+j-2 )
(3.4)

As shown in Equation 3.5, the Hankel matrix can be represented compactly
as a sequence of stacked column vectors.

Hy.9i—1 = [?Jt, Yt+1,5 - -+ yH—j—l] S R**J (3-5)

As shown in Equation 3.6, the matrix 7}, is constructed by vertically stacking
the matrices H, and H, where H, € R"J contains the first i rows of the Hankel
matrix Ho.—1, and Hy € R*J contains the remaining i rows. The expression

T H i% i
= (1] 1) = [ =l e € B (39

demonstrates that Tj is equivalent to a matrix formed by horizontally stack-
ing j column vectors y;, € R**!  starting from time step ¢ up to t +j — 1. This
formulation is particularly useful for time-domain modeling and feature extrac-
tion, where each column y; captures a temporal window of vibration response
data used in downstream learning or reasoning tasks. As defined in Equa-
tion 3.6, the matrix Tj is formed by stacking the j column vectors side by side.

As shown in Equation (3.7), the residual matrix R is calculated by projecting
the actual data matrix T, ,.¢ onto the transpose of the reference subspace Up yef-
This formulation highlights the alignment of current measurements with respect
to nominal (healthy) behavior and is sensitive to changes caused by structural
damage.

R = Uy ,eThact (3.7)

The Pearson correlation coefficient defined in Equation (3.8) is used to quan-
tify the similarity between two residual matrices R; and R;.
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r = corr(A, B) = 2um Z"(Am_n — A) B — B) = (3.8)
V(0 Z(An = A)2) (3,5, (Bun — B)?)

Its interpretation in the context of SHM is as follows:

o If corr(R;, R;) ~ 1, the two residual matrices are highly correlated, sug-
gesting that both records likely belong to the same structural state.

o If corr(R;, R;) — 0, the residual matrices are not correlated, indicating
that the records are from different structural states, potentially due
to damage or system changes.

The time-series produced are then processed in the DDR phase: the cor-
relation matrices are obtained, whose dimensions are 320x320, a number pro-
portional to that of the channels and to the inner parameters of the applied
technique. These matrices are then used in feature extraction to train and
test ML classifiers, as described in the following chapters 4,5,6, and 7.

3.4 Feature Extraction in the Time Domain From Hankel
Matrices

In time-domain SHM, damage-sensitive features are typically extracted directly
from raw time-series signals. However, in our approach, we first constructed
Hankel matrices as defined in Equation (3.5), and (3.6). From these matrices,
we extracted the individual block matrix T} and computed various statistical
features to characterize the underlying structural behavior. This transformation
allowed us to preserve temporal dependencies while enabling feature extraction
from a richer, matrix-based representation of the vibration signals.

We calculated the following damage-sensitive features from the time-
domain signals:

e Statistical descriptors: Mean, standard deviation, variance, skewness
[20-32], kurtosis [33-38], and crest factor [39, 40, 40-43], commonly
used to characterize the distributional and shape properties of vibration
signals [7,14]. .

e Energy-based metrics: Root Mean Square (RMS), signal energy [44—
50], capturing the overall intensity of the signal.

e Cumulative indicators: Cumulative sum of differences (CSD) |9,
10,51-53|, useful for detecting slow-evolving changes or damage progres-
sion over time [9,10] .

e Similarity-based metric: Cosine Similarity (CS) [54-60], used to
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compare the current signal window with a baseline (healthy) reference.

Here, time-windowing and segmentation techniques [7,10,61] are applied to
divide the vibration signal into fixed-length intervals, allowing localized analysis
of dynamic responses [8]. This segmentation is particularly useful for monitor-
ing the progression of different bridge scenarios and damage intensities, as it
allows the detection of transient events [62-65] (for example, sudden stiffness
loss or cracking) that may not be observable over the entire duration of the
signal. By analyzing features within each time window, the system becomes
sensitive to gradual degradation, which is critical in distinguishing between
mild, moderate, and severe damage states of railway bridges. Therefore, these
techniques improve the temporal resolution of our damage detection framework
and support a more granular classification across the defined structural scenar-

ios [14].

3.4.1 Selected Feature Descriptions

To enable effective damage detection and structural state classification, a set
of statistical and signal-based features were extracted from vibration signals.
These features were chosen based on their sensitivity to structural changes and
their proven utility in prior SHM studies. A brief description of the selected
features is provided below:

Cumulative Sum of Differences is calculated using the formula given
in (3.9). It is the sum of the difference between the original reference value
and the relevant subsequent values received from the sensor. A logarithmic is
applied to the final values as these values are too small.

S =1log() |b—al) (3.9)

As discussed earlier, a reference data matrix Ty is assigned to calculate the
feature values. 1% matrix T} of each damage intensity is used as a reference
matrix. Here, ‘a’ is used as an element of the reference matrix ‘A’. ‘b’ repre-
sents the elements of all other respective matrix ‘B’, which is used to obtain a
cumulative sum of differences by subtracting them from the reference matrix
‘a’ and calculating their sums. After analyzing the data, the log function is
applied to normalize the generated data.

Crest Factor (CF) as defined in Equation (3.10), is calculated as the ratio
of the peak value of a signal to its RMS. The crest factor is a measure of the
extreme peaks present in a waveform and is often used to detect impulsive
events or anomalies in vibration signals.
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peak value
RMS

When matrix-form time domain data are used (for example, Tj, of Hankel
matrix 3.6 ), Equation (3.10) becomes:

CF = (3.10)

max(|matrix|)

Va2, matrix|if?
where N is the total number of elements in the matrix (or a row/column if
applied row-wise), and max(|matrix|) denotes the maximum absolute value in

the signal segment. This form enables the computation of Crest Factor (CF)
from block-structured time series data.

CF =

(3.11)

Cosine Similarity (CS) is a widely used metric to quantify the directional
similarity between two nonzero vectors in an inner product space. This mea-
sures directional similarity between two signal segments (for example, baseline
and current) [9]. It is defined as:

Y oa; b
CS(a,b) = 2i = (3.12)
\/Zz 1@ \/Zz 1 z
where; a = [ay, as, . . ., a,] is a vector representing the first signal segment (for
example, a baseline reference). b = [by, b, ...,b,] is a vector that represents

the second signal segment (example, current or test data). a; and b; are the
i-th elements of the vectors a and b, respectively. n is the dimensionality of the
vectors (i.e., the length of the time window or the feature vector) Soria;-b

is the dot product between the two vectors. \/> ", a? and /Y., b? are the

Euclidean norms (magnitudes) of the vectors a and b.

Cosine similarity(CS) values range from —1 to 1, where; 1 indicates that
the vectors point in the same direction (maximum similarity), 0 indicates that
the vectors are orthogonal (no similarity), and —1 indicates that the vectors
point in opposite directions.

Energy (Energy (E)) is a fundamental feature of time domain that rep-
resents the total strength or power of a signal over a defined time interval.
Quantifies the overall magnitude of a vibration signal and is particularly use-
ful in Structural Health Monitoring SHM to characterize dynamic responses in
different structural states. For discrete-time signals, the energy is computed
using Equation (3.13), where the squared magnitudes of the signal samples are
summed over a specified window.
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E =log (22: |x[n]2> (3.13)

n=ny

The signal is assumed to be sampled from n; to ng, and z[n] denotes the
discrete signal at index n. To improve interpretability and stabilize the variance
across a wide range of amplitudes, a logarithmic transformation is applied to
the computed energy. This normalization step helps compress large variations
in raw energy values and enhances the feature’s suitability for input to machine
learning algorithms, especially when comparing between different damage sce-
narios.

Kurtosis is a higher-order statistical feature that quantifies the "peaked-
ness" of a signal distribution. It is particularly sensitive to impulsive or outlier
events, making it a valuable indicator for identifying sudden structural changes
or damage in vibration-based SHM. A high kurtosis value suggests the pres-
ence of sharp transients or extreme deviations from the mean, while a low value
indicates a more uniform or flat distribution. The mathematical formulation
of kurtosis is given in Equation (3.14), where x; denotes the i-th sample, Z is
the sample mean, and n is the number of samples in the signal segment being
analyzed.

% Z?:l(xi - f)4
o 2

(% D i (@i — 37)2)
Kurtosis has been widely used in SHM applications to detect local damage,
especially when signal responses contain transient bursts, sudden changes in

(3.14)

Kurtosis =

stiffness, or nonlinear behavior [14].

Skewness is a third-order statistical moment that measures the asymmetry
of signal distribution. In the context of Structural Health Monitoring (SHM),
skewness can help identify directional bias in vibration responses, which may
arise due to structural shifts, uneven loading, or asymmetrical damage. As
shown in Figure 3.7, a positive skew results in a longer right-hand tail, while a
negative skew produces a longer left-hand tail.

This asymmetry is particularly useful in detecting gradual changes or lo-
calized structural deformations [66,67]. The skewness is calculated as shown
in Equation (3.15), where x; represents the i-th sample in the signal,  is the
sample mean, and n is the total number of samples in the analysis window.
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Figure 3.7: Illustration of positive and negative skewness. Positive skewness exhibits a longer
tail to the right, while negative skewness shows a longer tail to the left.
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The logarithmic function is also applied to the crest factor and cumulative
sum of differences values as these values are too small to handle easily. The

Skewness = (3.15)

Signal energy reflects the overall magnitude of the vibration and is useful in
assessing stiffness loss.

Time-windowing and segmentation techniques are often applied to divide
the signal into smaller intervals, allowing localized monitoring and the detec-
tion of transient events or gradual degradation. Envelope detection and trend
monitoring are also used to highlight modulations in signal amplitude that may
correspond to evolving damage.

These features were used as inputs to various machine learning classifiers,
including EBMs, SVMs, and neural networks, to predict structural health states
such as damage intensity, stress levels, and bridge scenario classifications.

3.4.2 Data Augmentation

In Structural Health Monitoring (SHM), especially when working with limited
real-world datasets from railway steel bridges, data augmentation plays a crit-
ical role in enhancing model generalization and preventing overfitting. In this
work, a statistical feature based augmentation method was applied, focused on
adding controlled Gaussian noise to key features such as kurtosis, skewness,
energy, and cumulative sum of differences (CSD) etc.

After converting the signal data into ambient features, data augmentation
is applied. Data augmentation is performed using the Gaussian normal dis-
tribution methods within the range of 0’ and the standard deviation of the
data. This can be expressed by i) noise generation, ii)data augmentation, and
iii)range checking and correction.
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Noise Generation: A random noise (3.16) is generated from a Gaussian
normal distribution with a mean of '0” and a standard deviation (noise_ std) of
data gathered from a specific sensor. This can be represented as;

noise ~ N (0,noise std) (3.16)

Data Augmentation: The noise generated is added to the selected feature
columns of the input data as an augmented data (3.17). If the original data is
denoted as ’‘data’ and the selected feature columns as ’feature columns’, the
augmented data ‘augmented_ data’ is obtained as

augmented data = data + noise (3.17)

Range Checking and Correction: Eq. (3.18) checks if any values in the
augmented data are outside a valid range. Suppose a value in the augmented
data is less than 0 or greater than the standard deviation of the corresponding
feature column in the original data. In that case, it is replaced with the original
value from the input data. Otherwise, the original augmented data value is
placed. Mathematically, this step can be represented as:

datali] if aug data[i] < 0 or
aug_ datali] = aug_data[i] > std_dev_fts]i] (3.18)

aug_datali] otherwise

Here, std_dev_ fts represents the standard deviation of the corresponding
feature column in the original data. These mathematical representations help
illustrate the operations performed in data augmentation with Gaussian noise
and ensure the augmented data remain within a valid range.

3.5 Advantages and Challenges

Time-domain methods in SHM offer several notable advantages, particularly for
real-time monitoring of structural systems. These methods are computation-
ally simple, as they analyze raw sensor signals; such as acceleration or strain,
without requiring transformation into the frequency or modal domains [7,10].
This simplicity makes them ideal for embedded or on-board monitoring sys-
tems with limited processing power. Additionally, time domain features such
as root mean square (RMS), energy, kurtosis, and skewness are highly sensitive
to abrupt changes in structural behavior, making them effective for detecting
transient events or local damage [9, 14]. Because these features are derived di-
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rectly from raw signals, time-domain methods provide a fast and direct way to
assess the structural condition.

Despite these strengths, time domain approaches also face several challenges.
One major limitation is that their sensitivity to noise and environmental vari-
ability factors such as temperature fluctuations, sensor drift, and changes in
operational load can distort signal patterns and complicate the interpretation
of damage [61]. In addition, it can be difficult to distinguish between sig-
nal changes caused by operational conditions and those resulting from actual
damage. Without additional context or modeling, this ambiguity can lead to
false positives or undetected failures. To overcome these issues, time domain
frameworks SHM often incorporate advanced statistical techniques or machine
learning models to improve robustness and classification accuracy [64,65].

3.6 Integration with Machine Learning

To enhance damage detection and classification capabilities, time-domain fea-
tures are commonly used as inputs to supervised machine learning models,
including;:

e Support Vector Machines (SVM): Effective in high-dimensional fea-
ture spaces and known for robust classification performance [68-71].

e Random Forests [72]: Ensemble-based classifiers that provide strong
generalization and handle feature redundancy.

e Multi-Layer Perceptrons (MLP) |73]: Fully connected neural net-
works capable of modeling non-linear relationships.

e K-Nearest Neighbors (KINN) [74,75]: A simple yet powerful nonpara-
metric approach for small datasets or interpretable models.

Recent advances in deep learning have introduced architectures capable of
automatic feature learning from raw or structured time series data, reducing
the reliance on hand-crafted features.

e Convolutional Neural Networks (CNNs): Used to learn spatial and

local temporal patterns in multivariate time series segments [9,76-78|.

e Deep Neural Networks (DNNSs): General-purpose multi-layer archi-
tectures effective for complex decision boundaries and deep representation
learning.

e Fusion of CNNs: Combines the local pattern recognition of CNNs with
the global context learning of Transformers, improving classification accu-
racy, especially in heterogeneous or noisy SHM datasets |64, 65].

These data-driven models allow for the automatic extraction of informative
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patterns from segmented time-domain signals and have demonstrated improved
damage classification performance across various SHM applications.

3.6.1 Model Selection Rationale

The choice of machine learning and deep learning models in this research was
guided by both empirical validation and theoretical suitability for the nature of
the SHM task. Structural Health Monitoring of railway steel bridges presents
unique challenges such as signal variability, high dimensional time—frequency
data, real time interpretability requirements, and noise prone measurements.
Therefore, the model selection process was not arbitrary, but aligned with
domain-specific requirements.

3.6.1.1 RBF Networks

Radial Basis Function (RBF) Networks were selected because of their ability to
model nonlinear relationships and localized responses, which are valuable for
anomaly detection in bridge health monitoring. RBFs provide faster conver-
gence and simplicity compared to multilayer perceptrons, making them suitable
for edge deployment. In addition, their transparent activation patterns allow
for better interpretability during early-stage model prototyping.

3.6.1.2 Explainable Boosting Machines (EBMs)

EBMs, based on Generalized Additive Models (Generalized Additive Models
(GAMs)), were adopted to ensure transparency in decision-making. Their addi-
tive nature allows stakeholders to trace how individual features (e.g., skewness,
crest factor) contribute to the final prediction. This is critical in safety critical
SHM applications where model accountability is vital. EBMs were preferred
over black-box models during the early validation stages and as interpretable
baselines.

3.6.1.3 ResNet, DenseNet, and EfficientNet

These Convolutional Neural Network (CNN) architectures were chosen for their
proven ability to handle large-scale image-like inputs, in this case, spectrograms
derived from STFT-transformed vibration signals.
e ResNet-50 introduces residual connections, mitigating vanishing gradient
problems, and is known for stable convergence on medium-scale datasets.
e DenseNet-121 encourages feature reuse through dense connectivity,
making it more parameter-efficient and suitable for capturing fine-grained
patterns in damage evolution.
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e EfficientNet-B0O was evaluated for its balance between accuracy and
computational cost, leveraging compound scaling across depth, width, and
resolution.

3.6.1.4 Vision Transformer (ViT) Integration

Transformer based models, particularly Vision Transformers (ViT), were incor-
porated into fusion architectures (e.g., ResNet+ViT, DenseNet+ViT) to lever-
age their strength in capturing long-range dependencies in spectrograms. SHM
signals often exhibit subtle spatial and temporal patterns that CNNs alone may
fail to model efficiently. ViTs bring global context awareness into the model
pipeline.

3.6.1.5 Comparative Justification

The diversity in chosen models allowed for a comprehensive evaluation across
key criteria:
e Interpretability: addressed by EBMs and Fuzzy Logic.

e Accuracy and Feature Representation: addressed by DenseNet,
ResNet, EfficientNet.

e Temporal-Spectral Generalization: handled via Transformer-based
fusion.
e Computation and Deployment Efficiency: RBFs and EBMs are
lighter and suitable for real-time monitoring or edge devices.
Thus, each model was selected not solely based on empirical accuracy, but
based on its alignment with SHM specific challenges, such as damage localiza-
tion, alert interpretability, and resilience to sensor noise.

3.7 Summary

Structural Health Monitoring SHM in the time domain provides a practical and
powerful approach to access the condition of railway steel bridges. Its ability to
operate directly on raw sensor data, such as accelerations and strains, makes it
particularly suitable for real-time monitoring applications [7,9]. Time domain
analysis supports rapid anomaly detection and efficient computation without
the need for transformation into frequency or modal domains. However, it does
present challenges, including sensitivity to measurement noise, temperature
effects, and operational variability [63]. To address these limitations, recent
studies have integrated time-domain methods with modern machine learning
techniques, such as deep neural networks [65] and segment-based generative
adversarial networks [64], significantly enhancing classification accuracy and
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system robustness. These advancements make time domain SHM a viable and
scalable solution for large-scale bridge monitoring networks.
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"AI is likely to be the best or worst thing to happen to humanity. "
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This chapter proposes a data driven analytical framework based on a Ra-
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dial Basis Function (RBF) based Neural Network (NN) to model the structural
health condition of railway steel bridges under various simulated bridge sce-
narios and damage intensities. The proposed RBF-based approach considers
statistical and time domain features;such as E, Kurtosis, Skewness, Crest Fac-
tor (CF), Cosine Similarity (CS) and Cumulative Sum of Differences (CSD), ex-
tracted from Hankel matrix of vibration signals collected across multiple bridge
scenarios and damage intensities. The framework captures the nonlinear map-
ping between extracted features and corresponding damage labels, offering an
interpretable and efficient means of classifying bridge scenarios and damage in-
tensities.

The RBF network architecture is selected for its localized response and
generalization capability, which makes it particularly suitable for applications
where damage signatures are complex and sparse. Damage signatures refer
to identifiable patterns or features in measured structural response data (for
example, acceleration, strain, displacement) that indicate the presence, location
or severity of damage in a structure |9, 79-83].

Damage signatures play a critical role in Structural Health Monitor-
ing (SHM) of railway steel bridges, as they represent measurable deviations
in the structural response, indicative of underlying damage or anomalies of the
steel structure. These signatures, derived from vibration data, enable early
detection, localization, and classification of the damage states of the bridge.

4.1 Introduction

Structural Health monitoring is becoming a field of focus to the engineers
and research scientist mainly after introduction of machine learning. SHM sys-
tems are helpful in accessing the condition and integrity of structures such
as bridges, buildings, pipelines, and aircraft over time. ML techniques such
as; KNN, RF, SVM, Artificial Neural Network (ANN), CNN etc., provide valu-
able insights and predictive capabilities to monitor the structural health of such
assets. SHM also provide a quantitative measure of a structure’s condition over
time.

Ambient analysis of railway bridges (steel or concrete) is necessary for their
long life. With the advancement of Structural Health Monitoring (SHM) tech-
nologies, it has become feasible to detect early structural anomalies, track the
occurrence of damage, and trigger timely alerts for preventive maintenance.
This enables condition-based infrastructure management, reducing unexpected
failures and extending the bridge’s service life. This lead researchers to do
systematic structural research about dynamic responses of vibrations, natural
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frequencies, accelerations of vehicles on the bridges and temperature variations
(when train passes and after train passes, in our case) [84].

Machine Learning algorithms can be trained to detect and classify different
types of damage or anomalies in structures. This includes identifying cracks,
corrosion, fatigue, and other structural issues from sensor data, images, or sen-
sor fusion. These algorithms also help in how to predict when maintenance is
needed based on sensor data and historical performance. This helps in schedul-
ing maintenance activities more efficiently, reducing downtime, and preventing
catastrophic failures. In bridge SHM, anomaly detection is used to detect de-
viations of bridges from normal behavior which may indicate damage, wear &
tear in the structures which needs attention, repair and/or maintenance.

Although machine learning enables remote monitoring of civil structures
through the use of sensors and data communication technologies, its effective-
ness depends on several critical factors. This capability is especially advanta-
geous for infrastructure located in remote or hazardous environments, where
manual inspection is challenging or costly. However, the success of machine
learning in SHM depends not only on the quality and quantity of sensor data,
but also on the selection of suitable algorithms and the availability of domain
expertise to interpret the results. In practical deployments, hybrid approaches
that integrate traditional engineering analysis with data-driven models are of-
ten employed to improve reliability and enhance decision making for critical
infrastructure monitoring.

RBF Networks, a class of artificial neural networks, are particularly well
suited for function approximation, classification, and pattern recognition tasks.
In the context of SHM for railway steel bridges, RBF networks offer an effec-
tive and interpretable solution for damage detection and classification based on
statistical and signal-derived features extracted from time-domain or frequency-
domain vibration data. A typical RBF network architecture consists of three
layers: an input layer, a hidden layer that applies nonlinear radial basis func-
tions as activation units, and a linear output layer. This structure allows the
network to model localized patterns and non-linear relationships between input
features and structural conditions, making it especially suitable for identifying
subtle damage signatures across varying bridge scenarios.

4.2 Overview

The core strength of RBF networks lies in their ability to model nonlinear
relationships using localized responses around selected center points in the input
feature space. This makes them particularly effective for SHM applications,
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where damage patterns may be sparse, complex, or difficult to separate linearly.
When trained on labeled datasets representing various bridge damage scenarios
and intensities, RBF networks can learn to distinguish between healthy and
damaged structural states with high accuracy.

In this study [84,85], in the context of SHM for railway steel bridges, RBF
networks are employed to classify structural conditions based on features ex-
tracted from time domain sensor data. Compared to traditional feedforward
networks, RBF networks offer a balance between nonlinear representation power
and interpretability, making them especially attractive for critical infrastruc-
ture monitoring, where transparency and reliability are essential.

The main contributions of this paper [85] are:

e A comprehensive investigation on RBF based Neural Network .

e A Bridge Scenario and Damage Intensities based railway steel bridge dam-
age detection .

4.3 Related Work

SHMs provide many viable solutions to the damage detection but most of these
are only limited to anomalies, predictions or statistical model comparisons.

Recent studies have explored a variety of signal processing and data-driven
approaches for extracting meaningful damage signatures. For instance, Ren et
al. [82] provided a comprehensive review of vibration-based damage detection
techniques, highlighting how specific statistical features serve as reliable indica-
tors of damage. Ahmed et al. [80] demonstrated the use of nonlinear ultrasonic
pulse-echo signatures for identifying fatigue-induced damage in composite struc-
tures. Additionally, Sonker and Shanker [79] proposed an Electromechanical
Impedance (EMI)-based approach integrated with neural networks for multiple
damage detection. The growing application of deep learning techniques has
further expanded how damage signatures are utilized, as reviewed by Jia and
Li [83]. These advancements affirm that damage signatures are foundational to
the development of robust, scalable SHM systems.

As it can be seen that Svendsen et. al. [86] investigated statistical com-
parison models with supervised and unsupervised learning using Mahalanobis
Squared Distance only. This study only focus of Receiver Operating Charac-
teristic (ROC) metrics using KNN, RF, and SVM etc. which don’t give any
insights of the dataset used and the damage levels.

Similarly, Frederic et. al. [87] investigated application of machine learning
methods on real railway bridges monitoring with transient relationship between
air temperature and bridge temperature. He used Neural network with three
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input neurons in the input layer, one output neuron in the output layer giving
binary results and n hidden neurons in one hidden layer.

Neves et. al. in [88] worked on different ML techniques for damage detec-
tion.In this study ANN based model is discussed for model-free bridge damage
detection. Sensor based ambient features are extracted and used as an input
to ANN which are collected from dynamic response of the structure in two dif-
ferent damage scenarios. In a review study by Onur et. al. [89] have discussed
non-parametric and parametric methods for structural damage detection from
the ambient data. He reviewed these methods wrt supervised machine learning
algorithms. Mehrjoo et.al. [90] proposed simple ANN based bridge damage de-
tection techniques in which he used accelerations as a characteristic to calculate
the damage sensitive features. Later, he developed a simple MLP with a single
hidden layer for damage identification and localization.

Lee et. al. [91] also used ANN model based on the FE model of the Hannam
Grand Bridge in South Korea. They also used ambient features to perform test
performance under three levels of damage. They used Probabilistic NN, Back
propagation based NN and Sequential NN for results evaluations. Furthermore,
Muttillo et. al. [92] also worked extensively on machine learning based model
for damage detection. Thus this work is specifically inspired by IoT based
sensory systems designed for structural damage indication. Recent studies uti-
lizing IoT-enabled sensor networks, combined with basic machine learning algo-
rithms, have demonstrated the feasibility of real-time monitoring and anomaly
detection in civil infrastructure. Building on these foundational approaches,
this research extends the idea by incorporating deeper neural network architec-
tures, allowing for more expressive modeling of nonlinear patterns in vibration
data. Through these enhancements, the system is expected to achieve higher
accuracy in damage detection and localization, even under noisy or variable
operational conditions.

4.4 Methodology

The aim of this research is to design an RBF based intelligent monitoring system
capable of receiving input from accelerometer sensors and predicting anomalies
in a railway steel bridges, with the added capability of localizing structural
damage. The proposed architecture, begins with a reference Finite Element
Model FEM, as described in Section 3.3, that simulates healthy and damaged
bridge states. The system includes a data acquisition bus that collects synchro-
nized time series data from multiple sensors (e.g., accelerometers) deployed
across critical bridge locations. This data flows into the perception layer,
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which is responsible for utilizing the extracted features from Hankel matrices,
as described in Section 3.4. These features are used as inputs to machine
learning algorithms for localization of damage scenarios and classification of
damage intensities. The perception layer thus transforms input to into high
level predictions about the health of the structure. These predicted outputs,
indicating the type, location, and severity of damage, are then passed to the
reasoning layer, where they are interpreted to generate alerts and trigger de-
cision making protocols for maintenance or further inspection.

The processed features are then passed to the reasoning layer, where
anomaly detection and damage classification are carried out using machine
learning models. This layer also incorporates event correlation logic to interpret
multi sensor outputs and infer complex damage patterns. Finally, the system
integrates with a dashboard interface, which visualizes real-time status and

generates alarm alerts when damage is detected or threshold conditions are
breached.

4.5 Radial Basis Function Networks in Structural Health
Monitoring

Radial Basis Function (RBF) Networks have emerged as an effective and in-
terpretable class of artificial neural networks for damage detection and clas-
sification in Structural Health Monitoring (SHM). An RBF network typically
comprises three layers: an input layer, a hidden layer with nonlinear radial
basis activation functions, and a linear output layer. Unlike traditional multi-
layer perceptrons, RBF networks apply a distance-based transformation in the
hidden layer, providing a localized response to input features.

In SHM applications, especially for railway steel bridges, sensor data such
as vibration or strain signals are collected and processed into statistical or
signal-based features. These include metrics such as RMS, skewness, kurtosis,
cumulative sum of differences, and the crest factor. These features are passed
into the RBF network, where each hidden unit computes a radial basis response
with respect to a learned center. The general activation of the j-th RBF neuron
is given by:

hi(x) = exp (-'X_—CJF> (4.1)

2
QUj

where x € R? is the input vector, C; € R? is the center of the j-th RBF neuron,
and o; is the width parameter controlling the spread of the radial response.
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The outputs of all RBF neurons form a new feature representation that is
passed to the output layer for classification. This output represents predicted
structural states such as damage localization, severity, or type. RBF networks
offer high interpretability, fast training, and effective performance in low data
regimes, making them suitable for SHM systems where transparency and real-
time deployment are essential.

RBF Network

Hidden Layer

Input Output Layer
Features

Predicted
Structural
State

Skewness,

Kurtosis, Normal

Low Damage
Medium Damage
High Damage

CSD,
Crest Fator,

Non-Linear
Activation
llx - cill*
hj(z) = ow (’T)

Figure 4.1: RBF-based SHM architecture for damage classification using statistical features
from sensor data.

Initial RBF based Neural network is generated with input layer, RBF', acti-
vation functions, and other inner details of the neural net and an output layer
which describes the seven scenarios for bridge sections and twenty six damage
intensities. To answer why RBF is used in the hidden layer lies in a fact that
they provide promising results in Structural Health Monitoring (SHM) appli-
cations for various purposes, including damage detection, feature extraction,
and data analysis. However, we have used an updated version of RBFNet.
This updated neural network i.e AmbientNet has four hidden layers, maxPool,
leakyReLU, Batch normalization and finally Softmax for prediction.

RBF networks can be used for regression tasks to predict structural health-
related parameters, such as stress, strain, or deformation, based on sensor mea-
surements. This can be valuable for continuously monitoring structural condi-
tions. RBF network is designed for anomaly detection and damage localization
for the expected behavior of a bridge structure. Any deviation from the nor-
mal observation of the predictions indicated the damage levels and localization
which can help in bridge maintenance..
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4.5.1 RBF-Net

Radial Basis Function (RBF) network can be described in terms of its activation
function and its output. Each neuron in the hidden layer applies an RBF
activation function as shown in Equation 4.2, to the input data.

¢i(z) = exp (—)\i e — ci|\2) (4.2)

As the bridge is divided into seven sub-structures (for damage localization
detection) and in simulated architecture; different damage intensities are ap-
plied, it is important to note that RBF networks require appropriate training
data that includes both healthy and damaged structural states. Additionally,
the choice of network architecture, including the number and placement of RBF
neurons, can have a significant impact on their performance. Furthermore, our
ambientNet composed of a fully convolutional layer followed by an RBF func-
tion, batch normalization, leakyReLU as activation function, max-pooling and
in the a softmax activation. For our input data, this model with some varia-
tions is used for the preliminary results.

4.6 Results Discussion

For our designed RBF-based neural network, ambient vibration features were
used as input. These features were chosen for their ability to capture dy-
namic behavior related to structural degradation, while being computationally
efficient for real-time deployment. The network was trained on two distinct
classification problems: 26 damage intensities, derived from simulated Fi-
nite Element Model (FEM) data representing progressive damage states, and 7
bridge scenarios, where a real railway steel bridge was subdivided into seven
monitoring zones (see Fig. 3.3 and Fig. 3.4). The preliminary training results
were promising, demonstrating the model’s capacity to learn distinct patterns
associated with structural variations.

However, these promising results were limited to the training phase. During
testing, the network exhibited poor performance and was unable to meet the
accuracy and stability requirements needed for reliable deployment. This sug-
gested potential overfitting or limitations in the RBF layer’s ability to model
complex, real-world scenarios beyond simulated data. Consequently, we ex-
panded our investigation to include additional machine learning models. This
included classical algorithms such as Support Vector Machines (SVM), Random
Forests (RF), and k-Nearest Neighbors (KNN), as well as advanced deep learn-
ing architectures such as Convolutional Neural Networks (CNNs) and Deep
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Neural Networks (DNNs), to better capture both spatial and temporal features
within the SHM dataset.

This section presents the training results of the Radial Basis Function Net-
work (RBFNet) for the classification of structural conditions in railway steel
bridges. Two primary classification tasks were addressed: Damage Intensities
(DI) classification, with class labels corresponding to damage intensities (1-
90%), and Bridge Scenarios (BS) (S1-S7) classification.

4.6.1 Performance with Original Data

To evaluate the baseline performance of the proposed RBF-based neural net-
work, we first trained the model on unaugmented, original feature sets for two
classification tasks: damage intensity (1-90%) and bridge scenario (S1-S7). The
training loss and accuracy progression for both tasks over 500 epochs are shown
in Figure 4.2.

Trainingloss ~ Training Accuracy Trainingless ~ Training Accuracy
06

ppppppppppppppp

(a) Damage intensity classification (1-90%) (b) Bridge scenario classification (S1-S7)

Figure 4.2: Training loss and accuracy of RBFNet using original data for (a) Damage Inten-
sity and (b) Bridge Scenario.

In the case of damage intensity classification (Figure 4.2a), the model
demonstrates a steady reduction in training loss, converging around 1.5. The
classification accuracy gradually increases and peaks at approximately 70%,
with a consistent upward trend. This indicates that while the RBFNet is capa-
ble of learning from raw damage intensity data, the discriminative power of the
features may be limited due to class overlap or insufficient variability between
closely spaced intensity levels.

For the bridge scenario classification task (Figure 4.2b), the network
performs comparatively worse. Although the loss curve shows a gradual de-
crease, the training accuracy stabilizes around 58%. This suggests that dis-
tinguishing between spatially distributed damage states using only the original
feature set is more challenging. These results emphasize the importance of
feature enhancement or augmentation to improve classification performance,
particularly for spatial damage localization.

In summary, while the RBFNet shows potential when trained on original,
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unaugmented data; especially for damage intensity estimation—the limited ex-
pressiveness of the raw features hinders its performance in scenario classifica-
tion. These observations motivate the need for data augmentation, which is
further investigated in the subsequent experiments.

4.6.2 Performance Analysis with Augmented Data

To improve the generalization of our RBF-based neural network, we applied
data augmentation techniques to the original input features. Figures 4.3a
and 4.3b illustrate the resulting training loss and accuracy curves for the dam-
age intensity (DI) and bridge scenario (BS) classification tasks, respec-
tively.

In the case of damage intensity classification (Fig. 4.3a), the model
shows a steady decrease in training loss over 1000 epochs, with a notable
early convergence phase. The accuracy gradually improves and reaches approx-
imately 45%. This represents a significant improvement compared to training
on unaugmented data, where the model plateaued near 30%. The improvement
highlights the importance of input diversity, especially in damage intensity clas-
sification, where minor signal variations are often hard to learn without data
enhancement.

For the bridge scenario classification task (Fig. 4.3b), the model achieves
even more encouraging results. Training accuracy reaches around 82%, with a
consistent decline in loss. This performance confirms that the RBFNet archi-
tecture is better at learning spatially distinct patterns that arise from different
bridge scenarios. The higher accuracy in bridge scenario classification com-
pared to damage intensity classification also suggests that localization patterns
are more distinguishable in the feature space than damage intensity differences.

Overall, these results demonstrate the effectiveness of data augmentation in
improving model robustness and classification performance. The improvements
validate the hypothesis that class separability in SHM tasks can be enhanced
through strategic input-space transformations, particularly when using local-
ized learners like radial basis function networks.

The augmented dataset enriched the diversity of the feature space, allowing
the RBF layer to generalize better to minor variations in input and avoid over-
fitting. Furthermore, the training loss curves exhibited improved smoothness
and stability, indicating more efficient optimization.
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(a) Damage Intensity Classification (1-90%) (b) Bridge Scenario Classification (S1-S7)

Figure 4.3: Training loss and accuracy of RBFNet using augmented data for (a) Damage
Intensity and (b) Bridge Scenario.

4.6.3 Confusion Matrix Analysis for Bridge Scenario Classification

To further evaluate the performance of the proposed RBF based Neural Net-
work (RBFNet) model on bridge scenario classification (S1-S7), we analyze its
confusion matrices for both training and testing datasets, shown in Figure 4.4.
The matrices reflect how often predictions match the true classes and highlight
areas of confusion between specific bridge zones.

Confusion Matrix for Train Data Confusion Matrix for Test Data
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Figure 4.4: Confusion matrices for RBFNet bridge scenario classification: (a) training
dataset and (b) testing dataset.

From the training matrix (Fig. 4.4a), we observe that the model performs
reasonably well across most classes, with the highest accuracy in scenario S1
(165 correct predictions) and S4 (137 correct). However, considerable confusion
exists between neighboring or structurally similar scenarios, such as S2/S5 and
S3/54, suggesting overlapping feature distributions in these zones.

The test confusion matrix (Fig. 4.4b) reveals a more realistic measure of
generalization. Correct predictions decline slightly for each class, and misclas-
sifications become more prominent. For instance, many samples from S3 and
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Chapter 4. RBF based SHM 4.6. Results Discussion

S5 are misclassified as S4 and S6, indicating that while the RBFNet captured
structural patterns during training, its ability to separate similar scenarios un-
der unseen conditions is limited.

4.6.4 Confusion Matrix Analysis with Augmented Data for Bridge
Scenario Classification

To improve the model’s ability to generalize across damage distributions, data
augmentation strategy was applied to the original feature set. Figure 4.5 shows
the confusion matrices for training and testing datasets in the bridge scenario
classification task using the augmented features.
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Figure 4.5: Confusion matrices for RBFNet bridge scenario classification (S1-S7) on (a)
training and (b) testing datasets using augmented features.

The confusion matrix for the training data (Figure 4.5a) indicates strong
diagonal dominance across most scenarios, especially for S1, S3, S4, and S5,
showing that the network has learned the spatial features of these classes well.
Despite minor confusion in overlapping zones such as S6 and S7, the overall
classification remains robust with relatively low off-diagonal misclassifications.

In the testing matrix (Figure 4.5b), the network retains good generalization
performance. Class S1 shows near-perfect classification (185 correct), while
scenarios S3, S4, S5, and S7 also show solid diagonal performance. Some con-
fusion remains between spatially adjacent zones; particularly between S2 and
S3, and between S6 and S7; likely due to similarity in vibration signatures near
structural transitions.

Overall, the augmentation method enhanced the model’s resilience to input
variation, helping it capture discriminative patterns across bridge zones more
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effectively. These results demonstrate that augmentation introduces sufficient
variability to boost generalization, especially in tasks requiring localization of
structural changes across spatially defined monitoring sections.

4.6.5 Confusion Matrix Analysis for Damage Intensity Classifica-
tion

To evaluate the performance of the proposed RBFNet model on fine-grained
damage intensity classification (1-90%), confusion matrices were generated for
both training and testing datasets (see Figure 4.6). These matrices illustrate
the relationship between true damage intensity levels and their corresponding
predicted classes, highlighting how well the network distinguishes subtle varia-
tions in damage.
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Figure 4.6: Confusion matrices for RBFNet damage intensity classification (1-90%) on (a)
training and (b) test datasets.

The training confusion matrix (Figure 4.6a) shows that the network is ca-
pable of learning patterns for a wide range of damage intensities. The diagonal
dominance indicates correct predictions for certain intensities, particularly near
class 60, 70, and 90. However, many neighboring classes (for example, 10 vs.
15, 20 vs. 25) are frequently confused, reflecting the inherent difficulty in dis-
tinguishing between closely spaced intensity levels with limited signal variation.

The test confusion matrix (Figure 4.6b) reveals a more realistic measure of
the network’s generalization ability. While the diagonal trend is still visible, it
is significantly less pronounced compared to the training case. The majority of
predictions tend to cluster around specific intensity bands (notably around 60
and 70), indicating that the model may be overfitting to dominant training pat-
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terns or underrepresenting other class ranges. Misclassifications are widespread
for lower intensities (1-30), suggesting that signal features associated with early
damage stages are not distinct enough for the model to learn reliably.

4.6.6 Confusion Matrix Analysis with Feature-Wise Gaussian Noise
Augmentation for Damage Intensities [1-90%]

To enhance the diversity and robustness of the input features, a targeted
data augmentation technique based on Gaussian noise addition was imple-
mented.The impact of this augmentation strategy on the classification per-
formance of the RBFNet model for damage intensity classification (1-90%) is
evaluated through the confusion matrices shown in Figure 4.7.
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Figure 4.7: Confusion matrices for RBFNet damage intensity classification (1-90%) on (a)
training and (b) testing datasets using Gaussian noise-augmented features.

The confusion matrix for the training set (Figure 4.7a) shows clear im-
provements in class wise separation compared to the original data. Diagonal
dominance across several intensity levels indicates that the model has learned
to correctly classify a wide range of damage intensities. Notably, mid- and high
range intensity classes (for example, 45-90) demonstrate stronger classification
consistency.

The test confusion matrix (Figure 4.7b) confirms the generalization benefit
of the augmentation. The network maintains good performance on several
key intensity levels, especially in higher ranges (60-90), where clearer signal
patterns are likely more distinct and less affected by noise. Although some
confusion remains in lower intensity classes (e.g., 1-20), this is expected due to
the minimal structural deviation and lower feature variance at early damage
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stages.

Overall, augmentation enhanced the network’s sensitivity to damage pro-
gression and mitigated overfitting by increasing intraclass variability during
training. These results validate the use of tailored data augmentation strate-
gies for advancing SHM tasks where labeled data are often limited and damage
states may evolve subtly.

In summary, while RBFNet demonstrates potential in modeling fine tuned
damage intensity levels, performance is limited by class imbalance, subtle sig-
nal differences between nearby intensities, and possibly insufficient feature sep-
arability. These observations motivate the use of advanced architectures (for
example, RBF-CNN hybrids) or feature enhancement techniques (for example,
spectrograms, data augmentation) to improve classification accuracy in future
work.

4.6.7 Performance Summary

The confusion matrix analysis for bridge scenario classification demonstrates
that the RBFNet model performs significantly better when trained on aug-
mented data. The training results show strong class separation, particularly
for scenarios S1, S3, S4, and S5, with minor confusion observed in structurally
similar zones such as S6 and S7. Test set performance closely follows, indicat-
ing good generalization with reduced overfitting. The augmentation technique
effectively improved the model’s ability to distinguish between spatial damage
zones by enriching the feature space and introducing variability that mimics
real world noise and signal distortion. These results validate the suitability of
RBFNet combined with augmentation for damage localization in railway steel
bridges under ambient vibration-based SHM conditions.

Table 4.1: Summary of RBFNet performance on BS and DI classification tasks

Input Type Task Accuracy (%) Remarks

Original Data | Damage Intensity (DI) ~30% Difficult class separation

Original Data Bridge Scenario (BS) ~60% Moderate, stable performance
Augmented Data | Damage Intensity (DI) ~60% Improved feature diversity
Augmented Data | Bridge Scenario (BS) ~80% Best performance overall

4.7 Summary

This study presented a Neural Network-based Structural Health Monitor-
ing (SHM) framework, specifically employing a Radial Basis Function (RBF)
neural network, for the detection, localization, and classification of damage
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in railway steel bridges. Although neural networks are traditionally associ-
ated with image classification and object detection tasks, this work demon-
strated their applicability to vibration-based SHM using time domain features
extracted from accelerometer data.

The proposed RBF-Net architecture was trained and evaluated on two key
classification tasks: damage intensity estimation (1-90%) and bridge scenario
classification (S1-S7). The results showed that the network was capable of
learning structural patterns and achieved promising training accuracy, partic-
ularly in scenario classification. However, the model’s generalization on unseen
test data was initially limited, especially for damage intensity prediction, which
is inherently more difficult due to the subtle nature of signal variations across
severity levels.

To address this, data augmentation is introduced. These significantly im-
proved the model’s ability to generalize, with performance gains observed across
both classification tasks. The results confirmed that RBF-based neural net-
works, when paired with appropriate preprocessing and feature augmentation,
can serve as effective classifiers for structural condition monitoring.

Future work may explore deeper architectures, such as RBF-CNN hybrids
or attention-enhanced models, which could improve feature extraction and de-
cision making in more complex or noisy SHM datasets. Additionally, further
validation on real world bridge data, including testing under varying opera-
tional and environmental conditions, would help assess the robustness of the
proposed system for real-time deployment.
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Chapter 5

Railway Steel Bridges Health Monitoring
using Explainable Boosting Machines

"We’re moving from programming computers to teaching them."

—Fei-Fei Li.
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In the field of Structural Health Monitoring (SHM), particularly for criti-
cal infrastructure such as railway steel bridges, the need for models that are
not only accurate but also interpretable has become increasingly important.
Although complex deep learning models such as CNNs or RBF-based neural
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networks provide strong performance, their lack of interpretability [93-95]
can hinder practical deployment, especially when decisions must be validated by
domain experts or regulators. Explainable Boosting Machines (EBMs) provide
a promising solution to this challenge by combining the accuracy of ensemble
methods [96-98| with the transparency of additive models [94,99,100].

5.1 Introduction to Explainable Boosting Machines in
SHM

In Structural Health Monitoring (SHM) of railway steel bridges, the ability to
detect, classify, and interpret structural damage with high reliability is cru-
cial [94,95,99]. While machine learning techniques; such as neural networks,
support vector machines, and ensemble classifiers; have demonstrated strong
performance in vibration based SHM, many of these models operate as "black
boxes", making them difficult to interpret and trust in real world deployments.

Explainable Boosting Machines (EBMs) offer a promising alternative by
providing a balance between accuracy and transparency. EBMs are a class of
Generalized Additive Models (Generalized Additive Model (GAM)s) that use
gradient boosting over shallow decision trees to learn shape functions for each
feature. This allows engineers to independently examine how input features;
such as kurtosis, skewness, CSD, and energy, contribute to the model’s pre-
diction. Additionally, EBMs selectively include pairwise feature interactions
when they significantly enhance model performance, all while maintaining full
interpretability.

In the SHM context, where sensor data must be translated into actionable
insights, EBMs allow stakeholders to not only predict structural states (for ex-
ample, bridge scenario, damage intensity, or stress force) but also understand
the "why" behind each prediction. This transparency is particularly impor-
tant in safety critical infrastructure like railway bridges, where maintenance
decisions must be supported by explainable evidence. As such, EBMs are well
suited for integration into SHM frameworks where interpretability and decision
accountability are essential.

5.1.1 Motivation for Interpretability in SHM

In safety critical applications such as Structural Health Monitoring (SHM) of
railway steel bridges, it is crucial to deploy machine learning models that not
only provide accurate predictions but are also interpretable [95,99]. Engineers,
stakeholders, and regulatory authorities often require a clear understanding of
the reasoning behind model outputs, particularly when the outputs influence
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maintenance or safety decisions. Traditional black box models, such as deep
neural networks, offer limited transparency and can be difficult to trust in
practical SHM deployments.

5.1.2 Application to Railway Steel Bridge SHM

EBMs are particularly useful in applications where model interpretability
is crucial, such as; Healthcare (diagnostic decision support), Finance (credit
scoring, fraud detection), Structural Health Monitoring (SHM) (damage
detection, risk assessment), and regulatory compliance (where model deci-
sions must be justified) [9,65,101,102].

Unlike black box models such deep neural networks or random forests,
EBMs provide clear insights into how input features influence predictions.
In our study, EBMs were applied to time domain based statistical features
derived from vibration signals of railway steel bridges. The goal was to clas-
sify different structural states, including damage intensities(1%-90%) and
bridge scenarios(S51-S7), and stress force(CL3-CL40), using interpretable
models [93-95].

One of the key benefits of EBMs in this context is their ability to provide
localized explanations. For example, the model can reveal that high kurtosis
in sensor data from a specific section (for example, pier or crossbeam) strongly
correlates with moderate damage in scenario S4, while skewness contributes
minimally. Such granularity enables engineers to validate predictions and gain
confidence in the decision process.

5.1.3 Performance and Interpretability

The EBM model was trained using the Explainable Boosting Classifier from
the interpretml [99] Python package. The training results showed competi-
tive accuracy compared to neural networks, especially on clean or augmented
datasets, with the added advantage of full interpretability. Visualization of fea-
ture effects allowed direct interpretation of how structural conditions influence
classification outputs.

5.1.4 Limitations and the Role of Secondary EBMs

While EBMs provide interpretability and robust performance, the model may
not capture complex dependencies among higher-order features or multiple in-
teracting structural states. To address this, a secondary EBM can be intro-
duced in a stacked architecture. The primary EBM is trained on original sensor
features and predicts intermediate attributes such as:
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e Predicted Bridge Scenario (for example, S1-S7),
e Predicted Damage Intensity (for example, 1-90% degradation),
e Eistimated Stress Force.

Keep in mind that for prediction of bridge scenario and damage inten-
sities, one-hot-encoding of stress force is also used as a feature in addition
to statistical features. These outputs are appended to the original feature
vector and passed to a secondary EBM, which then produces the final classi-
fication. This approach improves classification performance while maintaining
interpretability, as both stages use transparent, additive models.

5.1.5 Contribution of This Chapter

This chapter presents a two-stage EBM-based framework for SHM, applying it
to simulated datasets of railway steel bridges. It demonstrates how EBMs can
be stacked to enrich input representations using predicted structural attributes
while retaining full interpretability. The results show that secondary EBMs
improve little for classification accuracy for both stress force and bridge scenario
tasks compared to single stage EBMs. The chapter also includes visualizations
of shape functions and feature importances, supporting the claim that EBMs
are not only accurate but also explainable, making them highly suitable for
deployment in real-world SHM systems.

5.2 Explainable Boosting Machines (EBMs)

EBMsare a class of GAMs implemented using modern machine learning tech-
niques. Introduced as part of the Interpretable ML framework, EBMs are based
on gradient boosting [103-105] over individual features and pairwise interac-
tions, while preserving interpretability. Unlike black-box models, EBMs allow
practitioners to visualize and understand how each feature contributes
to the final prediction. This makes them highly suitable for SHM applications,
especially for Railway steel bridges, where engineers must explain the basis of
any damage classification or alert.

EBMs are based on Generalized Additive Models (GAMs), which model the
target variable as a sum of individual feature functions, as shown in Equa-
tion 5.1;

9(Ely]) = bo + frlzr) + fa(x) + - - + fulwn) (5.1)

where ¢ is the link function (for example, the logit function for classification
or the identity function for regression), 3y is the intercept or global bias term,
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Figure 5.1: EBM Model Architecture for SHM of Railway Steel Bridge

and f;(x;) are smooth, univariate functions (for example, splines or shallow
decision trees) that capture the relationship between each feature x; and the
expected output.

Equation 5.2 extends this formulation to define the structure of an Explain-
able Boosting Machine (EBM), which enhances a standard GAM by incorpo-
rating selected pairwise feature interactions. The model is expressed as:

d
Yy =bo+ Z Filx) + Y Firlay, w) (5.2)

In this formulation; Sy is the intercept term, f;(z;) are univariate shape func-
tions learned independently for each feature x;. These are trained using shallow,
gradient-boosted decision trees and are designed to be interpretable through 1D
plots, and fj,(z;, ;) are pairwise interaction functions, included only for the
most influential feature pairs, allowing EBMs to capture moderate feature de-
pendencies while retaining interpretability.

The additive structure and visualization friendly components of our EBM
framework (see Figure 5.1) allow users to independently inspect how each fea-
ture and the selected pairwise interactions contribute to the model prediction.
This level of transparency is crucial in high stakes and safety critical applica-
tions such as Structural Health Monitoring SHM of railway steel bridges, where
understanding the reasoning behind each prediction is as important as the pre-
diction accuracy itself.
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5.2.1 Structural Engineering Interpretation of EBM Outputs

While Explainable Boosting Machines (EBMs) provide transparent and inter-
pretable models through feature importance scores and shape functions, their
full value emerges when these outputs are linked to structural engineering
principles. In this section, we contextualize EBM-driven findings in terms of
vibration-based damage mechanisms in railway steel bridges.

5.2.1.1 Feature Importance and Structural Response

EBM feature importance scores quantify how strongly each predictor influences
the final damage classification. In vibration based SHM, these predictors cor-
respond to statistical and spectral features such as:

e Skewness: sensitive to asymmetry in vibration signals, often increasing

under localized stiffness loss,

e Kurtosis: associated with impulsiveness in the signal, indicative of crack

initiation or impact; like nonlinear behavior,

e Energy and RMS: represent overall vibrational activity, typically rising

as damage increases and the structure becomes more flexible,

e CSD (Cumulative Sum of Differences): reflects longer-term signal

drifts tied to degradation,

e Cosine Similarity: compares current responses with baseline healthy

states; lower similarity indicates emerging damage.

EBM’s ranking of these features aligns with known structural phenomena.
For instance, kurtosis and skewness appearing as high-importance features is
consistent with literature showing that nonlinearities introduced by cracking or
connection looseness primarily distort the upper statistical moments of vibra-
tion signals.

5.2.1.2 Shape Functions as Indicators of Damage Mechanisms

One of the strengths of EBMs lies in their shape functions, which describe how
the predicted damage probability varies with each feature independently. These
curves can be interpreted in structural terms:

e The monotonically increasing shape for Energy or RMS suggests that
higher global vibration levels correspond to higher likelihood of structural
degradation; consistent with reduced stiffness or increased modal partici-
pation under damage.

e A threshold-like pattern in kurtosis indicates that, beyond a certain
peak value, the probability of damage increases dramatically. This mirrors
physical behavior where early stage damage produces minimal nonlinear
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effects until crack propagation accelerates.

e Shape functions for cosine similarity typically show a negative corre-
lation: a decrease in similarity to healthy baseline spectra implies an
increasing deviation of modal characteristics, which is a widely accepted
indicator of structural changes.

e For skewness, a U shaped or asymmetric curve may reflect different
kinds of damage affecting the signal asymmetry (e.g., unilateral cracks
causing directional amplification).

These interpretations allow structural engineers to understand not only
which features matter, but also why they matter and how they relate to the
underlying physical damage mechanisms.

5.2.1.3 Relevance to Railway Steel Bridges

In steel bridges, common damage modes include:
e fatigue cracking,
e joint loosening,
e stiffness loss at connections,
e local yielding under repeated loading.

These mechanisms directly affect the dynamic response captured in the vi-
bration signals. By linking EBM outputs to these known behaviors; such as
kurtosis spikes due to impact-like nonlinearities or frequency shifts reflected in
cosine similarity deviations—the model provides actionable engineering insight.

Summary of Structural Interpretation Benefits

Integrating structural engineering reasoning into EBM interpretation offers sev-
eral advantages:

e Supports trust and usability for engineers making safety decisions,

e Highlights physical meaning behind statistical features,

e Bridges the gap between data driven and physics-informed SHM,

e Enhances the scientific contribution of explainable ML in structural as-

sessment.

Thus, EBMs not only serve as interpretable machine learning models but
also as diagnostic tools that reveal how underlying structural behavior influ-
ences observed vibration responses.
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5.2.2 Stacked EBM with Predicted Attributes as Features

In our architecture, we employ a two-stage Explainable Boosting Machine
(EBM) setup to improve interpretability and predictive performance. The
primary EBM as in Fig. 5.1 is trained on statistical features extracted from
ambient vibration data. This model predicts intermediate structural attributes
such as Stress Force (SF), BS and DI. These predictions are not used as
final output but are instead appended to the original feature set.

The concatenated data, including both handcrafted features and EBM de-
rived predicted structural states, is then passed to a secondary EBM. This
model is trained to make the final classification, benefitting from both the sig-
nal derived data and the learned insights from the primary EBM.

This stacked architecture allows the secondary model to refine its predictions
by incorporating high-level features (for example, stress force) in addition to
the other statistical features, while maintaining full model transparency and
traceability at each stage.

Importantly, EBM maintain a high degree of interpretability by including
only the most influential feature interactions, determined during model training.
This selective approach allows the model to capture non linear dependencies
without sacrificing transparency, making EBMs a compelling alternative to
black-box models in practical SHM deployments.

The additive nature of the model means that the contribution of each feature
and interaction can be visualized and understood independently, making EBMs
highly suitable for applications where transparency is critical [106-108]. In the
context of SHM, this allows practitioners to observe exactly how vibration-based
features such as energy, kurtosis, or skewness influence the final damage predic-
tion, and whether specific combinations of features interact to signal complex
structural behaviors. Since the functions f; and fj; are learned using boosted
decision trees, they remain piecewise constant and interpretable, while still
capturing nonlinear relationships present in the data.

5.3 Results and Discussions

EBMs provided interpretable results and performed competitively in both train-
ing and test phases. The secondary EBM leveraged predicted outputs (for ex-
ample, stress, scenario) to refine final predictions. Slight accuracy drops in the
secondary EBM may be due to simulated data; real SHM data is expected to
yield better results. Table 5.1 summarizes the performance of the proposed Ex-
plainable Boosting Machine (EBM) models for three critical structural health
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monitoring (SHM) tasks: stress force prediction, bridge scenario classification,
and damage intensity classification. The table includes results for training ac-
curacy, test accuracy, and secondary EBM test accuracy (i.e., using a stacked
EBM setup with enriched input features).

5.3.1 EBM Performance Evaluation Across SHM of Railway Steel
Bridges

Stress Force Prediction: The EBM achieves a training accuracy of 94.32%
and a test accuracy of 89.50%, indicating strong generalization. The secondary
EBM slightly underperforms at 87.61%, suggesting that the primary model
sufficiently captures the input-output relationship, and that further stacking
may not yield substantial benefit in this specific task.

Bridge Scenario Classification: This task shows near-perfect perfor-
mance, with the primary EBM achieving 99.82% training accuracy and
99.48% test accuracy. The secondary EBM slightly improves the result to
99.52%, demonstrating that the model is highly reliable in identifying spatial
damage scenarios across bridge segments. This level of performance supports
the effectiveness of EBMs in spatial localization of structural anomalies.

Damage Intensity Classification: Compared to the other two tasks,
damage intensity prediction is more challenging. The primary EBM achieves
a training accuracy of 81.45%, which drops to 71.32% on the test set, in-
dicating potential overfitting or limited discriminative power in the features.
The secondary EBM further drops to 67.55%, likely due to compounded pre-
diction noise or weak class separation in the augmented input. These results
suggest that more robust feature extraction or alternative model architectures
(for example, EBM-CNN hybrids) may be needed to better distinguish between
closely spaced damage severity levels.

Table 5.1: Performance Results of Stress Force, Bridge Scenarios, and Damage Intensities
with EBMs

Category Train Accuracy | Test Accuracy | Secondary Test Accuracy
Stress Force 94.32 89.50 87.61
Bridge Scenario 99.82 99.48 99.52
Damage Intensities 81.45 71.32 67.55

The slightly lower test accuracy of the secondary EBM in Fig. 5.2, such as
damage intensity classification, may be attributed to the use of simulated data
rather than real-world measurements. Simulated SHM datasets, while useful
for preliminary experiments and proof-of-concept validations, often lack the
full variability, noise patterns, and sensor irregularities present in real-world
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Performance of EBM and Secondary EBM Models
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Figure 5.2: Comparison of EBM and Secondary EBM accuracy for Stress Force, Bridge
Scenario, and Damage Intensity

bridge monitoring scenarios. As a result, the secondary model may not benefit
as strongly from the predictive outputs of the primary EBM when both are
trained on idealized data.

However, the stacked architecture is designed to leverage the complementary
strengths of statistical features (for example, skewness, energy, cumulative sum
of differences) and learned outputs from the primary EBM (for example, pre-
dicted stress force, bridge scenario, and damage intensity). In real deployment
conditions, this hybrid input is expected to enhance decision making accuracy
by enriching the feature space with both domain-knowledge-informed metrics
and data driven predictions. Thus, while the current performance may be lim-
ited by dataset realism, the secondary EBM is anticipated to perform more
effectively when trained and evaluated using actual field data collected from
instrumented railway bridges.

While both models perform well in scenario classification, secondary EBM

slightly improves performance for stress force but underperforms in damage
intensity classification due to the complexity of the task as in Fig. 5.2.

Overall, EBMs demonstrate high performance in tasks where structural fea-
tures show clear patterns, such as bridge scenario and stress force prediction.
However, damage intensity classification remains a challenging problem, requir-
ing further investigation into feature engineering, model stacking strategies, and
possibly data augmentation to improve predictive robustness.
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5.3.2 Class Wise EBM Performance Evaluation Across Stress Force
For SHM of Railway Steel Bridges

Table 5.2: Class-wise Performance of Stress Force

Main Class | Sub Class || Precision | Recall | F1-Score
CL3 0.97 0.97 0.97
CL4 0.87 0.91 0.89
CL9 0.87 0.83 0.85
CL11 1.00 1.00 1.00

Stress Force CL12 0.97 0.97 0.97
CL19 0.84 0.79 0.82
CL20 0.78 0.86 0.82
CL39 0.82 0.79 0.80
CL40 0.95 0.95 0.95

To evaluate the detailed performance of the EBM model on stress force
classification, both a class-wise metric table (Table 5.2) and a bar chart vi-
sualization (Figure 5.3) are presented. This combined analysis provides both
numerical accuracy and visual insights into the model’s predictive behavior
across individual stress force classes.

Table 5.2 reports precision, recall, and Fl-score for each stress force class
(CL3 through CL40). The results demonstrate that the model performs ex-
ceptionally well on several classes, notably CL3, CL11, CL12, and CL40, each
achieving F1-scores near or at 0.97-1.00. These values indicate not only ac-
curate predictions but also a high level of consistency in correctly identifying
these specific stress states with minimal false positives or negatives.

To complement the table, Figure 5.3 visualizes the same metrics, enabling
quick comparison across classes. The bar chart confirms that CL3, CL11, and
CL40 are among the top-performing classes, represented by tall, consistent bars
across all three metrics. In contrast, classes such as CL19, CL20, and CL39
exhibit comparatively lower recall and Fl-scores, as reflected by shorter green
and red bars in the visualization. These underperforming classes likely suffer
from class imbalance or overlapping feature patterns, which may confuse the
model.

Other classes, such as CL4, CL9, CL19, and CL20, show slightly lower
scores,particularly in recall, which suggests that the model occasionally misses
instances from these classes. For example, CL19 and CL20 show recall values
of 0.79 and 0.86, respectively, implying that some actual samples from these
classes were misclassified as neighboring classes, possibly due to overlapping
feature distributions.

The Fl-scores, which balance precision and recall, remain above 0.80 for all
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Class-wise Performance Metrics for Stress Force Prediction
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Figure 5.3: Class-wise Precision, Recall, and F1-Score of Stress Force

classes, affirming the overall robustness of the model across varying stress force
conditions. These results suggest that the EBM effectively captures the signal
patterns associated with stress levels, though further enhancement (for example,
data augmentation or feature engineering) could improve class separation for
borderline categories like CL19 and CL20.

This class-wise analysis highlights the strengths and limitations of the EBM
model in capturing structural stress variations. It suggests that while the model
is highly reliable for well separated classes, further refinement such as additional
data, feature selection, or tailored augmentation, may be needed to boost per-
formance on borderline or less distinct stress classes.

5.3.3 Class Wise EBM Performance Evaluation Across Bridge Sce-
nario For SHM of Railway Steel Bridges

Table 5.3 and Figure 5.4 provide a class-wise analysis of the EBM model’s per-
formance on the bridge scenario classification task (S1-S7). The table reports
high precision, recall, and Fl-scores for all classes, with several reaching per-
fect scores of 1.00. The bar chart visually reinforces these findings, showing
consistent and near identical bars across all metrics, particularly for scenarios
S3 through S6.

This high level of consistency across all performance metrics indicates that
the EBM model effectively captures spatial patterns in sensor features, enabling
it to accurately distinguish between structural zones of the bridge. Notably,
even scenarios with slight imbalance or overlapping signals (for example, S1,
S2, S7) maintain strong scores (> 0.99), further validating the robustness of
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Table 5.3: Class-wise Performance of Bridge Scenario

Main Class Sub Class || Precision | Recall | F1-Score
S1 0.99 0.99 0.99
S2 0.99 0.99 0.99
S3 0.99 1.00 1.00
Bridge Scenario S4 1.00 1.00 1.00
S5 1.00 1.00 1.00
S6 0.99 1.00 1.00
S7 1.00 0.99 0.99

Lol Class-wise Performance for Bridge Scenario Classification
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Figure 5.4: Class-wise Precision, Recall, and F1-Score of Bridge Scenario

the EBM in this task.

The interpretability of EBMs allows for a clear understanding of how fea-
tures such as cumulative sum of differences, cosine similarity, and skewness
contribute to each scenario prediction. This makes the model especially useful
for practical SHM applications, where accurate localization and transparency
are critical for maintenance decision-making.

5.3.4 Class Wise EBM Performance Evaluation Across Damage In-
tensity For SHM of Railway Steel Bridges

To better visualize the class-wise predictive performance of the EBM model on
damage intensity levels (1-90%), Table 5.4 is complemented with a bar chart
shown in Figure 5.5. The figure plots precision, recall, and F1-score for each
intensity class, highlighting relative performance across the damage scale.

The chart confirms that certain classes (for example, 1, 75, 90) achieve high
performance across all metrics, while mid range and closely spaced intensities
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Table 5.4: Class-wise Performance of Damage Intensity

Main Class Sub Class || Precision | Recall | F1-Score

1 1.00 1.00 1.00

2 0.67 0.75 0.71

3 0.72 0.70 0.71

4 0.79 0.63 0.70

5 0.70 0.62 0.66

6 0.63 0.69 0.66

7 0.65 0.72 0.69

8 0.64 0.69 0.66

9 0.73 0.69 0.71

10 0.64 0.69 0.67

15 0.75 0.65 0.70

20 0.69 0.78 0.74

. 25 0.76 0.74 0.69
Damage Intensity 30 0.71 0.68 0.69
35 0.61 0.73 0.66

40 0.80 0.65 0.72

45 0.64 0.84 0.72

50 0.70 0.68 0.69

55 0.66 0.69 0.68

60 0.72 0.76 0.74

65 0.72 0.77 0.74

70 0.83 0.67 0.74

75 0.75 0.78 0.77

80 0.65 0.60 0.62

85 0.71 0.69 0.70

90 0.78 0.76 0.77
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(for example, 4-10, 35-45, 80) show notable performance drops. In particular,
class 80 exhibits the lowest F1-score of 0.62, suggesting overlap with neighboring
classes or insufficient discriminative features. The visual layout reinforces the
observations in Table 5.4, making it easier to identify performance bottlenecks
and areas requiring further model improvement or data refinement.

Class-wise Performance for Damage Intensity Classification

1.0 mm Recall
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Figure 5.5: Class-wise precision, recall, and Fl-scores for damage intensity classification (1-
90%) using EBM.

The visualization highlights consistency for high performing classes and
identifies drop off zones for model refinement.

5.3.5 Global Feature Importance Analysis for EBMs and Secondary
EBMs in SHM

Figures 5.6a, 5.6¢, and 5.6e show the global feature importances for primary
Explainable Boosting Machines (EBMs), while Figures 5.6b, 5.6d, and 5.6f show
their corresponding secondary EBMs. These models were applied to three key
SHM tasks on a railway steel bridge: damage intensity classification, bridge
scenario classification, and stress force estimation.

In the case of damage intensity classification (Figure 5.6a), the feature
Cumulative Sum of Differences dominates the model, followed by Skewness,
Cosine Similarity, and Kurtosis. This suggests that the temporal variation in
the signal (captured by CSD) plays a significant role in identifying the extent of
structural degradation. The secondary EBM (Figure 5.6b) still prioritizes CSD
but shows an increased influence of the feature EBM Prediction, indicating
that combining statistical descriptors with primary model predictions improves
interpretability and may assist in refining borderline cases.

For bridge scenario classification (Figure 5.6¢), features such as Energy,
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Figure 5.6: Global feature importance plots for EBM and secondary EBM models across

three SHM tasks: damage intensity, bridge scenario, and stress force.
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Cosine Similarity, and Crest Factor hold the most weight in the primary EBM.
These features are associated with structural response magnitude and signal
shape. In the secondary EBM (Figure 5.6d), EBM _Prediction and Energy are
again highly ranked, showing that the stacked model successfully leverages the
prior knowledge captured in the first stage while retaining meaningful contri-
butions from raw statistical features.

For stress force prediction (Figure 5.6¢), the primary EBM reveals high
importance for a broader range of features, including various stress force com-
ponents (for example, StressForce 0 to StressForce 8), though CSD remains
the top feature. In contrast, the secondary EBM (Figure 5.6f) once again ranks
EBM Prediction alongside physical features like Energy and Cosine Similar-
ity, highlighting the additive value of prediction-informed features.

In summary, the feature importance visualizations validate that EBMs can
effectively extract signal-driven indicators of damage, while secondary EBMs
enhance this interpretability by fusing predictions with original inputs. This
hybrid architecture supports better decision-making for real-time SHM systems
deployed in railway infrastructure.

5.4 Summary

This chapter presented the design, implementation, and evaluation of Explain-
able Boosting Machines (EBMs) for Structural Health Monitoring SHM of rail-
way steel bridges. EBMs were introduced as an interpretable machine learning
approach based on Generalized Additive Models GAMSs, capable of learning
smooth, univariate shape functions and selected pairwise interactions using
gradient-boosted decision trees. Their additive and transparent nature makes
them highly suitable for SHM applications where explainability and diagnostic
traceability are as important as predictive accuracy.

Three key SHM tasks were addressed: stress force estimation, bridge sce-
nario classification, and damage intensity classification. Primary EBM models
trained on statistical time-domain features (for example, cumulative sum of dif-
ferences, energy, kurtosis, skewness, cosine similarity) achieved high accuracy,
particularly for bridge scenario classification, with near-perfect precision and
recall (> 0.99) across all seven zones. Stress force prediction also showed strong
performance, with accuracies exceeding 89% on test data. Damage intensity
classification, while more challenging due to overlapping feature distributions
and fine-grained class separation, still yielded satisfactory performance, espe-
cially after data augmentation.

To enhance generalization and leverage model-inferred knowledge, a stacked
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architecture was proposed, incorporating a secondary EBM fed with both orig-
inal features and predictions from the primary EBM. This setup allowed the
second-stage model to refine predictions using higher-order learned representa-
tions. Feature importance analyses demonstrated that EBM predictions, when
used as input, significantly contributed to secondary model performance; espe-
cially in stress force and damage intensity tasks.

Overall, this chapter validates the suitability of EBMs and their stacked
extensions for SHM tasks in railway bridge systems. Their interpretability,
consistent accuracy, and visual feature explanations make them an excellent
candidate for practical deployment in high stake railway steel bridge monitor-
ing.
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Structural health monitoring SHM of bridges has become an increasingly
important focus. What prompted the research to explore this topic more thor-
oughly is the recognition that structures, during their life, are subject to aging
or degradation phenomena. These phenomena may result in a loss of struc-
tural performance,which ultimately leads to the inability of the structure to
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fulfill its intended functional requirements. The strategic importance of bridges
as critical elements for mobility and logistic infrastructure makes their moni-
toring even more essential than ordinary structures. Any potential compromise
of their integrity could lead to significant disruptions in transportation systems
and severe economic and social impacts. The assumption at the base of damage
detection is that when any form of damage or degradation occurs, the struc-
tural parameters change, and consequently, the response of the structure is
altered as well: the objective of monitoring a structure is, therefore, to detect
this behavioral change and to investigate its causes. SHM involves continu-
ously evaluating the bridge’s condition, assessing the progression of damage,
and timely maintenance interventions.

In this context, a structural monitoring system can be helpful in two differ-
ent phases of a structure’s life: during maintenance, to focus interventions in
parts of the structure where anomalies emerge, and during emergencies, as a
management tool for selecting intervention priorities.

Damage detection techniques can be classified into four stages, as outlined
by Rytter [25] and further developed over time: identification, localization,
quantification of damage intensity, and prognosis. In line with these levels,
many techniques have been developed over time. Recently, the development of
artificial intelligence techniques has driven the research community’s interest in
applying machine learning algorithms to solve damage identification and classi-
fication problems. Most use non-destructive methods that involve sensor data
acquisition (accelerometers, crack gauges, etc.) placed at significant locations
of the structure [26]. Neural network-based techniques for bridge monitor-
ing [85,109-114], including our previous work about Bridge Health Monitoring
using RBF-Neural Network [85,115] method for Bridge SHM, prove to be more
cost-effect, faster, and more accurate. Most of these works focus on time-
domain or frequency-domain-based implementations.

6.1 Overview

Railway steel bridges are critical infrastructural assets that endure dynamic
loads, environmental effects, and structural aging over decades. Ensuring their
operational safety requires timely detection of damage, stress anomalies, and
early degradation patterns. Conventional inspection methods, while effective,
are time-consuming, cost-intensive, and prone to human subjectivity. This has
led to a growing interest in automated Structural Health Monitoring (SHM)
systems powered by data-driven machine learning (ML) techniques.

This chapter presents a comprehensive study on the application of machine
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learning algorithms for anomaly detection and classification in SHM of railway
steel bridges. It focuses on the full data pipeline—from sensor-based signal
acquisition to feature extraction, classification, and alert generation.

6.2 Introduction

Today, engineers analyze and monitor structures in real-time to identify anoma-
lies and early detection of damages. They also ensure that they take proactive
maintenance measures and extend the structural lifespan of such bridges.

Anomaly detection [109], damage localization [111,116,117], damage clas-
sification [112], monitoring response, and alert generation based on structural
factors are becoming easy to investigate steel bridges with machine learning
algorithms. However, a lot of work is still needed to address specific challenges.
These challenges include technological difficulties, environmental factors, main-
tenance cost, socioeconomic balance, and risk of safety [118].

This study covers a damage identification analysis of railway steel bridges
using a Deep Neural Network with different parametric tuning and the effect
of data slicing on performance matrices. The objective is to use features ex-
tracted from vibrational signals to train the networks to identify and classify
structural damage. The figure in the abstract illustrates the general concept
of the suggested system, with a perception layer and a reasoning layer for han-
dling complex events using different logic and ML models for damage detection,
localization, and classification.

It is important to note that, when dealing with complex structures such as
those in civil engineering, the damage classification phase (i.e., the Rytter scale
levels above the first) necessarily requires the development of a mathematical
model of the structure itself. This model is essential for estimating structural
behavior under potential damage scenarios.

The proposed approach uses the structure’s physics-based ROM to gener-
ate a dataset of expected sensor measurements corresponding to various asset
states with damage at different locations and intensities. This dataset is then
used to train a classifier capable of processing near-real-time sensor data and
estimating the asset’s underlying state. The methodology involves an initial
Data Dimensionality Reduction DDR step, where accelerometric time series
data are processed to form block Toeplitz correlation matrices. These matri-
ces are obtained from the block Hankel matrix of output data, the so-called
subspace matrix, in the Data-Driven Stochastic Subspace Identification DD-
SSI technique [27], widely employed in civil engineering for Operational Modal
Analysis OMA. Block Toeplitz matrices are then used for feature extraction
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and then with neural networks for anomaly detection and damage classifica-
tion. The classification identifies both the location and the intensity of the
damage.

This Chapter 6 is organized as follows; Section II explains introduction in
this domain; Section III elaborates context of applying Machine Learning in
SHMin context of Railway Steel Bridges; Section IV explains some background
studies and previous research carried out in this domain. It also outlines the
objectives of the present work and how they have been pursued; Section V
elaborates the research questions that are addressed in this chapter. Section
VI presents the research methodology, and Section VII presents the observed
results. The paper concludes with a discussion about future directions.

6.3 Machine Learning in SHM of Railway Steel Bridges

Machine learning ML has become an integral component of modern Structural
Health Monitoring SHM systems, particularly for railway steel bridges, where
the ability to detect anomalies, assess structural damage, and predict future
failures is essential for operational safety and maintenance efficiency.

ML approaches in SHM are broadly categorized into supervised and unsu-
pervised learning techniques. Supervised learning relies on labeled datasets
and is typically used for tasks such as damage classification, bridge scenario
identification, and stress force prediction. Common supervised algorithms in-
clude Support Vector Machines( SVM), k-Nearest Neighbors( KNN), Random
Forests( RF), Artificial Neural Networks( ANN), and Explainable Boosting Ma-
chines EBMs. These models learn from historical data where the output (for
example, type or severity of damage) is known, enabling them to generalize to
new observations with high accuracy.

On the other hand, unsupervised learning is employed when labeled
data is unavailable or limited. Techniques such as Principal Component Anal-
ysis Principal Component Analysis (PCA), clustering, and autoencoders are
used to discover hidden patterns or anomalies in the data. These methods are
particularly effective in novelty detection and long-term trend analysis, where
the objective is to detect unexpected deviations from normal structural behav-
ior.

In SHM of railway bridges, where real-time response, robustness, and inter-
pretability are critical, the choice of ML technique depends on the application
context, the nature of sensor data, and the availability of labeled datasets.
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6.4 Related Work

In recent years, non-destructive structural damage detection techniques based
on structural dynamic characteristics, Genetic algorithms, and ANN have been
developed. Inspired by these methods, Al experts were interested in applying
Deep Neural Networks in bridge health monitoring,.

Thanh et al. [116] analyzed the non-destructive SHM of bridges using the
fusion of Particle Swarm Optimization and Support Vector Machines (PSO-
SVM). PSO-SVM helped eliminate the redundant input parameters for ad-
equate classification of damage localization. Similarly, Svendsen et al. [119]
proposed a supervised learning approach based on Support Vector Machines
(SVM), incorporating auto-regressive feature extraction methods to detect
structural conditions in steel bridges.

Elisa et al. [113] used ANN for anomaly detection and damage localization
in time series data for structural health monitoring. They focused on recording
the axle load signal every time a train passed over the bridge. Khodabendelou et
al. [120] designed a feedforward CNN to evaluate bridge health using vibration
response, Abdeljaber et al. [121] carried out optimization for non-parametric
structural damage detection for performance evaluation using a CNN with a
single learning block for training.

In [122], Huile et al. also examined railway bridges for structural health
monitoring and damage detection. They analyzed the railway bridge girder for
Chinese high-speed rail, using a Bayesian Deep Learning method to account for
dynamic speed loading. Abdelkader et al. [123] investigated damage detection
and localization with real-time vibration data using simple CNN. This model
can automatically extract optimal damage-sensitive features from raw acceler-
ation signals. Another study by Giasi et al. [124| adopted CNN for damage
classification on railway steel bridges using various damage parameters. They
also managed to find accuracy using both accurate data and Finite Element
model FEM data. Here, we provides an overview of notable studies applying
machine learning techniques in Structural Health Monitoring (SHM).

Svendsen et al. [119] introduced a supervised approach using multiple mod-
els including KNN, SVM, Gaussian Naive Bayes, and Random Forest, with
auto-regressive feature extraction and Mahalanobis Squared Distance for data
normalization. Performance was evaluated using ROC curves and confusion
matrices. Similarly, Ali et al. [125] used Artificial Neural Networks (ANNs)
with SVD features and Root Mean Square RMS normalization, targeting dam-
age intensity prediction.

Armijo and Zamora-Sanchez [19] proposed an Internet of Things (IoT)-
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enabled digital twin framework for railway bridge SHM using low-cost wireless
accelerometers and machine learning. Their architecture integrates edge com-
puting for on-site signal processing and cloud-based analytics for long-term
storage and anomaly detection. Vibration signals collected over two years were
analyzed in the frequency domain to detect abnormal spectral peaks linked
to structural changes. The system demonstrated real-time, automated bridge
damage detection and scalability for deployment across large railway networks.

In contrast, D’Andrea et al. [126] proposed an unsupervised method based
on the detection of changes in dynamic and static responses using a Least
Squares fitting approach. Esposito et al. [127] employed an unsupervised SVD-
based classification method combined with Independent Component Analy-
sis Independent Component Analysis (ICA) and Euclidean norm normalization,
evaluated via novelty detection accuracy and outlier analysis.

Liu et al. [110] combined Model Order Reduction (MOR) with a fully convo-
lutional neural network CNN, using PCA for feature extraction and reporting
accuracy and signal-to-noise ratio (SNR) ratio as key metrics. Mahdavi et
al. [128| utilized Linear Regression and Robust PCA, normalized by Maha-
lanobis distance and chi-square distribution, with ROC analysis for validation.

Tak et al. [116] proposed a hybrid POS-SVM approach using Genetic Algo-
rithm (GA)-based feature selection and Root Mean Square Error (RMSE) as
the primary metric. Elnashai et al. [113] used an ANN model with standard
statistical normalization (mean and standard deviation) and evaluated perfor-
mance using ROC, true positives, and false positives. Lastly, Amiri et al. [124]
leveraged a CNN with t-distributed Stochastic Neighbor Embedding (t-SNE)
and Gradient-weighted Class Activation Mapping (Grad-CAM) for feature vi-
sualization, adding Gaussian noise for augmentation and reporting overall ac-
curacy.

This collection of studies highlights the diversity in SHM methodologies, in-
cluding supervised and unsupervised approaches, a variety of feature extraction
and normalization techniques, and a broad range of evaluation metrics.

6.5 Research Questions

As this study aims to evaluate the performance of a machine learning ap-
proaches for the classification of structural damage in railway infrastructures.
The issue of damage classification has been and continues to be the subject
of extensive research in civil engineering due to the complexity of predicting
structural behavior in the presence of damage.

As mentioned in the previous section, it is impossible to produce a realistic
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damage condition reversibly when working with existing structures. Therefore,
implementing a physical-mathematical model to create simulated data is crucial
when characterizing structure damage. This study adopts a ROM model of a
railway bridge to produce the data necessary for training and testing classical
machine learning algorithms, and a customized CNN for damage classification.

The CNN is designed to answer the following research questions:

e [s it possible to use the dynamic subspace matrix to extract features useful
for damage classification through ML techniques?

e Can window size for feature extraction affect anomaly detection and dam-
age(bridge scenario) localization predictions?

e What would be the effect of different optimizers on the accuracy of the
bridge section and damage intensities?

e What would be the effect of data augmentation in the final results?
These research questions are explored in subsequent sections.

6.6 Methodology

This section describes a detailed methodology and implementation of a Convo-
lutional Neural Network framework. This framework is used to detect multiclass
based behavioral anomalies in different sections of a steel bridge and to monitor
its health, assessing the severity of the damage at various intensity levels.

This section also introduces the features extracted from the simulated ac-
celeration data used in the CNN training. Furthermore, it also discusses the
machine learning algorithm, its evaluation using standard data and augmented
data, fine-tuning of Deep Neural Network DNN parameters, model parameters,
and finally, the evaluation criteria for damage localization and damage level
classification. Therefore, this section is divided into four subsections, namely,
i) Basic Framework, ii) Feature Engineering, iii) Deep Neural Network algo-
rithm, and finally, iv) Evaluation criteria.

6.6.1 Basic Framework

The damage characterization procedure described in the previous sections is
part of a broader SHM system framework. The proposed framework, schemat-
ically represented in Fig.6.1, involves comparing features extracted from dif-
ferent states of the structure, both real and simulated. The overall anomaly
detection process is performed by comparing the features of the signals from
the structure in its current state with a baseline of features corresponding to a
reference state. The system triggers alarms or alerts if the difference between
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Figure 6.1: Deployment Framework of Railway Bridge Health Monitoring System

the features exceeds predefined threshold values determined by domain experts.
The process is data-driven, as the comparison is made between the features of
two experimental states. Physics-based modeling is required in the diagnostic
phase when investigating the location and intensity of the anomaly; after that,
its presence has been verified. In this phase, the current state of the structure
is classified by comparing its features with those from a trained neural classi-
fier. Based on the information provided during the training phase, the network
predicts classes relative to the damage scenario and intensity; see Fig. 6.2.

The same framework can be used in both this Chapter 6 for time-domain
and Chapter 7 for Frequency Domain, even if the this Chapter only focuses on
time-domain analysis . Thus, the system implementation includes a Fuzzy Logic
Reasoning Layer with alert generation, DNN for classification, and damage
localization based on features extracted from time series. Bridge Scenarios and
Damage Intensities are prediction classes produced by the neural perception
layer. Machine learning-based algorithms with standard data and augmented
data are used for predictions. For bridge scenarios, seven classes are referred to
that a bridge can be categorized for analysis or monitoring purposes. Similarly,
twenty-six classes are called damage intensities in the range of 0-100%. Each
damage intensity is calculated by applying specific damage to the model, as
described in the previous Section. The damage intensities are a set of discrete
intervals. Domain experts then converted them into compact classes with labels
of low-, medium-, high-, and extreme damage intensities.

Before feeding the matrix data to a DNN, it is sliced to 100%, 50%, 25%, and
12.5%. This slicing is carried out to check the effect of such slicing on original
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Figure 6.2: Training Process Schema for Damage Classification

data regarding prediction accuracy. The other purpose of this way of slicing
is to maximize the physical data of the bridge as much as possible. To en-
hance data availability, the original 320x320 (100%) dataset was first flattened
into a one-dimensional sequence and then restructured into matrices of sizes
180x180(50%), 80x80(25%), and 40x40(12.5%) by sub-sampling so that the
transformation preserves the temporal and spatial dependencies within the data
by leveraging its inherent spatial continuity, ensuring that meaningful structural
relationships remain intact. Consequently, the model can effectively capture lo-
cal and global patterns, essential for an accurate analysis. By increasing the
size of dataset through matrices obtained with structured sub-sampling, this
approach enhances the model’s generalization ability, improving its robustness
and reliability in real-world applications. These sliced data are then converted
into features as explained in Subsection 6.6.2 .
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6.6.2 Feature Engineering

Accelerometer sensors are installed at different locations on the bridge. There
are Mono-axial, Bi-axial and Tri-axial accelerometer sensors. Mono-axial sensor
data consist of X-axes, Bi-axial accelerometer data consist of X-, and Y-axes
and Tri-axial accelerometer data consist of X-, Y-, and Z-axes (vertical, lateral,
and sagittal axes) [129]. These sensors are used to monitor the train’s activity
over the bridge. The train activity on the bridge helps monitor the structural
health of the bridge.

Data received from the accelerometer sensor are in raw form. Data received
in the time domain are then converted to features. In addition, to clean the
data, the preprocessing step is performed. This preprocessing step is applied to
obtain valuable ambient features, which are later fed to machine learning models
for anomaly detection, damage localization, and predictions. The cumulative
sum of differences [130] Cosine similarity (CS) [55], Skewness [131,132|, Kurtosis
[131,132], Energy (E) [133], and Crest factor (CF) [134] etc. are the calculated
ambient features.

These selected features are then used as inputs to machine learning models
for damage detection, localization, and prediction tasks. The detailed mathe-
matical definitions and interpretability of each feature are provided in Chap-
ter 3, Section 3.4.1.

Principal Component Analysis (PCA) as discussed in subsection 6.6.2.1 is
then applied for feature selection. Five features are selected with PCA; other
features are discarded, which have low correlation values.

6.6.2.1 Principal Component Analysis (PCA)

Principal Component Analysis PCA is a widely used unsupervised dimension-
ality reduction technique that transforms a set of possibly correlated features
into a set of linearly uncorrelated variables called principal components.
The main objective of PCA is to reduce the dimensionality of the dataset while
retaining as much variance (information) as possible.

Given a dataset with n observations and p features, PCA identifies a new
orthogonal coordinate system where:

e The first principal component captures the maximum variance in the data.

e The second principal component captures the maximum remaining vari-
ance, orthogonal to the first, and so on.

Mathematically, PCA solves the eigenvalue decomposition of the covariance
matrix of the standardized data. If X is the zero-centered data matrix, then:
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1
n—1

C= X'X (6.1)

CVZ' = )\ivi (62)

where C is the covariance matrix, v; are the eigenvectors (principal compo-
nents), and \; are the eigenvalues indicating the amount of variance explained
by each component.

6.6.2.2 PCA in SHM Feature Selection

In this work, PCA was used to reduce the dimensionality of the extracted
ambient feature set before feeding it into the classification models. Out of the
full set of extracted features (for example, CS, CSD, kurtosis, skewness, energy,
crest factor( CF)), only the top five components with the highest variance
contributions were selected. This step helped:

e Eliminate redundant or weakly informative features,
e Reduce computational cost and overfitting,
e Improve classifier performance and generalization.

The selected principal components preserve the most critical structural
characteristics needed for detecting anomalies and classifying damage levels
in the SHM dataset. The variance retained by each principal component is
shown in the scree plot in Figure 6.3, which helps visualize the trade-off be-
tween dimensionality and information retention.
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Figure 6.3: Scree plot showing the explained and cumulative variance ratio of PCA compo-
nents used for SHM feature selection.
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6.6.3 Classical Machine Learning Models

Before the rise of neural network models, traditional machine learning models
play an essential role in foundational methods. These models, KNN [135], SVM
[136], Decision Tree (DT) [137], RF [138], Ensemble Learning [139], and MLP
[140, 141], are widely used for supervised learning and unsupervised learning
tasks for classification, regression, predictions, and clustering.

6.6.4 Deep Neural Network Model

[t is a special class of neural network NN model [142| that is frequently used and
has shown good performance in computer vision and image processing tasks,
such as image processing, object detection, image segmentation and localization
[143].

CNN generally consists of several layers of digital neurons comprising a Deep
NN architecture: Fully Connected layer Fully Connected (FC), pooling layer,
activation function, batch normalization, dropout, and softmax (classification
layer). Several different parameters can be optimized in each layer, and each
layer performs a specific task with input data from the previous layer. The
Conv layer has a set of filters applied to the input data to extract features.
Equation (6.3) shows the essential convolutional operation in the CNN model.

yj:Zwiij—bj for j=1,2,...,m (6.3)
i=1
Where, x = [21, 29, ..., ] is input vector of size n, y = [y1, Y2, ..., Y] is input
vector of size m. wj; is weight connecting input ¢ to output j. Whereas, b; is
the bias for j output and y; is j'* output. In matrix form,

y=Wx+b (6.4)

where, W is weight matrix of size m * n and b is bias vector of size m

The implemented model is a Deep Neural Network DNN, as shown in
Fig.6.4.

This DNN has ambient features as input, multiple hidden layers, and soft-
max output for seven-class and six-class predictions. Equation (6.5) shows our
linear neural network’s essential 1D convolutional operation. Let us discuss the
internal architectural breakdown of classified DNN.

k—1

y(t) =Y a(t-s+1i) - w(i) (6.5)

1=0
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Figure 6.4: D-Net Architecture For Our Bridge Health Monitoring System

Where t is the output index (corresponding to the window position on the
input), s is the stride, which determines how much the window shifts at each
step. z(t- s+ 1) is input data within the window and w(i) kernel weights.
Architecture: The model consists of fully connected (linear) layers. There
are no convolution layers characteristic of convolution neural networks (CNNs).
Table 6.1 summarizes our deep neural network’s hyper parameters and archi-

tecture.

Table 6.1: Architecture And Hyperparameter of The Proposed Model

Category Parameter Value /Description
Learning Rate 0.01, 0.001
Batch Size 128, 264, 512
Hyperparameter Epochs 1000
Optimizer Adam, SGD
Loss Function Cross-Entropy Loss
Input Shape (6, 128)
Fully Connected Layers 4
Model Architecture Activation Function ReLU, GELU
Output Layer Softmax (10 & 4 classes)

1-Dimensional Data Handling: As feed input in (Rx7) and (Rx4) for the
prediction of 7-class and 4-class, respectively. The model appears to operate
on 1-dimensional data given the presence of 1-D Max-pooling.

Activation Functions: The model uses activation functions such as
Leaky-ReLU and Gaussian Error Linear Unit (GELU), which are commonly
used in DNNs. GELU are widely used in DNNs to introduce non-linearity into
the model, enabling it to learn complex relationships in the data.

The Gaussian Error Linear Unit (GELU) activation function is defined as:

GELU(z) = z - ®(x) (6.6)
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Where ®(x) is the cumulative distribution function (CDF) of the standard

Gaussian distribution.
1 T
b(x)==|1+erf| — 6.7
=g [rrer( )] 67

with approximation defined by:

1+ tanh <\/g (z + 0.044715563))] (6.8)

Gaussian Error Linear Unit(GELU) activation introduces smoothness and
probabilistic behaviour to neural networks with erf(x) error function, defined

erf(z) = % /033 e " dt (6.9)

The GELU activation function determines the output by weighing the input
x with the probability that it is greater than a random variable drawn from a
standard Gaussian distribution. It introduces smooth non-linearity and is par-
ticularly effective in tasks involving transformers and attention mechanisms.
The cumulative distribution function ®(z) ensures that the output transitions
smoothly between linear and nonlinear regions. The approximation simplifies
computation while retaining the core probabilistic behaviour of the original
GELU. In addition to GELU, we induced Leaky-ReLU in our fully connected
neural network. Leaky ReLU is a standard Rectified Linear Unit (ReLU) acti-
vation function variation that allows a slight, non-zero gradient when the input
is negative. This helps avoid issues such as the dying ReLU problem, where
neurons become inactive during training.

The Leaky Rectified Linear Unit (Leaky ReLU) is an activation function

that introduces a slight slope for negative inputs, helping to prevent the dying
ReLU problem. It is defined as:

GELU(z) ~ g

x, ifx>0

. (6.10)
ar, ifz<0

Leaky ReLU(x) = {

Here, « is a small positive constant, typically a = 0.01. For z > 0, the
function behaves as standard ReL.U.

Leaky ReLU(z) =« (6.11)
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For x < 0, the function has a small slope controlled by
a : Leaky ReLU(z) = ax (6.12)

The main advantage of Leaky ReLU is that it avoids the issue of neurons
becoming inactive during training by allowing a slight gradient even for negative
values of x. Our neural network model used a GELU and a Leaky-ReLU after
the second and third fully connected layers.

Batch Normalization: While batch normalisation is also used in CNNs,
its presence does not necessarily indicate a CNN, especially considering the
absence of convolution layers. Batch normalisation is also used to improve
training stability and convergence. Batch normalisation is commonly used to
normalise the activation of each layer, leading to faster training and better
generalisation. We used four batch normalisation layers, each preceding a fully
connected layer.

Output Layer: The model ends with a softmax activation, typical in
DNNs, for multi-class classification tasks.

Softmax function converts a vector of numbers into a probability distribu-
tion. It is commonly used in machine learning, particularly in the output layer
of a neural network used for classification tasks.

The softmax function for a vector z = [ z1, 29, . . ., 2,] is defined as:

e

o(z); = Zn— (6.13)

j=1¢7

where, 0(z); is the i-th component of the output vector. z; is the i-th com-
ponent of the input vector z. n is the number of elements in the input vector z.
And e is the base of the natural logarithm. As we deal with damage intensities
and bridge scenarios, we have 26 output softmax for damage intensities and 7
class softmax output for bridge scenarios.

In conclusion, the provided DNN model suits required tasks such as Steel
Bridge Damage detection and classification, making up the perception layer
sub-system in the overall bridge monitoring software architecture.

6.7 Results and Discussion

ML models (SVM, MLP, RF, KNN, Ensemble (KNN, RF, and SVM),
and DNN) were implemented using Pytorch 2.0 and Python 3.9 for program-
ming purposes using the NVIDIA 940MX GPU. As a model optimization
kit, a Deep Learning (DL) framework, the back-end for detecting anoma-
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lies and classifications, is used to prepare, train, and optimize the model.
All experiments were performed on the Jupyter Notebook platform using an
NVIDIA Graphics Processing Unit (GPU) with 16 GB memory.

6.7.1 Bridge Scenarios Predictions

The model’s performance was assessed across the dataset explained above. The
dataset was divided into training and testing using the 80%-20% ratio, respec-
tively. We initially used basic machine learning algorithms for performance
evaluations, including KNN, SVM, Random Forest, MLP, and Ensemble of
KNN, RF, and SVM with majority rule voting. Later, we also developed our
own DNN model for performance evaluation. Detailed performance evaluations
based on machine learning and DNN are discussed below.

6.7.1.1 Traditional Machine Learning Algorithms

The performance accuracy was measured using classical machine learning algo-
rithms for the seven bridge scenarios described above. These include SVM,
KNN, RF, Ensemble (KNN, RF & SVM), and MLP. The model accuracy
was calculated with different matrix sizes, i.e. 320x320(100%), 160x160(50%),
80x80(25%), and 40x40(12.5%), to analyze better classification results. The re-
sult in Fig.6.5a and Fig.6.5b shows the performance of these ML models. From
these figures, we observe that for each ML algorithm, a 40x40-sized matrix for
the calculated feature outperforms. Among the algorithms, Random Forest
outperforms in the Bridge Scenario classification task.

(a) Bridge Scenario for (b) Bridge Scenario for (¢) Damage Intensities (d) Damage Intensities
Original Data Augmented Data for Original Data for Augmented Data

Figure 6.5: Performance Comparison With Bridge Scenario (a), (b) and Damage Intensities
(c), (d) Data

Specifically, augmented data improves performance over the original ambi-
ent data. Across classifiers, the accuracy increases with augmented data, with
a notable improvement seen in the MLP, Random Forest, and Ensemble mod-
els. Random Forest achieves the highest accuracy with original and augmented
ambient data. Inversely, SVM and MLP show high variance as their results
are more affected by changes in the dataset. In the original ambient dataset,
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SVM performs relatively well, while MLP has a lower accuracy. After applying
augmentation in the ambient dataset, MLP improves significantly, indicating
that MLP benefits more from data augmentation than other models.

Considering the impact of matrix size during feature extraction, the smaller
matrix size (40x40 and 80x80) extracted feature data performs stably across all
classifiers. Among them, Random Forest outperforms. However, with sizeable
matrix-sized feature data, we see a high variance in accuracy.

The results, presented in Table 6.2, provide insight into the classification
effectiveness of different ML models in bridge scenarios. Evaluation metrics,
including Accuracy, F1-Score, Precision, and Recall, highlight the comparative
strengths of these models under various conditions. RF consistently emerges as
the best-performing model, achieving a peak accuracy of 93.54% in the aug-
mented dataset, confirming its robustness in bridge scenarios. The Ensemble
models also demonstrate strong reliability, achieving an accuracy of 86.12%,
confirming their suitability for bridge monitoring applications.

6.7.1.2 Deep Neural Network Based Model

We also analysed DNN for performance evaluation. In DNN, we tried different
batch sizes, learning rates, and optimisers. The train and test accuracy results
for different batch sizes using the ADAM and SGD optimisers are illustrated
in Fig.6.6a. The batch sizes considered are 128, 256 and 512. For ADAM
Optimizer, as shown in Fig.6.6a the train accuracy starts high for (40x40)
but slightly declines as the batch size increases. But for (160x160, 80x80 and
320x320) it fluctuates, some showing an increasing trend and others decreasing.
High training accuracy is achieved for small batches in the case of (40x40), but
it dips initially and recovers at a larger batch size for (320x320) while a decline
was observed in (80x80), which could indicate overfitting in small batch size.
Eventually (40x40) outperforms other experiments with any batch sizes. In
test accuracy, ADAM Optimizer for (160x160) and BS(40x40) improves with
increasing batch size. For (320x320) shows a U-Shape, initially decreasing and
recovering at higher batch sizes. (80x80) start high but then sharply decline
with a higher batch size. We see a key observation that ADAM performs well
with smaller batch sizes but struggles with stability for larger ones.

However, for the Stochastic Gradient Decent(SGD) optimiser, all
(40x40,80x80, 160x160, and 320x320) show a declining trend as the batch size
increases in training. (40x40) maintains a higher accuracy, suggesting that the
SGD optimiser works better with smaller batch sizes. (320x320) and (80x80)
have a lower performance, indicating that the SGD optimiser is not well suited
for larger batch sizes during the training process. A similar trend is observed in
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Table 6.2: Performance Comparison Of Traditional ML Algorithms For Bridge Scenario

’ Dataset ‘ ML Algorithm ‘ Accuracy F1 Score Precision Recall ‘
Ambient Data KNN-320 64.28 64.03 64.58 64.29
KNN-160 68.13 68.31 69.28 68.13
KNN-80 66.21 66.41 67.06 66.21
KNN-40 72.80 73.14 73.87 72.80
RF-320 76.65 76.72 77.03 76.65
RF-160 76.37 76.64 77.47 76.37
RF-80 75.27 75.42 75.71 75.27
RF-40 83.79 83.99 84.32 83.79
SVM-320 50.00 43.73 57.02 50.00
SVM-160 57.14 51.88 54.51 57.14
SVM-80 59.06 56.36 64.92  59.07
SVM-40 57.69 56.38 66.79 57.69
MLP-320 44.51 41.03 4777 44.51
MLP-160 57.42 53.76 58.93 57.42
MLP-80 31.59 28.88 28.01 31.59
MLP-40 38.18 33.20 57.50 38.19
Ensemble-320 70.05 69.29 74.58 70.05
Ensemble-160 71.15 70.73 75.51 71.15
Ensemble-80 70.60 70.83 74.70 70.60
Ensemble-40 78.02 78.43 91.99 78.02
Augmented Data | KNN-320 75.41 75.47 75.78 75.42
KNN-160 77.47 77.57 77.85 77.47
KNN-80 76.24 76.33 76.47 76.24
KNN-40 79.39 79.39 79.60 79.39
RF-320 93.54 93.52 93.58 93.54
RF-160 92.72 92.73 92.77 92.72
RF-80 93.27 93.29 93.38 93.27
RF-40 92.99 93.03 93.23 92.99
SVM-320 42.03 38.03 56.78 42.03
SVM-160 63.33 61.28 70.46 63.32
SVM-80 61.81 56.66 58.32 61.81
SVM-40 63.32 62.74 69.46 63.32
MLP-320 55.91 51.86 62.71 55.91
MLP-160 60.99 60.60 68.07 60.98
MLP-80 58.10 58.51 66.57 58.11
MLP-40 61.40 61.44 69.54 61.40
Ensemble-320 81.73 82.01 85.35 81.73
Ensemble-160 82.97 83.24 86.25 82.96
Ensemble-80 83.52 83.51 86.60 83.51
Ensemble-40 86.12 86.37 88.90 86.13

the test phase. SGD optimiser performed better for small batch size, showing
steady improvements for (40x40). The test accuracy deteriorates rapidly for
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large batch sizes, indicating that they may not work well with the SGD op-
timiser. Overall, SGD Optimizer shows a more stable test accuracy for small
batch sizes but does not generalise well for larger batches. ADAM Optimizer is
more effective at converging quickly, whereas SGD Optimizer requires careful
tuning to prevent a drop in accuracy.

As in Fig.6.6, the performance of DNN with different optimisers and batch
sizes is elaborated. It is evident from these figures that the train and test
accuracy is higher with smaller slicing at large batch sizes with Adam Optimizer,
but it is inverse in the case of small batch size outperformed.

The comparative analysis of ADAM and SGD for bridge scenario classi-
fication reveals that ADAM is the more effective optimiser, providing higher
classification accuracy, better convergence, and better stability across all feature
slice sizes. SGD, on the other hand, struggles with learning stability, partic-
ularly for larger feature slices (160x160 and 320x320), which exhibit declining
accuracy trends in training and test phases. Additionally, (40x40) and (80x80)
emerge as the most compelling feature slice sizes for bridge scenario classifi-
cation, maintaining higher accuracy and better optimisation performance than
larger feature slices. SGD’s declining accuracy trends across all feature slices
confirm that it is less suitable for bridge classification tasks at this learning
rate. It requires further tuning and optimisation strategies to improve its per-
formance.

In conclusion, ADAM is the preferred optimiser for CNN-based bridge sce-
nario classification at a learning rate 0.001, as in Fig. 6.6e and Fig. 6.6f, as
it ensures higher accuracy, better convergence and better stability across vary-
ing feature slice sizes. SGD, while slightly improved with lower learning rates,
remains less effective in achieving stable classification results as in Fig. 6.6g
and Fig. 6.6h. The findings suggest that future research should explore adap-
tive learning rate strategies, hybrid optimization methods, and feature selection
techniques to enhance further classification accuracy and model robustness for
bridge monitoring applications.

The results demonstrate that batch size selection is crucial in determining
model performance. ADAM performs well with smaller batches but is less sta-
ble for larger batch sizes, while SGD is more stable but struggles with larger
batch sizes. The study suggests that an optimal batch size of BS(40x40) or
BS(160x160) provides the best balance between training efficiency and gener-
alisation for both optimisers.

Future research can explore the impact of different learning rate schedules
and hybrid optimisation strategies to further enhance the model’s robustness
across varying batch sizes.
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Figure 6.6: |
Comparison of Bridge Scenario w.r.t Learning Rate [0.01] (6.6a, 6.6b, 6.6¢, 6.6d) & [0.001]
(6.6e, 6.6f, 6.6g, 6.6h )

6.7.2 Damage Intensities Predictions

We have 26 different levels of bridge damage intensities divided into four sub-
classes. Each damage intensity represents a percentage of the damage intensity
applied to our FEM.

6.7.2.1 Traditional Machine Learning Algorithms

As Explained earlier, We also compared Damage Intensities with traditional
machine learning algorithms. The performance of machine learning(ML) clas-
sifiers for damage intensity classification was evaluated using both the original
ambient dataset and the augmented dataset. The classifiers include a Support
Vector Machine (SVM), a Multi-Layer Perceptron (MLP), a Random Forest,
K-nearest neighbours (KNN), and an Ensemble Model. Each of the 26 dam-
age intensities described above is re-classed into four subclasses by merging.
We then performed performance accuracy using traditional machine learning
algorithms (SVM, KNN, RF, Ensemble(KNN, RF & SVM), and MLP). Each
classifier was assessed using different batch sizes. We calculated the model accu-
racy with varying matrix sizes, that is, (320x320, 160x160, 80x80, and 40x40)
to analyse better classification results. The results in Fig.6.5c and Fig.6.5d
show the performance of these ML models.

The results indicate that data augmentation significantly improves accu-
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racy for most classifiers, particularly MLP and SVM, which exhibit notable
improvements compared to their performance on original data. But overall,
Random Forest and Ensemble models consistently outperformed other classi-
fiers, achieving the highest accuracy across all feature data matrix sizes, with
minimal impact of data augmentation, suggesting their strong generalisation
ability. Besides, KNN also expressed stable accuracy, but it only benefits from
augmentation data. Regarding sensitivity, MLP behaves with great sensitivity
with data augmentation, exhibiting a substantial increase in accuracy. This sug-
gests that the MLP model requires diverse training data with hyper-parameter
fine-tuning for optimal performance. In contrast, SVM also benefits from aug-
mented data, mainly feature data sizes 160x160 and 40x40. This reinforces the
importance of feature diversity in SVM in improving generalisation.

The effect of feature data slice size is also evident in all classifiers. Larger
feature data slicing sizes (320x320 and 160x160) result in more stable accu-
racy, particularly for Random Forest, KNN, and Ensemble models. In con-
trast, smaller slicing sizes (80x80 and 40x40) exhibit higher variance in terms
of accuracies, with MLP performing worst on small slicing when trained with
original data but significantly improving with augmented data. The variability
in accuracy suggests that choosing an appropriate feature data slice is crucial
for classifier stability for better railway steel bridge health monitoring for im-
proved generalisation.

Table 6.3 provides a comparative summary of the evaluation of the perfor-
mance of traditional machine learning (ML) algorithms to evaluate the severity
of the damage in the health monitoring of the rail steel bridge, with different
size-slice sizes of the feature data (320x320, 160x160, 80x80 and 40x40). The
Random Forest achieves the highest accuracy overall, closely followed by the
Ensemble model, which remains robust regardless of data augmentation. Ran-
dom Forest (RF) consistently emerges as the best-performing model, achieving
the highest accuracy of 98.21% with augmented data, while Ensemble models
also demonstrate robust performance, reaching an accuracy of 94.19%. How-
ever, SVM and MLP exhibit substantial improvements when augmented data
is used. MLP shows the most significant performance gap between original
and augmented datasets but the lowest performance for damage intensities of
railway steel bridges. KNN, while performing moderately well, benefits slightly
from augmentation on damage intensities but does not exhibit significant per-
formance variations across batch sizes.

In ambient data, SVM records its lowest accuracy of 57.69% at 80x80 slice
size. In contrast, after augmentation, its accuracy improves to 75.27% at
160x160, demonstrating the effectiveness of data augmentation in improving
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its generalisation capabilities for bridge health monitoring. Similarly, MLP,
which initially struggles with an accuracy of 55.77% in ambient data, improves
to 75.14% with augmented data, reinforcing the observation that deep learn-
ing models require diverse and enriched data for optimal learning in structural
health assessment.

In conclusion, the Ensemble and Random Forest classifiers are the most
effective models for classifying damage intensity, offering the highest accuracy
and stability across batch sizes. However, MLP and SVM greatly benefit from
data augmentation, highlighting the importance of training data diversity. The
study further confirms that batch size selection is crucial in achieving stable
and high-performing ML models, with larger batch sizes (320x320, 160x160)
leading to better generalisation. Future research could explore hybrid feature
extraction methods and adaptive learning rate schedules to optimise classifica-
tion performance.

6.7.2.2 Deep Neural Network Based

The accuracy plots provide information on the performance comparison of
the SGD and ADAM optimisers to classify damage intensities in railway steel
bridges using a learning rate of 0.01 and 0.001. The models were trained with
different feature data slice sizes and evaluated based on training and test accu-
racy trends.

The comparative analysis of ADAM and SGD optimisers for the classifi-
cation of damage intensities in railway steel bridges was carried out using a
learning rate of 0.01, with varying feature data slice sizes (320x320, 160x160,
80x80 and 40x40). The test and training accuracy trends were evaluated to
assess optimisers’ performance and generalisation capability. The test accuracy
results indicate that ADAM consistently outperforms SGD in all feature data
slice sizes as in Fig. 6.7c and Fig. 6.7a, demonstrating better convergence and
stability. The test accuracy trends reveal that the feature data slice (160x160)
achieves the highest and most stable accuracy under ADAM, as shown in Fig.
6.7b, maintaining a progressive improvement as batch size increases. Simi-
larly, DI(320x320) maintains a stable upward trend, confirming ADAM’s ability
to generalise well across different bridge monitoring configurations. However,
DI(40x40) and DI(80x80) exhibit fluctuating trends, with DI(40x40) showing
an initial rise before declining at larger batch sizes, indicating possible overfit-
ting in smaller feature slice sizes.

In contrast, the SGD optimiser struggles with stability and generalisation, as
reflected in the test accuracy results. Unlike ADAM, SGD experiences inconsis-
tent accuracy trends, particularly in (160x160) and (320x320), where accuracy
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starts lower and increases at larger batch sizes. However, (40x40) and (80x80)
show erratic behaviour, with a noticeable decrease at specific batch sizes, as
seen in Fig. 6.7c and Fig. 6.7d, further suggesting the sensitivity to feature
slice size variations over the SGD optimiser. The lower initial accuracy and un-
stable trends indicate that SGD requires more fine-tuning to provide effective
learning in bridge damage localisation and classification.

The training accuracy results further highlight the differences between
ADAM and SGD. Under ADAM, the training accuracy remains high in all
feature slice sizes, with (160x160) and (80x80) reaching peak accuracy near
98%, confirming strong convergence. DI(40x40) maintains a stable accuracy
trend, with minimal fluctuations, while (320x320) shows a slight decline at
larger batch sizes, suggesting that regularisation may be needed to mitigate
overfitting. In contrast, SGD exhibits declining training accuracy trends across
all feature slice sizes, reinforcing its instability at this learning rate. The grad-
ual decrease in training accuracy with increasing batch size indicates SGD’s
difficulty maintaining effective learning, making it less suitable for this appli-
cation.

The comparative evaluation of ADAM and SGD optimisers for damage clas-
sification and localisation in railway steel bridges was conducted using two
learning rates (0.01 and 0.001) and feature data slice sizes of 320x320, 160x160,
80x80 and 40x40. The test and training accuracy trends were analysed to assess
both optimisers’ optimisation performance, generalisation capability, and lo-
calisation accuracy. The results indicate that ADAM consistently outperforms
SGD, achieving higher accuracy and stability across all configurations. ADAM
maintains a stable and increasing trend in test accuracy, with (160x160) and
(80x80) reaching peak accuracies above 90% , demonstrating effective damage
localisation and classification capabilities. However, (40x40) exhibits fluctuat-
ing accuracy, initially increasing and declining at larger batch sizes, suggest-
ing overfitting issues when using extremely fine-grained feature slices. The
(320x320) feature slice shows a decreasing trend, indicating that larger feature
slices may generalise too broadly, leading to reduced classification precision.

In contrast, SGD exhibits lower test accuracy and greater instability between
feature slice sizes. The test accuracy trends for (160x160) and (320x320) under
SGD show inconsistent improvements, while (40x40) and (80x80) demonstrate
erratic behaviour, failing to maintain performance consistency. At a learning
rate of 0.01, SGD struggles with generalisation, resulting in poor classification
accuracy and significant performance variations between batch sizes. However,
when the learning rate is reduced to 0.001, SGD shows slight improvements
in stability, although it remains inferior to ADAM in overall accuracy and
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robustness.
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Figure 6.7: |
Comparison of Damage Intensities w.r.t Learning Rate [0.01] (6.7a, 6.7b, 6.7c, 6.7d) &
0.001] (6.7e, 6.7, 6.7g, 6.7h )

The training accuracy trends further highlight the differences between the
two optimizers. Under Adaptive Moment Estimation (ADAM), as in Fig. 6.7a
and Fig. 6.7e, the training accuracy remains consistently high, with (160x160)
and (80x80) achieving nearly 98% accuracy, confirming strong convergence and
practical learning. Although (40x40) initially dips and later recovers, its fluctu-
ating trend indicates overfitting concerns at smaller feature slice sizes. Mean-
while, (320x320) maintains stable but slightly declining accuracy at larger batch
sizes, suggesting that larger feature slices may be less effective for precise dam-
age localization. In contrast, SGD exhibits declining training accuracy trends
in all feature slice sizes, emphasizing its difficulty in maintaining learning sta-
bility. As batch sizes increase, SGD struggles to maintain training accuracy,
with (160x160) and (320x320) showing the most severe drops, confirming its
inability to achieve stable convergence at higher learning rates. Although re-
ducing the learning rate to 0.001 slightly improves the stability of the SGD
optimizer, it still fails to reach the same accuracy levels as ADAM.

The comparative findings confirm that ADAM is the superior optimizer for
CNN-based damage classification and localization in railway steel bridges, as it
ensures better convergence, higher accuracy, and greater stability in different
feature slice sizes. In contrast, Stochastic Gradient Descent (SGD) struggles
with training convergence and test accuracy stability, particularly at higher
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learning rates. The results also indicate that (160x160) is the most reliable
feature slice size for classification and localization, balancing granularity and
generalization. (40x40) demonstrates inconsistent behavior with both optimiz-
ers, suggesting that tiny feature slices may introduce noise rather than en-
hance localization precision. Furthermore, (320x320) performs relatively well
under ADAM but suffers from declining accuracy under SGD, reinforcing the
limitations of SGD in optimizing large feature representations for damage clas-
sification.

Overall, the findings suggest that ADAM is the preferred optimizer for dam-
age classification and localization in railway steel bridges, as it provides higher
accuracy, better convergence, and better stability in different feature slice sizes
and learning rates. SGD, while slightly improved at a lower learning rate of
0.001, remains less effective in achieving stable and accurate classification re-
sults. These results indicate that future research should focus on adaptive
learning rate strategies, hybrid optimization methods, and feature selection
techniques to improve classification accuracy and localization precision in rail-
way bridge health monitoring.

6.8 Summary

This chapter explored the application of both classical machine learning algo-
rithms and deep learning models for structural health monitoring of railway
steel bridges. Classical algorithms such as KNN, SVM, RF, and MLP were
evaluated for their ability to classify damage intensities based on engineered
statistical features. While these methods offered moderate performance, their
sensitivity to feature scaling and class imbalance posed limitations.

To address these challenges, a DNN was developed and trained on time-
domain features derived from physics-informed vibration data. The DNN model
outperformed most classical methods, particularly when smaller data slices and
augmented datasets were used. The results highlight that while classical models
are efficient for early-stage deployment and exploratory analysis, DNNs provide
superior flexibility and accuracy for large-scale or high-resolution SHM tasks.
The integration of slicing strategies and data augmentation further enhanced
the classification performance across multiple damage scenarios.

The experimental evaluations presented in this chapter confirm the effec-
tiveness of machine learning models; both classical and deep; in accurately
classifying structural conditions in railway steel bridges. Traditional ML mod-
els, including KNN, SVM, RF, MLP, and ensemble techniques, demonstrated
strong performance in both bridge scenario classification and damage inten-
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Table 6.3: Performance Comparison Of Traditional ML Algorithms For Damage Intensities

’ Dataset ‘ ML Algorithm ‘ Accuracy F1 Score Precision Recall ‘
Ambient Data KNN-320 89.28 88.98 90.28 89.89
KNN-160 89.01 88.95 90.03 89.01
KNN-80 91.21 91.14 91.74 91.20
KNN-40 90.66 90.56 90.89 90.65
RF-320 90.66 90.46 91.02 90.65
RF-160 92.03 91.91 92.14 92.03
RF-80 91.76 91.61 92.05 91.75
RF-40 93.41 93.31 93.50 93.49
SVM-320 65.10 61.61 76.17 65.11
SVM-160 59.89 51.18 50.32 59.89
SVM-80 57.69 47.86 47.55 57.69
SVM-40 60.71 53.68 67.67 60.71
MLP-320 68.41 63.49 74.38 68.40
MLP-160 55.77 46.27 46.52 55.76
MLP-80 57.96 49.06 51.24 55.76
MLP-40 60.44 53.33 59.58 60.43
Ensemble-320 89.28 88.96 91.13 89.30
Ensemble-160 88.18 88.13 89.96 88.18
Ensemble-80 89.83 89.72 90.98 89.84
Ensemble-40 90.66 90.52 91.68 90.65
Augmented Data | KNN-320 92.71 92.64 92.71 92.72
KNN-160 91.34 91.32 91.34 91.35
KNN-80 92.58 92.56 92.69 92.58
KNN-40 92.85 92.82 92.93 92.85
RF-320 98.21 98.21 98.24 98.21
RF-160 98.07 98.07 98.08 98.07
RF-80 96.02 95.98 96.18 96.01
RF-40 96.01 95.99 96.04 96.02
SVM-320 67.58 62.93 78.47 67.58
SVM-160 75.27 72.37 81.66 75.27
SVM-80 73.91 71.07 79.35 73.90
SVM-40 74.86 71.79 81.14 74.86
MLP-320 71.84 68.41 72.91 71.84
MLP-160 75.14 73.64 75.85 75.13
MLP-80 72.25 71.91 72.10 72.25
MLP-40 72.80 68.99 72.12 72.80
Ensemble-320 94.09 94.10 94.49 94.09
Ensemble-160 94.19 94.19 94.82 94.23
Ensemble-80 93.81 93.76 94.38 93.82
Ensemble-40 93.54 93.47 94.06 93.54

sity prediction, particularly when trained with statistically augmented feature
data. Among these, RF consistently achieved the highest accuracy across all
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slice sizes and datasets, with a peak performance of 93.54% for bridge scenar-
ios and 98.21% for damage intensity prediction on augmented data. Ensemble
methods also performed robustly and demonstrated stability across varying
data matrix sizes.

The comparative analysis revealed that smaller feature slices (for example,
40x40 and 80x80) generally improved classification accuracy for most classi-
fiers, especially in RF and KNN, while SVM and MLP were highly sensitive to
both data augmentation and feature granularity. These observations emphasize
the importance of batch size tuning and feature diversity in ML-based SHM
pipelines.

Deep Neural Networks( DNNs) were also implemented and evaluated us-
ing different optimizers (ADAM and SGD), learning rates, and feature slice
sizes. The results showed that the ADAM optimizer outperforms SGD in both
training stability and test accuracy. ADAM achieved consistent performance
improvements across all slicing sizes, particularly for 160x 160 and 80x 80 slices.
In contrast, SGD showed greater variance and instability, especially with larger
batch sizes and higher learning rates. The best performance was observed with
the ADAM optimizer at a learning rate of 0.001, confirming its superiority in
convergence speed and generalization.

Overall, the study concludes that RF and Ensemble models are best
suited for efficient and reliable SHM tasks using ambient feature sets, while
ADAM-optimized DNNs excel in deeper learning scenarios that require
adaptive gradient updates. The results also confirm that feature slice size and
optimizer selection play crucial roles in determining classifier performance.
Future research should investigate hybrid models, adaptive learning strategies,
and real-time data integration to further enhance SHM system performance in
practical railway bridge monitoring applications.
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Railway Steel Bridges Health Monitoring
in Frequency Domain
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Frequency domain analysis is a powerful tool in Structural Health Monitor-
ing (SHM), particularly for systems like railway steel bridges that experience
dynamic and periodic loads. Time-domain sensor signals often contain over-
lapping patterns that are hard to distinguish. Frequency domain representa-
tions allow for more intuitive detection of damage by revealing shifts in energy
distribution, resonance, and modal characteristics that accompany structural
degradation.

In this chapter, we apply signal transformation techniques to convert ac-
celerometer data into spectrograms and explore deep learning approaches to
classify structural health states from these time-frequency representations.

7.1 Introduction

Bridge health monitoring is becoming an interesting domain for civil engineers
along with artificial intelligence researchers; after the rise of machine learning.
Bridge Structural Health Monitoring SHM involves continuous health monitor-
ing of bridge, condition and damage deterioration assessment, and responsive
maintenance of the bridge structure. Despite being a great mean of socio-
economic development, these bridge structures have inevitably resulted in safety
concerns, damages, and/or functional failures due to natural disasters, deteri-
oration, environmental effect and damages. So, it becomes evident to have
continuous monitoring, checking, and maintenance of these bridges to meet the
safety concerns.

In recent times, many damage detection and structural health monitoring
techniques; Neural Network, structural dynamics etc, based on non-destructive
structural methods have been developed, [26]. Neural Network based techniques
for bridge SHM [85,109-113] including previous work about Neural Network
based on RBF [85,115| method for Bridge SHM, prove to be more cost effect,
fast and more accurate. Most of these works focus of image based predictions
or frequency domain implementations. However, they involve data acquisition
from sensors, analyzing monitor parameters like; inclination , vibration, strain,
temperature etc. Bridge SHM system employs these sensors and techniques to
detect any structural changes, deformations or any damage.

Now a days, engineers analyze and monitor Structures in real-time and
identify anomalies, early detection of damages and ensure them to take proac-
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Table 7.1: Frequency Domain Dataset Properties

Feature Value Comments
Sensor Type Accelerometer mono-,bi, tri-axial
Images Type Spectrograms  [256x256| size
Sampling Frequency 200Hz 10sec duration
Damage Localization Classes 7 4 sub classes|low, medium, high, critical]
Damage Classes 26 26 classes merged into 4 groups

tive measure for maintenance and hence extend the structural lifespan of such
bridges. Anomaly detection [109], damage localization [111,116,117|, dam-
age classification [112|, monitoring response, and alert generation based on
structural factors are becoming easy to investigate steel bridges with machine
learning algorithms. However, a lot of work is still needed to address specific
challenges. These challenges include technological difficulties, environmental
factors, maintenance cost, socioeconomic balance, and risk of safety [118].

In this study, we propose a novel Dual Level Fusion Learning (DL-FL) ap-
proach for the multiclass classification of bridge scenarios method as shown in
Fig. 7.1 using spectrogram images of time series data obtained from accelerome-
ter sensors. Our model integrates a DNN architectures with Transformer Block
in a dual-branch fusion framework to capture a broader range of features from
spectrogram images.

By employing semi-supervised learning techniques, we utilize unlabeled data
to enhance the learning process without relying solely on labeled datasets.

This approach has undergone rigorous optimization through extensive ex-
perimentation to detect and classify multiple bridge scenarios of our railway
steel bridge located at Cittd di Castello in Italy.

The proposed model is distinguished by several key implementations that
position it favorably in structural bridge health monitoring.

e Unlike conventional DNN models that typically utilize a single architec-
tural backbone, we propose a Dual-Branch DNN model with Transformers
feature fusion with addition to semi-supervised learning. This leverages
both labeled and unlabeled data to classify damage localization based on
different bridge scenarios. By incorporating different DNN models and
Transformer fusion, our approach captures a broader range of features
from spectrogram images, improving the model’s ability to distinguish
subtle variations in steel bridge health conditions.

e Our evaluation utilizes the dataset, comprising data from accelerometer
sensors on FEM of original railway steel bridge in Cittd di Castello in Italy.
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Data Acquired from Accelerometer Sensor
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Figure 7.1: System Overflow of Dual Level Deep Learning Fusion Framework in Frequency
Domain For Railway Steel Bridge Health Monitoring. The system incorporates STFT, CNN-
ViT fusion, and pseudo-labeling for robust classification.
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Using STFT, spectrograms are generated and then separated into train,
test, and validate dataset. After initial training, unseen spectrograms
are merged based on the trained model in a semi-supervised way, further
enhancing the evaluation.

7.2 Background

Vibration-based Structural Health Monitoring SHM in the frequency domain
has become a cornerstone technique for assessing the structural integrity of
railway bridges. These approaches analyze changes in a structure’s dynamic
characteristics; such as natural frequencies, damping ratios, and mode shapes,
to detect damage at an early stage.

The transformation of vibration signals into the frequency domain allows
engineers to detect shifts in spectral energy and modal behavior caused by
structural deterioration. Common tools include the FFT, Short-Time Fourier
Transform STFT, and Wavelet Transform WT, which convert raw time-domain
signals into frequency-rich representations [144,145]. Recent studies highlight a
growing trend of applying frequency-domain analysis in SHM of railway bridges.

Structural Health Monitoring SHM systems play a critical role in ensuring
the safety and longevity of railway steel bridges subjected to repetitive dynamic
loads and environmental effects. While traditional SHM approaches rely heav-
ily on time-domain analysis of vibration signals, recent advances emphasize
the frequency domain due to its enhanced ability to capture subtle changes in
structural behavior [146].

Nguyen et al. [147] performed vibration-based SHM of the Debica railway
arch bridge using orbit-shaped analysis and frequency transforms over a 9-
month period. Mohan et al. [148] proposed a frequency-based SHM model
using wavelets, STFT, and spectrograms as features for machine learning mod-
els such as decision trees and residual neural networks. Operational Modal
Analysis( OMA) techniques have been applied to bridge structures to monitor
their natural vibration frequencies under operational and environmental vari-
ability [149].

Frequency-domain analysis techniques, such as the Fast Fourier Trans-
form FFT, and Wavelet Transform W'T, have been widely adopted to localize
and quantify damage by identifying shifts in resonance frequencies, changes in
spectral energy, and the emergence of new vibration modes [144,145|. These
transformations convert raw sensor signals into frequency signatures, which are
more robust to noise and can reveal underlying modal information about the
structure [150].
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In the specific context of railway steel bridges, frequency-domain features
have been used to detect bolt loosening, girder deformation, and fatigue-related
damage [151,152]. Accelerometer signals recorded from bridge components can
be transformed into time-frequency representations such as spectrograms, which
are useful for identifying localized damage that may not be apparent in raw sig-
nals. These spectrograms are well-suited for modern deep learning models such
as Convolutional Neural Networks( CNNs)and Transformer architectures [153].

Several studies have shown the benefits of combining frequency-domain
analysis with machine learning for SHM. For instance, Geng et al. [154] ap-
plied STFT and CNN-based classifiers to detect damage in railway viaducts
using spectral images. Similarly, Wang et al. [155] used vibration spectrograms
with deep learning to detect abnormalities in bridge expansion joints.

Despite these advances, challenges remain in extracting reliable frequency
features under varying operational and environmental conditions. To address
these issues, hybrid approaches combining STFT with feature slicing, data aug-
mentation, and fusion architectures have emerged as promising solutions. This
chapter builds upon this foundation by proposing a fusion deep learning model
that leverages frequency-domain representations for robust bridge damage clas-
sification.

7.3 Materials and methods

We propose a novel Dual-Branch Semi-Supervised Learning (DB-SSL) and su-
pervised approach for damage classification in railway steel bridge scenarios,
as illustrated in Figure 7.1. The system integrates a dual-branch convolutional
neural network CNN with a semi-supervised learning strategy based on self-
training to classify multiple bridge scenarios.

Initially, vibration data are transformed into time-frequency spectrograms
using the SVD and Short-Time Fourier Transform STFT. These spectrograms
are standardized through normalization and resized to uniform dimensions.

To extract meaningful time-frequency representations from vibration data
for Structural Health Monitoring (SHM) of railway steel bridges, a systematic
transformation pipeline was employed. Initially, raw accelerometer signals were
organized into Hankel matrices, as described earlier in Chapter 3 section 3.3,
which preserve temporal structures across overlapping signal segments. Each
matrix, denoted as T, represents a block-wise window of the time series data.

For each T} matrix, Singular Value Decomposition SVD was applied to
isolate its principal spectral components. This decomposition allows for the
separation of dominant structural modes from noise and enables more efficient
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signal compression and reconstruction. The resulting SVD-processed matrices
were then passed through a frequency transformation stage.

Subsequently, the processed data were sampled at a frequency of 200Hz and
used to compute spectrograms via the Short-Time Fourier Transform STFT.
The STFT was configured with the following parameters; Sampling Fre-
quency (fs) = 200 Hz, Segment Length (nperseg) = 64, Segment Overlap
(Noverlap) = 32, Time Window Duration = 10 seconds

Mathematically, the STFT is expressed as:

STRT{z(t)}(m, w) = / 2wt — m)e—dt (71)

—0o0
where w(t — m) is the window function applied to each segment, and m repre-
sents the time-shifting parameter.

Table 7.2: Distribution of Dataset.

Classes Labeled Data (80%) Unlabeled (20%)

Training (80%) Validation (20%)

S1 526 134 -
S2 715 146 -
S3 659 145 -
54 623 135 -
S5 992 145 -
S6 655 157 -
ST 669 137 -
Total 4439 999 1827

The STFT yields a spectrogram, a two-dimensional representation of fre-
quency content over time, highlighting how structural responses evolve dynam-
ically. These spectrograms were normalized and resized to consistent dimen-
sions of 256 x 256 for uniform input formatting. This standardized format
is ideal for deep learning models, such as Deep Neural Networks (DNNs) and
Transformer-based architectures, enabling robust classification of damage sce-
narios and intensity levels.

7.3.1 Singular Value Decomposition (SVD)

Singular Value Decomposition SVD is a fundamental matrix factorization tech-
nique widely used in signal processing, data compression, and noise filtering.
In the context of Structural Health Monitoring (SHM), SVD provides a robust

108



Chapter 7. SHM in Frequency Domain 7.3. Materials and methods
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Figure 7.2: Step-wise pipeline for spectrogram generation: Original vibration signals are
processed via SVD and STFT to yield full spectrograms, which are further cropped and
normalized for input into deep learning models.

method to extract dominant patterns or modes from structured time series
data, such as vibration signals organized into Hankel matrices.

7.3.1.1 Singular Value Decomposition of Hankel Matrix

Let y = [yo,y1,...,yn_1]" be a one-dimensional vibration signal of length N.
From this, a block Hankel matrix H € R"*"™ is constructed such that:

Yo Y o Yn—1

H=| 2 I it men=N11 (7.2)

_ym—l Ym - YN-1

We then apply Singular Value Decomposition( SVD) to factorize the Hankel
matrix:

H=UxV' (7.3)

where:
e U € R™ is the matrix of left singular vectors,
e X € R"™*" is a diagonal matrix of singular values o1 > 09 > -+ > 0, > 0,
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e V € R™" is the matrix of right singular vectors,

o r = rank(H).

Each singular value corresponds to the energy of a particular mode in the
data. By truncating this decomposition, we can preserve the most significant
dynamics while discarding noise and redundancy. This decomposition isolates
the dominant signal modes captured in the vibration data, allowing dimen-
sionality reduction and denoising before subsequent STF'T transformation and
classification.

7.3.1.2 Short-Time Fourier Transform of SVD-reduced [H] matrix

The STFET of the SVD-reduced signal x4q(t) is computed using:

STFT{z(t)}(m,w) = Z z[n)wn — mje 7" (7.4)

n=—oo

where:

x[n] is the signal (for example, Zgq),

w(n] is the window function (for example, Hamming),

m is the time shift (frame index),
e w is the frequency bin.

In practice, we use:

e Sampling rate: f; = 200 Hz,

o Window size: nperseg = 64,

e Overlap: Ngyerlap = 32,

e Duration per segment: 10 seconds.

7.3.1.3 Spectrogram Definition

The spectrogram is the squared magnitude of the STFT:

Spectrogram(t, f) = |STFT(t, f)|? (7.5)

This two-dimensional representation in Equation 7.5 encodes how the sig-
nal’s energy is distributed across time and frequency. In the context of Struc-
tural Health Monitoring (SHM), spectrograms derived from vibration signals
are used as input features to deep learning models; such as Convolutional Neu-
ral Networks (CNNs) and ViT-based fusion architectures, for tasks like damage
localization and severity classification.
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7.3.1.4 Application in SHM using Hankel Matrices

In this work, vibration signals were first converted into structured Hankel ma-
trices T, to preserve local temporal patterns. SVD was then applied to each T}
matrix to extract its principal components. This decomposition allows us to:

e [solate the dominant vibration modes corresponding to structural dynam-

ics,

e Reduce noise by truncating lower singular values,

e Compress information for efficient storage and processing.

The resulting decomposed matrices U, 3, and VT capture the underlying
structural signatures, which are later transformed via the Short-Time Fourier
Transform (STFT) into spectrograms for classification. This preprocessing step
enhances the sensitivity and robustness of deep learning models in identifying
subtle changes in bridge behavior.

7.3.2 Deep Learning Fusion Framework for Frequency Do-
main SHM

Figure 7.2 shows the complete transformation process from raw vibration signals
to spectrograms, including original signal slicing, spectral analysis, spectrogram
generation, and segment cropping for classification.

This approach captures both modal shifts and transient changes in frequency
response, offering high sensitivity to localized damage and structural degrada-
tion.

The core of the framework is a dual-branch DNN-ViT architecture designed
to extract a rich set of features from the spectrograms. Each branch indepen-
dently processes the same input but with distinct convolutional filters, enabling
the network to capture a wider spectrum of structural features, such as global
frequency patterns and localized transient anomalies. The outputs of both
branches are concatenated and passed to a shared classification head for the
final prediction.

7.3.3 Semi-Supervised Learning Using Self-Training and Data
Merger

To address the scarcity of labeled structural data, the system incorporates a
semi-supervised learning loop. Initially trained on a small labeled dataset,
the model generates pseudo-labels for unlabeled samples with high-confidence
predictions. These pseudo-labeled examples are then included in the training
pool, enabling iterative refinement of the model through additional supervised
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training cycles.

This dual-branch self-training strategy significantly improves classification
performance in bridge health monitoring, especially under real-world con-
straints where labeled data are scarce and damage patterns vary in complexity
and frequency signature.

7.3.4 Transfer Learning

Transfer learning is a powerful technique in deep learning where knowledge
gained from training a model on one task or dataset is leveraged to improve per-
formance on a different but related task. This is particularly valuable in Struc-
tural Health Monitoring SHM of railway steel bridges, where labeled datasets
are often scarce and expensive to obtain due to the rarity and unpredictability
of real-world damage scenarios.

7.3.4.1 Principle of Transfer Learning

In a typical transfer learning setup, a deep neural network (often pre-trained on
a large-scale dataset such as ImageNet) is fine-tuned for a new SHM classifica-
tion task. The earlier layers of the pre-trained model capture general features
such as edges, textures, or frequency patterns that are transferable across do-
mains, while the later layers are adapted to specialize in bridge-specific damage
or scenario classification.

7.3.4.2 Application in Frequency-Domain SHM

In this work, deep convolutional neural networks (CNNs) were trained from
scratch to perform structural damage classification tasks using spectrogram-
based features. Unlike traditional transfer learning approaches that repurpose
models pre-trained on natural image datasets (for example, ImageNet), we
opted to train the networks directly on domain-specific time-frequency repre-
sentations derived from vibration signals.

The models used include ResNetb0, EfficientNetBO, and DenseNet121.
These architectures were selected for their ability to capture complex spatial and
frequency patterns from spectrogram input. Each model was initialized with
random weights and optimized end-to-end using a labeled dataset generated
from vibration signals processed via Short-Time Fourier Transform (STFT).

Training these models from scratch ensures that the learned features are
fully tailored to the characteristics of railway bridge vibrations and damage

patterns, resulting in more specialized and potentially more robust classifiers
for Structural Health Monitoring (SHM).
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This approach enables the networks to learn discriminative frequency-
domain features that are highly relevant to bridge damage localization and
intensity estimation, without inheriting any bias from unrelated pre-training
domains.

The benefits of using transfer learning in this context include:

e Faster Convergence: Reduces training time and computational cost by

leveraging existing weights.

e Improved Performance: Achieves higher accuracy even with limited

training data.

e Data Efficiency: Minimizes the need for large annotated SHM datasets.

7.3.4.3 Fine-Tuning vs. Feature Extraction

Two common strategies are used in transfer learning:
e Feature Extraction: The pre-trained network is used as a fixed feature
extractor, and only a new classification head is trained.
e Fine-Tuning: Some or all layers of the pre-trained network are retrained
along with the classification head to adapt to SHM-specific features.
Transfer learning thus serves as a practical and efficient solution for en-
hancing the performance of SHM systems, especially in situations with limited
labeled bridge monitoring data.

7.3.5 Features Extraction Using Dual-Branch Fusion Models

7.3.5.1 Stage 1: Data Preparation and Feature Extraction

Vibration signals are acquired from multiple accelerometer sensors installed
across bridge segments (S1-S7). These signals are first preprocessed to remove
noise and normalize the input format. Next, the Short-Time Fourier Trans-
form STFT is applied to convert time-domain signals into spectrograms—2D
time-frequency representations that preserve both the temporal and spectral
characteristics of structural responses.

These spectrograms are then fed into a deep neural network (DNN) fusion
model comprising two parallel components:

e |glsDNN Models (for example, CNN): Extract local spatial features

from spectrograms.

e Transformer Module: Captures long-range dependencies and temporal
sequences across feature slices.

The outputs of these components is combined into a unified feature vector for
classification.
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7.3.5.2 Stage 2: Model Training and Semi-Supervised Learning

The classifier is initially trained using labeled spectrogram data. For unlabeled
or unseen samples, the model generates pseudo-labels via softmax activation.
These predicted class probabilities are used to augment the labeled dataset. A
retraining phase is then triggered using this expanded training set with updated
gradients and model weights. This pseudo-labeling strategy enhances general-
ization and robustness to new bridge states, particularly when real labeled data
is limited.

7.3.5.3 Stage 3: Classification and Decision Output

In the final stage, the refined model classifies incoming test data into one of
the predefined bridge scenarios (S1-S7). The classification output is derived
from the softmax-activated probabilities of the network. Predicted labels are
mapped to structural locations, allowing for spatial interpretation of damage
or vibration patterns across the bridge.

This multi-stage framework enables effective frequency-domain analysis by
leveraging both deep learning and temporal feature modeling. It is scalable
to various sensor configurations and can be further integrated with fuzzy logic
layers for post-processing and interpretability.

7.3.6 Short-Time Fourier Transform (STFT)

The Short-Time Fourier Transform (STFT) is used to localize frequency content
over time. It divides the signal into overlapping windows and applies the Fourier
transform to each segment:

STFT{z(t)}(m,w) = / z(t)w(t —m)e “tdt (7.6)
—00
where w(t) is the window function and m is the time-shift parameter. The
resulting spectrogram is a 2D representation showing how frequency content
evolves over time, which can be visualized and analyzed using convolutional
and transformer-based models.

7.3.7 Loss Function

In deep learning models for classification tasks, the choice of loss function is
critical as it quantifies the discrepancy between predicted outputs and true
labels, guiding the learning process during backpropagation. In this work,
the categorical cross-entropy loss was used as the primary loss function to
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train our convolutional neural networks (CNNs) on bridge scenario and damage
intensity classification tasks.

7.3.7.1 Categorical Cross-Entropy Loss

For multi-class classification problems, categorical cross-entropy is defined as:

C
£==> yilog(in) (7.7)

where:
e (' is the total number of classes,
e y; is the true label (1 for the correct class, 0 otherwise),
e ¢, is the predicted probability for class i.

This loss penalizes incorrect predictions more strongly when the model is
confident but wrong, making it well suited for classification tasks where high
confidence is required for reliable decision making.

7.3.8 Application in SHM

In the context of Structural Health Monitoring (SHM), the model is required
to classify:

e Bridge Scenario (S1-S7): Identifying the zone of the bridge with po-

tential anomalies.

e Damage Intensity (for example, 1-90% or 4 subclass levels): Es-

timating the severity of structural degradation.

Since both tasks involve mutually exclusive classes, categorical cross-entropy
is an appropriate choice. It ensures that the model learns discriminative features
from the spectrogram inputs, allowing it to assign high probability to the correct
class and lower probabilities to incorrect ones.

The loss is minimized using optimizers such as ADAM or SGD, and mon-
itored over epochs to ensure convergence. Validation loss trends were also
tracked to prevent overfitting and guide model checkpointing.

7.4 Machine Learning Models

To classify damage intensity and bridge scenarios from spectrograms derived
from vibration signals, we implemented and trained three deep convolutional
neural network (CNN) architectures from scratch: ResNet-50, DenseNet-
121, and EfficientNetB0. These models were initialized with random weights
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and optimized end-to-end using SHM-specific datasets, rather than relying on
transfer learning from pretrained ImageNet weights.

7.4.1 ResNet50 Fusion Model

ResNet-50 is a deep residual network consisting of 50 layers, introduced by He
et al. [156]. Its key innovation is the use of residual blocks with skip connections
that allow the model to learn identity mappings. This helps to mitigate the
vanishing gradient problem in deep networks and enables stable training of very
deep architectures.

Each residual block follows the form:

y = F(x, {W;}) +x (7.8)

where F is the residual function (typically a stack of convolution, batch norm,
and ReLU), and x is the input to the block. For SHM, ResNet-50 effectively
captures deep and hierarchical features from spectrogram inputs, making it
suitable for complex structural classification tasks.

To extract both localized spatial features and long-range temporal-frequency
dependencies from vibration-based spectrograms, a hybrid architecture is im-
plemented by fusing ResNetb0 with a Transformer Encoder. The complete
structure of this fusion model is shown in Figure 7.3.

7.4.2 DenseNet121 Fusion Model

DenseNet-121, proposed by Huang et al. [157], is a densely connected CNN
where each layer receives input from all preceding layers via feature concatena-
tion. This dense connectivity promotes feature reuse and mitigates the van-
ishing gradient issue while significantly reducing the number of parameters.
Fusion DenseNet121-ViT is seen in Fig. 7.4

Formally, for each layer [, the input is the concatenation of feature maps
from all previous layers:

x; = Hy([xg, X1, ..., X1-1]) (7.9)

where H; is a composite function of batch normalization, ReLU, and convolu-
tion. In SHM, this design helps extract compact yet informative features from
time-frequency data.
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Figure 7.3: Architecture of the ResNetb0-ViT fusion model. Input spectrograms of size
256 x 256 are first processed through a ResNet50 backbone for hierarchical feature extraction.
The resulting feature embeddings are passed to a Transformer Encoder block to capture
global dependencies, followed by fully connected layers for final classification.
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Figure 7.4: Architecture of the DenseNet121-ViT fusion model for SHM. Spectrograms of
bridge sections (S1-S7) are processed in parallel by a DenseNet121 backbone and a Trans-
former Encoder. Outputs from both streams are concatenated and passed through a fully
connected classifier to produce damage or scenario predictions.
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7.4.2.1 Dense and Transition Layers in DenseNet121-ViT Fusion

In the proposed DenseNet121-Transformer fusion model, two critical architec-
tural components are employed to extract and manage hierarchical spectral
features from vibration-based spectrogram inputs: the Dense Layer and the
Transition Layer. These modules are key contributors to the efficiency and
depth of DenseNet, and integrate seamlessly with the global attention capabil-

ities of the Vision Transformer ViT head.

(a) Dense Layer: DenseNet121 + ViT (b) Transition Layer: DenseNet121 + ViT

Dense Layer
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Figure 7.5: Architectural components of the DenseNet121-ViT fusion model. (a) The Dense
Layer comprises batch normalization, ReLLU activations, and convolutional blocks (Conv 1x1
and Conv 3x3) to enable feature reuse and efficient gradient flow. (b) The Transition Layer

includes BatchNorm, ReLU, 3x3 convolution, and pooling, reducing spatial dimensions and
controlling model complexity.

7.4.2.2 Dense Layer (Figure 7.5a)

The Dense Layer is responsible for learning rich features from spectrogram
input. It consists of:

e Batch Normalization: Normalizes inputs for stable gradient propaga-
tion.

e Conv 1x1: Compresses the feature maps to reduce computation.
e ReLU Activation: Introduces non-linearity:.
e Conv 3x3: Expands receptive field and captures spatial details.

Each output feature map is concatenated with the input and passed to the
next layer, ensuring strong feature reuse. This mechanism allows DenseNet121
to capture both low- and high-level frequency patterns in SHM spectrograms
with fewer parameters than traditional CNNs.

7.4.2.3 Transition Layer (Figure 7.5b)

The Transition Layer connects adjacent dense blocks while performing dimen-
sionality reduction. It includes:
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e Batch Normalization and ReLU: Standardize and activate feature
maps.

e Conv 3x3: Compress the feature space.

e Pooling: Downsample feature maps, reducing spatial dimensions.

This layer plays a crucial role in controlling model complexity and preparing
condensed feature maps to be fed into the transformer module, which focuses
on global attention across the entire spectrogram.

Together, these two components serve as the convolutional front-end of the
hybrid DenseNet121-ViT model, enabling high-resolution structural pattern ex-
traction before global reasoning.

7.4.3 EfficientNet BO Fusion

EfficientNetB0, developed by Tan and Le [158], balances network width, depth,
and resolution using a compound scaling method. Unlike traditional CNNs
that scale only one dimension (for example, depth), EfficientNet scales all three
in a principled way.

EfficientNetBO0 is the smallest variant in the family, yet achieves competi-
tive accuracy with fewer parameters due to its use of mobile inverted bottleneck
convolution (MBConv) blocks and squeeze-and-excitation modules. In the con-
text of SHM, EfficientNetB0 offers an efficient trade-off between computational
cost and classification performance, making it suitable for real-time or edge
deployment scenarios.

All three models were trained on spectrogram images resized to 256 x 256
pixels, with categorical cross-entropy loss and optimizers such as ADAM and
SGD. Their performance was evaluated across multiple tasks including bridge
scenario classification and damage intensity estimation.

7.4.4 Fusion Models: Transformer-CNN Architectures for SHM

To enhance the representational power of deep learning in Structural Health
Monitoring (SHM), we implemented fusion models that combine the spatial
learning capability of Convolutional Neural Networks (CNNs) with the global
attention modeling of ViT. These fusion architectures are designed to classify
damage intensity and bridge scenarios using spectrograms derived from vibra-
tion data.

We developed three hybrid models:

e ResNet50 + ViT (see Fig. 7.3)

e DenseNet121 + ViT (see Fig. 7.4)
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Transformer- EfficientNetb0 Model
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Figure 7.6: Overall architecture of the proposed EfficientNetB0 + Transformer fusion model
used for Structural Health Monitoring (SHM) of railway steel bridges. The input spectrogram
is first processed through a sequence of MBConv blocks in the EfficientNetB0 backbone, cap-
turing local spatial and frequency features. The extracted features are then passed through a
Transformer Encoder that models global dependencies. The final classification head outputs
the bridge scenario (e.g., S1-S7). This hybrid architecture effectively combines local pattern
extraction with long-range attention mechanisms for robust SHM classification.

e EfficientNetB0 + ViT (see Fig. 7.6)

7.4.4.1 Model Architecture

Each fusion model consists of two primary components:

e CNN Backbone: ResNet50, DenseNet121, or EfficientNetBO0 is used as
the feature extractor to capture low- and mid-level spatial patterns from
256 x 256 spectrogram images. The output is a 2D feature map that
preserves both frequency and temporal characteristics.

e Vision Transformer Head ViT: The feature maps are flattened into
a sequence of patches (tokens) and passed into a Vision Transformer en-
coder. The transformer learns long-range dependencies across the entire
spectrogram, which is especially valuable in SHM where damage-induced
patterns may be distributed non-locally in time-frequency space.

7.4.4.2 Training and Optimization

The models were trained end-to-end with random weight initialization using
categorical cross-entropy loss. ADAM and SGD optimizers were used under
different learning rate conditions to compare convergence and generalization.
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7.4.4.3 Advantages of Fusion Approach

e CNNs provide strong local feature extraction, essential for detecting sharp
transitions in vibration spectra (for example, modal shifts).

e Transformers contribute global attention, enabling the model to recog-
nize broader structural patterns, such as distributed damage.

e Fusion results in improved performance over standalone CNN or ViT
models, especially in tasks like bridge scenario localization and multi-class
damage intensity classification.

7.4.4.4 Use in SHM

These hybrid models were applied to tasks including:
e Classifying bridge scenario zones (S1-S7)
e Predicting 4-level damage intensity classes

Evaluation results showed that the ResNet50+ViT and DenseNet121+ViT
combinations offered slightly better convergence and classification accuracy,
whereas EfficientNetBO+ViT achieved competitive results with reduced param-
eter count, making it suitable for deployment in edge-based SHM systems.

7.5 Results and Discussion

ML models are implemented using Pytorch 2.0 and Python 3.9 for programming
purposes using the NVIDIA 940MX GPU. A DL framework, as the back-end
for detecting anomalies and classifications, as a model optimization kit, is used

to prepare, train, and optimize the model. All experiments were performed on
the Jupyter Notebook platform using an NVIDIA GPU with 16 GB memory.

7.5.1 Performance Evaluation Metrics

To evaluate the effectiveness of our deep learning and machine learning mod-
els in Structural Health Monitoring (SHM) of railway steel bridges, several
standard classification metrics were used. These include accuracy, precision,
recall, Fl-score, confusion matrix, and the area under the Receiver Operat-
ing Characteristic ( ROC-Area Under the Curve (AUC). These metrics pro-
vide a comprehensive view of model performance, particularly for multi-class
classification tasks such as damage intensity and bridge scenario prediction.
Structural Health Monitoring SHM of railway steel bridges requires robust per-
formance metrics to assess detection accuracy, damage sensitivity, and opera-
tional reliability. This section adapts machine learning evaluation metrics to
bridge-specific damage detection scenarios, considering factors like vibration
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signatures.

7.5.1.1 Accuracy

Accuracy measures the proportion of correctly classified instances out of the
total number of predictions:

TP+ TN
TP+TN+FP+ FN
where T'P, TN, FFP, and F'N represent true positives, true negatives, false
positives, and false negatives, respectively.

Accuracy = (7.10)

7.5.1.2 Precision

Precision measures the proportion of correctly predicted positive cases relative
to the total predicted positive cases:

TP
Precision = ———— 11
recision = - (7.11)

High precision indicates a low false positive rate, which is important in SHM
to avoid unnecessary alarms.

7.5.1.3 Recall (Sensitivity)

Recall measures the proportion of correctly predicted positive cases out of all
actual positives:

TP
Recall = m—m (712)

High recall ensures that critical damage instances are not missed by the
model.

7.5.1.4 F1 Score

The F1-score is the harmonic mean of precision and recall, providing a balanced
metric when both false positives and false negatives are important:

Precision x Recall
F1S =2 713
core % Precision + Recall ( )

7.5.1.5 Confusion Matrix

The confusion matrix offers a visual summary of prediction results by showing
how many instances were correctly and incorrectly classified per class. For a
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multi-class task (for example, 7 bridge scenarios), it is a 7 X 7 matrix with rows
representing actual classes and columns representing predicted classes.

7.5.1.6 ROC Curve and AUC

The Receiver Operating Characteristic (ROC) curve plots the true positive rate
(TPR) against the false positive rate (FPR) at various classification thresholds.
The Area Under the ROC Curve (AUC) quantifies the overall ability of the
model to distinguish between classes. AUC values closer to 1.0 indicate superior
discrimination capability.

TP FP

TPR=——"_  FPR=
R TP+ FN’ R FP+TN

In multi-class settings, ROC-AUC is computed using the One-vs-Rest (OvR)
strategy and averaged either macro- or micro-wise.

(7.14)

7.5.1.7 Evaluation Context in SHM

These metrics were used to compare the performance of CNN, Transformer,
and hybrid fusion models across various SHM tasks, including:

e 7-class bridge scenario classification
e 4-class damage intensity prediction

They provide insights into both the generalization ability of the model and
its sensitivity to critical damage detection, which is essential in real-world SHM
applications.

7.5.2 Deep Neural Networks and Fusion Model Performance

Table 7.3 summarizes the training and validation performance of six deep learn-
ing models applied to spectrogram-based SHM classification for railway steel
bridges. These include three baseline CNNs (ResNet, DenseNet, EfficientNet)
and three corresponding transformer fusion models (TRNet: ResNet+ViT, TD-
Net: DenseNet+ViT, TENet: EfficientNet+ViT).

Table 7.3: DNN Models Performance

. ResNet DenseNet EffNet TRNet TDNet TENet
Metrics

Train Val Train Val Train Val Train Val Train Val Train Val

Accuracy 92.07 90.64 93.13 66.89 9892 92.34 88.80 80.08 89.39 83.22 91.46 89.89
Precision 92.47 90.93 93.50 83.86 98.96 92.57 89.02 85.92 89.39 81.54 91.58 91.50
F1 Score 9245 90.68 93.46 64.89 98.95 92.39 88.84 81.01 89.38 81.68 91.49 90.11

Among the baseline models, EfficientNet achieved the highest accuracy
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(92.34%) and F1-score (92.39%) on the validation set, demonstrating both ex-
cellent generalization and low variance between training and validation perfor-
mance. This is likely due to its balanced compound scaling and efficient feature
extraction, making it ideal for time-frequency spectrogram input.

DenseNet, while achieving high training accuracy (93.13%), showed a no-
ticeable drop in validation performance (66.89%), suggesting overfitting, but it
is also noticeable that with the same dataset other Fusion models are perform-
ing fine. So, it maybe behaving unexpectedly due to irregularities during fine
tuning. Its higher parameter density may require more extensive regularization
or data diversity to generalize effectively in SHM tasks.

ResNet demonstrated consistent performance with minimal overfitting,
achieving 90.64% validation accuracy and a strong Fl-score of 90.68%, vali-
dating its residual learning capability on spectrogram-based inputs.

Among the transformer fusion models, TENet (EfficientNet-+Transformer)
outperformed the others in validation metrics, achieving 89.89% accuracy and
an Fl-score of 90.11%. This confirms that combining the local feature extrac-
tion of EfficientNet with global attention modeling from Vision Transformers
improves damage classification and localization.

TRNet and TDNet showed slightly lower performance than TENet but
still offered improvements over their respective standalone CNNs. For in-
stance, TRNet achieved a validation accuracy of 80.08%, outperforming base-
line ResNet on complex samples, while TDNet improved DenseNet’s general-
ization with a 83.22% validation accuracy.

Overall, these results confirm the effectiveness of spectrogram based SHM
using deep CNNs and transformer-enhanced fusion models. The best perform-
ing models (EfficientNet and TENet) demonstrate robustness, accuracy, and
efficiency, making them strong candidates for deployment in real world SHM
systems for railway steel bridges.

7.5.3 Training Curve Analysis of ResNet50 and ViT Fusion Model

Figures 7.7 and 7.8 illustrate the training loss and accuracy trends over 50
epochs for ResNetb0-based SHM classification models under two experimen-
tal configurations: RTV64(Standalone model) and FRTV64(Fusion model).
These curves provide valuable insights into the convergence behavior, learning
dynamics, and overall performance stability of the models.

In the RTV64 (Standalone model) experiment (Figure 7.7), the training
loss decreased steadily from approximately 1.25 to 0.2, indicating successful
gradient descent and convergence. Concurrently, training accuracy improved

124



Chapter 7. SHM in Frequency Domain 7.5. Results and Discussion
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Figure 7.7: Training performance for ResNet50 under RTV64 (Standalone model) configu-
ration.

from around 55% to over 91%, demonstrating the model’s increasing ability to
distinguish damage patterns from spectrogram features. The smoothness of the
curve and the lack of sharp fluctuations suggest stable learning with minimal
overfitting.
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Figure 7.8: Training performance for ResNet50 under FRTV64 (Fusion model) configuration.

Under the FRTV64 (Fusion model) configuration (Figure 7.8), the model
also converged effectively. The training loss dropped from approximately 2.0
to 0.28, and accuracy rose from 20% to nearly 89% across epochs. The sharp
initial learning rate followed by slower refinement suggests efficient early feature
learning and gradual fine-tuning.

The comparison between RTV64 (Standalone model) and FRTV64 (Fusion
model) setups indicates that both configurations allow ResNet50 to achieve
high accuracy on spectrogram-based SHM tasks. However, the smoother con-
vergence and lower final loss in RTV64 (Standalone model) may indicate better
data conditioning or parameter tuning in that setup.

Overall, the training curves confirm that:

e The models were able to learn discriminative features from frequency-
domain representations of vibration signals.
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e No signs of overfitting were observed, as training loss steadily decreased
without oscillations.

e A learning rate and batch size combination suited the convergence char-
acteristics of both configurations.

7.5.4 Training Curve Analysis of DenseNet121-ViT Fusion Models

Figures 7.9 and 7.10 illustrate the training behavior of DenseNet121-based ViT
fusion model over 50 epochs, under two configurations: DTV64 (Standalone
model) and FDTV64 (Fusion model). These figures include both the loss min-
imization and accuracy progression curves and provide insight into model con-
vergence, learning stability, and performance.

Model Accuracy

40

(b) Training Accuracy - DTV64 (Standalone
(a) Training Loss - DTV64 (Standalone model)  model)

Figure 7.9: Training performance of DenseNet121-ViT under DTV64 (Standalone model)
configuration.

In the DTV64 (Standalone model) setting (Figure 7.9), the training loss
exhibits a smooth and consistent decline from above 1.0 to approximately 0.2,
indicating strong convergence and effective weight updates. Correspondingly,
the training accuracy increases from around 55% to 92.5% by epoch 50, showing
stable improvement without overfitting. The near-linear growth in early epochs
and the plateauing in later epochs suggests the model has reached an optimal
learning point.

Under the FDTV64 (Fusion model) configuration (Figure 7.10), the training
loss begins at a higher value (around 1.6) and steadily declines to about 0.35,
albeit with visible fluctuations in the middle epochs. This suggests that while
the model eventually converges, it initially struggles with optimization due to
its larger depth or data variation. Nevertheless, the training accuracy improves
from 30% to 89%, indicating that despite noisy learning dynamics, the model
is still capable of learning effective features.

The comparison between DTV64 (Standalone model) and FDTV64 (Fusion
model) configurations reveals the following:

126



Chapter 7. SHM in Frequency Domain 7.5. Results and Discussion
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Figure 7.10: Training performance of DenseNet121-ViT under FDTV64 (Fusion model)
configuration.

e DTV64 (Standalone model) achieves faster and smoother convergence,
with better consistency in both loss reduction and accuracy increase.

e FDTV64 (Fusion model), despite a rougher training phase, still generalizes
well by epoch 50, achieving nearly 89% accuracy.

e The smoother DTV64 (Standalone model) trend suggests that model regu-
larization and input representation in this configuration are better aligned
with the spectrogram data.

Both models demonstrate their ability to extract discriminative frequency-
domain features from SHM vibration data. However, DTV64 (Standalone
model) offers slightly better convergence behavior, making it a preferred con-
figuration for deployment in railway bridge health monitoring applications.

7.5.5 Training Curve Analysis of EfficientNet and Transformer Fu-
sion Model

Figures 7.11 and 7.12 show the training loss and accuracy for two configu-
rations, ETV64: EfficientNetB0- (Standalone model) based, and FENet-
TV64: EfficientNetB0-based ViT fusion model.

Model Accuracy

40 50 o 10 20 30 40 50
Epochs Epochs

(a) Training Loss - EfficientNetbO (Standalone  (b) Training Accuracy - EfficientNetb0 (Stan-
model) dalone model)

Figure 7.11: Training curves for EfficientNetb0 + ViT fusion model (ETV64 configuration).
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In the ETV64 (Standalone model) configuration (Figure 7.11), the
training loss decreases sharply from around 1.25 to 0.1, indicating strong con-
vergence. The training accuracy increases rapidly from 48% to nearly 98%
within 50 epochs. The curve shows consistent performance improvement, sug-
gesting effective learning from the spectrogram features derived from vibration
signals. Minor fluctuations around epochs 40-45 indicate the model nearing
convergence.
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Figure 7.12: Training curves for EfficientNetBO + ViT model (Fusion EfficientNetb0-
EfficientNetb0 configuration).

In contrast, the FENet-TV64 configuration (Figure 7.12) also shows
steady convergence, with training loss decreasing from 1.5 to 0.23. Accuracy
improves from 38% to nearly 91%. However, the learning process is slightly
more gradual compared to TV64. This can be attributed to EfficientNet’s
reduced parameter count and its compound scaling strategy, which trades off
model size for efficiency.

e ETV64 models (Standalone model) EfficientNetb0 show faster learn-
ing and higher final accuracy, suggesting better capacity for complex struc-
tural pattern representation.

e FENet-TV64 (Fusion model) offers competitive performance with
fewer parameters and a shorter training time, making it suitable for edge
deployment in SHM systems.

e Both configurations achieve strong generalization without overfitting, as
indicated by the steadily decreasing loss and plateauing accuracy.

The results affirm that transformer-enhanced CNN models are highly ef-
fective for spectrogram-based structural health classification, and EfficientNet
variants offer a strong balance of accuracy and efficiency.
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7.6 Summary

This chapter presented a comprehensive deep learning framework for Structural
Health Monitoring (SHM) of railway steel bridges based on vibration signal
analysis in the frequency domain. A pipeline was developed to convert time-
series data into spectrograms using the Short-Time Fourier Transform (STFT),
enabling the application of powerful image-based classification techniques.

The chapter explored multiple convolutional neural network (CNN) architec-
tures, including ResNet50, DenseNet121, and EfficientNetBO0, all trained from
scratch to adapt specifically to the SHM domain. To further enhance learn-
ing, hybrid Transformer-CNN fusion models were developed (TRNet, TDNet,
TENet), integrating the local spatial learning capabilities of CNNs with the
global contextual modeling of Vision Transformers.

Training results demonstrated that:

e EfficientNetB0 and its transformer-enhanced variant (TENet) consistently

achieved the best trade-off between accuracy and computational efficiency.

e The ResNetb0+ViT and DenseNet121+ViT models achieved higher accu-

racy in early epochs but required more training time.

Performance was evaluated using accuracy, precision, recall, F1-score, con-
fusion matrices, and ROC-AUC. The best-performing models exceeded 90%
accuracy in both bridge scenario classification (S1-S7) and 4-class damage in-
tensity prediction. Training and accuracy plots confirmed stable convergence
without signs of overfitting.

The chapter also dissected internal architecture components such as the
Dense Layer and Transition Layer within DenseNet121-Transformer fusion, ex-
plaining their roles in hierarchical feature extraction and dimensionality reduc-
tion.

In summary, this chapter demonstrated that CNN-Transformer fusion mod-
els, when trained on structured spectrogram inputs, are well-suited for robust
and interpretable SHM in railway steel bridges. These architectures provide a
foundation for scalable, real-time monitoring solutions that can enhance bridge
safety and maintenance planning.
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Chapter 8

Structural Health Monitoring of Railway
Steel Bridges with Fuzzy Logic and
Reasoning

"The next frontier in Al is understanding causality—not just recognizing
patterns but reasoning about why things happen.”

— Yoshua Bengio.
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Structural Health Monitoring (SHM) systems generate large volumes of sen-
sor data that are processed by machine learning and signal processing models
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to detect damage in civil infrastructure such as railway steel bridges. However,
one of the main challenges in SHM is translating numerical outputs from these
models into interpretable, actionable information. A promising approach to
address this challenge is the use of a fuzzy reasoning layer; a rule-based
system that mimics human decision-making to assess the severity of structural
damage based on linguistic variables.

8.1 Introduction

Fuzzy logic, introduced by Zadeh [159], enables reasoning with degrees of truth
rather than binary true/false values. In SHM, this is particularly useful for
interpreting sensor data that may exhibit uncertainties due to environmental
variability or measurement noise.

In high-stakes structural monitoring systems such as those for railway
steel bridges, interpretability and human-centric decision-making are essen-
tial. While machine learning algorithms are effective in identifying damage
conditions, their outputs are often numerical and not directly interpretable by
operators or maintenance engineers. To bridge this gap, fuzzy logic offers a
reasoning layer that translates numerical predictions into intuitive linguistic
categories, such as Low, Medium, High, or Critical damage [159].

This chapter presents a fuzzy rule-based system that enhances the inter-
pretability of SHM model outputs. The proposed architecture receives features
or classification outputs from the machine learning-based perception layer and
applies a set of expert-defined fuzzy rules to infer the damage severity and gen-
erate actionable alerts [160,161].

8.2 Motivation

While machine learning ML models are powerful tools for classifying structural
states and detecting anomalies in structural health monitoring SHM, they of-
ten lack transparency. Many high performing ML models, such as neural net-
works( NN) and ensemble methods, are inherently complex and are commonly
referred to as black-box models. This lack of interpretability poses challenges
in safety-critical applications like SHM for railway steel bridges, where opera-
tional decisions must be justifiable to bridge engineers, inspection teams, and
regulatory authorities [95,162].

Bridge maintenance personnel require clear and actionable alerts that re-
flect the physical condition of the structure. Instead of outputting an abstract
numeric prediction (for example, damage score = 0.81), the system should com-
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municate the implication in human-readable terms such as:

e Minor Damage — continue monitoring

e Moderate Damage — schedule inspection

e Severe or Critical Damage — initiate immediate maintenance or shut

down the bridge

To address this gap, a fuzzy reasoning layer is integrated into the SHM
framework. Fuzzy logic systems provide a rule-based approach to decision mak-
ing that mimics human reasoning. Instead of hard thresholds, fuzzy systems use
graded membership functions to evaluate the severity of structural responses,
enabling smoother transitions and more intuitive classifications [40, 159].

The fuzzy layer takes as input:

e Damage intensity values predicted by machine learning models,

e Extension estimations,

e Bridge zone classifications (scenarios),

and produces a qualitative alert (for example, No Danger, Attention, Pre-
Alarm, Alarm). These outputs can be readily interpreted by engineers, leading
to more informed and timely decisions.

Incorporating a fuzzy reasoning layer not only increases the transparency
and usability of the SHM system but also aligns with the needs of infrastructure
operators who must balance reliability, risk, and maintenance planning. This

approach has been successfully demonstrated in related SHM applications [160,
163, 164].

8.2.1 Purpose of Fuzzy System

This reasoning framework bridges the gap between perception layer’s numerical
model outputs and human decision making by providing interpretable alerts.
It is particularly useful for real-time monitoring and maintenance prioritization
of railway steel bridges, where clear and immediate decisions are necessary.

8.3 Fuzzy Logic And Reasoning in SHM of Railway Steel
Bridges

Fuzzy logic is well-suited for environments characterized by uncertainty, impre-
cision, and expert knowledge [165]. In SHM, sensor data often contain noise or
ambiguous signals, and precise thresholds for damage states are hard to define.
Fuzzy inference systems enable the use of human knowledge in the form of fuzzy
rules and membership functions to model these uncertainties.

In the proposed system, the fuzzy reasoning layer acts as a post-processing
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step, evaluating:
e Predicted damage intensities,
e Bridge scenario classifications,
e Extension Range estimations

These inputs are mapped to fuzzy sets and evaluated through a rule base
to determine the final structural condition.

8.4 Fuzzy Reasoning Architecture for Structural Health
Alerts of Railway Steel bridges

The fuzzy reasoning framework is structured in three layers. Input Layer re-
ceives numeric values such as Damage Intensity, Extension Range, and Bridge
Scenario or other data-driven signal predictions from the perception module.
Fuzzy Inference Layer uses fuzzy membership functions (for example, trian-
gular, trapezoidal) to categorize each input into linguistic variables. Output
Layer combines inference outcomes using IF-THEN fuzzy rules to produce a
human-readable alert level: Low, Medium, High, or Critical.

Figure 8.1 illustrates the fuzzy reasoning-based alert generation architec-
ture developed for SHM of railway steel bridges. The system is composed of
two main layers: the Perception Layer outputs and the Reasoning Layer.
This architecture integrates machine learning predictions with fuzzy rule-based
inference to produce interpretable and actionable alert levels such as Attention,
Pre-Alarm, and Alarm.

8.4.1 Perception Layer

The perception layer is composed of three neural network—based classifiers that
independently predict:
e Extension Range (ER*): Estimates the physical displacement or elon-
gation(1 to 10).
e Bridge Scenario (BS*): Identifies the location or zone ( S1 to S7) of
the damage.
e Damage Intensity (DI*): Predicts the severity of structural damage

(1% to 90%).
Additionally, other signal-based features (denoted by X = [X7, X, ..., X},])
may be incorporated from vibration or ambient sensor data. These outputs are
combined and passed to the reasoning layer for high-level decision making.

133



Chapter 8. SHM with Fuzzy Logic and Reasoning 8.4. Fuzzy Inference System for Alert

8.4.2 Reasoning Layer

The Fuzzy Reasoning Layer plays a critical role in enhancing the inter-
pretability and decision-making capability of Structural Health Monitoring
(SHM) systems, especially for complex structures such as railway steel bridges.
Unlike purely data-driven models that often function as black boxes, a fuzzy
reasoning system uses a rule-based framework derived from expert knowledge
to assess the structural condition in a more transparent and linguistically in-
terpretable manner.
The reasoning layer evaluates the composite input (ER®, BS* DI*, X)
against a set of fuzzy rules designed to assess the level of structural danger.
The rule base is expressed using linguistic variables and expert-defined condi-
tions. Example rules include:
e Rule 1: [F ER = High AND BS = S7 AND DI = 85 = Danger Level D
= 3 (ALARM) at Bridge Scenario S7 (see Fig. 3.3 and Fig. 3.4).

e Rule 2: IF ER = Low AND BS = S2 AND DI = 35 = Danger Level D
= 1 (Attention) at Bridge Scenario S2 (see Fig. 3.3 and Fig. 3.4)

e Rule 3: IF ER = Low AND BS = S4 AND DI = 10 = Danger Level D
= 0 (No Danger) at Bridge Scenario S4 (see Fig. 3.3 and Fig. 3.4)

These rules(even more) are processed using a Fuzzy Inference System
(FIS), where membership functions define degrees of truth for conditions like
Low, Medium, or High extension or damage. The output of the reasoning
system is the Danger Level (D), classified into:

e D = 0: No Danger

e D = 1: Attention

e D = 2: Pre-Alarm

e D = 3: Alarm

8.4.3 System Architecture and Role

The fuzzy reasoning layer operates after the perception layer, which is responsi-
ble for feature extraction from vibration-based sensor data. But in our case, the
extracted features for input to Reasoning layer comes from the Predictions of
Perception layer. These include(for example, damage intensity, bridge scenario
and extension range( replaced from stress force) serve as inputs to the fuzzy
system, which evaluates them against a set of predefined rules to infer damage
levels.

In the proposed fuzzy logic-based Structural Health Monitoring (SHM)
framework, three input variables were selected based on their importance in
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Figure 8.1: Fuzzy reasoning architecture for damage alert generation in railway steel bridge
monitoring. Inputs from neural network classifiers (extension, scenario, and damage intensity
etc.) are processed via expert rules to generate human-interpretable alerts.

assessing the structural condition of railway steel bridges: damage intensity,
extension, and bridge scenario. These inputs are used to infer a single
output variable, alert level, which communicates the overall severity of the
bridge’s condition in human-understandable terms such as Low, Medium, High,
or Critical.

8.4.4 Applications in SHM

In SHM for railway steel bridges, fuzzy systems have been used to:
e Interpret sensor outputs to infer damage severity [11].

e Combine multiple indicators in a unified framework to reduce false posi-
tives.

e Enable real-time alerting with damage classifications like No Damage,
Moderate Damage, and Severe Damage.

8.4.5 Advantages

Fuzzy reasoning offers several advantages:

e Interpretability: Rules are human-readable and can be modified based
on expert feedback.

e Flexibility: Handles uncertainty and imprecise data effectively.
e Integration: Easily integrates with machine learning classifiers, sensor
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networks, or hybrid models.

The Fuzzy Reasoning Layer enhances the transparency and robustness of
SHM systems by enabling interpretable, rule-based decision-making. It is par-
ticularly well-suited for infrastructure systems like railway bridges, where expert
insight and real-time response are both critical.

8.5 Fuzzy Inference Process

The fuzzy reasoning mechanism follows a four-step process to infer alert levels:

e Fuzzification: Crisp input values (for example, DI = 75) are mapped
into corresponding fuzzy sets (for example, High with a degree of 0.8).

e Rule Evaluation: Each rule in the rule base is evaluated using fuzzy
operators such as AND (minimum) or OR (maximum) to determine the
degree to which the rule is activated.

e Aggregation: The results of all activated rules are combined into a single
fuzzy output set. This step merges all consequences of applicable rules.

e Defuzzification: The aggregated fuzzy output is converted into a single
crisp value using defuzzification techniques such as the Centroid of Area
(COA) or Mean of Maxima (MOM). The final result corresponds
to a mapped alert level (for example, No Danger, Attention, Pre-Alarm,
Alarm).

8.5.1 Membership Functions

In Fuzzy Logic (FL) systems, Membership Functions (MFs) define how input
variables (such as vibration responses or ML-predicted damage intensities) map
to degrees of membership in fuzzy sets (Low Damage, Moderate Damage, Severe
Damage). For railway steel bridges, vibration-based SHM can leverage fuzzy
reasoning to assess structural conditions by fusing sensor data and machine
learning ML predictions.

8.5.1.1 Input Variables (Antecedents)

Damage Intensity: This variable represents the level of structural damage,
quantified between 1% and 100%, and is discretized into 25 evenly spaced in-
tervals using a step size of 4:

damage_intensity_range = np.arange(l, 100.01, 4)

damage_intensity is an input derived from classification models, scaled
between 0 and 100. It is categorized into three fuzzy sets: Low, Medium, and
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Figure 8.2: Triangular Membership Functions for Damage Intensity: Low, Medium, and
High.

The Medium zone peaks near 50% damage, with smooth transitions to Low
and High as shown in Figure 8.2.

Extension: This input corresponds to physical elongation or crack exten-
sion, measured in arbitrary units (forexample., mm). It is divided into 10 steps
from 1 to 10:

extension_range = np.arange(l, 10.01, 1)

extension refers to physical elongation or deformation (for example, dis-
placement or crack growth), typically ranging from 1 to 10. It is represented
using three fuzzy sets: Small, Moderate, and Large, enabling the system to han-
dle structural behavior in a graded manner. See Figure 8.3 for visualization.

Extension Membership Functions

— Small
Moderate
— Large

Membership Degree

Extension

Figure 8.3: Triangular membership functions for extension: Small, Moderate, and Large.

Bridge Scenario: This variable indicates the zone or structural component
under monitoring, indexed from 1 to 7 (for example, scenarios S1-S7), each
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representing a different bridge section:
bridge_scenario_range = np.arange(l, 7.01, 1)

The bridge_scenario input represents structural segments of the railway
bridge (for example, S1-S7). It is mapped into three fuzzy sets: Low, Medium,
and Critical, based on the assumption that certain bridge zones are more prone
to failure or stress concentration.
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Figure 8.4: Triangular membership functions for bridge scenario: Low, Medium, and Critical.

Figure 8.4 shows the membership functions for bridge scenario. The middle
zone (around 4) represents a transition state with maximum membership in the
Medium set.

8.5.1.2 Output Variable (Consequent)

The output variable of the fuzzy inference system in this SHM framework is
the Alert Level, which communicates the overall danger level of a structural
condition to the operator. To map numeric risk levels into linguistically mean-
ingful categories, triangular membership functions were defined over the alert
domain [0, 100]. These are labeled as Low Alert, Medium Alert, and High Alert,
ensuring smooth transitions between safety states.

The membership functions are defined using the scikit-fuzzy trimf ()
constructor as follows:

e Low Alert:
Alert[’low’] = fuzz.trimf(Alert.universe, [0, 1, 50])

This function has full membership at the lower end (0-1) and tapers down
to zero at 50. It indicates a stable condition with minimal concern.
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e Medium Alert:
Alert[’medium’] = fuzz.trimf(Alert.universe, [1, 50, 100])

Centered at 50, this triangular MF peaks in the midrange, representing
conditions that may require inspection or scheduled maintenance.

e High Alert:
Alert[’high’] = fuzz.trimf(Alert.universe, [50, 100, 100.01])

This set covers the upper range and activates when the system detects a
critical or potentially hazardous situation.

Figure 8.5 visualizes these membership functions. The overlapping designs
ensures smooth transitions between alert states and prevents abrupt or mislead-
ing binary decisions. For instance, a predicted alert level near 50 may activate
both Medium and High alerts to some degree.
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Figure 8.5: Triangular membership functions for the fuzzy output variable Alert Level, show-
ing Low, Medium, and High alert categories.

These membership functions are central to the defuzzification process and
ultimately determine whether an alert issued to engineers should be interpreted
as a Warning, Pre-Alarm, or Critical alarm level. This ensures that the
decision-support system aligns closely with human intuition and field require-
ments.

These fuzzy sets enable the Inference System to interpret input conditions
in a flexible and intuitive way. The smooth transitions between fuzzy sets also
help reduce abrupt alert changes for borderline conditions.

8.5.2 Design and Validation of Fuzzy Rules

The fuzzy rule base plays a central role in the reasoning layer of the proposed
SHM framework, as it translates numerical output into human-interpretable
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alerts such as No Danger, Attention, Pre-Alarm, and Alarm. These rules are de-
signed using domain expertise derived from civil engineering knowledge, struc-
tural dynamics principles, and empirical observations of bridge health states
under varying operational and environmental conditions.

8.5.2.1 Formalization of Expert Knowledge into Fuzzy Rules

The fuzzy rule base was derived in close consultation with structural health
monitoring experts and was based on engineering intuition from the domain
of railway steel bridge diagnostics. Experts were asked to identify how combi-
nations of three key indicators; Damage Intensity (DI), Extension (EX), and
Bridge Scenario (BS), correlate with operational safety concerns. These rela-
tionships were expressed linguistically (e.g., "high DI and large Extension (EX)
in critical BS implies alarm-level alert") and subsequently encoded as if-then
fuzzy rules using standardized linguistic labels (low, medium, high).

Each fuzzy rule was constructed to reflect realistic structural behavior under
loading and degradation scenarios. For example, a damage intensity classified
as "high" paired with a bridge scenario labeled "critical" was mapped to a
"high alert" regardless of the extension, based on the domain knowledge that
critical bridge segments demand conservative response thresholds.

8.5.2.2 Validation through Simulated Scenarios and Expert Review

To validate the correctness and applicability of the fuzzy rules, simulated dam-
age scenarios from the reference Finite Element Model (see Chapter 2) were
used. For each simulated input (DI, ER, BS), the resulting fuzzy alert level
was compared to:

e The expected outcome defined by domain experts,

e Manual severity assessments derived from the simulation environment,

e Redundant sensor readings that captured multiple aspects of the bridge
condition.

In addition, a consistency check was applied to ensure that logically adjacent
rules (e.g., increasing DI or EX) did not yield contradictory or non-monotonic
outputs. A sensitivity analysis confirmed that gradual changes in inputs yielded
smooth transitions in alert levels, enhancing the robustness of the system.

In general, the fuzzy rule base reflects theoretical and experiential structural
knowledge and was tested across a comprehensive set of simulated scenarios to
ensure practical relevance and operational reliability.
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8.5.2.3 Rule Creation Process

The fuzzy rules were constructed based on three input dimensions:
1. Damage Intensity (DI): Ranges from low (e.g., DI < 30) to high (DI
> 80), representing the severity of structural degradation.
2. Extension (EX): Represents the spatial extent of detected damage, cat-
egorized as small, moderate, or large.
3. Bridge Scenario (BS): Refers to the bridge section affected (S1-57),
where bridge scenarios(S1, S2 and S3) are less critical, bridge scenarios
(54 and S5) and medium critical whereas (S6 and S7) are more critical
than peripheral ones.
Using these variables, 27 fuzzy if-then rules were defined using expert-
driven logic. An example rule is:
If Damage Intensity is High AND FExtension is Large AND Bridge
Scenario is S4, THEN Alert Level is Alarm.

Each rule maps specific combinations of input linguistic terms to one of the
four output alert categories.

8.5.2.4 Rule Validation Methodology

Validation of the fuzzy rule base involved both qualitative expert review and
quantitative assessment:

e Expert Review: The rule set was evaluated by structural engineers fa-
miliar with bridge inspection protocols. They verified that rule outputs
aligned with realistic structural risk levels based on vibration severity and
bridge zone importance.

e Scenario Simulation: Multiple damage scenarios were simulated in the
Reference FEM model (see Chapter 2), and the corresponding fuzzy inputs
(DI, ER, BS) were extracted. The resulting alert levels were manually
compared with ground truth labels assigned during simulation.

e Consistency Check: We ensured logical consistency across adjacent
rules. For instance, rules involving increasing DI or ER values must not
result in decreasing alert severity:.

e Sensitivity Analysis: We varied each input (DI, ER, BS) while holding
others constant to observe the output variation. A monotonic or contex-
tually reasonable transition of alert levels confirmed robustness.

The validated rule base ensures that the fuzzy reasoning system behaves re-
liably across damage configurations and offers interpretable safety alerts suited
for integration into SHM dashboards or IoT platforms.
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8.5.3 Fuzzy Rules

Fuzzy logic provides a rule-based reasoning framework capable of modeling un-
certainty and vagueness inherent in structural health monitoring SHM signals.
In this system, input variables such as Damage Intensity, Bridge Scenario,
and Fztension Range are converted into linguistic terms (for example, Low,
Medium, High) using predefined fuzzy membership functions.

8.5.3.1 Fuzzy Logic Fundamentals

These linguistic variables are then used in a fuzzy rule base that encodes expert
knowledge about the relationship between structural conditions and danger
levels. A typical rule is written in the form:
If Damage Intensity is High and Bridge Scenario is Critical, then
Damage Level is Alarm.

Table 8.1: Fuzzy Rule Base for Damage Level Assessment

Damage Intensity (DI) | Bridge Scenario (BS) | Damage Level (DL)

low low No Damage

low medium moderate

low high moderate
medium low moderate
medium medium moderate
medium high Severe

high low moderate

high medium Severe

high high Severe

The complete set of rules used in this system is summarized in Table 8.1, which
includes combinations of antecedent conditions and their corresponding alert
outcomes. These rules were formulated using domain expertise and empirical
findings from damage modeling.

8.5.3.2 Complete Set of Fuzzy Rules

The following 27 rules are derived from the full combination of fuzzy sets for
the input variables:

Damage Intensity( DI): low, medium, high
EX: small, moderate, large
Bridge Scenario( BS): low, medium, critical
1. If Damage Intensity is low and Extension is small and Bridge Scenario
is low, then Alert is low.
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

. If Damage Intensity is low and Extension is small and Bridge Scenario

is medium, then Alert is low.

If Damage Intensity is low and Extension is small and Bridge Scenario
i1s critical, then Alert is medium.

If Damage Intensity is low and Extension is moderate and Bridge Sce-
nario is low, then Alert is low.

. If Damage Intensity is low and Extension s moderate and Bridge Sce-

nario is medium, then Alert is medium.

. If Damage Intensity is low and Extension is moderate and Bridge Sce-

nario is critical, then Alert is medium.

If Damage Intensity is low and Extension is large and Bridge Scenario
i1s low, then Alert is medium.

If Damage Intensity is low and Extension is large and Bridge Scenario
1s medium, then Alert is medium.

. If Damage Intensity is low and Extension is large and Bridge Scenario

is critical, then Alert is high.

If Damage Intensity is medium and Extension is small and Bridge Sce-
nario is low, then Alert is low.

If Damage Intensity is medium and Extension is small and Bridge Sce-
nario is medium, then Alert is medium.

If Damage Intensity is medium and Extension is small and Bridge Sce-
nario is critical, then Alert is medium.

If Damage Intensity 1s medium and Extension is moderate and Bridge
Scenario is low, then Alert is medium.

If Damage Intensity is medium and Extension is moderate and Bridge
Scenario is medium, then Alert is medium.

If Damage Intensity is medium and Extension is moderate and Bridge
Scenario is critical, then Alert is high.

If Damage Intensity is medium and Extension is large and Bridge Sce-
nario 1s low, then Alert is medium.

If Damage Intensity is medium and Extension is large and Bridge Sce-
nario is medium, then Alert is high.

If Damage Intensity is medium and Extension is large and Bridge Sce-
nario is critical, then Alert is high.

If Damage Intensity is high and Extension is small and Bridge Scenario
1s low, then Alert is medium.

If Damage Intensity is high and FExtension is small and Bridge Scenario
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1s medium, then Alert is high.

21. If Damage Intensity is high and Extension is small and Bridge Scenario
is critical, then Alert is high.

22. If Damage Intensity is high and Ezxtension is moderate and Bridge Sce-
nario is low, then Alert is high.

23. If Damage Intensity is high and Ezxtension is moderate and Bridge Sce-
nario is medium, then Alert is high.

24. If Damage Intensity is high and Extension is moderate and Bridge Sce-
nario is critical, then Alert is high.

25. If Damage Intensity is high and Extension is large and Bridge Scenario
is low, then Alert is high.

26. If Damage Intensity is high and Ezxtension is large and Bridge Scenario
is medium, then Alert is high.

27. If Damage Intensity is high and Extension is large and Bridge Scenario
1s critical, then Alert is high.

8.5.4 Fuzzy System Aggregation and Defuzzified Output

After evaluating all activated fuzzy rules, the fuzzy inference system aggregates
the consequences from each rule into a combined fuzzy output set. This output
represents a fuzzy combination of potential alert levels (Low Alert, Medium
Alert, High Alert) weighted by their respective activation degrees.

The final crisp alert level is computed through a process known as defuzzi-
fication, which converts the aggregated fuzzy output into a single numeric
value suitable for decision-making. In this study, the centroid (center of area)
method was used, which calculates the center of gravity of the output member-
ship function:

[z p(x)de

Defuzzified Output =
J u(z) dz

(8.1)

8.5.4.1 Fuzzy Inference Case

To validate the fuzzy reasoning system, a test input was passed to the system
using:
signal = fuzzy_reasoner(l, 0, 4)
This input represents the following:
e Damage Intensity = 1 = Low

e Extension — 0 = Small
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e Bridge Scenario = 4 = Medium
According to the fuzzy rule base, the activated rule resembles:

If Damage Intensity is Low AND FExtension is Small AND Bridge
Scenario is Medium, then Alert is Low.

The defuzzification process (shown in Figure 8.7) confirms this outcome.
The aggregated output is predominantly concentrated in the Low Alert region,
and the crisp defuzzified value is approximately 17.37. This value indicates a
stable, non-critical steel structural condition, suggesting that immediate inter-
vention is necessary.

These examples demonstrate the fuzzy reasoning system’s ability to inter-
pret subtle combinations of inputs and provide clear, interpretable recommen-
dations that align with expert-defined safety rules.

Figure 8.6 shows the aggregated fuzzy output as of Equation 8.1 and the
resulting defuzzified crisp alert level. The output alert level for the current test
input condition is calculated as 17.37, which lies within the Low Alert region,
indicating that no immediate action is required.

Fuzzy System: Aggregated Output and Defuzzified Result
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Figure 8.6: Aggregated fuzzy output and defuzzified result. The alert level is obtained via the
defuzzification process, which converts the aggregated fuzzy output into a precise numerical
value.

This defuzzified result allows SHM operators to receive intuitive feedback on
bridge safety, converting complex sensor signals and rule logic into actionable
maintenance insights.

8.5.5 Fuzzy Output Visualization and Predicted Alert Level

Figure 8.7 illustrates the defuzzification process and the resulting alert level for
a specific input scenario. The three triangular curves represent the output fuzzy
sets: low, medium, and high alert. Each curve reflects the degree of membership
for different alert levels across the range [0, 100].
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The blue shaded area indicates the aggregated fuzzy output, which is the
result of activating one or more fuzzy rules. In this case, the input conditions
predominantly activate the low alert membership function. The black vertical
line represents the defuzzified alert level, computed using the centroid
method, and falls around 17.37, which lies in the low alert region.
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Figure 8.7: Fuzzy output membership functions and defuzzified alert value. The blue shaded
region represents the activated area, and the black vertical line marks the predicted crisp
alert level (= 17.37).

This visualization confirms that under current damage intensity, extension,
and bridge scenario conditions, the system recommends a low-level alert,
indicating a non-critical structural state. Such interpretability is essential for
real-time monitoring systems, as it allows engineers to make informed decisions
without analyzing raw sensor data or numerical outputs.

This fuzzy rule-based system acts as the final reasoning layer in the SHM
architecture, allowing for qualitative interpretation of machine learning outputs
and sensor data. It bridges the gap between numerical prediction models and
actionable maintenance recommendations for railway bridge infrastructure.

8.6 Summary

This chapter presented the design and implementation of a fuzzy reasoning layer
integrated into a machine learning based Structural Health Monitoring SHM
framework for railway steel bridges. The fuzzy system acts as an interpretable
decision layer that transforms numerical outputs from perception models; such
as damage intensity, bridge scenario classification, and extension range, into
linguistically meaningful alert levels.
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The chapter began by defining fuzzy input variables using triangular mem-
bership functions across domains such as low, medium, and high. A complete
rule base of 27 fuzzy if-then rules was constructed to combine these variables
and infer alert levels: No Danger, Attention, Pre-Alarm, and Alarm. These
rules encode expert knowledge and allow for intuitive, graded responses to
changing bridge conditions.

The fuzzy inference process; consisting of fuzzification, rule evaluation, ag-
gregation, and defuzzification; was explained in detail and visualized through
membership function plots and defuzzified output graphs. A real case example
demonstrated how input conditions such as low damage intensity and small
extension in a medium bridge scenario correctly triggered a low alert level.

By embedding this fuzzy reasoning layer, the SHM framework achieves
not only high accuracy from machine learning models but also interpretabil-
ity, transparency, and decision support that aligns with engineering judgment.
The result is a more reliable, responsive, and understandable monitoring sys-
tem suitable for real-time bridge health assessment and maintenance planning.

This chapter concluded the reasoning layer of the proposed SHM system,
which enables high-level, human-readable decisions to be derived from machine
learning outputs. In the subsequent chapters, we explore system-level perfor-
mance integration and discuss the overall impact of interpretability, real-time
alerting, and hybrid model fusion in SHM deployment scenarios.
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Chapter 9

Conclusions and Future Work

"The brain is a neural network. Why not simulate it and see
what happens?”

— Geoffrey Hinton.

9.1 Conclusion . . . . . . . . . 148
9.2  Future Directions . . . . . . . . . . . . .. 149

9.1 Conclusion

This thesis presented a comprehensive framework for Structural Health Mon-
itoring SHM of railway steel bridges using vibration-based data analysis,
frequency-domain feature extraction, deep learning architectures, and fuzzy
reasoning. The main contributions of the work are summarized below:

e A structured pipeline was developed to convert raw accelerometer sig-
nals into time-frequency representations using Hankel matrices, SVD, and
Short-Time Fourier Transform (STFT). These spectrograms formed the
core feature inputs for classification models.

e Multiple deep learning architectures, including ResNet50, DenseNet121,
and EfficientNetB0,were trained from scratch for damage intensity and
bridge scenario classification. Their performance was evaluated using key
metrics such as accuracy, precision, recall, F1-score, and ROC-AUC.

e Fusion models integrating DNNs with Vision Transformers (TRNet, TD-
Net, TENet) were proposed and shown to improve performance by com-
bining local feature extraction with global attention.

e A fuzzy reasoning layer was introduced to enhance interpretability. This
layer translated outputs from deep learning models into qualitative safety
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alerts (for example, Low, Medium, Critical), mimicking expert decision-
making and facilitating actionable insights.

e Extensive training and evaluation across multiple configurations demon-
strated strong convergence, high accuracy (often exceeding 90%), and re-
liable classification of damage severity and location.

Overall, the integration of deep learning and fuzzy logic in a vibration-based

SHM context proved to be an effective approach for accurate, interpretable, and
real-time damage detection in railway steel bridges.

9.2 Future Directions

Building upon the foundations laid in this thesis, several promising research
directions can be pursued:

e Multimodal Sensor Fusion: Incorporating additional sensing modali-
ties such as strain gauges, temperature sensors, and image data (from Un-
manned Aerial Vehicle (UAV)s or fixed cameras) can improve model ro-
bustness and support context-aware SHM.

e Transfer Learning and Domain Adaptation: Pre-training models
on large generic datasets and fine-tuning them on limited bridge-specific
data can reduce training costs and improve generalization across different
bridge types.

e Real-Time SHM Deployment: EfficientNet-based fusion models and
lightweight transformer modules can be deployed on embedded systems
(for example, NVIDIA Jetson, Edge TPUs) for real-time monitoring in
the field.

e Uncertainty Quantification: Integrating Bayesian inference or
dropout-based uncertainty estimation can help quantify confidence in dam-
age predictions, supporting safer maintenance decisions.

e Online Learning and Drift Adaptation: Incorporating continual
learning strategies would allow SHM systems to adapt to aging structures
and evolving operational conditions without full retraining.

e Explainable AI (XAI): Further development of interpretable models
(for example, Explainable Boosting Machines) can help bridge the gap
between model performance and human trust.

The findings and models developed in this thesis can serve as a founda-
tion for the next generation of smart, scalable, and interpretable SHM systems,
ultimately contributing to the safety and sustainability of critical railway in-
frastructure.
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