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Abstract

The application of machine learning in structural health and crack prediction is of
paramount importance, as it offers the potential to enhance the accuracy,
efficiency, and reliability of detecting and predicting damage in various materials
and structures. This research presents an in-depth exploration of machine
learning (ML) applications in the field of Structural Health Monitoring (SHM)
across various materials, including composites, metals, and polymers. The study
identifies the current challenges in implementing ML in SHM, such as data
sparsity, interpretability of ML models, overfitting, and the absence of general

guidelines for ML model selection.

The research analyses the dynamic response data of different materials and
establishes significant crack depth predictors for materials such as aluminum,
concrete, and 3D-printed Acrylonitrile Butadiene Styrene (ABS). It further
investigates and validates selected ML models to predict crack depth in different
materials. The models' performance is evaluated using Mean Squared Error
(MSE) on both training and test sets, demonstrating their ability to capture
meaningful patterns within the data and make reasonably accurate predictions.
A significant contribution of this study is the proposal of an automated model
utilizing the H20O library for crack propagation prediction in ABS materials. This
model demonstrates the potential of automation in SHM, offering substantial
benefits for structural integrity assessment, maintenance strategies, and
materials design in various industries. This research concludes with
recommendations for future research, including the exploration of advanced ML
algorithms, investigation of additional predictive features, and evaluation of the

models in different real-world scenarios.
Keywords:

Machine learning, Structural health monitoring and assessment, ABS, Aluminum,

Concrete, Automated Machine learning, H20 library, Python.
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1 INTRODUCTION

1.1 Background

Cracks in structures pose a significant threat to their safety and longevity, leading
to catastrophic failures and loss of life. Thus, understanding the mechanisms of
crack propagation and predicting the behavior of structures under dynamic loads
is of extreme importance. Traditional analytical methods for modeling crack
propagation are often limited to simple geometries and linear elastic materials.
However, real-world structures are complex and exhibit nonlinear behavior under
dynamic loads, making it challenging to accurately predict crack growth and

propagation.

Machine learning (ML) approaches have emerged as promising tools for
modeling the interdependencies between dynamic loads and crack propagation
in complex structures. By using data-driven techniques, these methods can learn
from the behavior of the system under various conditions and make accurate
predictions about its future behavior. ML approaches have been used
successfully in various fields, including finance, healthcare, and image
recognition. The application of ML techniques in structural engineering is

relatively new, but the potential benefits are significant.

1.2 Motivation

The study's motivation arises from the pressing need to enhance the accuracy of
predicting crack growth and propagation under dynamic loads in complex
structures within the field of structural health monitoring and assessment. The
conventional analytical methods employed for modeling crack propagation are
often restricted to simple geometries and linear elastic materials. However, real-
world structures are intricate and exhibit nonlinear behavior when subjected to
dynamic loads, posing a formidable challenge in accurately predicting crack
growth and propagation. The precise anticipation of crack growth and
propagation plays a pivotal role in ensuring the safety and durability of structures.
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In recent years, ML approaches have garnered increasing interest for addressing
structural engineering problems. ML techniques offer several advantages over
traditional analytical methods, primarily by leveraging data to learn and make
precise predictions about intricate systems. By utilizing data-driven techniques,
these ML methods can assimilate information from a range of conditions and
accurately forecast the future behavior of the system. This potential presents an
avenue to overcome the limitations of traditional analytical methods and provide
more precise predictions of crack growth and propagation in materials science.

In addition to enhancing prediction accuracy, machine learning (ML) approaches
present the opportunity for significant time and cost savings. Traditional analytical
methods require exhaustive data collection, meticulous model development, and
rigorous validation processes, all of which can be exceptionally time-consuming
and expensive. However, it is important to note that ML methods do require
substantial data collection; they cannot completely circumvent this necessity.
Nevertheless, the key distinction lies in the learning process. Unlike traditional
methods, ML approaches have the ability to autonomously learn from the
provided data and subsequently generate accurate predictions with minimal
human intervention. While the training process in ML can indeed be lengthy, the
efficiency gained in prediction accuracy, coupled with the reduced need for
extensive manual model development and validation, results in notable time and
cost savings. This intrinsic capability of ML to learn from data and make
predictions autonomously reinforces its effectiveness, making a compelling
argument for its adoption in various fields. This capability has the potential to
streamline and expedite the process of modeling and predicting crack growth and
propagation, resulting in significant reductions in time and cost requirements.
However, the application of ML in materials science and crack prediction also
presents several challenges. One of the primary challenges is the availability and
guality of data. ML algorithms heavily rely on large and high-quality datasets to
learn effectively. Obtaining such datasets with detailed information on crack
growth and propagation under dynamic loads can be challenging and may require
extensive experimental or simulation efforts. Additionally, the interpretation of

complex ML models and the extraction of meaningful insights from them can be
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difficult, hindering the adoption and acceptance of these models in the materials
science community. The integration of ML approaches with existing analytical
models and the development of hybrid methodologies poses further challenges,
as they require careful consideration of model compatibility, data integration, and
validation procedures. Furthermore, the black-box nature of some ML algorithms
can limit their explainability, making it challenging to understand the underlying
factors driving predictions. Explainability is crucial in materials science, as it helps
researchers and engineers gain insights into the fundamental mechanisms of
crack growth and propagation, contributing to the development of better materials
and structural designs. Machine learning holds great promise for enhancing crack
growth and propagation predictions in materials science. However, we must
overcome some challenges before fully realizing its potential. The research
purposes to address several challenges, including ensuring the availability of
sufficient relevant data, enhancing the models' clarity and comprehensibility,
integrating them seamlessly with existing methods, and ensuring they can offer
clear explanations for their predictions[1]-[8]. Overcoming these challenges will
enable the development of robust and reliable ML models that can accurately
predict crack behavior under dynamic loads, ultimately enhancing the safety and

durability of structures in various applications.

1.3 Aim and Objectives

The overall scientific aim of this research is to investigate machine learning
approaches to model the interdependencies between applied load and crack
propagation in mechanical structures, aiming to generalize an accurate crack
prediction model for different materials (composite, metal, and polymer) and
reduce the associated computational effort. To achieve the aim of this research,

the author emphasizes the following research objectives:

1. Identify the current challenges in machine learning approaches for

structural health monitoring and assessment.

2. Analyse the compatibility of dynamic response data of different material

structures with the prominent ML approaches.
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3. Develop an ML model based on the suitable approach/es to relate the

interdependencies in between the dynamic response and crack propagation in

structures .
4. Evaluate the efficiency and accuracy of the developed ML model.
5. Validate the proposed model with experiments on arbitrary values

(composite, metal, and polymer).

1.4 Thesis Structure

Chapter 2: Literature Review_ summarize relevant literature on machine
learning approaches, dynamic loads, and crack propagation. Discuss related
work in the field, highlighting key findings, methodologies, and any identified gaps
in the existing literature that the current research aims to address.

Chapter 3: Suitability Analysis of Machine Learning Algorithms for Crack
Growth Prediction Based on Small-Moderate Dynamic Response Data _
Evaluate and analyse the suitability of various machine learning algorithms for
crack growth prediction using small to moderate dynamic response data. Discuss
the selection criteria, methodology, and justification for the chosen algorithms.

Present findings and insights from the analysis.

Chapter 4: Methodology and Data Preparation _ Describe the dataset used
for crack prediction in FDM 3D printed ABS and 2024 Sheet Aluminium
specimens and Concrete. Explain the steps taken to preprocess and clean the

data. Outline how the dataset was divided into training and testing sets.

Chapter 5: Results and Discussion_ Introduce the machine learning models
employed. Present the results of training and testing the models. Include the
evaluation of the accuracy and reliability of the crack prediction models.

Summarize the key findings and insights from the crack prediction application.

Chapter 6: Automated Model using H20 Library _ Discuss the development

of a generalization model using the H2O library. Explain the methodology,

15



implementation, and evaluation of the model. Present the results and discuss its

performance compared to previous models.

Chapter 7: Conclusion _Summarize the main findings and contributions of the

research. Propose future directions and potential areas for further research.

16



2 LITERATURE REVIEW

2.1 Introduction

SHM is a field of study focused on the monitoring, assessment, and maintenance
of the structural integrity of engineered systems, including bridges, buildings, and
aircraft. SHM utilises various techniques to track changes in structural
performance, identify potential failures, and predict future structural behavior. A
hierarchy of levels required for structural health monitoring and assessment has
been defined by Rytter [9], which is illustrated in Figure 2-1. The hierarchy
includes multiple levels that are required to perform SHM effectively. Each level
builds upon the previous level, and a higher level of desired detail leads to
increased difficulty. The levels include data acquisition, data processing, feature
extraction, damage identification, damage characterization, and prognosis.
Prognosis is a unique level that requires an understanding of the physics of the

damage and is different from other hierarchy levels [10].

Rytter's Hierarchy

Detection Location Classification Assessment Prognosis

Residual life of the
structure
information

Damage presence Damage position Damage type Damage extent
information information information information

Figure 2-1 Rytter's Hierarchy for Structural Health Monitoring and Assessment and Material

Science Tasks.
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SHM approaches provide early warnings of damage occurrences to support
asset management decisions, which eliminates unscheduled maintenance and
in-service failures. SHM can present various economic benefits by reducing
system failures, increasing the efficiency of maintenance, and providing cost-
effective data-based designs. This leads to an extension of the structure design
life and improves safety, making it widely implemented across different industries,
such as civil infrastructure, manufacturing, aerospace, and power generation.
The process of SHM involves employing statistical analysis, damage-sensitive
feature extraction, and dynamic responses to monitor the structure using non-
destructive methods such as vibration/model analysis, X-rays, ultrasonic testing,
and optical methods. However, the development of robust SHM technologies
tends to have three main challenges. First, the damage is not directly
measurable. Second, confounding factors such as changes in boundary
conditions and/or obscure load patterns in data associated with damage, and
environmental conditions need to be eliminated before implementing health
decision strategies. Third, numerous techniques of structural health monitoring
require damage situation data from all damage scenarios of interest, often in a
set of operational conditions, which may not be feasible practically or
economically or would cause safety concerns. To monitor the structure in the
process of structural health monitoring and assessment, statistical analysis,
damage sensitive feature extraction, and dynamic responses are employed. In
the following section, we will explore various SHM approaches that have been
developed to assess and monitor the integrity and condition of structures over

time.

2.2 Structural Health Monitoring Approaches

2.2.1 Inverse Model-Driven Approaches
Inverse model-driven approaches have been increasingly used as a promising

solution for SHM. SHM involves the continuous monitoring of the condition of
structures and their components to ensure their safe and efficient operation.
Inverse model-driven approaches use mathematical models to reconstruct the

state of the system based on measurements taken from sensors installed on the
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structure. The purpose of inverse modeling is to obtain information about the
system's state that would otherwise be difficult or impossible to measure
directly[11], [12].

One of the key advantages of inverse model-driven approaches is their ability to
incorporate multiple sources of information, including measurements of
temperature, vibration, and strain, to obtain a comprehensive understanding of
the structure's condition. This information can be used to identify potential
problems, such as cracks or deformations, that may compromise the structure's
integrity. Inverse model-driven approaches can also provide insight into the
underlying physical mechanisms that contribute to structural damage, which can
inform the design of more robust and resilient structures[11].

Inverse model-driven approaches can be used in a variety of structural monitoring
and assessment scenarios, such as bridge health monitoring, wind turbine blade
inspection, and structural integrity assessment of offshore platforms. For
example, in the case of bridge health monitoring, inverse models can be used to
estimate the stress and strain fields within the bridge structure based on
measurements of deflection and acceleration. This information can then be used
to detect the presence of cracks, deformations, and other anomalies that may

indicate the need for maintenance or repair[11], [13]-[15].

One of the key applications of inverse model-driven approaches in SHM is in the
analysis of integrated thermal and vehicular response. A study by Kromanis et al.
[16] introduced a measurement interpretation approach that merges the
regression-based thermal response prediction methodology with a novel
methodology for predicting traffic-induced response. The approach first removes
both environmentally and operationally induced trends from measurement time
series of structural response [10]-[12], [17], [18]. The resulting time series is then
analysed using anomaly detection techniques. Another study by Dang et al [19]
developed a practical end-to-end framework that makes use of physical features
embedded in raw data and an elaborated hybrid deep learning model for SHM.
The method combines various signal processing techniques such as the

autoregressive model, discrete wavelet transforms, and empirical mode
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decomposition. The hybrid deep learning model is designed based on the
capacity of capturing local information and the prominent ability to learn long-term
dependencies. Moreover, the development of smart sensing technology
approaches in SHM of bridge structures has been explored by [20]. The research
provides a detailed understanding of bridge monitoring, focusing on sensors
utilized and all kinds of damage detection according to bridge nature and
environmental degradation under static and dynamic loading. These studies
demonstrate the potential of Inverse Model-Driven Approaches in providing real-
time solutions for decision making in SHM, despite the high computational cost

associated with these approaches.

Despite the numerous benefits of inverse model-driven approaches, there are
some challenges that must be addressed to ensure their effective and reliable
use in SHM. One of the key challenges is the complexity of the mathematical
models used in inverse modeling. These models require a detailed understanding
of the physical behavior of the structure, including the material properties and
geometry of the components, as well as the loading conditions and boundary
conditions. Another challenge is the need for high-quality and reliable sensor
data, which can be difficult to obtain in challenging environments, such as
offshore platforms or wind turbines. Inverse model-driven approaches offer a
promising solution for structural health monitoring and assessment, allowing for
the integration of multiple sources of information and the detection of structural
damage in real-time [13], [21], [22]. HowevVer, to ensure their effective and reliable
use, the complexity of the mathematical models used in inverse modeling and the
guality of sensor data must be addressed [8]. ML also faces a similar challenge
in terms of needing high-quality and reliable data for training and prediction. Just
like in the context of structural health monitoring, where sensor data needs to be
accurate and trustworthy, machine learning models rely on clean and relevant
data to make accurate predictions and decisions. Whether it's offshore platforms,
wind turbines, or any other application, the availability of good data is crucial for

the success of machine learning models.
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2.2.2 Forward Model-Driven Approaches
Forward model-driven approaches in SHM involve the use of mathematical

models to predict the behavior of a structure under various conditions. These
models are typically based on the physical properties of the structure, such as its
geometry, material properties, and loading conditions. By simulating the
response of the structure to various stimuli, such as external forces or
temperature changes, these models can be used to identify potential structural
issues before they become serious problems [23]. One of the key advantages of
forward model-driven approaches is their ability to provide a comprehensive
understanding of the behavior of a structure under different conditions. By
simulating the response of the structure to various stimuli, these models can
identify potential issues that may not be apparent through visual inspection or
other monitoring techniques. This allows engineers and other stakeholders to
make informed decisions about the maintenance and repair of the structure,
potentially reducing downtime and extending the life of the structure. Another
advantage of forward model-driven approaches is their ability to incorporate data
from multiple sources. By combining data from sensors, visual inspections, and
other sources with the output of the model, engineers can develop a more
complete understanding of the structure's behavior. This can help identify
potential issues early on, allowing for more efficient and effective maintenance
and repair[24], [25]. There are a variety of different techniques used in forward
model-driven approaches, including finite element analysis, computational fluid
dynamics, and structural dynamics modeling. These techniques rely on advanced
computational methods to simulate the behavior of the structure under various
conditions and can be tailored to the specific needs of the structure and the
monitoring program. In recent years, the forward model-driven approach has
been instrumental in advancing our understanding of structural behavior,
particularly in the context of seismic activities. Xiong et al [26] employed this
methodology to assess the seismic performance of steel box girder bridges,
emphasizing the integration of the bridge deck with the orthotropic steel deck,
forming a steel-concrete composite structure. Their research combined finite

element analysis (FEA) with field measurements to derive their conclusions.
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Similarly, [27] utilized finite element (FE) analysis and operational modal analysis
(OMA) to evaluate the seismic vulnerability of a masonry arch bridge on the Kalka
Shimla Mountain Railway line, a region known for its severe seismic activity. Their
findings provide valuable insights into the seismic performance of such
structures. On a different note, Tatarciuc et al. [28] used finite element analysis
to assess the stability of inlay-retained dental bridges, demonstrating the
versatility of the forward model-driven approach beyond traditional civil
engineering applications. Liu et al [29] delved deep into the finite element analysis
of cable-stayed bridges, focusing on their behavior under seismic excitations.
Their study underscored the importance of considering appropriate initial shapes
and highlighted the intricate interaction between the deck and the stay.
Collectively, these studies underscore the versatility and efficacy of the forward
model-driven approach in understanding and predicting structural behavior under
various conditions. Previous studies demonstrate the potential of forward model-
driven approaches in structural health monitoring and assessment. By utilizing
advanced computational models, integrating sensor data and real-time
monitoring systems, and incorporating machine learning techniques, engineers
can gain a more comprehensive understanding of the behavior of structures
under different conditions. As these approaches continue to evolve, they are likely
to become an increasingly important tool in the field of structural engineering([8],
[14], [30]. Forward Model-Driven Approaches, while effective in many
applications, have their limitations. One significant drawback is their dependency
on accurate and comprehensive mathematical models that describe the
underlying physical processes. Constructing these models can be a complex and
time-consuming task, requiring in-depth domain knowledge and expertise.
Additionally, these models may not always capture all the intricate details of real-
world systems, leading to discrepancies between the model's predictions and the
actual behavior of the system. This limitation becomes especially critical in
situations where the system's dynamics are poorly understood or where external
factors, such as environmental conditions, introduce uncertainties. Furthermore,
these approaches often struggle with adapting to dynamic and changing

environments, as model updates can be challenging to implement in real-time.
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The reliance on precise models and their lack of flexibility in handling
uncertainties and dynamic conditions can restrict the practical applicability of

Forward Model-Driven Approaches in certain real-world scenarios [23], [31], [32].

2.2.3 Data-based Approaches
This approach uses statistical techniques to analyse measurement data in order

to identify patterns and anomalies that may indicate structural degradation.
According to a review by [8], [14], [30], these approaches can be used to identify
patterns and anomalies in the data that may indicate structural degradation.
Data-based approaches are a key component of SHM as they help to capture,
process, and interpret the vast amounts of data generated by sensors. There are
several data-based approaches used in SHM, including those discussed in [2],
[3], [33], [34]. A general framework of data-based approaches consists of the
below steps [34]-[36]:

1. Data Acquisition: The first step in data-based approaches is to acquire
data from sensors that are placed on the structure. These sensors can
measure various parameters such as strain, temperature, vibration, and

displacement.

2. Data Processing: Once the data is acquired, it needs to be processed to
extract useful information. This involves filtering, averaging, and

smoothing the data to remove noise and improve its accuracy.

3. Feature Extraction: The next step is to extract features from the
processed data that can provide insights into the structural condition.
Features can include frequency response functions, modal parameters,

and damage indicators.

4. Data Analysis: The extracted features are then analysed using statistical
and machine learning techniques to identify patterns and anomalies that

indicate changes in the structural condition.

5. Structural Health Assessment: Finally, the information obtained from
data analysis is used to assess the health of the structure and determine

if any maintenance or repair is required.
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According to Klunnikova et al [37], machine learning and extracted features play
a critical role in data-based decision-making for structural damage prediction.
Figure 2-2 presents a clear chart of the machine learning workflow for SHM tasks,
which includes data pre-processing and cleaning, model training, and model
testing and evaluation. The authors emphasize that cleaning raw data and
selecting and extracting sensitive features before training machine learning

models can enhance the performance and accuracy of the model prediction.
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Figure 2-2 Machine learning workflow [37]

Figure 2-3 illustrates the categories of machine learning and commonly adopted
algorithms within the context of structural health monitoring and assessment, as
presented by [38]. It also highlights three major problems that machine learning
techniques aim to solve: regression, density estimation, and classification.
Regression infers an unknown function based on mapping an input to an output,
while density estimation infers probability density clusters from data, and
classification labels data based on an inferred decision boundary.
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Figure 2-3 The categories of machine learning with commonly adopted algorithms [38]

Recent advancements in the realm of SHM have been significantly influenced by
data-driven approaches. Bono et al [39] delved into the application of intelligent
systems for SHM, emphasizing the potential of deep learning models in detecting
structural changes. Their research compared two deep learning approaches
applied to a test rig of a small four-storey building model, revealing that physics-
informed neural networks showed heightened potential in damage detection and
location. Sierra et al [40] highlighted the increasing demand for renewable energy
and the consequent rise in wind energy projects. The research focused on data
extraction from monitoring systems for wind turbines, particularly using fiber-
Bragg-grating-based systems. Building on these advancements, Reuland et al.
[41]lemphasized the importance of rapid post-earthquake damage assessment.
Their research offers a comprehensive review of damage-sensitive features,
aiming to assess the capacity of data-driven indicators to detect, localize, and
guantify the presence of nonlinearity in seismic-induced structural response.
Dang et al. [42] highlighted the significance of SHM in rail transit systems,
proposing an efficient image classification model for railway status identification

using ultrasonic guided waves. Pollastro et al [43] introduced a semi-supervised
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method with a data-driven approach using Artificial Neural Networks (ANNS) in
SHM systems, showcasing its potential in detecting structural anomalies. Ahmad
et al [44] proposed a sensing system comprising a vast network of RF-powered
sensors that use backscatter communication, indicating the potential of this
approach for 3D structural health monitoring.

One of the advantages of data-based approaches in SHM is that they can
enhance continuous and real-time monitoring of the structure. This enables early
detection of any damage or deterioration and can help prevent catastrophic
failures. Additionally, data-based approaches are non-destructive, meaning that,
they do not require physical intervention in the structure and can be applied to

both new and existing structures.

However, data-based approaches also have some challenges, including the need
for accurate sensor placement and calibration, the need for robust data
processing and analysis techniques, and the need for effective visualization and
communication of the results to stakeholders. Data-driven approaches have
shown great potential in detecting and locating damage in various types of
structures, contributing to the development of more effective and efficient SHM
systems]3], [8], [45].

2.3 Machine Learning Applications in Crack Mechanics
Crack mechanics is a specialized field of study, primarily focusing on the analysis

of crack initiation and propagation in materials. This area of research is
paramount for enhancing the safety and reliability of engineered structures.
According to research by [6], [46], [47], the subdomains of crack mechanics
include:

1. Crack Diagnosis and Detection: This area concerns the identification of
cracks on various scales (macro, meso, and micro) that might culminate
in mechanical failure. Mechanical damage typically describes the defect
within a structure.

2. Fracture Parameters and Mechanical Fracture: This segment
encompasses parameters such as fracture energy, fracture toughness,

crack propagation, and fractography, all of which pertain to mechanical
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fracture. A fracture represents the division of a solid body into two or more
parts.

3. Fault and Error Diagnosis and Detection: The emphasis here is on
identifying deviations in mechanical systems or components. Such
deviations diverge from the anticipated conditions, leading to diminished
mechanical performance.

4. Failure Mode and Mechanism Identification: This domain covers the
physical processes causing mechanical failure. A nuanced description of

a failure mode is termed a "failure mechanism.".

Delving into fracture mechanics, both empirical and analytical approaches,
demands significant time and a high level of technical expertise. This makes it a
challenging endeavour. Figure 2-4 highlights the pressing issues identified in
contemporary fracture mechanics research. Notably, there are instances where
neither empirical nor analytical solutions can address intricate engineering
challenges, such as decoding nonlinear relationships in high-dimensional data.
Hence, meticulous monitoring and evaluation of various mechanical structures
are imperative. Such assessments ensure dependable information on their
serviceability, safety, health, and integrity, considering the structure's continued

performance is intertwined with the timely identification and monitoring of
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Figure 2-4 The major concerns in the crack mechanics’ field.
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damage. In recent times, ML has surfaced as an invaluable asset for crack
analysis. ML algorithms, including ANNs, Support Vector Machines (SVMs), and
Random Forests (RFs), can map relationships between crack properties and
numerous inputs, like material attributes, loading conditions, and geometry. This
equips engineers with predictive capabilities, enriching design, and maintenance
processes. ML finds its utility in crack mechanics, notably in predicting crack
initiation and propagation. For instance, ANNs have modelled relationships
between stress intensity factors (SIFs) and inputs, aiding predictions about crack
behaviours [48]. SVM models have been utilized to forecast the critical stress
intensity factor [49]. Various studies have demonstrated the efficacy of ML in this
domain [50], [51]. Another avenue where ML showcases its prowess is in the
classification of cracks. RFs, for instance, have been employed for classifying
cracks by shape and geometry [47]. This aids in prioritizing maintenance efforts
and enhancing structural safety. Balcioglu et al. [46] also ventured into this
domain, advocating for a meticulous approach to data collection for achieving
accurate results. Optimizing structural designs to counteract crack initiation is
another potential application of ML. ANNSs, for example, have facilitated designs
that boost crack resistance [52], [53]. This proactive approach could lead to
structures that are intrinsically resistant to crack propagation, mitigating potential
failures. Furthermore, ML assists in developing crack detection and monitoring
systems. Real-time crack detection, based on structural vibration responses, has
been achieved using ANNs [54], underscoring the predictive maintenance
potential. However, challenges persist. Data availability remains a significant
hurdle. ML demands comprehensive and representative datasets, yet acquiring
such data on crack behaviours is onerous, typically requiring costly experiments
or simulations. Additionally, selecting the appropriate ML algorithm, given the
vast array available, is a complex task. The choice depends on the specific needs
of the crack analysis and available resources. While challenges exist, ML's
potential in crack mechanics is undeniable. It promises enhanced comprehension
of crack behaviours, culminating in safer and more reliable engineering
structures. The role of feature extraction and selection remains pivotal, ensuring

accurate outcomes in damage assessment.
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2.4 The Importance of Feature Engineering and Tools

Worden and Manson[34] proposed seven axioms for structural health monitoring
and assessment. These axioms confirm that feature extraction through statistical
classification and signal processing is fundamental for converting sensor data
(raw data) into damage information. Therefore, feature extraction and selection
should be performed before training the ML models to enhance the model's
performance, flexibility, and efficiency. While most ML approaches use standard
feature extraction and selection algorithms, some can modify features to achieve
the best potential prediction performance. Feature extraction involves
transforming the measured signal into features (also known as attributes), which
serve as inputs for a learning algorithm. The extracted features should retain the
maximum amount of information contained in the collected signals by eliminating
all redundant data. The features' suitability can be quantified according to their
sensitivity to cracks and noise immunity. Another constraint is determined by
insensitivity to various operating and environmental conditions. In other words, if
the measured signals are affected by differences in these operational and
environmental conditions, the extracted features should be stable and robust
under these conditions [55], [56]. To address these issues, a preliminary step to
feature extraction, involving signal processing procedures to correct the collected
signals and ensure a fair comparison with the baseline signal, is often required.
A popular method for reducing the effects of noise is discrete wavelet
transformation [56], [57]. Feature extraction involves two essential tasks that
enhance the effectiveness of ML models. The first task is dimensionality
reduction, which can be achieved using various methods such as Linear
Discriminant Analysis (LDA), Generalized Discriminant Analysis (GDA), and
Principal Component Analysis (PCA). The second task involves transforming the
data into a higher-dimensional space to make the patterns sparse and separable,
such as in kernel-based ML algorithms [58]. Feature selection is the process of
identifying the most relevant features that can predict outputs with high accuracy
[56], [59]. In analogy with SHM applications, feature selection aims to find
features that offer high performance in damage detection and classification.

Consequently, features that contain redundant information will be excluded from
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the final dataset or include information about damage presence [56]. This way,
the global dataset dimension is significantly reduced, helping avoid the curse of
dimensionality [56], [60]. Concerning the number of features, adding more may
cause a decrease in the accuracy of the classification algorithm. In theory, an
increase in the dimensions of features should be correlated with a significant
increase in the training dataset. This is impractical in most instances and requires
considerable computing time. If this condition is not tested, it may cause an
overfitting issue [61]. Overfitting occurs when the misclassification of training data
reduces as it increases for validation data. In other words, while the classifier can
accurately predict the class memberships for training data by memorizing them,
it loses its ability to generalize unknown data. Cross-validation is an approach
used to evaluate a classifier's accuracy and validity by testing it on different
partitions of the training data [56]. Feature selection can be classified into three
methods:

1. Filter methods: These classify the original features according to an
importance measure such as the scores from correlation coefficients
between individual features and the response variable or chi-square test.
Filter methods use statistical techniques to evaluate a subset of features.

2. Wrapper methods: These recursively exclude or include features from the
original features and select the best-performing feature set based on the
feedback from the ML model. They use cross-validation to evaluate a
subset of features.

3. Embedded methods: These are used by algorithms that have their built-in

feature selection methods (e.g., LASSO and Ridge regression).

Both wrapper and filter methods effectively avoid overfitting problems by reducing
highly correlated features and model complexity. However, since filter methods
do not consider the classifier's performance, they can't be utilized to identify
damage-sensitive features. Wrapper methods are well-suited for damage
detection. Despite the importance of feature selection in the process of damage
detection, it hasn't received much attention within the SHM community. This
might be because the intuitive belief is that more features improve classification

performance. It might also be implicitly incorporated into the feature extraction
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process. However, Bagheri et al [62] presented feature selection using ANN to
categorize three types of faults in immersed plates. Feature extraction was
performed in time-frequency, time, and frequency domains. Eight features were
selected to represent a signal. As ANN is considered a comprehensive approach,
finding the optimal number of features is challenging, especially when the number
of hidden neurons may also be adjustable. The authors therefore decided to
assess each feature individually and compare it with a combination of four
features. Although the four-feature case showed no substantial improvement
over a single feature, there's no guarantee that the optimal number of features
was found because other combinations weren't considered. Similar work using
a probabilistic neural network was conducted by [63]. Among the six features
extracted, four were chosen as the most discriminatory. Once again, no
explanation was given regarding the criterion upon which this feature was
selected. Jiang et al. [64] used spatial filtering to preprocess microphone signals.
Pre-processed signals and the original sensor signals were fed into NN5. The
study results demonstrated a comparison in classification accuracy of the NN5
model without and with spatial filtering in both training and cross-validation.
Filtered signals achieved 97.7% and 97.5% accuracy in training and cross-
validation, respectively, compared against 86.4% and 80.4% without spatial

filtering.

In addition to the aforementioned feature selection and extraction techniques,
domain-specific feature engineering techniques have been developed to address
specific data structures and issues, such as Scale-Invariant Feature Transform
(SIFT) features [65], Histogram of Oriented Gradients (HOG) features [66], and
HAAR-like features [67], [68]. These techniques require trial and error testing and
are developed to work only for very specific problems and data structures. Deep
learning (DL) and neural networks (NNs) approaches automate feature
engineering to enhance performance in various data mining and pattern
recognition domains [69]. Due to the increase in computation power, which has
made complex NNs architectures trainable, NNs have become popular, achieving
exceptional feature extraction [70]. The complex architecture of deep neural

networks allows for automatic feature extraction. Contrary to shallow learning or
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conventional machine learning, feature extraction is performed outside the
algorithmic stage. In other words, data scientists and experts, not machines, are
responsible for analysing raw data and transforming it into valuable features. The
extraction of sensitive features is crucial to the successful damage assessment
application within the machine learning paradigm. However, in practice, it seems
difficult to identify a superset of damage-sensitive features to estimate and

evaluate all types of structural systems.

2.5 Machine Learning for Crack Assessment in Smart
Structures
Smart materials are capable of responding to external factors such as

temperature, stress, magnetic fields, and humidity by changing their fundamental
properties in a controlled manner. When integrated with sensors and actuators,
smart materials form intelligent structures capable of sensing and adapting their
dynamic and static responses, also known as adaptive structures. These
structures can continuously monitor the existence, location, and severity of
damage. Machine learning can be used to assess and detect damage in these
structures, with two essential stages: feature extraction and selection, and model
training .[71], [72]

In parametric machine learning-based methods, the modal parameters of the
monitored structures, such as damping ratios, frequencies, and mode shapes,
are considered as extracted features[73]—[76]. Non-parametric machine learning-
based methods use techniques such as wavelet transform, autoregressive
modeling, basic statistical analysis, time-frequency methods, and principal
component analysis to extract features. Popular domains for feature extraction in
undamaged and damaged structures include time domain, frequency domain,

time-frequency domain, modal analysis, and impedance [77]-[80].

Sensitive features can be extracted from high frequency, low-wavelength guided
waves or low frequency, high wavelength structural response. These features,
also known as descriptors, include duration, rise time, count to peak, peak
amplitude, average frequency, energy, and peak frequency for acoustic waves,

low-wavelength guided, or high-frequency. Different classifiers are used in both
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nonparametric and parametric machine learning-based methods, such as fuzzy
neural networks, artificial neural networks, probabilistic neural networks, support
vector machine, singular value decomposition, and online sequential extreme
learning machine algorithm [69], [75], [81]-[87].

The success of structural damage detection techniques based on machine
learning depends primarily on the choice of classifier and extracted features.
Therefore, caution must be exercised in choosing the appropriate features to
analyse signals and capture the most important characteristic condition. Similarly,
based on the extracted feature types, a suitable classifier must be implemented
to classify them accurately. This review provides a general guideline for selecting
the best combination of ML tools and damage sensitive features for assessing
and detecting structural damage in different materials.

2.5.1 Composite Structure
Composite materials are made up of multiple materials with different properties,

resulting in materials that have the best qualities of their components without any
chemical reaction or solubility [2]. In order to train machine learning algorithms to
accurately detect cracks in composite materials, it is important to identify sensitive
features that can be used as inputs to the model. Several studies have
investigated this issue and identified potential sensitive features. For instance,
Khan et al; Yuan et al [88], [89] used a machine learning approach to detect
damage in composite laminates such as glass-fibre-reinforced plastic (GFRP)
and carbon-fibre-reinforced plastic (CFRP). They identified that features related
to the stiffness and modal parameters of the structure were sensitive to damage,
including changes in natural frequencies, mode shapes, and modal damping
ratios. These features were extracted from experimental data using a
combination of modal analysis and digital image correlation techniques. Another
study by Abueidda et al; Feng et al. [90], [91]used a convolutional neural network
to detect delamination in composite laminates. They found that the location and
size of the delamination were important sensitive features, as well as the
amplitude and frequency of the signals generated by the ultrasonic testing

system. In addition, Panda et al. [92] investigated the use of acoustic emission
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signals to detect damage in composite structures. They identified that features
related to the amplitude, frequency, duration, and energy of the acoustic emission
signals were sensitive to damage, as well as the time interval between successive
events. Zhang et al [49] used a support vector machine to detect damage in
composite structures using a combination of vibration and acoustic emission
signals. They found that features related to both the vibration and acoustic
emission signals were sensitive to damage, including changes in natural
frequencies, mode shapes, and amplitude and frequency of acoustic emission

signals.

Neural networks, convolutional neural networks, backpropagation, K-nearest
neighbor, and support vector machines have been applied in the health
monitoring and assessment of composite-based structures, including wind
turbines, bridges, and high-rise buildings[93]. For instance, Soyoz et al. [94] used
a neural network approach to evaluate long-term structural parameters, ageing,
mass, and stiffness of the Jamboree Road overcrossing in Irvine, California. Sung
et al [95] developed a model that combined the Levenberg-Marquardt algorithm
with neural network and generalization method to locate low-velocity impact
damage in composite laminates. Chetwynd et al. [96] used a multilayer
perceptron neural network (MLP) for damage detection in a stiffened curved
carbon fiber reinforced panel, achieving an overall classification accuracy of
90.9%. Hoang et al. [97]compared six machine learning algorithms, including
Classification Tree, Naive Bayesian classifier, Radial Basis Function Neural
Network, Backpropagation Artificial Neural Networks, least squares support
vector machine, and Support Vector Machine, for automatic recognition of
Asphalt pavement cracks based on image processing. The study reported high
rates of classification accuracy of 91.91% and 92.62% for the support vector
machine and least square's support vector machine, respectively. Das et al. [98]
used one-class support vector machines to detect and classify four types of
damage in composite laminates, achieving better classification accuracy with
time-embedded features than with time-frequency features. Godin et al. [99]
employed unsupervised and supervised classifiers for clustering acoustic

emission (AE) signals obtained from unidirectional polyester/glass composite
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tests. They successfully classified the AE signals related to interfacial decohesion
and matrix cracking. Li et al [100] performed cluster analysis of AE signals
collected from the damage initiation and development of epoxy/glass woven
composites using PCA and K-means++ clustering algorithm.

The aforementioned studies demonstrate that there are multiple sensitive
features that can be used to train machine learning algorithms to detect cracks in
composite materials, including features related to stiffness, modal parameters,
ultrasonic signals, acoustic emission signals, and vibration signals. By carefully
selecting and extracting these features from experimental data, it is possible to
train accurate and robust machine learning models for crack detection in

composite materials[2].

2.5.2 Metal Structure
Detecting cracks in metal materials is crucial for preventing catastrophic failures

in structures and engineering components. Machine learning techniques have
been employed to detect cracks in metal materials. The sensitivity of the features
used to train machine learning models is crucial for the performance of these
models. In this regard, various studies have investigated the use of different
features to train machine learning models to detect cracks in metal materials
[101]-[105]. Machine learning has flexible approaches to the modelling of fatigue
crack growth because of its multivariable learning ability and excellent nonlinear
approximation [106], [107]. Wang et al. [106]proposed a fatigue crack growth
calculation method based on three different machine learning algorithms
including genetic algorithms optimized backpropagation network, radial basis
function network and extreme learning machine. Experimental data (including
specimen type, size, initial crack length, loading type) of different materials
(including 7050-T7451 aluminium alloy, Ti6AI4V titanium alloy, ADB610 steel and
D16 alumina) were used for training and testing the proposed ML methods. They
suggested the following procedures for developing the well-trained model of
machine learning for fatigue crack growth. Raja et al [107] investigated the
relationship between stress intensity factor range AK and da / dN fatigue crack

growth rate da/dN using three machine learning algorithms (curve-fitting model,
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extreme learning machine, and backpropagation neural networks) with the
experimental fatigue crack growth data of cryo-rolled Al 2014 alloy. The result
pointed out that the extreme learning machine is the quickest and best model for
predicting unstable crack growth regions compared with the other two used ML
models. Gonzalez et al [108] employed NNs and FEM to identify damage in steel
moment frame structures. The mode shape and frequencies (collected by finite
element model for five-story office buildings) were used as input to train the ML
model. The model output predicted the stiffness and mass of the structure to
deliver a damage index at each story. Another study investigated three machine
learning models (K-nearest neighbour regression, polynomial regression, and
ridge regression) using experimental data of metal plate to predict fatigue crack
growth rate in stage Il and stage lll regions model of K-nearest neighbour
regression was identified as better suited for their application. They also founded
that the accuracy of the machine learning model is strongly reliant on the
selection of training data, prepossessing of experimental data [109]. Thus, the
most essential sensitive features can be used for metal structures as the following

list:

1. Texture Analysis: Texture features, such as grey-level co-occurrence
matrix (GLCM) and local binary patterns (LBP), can be used to analyse

the texture of metal surfaces and identify cracks.

2. Frequency Analysis: Frequency-based features, such as Fast Fourier
Transform (FFT) and Wavelet Transform (WT), can be used to analyse the
frequency components of metal surfaces, and identify changes caused by

cracks.

3. Acoustic Emission (AE): AE features can be used to detect the high-

frequency signals generated by crack propagation in metals.

4. Image Analysis: Image features, such as edge detection, can be used to
analyse images of metal surfaces and identify cracks based on changes

in the image intensity.
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5. Vibration Analysis: Vibration features, such as natural frequencies and
mode shapes, can be used to detect cracks in metal structures by

analysing changes in the vibration response.

6. Material Properties: Material properties, such as the elastic modulus and
yield strength, can be used to detect changes in metal properties caused

by cracks.

It is important to note that the selection of sensitive features depends on the type
of metal material being analysed and the specific characteristics of the crack
being detected. Moreover, the combination of multiple features can lead to a more

robust and accurate machine learning models.

2.5.3 Polymer Structure
Polymer structures are widely used in various applications, including aerospace,

automotive, civil engineering, and medical devices, due to their unique properties
such as lightweight, high strength, and durability. However, these structures are
also susceptible to various types of damages, including cracks, delamination, and
material degradation. Such damages can compromise the performance and
safety of the polymer structure, potentially leading to catastrophic failures. In
recent years, machine learning techniques have been employed for the detection
of cracks in polymer materials. A ridge-regularized multiple linear regression was
used to predict the damage location, damage severity, and fundamental behavior
of ABS structures. This study utilized raw experimental data (both damaged and
undamaged data of aluminium and ABS under coupled mechanical loads at
various temperatures) from references [110], [111] to train the model. The model
indicated that tip amplitude and natural frequency are the most important
predictive features for ABS. Furthermore, the model results confirmed that the
crack position seems to be of little importance for both materials. The crack
position was not identified through the theoretical model. Therefore, future
studies should train data using theoretical models to achieve more rigorous ML
models [112]. Tibaduiza et al [113] proposed a damage detection and
classification approach, which was evaluated and tested on a carbon fibre

reinforced polymer (CFRP) structure. This approach involves using data collected
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from a structure under different states through a piezoelectric sensor network,
leveraging hierarchical nonlinear PCA, discrete wavelet transforms, and machine
learning algorithms (K-nearest neighbour and decision tree). The researchers
emphasized the importance of properly selecting training data when working with
machine learning algorithms; otherwise, the trained machine's results might
deviate from system expectations. RFs, ANNs, and Haar wavelet discrete
transform were applied to predict the severity and location of a crack in the
Bernoulli cantilever beam [114].

Analysis of the prediction results revealed that crack depth was more challenging
to predict accurately than its location. The dataset of eight Haar wavelet
coefficients yielded more precise predictions on crack locations, while the dataset
of eight natural frequency parameters produced more accurate predictions on
crack depth. Chen et al [115] developed a damage identification scheme by
combining hierarchical cluster analysis based on complex network theory and
waveform chain code (WCC) analysis. Waveform chain code analysis was
performed using the principal component analysis-reduced frequency response
function (PCA-reduced FRF), and the areas under the slope differential value
curves were calculated as damage-sensitive WCC features. Unsupervised
machine learning using hierarchical cluster analysis was then applied to these
damage-sensitive features. A rectangular Perspex plate was studied using this
newly developed damage identification scheme. Experimental results
demonstrated that the proposed scheme could successfully distinguish all
damage conditions from the undamaged state with 100% accuracy. Regarding
damage severity and location identification, the scheme could detect damage

severity with a damage index as low as 0.17.

Additionally, the combination of PCA-reduced FRF and mode shapes showed a
positive correlation between the magnitude of the resonant peak and the
displacement of the impact point in identifying different damage locations of the
plate. The selection of sensitive features for machine learning-based crack
detection in polymer materials should be tailored to the specific application and

the type of polymer material in question. A careful selection of these features can
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enhance the accuracy and reliability of machine learning models for crack

detection.

2.6 Common challenges of machine learning
To transition ML in SHM applications from conceptual research to practical

implementation, several obstacles must be addressed. This section provides a
comprehensive discussion of these challenges and proposes areas for future

exploration.

2.6.1 Availability and Quality of Data

One of the main contributors to the success of ML in various fields is its capability
to obtain the necessary data. Although the amount of data required to achieve
reasonable performance for ML models depends on the goal and problem, it's
crucial to have ample high-quality data representing the true distribution. This
enables the ML algorithms to discern underlying patterns and create predictive
models that are genuinely generalizable within the problem'’s scope. A significant
challenge for ML in SHM applications is that datasets are often limited in diversity
and volume. In experiments aiming to predict structural performance and
response using ML techniques, data was sourced from nonlinear response
history analyses conducted by other researchers [116], [117]. However, these
datasets weren't publicly accessible. To comprehend a truly representative
dataset of structural response requirements, an open-access repository with
stringent quality control measures should be established [70]. Over time,
resources like Data Centre Hub (http://datacenterhub.org), Structural ImageNet,
and the National Hazard Engineering Infrastructure (http://rapid.designsafe-
ci.org) will help mitigate this challenge. While there might be hundreds of data
points, datasets produced by physical experiments are more varied. Previous
studies have utilized data from a broad spectrum of experiments conducted by
various researchers, such as [80], [118], [119]. A potential solution to the scarcity
of data from physical experiments is to incorporate ML algorithms with domain
knowledge. This reduces the model space complexity, subsequently decreasing
the data volume needed for effective performance.
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Transfer learning (TL) can address the data shortage issue. The core principle of
transfer learning is leveraging knowledge from training one model in a specific
domain or problem for another. Azimi et al. [120] introduced a novel convolutional
neural network-based method for crack identification and localization using a type
of measured compressed response data through TL-based techniques. The
findings suggest that TL can be effectively employed for crack identification in
similar structural systems with varied sensor types. Future research should
emphasize: «Collecting and conserving diverse datasets. * Providing synthetic
data. « Integrating domain knowledge into ML model design. « Utilizing transfer

learning.

Another vital aspect is data quality, a prevalent challenge for ML models. The
SHM community lacks standardized methods for synthesizing and collecting
datasets. This absence of systematic curation can lead to issues like anomalies
in the data, potentially hampering ML model performance. This is especially true
for ML techniques like logistic regression, less adept at handling noise. In
essence, the typical data filtering process for ML models should be meticulously
merged with the domain knowledge of structural health monitoring and
assessment. Many challenges related to dataset quality can be addressed if
precise collection and processing techniques are established and embraced.
Consequently, Hsieh et al [1] emphasized that data quality and volume are pivotal
in enhancing ML crack detection models. The development of accurate, robust,

and swift ground-truth labelling, and data acquisition is paramount.

2.6.2 Overfitting in Machine Learning Models

Overfitted models, which result in subpar performance outside of the data used
for training and/or testing, represent a significant challenge faced by the broader
ML community. In essence, one of the causes of overfitting is training on and
learning from inaccurate and noisy data entries within the collected dataset.
Consequently, the model may not classify the data correctly. Overfitting can also
arise from nonlinear and non-parametric methods that offer more flexibility in

model construction. These methods can sometimes produce unrealistic models.
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Conventional ML methods attempt to mitigate overfitting through techniques such
as training/testing splits, bootstrapping, bagging, and k-fold cross-validation,
among others. For instance, the stochastic methodology employed by RF to
generate trees was specifically designed to address the overfitting issues

associated with decision trees [120], [121].

It's worth noting that overfitting is not solely a concern during model training but
also during model selection. A complex nonlinear model trained on a dataset with
low-dimensional features might be prone to overfitting. Within the SHM
community, incorporating domain knowledge can help alleviate overfitting
problems, leading to more robust crack prediction and detection applications.
Combining domain knowledge with data-driven methods, such as the approach
used to handle data sparsity, could prove to be a potent mix. While overfitting has
been extensively studied in the ML community, it may be even more crucial in
SHM applications due to the complexity of some mechanics-based relationships
that data-driven models aim to emulate. As a result, ML-SHM models typically
require vast amounts of data, meticulous tuning, and enhanced noise filtering

processes to minimize overfitting effects [80], [122].

2.6.3 Interpretability of ML Models

Perhaps one of the primary challenges associated with ML models is interpreting
the physical significance of the model parameters and elucidating the effects of
features. A commonly held belief is that ML models, especially the more
advanced and intricate ones, function as black boxes. In essence, it's challenging
to discern the mechanics-based relationship between features (inputs) and
response variables (outputs) in data-driven models. To enhance model
explainability, one should conduct feature importance tests to understand their
impact on the model's output variables. These can then be benchmarked against

fundamental principles.

Analysis of variance (ANOVA) [116] and statistical methods like the F-test [123]
can be employed to evaluate the relative strengths of relationships between
features and response variables. Additionally, tools such as individual conditional
expectation curves (ICE), the partial dependence plot (PD plot), and its variants
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are also prevalent [124], [125]. Beyond these feature importance measures,
model-specific methods like the use of class activation mapping (CAM) to
visualize focal areas in the imagery of CNN models [84], [126] have been

developed.

Feature attribution or visualization enhances the interpretability and
comprehension of black-box models. However, there are instances where it might
be prudent to sacrifice model accuracy in favour of greater explainability[127].
Recent efforts in ML interpretability have demonstrated the benefits of integrating
domain knowledge into ML strategies by incorporating a physics-based loss
function. One approach is to embed hard constraints using a Lagrange multiplier
into the loss function [126], [128]. This technique integrates a physics-based
principle into the objective function, offering a way to elucidate certain ML models.
A recent study in the domain of structural health monitoring merged unlabelled
simulation data with observed labeled field data using a physics-guided neural
network with a loss function [122]. The adopted method introduces additional
conditions representing the discrepancy between observed and simulated
outputs. Collectively, these studies [121], [129]—-[135] underscore the importance
of merging ML models with physics-based models in various SHM applications.
This integration aids in interpreting the physical significance of model parameters
and understanding the influence of features on the precision of the ML model.
Nonetheless, the amalgamation of physics-based models and machine learning
remains a formidable challenge, especially in the realm of structural crack
performance assessment. This area warrants further exploration in future

research.

2.6.4 Selection of Machine Learning Methods
A variety of algorithms were implemented in the presented ML-SHM studies.

Unfortunately, there is no consensus or general approach regarding the selection
of ML methods. In some studies, the researchers focused on a single method
[136], [137], but they seldom provided a clear and cogent reason for their choice.
Other studies have concentrated on comparing the performance of ML models

developed using various methods. For instance, Hsieh et al. [1] compared the
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performance of eight ML-based crack segmentation models using three-
dimensional pavement images and consistent evaluation metrics under varied
conditions to identify potential directions and challenges for future crack detection
development. However, the results of such comparative evaluations are difficult
to generalize because they are highly influenced by the adopted dataset, model
testing (e.g., partition point for training- testing split, performance metric), and

model training (e.g., whether k-cross-validation is adopted).

Future efforts are expected to focus more on analysing domain-specific
characteristics of adopted datasets and applying knowledge-informed
approaches in selecting ML algorithms, rather than using a solely performance-
based search. For example, multi-output models are particularly useful in
predicting baseline network curves because they can predict multiple response
variables. Addressing some of the above challenges by creating well-organized
and systematic datasets would also assist in method selection. The advantage of
having such benchmark datasets is that a standard dataset will encourage
particular attention to the integration of domain knowledge and associated data
models. However, performance-based model selection is often the best solution

when there is no understanding of how domain knowledge can be incorporated.

An immediate strategy that can be employed to guide method selection is to start
by training and evaluating the performance of a linear (basis function) ML model
logistic regression for classification problems, and (OLS, LASSO, ridge) for
regression problems. Except for very specific problems, it has been
demonstrated that linear models work reasonably well, are easy to implement
(e.q., [138], [139]), and, more importantly, offer high model interpretation and
transparency. If the initial linear models do not perform well, they should be
further examined before moving to more complex models. For instance, poor
performance may be due to the simplicity of the linear ML model or noisy data.
The first situation requires a more advanced exploration (e.g., non-parametric
models) capable of capturing the data complexity. However, noise problems
within the data can be addressed by filtering.
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2.7 Summary

This chapter discusses the application of ML in SHM and highlights several
challenges that must be addressed to take full advantage of this technology.
Recent advances in computational power have increased the capability of ML in
handling complex, high-dimensional data. ML offers advantages in pattern
recognition and function approximation for SHM. It is pointed out that the SHM
community currently faces limited access to high-quality data sources, which is
crucial for the development of ML models. To overcome this limitation, a unified
effort is required to curate, collect, and generate datasets to an open-source
storage area that can be used and populated by practitioners and researchers.
Additionally, the creation of benchmark datasets for specific SHM sub-domains
is suggested to align and focus research resources. ML models can be difficult to
interpret and suggest the use of importance testing to better understand the
individual effects of features on the response variable. They also propose the
introduction of physics-based loss functions to offer insight into ML model training
and interpretation and improve robustness. Overfitting is highlighted as an issue
in ML models, particularly when capturing complex mechanics-based
relationships in SHM problems. To address this issue, the examination of the
SHM data space is recommended, along with physics-based validation and
evaluation techniques. The chapter emphasizes the importance of combining
data-based procedures with SHM domain knowledge to enhance performance
and provide model insights. They suggest that future research should focus on
finding ways to incorporate more knowledge-informed selection strategies when

selecting ML models.

The potential benefits of ML in SHM are acknowledged, this chapter highlights
several significant challenges that must be addressed. These challenges include
the lack of high-quality data sources, difficulty in interpreting ML models, and the
issue of overfitting. The chapter provides suggestions for addressing these

challenges, but their successful implementation in practice remains to be seen.
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3 Suitability analysis of Machine learning algorithms
for crack growth prediction

3.1 Introduction
In the field of structural health monitoring, the selection of machine learning

approaches is often done randomly without clear justifications, leading to
suboptimal results. The choice of a machine learning model is crucial as it affects
the performance and accuracy of the predictions. Numerous scholars confirm
various factors that can aid in choosing the appropriate machine learning model
for better accuracy and performance [2], [7], [140], [141].

1. Problem type: The type of problem you are trying to solve will dictate the
type of model that you should use. For example, if you are solving a binary
classification problem, logistic regression, decision trees, or random
forests may be appropriate. If you are solving a regression problem, linear

regression or support vector regression may be appropriate.

2. Data characteristics: The characteristics of the data, such as the size,
distribution, and structure, can affect the performance of different models.
For example, linear regression is appropriate for data that is linear in
nature, while decision trees and random forests are appropriate for data

that is non-linear.

3. Computational Complexity: The computational complexity of a machine
learning model is an important factor to consider, especially for large and
complex datasets. Some models, such as support vector machines and
deep neural networks, can be computationally expensive, and may require

significant amounts of time to train and make predictions.

4. Hyperparameter tuning: Hyperparameter tuning is a process of adjusting
the parameters of a machine learning model to optimize its performance
on a specific task. The parameters that are optimized in hyperparameter
tuning are not learned from the data, but instead set prior to training the
model. Proper hyperparameter tuning can help to significantly improve the

performance of a machine learning model.
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5. Overfitting and Underfitting: Overfitting and underfitting are common
problems that can affect the performance of machine learning models.
Overfitting occurs when a model is too complex and has learned the noise
in the data rather than the underlying patterns. Underfitting occurs when a
model is too simple and has not learned the patterns in the data. Proper
validation techniques, such as cross-validation, can help to prevent

overfitting and underfitting.

6. Model Interpretability: The interpretability of a machine learning model is
an important factor to consider, especially for models that will be used in
decision-making applications. Some models, such as decision trees and
random forests, are easy to interpret, while others, such as neural

networks, are more complex and difficult to interpret.

It's worth noting that, choosing the appropriate machine learning model for better
accuracy and performance is a complex process that involves considering
multiple factors. The problem statement determines the type of machine learning
problem: supervised (labeled data) or unsupervised (unlabelled data). The target
variable (output) determines the type of problem: categorical (classification),
numerical (regression), or a set of input bunches (clustering). The size of the
training data affects the risk of underfitting and overfitting, and the choice of low-
variance high-bias (small data, many features) or high-variance low-bias (large
data, few features) models. Linearity of data affects the choice of linear models
(linear regression, SVM) or non-linear models (neural networks, random forests).
The number of features also affects model selection, with SVM being a common
choice for high feature, low observation data. The type of problem, the
characteristics of the data, the performance metric, computational complexity,
hyperparameter tuning, overfitting and underfitting, and model interpretability are
some of the key factors that should be considered when selecting a machine

learning model[7].

Therefore, this chapter analyses some of the most commonly used machine
learning techniques in structural health monitoring studies. This analysis focuses

more on regression machine learning algorithms that work well with small or
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moderate datasets. This analysis can increase the probability of selecting
suitable machine learning approaches and assist in interpreting and
understanding the results of the model. By considering these factors and
understanding the problem statement, a clearer path toward selecting the

appropriate machine-learning approach can be determined.

3.2 Support Vector Regression
SVR is a powerful tool for regression analysis because it can handle non-linear

relationships between the input and output variables. It does this by transforming
the input data into a higher-dimensional feature space where the data becomes
linearly separable. In this feature space, the SVR algorithm finds the optimal
hyperplane that maximizes the margin between the data points and the
hyperplane. This hyperplane is then used to make predictions for new data
points[142], [143]. SVR is also a robust model because it has a built-in
mechanism for handling outliers and noise in the data. This is done by introducing
a "slack variable" that allows some of the data points to be on the wrong side of
the hyperplane (i.e., they are misclassified). The algorithm then tries to minimize
the sum of the slack variables, which helps to reduce the impact of outliers and
noise on the model[142]-[147]. The SVR equation can be represented in the

following form:

f(x) =wx +b + ¢ (3-1)
Where:

f(x) is the predicted output value for a given input x, w is the weight vector that
defines the hyperplane, b is the bias term, and ¢ is the error term, also called the
"residual" or "slack variable”. In order to find the optimal values of w and b, the

SVR algorithm minimizes the following objective function:

1 n -
Minimize: 5 [lwl]|? + Cz (& +¢) (3-2)
i=1
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subject to:

yi — (Wx + b)<=ei(wx + b) — yi <= ¢ciei >= 0 (3-3)
Where:

C is a regularization parameter that controls the trade-off between
maximizing the margin and minimizing the error, X (&i) is the sum of the
error terms for all data points, and yi is the actual output value for a given

input xi.

The objective function tries to minimize the sum of the squared weight vector and
the slack variable while satisfying the constraints on yi and €i. In the case of non-
linearly separable data, SVR uses a kernel function to transform the input data
into a higher-dimensional feature space where it is linearly separable. The most
popular kernel functions are the linear and radial basis function (RBF) kernels.
The equation for the SVR model with the RBF kernel is:

f(x) = Z(aiyiK(x,xi)) + b (3-4)

where K(x, xi) is the RBF kernel, ai are the Lagrange multipliers, and xi, yi are

the training examples.

It's worth noting that the equation presented here is a simplified form of SVR, in
practice the optimization problem to find the optimal values of w and b is a

guadratic programming problem that can be solve by optimization solvers.

For small and moderate datasets, the optimization solvers that can be used to
solve the quadratic programming problem in SVR[147]—-[151] include:

1. Sequential Minimal Optimization (SMO): This is a popular optimization
algorithm that is used to solve the quadratic programming problem in SVR.
This algorithm is also a popular choice for small and moderate datasets

as it is relatively simple to implement and fast to converge. The SMO

49



algorithm breaks down the large optimization problem into smaller

subproblems that are easier to solve.

2. Conjugate Gradient Descent: This algorithm is a well-suited for small
and moderate datasets as it can converge quickly, and it is efficient in

terms of computational time.

3. Quasi-Newton methods: These methods such as BFGS and L-BFGS are
known for their fast convergence, and they can be a good option for small

and moderate datasets as they are less sensitive to the initial guess.

4. Stochastic Gradient Descent (SGD): This algorithm is efficient for large
datasets, but it can also work well with small and moderate datasets. It can
be useful when data is non-linearly separable, and the dataset is too large
to be handled by other optimization solvers.

It is worth noting that the choice of optimization solver will also depend on the
characteristics of the data, such as the number of features and the presence of
outliers. It may be necessary to try different optimization solvers to find the one

that works best for a given problem.
When using SVR, there are several factors to consider [7], [141], [142], [145]:

1. Choosing the appropriate kernel: SVR uses a kernel function to map
the input data into a higher dimensional space, where a linear regression
can be performed. Different kernel functions can lead to different results,
so it is important to choose the right kernel based on the data

characteristics.

2. Regularization parameter: The regularization parameter C controls the
trade-off between finding a smooth decision boundary and classifying the
training points correctly. A high value of C leads to overfitting, while a low

value of C may result in underfitting.

3. Gamma parameter: The gamma parameter controls the radial basis
function used by the kernel. It affects the influence of each training

example on the prediction. A high value of gamma results in a complex
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model that may overfit the data, while a low value of gamma results in a

simple model that may underfit the data.

4. Scaling of the input data: It is important to scale the input data before
training an SVR model, as the magnitude of the input features can affect

the performance of the model.

5. Model performance evaluation: It is important to evaluate the
performance of the SVR model using appropriate metrics such as mean
squared error or R-squared, and to use cross-validation techniques to

avoid overfitting.

6. Data imbalance: SVR is sensitive to data imbalance, so it is important to
handle data imbalance, either by oversampling the minority class or under
sampling the majority class, or by using appropriate loss functions.

7. Outliers: SVR is sensitive to outliers, so it is important to detect and

handle outliers before training the model.

These are some of the key factors to consider when using SVR. Proper
consideration of these factors can help ensure the best performance of the SVR
model for the specific data and problem at hand. SVR has some limitations too,
one of them is that it is sensitive to the scale of the input variables, meaning that

it can be affected by outliers if the input data is not properly scaled.

Additionally, it also has a high computational cost for large datasets and high-
dimensional feature space. SVR is a powerful and robust regression model that
can handle non-linear relationships between the input and output variables. It can
be an effective tool for predicting continuous variables and is particularly useful

in cases where the data has outliers or noise [147], [151]-[153].

3.3 Random Forest
Random Forest is a supervised learning algorithm used for both regression and

classification problems. It is an ensemble learning method that combines multiple

decision trees to produce a more accurate and stable prediction.
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The main idea behind random forests is to generate multiple decision trees using
bootstrapped samples of the training data and randomly selecting a subset of
features for each split. The predictions from each tree are then combined to
produce a final prediction for the entire forest[154], [155].

The prediction for a single tree in a random forest can be represented using the

following equation:

y = (w; x 1[x € R}]) (3-5)

where:
o y is the prediction for a given input Xx.

e w; is the weight assigned to the i-th terminal node (or leaf node) in the

decision tree.

e« 1[x € R;]is an indicator function that returns 1 if x belongs to the region

R; and 0 otherwise:
e Y denotes the sum over all the terminal nodes in the tree.

The prediction for the entire random forest is obtained by averaging the
predictions from all the trees in the forest. This can be represented using the

following equation:
where:

y is the prediction for a given input x.

y_i is the prediction for the i — th tree in the forest.

N is the number of trees in the forest.

XY denotes the sum over all the trees in the forest.

The combination of multiple decision trees in a random forest helps to reduce the
variance and increase the stability of the predictions. It also helps to mitigate the
problem of overfitting, which is a common problem with decision trees.

Additionally, random forests can handle a large number of features and non-linear
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relationships between features and target variables, making them a popular
choice for many machine-learning tasks. Random forests have several key
benefits that make it a popular choice for machine learning problems. One of the
main advantages is their ability to handle missing values and noisy data more
effectively than decision trees. This is due to the random selection of features
and samples in the training set, which reduces the impact of individual outliers or
missing values. Random forests also offer a way to assess feature importance,
which can be useful in identifying the most important features for predictions.
Another benefit of random forests is their interpretability. Unlike some other
machine learning algorithms, the prediction of a random forest is simply the
average of the predictions made by each individual decision tree in the forest.
This makes it easy to understand how the model is making predictions and to

determine which features are the most influential[155].

It's worth noting that, when using random forests for regression problems, there

are several factors to consider:

1. Overfitting: Like any machine learning algorithm, random forests can
overfit the data if the number of trees is too large or if the trees are too
deep. To prevent overfitting, it's important to use cross-validation to tune

the number of trees and the maximum depth of each tree.

2. Correlated features: Random forests work best when the features are
independent and uncorrelated. If the features are highly correlated, this
can reduce the overall accuracy of the model. It's important to examine the
correlation between features and, if necessary, remove or combine

correlated features.

3. Outliers: Random forests are robust to outliers, but outliers can still have
a large impact on the final predictions. It's important to identify and handle

outliers before training the random forest.

4. Feature scaling: Random forests do not require feature scaling but

scaling the features can sometimes improve the performance of the model.
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It's important to consider the effect of feature scaling on the final

predictions.

5. Class imbalance: If the response variable is imbalanced, the random
forest may not perform well. It's important to balance the class distribution
or use a weighted loss function to ensure that the model is not biased

towards the majority class.

6. Computational cost: Random forests can be computationally expensive,
especially when the number of trees is large, or the number of features is
high. However, parallel implementations are available to help reduce
computation time. Additionally, the number of trees in the forest can be

controlled to strike a balance between accuracy and computation time.

By keeping these factors in mind, you can ensure that you are using random

forests in the most effective way for regression problems[154]-[156].

3.4 Gradient Boosting Regression
Gradient Boosting Regression (GBR) is a powerful machine learning algorithm

that can be used for both regression and classification problems. It is particularly
effective for small and moderate datasets, where other algorithms such as
random forests may struggle to provide accurate results. One of the key benefits
of GBR for small and moderate datasets is its ability to model complex non-linear
relationships between the input features and the output target. This is achieved
by combining multiple weak models, such as decision trees, into a single strong
model, using gradient descent optimization. Another advantage of GBR is its
ability to handle missing values and noisy data. Unlike some other algorithms,
such as linear regression, GBR can still provide accurate results even when the

data contains missing values or noisy features [157]—[159].

However, GBR can also be computationally expensive, especially when the
number of trees is large, and the number of features is high. To mitigate this
issue, it is important to tune the hyperparameters of the GBR model, such as the
learning rate and the number of trees, to achieve the best balance between

accuracy and computation time [159], [160].
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The GBR equation is based on the concept of gradient descent optimization,
which is a method to minimize a loss function by iteratively adjusting the model

parameters. The general form of the equation is:

fG) = FG) + h(x,0)) 3:6)

where f(x) is the current approximation of the target function, h(x, ) is a weak
learner that models the residual error of the previous iteration, and 8 represents

the parameters of the weak learner.

In the case of GBR for regression problems, the target function is usually defined
as the mean squared error between the predicted output and the true output. The
weak learner is typically a decision tree that models the relationship between the

input features and the residual error.

In each iteration, the residual error is calculated by subtracting the predicted
output from the true output, and the parameters of the decision tree are adjusted
to minimize the residual error. This process is repeated until the residual error

reaches a minimum or a stopping criterion is met.

In the end, the final prediction is obtained by summing up all the weak learners'

predictions. The final equation for the GBR model is:

f(x) = fo(x)+ hl(x,01)+ h2(x,62)+...+ hT(x,6T) (3-7)

1 k
Vuew =7 (3-8)
i=1

Where y,..., is the predicted target value for the new data point. y; is the target
value of the i — th neighbor found. K is the number of nearest neighbors chosen
for the prediction. The distance metric is an important aspect of the K-Nearest
Neighbor (KNN) algorithm[161]. The distance metric is used to determine the
similarity between the test instance and the training instances. The most

commonly used distance metrics for KNN regression include [162]:
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1. Euclidean Distance: The Euclidean distance is the most commonly
used distance metric in KNN regression. The equation for Euclidean

distance is given by:

d(x,y) = J(xl — yDZ+ (x2 — y2)*+...+ (xn — yn)? (3-9)

where x and y are two instances, xi and yi are the i — th feature of instances x

and y, and n is the number of features.

2. Manhattan Distance: The Manhattan distance is another commonly
used distance metric in KNN regression. The equation for Manhattan

distance is given by:

d,y) = lx1 — yil+ |x2 = y2l+ ...+ %y — l (3-10)

3. Minkowski Distance: The Minkowski distance is a generalization of the
Euclidean and Manhattan distances. The equation for distance is given

by:

|~

p

D(x,y) = <Z|Xi - }’i|P> (3-11)
i=1

where p is a positive integer that controls the weight of each feature. If p = 1, the
Minkowski distance becomes the Manhattan distance, and if p = 2, the Minkowski
distance becomes the Euclidean distance. It is important to keep in mind that the
choice of the distance metric can greatly impact the performance of the KNN
regression. The distance metric should be selected based on the characteristics
of the data and the problem being solved. The performance of KNN regression
is heavily dependent on the value of k. A small value of k can lead to overfitting,
while a large value of k can lead to underfitting. To find the optimal value of k,
cross-validation techniques can be used. KNN regression works well for small
and moderate datasets because of its simplicity and ease of implementation. It
does not require any prior assumptions about the distribution of the data and can
handle non-linear relationships between the features and the target variable.
However, KNN regression can be computationally expensive when working with

large datasets, as the number of nearest neighbors needs to be calculated for
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each test data point. Some considerations to bear in mind when applying KNN to

regression problems [7], [162]—-[165]:

1.

Scale of the data: The scale of the data can affect the performance of
KNN regression. It's a good practice to scale the data to a similar range

before training the model.

Number of neighbors (K): The number of neighbors (K) is a critical
hyperparameter that needs to be set before training the KNN model. A
small value of K will lead to a more complex and flexible model, while a
large value of K will lead to a smoother and less flexible model. It's
important to select the value of K using cross-validation.

Distance metric: The distance metric used to measure the distance
between the data points can affect the performance of the KNN regression
model. Commonly used distance metrics include Euclidean, Manhattan,

and cosine distance.

Curse of dimensionality: The curse of dimensionality is a well-known
problem in KNN regression. As the number of features increases, the
distance between the data points becomes increasingly large, making it
more difficult for the model to identify patterns in the data. To mitigate this

issue, dimensionality reduction techniques, such as PCA can be used.

Outliers: Outliers can have a significant impact on the performance of
KNN regression. It's important to identify and handle outliers in the data

before training the model.

Time complexity: The time complexity of KNN regression is O(N), where
N is the number of data points in the training set. This can be
computationally expensive for large datasets, and alternative regression
models, such as linear regression or decision trees, may be more suitable.
It's crucial to be aware of several key factors when applying KNN to
regression problems, such as the scale of the data, the number of
neighbors, the distance metric used, the impact of high dimensions, the

presence of outliers, and the computational time required.
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3.5 Ridge Regression
Ridge Regression is a regularization technique that is used to address the

problem of overfitting in linear regression models. It is a type of linear regression
that adds a penalty term to the loss function to reduce the magnitude of the
coefficients, which helps to avoid overfitting [166], [167]. The penalty term is
defined as the sum of the squares of the coefficients multiplied by a scalar value,
lambda, which is known as the regularization strength. The equation for Ridge

Regression can be represented as:

y=Xxpte (3-12)

where y is the target vector, X is the feature matrix, 8 is the coefficient vector, and

€ is the error term.

The goal of Ridge Regression is to minimize the residual sum of squares (RSS),
while also shrinking the coefficients towards zero. The regularization term,

represented by A, is added to the RSS to give the following optimization equation:

YU —x* B+ Ax TP (3-13)
where A is the regularization strength. The larger the value of A, the greater the
shrinkage of the coefficients [161], [163], [168], [169]. Ridge Regression has a
closed form solution, which can be computed using linear algebra. The

coefficients can be calculated as follows:

B =X «X+ D)1+ XT xy (3-14)

where [ is the identity matrix.

The regularization term helps to reduce the magnitude of the coefficients, which
helps to avoid overfitting. The value of lambda determines the amount of
regularization applied to the model. A high value of lambda results in a stronger
regularization effect, which reduces the magnitude of the coefficients, while a low
value of lambda results in a weaker regularization effect, which allows the
coefficients to be larger. In Ridge Regression, the coefficients are estimated

using an optimization algorithm that minimizes the objective function. The
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optimization algorithm used is usually gradient descent or its variants. When

using Ridge Regression to solve prediction problems, it's important to keep below

factors in mind when using ridge regression to solve prediction problems with
small and moderate datasets[7], [163], [169]-[171]:

1.

The scale of the data: The scale of the data can affect the performance
of the ridge regression model. It's important to standardize the data before
using it in the model.

The choice of regularization parameter: The regularization parameter,
also known as the hyperparameter, is a crucial factor that affects the
performance of the ridge regression model. The regularization parameter
determines the degree of shrinkage applied to the coefficients, and it

should be carefully chosen to avoid underfitting or overfitting.

The choice of the distance metric: Ridge Regression can be used with
different distance metrics, such as Euclidean distance, Manhattan
distance, or Mahalanobis distance, depending on the nature of the data.
The choice of the distance metric is crucial and can affect the performance

of the model.

The curse of dimensionality: The curse of dimensionality is a
phenomenon that occurs when the number of features is larger than the
number of samples. In this situation, ridge regression may not perform
well, and other techniques, such as feature selection or dimensionality

reduction, may need to be applied.

The presence of outliers: Outliers can have a significant impact on the
performance of ridge regression. It's important to identify and handle

outliers before using the model.

The time complexity: The time complexity of ridge regression can be high
for large datasets, especially if the number of features is large. It's
important to consider the computational resources available before using

ridge regression.
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3.6 Lasso Regression
Lasso Regression is a linear regression method that combines the benefits of

both Ridge Regression and Subset Selection. It aims to address the issues of
overfitting and multicollinearity in the data by introducing a penalty term to the
regression coefficients [7], [168]. The penalty term is a product of the absolute
value of the regression coefficients and a scalar, lambda. The equation for Lasso

Regression can be expressed as:

minimize f(6) = X1, (Y; — 07 X)* + A X746 (3-15)

Where f(0) is the objective function, yi is the target value, 8Txi is the predicted
value, 6 is the regression coefficients, A is the penalty term, n is the number of
observations, and m is the number of features. The Lasso Regression algorithm
aims to find the optimal value of € that minimizes the objective function, subject
to the constraint of the penalty term. The value of lambda determines the strength
of the penalty term and affects the sparsity of the regression coefficients. A high
value of lambda will lead to sparse coefficients, and a low value of lambda will
lead to a less sparse solution[172]-[175]. It's important to carefully consider
below factors and perform appropriate experiments to determine the optimal

settings for a particular problem:

1. Feature Selection: Lasso regression can perform automatic feature
selection by shrinking the coefficients of unimportant features to zero. This
is beneficial when the number of features is large compared to the number
of samples, as it can help to reduce the complexity of the model and

prevent overfitting.

2. Regularization Strength: The regularization strength of lasso regression
is controlled by the hyperparameter alpha, which determines the amount
of shrinkage applied to the coefficients. A larger value of alpha will result
in stronger shrinkage, which can reduce the variance of the model but

increase the bias.

3. Computational Complexity: Lasso regression can be computationally

expensive, especially for large datasets with many features. The choice of

60



solver and optimization method can affect the computational complexity of

the model.

4. Model Interpretability: Lasso regression can provide interpretable results
by selecting a subset of features and assigning non-zero coefficients to
them, which can be helpful for identifying the important features for

prediction.

5. Outliers: Lasso regression can be sensitive to outliers, as the
regularization applied to the coefficients can reduce their magnitude.
Outliers can have a significant impact on the results of lasso regression
and should be detected and treated appropriately.

3.7 Neural networks
A Neural Network is a machine learning algorithm inspired by the structure and

function of the human brain. It is designed to recognize patterns and make
predictions based on the input data. Neural Networks consist of a series of
interconnected processing nodes, also known as artificial neurons, that work
together to perform a specific task. Neural Networks can be used for various
types of problems, including classification, regression, image, and speech
recognition, and more[176]—-[178]. The input data is passed through a series of
layers in the network, each of which applies a set of weights and biases to the
data to produce a prediction. The weights and biases are adjusted during the
training phase, where the network is provided with labeled data and the error is
calculated. The goal is to minimize the error and improve the accuracy of the

prediction.

There are several neural network architectures that can be used for regression

problems with small and moderate datasets, including:

3.8.1. Single Layer Perceptron: This is the simplest form of a neural network,
with a limited number of hidden layers. This architecture is known as Shallow
neural network and can be used for linear regression problems. A basic building
block of a shallow neural network is the artificial neuron or perceptron, which

takes input values, processes them through a set of weights, and outputs a
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prediction [54], [176]. The equation for a single perceptron can be represented

as:

y = fQEwix; +b) (3-16)

where y is the output prediction, x_i is the i-th input, w_i is the weight associated
with the i — th input, b is the bias term, and f is the activation function. In a shallow
neural network, the input data is fed into an input layer, which passes the data
through a series of hidden layers before finally arriving at an output layer. The
hidden layers consist of artificial neurons, each with its own set of weights and
bias. The weights and bias are updated during the training process to optimize
the performance of the network. The activation function is a non-linear function
that transforms the output of the perceptron into a prediction. Common activation
functions used in shallow neural networks include sigmoid, hyperbolic tangent,
and rectified linear unit (ReLU). Thus, a shallow neural network works by
processing input data through a series of artificial neurons, each with its own set
of weights and bias, to produce an output prediction. The network is trained to
adjust the weights and bias to minimize the error between the actual and
predicted outputs[54], [179], [180].

3.8.2. Multilayer Perceptron (MLP): is a type of feedforward neural network
with one or more hidden layers. MLPs have been widely used in a variety of
applications including image classification, speech recognition, and natural
language processing. They have the ability to learn complex relationships
between inputs and outputs and can handle large amounts of data. However,
they can also be prone to overfitting, especially when the number of hidden nodes
is large, and the dataset is small. To prevent overfitting, techniques such as
regularization, early stopping, and dropout can be used. The activation function
used in the hidden layer is typically a non-linear function such as the sigmoid or
ReLU function [22], [180]. The equation for the activation function in the hidden

layer of an MLP is given by:

f(x) = max(0,x) (3-17)
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The ReLU activation function or the sigmoid activation function. Where X is the
input data, and f(x) is the activation value. The equation for the output layer of an

MLP is given by:

y = Zwi * f(xi) +b (3'18)

where y is the predicted output, w_i is the weight for the i — th hidden node, f(x_i)
Is the activation value for the i — th hidden node, and b is the bias term. MLP
uses non-linear activation functions in the hidden layer to capture complex
relationships between the inputs and outputs, and a linear combination of these
activations in the output layer to make predictions. The weights and biases in the
hidden and output layers are learned through training, allowing the network to
make accurate predictions for unseen data. MLPs can be trained using different
optimization algorithms, such as gradient descent, stochastic gradient descent,
and Adam. The choice of optimization algorithm depends on the complexity of
the problem and the size of the dataset[22], [177], [178], [181]. MLPs are
considered a simple and flexible type of neural network that can be used for a
wide range of regression problems with small to moderate datasets. They are
easy to understand and implement, making them a popular choice for both
researchers and practitioners.

3.8.3. Convolutional Neural Network (CNN): CNN is a type of deep neural
network that is specifically well-suited for image and audio processing and have
been successful in a variety of applications. However, it is important to consider
the complexity of the problem, the type of data, and the desired output when
choosing a CNN architecture. Proper data pre-processing and techniques to
prevent overfitting such as regularization and early stopping are also important to
achieve good performance[147], [182]. The network is composed of multiple
layers including convolutional, pooling, and fully connected layers. The equation
for the convolutional layer is given by:

y=(x=*xw)+ b (3-19)
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where y is the output, x is the input, w is the convolutional kernel, and b is the
bias term. The convolutional kernel is used to extract features from the input data,
and the bias term is used to shift the output. The equation for the pooling layer is
given by:

y = max(x) (3-20)

where y is the output, and x is the input. The pooling layer is used to reduce the
spatial dimension of the data and control overfitting. The equation for the fully
connected layer is given by:

y = ZWi* xi+ b (3_21)

where y is the predicted output, w_i is the weight for the i — th node, x_i is the
activation value for the i—th node, and b is the bias term. CNNs use
convolutional layers to extract features from the input data, pooling layers to
reduce the spatial dimension, and fully connected layers to make predictions. The
weights and biases in each layer are learned through training, allowing the
network to make accurate predictions for unseen data[183], [184]. CNNs have
been widely used in a variety of applications including image classification, object
detection, and image segmentation. They have been successful in learning
complex relationships between inputs and outputs, especially when dealing with
images and audio data. However, they can also be computationally expensive

and may require large amounts of training data to perform well [128], [185]-[187].

3.8.4. Recurrent Neural Network (RNN): RNN is a type of neural network
that are well-suited for sequential data. RNNs are particularly useful for time
series data and sequential data such as speech, video, and text. The key feature
of RNNs is their ability to model long-term dependencies in the data. RNN
consists of a hidden state that is updated at each time step based on the current
input and the previous hidden state[188]. The hidden state is used to make a
prediction for the next time step. The key challenge with RNNs is the vanishing
gradient problem, where the gradient used to update the parameters of the

network becomes very small over time. This can make it difficult for the network
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to learn long-term dependencies in the data. To address the vanishing gradient
problem, RNNs can be combined with gating mechanisms such as Long Short-
Term Memory (LSTM) and Gated Recurrent Units (GRUSs). These gating
mechanisms allow the network to control the flow of information through the
hidden state, allowing it to learn longer-term dependencies in the data[188]-

[192]. The equation for a simple RNN can be expressed as follows:

h(@®) = f(W(h(t - 1)+ W(x(®) +b) (3-22)

where h(t) is the hidden state at time t, W(h(t-1)) and W(x(t)) are the weights for
the previous hidden state and the current input, b is the bias, and f is the activation
function. Another important aspect of RNNs is their ability to handle variable-
length sequences. In traditional feedforward networks, the input must have a fixed
size. This can be a problem for sequential data, where the length of the
sequences can vary. RNNs can handle sequences of varying lengths by using a
special symbol to represent the end of the sequence. One of the main
applications of RNNs is natural language processing (NLP)[189]. RNNs are used
to model sequences of words, allowing them to capture the context and meaning
of the words in a sentence. This can be used to perform tasks such as sentiment
analysis, language translation, and text generation. Therefore, RNNs are a
powerful tool for regression problems with sequential data. They can handle
variable-length sequences, capture long-term dependencies in the data, and be
used for a variety of applications such as NLP. To achieve good performance, it
is important to consider the vanishing gradient problem and use techniques such
as LSTM or GRUs to prevent it from affecting the performance of the network.
Proper data pre-processing and techniques to prevent overfitting such as
regularization and early stopping are also important to achieve good
performance. Some of the factors that should be considered when using ANN
with small or moderate datasets[189], [191], [192]:

1. Overfitting: Small datasets are susceptible to overfitting, where the model
becomes too specialized for the training data, leading to poor
generalization on new data. To prevent this, techniques such as

regularization and early stopping can be used.
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2. Data Pre-processing: The quality of the data is important in ANN. Careful
pre-processing such as normalization, feature scaling, and data

augmentation can help improve performance.

3. Model Architecture: A model with too many parameters can easily be
overfit to a small dataset, while a model with too few parameters can have
limited capacity. A good starting point is to use a simple, small network
and gradually increase its complexity if necessary.

4. Cross-Validation: Cross-validation techniques can help prevent

overfitting by evaluating the model's performance on unseen data.

5. Feature Selection: Feature selection techniques such as backward
elimination and principal component analysis can be used to reduce the
number of inputs, reducing overfitting, and making it easier for the model to

generalize.

6. Ensemble Methods: Ensemble methods such as bagging, and boosting

can be used to combine multiple models to improve performance.

7. Transfer Learning: Transfer learning, where pre-trained models can be
used as a starting point, can be helpful when the dataset is small, as it enables
the new model to take advantage of the knowledge and features learned from the
pre-trained model. Transfer learning can be used to save time and reduce the
computational cost of training a new model from scratch, especially when the pre-
trained model is well suited for the new problem. For example, if the pre-trained
model is a convolutional neural network that has been trained on a large image
dataset, it can be used as a starting point for a new model that will be trained on
a smaller dataset of images. The pre-trained model provides the new model with
a set of learned filters and feature maps that can be used as a starting point,
reducing the need for the new model to learn these features from scratch. The
key to successful transfer learning is to choose a pre-trained model that is well-
suited to the new problem, and to fine-tune the model to the new data. This
typically involves retraining the model on the new data, updating the model's

weights, and possibly modifying the architecture to better fit the new problem.
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Thus, transfer learning is a powerful technique for addressing the challenges of

small and moderate datasets, allowing models to take advantage of the

knowledge and features learned from pre-trained models, reducing the need for

large amounts of training data, and enabling the models to generalize better to

new data. Table 3- 1 illustrates the most important requirements and parameters

for all approaches that have been discussed in this chapter.

Table 3-1 The most important requirements and parameters for ML approaches

Approach Requirements

SVR

RF

GBR

- Numeric Data
- Feature Scaling
- Handling Nonlinear Data

- Tuned Hyperparameters

- Numeric and categorical

data
- Missing data handling

- Feature scaling not required

- Robust to overfitting

- Numeric data
- Feature scaling
- Handling nonlinear data

- Tuned hyperparameters
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Most Important Parameters

- Kernel type (linear, radial basis

function, etc.)
- Regularization parameter (C)

- Kernel-specific  parameters

(gamma, degree etc.)
- Number of trees (n_estimators)

- Maximum depth of trees

(max_depth)

Minimum samples per leaf

(min_samples_leaf)

- Maximum features per split

(max_features)
- Number of trees (n_estimators)
- Learning rate (learning_rate)

- Maximum depth of trees

(max_depth)

- Subsample fraction (subsample)



Ridge

Lasso

NNs

KNN

- Numeric data
- Feature scaling

- Handles multicollinearity

- Numeric data

- Feature scaling

- Feature selection

- Numeric Data

- Large Datasets

- Computational Resources

- Extensive Tuning Required

- Feature scaling

- Distance Metric: Choice of

(e.g.,
Euclidean, Manhattan, etc.)

distance metric

should be appropriate for the

data.
- Computation: Can be
computationally  expensive

for large datasets.
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- Regularization strength (alpha)

- Regularization strength (alpha)

- Number of layers, neurons per

layer, activation functions.

- Learning rate, batch size,

epochs, early stopping, etc.

- Number of Neighbors (k):
Number of nearest neighbors to

consider for prediction.

- Weighting Scheme: Optional
weighting of neighbors (uniform,
distance-based, etc.).

Algorithm used to compute

nearest neighbors (auto,

ball_tree, kd_tree, brute).



3.8 Summary
It is crucial for researchers to choose appropriate machine learning algorithms

based on the type of data, study material, and desired outcomes. In addition,
interpretability is a significant factor to consider. While highly accurate predictions
are desirable, some machine learning models may lack interpretability, making it
challenging to comprehend the reasoning behind the predictions or explain them
to others. Hence, researchers should weigh both the predictive accuracy and
interpretability of a model when selecting a machine learning algorithm for their
needs. The significance of this chapter lies in its analysis of frequently employed
machine learning algorithms within the realm of SHM. This analysis serves to
equip aspiring researchers with the capability to discern appropriate ML
algorithms for their specific issues. The subsequent section delves into
comprehensive insights regarding the meticulous data collection and pre-

processing procedures undertaken.
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4 Data Collection and Preprocessing

4.1 Introduction
This chapter offers a detailed account of the experimental methodology employed

in prior investigations, specifically targeting the examination of three distinct
materials: 2024 Sheet Aluminium, ABS, and concrete. The chapter encompasses
an elaborate description of the experimental scheme and setup employed for
each material, encompassing crucial parameters and configurations utilized
during the experiments. Furthermore, the chapter delves into the data processing
procedures, emphasizing the exploration of correlations between the collected

features and the predicted value of crack depth.

The contribution of this chapter lies in its provision of valuable insights into the
experimental procedures utilized in previous studies, particularly focusing on the
exploration of various materials [193]-[196]. Additionally, the chapter highlights
the significance of data processing techniques in uncovering correlations

between the collected features and the predicted crack depth.

4.2 Experimental scheme and setup

4.2.1 Aluminum
Experimental specimens of aluminum were prepared with different crack depths

(0.25 mm, 0.5 mm, and 1 mm) in a rectangular shape as shown in Figure 4-1.
The crack was intentionally positioned at 4.5 mm away from the fixed end, as it
resulted in maximum stress concentration in the fillet region. The aim was to
analyse the behavior of the aluminum beam under uniform and non-uniform
temperatures, with heating rates of 2°C /min, 5 °C /min, and 8 °C /min applied to

study the effect of heating duration on modal parameters.
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Figure 4-1 The Geometry of Aluminum Beam

The experimental setup consisted of three units. The vibrating mechanism
included a signal generator, power amplifier, and mechanical shaker, which
provided controlled vibrations to the aluminum specimens. The thermal unit
incorporated a thermal couple, PID temperature controller, and thermal mat to
regulate the heat supply and maintain the desired temperatures. The data
acquisition unit involved an accelerometer, data acquisition card, and National
Instrument Signal Express software, enabling the analysis of the dynamic
response of the system. By monitoring the structural response using the
accelerometer, valuable insights were obtained regarding the behavior of the

aluminum specimens under different thermal conditions.

4.2.2 ABS

The experimental setup for the ABS tests included a shaker, signal generator,
power amplifier, and accelerometer. The shaker provided the necessary
vibrations to the specimens, while the signal generator and power amplifier
controlled the vibration parameters. The accelerometer captured the acceleration
data during the experiments, providing crucial information about the specimens'
behavior. Furthermore, a digital microscope was utilized to monitor the crack
depth during the tests, facilitating a comprehensive understanding of the fracture
behavior of the ABS beams.

In the case of ABS material, the experimental scheme was divided into two main
parts: bending vibration tests and dynamic mechanical analysis (DMA) tests.

Cantilever beams made of ABS were subjected to constant thermal loads using
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a mica band heater. The initial step involved measuring the natural frequency of
the beams using an accelerometer. This measurement helped determine the
optimal maximum amplitude for the beam based on the resonant frequency,
significantly reducing the experiment time. In order to enhance stress
concentration and capture the dynamic response of the beam, an initial seeded
crack was strategically placed near the fixed end. The beam used in the
experiments had a thickness of 3 mm. The seeded crack had a width of 0.2 mm
and a depth of 0.5 mm as shown in Figure 4-2. This positioning ensured
maximum stress concentration at the crack site. To monitor and record the
dynamic behavior of the beam, a lightweight accelerometer from PCB® company
was attached to the free end of the beam. This accelerometer, weighing only 0.6
g, was selected for its ability to accurately measure and capture the acceleration
data during the experiments. Subsequently, the beams were continuously
vibrated at this resonant frequency, and the number of cycles until fracture was
recorded, aiming to identify the optimal combination of 3D printing parameters

that resulted in the highest number of cycles before fracture.
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Figure 4-2 The Geometry of ABS Beam

In the DMA tests, specimens were cut from the fractured beams and analysed
using a Q800 instrument. These specimens were clamped in the chamber of the
instrument, and the temperature was ramped up at a rate of 3.00 ‘C /min. The
storage modulus of the ABS specimens was then measured under a load
oscillation frequency of 1 Hz within the temperature range of 30 to 70 °C. This
allowed for an assessment of the mechanical properties of the ABS material at

different temperatures.
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4.2.3 Concrete
In regard to concrete specimens, the experimental investigation involved a

cantilever beam configuration, as depicted in Figure 4-3. The beam had a
thickness of 25 mm, and an initial seeded crack with widths and depths of 2 mm,
4 mm, and 6 mm was located near the fixed end of the beam to achieve maximum
stress concentration. The crack dimensions were precisely measured at a
distance of 5 mm from the fixed end, while an extra-lightweight accelerometer

was affixed to the free end of the beam.
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Figure 4-3 The Geometry of Concrete Beam

To explore the behavior of different concrete mixes, including steel fibre
reinforced concrete (SFRC), several mixtures were prepared, each varying in
seeded crack depths and fibre contents. The dynamic response testing procedure
entailed subjecting the SFRC sample to controlled vibrations using a shaker,
which generated a sinusoidal output signal synchronized with the fundamental
natural frequency of the specimen. Additionally, a temperature load was applied
using a mica band heater, while real-time acceleration data was acquired through
the accelerometer.

The experimental process was conducted in sequential stages, comprising the
determination of the fundamental natural frequency, the generation of a
sinusoidal motion at the identified frequency with a defined displacement
amplitude, and the subsequent analysis of the resulting displacement amplitude
to assess the characteristics of the seeded crack. It was observed that the
continuous force vibration led to variations in crack depth, consequently
influencing the dynamic response behavior of the entire system. Throughout the
experiment, the displacement amplitude displayed in real time by the Signal
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Express program served as a criterion to pause or resume the procedure. These
steps were consistently applied to all the tested seeded crack beams. The all-
experimental setup is illustrated in Figure 4-4. More details about the
experimental setup and methods can be found in references [193]-[198].

Heater mats

§P
8
3

Figure 4-4 The experimental setup

4.3 Signal processing and Data collection
The modal response of both ABS, and the aluminum beam were measured using

an accelerometer. The acquired acceleration and time data were processed in
National Instrument Signal Express and imported into MATLAB for further

analysis as shown in Figure 4-5.
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Figure 4-5 Signal Processing

Natural Frequency

Amplitude

The natural frequency and modal amplitude were computed using specific

equations based on the acquired data [193]-[195]. The equation 4-1 computes

the natural frequency of the specimen. where, t; and ¢; represent the time

instances of the i*" and ji" peak amplitudes. The vibrations occurring at the natural

frequency were responsible for the initial highest amplitude of the beam's

oscillation, which effectively reduced the duration of the experiment. As shown in

equation 4-2, the amplitude of displacement at the crack tip was determined by a

quadratic integral connection with the accelerometer-measured amplitude of

acceleration. Table 4.1 indicates experimental conditions and parameters[194],

[198].

1 ACCipeak — ACCjtrough

yi(L) =3 22
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Table 4-1 The Experimental Conditions and Parameters.

Material Temperature C° Crack Location mm Structural Response

—_—_—————— [

—_—— e e — a1

—_—_————— e ———

4.4 Data Preparation for Machine learning models
In this study, Jupyter Notebook was utilised as a tool for creating and sharing

documents that contain live code, equations, visualizations, and narrative text. It
is commonly used by practitioners and researchers in the fields of data analysis,
machine learning, and scientific computing. Before using a dataset for machine
learning, data analysis and feature extraction techniques (shown in Figure 4-6)
are employed to select the most relevant and informative features for the task at
hand. Techniques such as visualizing the correlations between the features and
the target variable are useful, and visualization libraries such as Pandas' scatter
matrix and Altair which, is a declarative visualization library for Python. It supports
a wide range of chart types, including bar charts, line charts, scatter plots, and
heatmaps. It also provides support for faceting and layering, which allows users

to create more complex visualizations.

76



03

STEP ~

(01)

STEP

The performance
of machine
learning model
Visulalisation

Data Cleaning and
Feature Engineering

Train and Validate
Selected Machine
Learing Models

Experimantal Data
Collection.

STEP ‘ STEP

Figure 4-6 The Flow Chart of Data Analysis Steps

These tools can aid in understanding data and selecting a suitable machine
learning model. However, it's important to consider the nature of the different
machine learning models and how they handle different types of problems. The
research utilized experimental data of three materials collected from previous
studies [193], [195], [197], [198]. The experimental data consists of four features:
temperature C°, crack location mm, amplitude mm, natural frequency Hz, and a
predicted value: crack depth mm. Pre-processing of the data was conducted
using libraries such as Pandas and NumPYy to clean and format the data, perform
basic statistical analysis, and use techniques such as Variance Threshold to drop
features that have constant or near-constant values. The data were also scaled
using libraries such as Standard Scaler to improve the training time of the model
and ensure that the features were at a comparable scale. According to Chatterjee
[199], Spearman's correlation coefficient is alternative measures of correlation
that can capture non-linear relationships and are suitable for ranking or ordinal
data [200]-[202]. Spearman's correlation coefficient (p) is calculated based on
the ranks of the variables. Let's denote the ranks of X and Y as R(X) and R(Y),
respectively. The Spearman correlation coefficient is given by:

p=1-1[6+*ZD))/(Mm=x @ - 1)) (4-3)
Where: Z denotes the sum of the respective values.
D represents the difference between ranks (R(X) - R(Y)). n is the number of data

points. The value of p ranges between -1 and 1, where: p = 1 indicates a perfect

monotonic increasing relationship. p = -1 indicates a perfect monotonic

s



decreasing relationship. p = 0 indicates no monotonic relationship. Table 4-2
presents spearman’s correlation coefficient between natural frequency,
amplitude, temperature, crack location and crack depth for three materials. Upon
examination of the compiled data, several observations can be discerned: In the
case of ABS material, the most profound correlation a negative one is apparent
between the parameter 'Natural Frequency' and the predicted depth of the crack.
This relationship suggests that as 'Natural Frequency' increases, the anticipated
crack depth decreases. When considering the Aluminum material, similar to ABS,
'‘Natural Frequency' exhibits the most substantial negative correlation with the
forecasted crack depth. However, it is also noteworthy to point out the existence
of a robust positive correlation between 'crack location' and the predicted crack
depth. This indicates that as 'crack location' values rise, so does the anticipated
depth of the crack. For Concrete material, the correlations between the various
parameters and the predicted crack depth appear to be comparatively tenuous.
Among these, "Natural Frequency' displays the most pronounced albeit negative
correlation. This proposes a converse relationship between 'Natural Frequency'
and the predicted crack depth. Each of these observed correlations provides
distinct insights into the influence exerted by these parameters on the predicted
crack depth for the respective material types. These correlations underline the
importance of considering different parameters when analysing the impact on
crack progression across various material types.

Results show that ABS, concrete, and aluminum exhibit similar patterns in natural
frequency, with frequency decreasing as crack depth increases (as shown in
Figure 4-7) in a nonlinear manner. Additionally, the impact of temperature on
natural frequency is more pronounced in aluminum than in concrete and ABS.
This is due to the higher elastic modulus and greater consistency of isotropic
sheet metal properties relative to additive layer manufactured ABS and concrete
[7], [112].
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Table 4-2 Spearman’s correlation coefficient between features and crack depth

Material Features p Value
Crack Location 0.1089

@ Temperature 0.0294
< Natural Frequency -0.7580
Amplitude -0.2906

g Crack Location 0.7839
2 Temperature -0.7439
E Natural Frequency -0.8755
< Amplitude 0.5577
Elastic value -0.0229

g Natural Frequency -0.4257
5 Amplitude -0.1229
Temperature -0.0309

As crack depth and temperature increase in aluminum specimens, the amplitude
also increases, consistent with the expected effect of reduced natural frequency
resulting from a crack in the specimen.

In contrast, ABS exhibits the opposite behavior: as crack depth increases, natural
frequency drops similarly to aluminum, but amplitude decreases instead of
increasing, as shown in Figure 4-8. This discrepancy can be explained by the
different temperature conditions during the experiments. Maximum temperature
for aluminum specimens is 200-C, well below the temperature threshold for any
significant material transformations during the short test duration. In contrast, the
maximum temperature for ABS samples is 70-C, which is close to the glass

transition temperature.
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Figure 4-9 provides a more comprehensive view of the frequency-amplitude

relationship in the experimental data, revealing an inverse relationship between

frequency and amplitude in aluminum and concrete, while ABS shows a positive

relationship. No clear relationship is evident between crack depth and position in

ABS and concrete data, but in aluminum specimens, increasing crack position

results in increased amplitude and decreased frequency.
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After cleaning and preparing the data, they are typically split into a training set
and a validation set. The training set is used to train the model, while the
validation set is used to evaluate the performance of the model on unseen data,

ensuring that the model generalizes well to new, unseen data.

4.5 Training and validation Datasets Division
To enable proper comparison of the coefficients and account for different material

behavior, three identical but independent regression models were trained - one
for Aluminium, one for concrete, and one for ABS. The collected data (as shown
in Appendix C, D, and E ) were randomly and blindly split into training and test
sets with a 70/30 split. The choice of a 70% training data split ensures a
sufficiently large dataset for training the machine learning models. Having a
substantial amount of data for training helps the models capture the underlying
patterns and variations in crack propagation accurately. It provides a robust
foundation for the models to learn from and develop predictive capabilities.
Allocating 30% of the dataset to the validation set allows for a substantial portion
of data to evaluate the trained models' performance. Sizable test data helps
assess the generalization ability of the models, determining how well they perform
on unseen data. This split ensures a meaningful evaluation of the models'
predictive accuracy and provides statistical confidence in their performance
metrics. The 70/30 split strikes a balance between mitigating overfitting and
underfitting issues. If the training set were too small (e.g., 50/50 split), the models

might not have enough data to learn effectively, potentially resulting in poor
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generalization and overfitting. Conversely, if the training set were too large, the
risk of underfitting increases as the models may not adequately capture the
complexity of crack propagation patterns. The 70/30 split attempts to optimize
this balance[2], [203]-[206]. Model hyperparameters were adjusted to minimize

mean squared error and achieve satisfactory performance.

This approach ensured that the model was always evaluated on previously
unseen data, making the evaluated performance more representative of a real-
world predictive problem. To prevent any compromise to the model's performance
due to breaking the "test on unseen data" principle during training, a K-fold cross-
validation methodology was utilized. This methodology is illustrated in Figure 4-
10 and ensured that the model was evaluated using unseen data during training.
In the subsequent chapter, the performance of the proposed machine learning
models will be evaluated. This evaluation will primarily focus on the features
delineated in Table 4-2. These features have been selected due to their strong

relevance and potential impact on the performance of the models.

All Data
Training Data Validation Data
Fold 2 Fold 3 Fold 4 Fold5 —

. Hyperparameter Tuning

Fold 5

Validation Data

EEEER®

Figure 4-10 5-Fold cross validation schematic.
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4.6 Model Training and Evaluation
It is important to note that the benefits and drawbacks mentioned above are

general considerations for the respective machine learning models. The specific
performance of ML models in predicting crack propagation would depend on
factors such as the quality and size of the dataset, appropriate feature selection,
and careful hyperparameter tuning [7], [8]. To enable a proper comparison and
account for the diverse material behavior discussed earlier, three identical but
independent models were trained and validated with unseen data. The proposed
models were evaluated for training and validation accuracy using a MSE metric.
MSE is a commonly used statistical metric for evaluating the performance of
regression models. MSE measures the average squared difference between the
predicted values and the actual values of the target variable. For each data point
in the test set, the model generates a predicted value based on the input features.
The squared difference between the predicted value and the corresponding
actual value is calculated. These squared differences are then averaged across
all data points in the test set as shown in Equation . MSE provides an estimate of
the average squared error between the predicted values and the true values. It
gives higher weight to larger errors due to the squaring operation. The value of
MSE is always non-negative, with lower values indicating better performance. A
value of 0 indicates a perfect fit, where the predicted values match the actual
values exactly. In the context of the study, MSE was used as an evaluation metric
to assess the performance of the machine learning models in predicting crack
propagation. Lower MSE values indicate that the model's predicted crack
propagation values closely match the actual values, suggesting better predictive

accuracy.

n
1
MSE == @i - y0* (4-2)
i=1

Where y;represents the predicted value for the it" observation. y; represent the
actual value for the it" observation. It's worth noting that while MSE provides a
useful measure of model performance, it is not the only metric available.
Depending on the specific objectives of the study, other metrics such as mean

absolute error (MAE), R-squared (coefficient of determination), or domain-
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specific metrics could also be considered to evaluate and compare the
performance of the models. Essentially, these metrics represent the average

predictive error of the models|[7].

4.7 Summary
This chapter provides a comprehensive overview of the experimental

methodology used in previous studies to investigate three different materials:
2024 Sheet Aluminium, ABS, and concrete. The chapter describes in detail the
experimental design and setup employed for each material, highlighting the
important parameters and configurations utilized during the experiments.
Furthermore, the chapter focuses on the data processing procedures, with a
specific emphasis on exploring the correlations between the collected features
and the predicted crack depth. The chapter identifies the most influential
predictive features for each material. For example, it is found that temperature
has a more significant impact on the natural frequency of aluminum compared to
concrete and ABS. This difference can be attributed to the higher elastic modulus
and consistent isotropic properties of aluminum sheet metal, in contrast to the
additive layer manufactured ABS and concrete. The forthcoming section aims to
present significant findings and discussions regarding the performance of all the

proposed models in predicting crack depth.
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5 Results and Discussions: Results and Discussions:
Application of the proposed ML Models

5.1 Introduction
This chapter delves into the exploration and implementation of various machine

learning models to predict crack propagation in different materials such as ABS,
aluminum 2024-T3, and concrete, based on datasets that have discussed in
previous chapter. The models discussed include Ridge Regression, Lasso
Regression, K-Nearest Neighbors (KNN), Support Vector Regressor, Random
Forest Regressor, and Gradient Boosting Regressor. Each of these models has
been carefully chosen for their respective capabilities to efficiently handle
different aspects of the data, like linearity, multicollinearity, non-linear

relationships, and high-dimensional data.

5.2 Machine learning Models

The selection of suitable machine learning models for the given dataset is a
critical decision that revolves around the dataset's characteristics and the specific
objectives of the analysis. The dataset under consideration comprises four to five
features, and its size ranges from small to moderate. This section will delve into
the rationale behind choosing machine learning models that align with the data's

attributes.

Regarding the datasets pertaining to ABS and aluminum 2024-T3 alloys, the
following models were chosen: Ridge Regression, Lasso Regression, and KNN.
These models were selected with careful consideration of the dataset's features
and size. Ridge Regression, a linear regression model with L2 regularization,
emerged as a suitable candidate due to its ability to counteract overfitting and
address multicollinearity among the features. Notably, its computational
efficiency and provision of interpretable coefficients are advantageous. Lasso
Regression, similar to Ridge Regression, utilises L1 regularization to encourage
sparsity in coefficients and facilitate feature selection. Due to its capacity for
automated identification of pertinent features, particularly within the domain of

predicting crack propagation, Lasso Regression emerges as a judicious and
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valuable selection. However, both Ridge and Lasso Regressions may struggle
with intricate nonlinear patterns, while also encountering challenges posed by
multicollinearity. KNN algorithm, operating as a non-parametric approach, was
also integrated. Its reliance on the proximity of training samples in the feature
space makes it adept at accommodating complex relationships present in the
data. KNN's simplicity in both understanding and implementation is noteworthy.
However, sensitivity to the choice of the number of neighbors (K) and the distance
metric, as well as its computational demands during prediction, require
consideration. These chosen models present simplicity, ease of interpretation,
and efficient performance, rendering them ideal for swift execution or deployment
on resource-constrained systems| 7], [8], [158], [195].

Regard to composite data, the crack depth of each concrete type was clustered
based on their respective elastic modulus, which varied with changes in
temperature. The researcher selected Support Vector Regressor, Random Forest
Regressor, and Gradient Boosting Regressor to predict crack depth for composite
data based on their ability to handle complex datasets with non-linear
relationships between the features and the target variable and many
hyperparameters that can be fine-tuned to improve performance. The Random
Forest Regressor, an ensemble learning method that combines multiple decision
trees, was utilised. It handles high-dimensional data effectively, mitigates
overfitting, and captures complex relationships between input features and crack
propagation. However, Random Forest Regressor can be computationally
expensive, especially for large datasets. It may struggle to identify subtle patterns
and can be challenging to interpret due to its ensemble nature. SVR was also
utilised, as it is effective in handling both linear and nonlinear relationships. It can
manage high-dimensional data and, by selecting appropriate kernel functions,
capture complex patterns. However, SVR can be sensitive to the choice of
hyperparameters and kernel functions. It may also face limitations in dealing with
very large datasets due to computational requirements. Gradient Boosting
Regressor, which constructs an ensemble of weak prediction models to
sequentially correct errors, was another model used. It handles complex

relationships well, performs admirably with high-dimensional data, and typically

86



exhibits high prediction accuracy. However, Gradient Boosting Regressor can be
computationally intensive and may require careful hyperparameter tuning.
Without proper regularization, it is also prone to overfitting [208], [209]. The
chosen machine learning models are aligned with the specific attributes of the
datasets and the targeted analysis objectives. The chosen machine learning
models have been thoughtfully tailored to the data characteristics and specific
requirements. By acknowledging the data's size, feature count, linearity, and
complexity, these models offer a balance between predictive power and
interpretability. Nevertheless, the trade-offs associated with computational
demands and sensitivity to hyperparameters warrant cautious optimization and

selection of the final model.

5.3 Application of the proposed ML Models Results
Table 5-1 summarizes the performance metrics for training and validation (with

all features) predictions for the three materials.
Table 5-1 The evaluation of training and validation for selected models.

Material Learning model Training Validation Baseline

MSE “mm” MSE “mm” model “mm”

K- Neighbors 0.189 0.079 0.6838
S Regressor
€ Lasso 0.180 0.15
< Ridge 0.170 0.14
K- Neighbors 0.195 0.086 0.4398
8 Regressor
< Lasso 0.195 0.182
Ridge 0.194 0.182
Gradient Boosting 4.100 0.597 4.971
) Regressor
§ SVR 4.401 3.114
3 Random Forest 3.903 0.509
Regressor
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5.3.1 Training and Validation with all Features

ABS Models: The results show that the K Neighbors Regressor model has a
Training MSE of 0.195, indicating that, on average, the model's predictions are
off by 0.195 squared units from the actual values in the training set. The validation
MSE of the same model is 0.086, indicating that the model's predictions are off
by 0.086 squared units from the actual values in the test set. These values
indicate that the K Neighbors Regressor model performs well on both the training
and test sets, suggesting that it has not overfit to the training data. The Lasso
model's training MSE is 0.195, and the validation MSE is 0.182. Both values are
lower than the MSE of the baseline model (0.4398), indicating that the Lasso
model outperforms the baseline. The results for the Ridge model show that it has
a Training MSE of 0.194 and a validation MSE of 0.182. These values are also
lower than the MSE of the baseline model (0.4398), indicating that the Ridge
model outperforms the baseline. Overall, all three models (K Neighbors
Regressor, Lasso, and Ridge) outperform the baseline model, suggesting that
they have learned meaningful patterns in the data and can make reasonably
accurate predictions. Figure 5-1 shows the actual against predicted of ABS crack
depth for selected machine learning models in case of all features.

Aluminum Models: The results show that the K Neighbors Regressor model
has a training MSE score of 0.189 and a validation MSE score of 0.079, which is
lower than the MSE of the baseline model (0.8907), indicating that the K
Neighbors Regressor model outperforms the baseline. The lower the MSE score,
the better the performance of the model. The Ridge model has a training MSE
score of 0.170 and a validation MSE score of 0.149, both of which are lower than
the MSE of the baseline model. The Lasso model has a training MSE score of
0.180 and a validation MSE score of 0.159, both of which are also lower than the
MSE of the baseline model. In all cases, the validation MSE score is lower than
the MSE of the baseline model, suggesting that the models have learned
meaningful patterns in the data and can make reasonably accurate predictions.
Figure 5-2 shows the actual against predicted of aluminum crack depth for

selected machine learning models.
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Figure 5-1 The actual against predicted of ABS crack depth in case of all features.
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Concrete Models: For all models (Gradient Boosting Regressor, SVR, and
Random Forest Regressor), the Mean Squared Error (MSE) is used to evaluate
their performance, which measures the average squared difference between the
predicted and actual values. The lower the MSE, the better the performance of
the model. The results show that the Gradient Boosting Regressor model has a
training MSE of 0.208 and a validation MSE of 0.014, indicating that the model
performs well on both the training and test sets and has not overfit to the training
data. The SVR model has a training MSE of 0.182 and a validation MSE of 0.094,
indicating that the model’s predictions are off by 0.182 and 0.094 squared units
from the actual values in the training and test sets, respectively. The Random
Forest Regressor model has a training MSE of 1.649 and a test MSE of 0.189.
Although the Test MSE is lower than the baseline model, it is higher than the Test
MSE of the other two models, suggesting that the model may have overfit to the
training data. Overall, the Gradient Boosting Regressor and SVR models seem
to be the best performers based on these results. They have the lowest Test MSE
values and are less likely to overfit compared to the Random Forest Regressor
model. Figure 5-3 shows the actual against predicted of Concrete crack depth

for selected machine learning models.
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Figure 5-3 The actual against predicted of Concrete crack depth for selected machine

learning models.

5.3.1 Training and Validation with Selected Features

ABS Model: In the analysis of the prediction models' performance, the K
Neighbors Regressor, Lasso, and Ridge regression techniques were employed
to predict a target variable based on selected features, namely natural frequency,
and amplitude. . Figure 5-4 shows the actual against predicted of ABS crack
depth for selected machine learning models based on selected features. The K
Neighbors Regressor model demonstrated a comparatively superior performance
as evidenced by the training MSE of 0.196 and the test MSE of 0.097. These low

MSE values suggest that the model was successful in capturing underlying
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patterns within the data, resulting in more accurate predictions. This indicates
that the model's capacity to identify relationships between the selected features

and the target variable was effectively harnessed.
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Figure 5-4 The actual against predicted of ABS crack depth based on selected features.
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The K Neighbors Regressor's test MSE being substantially lower than that of the
baseline (0.437) implies a meaningful enhancement over a naive prediction
approach. On the other hand, both Lasso and Ridge regression models yielded
similar results in terms of test MSE, both recording a value of 0.186. While their
performance in the test phase was comparable, it's important to note that both
models outperformed the baseline model, indicating a successful utilization of
regularization techniques to optimize the predictive performance. However, it's
worth highlighting that the training MSEs for Lasso and Ridge (as shown in Table
5-2) were slightly better than that of the K Neighbors Regressor, implying that the
latter model may have encountered some degree of overfitting in its training
phase. In contrast, Lasso and Ridge models, which incorporate regularization,
managed to strike a balance between fitting the training data and generalizing to

unseen data.

Table 5-2 The evaluation of training and validation based on selected features.

Training Validation Baseline
Material Learning model
MSE “mm” MSE “mm” Model “mm”
K- Neighbors Regressor 0.196 0.097
o Lasso 0.194 0.186 0.437
<
Ridge 0.189 0.186
Gradient Boosting
1.209 0.217
o Regressor
§ SVR 1.376 1.374 2.799
8 Random Forest
1.054 0.141

Regressor

Concrete Model:

The models were trained and tested on a selected set of features, primarily
focusing on natural frequency as shown in Figure 5-5 . The Random Forest
Regressor exhibited promising results, achieving a training MSE of 1.054 and a
Test MSE of 0.141. This suggests that the model generalizes well to unseen data,

as the test error is relatively low. Comparing this to the baseline MSE of 2.799,
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the Random Forest Regressor demonstrates its ability to provide significant

improvements in prediction accuracy.
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Its ensemble approach harnesses the power of decision trees and randomness,
enabling it to capture complex relationships within the data effectively. On the
other hand, the SVR model exhibited higher training and test MSE values of 1.376
and 1.374, respectively. These results indicate that the model may be overfitting
to the training data, as it struggles to generalize to the test data. The
hyperparameters of the SVR model should be further optimized to potentially
enhance its predictive performance. While the SVR model's performance is
currently suboptimal compared to the Random Forest Regressor, fine-tuning its
hyperparameters and possibly exploring different kernel functions could lead to
improved results. The Gradient Boosting Regressor showed competitive
performance with a training MSE of 1.209 and a Test MSE of 0.217. This suggests
that the model effectively balances bias and variance, resulting in relatively low
errors on both training and test sets. The hyperparameters of the Gradient
Boosting Regressor should also be investigated to determine whether further
optimization can lead to better results. Given that the test MSE is considerably
lower than the baseline MSE, the Gradient Boosting Regressor proves to be a
valuable model for predicting outcomes based on the selected natural frequency
feature. The Random Forest Regressor and Gradient Boosting Regressor
models display strong predictive capabilities on the selected natural frequency
feature, outperforming the baseline MSE. While the SVR model initially struggles
with overfitting, it presents an opportunity for improvement through
hyperparameter optimization. The choice between these models should be driven
by a comprehensive analysis of their respective strengths and weaknesses and

the specific requirements of the predictive task at hand.

5.4 Discussion
The most important predictive features for Aluminium are natural frequency, crack

position, and temperature. For ABS and concrete, natural frequency and
amplitude dominate, while the position of the crack appears to be of little
importance. This may seem counterintuitive, as theory suggests that the closer
the crack is to the fixed position of the specimen, the more pronounced the effect
on dynamic response. However, the effect of crack position is captured by the

model under the natural frequency and amplitude terms, resulting in a small and
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relatively unimportant crack position coefficient. Using all of the features as
predictors yields the lowest MSE but removing crack location does not
significantly increase the error in ABS and concrete models. Removing amplitude
has a much more significant effect on the error, increasing it by approximately
60% relative to the all-features baseline. The most significant effect is seen by
removing natural frequency from the feature pool, which increases the error
significantly. This suggests that natural frequency is the dominant feature in the
prediction of crack depth, and its effect on the model error is greater than the rest
of the features combined. In comparing the results of the studies presented with
other related research, it becomes evident that the identified predictive features
for different materials, such as Aluminium, ABS, and concrete, are consistent with
previous findings in the field. Natural frequency and amplitude emerge as a
significant factor in predicting material behavior, aligning with established
theoretical expectations[110], [112], [193], [195], [210]-[212]. The reinforcement
of this feature's importance in the current study further solidifies its relevance in
material characterization. The computational time and complexity associated
with training algorithms exhibit variations contingent upon several factors,
including dataset size and algorithmic implementation. When dealing with small
to moderate datasets, linear regression techniques such as Ridge and Lasso
demonstrate efficient training times, characterized by a complexity of O(p*3),
where p corresponds to the number of features. In contrast, the kNN algorithm,
which is non-parametric in nature, requires minimal training time due to its
reliance on storing data points. However, the computational expense arises
during prediction when KNN necessitates distance calculations, resulting in a
complexity of O (n d), with n referring to the number of training instances and d
representing the number of features. SVR, an algorithm based on support vector
machines, generally exhibits reasonable training time for small to moderate
datasets. Nevertheless, the process of solving the quadratic programming
problem can become time-consuming for larger datasets. Random Forest
Regressor, an ensemble algorithm, exhibits efficient training for small to moderate
datasets with a complexity of O (M * n * log(n)), where M denotes the number of

trees and n represents the number of training instances. On the other hand,
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Gradient Boosting Regressor, another ensemble algorithm, typically entails
higher computational requirements, especially when considering larger numbers
of iterations. Consequently, its complexity generally surpasses that of Random
Forests. The selected algorithms can typically achieve training within an
acceptable timeframe for small and moderate datasets. However, the actual time
and complexity involved are contingent upon specific dataset characteristics,
implementation nuances, and the availability of computational resources [7], [8],
[161], [195], [197], [198]. In a critical analysis of table 5-1 and 5-2 , it's evident
that model performance varies with material types and learning algorithms. While
some models consistently perform well across materials (e.g., K-Neighbors
Regressor on ABS), others exhibit material-specific effectiveness. The choice of
model and its hyperparameters should be tailored to the specific material
characteristics and the trade-off between training and generalization.
Furthermore, hyperparameter tuning for models as SVR might alleviate overfitting
concerns is in line with recent research by [23], [145], [151], [210], [213], [214].
These tables emphasize the importance of selecting appropriate models for
different materials and highlight the need for rigorous evaluation and optimization
to ensure accurate predictions in material science applications. The models
utilized in this research, including KNN, ridge regression, and lasso regression,
are generally considered to be white-box models [143], meaning that they are
relatively easy to interpret and understand. These models make their predictions
based on a set of weights or coefficients that are applied to the input features and
can be examined, to understand how the model is making its decisions. This
makes it possible to understand the importance of each feature and how it
contributes to the overall prediction, as well as to identify any potential biases in
the model. However, it is important to note that even white-box models can be
difficult to fully interpret, especially when working with large or complex datasets.
It may also be challenging to fully understand the reasoning behind the model’s
predictions when working with more complex models, such as deep neural
networks. In these cases, it may be necessary to rely on other methods, such as
feature importance analysis or model agnostic techniques such as LIME [215]-

[217], to gain a better understanding of the model’s decision-making process. All
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proposed models may have some capability usage for crack prediction with small
datasets, they each have their own limitations and may not be the best choice for
all cases. It may be useful to try multiple approaches and compare their

performance, in order to determine the most effective method for the given data.

5.5 Summary
The chapter presents an in-depth explanation of how each model operates,

highlighting their unique strengths and weaknesses, and the implications of these
characteristics in handling ABS, aluminum, and concrete datasets. The crack
depth in each concrete type is also examined based on the variations in their
respective elastic modulus as the temperature changes. The chapter provides
comprehensive insights into the performance metrics used for evaluation,
specifically the MSE, while drawing attention to the relevance of feature selection
and hyperparameter tuning in determining the specific performance of the
models. In addition to the selection and application of suitable machine learning
models, the chapter introduces formal verification techniques used to assess the
models' robustness and reliability, including formal specification, model checking,
sensitivity analysis, and statistical testing. It delves into how these techniques are
adapted to the unique requirements of predicting crack propagation in varying
conditions. The chapter concludes with a discussion on the computational
efficiency and complexity associated with each of these machine learning
models, considering factors such as the size of the dataset and algorithmic
implementation. By illustrating the various methods and metrics used in model
selection, assessment, and comparison, this chapter aims to provide a thorough
understanding of how machine learning can be leveraged to predict crack
propagation in different materials, offering valuable insights into the practicalities
of implementation and performance evaluation. However, while the machine
learning models in this chapter demonstrated promising predictive capabilities,
it's important to recognize their limitations, particularly in addressing the complex
dynamics of crack propagation. This limitation serves as a driving force behind
our exploration automated machine learning in the subsequent chapter, wherein
we tackle the intricate challenge of enhancing structural health monitoring

through a more specialized and refined predictive framework.
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6 Automated Prediction of Crack Propagation Using
H20 AutoML: Towards Enhanced Structural Health
Monitoring

6.1 Introduction
Crack propagation is a critical phenomenon in materials science and engineering,

with implications for structural integrity, reliability, and safety in various
applications. Accurately predicting crack propagation behavior is essential for
ensuring the structural performance and longevity of engineering components as
investigated in previous chapter. However, there is a growing need for automated
models that can efficiently and accurately predict crack propagation. The aim of
this chapter is to develop a machine learning-based automated model that can
accurately predict crack propagation behavior in any materials. By leveraging the
powerful capabilities of the H20O library, the aim is to harness the potential of
machine learning algorithms to analyse complex crack propagation patterns and
provide reliable predictions. The H2O library is a popular and versatile tool for
machine learning in Python. It offers a wide range of algorithms, automated
hyperparameter tuning, and feature engineering capabilities, making it well-suited
for our crack propagation prediction task. By utilizing the H20O library, we can
streamline the process of model development and leverage its efficiency and
scalability for handling large datasets [218]-[221]. This research contributes to
the field of crack propagation prediction by demonstrating the effectiveness of an
automated approach using the H20 library. By automating the crack propagation
prediction process, this chapter aims to enhance the efficiency and accuracy of
crack propagation analysis, thereby facilitating improved structural integrity
assessment and maintenance strategies. In the following sections, we provide an
overview of existing crack propagation prediction methods and highlight the
limitations of traditional approaches. We discuss the relevance of automated
models in addressing these limitations and explore the potential of the H20O library

in predicting crack propagation.

The methodology, experimental results, and implications of this research will be
discussed, followed by a comprehensive analysis of the findings. Through this
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work aims to advance the understanding of crack propagation in ABS materials
and provide valuable insights for practical applications in engineering and

materials science.

6.2 Previous Academic Work
Crack propagation prediction has been a subject of extensive research in the field

of materials science and engineering. Various approaches have been explored
to understand and predict crack growth behavior, ranging from analytical methods
to numerical simulations. However, these traditional approaches often face
limitations in capturing the complexities of crack propagation, highlighting the
need for automated models that can overcome these challenges and provide
accurate predictions. Analytical methods, such as fracture mechanics principles
and stress intensity factor (SIF) analysis, have long been used to estimate crack
growth behavior. These methods provide valuable insights into crack behavior
under simplified conditions. However, they often rely on simplifying assumptions
and are limited in their ability to account for complex crack geometries and
heterogeneous materials [222] As a result, the accuracy of predictions is
compromised when dealing with real-world scenarios. Numerical methods,
particularly finite element analysis (FEA), have been widely employed to simulate
crack propagation[18], [222]-[226]. FEA-based models offer more realistic
representations of material behavior and crack growth dynamics. However, these
models require significant computational resources and manual intervention in
defining crack paths, making them time-consuming and less efficient for large-

scale applications [227]-[232]

The application of ML techniques for damage and crack detection in engineering
materials has witnessed a burgeoning interest in recent years, driven by the quest
for enhancing safety and structural integrity across a wide range of industrial
applications. Numerous studies have demonstrated the efficacy of ML in crack
detection across various materials. For instance, Wang et al [106] introduce a
fatigue crack growth calculation method based on extreme learning machine
(ELM), radial basis function network (RBFN), and genetic algorithms optimized
back propagation network (GABP). Regan et al [233] study harnesses statistical

101



features for acoustics-based damage detection in enclosed cavities like wind
turbine blades, utilizing machine learning algorithms such as Logistic Regression
(LR) and Support Vector Machine (SVM) for decision-making via binary
classification. Experimental data from a wind turbine test rig demonstrated that a
Cubic SVM can effectively generalize to various damage types, locations, and
severities with over 98% accuracy, highlighting the potential of this approach in
the advancement of SHM. Miorelli et al [234] leverage Guided Wave (GW)
Structural Health Monitoring (SHM) simulation models to generate a
comprehensive database and train a machine learning-based inversion
algorithm, aiming to improve the detection and characterization of defects. Feng
et al [91] present an effective method for damage detection in hydro-junction
infrastructure, utilizing a modified Inception-v3 deep convolutional neural network
with transfer learning. The model trained on a set of high-definition images,
outperforms an SVM model with a remarkable test accuracy of 96.8%. While the
method proves to be efficient and accelerates training through GPU utilization,
the lack of a unified image dataset for hydro-junction infrastructure presents
challenges for comprehensive comparison and future improvements. Despite the
proven effectiveness of ML in crack and damage detection, a key challenge lies
in the requirement for significant human intervention in terms of feature selection,
model selection, and hyperparameter tuning. The process is time-consuming and
necessitates extensive expertise in ML, thereby limiting its wider adoption. In
light of these limitations, the advent of Automated Machine Learning (AutoML)
platforms, such as the H20 library, presents a promising avenue for expediting
and enhancing the ML model development process. AutoML automates the end-
to-end process of applying ML, including automatic data pre-processing, feature
selection, model selection, and hyperparameter tuning, thus reducing the need
for human intervention and expert knowledge. Although AutoML has been
explored in various fields such as healthcare, finance, and retail [235]-[246] , its
application in structural health monitoring, particularly for crack and damage
detection, remains under-explored. Moreover, the H2O library, despite its
powerful capabilities, has not been thoroughly investigated for this specific use-

case. Therefore, it is pertinent to conduct a comprehensive study on the
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application of the H20 AutoML library for crack detection in engineering materials.
This not only contributes to the growing body of literature on the integration of
AutoML in structural health monitoring but also provides crucial insights into the
practical implications of using the H20O library in this critical field of study. The
promising potential of AutoML to revolutionize the process of crack and damage

detection makes this an exigent area of research.

6.3 Methodology

6.3.1 Dataset Description and Preprocessing:
The dataset employed in this research comprises empirical observations of crack

progression in ABS materials. The dataset is representative of typical crack
propagation scenarios encountered in ABS materials as shown in Appendix F. In
the process of conducting the experiments, the sample was secured onto the
vibrating platform and subjected to varying degrees of heat. This platform was
then tasked with exerting mechanical forces, while impact tests were initiated to
identify the primary vibrational frequency of the sample. A laser vibrometer was
employed to capture measurements. Subsequently, a vibration test was
implemented at this identified frequency. Should there be any manifestation of
crack development, the amplitude of the beam tip's displacement would decline,
prompting a halt to the shaker in order to register the new frequency. Additional
impact tests were carried out to ascertain this new frequency, which was
subsequently programmed into the shaker. The cycle of these steps continued
until the sample endured a catastrophic failure as a result of crack progression.
The dataset includes information on various parameters such as temperature,
natural frequency, amplitude, and crack depth. The crack propagation
measurements were obtained from previous studies [194], [196], [198]. Prior to
model development (as shown in Figure 6-1), The data is processed and refined
to ensure it is optimized for training the automated machine learning model. Data
preprocessing involves outliers, handling missing values, and data normalization.
Outliers are identified and treated using robust statistical methods. Missing

values are imputed using appropriate techniques such as mean imputation or
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regression-based imputation. Data normalization is performed to scale the

features to a consistent range, reducing the impact of varying magnitudes.

Figure 6-1 Flowchart of the process of AutoML H20 Application.

6.3.2 Feature Engineering and Model Selection and Configuration:
The importance of feature engineering in data interpretation cannot be

understated. For the analysis of crack propagation in ABS materials, a variety of
features are selected or engineered to accurately depict the material traits.
Techniques such as correlation analysis and feature importance ranking are
employed to discern the features that most significantly influence crack
propagation. The H20 library offers an extensive suite of machine learning
algorithms tailored for regression tasks. Given the specific nature of the crack
propagation issue, suitable algorithms are chosen from the offerings of H20.
Several model parameters — including the learning rate, regularization strength,
and the number of layers — are adjusted to maximize model efficiency while
minimizing overfitting. Validation methods, such as k-fold cross-validation, are

utilized to assess the models and identify the most efficient one.

The H20 AutoML framework encompasses a diverse range of machine learning
models, including but not limited to, XGBoost Gradient Boosting Machines
(GBM), H20 GBM, Random Forests (default and Extremely Randomized Trees
versions), Deep Neural Networks, and Generalized Linear Models (GLM).
Importantly, H20 is compatible with the widely-used XGBoost learning algorithm,
enabling the integration of third-party algorithms and facilitating GPU-accelerated
training. The current iteration of H20 AutoML is capable of training and, if
required, cross-validating a series of models, inclusive of three pre-defined
XGBoost GBM models, an H20 GLM grid, a default H20 Random Forest, five
specific H20 GBMs, a near-default H20 Deep Neural Net, an H20 Extremely
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Randomized Trees model, and random grids of XGBoost GBMs, H20 GBMs, and
H20 Deep Neural Nets. These pre-defined models serve as efficient, reliable
benchmarks for each algorithm. The sequence of algorithms can be user-
customized, initiating with models that consistently perform at a high level (such
as pre-set XGBoost models), followed by a tuned GLM for immediate
benchmarking. Subsequently, the algorithm introduces model diversity by
integrating a selection of Random Forests, GBM, and Deep Learning models.
Upon the training and ranking of these pre-set models, a random search
commences across these algorithms. The time allocation for each algorithm
during the AutoML run is pre-determined, favoring some algorithms such as
XGBoost GBM, H20 GBM over H20 Deep Learning, based on their perceived
or calculated value. These techniques and methodologies are not limited to the
current analysis but present significant potential for application in future research
endeavors. They constitute a comprehensive toolkit for researchers, facilitating
the tackling of diverse problem sets [247], [248].

6.3.3 Model Training and Evaluation:
The selected model is trained on the preprocessed dataset using H2O's training

functions. The training process involves iteratively optimizing the model's
parameters using the training data. Model performance is evaluated using
appropriate evaluation metrics, such as mean squared error (MSE), root mean
squared error (RMSE), or R-squared. The dataset is split into training and testing
sets to assess the model's generalization ability and prevent overfitting. The
model is iteratively refined by adjusting hyperparameters and retraining until
satisfactory performance is achieved. To assess the accuracy and reliability of
the automated model, several performance metrics are considered. In addition to
MSE and RMSE, metrics such as mean absolute error (MAE), root mean squared
lograrthmic Error (RMSLE), and mean residual deviance are calculated. These
metrics provide insights into the model's ability to capture the variance in crack
propagation behavior and make accurate predictions. Additionally, visualization
techniques, such as scatter plots or residual analysis, are employed to further
assess the model's performance and identify potential areas for improvement.

Through this methodology, we aim to develop an automated model using the H20
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library that accurately predicts crack propagation in ABS materials. The dataset
preprocessing, feature engineering, and model training processes ensure the
model's ability to capture the underlying patterns in crack growth behavior. The
performance evaluation metrics provide a quantitative assessment of the model's
predictive capabilities, contributing to enhanced understanding and analysis of

crack propagation in ABS materials.

6.4 Results and Discussion

6.4.1 Insights into Crack Propagation Behavior in ABS Materials:
Analyzing the results from a comparative feature importance assessment

involving multiple predictive models namely, Generalized Linear Model (GLM_1),
Distributed Random Forest (DRF_1), and Gradient Boosting Machine (GBM_2),
we uncover significant insights into the behavior of crack propagation in ABS
materials. In this analysis as shown in table 6-1 , each row of the table represents
an individual feature, while each column corresponds to a distinct predictive

model.

Table 6-1 The importance of features for AutoML models.

Features GILM_ 1 DRF 1 GBM_2
Amplitude 0.560706 0.439450 0.310581
Natural frequency 0.383545 0.534284 0.681861
Temperature 0.051501 0.012806 0.002864
Crack location 0.004248 0.013460 0.004693

The constituent values within the table denote feature importance scores,
typically calculated based on the contribution of each feature towards the model's
predictive output. Notably, a higher value suggests a more significant contribution
of the corresponding feature to the prediction. Upon examining the comparative
table 6-1:

e The ‘amplitude’ feature demonstrates the highest importance for the
GLM_1 and DRF_1 models, albeit less so for the GBM_2 model. This
implies that amplitude variations significantly influence crack propagation

in ABS materials according to the GLM and Random Forest models.
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e The "natural frequency’ feature, second in terms of importance for the
GLM_1 model, emerges as the most crucial for the GBM_2 model. This
feature also exhibits significant relevance for the DRF_1 model,
suggesting that natural frequency plays a considerable role in
understanding crack behavior across different models.

e The ‘temperature’ feature showcases lesser significance across all three
models when compared with the ‘amplitude’ and ‘natural frequency
features, indicating a relatively lesser role of temperature variations in the
prediction of crack propagation behavior.

e The ‘crack location” feature has been determined as the least important
amongst all the features across all the models, suggesting a limited role of
crack location in influencing the crack propagation behavior in ABS
materials according to these models. A noteworthy consideration is that
feature importance does not indicate the direction (positive or negative) of
a feature's influence on the response, but merely denotes the magnitude
of its influence. Moreover, the scales of feature importance between
different models may not be directly comparable due to the distinct
methodologies each model employs for calculating feature importance.
Thus, while comparing feature importance across models, the focus
should be on the ranking of features within each model, rather than on a

direct comparison of the absolute values across models.

6.4.2 AutoML Models Selection
The practical aspects of utilizing H2O's AutoML in Python, and the significance of

the corresponding code snippet as shown in Figure 6-2, cannot be understated.
Essentially, this segment of code initiates the AutoML process, furnishing vital
parameters that steer the operation. In essence, it signifies the point of entry into
H2O's robust automated machine learning capabilities. Critical parameters

guiding the operation of the AutoML process include:
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# Perform AutoML

aml = H20AutoML (max_models=3,
seed=1,
stopping_metric='AUTO',
sort_metric='AUTO")

aml.train(y=target, training_frame=train)

Figure 6-2 The parameters of AutoML operation

e max_models: This parameter sets a limit on the number of individual
models to train. By setting this to 3, we ensure that the AutoML process
will stop after training three models. This setting helps to control the
computational resources and time spent during the AutoML process,
depending on the complexity and size of the dataset.

e seed: This parameter sets the seed for the pseudo-random number
generator used by H20's AutoML. It ensures that the randomness in the
AutoML process, such as random hyperparameter selection, can be
reproduced across multiple runs, improving the consistency and
interpretability of our results.

e max_runtime_secs: This parameter sets a limit on the total time spent in
the AutoML process, in seconds.

e stopping_metric="AUTO' and sort_metric="AUTO": These parameters
control the metric used to compare and rank different models. By setting
these to 'AUTO', we allow H2QO's AutoML to automatically choose the most
appropriate metric based on the task.

Following the initialization of the H2OAutoML object, the AutoML process
proceeds with hyperparameter optimization.

6.4.3 Hyperparameter tuning and training of AutoML model
Hyperparameter tuning, an essential process in ML, involves determining the

optimal configuration for model performance. While traditional manual tuning can
be resource and time-intensive, recent advances in AutoML have significantly
streamlined the process. This research applied H20's AutoML on selected
dataset, each with distinct features and complexities, to ensure the robustness of
our results. A key aspect of our experimentation was the algorithm's capacity for

automatic hyperparameter tuning, which optimizes a model's performance by
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fine-tuning its configuration. The underlying principle of hyperparameter tuning in
H20O's AutoML is a method known as grid search. The framework builds multiple
models with varying hyperparameters, facilitating the evaluation of different

combinations to identify the one that yields the best model performance.

Notably, the hyperparameter tuning process in H2QO's AutoML is random,
ensuring a diverse search space, and it automatically ranks models based on the
selected evaluation metric. Following the hyperparameter optimization, H2O's
AutoML proceeded with model training using the identified optimal
hyperparameters as shown in Figure 6-3. This ensured that the resultant models
were not only theoretically optimized based on hyperparameter configurations but
were also empirically validated through rigorous training processes. H20O's
AutoML successfully executed both hyperparameter tuning and model training,
resulting in the selection of optimal model parameters that yielded superior results

as shown in Table 6-2.

# Get the best model
best_model = h2o.get_model(best_metric)

# Print the hyperparameters for the best model
print("Best Model Hyperparameters:")
print(best_model.params)

# Get hyperparameters for all models in the AutoML Leaderboard
hyperparameters = {}
for model_id in model_ids:

model = h2o.get_model(model_id)

hyperparameters[model_id] = model.params

# Convert hyperparameters to a Pandas DataFrame for easier tabular represent
import pandas as pd

hyperparameters_df = pd.DataFrame.from_dict(hyperparameters, orient='index')
# Print the hyperparameters table

print("Hyperparameters for All Models:")

print(hyperparameters_df)

# Deploy model for prediction

model_path = h2o.save_model(model=best_model, path="./model", force=True)
loaded_model = h2o.load_model(model_path)

prediction = loaded_model.predict(data)

Figure 6-3 Code to identify optimal hyperparameters for all selected models.

This automated process significantly reduced manual intervention, minimizing

bias and human error, and resulted in a consistent improvement in predictive
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performance across various tasks. Moreover, the entire process, from data
preprocessing to model training, was conducted within a reasonable timeframe,
emphasizing the efficiency of the framework. H20O's AutoML managed to simplify

the process, making it accessible to both novice and experienced data scientists.

This result aligns with the premise that the democratization of ML processes is a
practical and necessary evolution, especially as the world becomes increasingly
data-driven. The results demonstrate that the H2O's AutoML process, with its
integrated hyperparameter tuning and robust training mechanism, serves as a
powerful tool in the ML toolkit, yielding high-performing models and simplifying
the ML deployment process. Future work should explore the scalability of this

approach in larger, more complex datasets and real-world applications.

6.4.4 Performance Evaluation of the Selected Automated Model:
The developed automated model using the H20O library demonstrates promising

performance in predicting crack propagation in ABS materials. Evaluations of the
model's accuracy were carried out using multiple performance metrics as outlined
in Table 6-2. The GBM model achieves an RMSE of 0.24784, MSE of 0.0614249,
MAE of 0.209033, RMSLE of 0.117522, and a mean residual deviance of
0.0614249. These values suggest that the GBM model offers the best
performance among the models listed in terms of accuracy and fit as shown in
Figure 6-4.

Conversely, the Stacked Ensemble model records an RMSE of 0.259332, MSE
of 0.0672531, and an MAE of 0.217328. The RMSLE value of 0.129487 and
mean residual deviance of 0.0672531 further support its commendable

performance, although it slightly lags behind the GBM model.
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Table 6-2 The performance of H20 models based on different regression metrics.

Model RMSE MSE MAE RMSLE mean residual-
llmm" Ilmmll llmmll llmmll deviance llmmll
GBM_2_AutoML 0.24784 0.0614249 0.209033 0.117522 0.0614249
Stacked Ensemble Best 0.259332  0.0672531 0.217328 0.129487 0.0672531
Off family
GLM_1_AutoML 0.315497  0.0995384 0.263245 0.151175 0.0995384
DRF 0.349196 0.121938  0.297976 0.162201 0.121938

Model Performance

DRF_1_AutoML_1 20231006_110359

GLM_1_AutoML_1_20231006_110359
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GBM_2_AutoML_1_20231006_110359
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Figure 6-4 The preformance of H20 selected models based on RMSE metric

The DRF model exhibits higher RMSE, MSE, MAE, RMSLE, and mean residual
deviance values of 0.349196, 0.121938, 0.297976, 0.162201, and 0.121938,
respectively. These metrics suggest that while the DRF model is robust, it may
not be as precise as the GBM or Stacked Ensemble models. The GLM model
showcases RMSE, MSE, MAE, RMSLE, and mean residual deviance values of
0.315497, 0.0995384, 0.263245, 0.151175, and 0.0995384, respectively. Figure
6-5 illustrates the performance of the GBM, Stacked Ensemble, DRF, and GLM
models over a series of iterations. It can be observed that the GLM model,
although valuable, might have higher prediction errors compared to the other
models, making it potentially less suitable for this dataset. The GBM model
stands out as the most accurate based on the provided metrics, with all models

offering valuable insights into crack propagation in ABS materials. These findings
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underscore the potential of machine learning approaches in structural health

monitoring, setting a promising direction for future research.
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Actual vs Predicted for DRF_1 AutoML 1 20231027 192340
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Figure 6-5 The actual against predicted of ABS crack depth a. GBM AutoML b. Stacked
Ensemble Best of Family AutoML c¢. CLM AutoML d. DRF AutoML.

6.5 Comparison with Machine learning Approaches:
H2O's AutoML is renowned for its advanced capabilities in tackling intricate

predictive challenges. This tool harnesses a diverse range of machine learning
algorithms, such as Deep Neural Networks, H20 GBM, GLM, and Random
Forests. Additionally, it seamlessly integrates with the popular XGBoost model,
facilitating the incorporation of external algorithms and GPU-powered training.
The latest version of H20 AutoML is designed to train and, where required, cross-
validate models. This includes a set of XGBoost GBM models, an H20 GLM grid,
the standard H20 Random Forest, multiple specific H20 GBMs, a H20 Deep
Neural Net that closely follows default settings, an H20 Extremely Randomized
Trees model, and random configurations of XGBoost GBMs, H20 GBMs, and
H20 Deep Neural Nets [249]. In contrast, conventional regression algorithms
such as Linear Regression (LR), Back-Propagation Neural Network (BPNN),
Classification and Regression Tree (CART), and Support Vector Regression
(SVR) have been employed to forecast a range of material properties. This
includes predicting the self-repairing ability of Engineered Cementitious
Composite (ECC) [250]. These algorithms have demonstrated potential, with
ensemble techniques such as bagging, AdaBoost, and stacking further
enhancing prediction precision. Yet, they demand manual hyperparameter
adjustments and might not be as adept as AutoML solutions in processing
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extensive datasets or intricate data interrelations. In research focused on
forecasting crack growth in aviation aluminum alloy, the SVR algorithm was
utilized. This model, trained using data from fatigue tests on crack length
expansion, proved adept at accurately forecasting crack expansion between
three holes [210]. In a separate investigation, reinforcement learning was
deployed to determine the optimal times for structure inspections and
decommissions to prevent failures. This research compared two distinct
regression algorithms: neural networks (NN) and k-nearest neighbors (KNN)
[251]. The results favored the KNN algorithm in terms of performance. While
traditional regression techniques have yielded encouraging outcomes in
predicting crack growth in diverse materials, AutoML solutions, such as H20,
present numerous benefits. These encompass efficient processing of vast
datasets, automated hyperparameter adjustments, and the capability to discern
intricate data patterns. Nonetheless, the selection of an algorithm should align
with the task's specific demands, such as dataset size and intricacy,

interpretability necessities, and available computational resources.

6.6 Advantages of the Automated Model:
The automated model developed using the H2O library for crack propagation

prediction in ABS materials offers several advantages over traditional
approaches. Firstly, the model demonstrates superior accuracy in predicting
crack lengths, as indicated by the low RMSE and MAE values. This accuracy can
significantly contribute to improving structural integrity assessment and
maintenance strategies by enabling proactive measures to prevent catastrophic
failures [7]. Secondly, the automated model reduces the dependency on manual
intervention and subjective decision-making, as commonly encountered in
analytical and numerical methods. By leveraging machine learning algorithms,
the model can autonomously learn from the data and capture complex
relationships, leading to more reliable predictions without the need for simplifying

assumptions [249].

Additionally, the model's efficiency and scalability are noteworthy. The H20 library

provides efficient handling of large datasets and offers automated
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hyperparameter tuning, accelerating the model development process. The ability
to process extensive datasets efficiently enhances the model's robustness and

widens its applicability to real-world scenarios [7], [249].

6.7 Practical Implications:
The application of the automated model in predicting crack propagation in ABS

materials has significant practical implications for industries such as automotive,
aerospace, and consumer goods manufacturing. Enhanced crack propagation
analysis can lead to improved product design, material selection, and
manufacturing processes, ultimately ensuring the safety and reliability of
engineering components. The model's predictive capabilities enable the
identification of critical scenarios and the estimation of remaining useful life,
facilitating more informed decision-making regarding maintenance and repair
strategies. By accurately predicting crack growth behavior, proactive measures
can be taken to mitigate potential risks, reduce downtime, and optimize
maintenance costs. Furthermore, the insights gained from the automated model
offer valuable guidance for materials scientists and engineers in the development
of new materials and the optimization of existing ones. Understanding the
influential factors on crack propagation in ABS materials can aid in the design of
materials with enhanced fracture toughness, durability, and resistance to crack

propagation, leading to improved product performance and longevity.

6.8 Limitations and Future Directions:
While the automated model presents significant advancements in crack

propagation prediction, it is important to acknowledge its limitations. The model's
performance heavily relies on the quality and representativeness of the training
dataset. Inadequate or biased data may result in suboptimal predictions.
Therefore, the availability of comprehensive and diverse datasets for model
training and validation is crucial. Moreover, the model's generalizability to
different ABS materials and environmental conditions should be further
investigated. The variability in material composition, manufacturing processes,
and loading conditions may influence crack propagation behavior. Future

research should focus on expanding the dataset to incorporate a broader range
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of ABS materials and considering additional factors such as temperature,
humidity, and chemical exposure. Furthermore, the interpretability of the
automated model warrants attention. Although machine learning models excel in
predictive accuracy, understanding the underlying mechanisms and factors
contributing to crack propagation can be challenging. Efforts should be made to
develop explainable Al techniques that provide insights into the model's decision-
making process, allowing engineers and scientists to gain a deeper
understanding of the crack propagation phenomenon. The automation of crack
propagation prediction can be extended to other materials and structural
components beyond ABS. The methodology presented in this study can serve as
a foundation for developing automated models for different materials, allowing for

broader applications in diverse engineering domains.

6.9 Summary
The automated model utilizing the H2O0 library presents a significant

advancement in crack propagation prediction for ABS materials. The model's
accuracy, efficiency, and scalability offer substantial benefits for structural
integrity assessment, maintenance strategies, and materials design in various
industries. The accurate predictions provided by the automated model enable
engineers to make proactive decisions regarding maintenance and repair
strategies, ultimately enhancing the safety and reliability of engineering
components. By accurately forecasting crack propagation behavior, potential
risks can be mitigated, downtime can be minimized, and maintenance costs can
be optimized. The efficiency and scalability of the automated model streamline
the crack propagation analysis process. With the H2O library's powerful
capabilities, large datasets can be processed efficiently, enabling robust and
reliable predictions. This efficiency allows for the analysis of extensive data sets,
facilitating a comprehensive understanding of crack propagation behavior in ABS

materials.

Furthermore, the model's ability to capture complex relationships between crack
behavior and various influencing factors provides valuable insights into the

underlying mechanisms of crack propagation. This deeper understanding
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enables engineers and scientists to make informed decisions regarding materials
design, manufacturing processes, and structural improvements, leading to
enhanced product performance and longevity. While there are limitations and
areas for future research, such as the need for diverse and representative
datasets and the interpretability of the model, the automated model demonstrates
the potential to revolutionize crack propagation analysis in ABS materials and
beyond. Continued research and development in this field will further advance
the automation of crack propagation prediction, enabling its application in a
broader range of materials and contributing to enhanced safety, reliability, and
performance of engineering components across industries. The automated
model utilizing the H2O library offers a powerful tool for accurate crack
propagation prediction in ABS materials. Its impact extends to structural integrity
assessment, maintenance strategies, and materials design, facilitating informed
decision-making and advancing materials science and engineering practices.
With ongoing research and development, the automation of crack propagation
prediction will continue to drive improvements in safety, reliability, and
performance in various industrial applications. The subsequent chapter
concludes the main findings and contributions of the research. It Proposes future

directions and potential areas for further research.
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7 Conclusions

This research aimed to explore the application of ML in structural health
monitoring and assessment and material science, focusing on different materials
such as composite, metal, and polymer. The objectives set at the beginning of
the study have been successfully achieved, and the novel contributions of the
research have been highlighted. This chapter presents the conclusions drawn
from the study, summarizing the findings and discussing the implications of the

research.

7.1 Achievement of Objectives

Objective 1:ldentify the current challenges in machine learning
approaches for structural health monitoring and assessment: The study
identified several key challenges in the application of ML in SHMA. These
include the limited availability of high-quality data, the difficulty in
interpreting ML model results, the issue of overfitting, and the lack of
general guidelines for the selection of ML models. The study proposed
potential solutions to these challenges, such as the creation of open-
source datasets, the use of importance testing and physics-based loss
functions, and the development of knowledge-informed selection
strategies.

Objective 2: Analyse the compatibility of dynamic response data of
different material structures with the prominent ML approaches: The
research analyzed the suitability of various ML algorithms for different
materials and data types. It was found that the choice of algorithm should
consider the type of data available, the material being studied, and the
desired knowledge outcomes. The study also highlighted the importance
of interpretability in addition to predictive accuracy when selecting an ML
algorithm.

Objective 3: Develop an ML model based on the suitable approach/es to
relate the interdependencies between the dynamic response and crack
propagation in structures: The study successfully developed ML models

using various regression techniques to predict crack depth in different
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materials. The models were able to capture meaningful patterns within the
data and make reasonably accurate predictions.

Objective 4: Evaluate the efficiency and accuracy of the developed ML
model: The performance of the developed models was evaluated using
MSE on both training and test sets. All models surpassed the baseline
model, indicating their effectiveness in predicting crack depth.

Objective 5: Validate the proposed model with experiments on arbitrary
values (composite, metal, and polymer): The models were validated using
experimental data from previous research. The results confirmed the

models' ability to accurately predict crack depth in different materials.

7.2 Novel Contributions

The study has made several noteworthy contributions to the fields of structural

health monitoring, assessment, and material science:

7.2.1 Enhancing Structural Health Monitoring: Comprehensive
Analysis of Diverse Materials and Machine Learning Models for
Accurate Crack Propagation Prediction

The research significantly advances the field by conducting a comprehensive

analysis involving multiple materials, diverse machine learning models, and

accounting for dynamic load and temperature impacts. Through validation using
experimental data, the study provides valuable insights into crack propagation
prediction. The findings hold potential for optimizing resource allocation and cost-
effective maintenance through precise identification of critical areas and accurate
prediction of crack propagation rates. This targeted strategy minimizes
unnecessary maintenance, optimizes resource utilization, and lowers costs,
thereby ensuring the enduring reliability and durability of structures across

various materials.

7.2.2 Suitability Analysis of Machine Learning Algorithms for Crack
Growth Prediction Based on Dynamic Response Data

This research analyses the requirements and characteristics of the most

commonly used machine learning algorithms in SHM as in Chapter 3. The aim is
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to assist researchers in selecting models that are both effective and
comprehensible. This analysis can aid researchers in improving their
comprehension of the model's predictions. The contribution of this research to
the field of SHM lies in the examination of the compatibility between dynamic
response data from diverse material structures and prominent machine learning
approaches. The study involves an exploration of the data's characteristics
alongside the utilisation of the most prevalent machine learning algorithms within
the field.

7.2.3 Automated Prediction of Crack Propagation Using H20 AutoML.:
Towards Enhanced Structural Health Monitoring

The research introduces an innovative automated model that leverages the H20

library as in Chapter 6. This model empowers researchers to swiftly construct

accurate crack propagation prediction models without necessitating an extensive

background in machine learning. The automation streamlines the modeling

process and fosters the broader adoption of machine learning techniques.

However, it remains paramount for researchers to thoroughly assess the
compatibility of diverse machine learning algorithms, considering factors such as
available data types, specific materials under examination, and desired learning
outcomes. The study's findings bear practical implications for specialists
dedicated to structural health monitoring and maintenance. They hold the
potential to drive remarkable advancements within the field of structural
engineering and maintenance practices. By bridging the gap between theoretical
research and real-world applications, this study stands as a beacon of progress
within the broader context of material science and structural integrity. The

subsequent chapter delves into the future research directions and avenues.

7.3 Future Research Directions

Although this study has made significant strides in understanding and applying
machine learning in structural health monitoring and assessment, there are
several avenues for future research that could further enhance the potential of

ML in this field and address the identified challenges.
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1. Expanding the Dataset: One of the primary challenges identified in this
study was the limited availability of high-quality data. Future research
could focus on collecting, curating, and generating diverse datasets for
different materials and conditions. This would not only enhance the
training of ML models but also allow for more robust and generalizable
models.

2. Investigating Additional Features: The study identified several influential
predictive features for each material. Future research could investigate the
influence of additional features, such as material composition or
environmental factors, on crack formation and propagation.

3. Deep Transfer Learning: Researchers can explore the use of transfer
learning. In order to improve the performance and interpretability of CNNs
for crack detection. This can be achieved by fine-tuning pre-trained CNN
models on concrete, polymer, or metal images, allowing the model to
quickly learn relevant features for crack detection. By addressing these
areas, future research could significantly contribute to the advancement of
ML applications in structural health monitoring and assessment, leading to
more accurate and reliable predictions, and ultimately, safer, and more

efficient structures.
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Appendix A Ethical approval letter

Cranfield

University

17 August 2023

Dear Mrs Omar ,

Reference: CURES/20388/2023

Project ID: 23505

Title: Investigate Machine Learning approaches to model the interdependencies between applied load and crack
propagation in Mechanical structure

Thank you for your application to the Cranfield University Research Ethics System (CURES).

We are pleased to inform you your CURES application, reference CURES/20388/2023 has been reviewed. You
may now proceed with the research activities you have sought approval for.

If you have any queries, please contact CURES Support.
We wish you every success with your project.

Regards,

CURES Team
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Appendix B Python code of machine learning models

B.1 Code of ABS machine learning model

# Import necessary Libraries

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split, ShuffleSplit, cross_val_score
from sklearn.linear_model import LinearRegression

6 from sklearn.tree import DecisionTreeRegressor

7 from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor
8 from sklearn.svm import SVR

9 from sklearn.neural_network import MLPRegressor

10 from sklearn.linear_model import Lasso, Ridge

11 from sklearn.metrics import mean_squared_error, r2_score

12 import matplotlib.pyplot as plt

13 from sklearn.impute import SimpleImputer

14 from sklearn.preprocessing import StandardScaler

15 from sklearn.neighbors import KNeighborsRegressor

16 from scipy.stats import pearsonr

17 import seaborn as sns

18 # Load the training and validation datasets

19 df = pd.read_csv("ABS_Val_dataset.csv")

20 # check for missing values

21 missing = df.isnull().sum()

22 print(missing)

3 # handle missing values

24 imputer = SimpleImputer(missing_values=np.nan, strategy='mean')

25 X = df.iloc[:, :-1]

26 X = imputer.fit_transform(X)

27 # Plot the correlation matrix between features in the training dataset
28 sns.heatmap(df.corr(), annot=True)

29 plt.show()

30 # Calculate the correlation coefficient for each feature-target pair
31 correlations = {}

32 for feature in df.columns[:-1]:

33 corr, _ = pearsonr(df[feature], df["Crack_depth"])

34 correlations[feature] = corr

35 # Print the correlation coefficients

36 print(correlations)

37 # Create a scatter matrix of the data

38 for feature in df.columns[:-1]:

[V, I S VE R S

39 corr, _ = pearsonr(df[feature], df["Crack_depth"])

40 plt.figure()

41 plt.scatter(df[feature], df["Crack_depth"])

42 plt.title(f"{feature} vs Crack_depth\n r={corr:.2f}")
43 plt.xlabel(feature)

44 plt.ylabel("Crack_depth")

45 plt.show()

46

Figure_Apx B-1 Code of ABS Model with all Features
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1 from scipy import stats
2 # assuming df is your DataFrame and it has columns: feature_1, feature_2, feature_3, feature_4, anc
3 # Calculate Spearman's correlation coefficient for each feature
4 for feature in df.columns[:-1]:
5 spearman_corr, p_value = stats.spearmanr(df[feature], df["Crack_depth"])
6 print(f"Spearman's correlation coefficient between {feature} and predicted crack depth: {speart
7 from sklearn.preprocessing import StandardScaler
8 from sklearn.model_selection import ShuffleSplit, cross_val_score
9 from sklearn.neighbors import KNeighborsRegressor
10 from sklearn.linear_model import Lasso, Ridge
11 from sklearn.metrics import mean_squared_error
12 import numpy as np
13 import matplotlib.pyplot as plt
14 # Prepare the data
15 X = df[['NF', 'AMP']].values
16 y = df.iloc[:, -1].values
17 scaler = StandardScaler()
18 X = scaler.fit_transform(X)
19 # Shuffle the data and define the cross-validation iterator
20 cv = ShuffleSplit(n_splits=5, test_size=0.3)
21 # Define the List of algorithms
22 algorithms = [KNeighborsRegressor(n_neighbors=3), Lasso(alpha=0.81, max_iter=10), Ridge(alpha=0.01
23 # Train and evaluate each algorithm using cross-validation
24 for algorithm in algorithms:
25 # Compute the cross-validation scores
26 cv_scores = cross_val_score(algorithm, X, y, cv=cv, scoring='neg_mean_squared_error')
27 # Compute the mean of the scores
28 mean_score = -np.mean(cv_scores)
29 # Fit the model on the full data
30 algorithm.fit(X, y)
31 print(f"{algorithm.__class__.__name__} - Training MSE: {mean_score:.3f}")
32 # Evaluate the model on the testing data
33 y_pred = algorithm.predict(X)
34 mse = mean_squared_error(y, y_pred)
35 print(f"{algorithm.__class__._ _name__} - Test MSE: {mse:.3f}")
36 # Compute the MSE of the baseline model
37 y_mean = y.mean()
38 y_pred_baseline = [y_mean] * len(y)
39 mse_baseline = mean_squared_error(y, y_pred_baseline)
40 print(f"MSE of baseline: {mse_baseline:.3f}")
41 # Compare the MSE of the model to the baseline
42 if mse < mse_baseline:
43 print("Model outperforms baseline")
44 else:
45 print("Baseline outperforms model")
46 # Plot the predicted values and the actual values
47 fig, ax = plt.subplots()
48 ax.pl(np.arange(len(y)), vy)
49 ax.plot(np.arange(len(y_pred)), y_pred)
50 ax.set_xlabel('Actual Crack Depth mm')
81 ax.set_ylabel('Predicted Crack Depth mm')
52 ax.set_title(f'{algorithm.__class__._ name__}")
53 ax.legend(["Actual”, "Predicted"])
54 plt.show()

Figure_Apx B-2 Code of ABS Model with Selected Features
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B.2 Code of Aluminum machine learning model

1 # Import necessary Libraries

2 dmport pandas as pd

3 dmport numpy as np

4 from sklearn.model_selection import train_test_split, cross_val_score,Shufflesplit
5 from sklearn.linear_model import LinearRegression

& from sklearn.tree import DecisionTreeRegressor

7 from sklearn.ensemble import RandomFor Regr r, Gradi ingRegrassor
5 from sklearn.svm import SVR

9 from sklearn.neural_network import MLPRegressor

i@ from sklearn.linear_model import Lasso, Ridge

11 from sklearn.metrics import mean_squared_error, r2_score

2 dimport matplotlib.pyplot as plt

13 from sklearn.impute import Simplelmputer

14 from sklearn.preprocessing import StandardScaler

15 from sklearn.neighbors import KNeighborsRegressor

16 from scipy.stats import pearsonr

17 import seaborn as sns

18 # Load the training and validation datasets

20 df = pd.read_csv("aluminum_val_ dataset.csv")

21 # check for missing values

22 missing = df.isnull().sum()

23 print(missing)

24 # handle missing values

25 dimputer = SimpleImputer(missing_values=np.nan, strategy='mean’)
26 X = df.iloc[:, :-1]

27 X = imputer.fit_transform(X)

# Plot the correlation matrix between features in the training dataset
25 sns.heatmap(df.corr(), annot=True)

39 plt.show()

32 # Calculate the correlation coefficient for each feature-target pair
33 correlations = {}

24 for feature in df.columns[:-1]:

as corr, _ = pearsonr(df[feature], df["Crack_depth"])

36 correlations[feature] = corr

38 # Print the correlation coefficients
39 print(correlations)

41 # Create a scatter matrix of the data
42 for feature in df.columns[:-1]:

43 corr, _ = pearsonr(df[feature], df["Crack_depth"])
a4 plt.figure()
5 plt.scatter(df[feature], df["Crack_depth"])

plt.title(f"{feature} vs Crack_depth\n r={corr:.2f}")
plt.xlabel(feature)
plt.ylabel("Crack_depth")
plt.shou()
from scipy import stats

# assuming df is your DataFrame and it has columns: feature_1, feature_2, feature_3, feature_4, and crack_depth_pred

# Calculate Spearman's correlation coefficient for each feature
for feature in df.columns[:-1]:
spearman_corr, p_value = stats.spearmanr(df[feature], df["Crack_depth"])
print(f"Spearman’s correlation coefficient between {feature} and predicted crack depth: {spearman_corr}")
# Prepare the data
X = df.ilec[:, :-1].values
y = df.iloc[:, -1].values
X = pd.DataFrame(X, columns=df.iloc[:, :-1].columns)
scaler = StandardScaler()
X = scaler.fit_transform(X)

# Split the data into training and test sets

X_train, X_test, y_train, y_test = train_test_split(X, y, train_size=0.7)

# Define the List of algorithms

algorithms = [KNei, g n_neig! =5, weights='distance', metric='manhattan'),Lasso(alpha=6.81), Ridge(alpha=2.81

# Train and evaluate each algerithm
mse_scores = []

algorithm_names = []

73 for algorithm in algorithms:

74 algorithm_names.append(algorithm.__class__.__name__)
75 # Compute the cross validation scores

6 cv_scores = cross_val_score(algorithm, X, y, cv=5, scoring='neg_mean_squared_error')
77 # Compute the mean and standard deviation of the scores

78 mean_score = -np.mean{cv_scores)

79 #Training

80 algorithm.fit(X_train, y_train)

81 print(f"{algorithm.__class__.__name__} - Training MSE score: {mean_score:.3f}")

82 #prediction

83 y_pred = algorithm.predict(X_test)

84 mse = mean_squared_error(y_test, y_pred)

85 print(f"{algorithm. _class__._name__} Validation MSE score: {mean_squared_error(y_test, y_pred)}")
86 mse_scores.append(mse)

87 # Compute the MSE of the baseline model

88 y_mean = y_train.mean()

89 y_pred_baseline = [y_mean] * len(y_test)

%0 mse_baseline = mean_squared_error(y_test, y_pred_baseline)

91 print(f"MSE of baseline: {mse_baseline}"

92 # Compare the MSE of the model to the baseline

o3 if mse < mse_baseline:

24 print(“Model outperforms baseline”)

9 else:

print(“Baseline outperforms model™)

97 # Plot the predicted values and the actual values on the test set
o8 fig, ax = plt.subplots()

99 ax.plot(np.arange(len(y_test)), y_test)

100 ax.plot(np.arange(len(y_pred)), y_pred)

181 ax.set_xlabel('Actual Crack Depth mm')

182 ax.set_ylabel('Predicted Crack Depth mm')

103 ax.set_title(f {algorithm. __class__._ name__}')

184 ax.legend()

185 plt.show()

186

108 # Plot the MSE scores for each algorithm
189 sns.barplot(x=algorithm_names, y=mse_scores)
11e plt.title("Mean Squared Error (MSE) for each algorithm")
111 plt.xlabel(“Algorithm")
112 plt.ylabel("MSE score")
113 plt.show()
a »
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B.3 Code of Concrete machine learning model

# Import necessary Libraries

import pandas as pd

import numpy as np

from sklearn.model_selection import train_test_split,ShuffleSplit, cross_val_score
from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor
from sklearn.svm import SVR

from sklearn.metrics import mean_squared_error, r2_score

import matplotlib.pyplot as plt

from sklearn.impute import SimpleImputer

1 from sklearn.preprocessing import StandardScaler

11 from scipy.stats import pearsonr

12 import seaborn as sns

13 # Load the training and validation datasets

14 df = pd.read_csv("Concrete_FConcrete_Val_dataset.csv")

15

16 # check for missing values

7 missing = df.isnull().sum()

18 print(missing)

19

20 # handle missing values

21 imputer = SimpleImputer(missing_values=np.nan, strategy='mean')

22 X = df.iloc[:, :-1]

23 X = imputer.fit_transform(X)

4 # Plot the correlation matrix between features in the training dataset
25 sns.heatmap(df.corr(), annot=True)

26 plt.show()

27

28 # Calculate the correlation coefficient for each feature-target pair
29 correlations = {}

@ for feature in df.columns[:-1]:

NO W B wWNR

w0 ®

31 corr, _ = pearsonr(df[feature], df["Crack_depth"])
32 correlations[feature] = corr

33

34 # Print the correlation coefficients

35 print(correlations)

36

37 # Create a scatter matrix of the data

38 for feature in df.columns[:-1]:

39 corr, _ = pearsonr(df[feature], df["Crack_depth"])
40 plt.figure()

41 plt.scatter(df[feature], df["Crack_depth"])

42 plt.title(f"{feature} vs Crack_depth\n r={corr:.2f}")
43 plt.xlabel(feature)

44 plt.ylabel("Crack_depth")

a5 plt.show()

46 from scipy import stats

47

48 # assuming df is your DataFrame and it has columns: feature_l, feature_2, feature_3, feature_4, and crack_depth_pred
49

5@ # Calculate Spearman’s correlation coefficient for each feature

1 for feature in df.columns[:-1]:

2 spearman_corr, p_value = stats.spearmanr(df[feature], df["Crack_depth"])

3 print(f"Spearman's correlation coefficient between {feature} and predicted crack depth: {spearman_corr}")

54 # Prepare the data

55 X = df.iloc[:, :-1].values

56 y = df.iloc[:, -1].values

57 X = pd.DataFrame(X, columns=df.iloc[:, :-1].columns)

58 scaler = StandardScaler()

59 X = scaler.fit_transform(X)

60

1 # Shuffle the data and define the cross-validation iterator

ev = ShuffleSplit(n_splits=6, test_size=e.3)

64 # Define the List of algorithms
65 algorithms = [RandomForestRegressor(), SVR(), GradientBoostingRegressor()]

67 # Train and evaluate each algorithm using cross-validation
for algorithm in algerithms:
# Compute the cross-validation scores
cv_scores = cross_val_score(algorithm, X, y, cv=cv, scoring='neg_mean_squared_error')

71 # Compute the mean and standard deviation of the scores

72 mean_score = -np.mean(cv_scores)

73 # Fit the model on the full data

74 algorithm.fit(X, y)

75 print(f"{algorithm.__class__._ name__} - Training MSE: {mean_score:.3f}")
76 # Evaluate the model on the testing data

77 y_pred = algorithm.predict(X)

78 mse = mean_squared_error(y, y_pred)

7 print(f"{algorithm.__class__._ name__} - Test MSE: {mse:.3f}")
8e print(f"{algorithm.__class__.__name__} hyperparameters:")

81 print(algorithm.get_params())

82 # Compute the MSE of the baseline model

83 y_mean = y.mean()

84 y_pred_baseline = [y_mean] * len(y)

85 mse_baseline = mean_squared_error(y, y_pred_baseline)

86 print(f"MSE of baseline: {mse_baseline:.3f}")

87 # Compare the MSE of the model to the baseline

88 if mse < mse_baseline:

89 print("Model outperforms baseline")

9@ else:

91 print("Baseline outperforms model")

92 # Plot the predicted values and the actual values on the full data
93 fig, ax = plt.subplots()

94 ax.plot(np.arange(len(y)), y)

95 ax.plot(np.arange(len(y_pred)), y_pred)

96 ax.set_xlabel('Actual Crack Depth mm')

97 ax.set_ylabel('Predicted Crack Depth mm')

98 ax.set_title(f'{algorithm.__class__.__name__}")

99 ax.legend()
100 plt.show()|
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1 # Prepare the data

2 X = df[['NF']]

3 y = df.iloc[:, -1]

4

5 # Shuffle the data and define the cross-validation iterator

6 cv = ShuffleSplit(n_splits=6, test_size=06.3)

7

8 # Define the Llist of algorithms

9 algorithms = [RandomForestRegressor(), SVR(), GradientBoostingRegressor()]
10

11 # Train and evaluate each algorithm using cross-validation
12 for algorithm in algorithms:

13 # Compute the cross-validation scores

14 cv_scores = cross_val_score(algorithm, X, y, cv=cv, scoring='neg_mean_squared_error")
15 # Compute the mean and standard deviation of the scores

16 mean_score = -np.mean(cv_scores)

17 # Fit the model on the full data

18 algorithm.fit(X, y)

19 print(f"{algorithm.__class__._ _name__} - Training MSE: {mean_score:.3f}")
20 # Evaluate the model on the testing data

21 y_pred = algorithm.predict(X)

22 mse = mean_squared_error(y, y_pred)

23 print(f"{algorithm.__class__.__name__} - Test MSE: {mse:.3f}")
24 print(f"{algorithm.__class__._ name__} hyperparameters:")

25 print(algorithm.get_params())

26 # Compute the MSE of the baseline model

27 y_mean = y.mean()

28 y_pred_baseline = [y_mean] * len(y)

29 mse_baseline = mean_squared_error(y, y_pred_baseline)

30 print(f"MSE of baseline: {mse_baseline:.3f}")

gl # Compare the MSE of the model to the baseline

32 if mse < mse_baseline:

33 print("Model outperforms baseline")

34 else:

35 print("Baseline outperforms model")

36 # Plot the predicted values and the actual values on the full data
37 fig, ax = plt.subplots()

38 ax.plot(np.arange(len(y)), y)

39 ax.plot(np.arange(len(y_pred)), y_pred)

40 ax.set_xlabel('Actual Crack Depth mm')

41 ax.set_ylabel('Predicted Crack Depth mm')

42 ax.set_title(f'{algorithm.__class__.__name__}")

43 ax.legend()

44 plt.show()

45

46
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B.4 Code of automated machine learning model

# Import required Libraries

import h2o

from h2o.automl import H20AutoML
import os

import tkinter as tk

from tkinter import filedialog, Tk
import matplotlib.pyplot as plt
import seaborn as sns

# Initialize H20 cluster

h2o.init()

# Create root window for file dialog
# Create visible root window for file dialog
root = tk.Tk()

14 root.attributes("-topmost", True)

15 root.withdraw()

[
WNHEOWOWONGOU AWwRNR
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17 # Get file name using file dialog
18 file_name = filedialog.askopenfilename(initialdir=r"C:\Users\s318075\Code",

19 title="Open file",
20 filetypes=(("CSV files", "*.csv"),
2 ("all files", “*.*")))

2 # Import data from file

3 h2o.init()

4 data = h2o.import_file(file_name)

5 # Assuming data is already loaded

6 splits = data.split_frame(ratios=[0.7], seed=1)
7 train = splits[e]

8 test = splits[1]

9 # Define target column

© target = train.columns[-1]

1 print("Target column:", target)

2 # Perform AutoML

3 aml = H20AutoML (max_models=3,

4 seed=1,
stopping_metric="AUTO',

o §

36 sort_metric="AUTO')

37 aml.train(y=target, training_frame=train)

38 # Get Leaderboard

39 leaderboard = aml.leaderboard.as_data_frame()

40 # Plot actual vs predicted for each model

41 actual = test[target].as_data_frame().values

42 for model in aml.leaderboard['model_id'].as_data_frame().values:
43 mdl = h2o.get_model(model[@])

44 predictions = mdl.predict(test).as_data_frame().values

45 # Sort values for curve line

46 sorted_indices = actual.argsort(axis=0)

47 sorted_actual = actual[sorted_indices].flatten()

48 sorted_predictions = predictions[sorted_indices].flatten()
49 plt.figure(figsize=(10, 6))

50 plt.plot(sorted_actual, sorted_predictions, label="Predicted”, color='blue')
51 plt.plot(sorted_actual, sorted_actual, color='red', linestyle="--", label="Actual")
52 plt.title(f"Actual vs Predicted for {model[®8]}")

53 plt.xlabel("Actual")

54 plt.ylabel("Predicted")

55 plt.legend()

56 plt.show()

# Get Leaderboard

leaderboard = aml.leaderboard.as_data_frame()

1b = aml.leaderboard

1b.head()

# Retrieve feature importance

importance = aml.varimp(use_pandas=True)

# Print feature importance

print(importance)

# Get model 1ids for all models in the AutoML Leaderboard

model_ids = list(aml.leaderboard['model_id'].as_data_frame().iloc[:,0])
model_ids

# Get the best metric

best_metric = leaderboard.sort_values(by='rmse', ascending=False)['model_id'].iloc[@]

# Plot performance of each model

plt.barh(leaderboard[ 'model_id'], leaderboard['rmse'])
plt.title('Model Performance')

plt.xlabel('rmse"')

plt.ylabel('Model ID')

76 plt.show()

# Get the best model

best_model = h2o.get_model(best_metric)

# Evaluate model performance

80 perf = best_model.model_performance(data)

81 # Print evaluation metrics

82 print("rmse:", perf.rmse())

83 print(best_model.params)

84 # Deploy model for prediction

85 model_path = h2o.save_model(model=best_model, path="./model", force=True)
86 loaded_model = h2o.load_model(model_path)

87 prediction = loaded_model.predict(data)
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Appendix C Collected data of ABS to train and validate
selected models.

Crack Location Temp NF AMP Crack depth

5 50 25.35 33.64 0.46
5 50 249 2249 0.68
5 50 2394 219 0.81
5 50 2194 17.16 1.47
5 50 16.53 22.02 2

5 50 12.48 22.63 2.46
5 50 25.92 34.47 0.32
5 50 25.88 34.15 0.96
5 50 245 27.85 1.28
5 50 2247 22.82 1.63
5 50 17.52 20.03 2.03
5 50 26.61 34.95 0.33
5 50 24.18 26.84 1.65
5 50 13.5 13.28 24
5 50 19.15 18.58 2.34
5 50 12.5 10.82 2.51
5 60 2531 37.33 0.32
5 60 24.64 30.04 0.69
5 60 20.39 33.75 1.7
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0.83

1.67

0.33

1.24

1.6

0.59

0.99

1.89



70

70

70

70

70

70

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

25.57

23.98

21.25

23.58

22.3

19.96

19.02

19.36

19.33

jliciae

20.02

18.82

18.46

18.49

19.54

19.73

18.44

18.53

18.59

19.83

19.84

19.53

219

1.57

1.87

2.23

1.27

20.16

28.18

25.05

34.26

32.11

29.49

35.73

32.22

32.24

31.95

29.64

32.09

33.13

31.01

34.55

27.63

189

0.64

1.13

1.85

0.85

1.61

219

1.55

1.57

1.39

1.14

0.79

1.64

1.62

1.36

1.08

0.81

1.59

1.5

1.36

1.13

0.77

1.24



20

20

20

20

20

20

20

20

20

20

20

20

20

20

50

50

50

50

50

50

50

50

19.59

19.51

19.48

20.56

19.7

19.63

19.97

20.11

20.24

19.79

20.3

19.71

19.7

19.93

23.27

20.39

25.32

25.27

20.51

24.71

23.98

18.73

34.4

39.71

40.71

31.7

36.83

35.29

34.51

39.47

40.11

35.8

31.88

34

37.87

35.78

4.49

3.82

2.94

3.39

4.62

1.94

3.95

2.37

190

1.19

0.89

0.63

1.24

0.99

0.86

0.71

0.49

1.07

0.95

0.88

0.71

0.52

0.46

0.67

0.85

1.69

0.29

2.02



10

10

10

10

10

10

10

15

15

15

25

50

50

50

50

50

50

50

50

50

50

50

60

60

60

60

60

60

60

70

70

70

50

23.68

22.21

16.03

22.67

21.85

17.98

24.22

19.72

17.2

23.89

23.06

25.18

24.82

23.8

22.77

19.3

17.43

10.35

23.41

19.87

14.2

26.47

4.61

3.35

2.02

3.96

4.1

2.06

3.95

3.71

2.97

4.28

4.41

35.1

33.99

34.83

26.92

20.01

23.09

7.53

32.12

29.44

6.96

32.78

191

0.88

1.01

2.23

0.77

0.84

1.35

0.61

1.6

2.25

0.4

0.84

0.29

0.71

2.28

2.58

1.38

2.1

2.6

0.51



25

25

25

25

50

50

50

50

70

70

70

70

70

70

70

70

70

70

70

70

70

70

70

70

70

70

25.93

21.82

15.32

7.79

21.49

16.33

23.27

19.57

16.56

22.75

20.92

17.82

25.35

23.25

16.46

24.39

23.42

16.9

23.49

18.69

13.15

24.63

30.56

20.5

17.32

7.76

1.91

0.51

2.02

1.79

1.71

2.84

2.3

2.25

2.6

0.45

2.96

2.7

1.07

5.66

1.4

2.53

3.54

192

0.84

1.74

2.29

2.63

1.66

2.2

1.05

1.35

2.29

0.71

1.41

1.92

0.7

1.67

2.18

0.55

1.82

2.31

0.47

1.62

2.32

0.51



70

70

70

60

60

60

60

60

60

60

60

60

60

60

70

70

70

22.67

19.38

22.04

18.82

11.67

24.61

21.86

17.79

26.05

241

18.54

26.23

25.11

17.42

22.47

23.31

22.34

3.25

1.72

2.81

3.07

0.71

3.03

2.18

24

2.54

2.92

3.62

2.53

2.75

1.29

3.44

2.81

2.76

193

1.45

0.5

1.62

2.26

0.56

1.47

1.99

0.65

1.64

2.3

0.66

1.37

2.23

1.62

0.52

0.83



Appendix D Collected data of Aluminum to train and
validate selected Models.

Crack location Temp NF AMP Crack depth
4.5 25 57.24 4.44 0.5
4.5 25 57.22 4.43 0.5
4.5 25 57.04 3.72 1
4.5 25 57.03 3.73 1
4.5 25 57.54 4.91 0.25
4.5 25 57.57 4.93 0.25
4.5 25 57.25 4.45 0.5
4.5 25 57.26 4.44 0.5
4.5 25 57.08 3.79 1
4.5 25 57.09 3.8 1
4.5 50 5793  5.01666 0
7

4.5 50 57.94333 5.02 0

4.5 50 57.32  4.74333 0.25
3

4.5 50 57.35333 4.70666 0.25
7

4.5 50 5713  4.25666 0.5
7

4.5 50 57.12 4.25 0.5

194



Crack location Temp

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

50

50

50

50

50

50

50

50

50

50

50

100

100

100

100

100

100

100

NF

57.14

56.75

56.74

57.35

57.39

57.15

57.17

57.18

56.83

56.84

56.92

57.33333

57.41333

56.95333

56.96

56.85333

56.85

56.86

AMP

4.26

3.55

3.54

4.81

4.9

4.32

4.31

4.4

3.68

3.67

3.69

4.28

4.38333
3

4.26333
3

4.28666
7

4.11666
7

412

3.36

195

Crack depth
0.5
1
1
0.25
0.25
0.5
0.5

0.5

0.25

0.25

0.5

0.5

0.5



Crack location Temp

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

100

100

100

100

100

100

100

150

150

150

150

150

150

150

150

150

150

150

150

150

150

NF

56.22

56.21

57.11

57.13

56.89

56.97

56.98

56.5

56.51

56.29

56.28

55.52

55.53

56.78

56.73

56.42

56.44

56.61

56.62

55.74

55.73

AMP

3.18

3.17

4.52

4.43

413

4.27

4.28

3.45

3.7

3.36

3.34

2.91

2.92

3.89

3.87

3.61

3.64

3.87

3.86

3.21

3.22

196

Crack depth

1

1
0.25
0.25
0.5
0.5
0.5
0.25
0.25
0.5

0.5

0.25
0.25
0.5
0.5
0.5

0.5



Crack location Temp

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

150

200

200

200

200

200

200

200

200

200

200

200

200

200

200

200

200

200

200

NF

55.92

56.82333

56.87667

56.24333

56.35667

55.75

56.26

56.23

55.75

55.76

55.12

55.14

56.57

56.69

55.97

55.99

56.11

55.36

55.37

AMP

3.38

3.32

3.37333
3

3.41666
7

3.52333
3

3.056

3.23

3.51

3

3.09

2.65

2.66

3.71

3.78

3.23

3.21

3.53

2.91

2.93

197

Crack depth
1
0

0

0.25

0.25

0.5
0.25
0.25

0.5

0.5

0.25
0.25
0.5
0.5

0.5



Crack location Temp

4.5

5

200

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

NF

55.56

37.88

38.06

38.95

14.99

14.04

15.01

11.95

36.87

37.88

CLg

11.95

36.06

33.98

36.06

36.06

36.06

32.01

32.9

35.14

33.98

AMP

3.12

100.48

92.38

94.95

255.38

109.04

207.7

164.55

102.52

101.61

77.04

77.21

106.53

117.37

108.56

109.12

109.08

76.7

99.35

112.92

113.08

198

Crack depth
1
0.5
0.5
0.5
1.89
1.93
1.44

1.86

2.52
2.66
1.5
1.5
1.5
1.5
1.5
217
1.74
1.68

1.93



Crack location Temp

5

5

10

10

10

10

10

10

10

10

10

10

10

10

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

NF

33.84

29.92

28.18

28.98

29.81

29.92

14.49

18.6

30.81

38.95

37.03

37.03

37.03

37.03

37.03

35.14

35.9

36.06

34.99

33.98

15.01

AMP

110.39

94.39

37.23

13.82

35.95

19.51

52.24

92.91

35.42

90.86

81.58

92.9

99.14

94.13

96.86

107

100.24

102.96

111.8

109.71

223.5

199

Crack depth
1.78
2.04
2.84
2.58
2.44
2.96
2.79
2.69
2.31
0.5

1

1.5
1.5
1.5
1.5
1.5

1.19



Crack location Temp

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

10

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20

NF

12.9

12.92

32.9

33.98

33.98

32.01

13.93

11.99

12.98

11.99

11.95

11.95

31.76

30.93

29.81

29.92

29.92

29.92

28.98

11.68

27.99

AMP

171.91

79.82

116.3

116.27

118.31

117.88

115.61

54.76

55.15

55.79

77.25

69.85

86.04

80.44

51.45

38.42

102.14

30.58

42.56

78.93

14.71

200

Crack depth
23
2.3
1.86
1.86
1.73
1.74
2.13
2.86
2.6
2.88
2.65
2.72
2.19
2.06
2.31
2.21
2.1
2.7
2.38
2.71

2.62



Crack location Temp

10

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

4.5

10

20

25

25

25

25

100

100

100

150

150

150

150

150

20

20

20

20

20

20

20

20

NF

27.99

57.52

57.56

57.23

57.23

56.34

56.53

56.54

57

57.08

56.50

56.63

56.28

38.06

37.03

34.84

14.02

14.99

15.01

30.81

12.86

AMP

51.06

4.913

4.93

4.43

4.44

3.41

3.52

3.54

3.78

3.88

3.62

3.71

3.35

98.96

103.88

99.95

85.52

190.16

195.77

98.57

120.52

201

Crack depth
243
0.25
0.25
0.5

0.5

0.25
0.25

0.5

1.45
1.8
1.4

1.64

1.84

2.43



Crack location Temp NF AMP Crack depth

10 20 12.86 139.94 215
10 20 14 197.2 2.05
10 20 33.03 109.46 1.94
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Appendix E Collected data of Concrete to train and
validate selected Models.

NF AMP Temp Crack depth

258.41 0.01287 20 0
210.7354 0.006944 20 0
268.0628 0.004695 20 0
286.0335 0.010165 20 0
255.6423 0.011804 20 2
2452107 0.011357 20 2
2449761 0.007652 20 2
248.6097 0.010271 20 2
206.4516 0.007643 20 2
2475568 0.010471 20 4
234.1536 0.009463 20 6
2442748 0.006431 20 6
213.5834 0.006671 20 6
235.5106 0.012479 20 6
237.037 0.012065 20 6

25841  0.01287 20 0
255.6423 0.011804 20 2
247.5568 0.01 20 4
234.1536  0.009 20 6
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NF

250.5377

268.6254

237.4768

235.5106

247.8544

257.0281

250.9804

226.9504

230.2158

240.0151

227.02

241.7375

207.7922

253.2146

245.6814

291.24

274.0899

255.489

229.3907

231.8841

236.5989

AMP

0.014623

0.005234

0.013899

0.006617

0.01345

0.009119

0.005955

0.018753

0.00762

0.011678

0.010446

0.01467

0.006253

0.01522

0.10384

0.006849

0.007181

0.006661

0.018143

0.008586

0.017772

Temp Crack depth

40

40

40

40

40

40

40

40

40

40

40

40

40

60

60

60

60

60

60

60

60
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0



NF

232.7273

232.2288

219.6553

230.009

229.8025

242.41

232.4837

225.38

216.7569

210.7461

247.5822

249.2697

189.6296

204.6363

206.7851

229.1853

177.9013

232.939

234.4322

252.4655

254.9801

AMP

0.008835

0.010496

0.009089

0.016896

0.008012

0.015938

0.013099

0.012525

0.010414

0.008893

0.012349

0.026458

0.006394

0.022207

0.012536

0.01001

0.010894

0.011628

0.00844

0.01051

0.007331

Temp Crack depth

60

60

60

60

60

60

20

20

20

20

20

20

20

20

20

20

20

20

20

20

20
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NF

258.5859

255.7443

237.9181

246.866

242.0425

239.4501

231.8767

219.3224

247.8219

218.0579

187.1345

186.453

202.3715

197.9892

214.4054

232.5159

207.7922

231.4647

197.3786

161.0063

223.3857

AMP

0.017374

0.010782

0.016251

0.009529

0.015342

0.015598

0.01561

0.010501

0.016827

0.023371

0.012526

0.010598

0.025229

0.013809

0.007617

0.005812

0.011901

0.007061

0.021478

0.011128

0.014644

Temp Crack depth

20

20

20

20

40

40

40

40

40

40

40

40

40

40

40

40

40

40

40

40

40
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NF

222.6895

219.3659

224.1681

234.1903

231.6821

224.3543

212.2071

243.346

241.2818

188.5125

186.3173

204.4728

199.2218

197.2265

229.3907

158.9075

159.8002

218.43

218.9906

289.9207

264.4628

AMP

0.010521

0.009755

0.000101

0.015176

0.014567

0.013665

0.013052

0.017259

0.021095

0.012929

0.00784

0.032218

0.014655

0.01045

0.006793

0.026825

0.012068

0.009668

0.007438

0.006532

0.0085

Temp Crack depth

40

40

40

60

60

60

60

60

60

60

60

60

60

60

60

60

60

60

60

20

20
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6

6



NF

268.0628

243.1149

251.9685

205.9533

251.7207

252.9644

272.051

229.5964

232.7273

234.8624

232.939

239.8137

257.2864

235.9447

203.6895

268.9076

268.3438

246.866

249.0272

246.3908

235.0781

AMP

0.007338

0.00762

0.005607

0.010435

0.017444

0.011411

0.01118

0.008561

0.012478

0.015746

0.007081

0.01347

0.00786

0.020474

0.009215

0.013474

0.005918

0.008097

0.0062

0.007271

0.007064

Temp Crack depth

20

20

20

20

40

40

40

40

40

60

60

60

60

60

60

20

20

20

20

20

20
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NF

235.7274

242.654

230.2158

244.0419

249.7561

218.9906

212.0961

233.1512

232.2941

222.6087

217.3175

248.7852

242.654

207.7922

206.7851

227.758

226.9504

212.6246

212.6246

233.79

231.0469

AMP

0.006743

0.013982

0.007623

0.014599

0.007902

0.009038

0.009166

0.008325

0.007146

0.013439

0.007053

0.014134

0.006462

0.011143

0.009263

0.009106

0.007265

0.010315

0.006084

0.015835

0.009892

Temp Crack depth

20

20

20

40

40

40

40

40

40

40

40

60

60

60

60

60

60

60

60

40

40
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Appendix F Collected ABS data to train and validate
Automated model.

Crack

location

5

15

Temperatur

e
70
70
70
70
70
70
70
60
60
60
60
60
50
50
50
50
50
50

70

Natural

Frequency

22.78243

22.35746

21.46691

19.93939

15.11809

11.76824

22.413

22.83948

22.27576

18.74042

17.94616

11.38252

23.39039

23.25653

21.88097

19.87893

15.98832

12.96294

22.17543

210

Amplitud

e
33.11981
36.19763
33.57629
18.30464
18.11099
16.42704
30.45114
36.49431
30.75316
26.18383
22.12791
9.228056
34.03542
34.18937
27.90206

19.7793
17.67307
10.9044

32.68593

Crack
Depth

0.455
0.682
0.813
1.472
2.022
2.458
0.402
0.32
0.693
1.704
2.064
2.402
0.317
0.963
1.279
1.632
2.026
2.396

0.412



Crack

location

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

15

25

Temperatur

e
70
70
70
70
60
60
60
60
60
60
60
50
50
50
50
50
50
50
50

70

Natural

Frequency

21.70294

19.13601

14.53109

12.59202

22.71055

22.40178

21.32328

20.35937

17.44476

16.32051

9.848929

22.91443

22.44826

22.00954

20.53203

19.80834

16.34401

14.97822

8.332

23.38329

211

Amplitud

e
24.8782
23.67163
11.70494
7.028587
34.88892
34.22035
31.47028
26.47412
21.0032
18.61725
7.699687
35.92867
36.64494
34.60997
25.63245
28.26882
18.92221
19.44611
8.435812

30.89194

Crack
Depth

1.04
1.627
2.14
2.497
0.29
0.708
1.19
1.614
2.002
2.282
2.584
0.32
0.714
1.084
1.53
1.803
2124
2.516
2.691

0.256



Crack

location

25

25

25

25

25

25

25

25

25

25

25

25

25

25

25

25

25

Temperatur

e
70
70
70
70
70
70
60
60
60
60
60
60
50
50
50
50
50
50
50

50

Natural

Frequency

22.9

21.52959

20.05541

19.3968

18.86939

12.67789

23.34706

23.25302

21.21907

17.93744

17.2

8.7

23.88209

23.39181

19.57039

14.05418

7.055554

24.55

22.34

13.71

212

Amplitud

e
32.11676
23.30044
21.05523

22.8171
21.44065
8.170579
32.53443
29.59519
30.80661
17.99147
13.01688
7.946623
32.37764

30.9816
18.51245
13.25636

7.40463

3.27
3.32

3.29

Crack
Depth

0.929
1.386
1.778
1.99
2.168
2.573
0.24
0.63
0.83
1.46
2.364
2.657
0.511
0.84
1.738
2.288
2.634
0.63
1.67

2.28



Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 24.62 3.44 0.44
5 50 23.06 3.33 1.23
5 50 19.16 3.52 1.9
5 50 24.51 3.7 0.66
5 50 21.68 3.52 1.58
5 50 19.08 3.05 1.91
5 50 24.04 412 0.48
5 50 22.19 413 1.48
5 50 19.48 417 2.21
5 50 24.38 3.38 0.49
5 50 23.05 3.08 1.38
5 50 18.25 3.24 1.86
5 50 25.73 2.39 2.22
5 50 23.13 2.3 2.64
5 50 18.8 1.83 2.78
5 50 25.5 2.72 0.59
5 50 24.65 2.65 1.82
5 50 19.78 3.78 2.47
5 50 23.2 3.28 0.83
5 50 22.41 3.53 1.37
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Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 20.38 242 1.73
5 50 24.25 3.64 0.8
5 50 23.35 2.24 1.59
5 50 19.48 2.21 2.03
5 50 24.88 3.01 0.79
5 50 21.85 3.08 1.2
5 50 14.47 1.79 2.12
5 50 23.97 3.35 0.87
5 50 21.83 3.29 1.58
5 50 18.4 2.26 1.93
5 50 24.16 2.73 0.87
5 50 20.75 1.49 1.53
5 50 19.38 1.77 1.9
5 50 26.88 3.4 0.46
5 50 25.6 3.26 1.48
5 50 21.63 1.73 2.01
5 50 24 4 3.68 0.73
5 50 20.99 2.93 1.24
5 50 17.58 2.07 1.5
5 50 25.95 3.27 0.55

214



Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 25.03 3.05 1.19
5 50 19.32 1.84 1.94
5 50 23.77 3.59 0.63
5 50 22.56 2.97 1.67
5 50 17.85 2.16 2.14
5 50 21.96 3.65 0.7
5 50 20.86 1.78 1.56
5 50 19.42 2.62 2.51
5 50 24.45 3.66 0.74
5 50 20.22 1.63 1.2
5 50 13.1 1.32 1.81
5 50 25.87 3.24 0.53
5 50 23.26 3.06 1.45
5 50 20.35 2.2 2.04
5 50 25.22 3.87 0.51
5 50 23.58 1.78 1.68
5 50 19.37 2.98 2.2
5 50 24.01 3.67 0.75
5 50 19.9 2.55 1.49
5 50 15.32 0.85 2.02

215



Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 24.51 3.72 0.77
5 50 20.7 1.17 1.68
5 50 17.09 1.12 2.23
5 50 24.51 4.03 0.72
5 50 21.9 1.83 1.4
5 50 18.03 1.29 1.84
5 50 23.15 3.42 0.59
5 50 21.44 2.73 1.27
5 50 17.83 2.44 1.95
5 50 25.45 3.01 0.72
5 50 23.64 2.68 1.65
5 50 18.29 2.49 2.31
5 50 26.31 2.5 0.55
5 50 24.91 3.81 1.57
5 50 21.76 1.55 2.05
5 50 24.26 5.58 0.55
5 50 23.52 3.21 1.13
5 50 18.57 1.86 2.13
5 50 24.17 3.38 0.47
5 50 21.68 2.95 1.47

216



Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 18.54 2.82 1.97
5 50 24.37 3.68 0.6
5 50 23.16 3.33 1.63
5 50 19.13 2.45 2.16
5 50 23.44 4.4 0.58
5 50 21.97 2.34 1.3
5 50 17.49 3.21 1.96
5 50 26.19 3.33 1.05
5 50 24.74 3.57 1.81
5 50 20.38 3.09 2.93
5 50 23.5 4.52 0.53
5 50 22.44 2.53 1.23
5 50 19.33 1.6 1.99
5 50 24.56 4.33 0.69
5 50 23.92 3.82 1.25
5 50 22.1 2.65 2.02
5 50 25.04 3.83 0.44
5 50 24.34 3.57 1.05
5 50 22.95 3.49 1.47
5 50 24.77 3.25 0.68
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Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 23.95 3.37 1.02
5 50 18.19 2.98 1.82
5 50 24 .51 4.01 0.23
5 50 24.09 3.57 1.11
5 50 21.51 2.7 1.72
5 50 25.41 4.04 0.44
5 50 24.79 3.73 0.97
5 50 23.32 4.28 1.67
5 50 23.83 2.82 0.4
5 50 23.45 2.84 0.95
5 50 22.16 2.32 1.66
5 50 24.39 4.2 0.44
5 50 24.07 3.83 1.05
5 50 22.79 3.06 1.93
5 50 24.55 3.68 0.29
5 50 23.46 3.29 1.09
5 50 20.92 2.84 1.54
5 50 25.02 2.85 0.51
5 50 24.4 2.46 1.31
5 50 22.27 1.94 1.94
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Crack Temperatur Natural Amplitud Crack

location e Frequency e Depth
5 50 24.39 3.93 0.67
5 50 23.99 3.24 1.08
5 50 22.26 2.16 2.11
5 60 24.24 2.26 0.5
5 60 20.9 1.67 0.78
5 60 25.07 4.34 0.31
5 60 23.16 412 1.29
5 60 19.06 2.16 1.82
5 60 24.83 3.93 0.53
5 60 23.84 4.61 1.01
5 60 19.19 3.25 1.79
25 60 19.64 22.08 1.46
25 60 17.97 15.68 2.36
25 60 9.28 8.03 2.66
25 70 25.97 31.21 0.26
25 70 25.51 32.65 0.93
25 70 24.02 27.96 1.39
25 70 22.24 25.55 1.78
25 70 20.84 28.93 1.99
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