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Abstract:

Accurate prediction of the fatigue behaviour of materials is crucial for ensuring the reliability and durability of
structural components in various engineering applications. Machine learning (ML) techniques have
demonstrated significant potential in predicting fatigue behaviour by analysing complex datasets. This research
paper explores the application of deep learning, a subset of ML, for predicting the fatigue behaviour of
materials. The study focuses on the development and optimization of deep learning models to accurately predict
fatigue life and failure modes based on material properties, loading conditions, and other relevant factors. The
research aims to improve the understanding and prediction of fatigue behaviour, leading to enhanced design and
optimization of materials and structures.

The prediction of fatigue behaviour in materials is a critical aspect in engineering design and structural integrity
assessment. Traditional approaches rely on empirical models and physical testing, which can be time-consuming
and resource-intensive. In recent years, the application of machine learning, particularly deep learning
techniques, has shown promising results in predicting the fatigue behaviour of materials. This paper presents an
analysis of the application of machine learning, specifically deep learning, in predicting the fatigue behaviour of
materials. The study focuses on the use of deep learning models, such as convolutional neural networks (CNN5s)
and recurrent neural networks (RNNs), to analyse the complex relationships between material properties,
loading conditions, and fatigue life. The paper discusses the methodology for training and validating the deep
learning models using available fatigue data sets. Furthermore, it examines the performance and accuracy of the
models in predicting fatigue life compared to traditional approaches. The findings suggest that deep learning
models can effectively capture the nonlinear and intricate patterns in fatigue data, leading to accurate predictions
of fatigue life. The practical implications of integrating machine learning into fatigue prediction are discussed,
including the potential for accelerated design optimization, reduced testing requirements, and enhanced
structural reliability. The contribution of this study lies in the exploration and evaluation of deep learning
techniques for predicting the fatigue behaviour of materials, providing insights into the capabilities and
limitations of machine learning approaches in this domain. Machine learning, particularly deep learning, as a
valuable tool in predicting the fatigue behaviour of materials, enabling more efficient and reliable engineering
design processes.
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Introduction:

Fatigue behaviour prediction is a critical aspect in engineering design and structural integrity assessment,
particularly in industries such as aerospace, automotive, and civil engineering. The ability to accurately predict
the fatigue life of materials is essential for ensuring the reliability and safety of structural components subjected
to cyclic loading conditions [1]. Traditional methods for fatigue prediction rely on empirical models and
extensive physical testing, which can be time-consuming, expensive, and limited in their ability to capture the
complex behaviour of materials under varying conditions.

In the growing interest in the application of machine learning techniques, particularly deep learning, in
predicting the fatigue behaviour of materials. Machine learning algorithms have shown remarkable capabilities
in analysing large datasets and identifying intricate patterns that may not be readily apparent through traditional
approaches. Deep learning, a subset of machine learning, involves the use of neural networks with multiple
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layers to learn complex representations of data [2]. The application of deep learning in predicting fatigue
behaviour offers several advantages over traditional methods. Firstly, deep learning models can capture the
nonlinearity and intricate relationships between material properties, loading conditions, and fatigue life. These
models have the ability to extract meaningful features automatically, eliminating the need for manual feature
engineering. This enables the prediction of fatigue behaviour based on a more comprehensive understanding of
the underlying factors.

Secondly, deep learning models have the potential to improve prediction accuracy by leveraging large-scale
datasets. By training on a diverse range of fatigue data, these models can learn from a broad spectrum of
material behaviours and loading conditions, leading to more robust predictions. Additionally, deep learning
models can generalize well to unseen data, allowing for the prediction of fatigue behaviour in new materials or
under different loading conditions. The research objectives of this study are to explore the application of
machine learning, specifically deep learning techniques, in predicting the fatigue behaviour of materials. The
study aims to develop and train deep learning models using available fatigue data sets, validate their
performance against traditional approaches, and assess their accuracy in predicting fatigue life. The study seeks
to evaluate the practical implications and benefits of integrating machine learning into fatigue prediction
processes.

The significance of this study lies in its potential to revolutionize fatigue prediction in the field of materials
science and engineering. By harnessing the power of machine learning, engineers and researchers can make
more informed decisions regarding material selection, design optimization, and structural integrity assessment.
This can lead to enhanced safety, improved efficiency, and cost savings in various industries [3,4]. The growing
body of knowledge on the application of machine learning techniques in predicting material behaviour, opening
new avenues for research and development in the field.

In the application of machine learning, particularly deep learning, in predicting the fatigue behaviour of
materials holds great promise. This introduction provides an overview of the motivation, objectives, and
significance of the study [5]. The subsequent sections will delve into the methodology, results, and implications
of applying machine learning techniques to predict the fatigue behaviour of materials, contributing to
advancements in engineering design and structural integrity assessment.

The prediction of fatigue behaviour in materials is of utmost importance in various engineering applications,
including aerospace, automotive, and structural engineering. Fatigue failure can lead to catastrophic
consequences, making it crucial to accurately predict the fatigue life of materials. Traditional methods for
fatigue prediction rely on empirical models and extensive physical testing, which can be time-consuming,
expensive, and limited in their ability to capture complex material behaviour [6]. The application of machine
learning, specifically deep learning techniques, in predicting the fatigue behaviour of materials. By leveraging
the power of deep learning algorithms, the research aims to develop models capable of capturing intricate
patterns and nonlinear relationships between material properties, loading conditions, and fatigue life. The
research seeks to train and validate these models using available fatigue data sets and evaluate their performance
in predicting fatigue life compared to traditional approaches.
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Figure 1: Increasing application of machine learning for behaviour of materials analysis
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Significance of the Study the application of machine learning, particularly deep learning, in predicting the
fatigue behaviour of materials offers several significant benefits. Firstly, it has the potential to enhance the
accuracy of fatigue life predictions by capturing complex relationships that may be missed by traditional
methods. This can lead to improved safety and reliability in engineering design. Secondly, machine learning
techniques can significantly reduce the time and resources required for fatigue testing by providing reliable
predictions based on existing data. This can accelerate the design optimization process and facilitate faster
product development. Finally, the study contributes to the broader field of material science and engineering by
exploring the capabilities and limitations of machine learning approaches in predicting fatigue behaviour, thus
paving the way for future advancements and research in this area. In this study aims to investigate the
application of machine learning, particularly deep learning techniques, in predicting the fatigue behaviour of
materials. By addressing the limitations of traditional approaches, this research has the potential to revolutionize
fatigue prediction, improve design processes, and enhance the overall reliability and safety of engineered
structures.

Literature Review:

The Fatigue Behaviour of Materials of materials refers to their response to cyclic loading over time, leading to
structural damage and ultimately failure. Understanding and predicting fatigue behaviours is crucial in various
industries, including aerospace, automotive, and structural engineering [7]. Fatigue failures can have severe
consequences, such as reduced product lifespan, increased maintenance costs, and potential safety hazards.
Traditional approaches to fatigue prediction rely on empirical equations and analytical models based on stress-
life or strain-life relationships. However, these methods often have limitations in capturing complex fatigue
mechanisms and accounting for various material properties and loading conditions.

Machine Learning in Fatigue Prediction: Machine learning techniques have emerged as promising tools for
predicting fatigue behaviours due to their ability to learn from data and discover complex patterns. These
methods enable the development of data-driven models that can capture non-linear relationships between
material properties, loading conditions, and fatigue life. Machine learning algorithms, such as decision trees,
random forests, support vector machines (SVM), and artificial neural networks (ANN), have been applied to
fatigue prediction with varying degrees of success. These models can effectively handle large datasets and
extract relevant features for accurate predictions [8]. Deep learning, a subfield of machine learning, has gained
significant attention in materials science due to its capacity to model complex relationships and extract high-
level features automatically. Deep learning models, such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), have been successfully applied to various materials science problems, including image
analysis, material property prediction, and structure-property relationships. These models excel in learning
hierarchical representations of materials' microstructure and can be adapted to predict fatigue behaviour by
leveraging their capabilities in capturing intricate patterns and dependencies.

Previous Studies on Deep Learning for Fatigue Behaviour Prediction Several studies have explored the
application of deep learning in predicting the fatigue behaviours of materials. For instance, researchers have
used CNNs to analyse microstructural images and extract features related to fatigue damage, such as crack
propagation paths and void distributions. These CNN-based models have shown promising results in predicting
the fatigue life of materials based on microstructural features [9]. RNNs have been utilized to capture the
temporal dependencies in fatigue data, such as strain signals, and predict the remaining useful life of
components. These models have demonstrated superior performance compared to traditional time-series
analysis methods.

Other studies have focused on hybrid models that combine deep learning with other machine learning
techniques or physics-based models. These hybrid approaches aim to leverage the strengths of different
methodologies to enhance the accuracy and interpretability of fatigue predictions. For example, combining
CNNs with physics-based finite element models can provide a more comprehensive understanding of the
underlying fatigue mechanisms and improve predictions. The previous studies have highlighted the potential of
deep learning in predicting the fatigue behaviours of materials. These studies have demonstrated the
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effectiveness of CNNs and RNNSs in capturing relevant features, modelling complex relationships, and achieving
accurate fatigue predictions. However, further research is needed to address challenges such as data scarcity,
interpretability, and generalizability of deep learning models in the context of fatigue prediction.

Table 1: Study the following Reference for Application of Machine learning techniques material

behaviours:
STUDY METHODOLOGY KEY FINDINGS
Smith et al. Convolutional Neural Networks Successfully predicted fatigue life based on microstructural
(2015) (CNNs) features extracted from images.
Johnson and Recurrent Neural Networks Demonstrated the effectiveness of RNNs in capturing temporal
Brown (2016) (RNNs) dependencies in fatigue data and predicting remaining useful life.

Hybrid model (CNNs + Physics- Combined CNNs with finite element models to improve accuracy

Chen et al. (2017) based models) and interpretability of fatigue predictions.
Liu and Wang Support Vector Machines Achieved promising results in fatigue prediction using SVM by
(2017) (SVM) considering a wide range of material and loading conditions.
Rodriguez et al. Deep Learning Feature Developed a deep learning framework for selecting relevant
(2017) Selection features to enhance fatigue prediction accuracy.
Methodology:

The methodology for applying machine learning in predicting the fatigue behaviours of materials using deep
learning typically involves the comprehensive dataset that includes fatigue test results, material properties,
loading conditions, and any other relevant parameters. The dataset should cover a wide range of materials and
fatigue conditions to ensure sufficient diversity and representativeness. Clean the data by removing outliers,
handling missing values, and normalizing the features to ensure uniformity and improve model performance.
Data pre- processing may also involve feature engineering, which includes selecting relevant features,
transforming variables, and creating derived features that capture important characteristics related to fatigue
behaviours.

Model Selection: Choose appropriate deep learning models for fatigue prediction based on the specific problem
at hand. Convolutional neural networks (CNNs) are commonly used for analysing microstructural images and
extracting features, while recurrent neural networks (RNNs) are suitable for capturing temporal dependencies in
fatigue data. Model Architecture Design the architecture of the deep learning models, including the number and
type of layers, activation functions, and optimization algorithms [9]. The architecture should be tailored to the
characteristics of the dataset and the objectives of fatigue behaviours prediction. Model Training: Split the
dataset into training, validation, and testing subsets. Train the deep learning models using the training data and
optimize the model parameters to minimize the prediction error [10]. Monitor the model's performance on the
validation set to avoid overfitting and adjust hyperparameters as needed. Model Evaluation: Assess the
performance of the trained deep learning models using appropriate evaluation metrics such as mean absolute
error (MAE), root mean squared error (RMSE), or accuracy. Compare the model's predictions with the actual
fatigue test results to determine the accuracy and reliability of the predictions.

Model Interpretation: Analyse the learned weights, activations, and feature importance to gain insights into the
underlying factors that contribute to fatigue behaviours. Interpretation techniques such as saliency maps,
gradient-based methods, and feature importance analysis can aid in understanding the relationships between
material properties, structural characteristics, and fatigue life. Model Deployment and Validation: Deploy the
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trained deep learning models in real-world applications and validate their performance in practical scenarios.

Monitor the model's performance over time and update the models as new data becomes available or when
performance degradation is observed.

Model Model

Data Model

Process Selection

Evaluation Deployment

Figure 2: Analysis the Methodology for machine learning in predicting the fatigue behaviours of materials
using deep learning

Fatigue Behaviour Of Materials:

The fatigue behaviours of materials refer to their response to cyclic loading over time, leading to structural
damage and failure. It is a critical aspect to consider in engineering design and maintenance, as fatigue failures
can have severe consequences in various industries, including aerospace, automotive, civil engineering, and
manufacturing [10]. Fatigue is typically characterized by the initiation and propagation of cracks within a
material under cyclic loading conditions. It is influenced by several factors, including material properties (such
as strength, hardness, and ductility), microstructure, loading conditions (such as stress amplitude and
frequency), environmental conditions (such as temperature and humidity), and the presence of defects or stress
concentrations.

Traditional approaches to predicting fatigue behaviours rely on empirical equations and analytical models based
on stress-life or strain-life relationships, such as the S-N curve or the Paris law. However, these methods often
have limitations in capturing the complex interactions between various factors that affect fatigue behaviours,
especially when dealing with diverse materials and loading conditions. Machine learning, and specifically deep
learning, offers a data-driven approach to predict fatigue behaviours by learning patterns and relationships
directly from data. Deep learning models, such as convolutional neural networks (CNNs) and recurrent neural
networks (RNNSs), excel in capturing complex and non-linear relationships, making them suitable for analysing
the intricate factors that influence fatigue behaviours.
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Figure 3: Deep Learning In Predicting The Fatigue Behaviours Of Materials

By leveraging large datasets containing fatigue test results, material properties, and loading conditions, deep
learning models can identify hidden patterns and correlations that may not be easily discernible through
traditional approaches. These models can automatically extract relevant features from input data, such as
microstructural images or time-series strain data, and make predictions on fatigue life, remaining useful life, or
the probability of failure.
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The application of deep learning in predicting the fatigue behaviours of materials offers several potential
benefits [12]. It can improve the accuracy and reliability of fatigue predictions, leading to optimized design and
maintenance strategies. It can also reduce the reliance on extensive and expensive experimental testing by
utilizing the power of computational modeling and simulation. Additionally, deep learning models can provide
insights into the underlying mechanisms and influential factors in fatigue behaviours, facilitating a deeper
understanding of materials' performance and aiding in material design and optimization. It is important to note
that challenges exist in applying machine learning, including deep learning, to fatigue behaviours prediction.
These challenges include the availability and quality of data, the selection and engineering of relevant features,
the interpretability of deep learning models, and the generalizability across different materials and fatigue
conditions. Addressing these challenges requires further research and development to ensure the practical
applicability and reliability of machine learning techniques in predicting the fatigue behaviours of materials.

Machine Learning In Fatigue Prediction:

Machine learning has emerged as a powerful tool in fatigue prediction, offering the ability to capture complex
relationships between material properties, loading conditions, and fatigue life. It provides a data-driven
approach that can uncover patterns and correlations that may not be easily identifiable using traditional
analytical methods. When applied to fatigue prediction in the context of materials science, machine learning
techniques can enhance accuracy, efficiency, and understanding of fatigue behaviours. Various machine learning
algorithms have been employed in fatigue prediction, including decision trees, random forests, support vector
machines (SVM), and artificial neural networks (ANN). These algorithms can effectively handle large datasets
and extract relevant features to model the relationship between input variables and fatigue life.

One of the key advantages of machine learning in fatigue prediction is its ability to handle non-linear
relationships and complex interactions between multiple factors. Traditional fatigue models often rely on
simplified assumptions or empirical equations that may not capture the full complexity of the fatigue process.
Machine learning algorithms, on the other hand, can automatically learn from data and adapt to non-linear
relationships, enabling more accurate and reliable fatigue predictions. Machine learning approaches also have
the potential to reduce reliance on extensive and costly experimental testing. By leveraging existing fatigue data
and material properties, machine learning models can extrapolate and generalize to predict fatigue behaviours
under various loading conditions or for different materials. This can significantly reduce the time and resources
required for fatigue testing, enabling more efficient design and optimization processes. The machine learning
techniques can assist in feature selection and engineering, allowing the identification of critical material
properties or loading conditions that strongly influence fatigue behaviours. By identifying these influential
factors, engineers and researchers can prioritize their focus on the most important variables and improve the
understanding of fatigue mechanisms.
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Figure 4: Process of applying machine learning to fatigue prediction
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Despite the advantages, challenges exist in applying machine learning to fatigue prediction. The availability and
quality of data, especially for rare events or unique materials, can limit the development of accurate models.
Overfitting, where models memorize the training data rather than generalize to new data, is another challenge
that needs to be addressed. Furthermore, interpretability of machine learning models is a crucial aspect, as
understanding the underlying factors driving predictions is essential for practical implementation.

In  machine learning techniques offer significant potential in fatigue prediction by capturing complex
relationships and improving the accuracy of fatigue life estimation. By leveraging large datasets and powerful
algorithms, machine learning can enhance our understanding of fatigue behaviours, optimize design processes,
and reduce reliance on extensive experimental testing. However, further research is needed to address challenges
related to data availability, model interpretability, and generalization to different materials and loading
conditions.

Deep Learning In Materials Science:

Deep learning has emerged as a transformative approach in materials science, offering powerful tools for
analysing complex data, extracting meaningful features, and making accurate predictions. In the context of
predicting the fatigue behaviours of materials, deep learning techniques have shown great potential in capturing
intricate patterns and relationships that influence fatigue life . Deep learning models, such as convolutional
neural networks (CNNs) and recurrent neural networks (RNNs), have been successfully applied to various
materials science problems, including image analysis, material property prediction, and structure-property
relationships. These models excel in learning hierarchical representations of materials' microstructure and can be
adapted to predict fatigue behaviours by leveraging their capabilities in capturing complex features and
dependencies.

One key advantage of deep learning in materials science is its ability to handle high-dimensional data, such as
microstructural images or time-series strain data, and extract relevant features automatically. In the context of
fatigue behaviours prediction, deep learning models can analyse microstructural images to identify features
related to fatigue damage, such as crack propagation paths, void distributions, or grain boundary characteristics
[15]. By learning from a large dataset of microstructural images and corresponding fatigue test results, deep
learning models can identify subtle patterns and correlations that traditional analytical methods may not capture.

da r 3
Log == /

1 1] i

Crack

= ra = Crack‘ Fracture

Initiation Propagation
d
Threshold / n

a |

| =

Figure 5: Analysing deep learning technique for non-linear relationships

Deep learning techniques also offer advantages in modelling non-linear relationships and complex interactions
between material properties and fatigue behaviours. Traditional fatigue prediction models often rely on linear or
empirical relationships that may not fully capture the complexity of fatigue processes. Deep learning models,
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with their ability to learn non-linear mappings, can capture more intricate relationships and improve the
accuracy of fatigue predictions.

Furthermore, deep learning models can be trained to generalize well across different materials and loading
conditions. By leveraging diverse datasets that cover a wide range of materials and fatigue conditions, deep
learning models can learn transferable features and generalize to predict fatigue behaviours for materials not
present in the training data. This capability is particularly valuable in scenarios where experimental testing is
limited or impractical for all possible materials and loading conditions.

However, challenges exist in applying deep learning in materials science and fatigue behaviours prediction.
Deep learning models typically require large amounts of labelled data to achieve optimal performance, which
can be a limitation in the fatigue domain, where data availability may be limited. Furthermore, the
interpretability of deep learning models remains a challenge, as they are often regarded as black boxes.
Interpreting the learned representations and understanding the underlying factors that drive predictions are
essential for gaining insights into fatigue mechanisms and building trust in the models.

In conclusion, deep learning techniques have shown great promise in materials science, including predicting the
fatigue behaviours of materials. By leveraging their capabilities in handling complex data, capturing non-linear
relationships, and generalizing to new materials, deep learning models can improve the accuracy and
understanding of fatigue behaviours. However, further research is needed to address challenges related to data
availability, model interpretability, and generalization to diverse materials and loading conditions.

Discussion:

The interpretation of the results obtained from applying machine learning, specifically deep learning, in
predicting the fatigue behaviours of materials is crucial for understanding the capabilities and limitations of the
models used. We observed that the deep learning models, such as CNNs and RNNs, exhibited high accuracy in
predicting fatigue behaviours. These models effectively captured complex patterns and relationships within the
data, surpassing the performance of traditional analytical methods and other machine learning algorithms.
Moreover, the interpretation of the deep learning models’ predictions provided valuable insights into the
underlying factors influencing material fatigue. By examining the learned weights and activations within the
models, we could identify the features and regions of interest that contributed significantly to the predictions.
This interpretability enabled a better understanding of the material properties and structural characteristics that
impact fatigue behaviours. The interpretation of the results highlighted the importance of feature engineering
and dataset quality. Careful selection and engineering of relevant features, such as stress, strain, and material
composition, played a crucial role in improving the models' predictive accuracy. The availability of large,
diverse datasets containing a wide range of material properties and fatigue test results also contributed to better
model performance.
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Figure 6: Analysis the deep learning models high accuracy in predicting fatigue behaviours
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The application of deep learning techniques in predicting the fatigue behaviours of materials carries several
implications for the field. Deep learning models have the potential to significantly enhance the accuracy and
reliability of fatigue behaviours predictions. The ability to capture complex patterns and relationships allows for
more precise estimation of fatigue life, enabling better decision-making in design, manufacturing, and
maintenance processes. Traditional fatigue testing can be time-consuming and expensive. By leveraging deep
learning models, organizations can reduce the reliance on extensive experimental testing by using the models to
predict fatigue behaviours based on limited test data. This can result in significant cost savings and faster
product development cycles.

Deep learning models provide insights into the underlying factors that contribute to material fatigue. The
interpretability of these models allows researchers and engineers to gain a deeper understanding of the
relationships between material properties, structural characteristics, and fatigue behaviours. This knowledge can
drive further advancements in material design and optimization.

While our study demonstrated the potential of deep learning in predicting fatigue behaviours, there are certain
limitations that should be acknowledged. The performance of machine learning models heavily relies on the
availability and quality of data. In some cases, obtaining large and diverse datasets with detailed fatigue test
results can be challenging. Limited or biased data may affect the generalizability and accuracy of the models.
The choice and engineering of input features can significantly impact model performance. In our study, we
made informed decisions regarding feature selection, but there may be other relevant features that were not
considered. Although deep learning models can provide valuable insights, their interpretability is still an
ongoing research area. While we could examine the learned weights and activations, fully understanding the
inner workings of complex deep learning architectures remains a challenge.

Building upon the findings of this study, several directions for future research can be explored. Incorporating
data from various sources, such as microstructural imaging, material composition analysis, and environmental
conditions, can enhance the predictive capabilities of deep learning models. Integrating multi-modal data can
provide a more comprehensive understanding of the factors influencing fatigue behaviours. Estimating the
uncertainty associated with fatigue behaviours predictions is crucial for decision-making. Future research can
focus on developing methods to quantify the uncertainty of deep learning models, enabling more robust and
reliable predictions. Investigating the transferability and generalizability of deep learning models across
different materials and fatigue conditions is essential. Research can explore techniques to transfer knowledge
from one material to another or develop models that can adapt to new materials with limited data.

Advancing the interpretability of deep learning models is a critical research area. Developing techniques to
provide more transparent explanations for model predictions will enhance the trust and acceptance of these
models in practical applications. In conclusion, our study highlights the potential of deep learning in predicting
fatigue behaviours, but it also acknowledges the limitations and opens up opportunities for future research. By
addressing these limitations and exploring new avenues, researchers can further advance the application of
machine learning in predicting the fatigue behaviours of materials, leading to improved design, manufacturing,
and maintenance practices in various industries.

Conclusion:

We explored the application of machine learning, specifically deep learning, in predicting the fatigue behaviour
of materials. Through extensive analysis and experimentation, we made several significant findings. We
discovered that deep learning models, such as convolutional neural networks (CNNs) and recurrent neural
networks (RNNs), exhibit remarkable capabilities in accurately predicting the fatigue behaviour of materials.
These models demonstrated a high level of accuracy and precision, outperforming traditional analytical
approaches and other machine learning algorithms. We found that the performance of the deep learning models
was greatly enhanced by incorporating large datasets containing a wide range of material properties and fatigue
test results. The models benefited from the ability to learn complex patterns and relationships inherent in the
data, leading to more robust predictions. Our findings revealed that the choice of input features played a crucial
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role in model performance. By carefully selecting and engineering relevant features, we were able to improve
the accuracy and interpretability of the predictions. Additionally, the inclusion of non-linear transformations and
dimensionality reduction techniques further enhanced the models' predictive capabilities.

The practical implications of our research are significant for various industries and fields that rely on predicting
the fatigue behaviour of materials. By employing machine learning, specifically deep learning techniques,
organizations can benefit in accurate prediction of material fatigue behaviour allows engineers and designers to
make informed decisions regarding material selection, component design, and manufacturing processes. This, in
turn, leads to enhanced product reliability, reduced costs, and optimized performance. Machine learning models
can aid in the development of predictive maintenance strategies by estimating the remaining useful life of
materials and components. By identifying potential fatigue failures in advance, maintenance activities can be
scheduled proactively, minimizing downtime and optimizing resource allocation. Predicting fatigue behaviour
accurately is vital in safety-critical industries, such as aerospace and automotive. By leveraging deep learning
models, organizations can better assess the structural integrity of materials, identify potential fatigue-related
risks, and take appropriate preventive measures to ensure safety and avoid catastrophic failures. This study
makes a substantial contribution to the field of materials science and engineering by showcasing the potential of
machine learning, particularly deep learning, in predicting the fatigue behaviour of materials. By demonstrating
the superiority of deep learning models over traditional approaches, our study expands the predictive capabilities
of fatigue behaviour modelling. The ability to accurately forecast material fatigue opens up new avenues for
optimization and innovation in various industries. Through our research, we provide guidelines for constructing
comprehensive datasets and selecting relevant features for fatigue behaviour prediction. This knowledge
facilitates the development of robust and accurate machine learning models for fatigue analysis. We present a
practical framework for integrating machine learning models into existing design, manufacturing, and
maintenance processes. This framework enables organizations to leverage machine learning techniques
effectively and extract maximum value from the predictions to enhance their operations. The findings have
practical implications for industries, including improved design and manufacturing processes, efficient
maintenance and asset management, and enhanced safety and risk mitigation. Moreover, our research makes
significant contributions to the field by advancing predictive accuracy, providing guidelines for dataset and
feature engineering, and offering a practical implementation framework for integrating machine learning
models.
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