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ARTICLE INFO ABSTRACT

Keywords: This paper introduces an efficient framework for accurately predicting the fatigue lifetime of
Fatigue life prediction notched components under uniaxial loading within the high-cycle fatigue regime. For this pur-
Notch

pose, various machine learning algorithms are applied to a wide range of materials, loading
conditions, notch geometries, and fatigue lives. Traditional approaches for this task have mostly
relied on one of the mechanical response parameters, such as stress, strain, or energy. This study
also concludes which of these parameters serves as a better measure. The key idea of the
framework is to use the profile (field distribution represented by some points) of the mechanical
response parameters (stress, strain, and energy release rate) to distinguish between different
notch geometries. To demonstrate the accuracy and broad applicability of the framework, it is
initially validated using metal materials, subsequently applied to specimens produced through
additive manufacturing techniques, and ultimately tested on carbon fiber laminated composites.
This research demonstrates the effective use of all three parameters in estimating fatigue lifetime,
while stress-based predictions exhibit the highest accuracy. Among the machine learning algo-
rithms investigated, Gradient Boosting and Random Forest yield the most successful results. A
noteworthy finding is the significant improvement in prediction accuracy achieved by incorpo-
rating new data generated based on the Basquin equation.

Machine learning
Additive manufacturing
Carbon fiber laminated composites

1. Introduction

Estimating fatigue life is a vital task in the design and maintenance of various mechanical systems and structures. This process
involves predicting how many cycles (life) a material can endure before failure due to cyclic loading, a phenomenon commonly
encountered in real-world structures [1]. Mostly, fatigue life estimation has relied on empirical relationships derived from extensive
experimental testing, focusing on mechanical response parameters, e.g., stress [2], strain [3], or energy [4]. Therefore, these methods
can be time-consuming, expensive, and may lack precision for diverse materials or loading conditions. Recently, machine learning
(ML) has emerged as a leading solution in the field of materials science and technology [5], specifically fatigue failure [6]. It offers the
potential to enhance prediction accuracy by identifying patterns within existing datasets [7,8]. This section provides a review of the
current state of the art in fatigue analysis through machine learning, initially exploring its broad applications across various problems
and materials, then narrowing down to its use in additively manufactured specimens, and ultimately presenting advanced models to set
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Nomenclature

GB Gradient Boosting

LR Linear Regression

MLP Multi-Layer Perceptron
MSE The mean squared error
Ny Number of cycles to failure
R Loading ratio

R? The coefficient of determination
RF Random Forest

VR Voting Regressor

a Notch opening angle

p Notch radius

Oq Nominal stress amplitude

the context for the problem statement.

ML techniques have significantly improved the predictive accuracy of fatigue life estimation of various materials, as evidenced by
several compelling applications. For instance, hybrid physics-informed and data-driven models (HPDM) have proven to be effective,
laying a methodological foundation further substantiated by the successful application of the XGBoost model in predicting the fatigue
life of high-strength bolts [9]. This approach has also been extended to the prediction of low-cycle fatigue life for lead-free solders,
demonstrating ML’s reliability across various fatigue conditions [10]. Another illustrative example is the development of a knowledge-
based ML framework that integrates empirical formulas with data-driven models, resulting in improved accuracy and resource effi-
ciency [11]. The versatility of ML is further exemplified by its successful application in predicting fatigue life in drilled composite
laminates [12]. To emphasize the extensive applicability of machine learning techniques across various materials in the domain of
fatigue life estimation, the following can be cited: A588 low alloy steel [13], 316 stainless steel [14], gray cast iron [15], cast aluminum
alloy [16], multi-principal element alloys [17], and additively manufactured (AM) parts [18,19]. Moving to multiaxial loading, in a
novel twist, image recognition technology has been utilized to extract loading path features for multiaxial fatigue life prediction [20].
Moreover, the fusion of virtual synthetic multiaxial fatigue data with ML models has further enhanced the accuracy of life prediction
models, as proposed in [21].

Focusing on AM materials, ML techniques have been effectively employed to tackle the intricate nature of fatigue phenomena
inherent to these materials [22]. These methods have consistently proven to be indispensable in this context [23]. The effectiveness of
ML in handling uncertainties and optimizing manufacturing processes to enhance fatigue performance is highlighted in studies such as
[24-26]. To address the issue of limited fatigue data and to expand the dataset size for Ti-6Al-4 V, Monte Carlo simulation in
conjunction with ML models yielded promising results [27]. In noteworthy research [28], ML was combined with natural language
processing and computer vision to collect and analyze fatigue and mechanical data from thousands of scientific articles. This resulted
in the creation of a comprehensive database, FatigueData-AM2022, which can serve as a benchmark and training set for further ML-
driven analyses. The application of machine learning has also extended to predicting microstructural-level fatigue damage [29] and
fatigue behavior in various materials and contexts within AM, including laser powder bed fusion materials [14] and non-metallic
materials like polymer composites [30].

Advancements in computational frameworks, such as the one proposed in [31], underscore the potential of ML in optimizing fa-
tigue performance. A noteworthy development in this direction is represented in [32], where a Physics-Informed Neural Network was
utilized to predict finite fatigue life in defective materials, showcasing the successful integration of traditional physics models with
advanced ML techniques. Additionally, in a recent study [33], an enhanced offline prediction approach was introduced for predicting
the lifespan of fatigue crack propagation. This method relies on data feedback and highlights the significance of iterative learning and
adaptation within machine learning frameworks. It is worthwhile to mention that the emergence of ML techniques has brought about a
transformative shift in fatigue life prediction strategies, leveraging innovative computational approaches. For instance, a hybrid model
integrating fracture mechanics and ML has excelled in predicting high-cycle fatigue life [34]. A unified physics-informed ML
framework has shown significant promise in predicting notch fatigue life, highlighting the effectiveness of incorporating physical
principles into ML algorithms [35]. These algorithms, including the application of shallow neural networks and sequence learning
models, were utilized to forecast the lifetime under isothermal low-cycle fatigue loading and thermo-mechanical fatigue loading,
yielding accurate estimations for these complex loadings [36].

In summary, the integration of machine learning techniques with traditional methods has revolutionized fatigue life estimation,
offering enhanced accuracy, adaptability, and efficiency across various materials and loading conditions. This research aims to build
upon these advancements, exploring the specific application of ML in fatigue lifetime assessment of notched structures.

The primary aim of this research is to propose a novel framework that incorporates either stress, strain, or energy release rate fields
along with machine learning algorithms to estimate the fatigue lifetime of notched components. The originality of the proposed
method, in comparison with existing methods in the literature, is twofold:

1- Utilization of response parameter profile: Traditional ML algorithms for failure analyses only use a stress component of the node
at the tip of the notch. To distinguish between different geometries, the notch opening angle and notch tip radius values are used as
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inputs into the model. In contrast, the proposed method uses a physics-based response parameter of the material (i.e., stress, strain,
energy release rate) to obtain the notch effect. For this purpose (under uniaxial loading), the fields of stress, strain, and energy release
rate along the notch bisector (where failure is expected), represented by several nodes in this direction, are used as inputs to the model.

2- Identification of the most effective field: This study aims to identify the most effective field among stress, strain, or energy for
fatigue life estimation of notched components under uniaxial loading using Machine Learning (ML) models.

In the next section, the ML tools employed for establishing the framework are presented, while the measures and inputs of the
model are discussed in Section 4. Finally, the results of predictions by the proposed method for three different materials are presented
in Section 5 to demonstrate the validity of the method across various materials. Additionally, in this section, the proposed framework is
compared with the TCD approach, and a thorough analysis of the effect of different choices on the inputs of the method is provided.

2. Problem statement

Geometric discontinuities like cracks, notches, and holes, often found in mechanical structures, serve specific design purposes or
arise due to wear and environmental factors. These elements, acting as stress concentrators, play a pivotal role in delineating both the
load-bearing capability and operational lifespan of the structural component. However, due to its complexity, this topic is less often
addressed in the literature [37]. In this paper, a novel framework is proposed to estimate the fatigue life of notched components using
ML algorithms, based on various mechanical parameters such as stress, strain, or energy fields.

The inspiration for the proposed framework stems from Neuber’s study [38], which introduced a successful approach for fatigue
analysis of notched components. This approach later became known as the Theory of Critical Distances [39,40] and has recently been
incorporated into the Finite Fracture Mechanics approach [41-43]. These strategies typically depend on the stress field around the
notch tip to distinguish various notch geometries. Fig. 1 provides a schematic illustration of the stress field corresponding to two
distinct notch geometries, indicating that a sharper notch corresponds to different profile and higher stress gradient [44].

On the other hand, studies have shown that certain materials are subject to strain-controlled failure [45]. As a consequence, the
strain field is incorporated into our analysis. Finally, the energy release rate, widely used in Linear Elastic Fracture Mechanics (LEFM)
and its applications, is utilized in this study for the sake of comparison and completeness. Therefore, three fundamental response
parameters are employed in this paper to establish a new framework to estimate the fatigue life of notched components and determine
which parameter is more efficient for this task. Note that these fields are discretized by a certain number of nodes, which will be
comprehensively explained in Section 5.5. The represented fields are unique for each notch geometry and serve as a measure of the
geometric factors of each notch. In Section 4, the framework and its input parameters are presented in detail.

It is worthwhile to mention that linear elastic analysis is employed to derive stress, strain, and energy release rate fields. This
methodology is especially pertinent in scenarios involving medium- and high-cycle fatigue loading conditions, where even ductile
materials may exhibit linear elastic behavior. However, it is important to note that the proposed approach may not be applicable to
materials or conditions that exhibit significant plasticity or non-linear behavior.

3. Machine learning tools

This section provides an introduction to the script and the machine learning algorithms that have been utilized within this study.
The script is written in Python and utilizes a variety of data science packages including pandas, numpy, matplotlib, seaborn, and
sklearn. Initially, it emphasizes data preprocessing. If activated, useful in cases where the original dataset is limited in size (will be
elaborated in Section 5.5.4), new data can be synthetically generated using a function that resembles a line in log-log space, with an
added noise factor ranging between —0.3 and 0.3, as shown in Fig. 3. In this scenario, the code ensures that the amount of data for each
notch geometry is set to 100. This technique for generating synthetic data mimics real-world scenarios where data often exhibit a

Stress

Distance

Fig. 1. Schematic illustration of two different notch geometries with their related stress distribution in an infinite medium.
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power-law distribution, causing the data to form a straight line in log-log space according to the Basquin equation [46]. Accordingly,
in this study, the term baseline data refers to the original data, while enhanced data refers to the combination of the original and
generated data. Note that both the baseline data and the enhanced data are employed, and the results are compared with each other for
a more thorough analysis. The noise introduced helps emulate the unpredictable variations typically found in real data, providing a
more realistic testing ground for the regression models. This approach offers valuable insights into model performance under varying
and potentially noisy conditions. It should be noted that the noise factor should be selected based on different factors like material,
notch geometry, environmental conditions, equipment, and other factors. However, for simplicity, the proper values (—0.3 and 0.3)
were selected (will be elaborated in Section 5.5.5), which are typical mean values for experimental studies in fatigue [39,47],.

To capture complex data relationships, the script initially generates new features by summing the product of applied stress and all
other columns, as further explained in Section 4. Subsequently, it handles categorical data (a name related to each notch shape) by
converting them into numerical format through one-hot encoding. The script also computes correlations between features and the
target variable, applying a feature selection strategy based on a predetermined threshold to retain only the most relevant features.
Section 4 discusses the features specific to each problem. Moreover, the script offers flexibility in handling unseen data by either
randomly selecting from the dataset or using specific types of data (notch type). Unseen data play a crucial role in evaluating the
performance of machine learning models on untrained data. To enhance model performance, the data are normalized using
RobustScaler, which effectively handles outliers. Normalizing the data, based on RobustScaler, ensures that all features are on a
consistent scale, preventing dominance by features with larger scales and promoting balanced model performance.

After the data preprocessing, the script employs five regression models for training and validation, utilizing K-fold cross-validation
with five folds. The models used encompass Gradient Boosting, Random Forest, Linear Regression, Multi-Layer Perceptron, and a
Voting Regressor that amalgamates the aforementioned models. Although hyperparameter tuning can enhance the performance of
models, they are trained with their default settings, without any customization or tuning of their parameters. This approach provides a
baseline for the performance of models, offering a clear reference point for understanding their natural strengths and weaknesses. On
the other hand, by sticking to the default settings, the results can be easily replicated by others. It is worthwhile to note that the primary
analyses of hyperparameter tuning using the grid search approach did not significantly impact the results. However, in the future, the
effect of adjusting the settings will be studied. Cross-validation is employed to assess the models’ ability to generalize to unseen data.
The code executes 100 iterations for each regression model, enabling a more comprehensive performance evaluation and accounting
for variability in data selection.

In selecting the specific regression models for this study, a diverse and effective approach was considered to predict the fatigue
lifetime of notched components. Gradient Boosting and Random Forest were chosen for their proficiency in handling complex non-
linear patterns and their consistent success in the study’s outcomes. Linear Regression serves as an easily interpretable baseline
model, and the Multi-Layer Perceptron is utilized for its ability to explore intricate non-linear relationships. The Voting Regressor
uniquely integrates the strengths of all the aforementioned models, providing an additional layer of robustness. Furthermore, an
essential consideration in the selection of these models was their relative ease of coding and implementation compared to other more
complex machine learning approaches. This decision not only facilitated the model coding process but also ensured a practical and
accessible methodology. By combining simplicity in coding with both linear and complex modeling capabilities, this ensemble offers a
well-balanced and efficient approach to the prediction task, aligning seamlessly with the multifaceted nature of the variables and
conditions investigated.

The workflow of the machine learning tools utilized can be summarized as follows:

Start

1. Data Preprocessing

1.1 Synthetic Data Generation (Optional):

Objective: Augment the dataset if the initial size is limited.

Methodology:

Data Check: Verify the size of the initial dataset.

Synthetic Data Creation: Fit a line in log-log space (following Basquin equation) and introduce noise to simulate realistic variability, generating additional
target data accordingly.

1.2 Feature Engineering:

Feature Creation:

Generate the features by calculating the intended field distributions (stress, strain, or energy) around the notch tip for the load amplitude. This is achieved by
multiplying the applied stress amplitude with the near-fields calculated by FEA for an applied stress of 1.
Categorical Data Encoding:

Convert categorical data (e.g., notch shapes) into a numerical format using one-hot encoding.

Add the one-hot encoded columns to the main data frame.

Correlation Analysis:

Calculate the correlation between each feature and the target variable (fatigue life).

Sort features based on their absolute correlation values to identify the most relevant features.

Feature Selection:

Select a number of features based on their correlation with the target variable.

Include one-hot encoded categorical features and any forced features (if specified).

Remove any duplicate features to finalize the list of selected features.

3 Handling Unseen Data:

Data Splitting:

o O e
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(continued on next page)
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(continued)
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Separate a subset of data to be used as unseen data for evaluation. This can be done randomly or based on specific criteria (e.g., by excluding a particular notch
type).

4 Data Normalization:

Normalization Technique:

Normalize the data using RobustScaler, which is effective in handling outliers and ensuring consistent scaling across features.
Model Training and Evaluation

1 Model Definition:

Regression Models:

Gradient Boosting Regressor

Random Forest Regressor

Linear Regression

Multi-Layer Perceptron (MLP) Regressor

Voting Regressor (ensemble model combining the above models)

2 Cross-Validation:

K-Fold Cross-Validation:

Utilize K-fold cross-validation to evaluate model performance.

Run 100 iterations (episodes) for each model to ensure robustness and reliability of results.

3 Model Training:

Training Procedure:

Train each model on the training set and evaluate its performance on the testing set.
Calculate and record performance metrics such as R? score and Mean Squared Error (MSE) for each fold and each episode.
Best Model Selection:

Track the best-performing model for each regression method based on the highest R? score.
Print the average R? score and MSE across all episodes for each model.

Model Selection and Prediction

1 Best Model Selection:

Performance Comparison:

Compare the average performance metrics of all models.

Select the model with the best overall performance (highest R? score and lowest MSE).

2 Final Predictions:

Unseen Data Prediction:

Use the best-trained model for each regressor to predict fatigue life on the unseen data subset.
Print and compare the original and predicted values for each model.

3 Visualization:

Prediction Plots:

For each model, create log-log plots comparing the original data and predictions.

End

O.SDOO.SA?OO.S)JEAJOO.DO.!QOO.!QODOOO.N!\JD‘:—‘

Having previously described the workflow of the prediction procedure and its constituent components, this section presents a brief
introduction to the machine learning algorithms. This presentation offers a more in-depth reasoning behind the choice of the models
and their predictive ability for the problem, thus setting the stage for a more comprehensive discussion on the operation and per-
formance of the predictive framework. However, since the models are well-developed, they are not presented in detail, and interested
readers are referred to the appropriate references cited in the related sections.

3.1. Gradient Boosting Regressor

Gradient boosting is a machine learning technique where weak predictive models, typically decision trees, are combined to form a
powerful ensemble model [48,49]. It is a stage-wise optimization algorithm that can accommodate a variety of loss functions [50]. The
principle of gradient boosting involves iteratively building weak learners and adding them to the ensemble model in such a way that
the errors of the previous models are minimized. This is achieved by fitting each new model to the residuals or errors of the preceding
models:

e =Yi—Fn1(x;) (€Y

where e; is the residual for the i-th instance, y; is the actual output for the i-th instance, Fy,.1 (x;) is the prediction of the (m-1)-th model
for the i-th instance. A weak learner is then fit to these residuals. This results in a new model, represented as:

Fin (i) = Fp-1(%:) + B (x:) (2)

where hy(x;) is the prediction of the m-th weak learner for the i-th instance.
This iterative process results in an ensemble model, composed of a sum of weak learners:

F(x;) = Fo(x:) + th(xi) 3)

=1

where Fj (x;) is the initial model’s prediction for the i-th instance M is the total number of weak learners in the model [51].



A.M. Mirzaei Engineering Fracture Mechanics 309 (2024) 110401

3.2. Random Forest Regressor

Random Forest (RF) is a machine learning approach where multiple decision trees, each with unique characteristics, are combined
to form a robust ensemble model [52,53]. The fundamental principle of RF lies in constructing a multitude of decision trees and
aggregating their predictions to determine the final output. The construction of each tree, denoted by Tp,(x), is based on a bootstrap
sample drawn from the training set with replacement. To elaborate, in this bootstrap process, each sample is created by randomly
selecting data points from the original dataset, allowing the same data point to be chosen multiple times, which contributes to the
unique nature of each tree. Further, at each node, a random subset of m variables is chosen out of the total p variables, and the optimal
split among these m variables is used to bifurcate the node [54].

The prediction of the RF model for an instance is given by averaging the predictions from all the decision trees. This can be
mathematically represented as:

F(x;) = T (X)) 4

Z|=
M=

1

3
||

In this equation, F(x;) is the RF prediction for the i-th instance, N represents the total number of trees in the RF model, and Tp,(x;)
denotes the prediction of the m-th tree for the i-th instance.
Each decision tree independently draws its bootstrap samples from the dataset:

Dy, = bootstrap(D), form=1toN 5)

where Dy, is the dataset for the m-th tree, D signifies the original dataset.
Despite the many advantages of RF, it is crucial to remember that, unlike gradient boosting which builds models in a stage-wise
additive manner, decision trees in an RF model are constructed and combined independently.

3.3. Linear regression

Linear regression (LR) is a statistical technique widely used in machine learning to predict a dependent variable based on the values
of one or several independent variables [55]. This approach, foundational in statistics and machine learning alike, adopts a systematic
method for determining the relationship between predictors and outcomes [56]. The principle of linear regression involves fitting a
model to the data in such a way that the sum of squared residuals (SSR) is minimized. The residual for an instance is calculated as the
difference between the actual output and the prediction of the model:

e =Yi— <ﬂo + Zﬂj Xl}) (6)
=)

where e; is the residual for the i-th instance, y; is the actual output for the i-th instance, py is the y-intercept, f; is the coefficient of the j-
th independent variable, Xj; is the value of the j-th independent variable for the i-th instance. The model aims to determine the co-
efficients () that minimize the sum of squared residuals. This is achieved through techniques such as ordinary least squares (OLS) or
gradient descent for larger datasets due to its computational efficiency [57].

The final prediction of the model is given by the equation:

Yi=po+ Zﬂjxij @
=

where Y; is the predicted output for the i-th instance.

While the simplicity and interpretability of linear regression models have made them a mainstay in many scientific disciplines, it is
important to bear in mind that these models rely on certain assumptions. These include linearity, independence of errors, homosce-
dasticity, and normality of errors. Violations of these assumptions can lead to model inaccuracies or misleading results.

3.4. Multi-Layer Perceptron (MLP) Regressor

The Multilayer Perceptron (MLP) is an artificial neural network featuring multiple interconnected layers, each serving a unique role
in the model’s architecture [58,59]. MLP uses non-linear activation functions and leverages backpropagation for iterative weight
adjustment, which minimizes the error between the actual and predicted output.

The process of weight adjustment is expressed as:

e =Yy —F1(x) (€)

where e; represents the error for the i-th instance, y; is the actual output, and F;.1(x;) is the previous model’s prediction for the i-th
instance. The weights of the MLP are then updated:

Fa(x) = Fo1(x;) +ha(x) ®
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where hp(x;) denotes the change in the weight for the i-th instance in the n-th iteration.
The iterative process culminates in an MLP model, which is the assembly of layered nodes:

N

F(x;) = Fo(x:) + Zhn(xi)

n=1

(10)

where Fy(x;) is the initial prediction for the i-th instance and N is the total number of iterations.

MLPs are used in various applications due to their ability to map input features to continuous output variables. Unlike gradient
boosting models, the MLP’s layers are interconnected and weights are adjusted simultaneously, enabling MLPs to capture complex
non-linear relationships in the data.

3.5. Voting Regressor

The Voting Regressor is a machine learning technique that utilizes multiple base regressors, each trained on the entire dataset, to
form an aggregate model by averaging predictions. This ensemble method can include a diverse range of algorithms such as Decision
Trees, Support Vector Machines, or Neural Networks as its base regressors [60,61]. The process of averaging helps to reduce variance
when the base regressors are prone to overfitting the data [60] and also to decrease bias when they are inclined to underfit the data
[62].

Considering its limitations, the standard practice of utilizing uniform weights for ensemble voting regression may prove to be
insufficient for improving predictions without the aid of domain knowledge. The performance of the regressor can also be impacted by
the different voting methods used, and in some instances, more computationally expensive methods like the single transferable vote
may be necessary.

To summarize this section, Table 1 presents an overview of the methodology and key features of all ML models used in this research.

4. Inputs and data for validation

To conduct a thorough evaluation of the proposed framework’s performance and reliability in estimating finite fatigue life of
notched components, it is essential to work with robust and extensive datasets. This requirement becomes even more critical when
determining the most effective parameter between stress, strain, and energy. To achieve this objective, three distinct sets of experi-
mental data were incorporated into the study, encompassing a range of notch geometries, including U-notch, V-notch, and circular
holes. They also cover different materials such as steel, Poly Lactic Acid (PLA), and long carbon fiber laminated composites, all
subjected to different (uniaxial) loading conditions and ratios. It is worthwhile to mention that experimental datasets that can be used
in this study are limited, as fatigue analyses across various notch geometries are notably time-consuming. Each dataset, with its unique
characteristics, provides a diverse and comprehensive foundation for our evaluation. This approach allows us to maintain a balance
between complexity and comprehensiveness, ensuring that our analysis of the proposed framework’s performance remains insightful
and concise. Note that the stress-life (SN) diagrams and the geometry of specimens for each dataset are not presented for the sake of
brevity. Readers interested in further details are referred to [39,47,63].

In order to calculate the stress and strain distributions, along with the energy release rate, the finite element (FE) commercial
package, Abaqus® software, was used. The specimens were modeled under 2D plane stress condition with a highly refined mesh
around the notch to ensure proper capturing of stress concentration. For details on numerical modeling, refer to the papers on the

Table 1
A brief presentation of the methodology and the key features of the ML models.

Model

Methodology

Key Features

Gradient Boosting
Regressor

Random Forest
Regressor

Linear Regression

Multi-Layer
Perceptron
(MLP) Regressor

Voting Regressor

An ensemble learning method that builds models sequentially, each
trying to correct errors made by the previous model. It focuses on
improving accuracy by combining the predictions of several weaker
models.

An ensemble learning method that creates a “forest” of decision
trees during training. Each tree in the forest provides a prediction,
and the final prediction is obtained by averaging the predictions of
all trees.

A simple and interpretable regression method that assumes a linear
relationship between input features and the target variable. The
model estimates coefficients to minimize the difference between
predicted and actual values.

A type of artificial neural network with one or more hidden layers
between the input and output layers. Uses backpropagation for
training, adjusting weights to minimize the error.

An ensemble learning method that combines the predictions of
multiple different regression models. Each model in the ensemble
makes a prediction, and the final prediction is obtained by
averaging the predictions of all models.

Efficient with large datasets and complex relationships, reduces
bias and variance, but can overfit if not properly tuned.

Reduces overfitting risk, robust to noisy data, handles large high-
dimensional datasets, and provides feature importance insights.

Easy to implement and interpret, assumes linearity which may
miss complex patterns, and is sensitive to outliers.

Models complex non-linear relationships, requires careful
hyperparameter tuning, and is computationally intensive, often
needing more data for effective training.

Combines the strengths of multiple models, improving
performance and reducing overfitting, leading to more robust and
generalized predictions.
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experimental data for each dataset [39,47,63]. The specimens were discretized using 8-node biquadratic elements, and a convergence
analysis was performed to verify the independence of the numerical results from the mesh size. To do so, the model’s mesh was
progressively refined in critical regions (i.e., around the notch tip). Simulations were run with each refined mesh, and the results were
compared. Convergence was considered achieved when further refinement did not significantly alter the quantities of interest (stress,
strain, and energy). Note that, as each sample required only a linear elastic FE model, a very fine mesh could be considered from the
beginning.

This investigation focuses on fatigue failure under uniaxial loading conditions. In this case, it is assumed that the impact of stage II,
where the crack growth is perpendicular to the loading direction, is the primary factor governing the overall material strength in the
fatigue process zone. As a result, predictive models are based solely on the plane subject to the linear elastic Mode I fatigue damage
[39]. Hence, within the scope of the analyses, the terms stress, strain, and energy fields refer to the maximum principal (hoop) stress
component along the notch bisector line, the maximum principal strain component along the notch bisector line, and the energy
release rate pertaining to a crack situated at the notch tip and growing along the notch bisector line. For the sake of brevity, further
information regarding numerical modeling and the extraction of stress, strain, and energy profiles is not mentioned. Then, the stress,
strain, and energy fields were extracted up to a sufficient distance where, for example, the stress field reached a (near-) constant value
(it is discussed in Section 5.5.3). Also, a total of 10 data points were utilized, with a higher density of points near the notch tip (it is
discussed in Section 5.5.1). It is worth emphasizing that to use the field distributions as an input of the ML models, these fields are
discretized by a certain number of nodes.

The specimens were simulated under remote stress with an amplitude of 1 (MPa). Therefore, by multiplying the gross stress
amplitude (o,) from stress-life (SN) data by the stress, strain, or energy fields obtained through FE analyses, the corresponding fields
related to each applied stress amplitude are derived. Note that these data, along with the corresponding number of cycles to failure
(life) and a name for each notch shape (which is transformed into a numerical form through one-hot encoding), constitute the only
input vectors for the problem. In other words, the inputs include the stress-life data, the name of the notch shape, and the fields of
stress, strain, or energy release rate for a stress amplitude of 1 MPa. As mentioned in Section 2, each of the stress, strain, or energy fields
is unique to a specific notch geometry, and these fields make distinctions between different geometries. For clarity, Fig. 2 illustrates a
simplified graphical overview of the various stages within the proposed methodology. All in all, it can be argued that the proposed
framework is practical, as it requires only linear elastic analyses for each notch geometry. On the other hand, in terms of machine
learning coding, simple algorithms are employed with default settings and without parameter tuning, to make the model more user-
friendly. The subsequent section will provide a more detailed discussion of this process, as well as highlighting the key attributes of

Inputs:
Stress-life data
Notch shape name
Stress, strain, or energy field for o= 1

‘

Data processing & Machine learning

‘

Train model

.

Apply model to any notch geometry, having:
Applied stress amplitude
Corresponding field for o,= 1

n

Predict finite fatigue life

Fig. 2. Simplified graphical overview of the proposed framework.



A.M. Mirzaei Engineering Fracture Mechanics 309 (2024) 110401

each dataset, and their distinctive characteristics and significance within the evaluation.

4.1. Validation by specimens made of steel

The first data set comprises specimens made of EN3B steel and encompasses both plain (intact) and notched specimens, with six
distinct notched geometries, each tested under tension-tension loading (R=0.1) [39]. These tests were conducted under either tensile
or bending loading conditions. For the specimens under tensile loading, the specimens were weakened by a single edge V-notch with an
opening angle (a) of 60° and a notch tip radius of 0.12 mm, a single edge U-notch (a« = 0°) with a radius of 1.5 mm, and two central
circular holes with two different diameters of 3.5 mm and 8 mm. Specimens under bending loading condition, which were approxi-
mately four times thicker than the tensile specimens, contained a single edge V-notch with an opening angle of 45° and a radius of
0.383 mm, as well as a single edge U-notch with a radius of 5 mm. Considering the simplicity of the specimens’ geometries and loading
conditions, these details are presented here for brevity; readers are referred to the original study [39] for further information.

To illustrate the performance of the code for generating new data, Fig. 3 presents the stress-life diagrams for the plain and V-notch
specimens under tension.

As mentioned, if the option of increasing the number of data is activated, it is ensured that the total number of data points (SN data)
for each type of notch geometry in enhanced dataset is equal to 100, following the Basquin equation with some noises.

4.2. Validation by specimens made of PLA

To further evaluate the performance of the proposed framework for finite fatigue life estimation, the experimental dataset pre-
sented in [63] is considered. These experiments involved testing PLA specimens with three different manufacturing angles (8, = 0°,
30°, 45°) under loading ratio of R=-1. Apart from the plain specimens, the specimens were configured as double-edge notched tension,
with a V-notch with an opening angle of 35° and a notch tip radius of 0.15 mm, as well as two U-notches with radii of 1 mm and 3 mm.
An extensive experiment led the authors to argue that the material could be modeled as linear homogeneous and isotropic by averaging
the mechanical parameters across the different manufacturing angles [64]. Consequently, the effects of shell thickness and material
non-linearities were considered negligible. Thus, the stress—strain behavior was modeled as purely linear elastic, up to the ultimate
tensile strength.

4.3. Validation by specimens made of laminated carbon fiber composites

The last dataset consists of specimens made of T300-12 K carbon fiber and Araldite LY 5052 epoxy resin, which were cured using
Aradur 5052 Hardener [47]. The testing campaign included a plain specimen, notched specimens — center holed with diameter of 4.2
mm and 6.5 mm — as well as a center cracked specimen with length of 15.4 mm. These specimens were tested under tension-tension
loading with a ratio of R=0.1 and had [0/90]y layup. It is important to note that, due to the use of thin-ply laminate configuration, the
specimens experienced failure in either the pull-out or brittle failure modes, without any delamination occurring and the failure was
along the notch bisector line (perpendicular to the loading direction). Therefore, the characteristics of the failed specimens closely
resemble those of isotropic specimens. This behavior enables the use of stress, strain, and energy fields along the notch bisector line for
failure analysis and estimation [65].

5. Results and discussion
This section presents the results of the proposed framework applied to various experimental datasets. It also includes a compre-

hensive examination through several parametric studies to evaluate the impact of different choices on data selection. The predictions
for stress, strain, and energy are showcased for both enhanced and baseline data across each dataset. For each dataset, detailed tables

Fig. 3. Stress-life diagrams in log-log form illustrating the baseline and enhanced (baseline + generated) data for two distinct specimens made of

steel: a) Plain specimen, and b) V-notched specimen under tension.
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are also presented to illustrate the performance of all the ML models.

In order to provide a robust estimation of the model’s performance, the results include the average values of the R? score and mean
squared error (MSE) obtained from 100 different episodes or iterations of the code. Importantly, each episode employs a unique split of
training and validation data, generated by a 5-fold cross-validation scheme. This means that in each episode, the model is trained on
80 % of the data and validated on the remaining 20 %, with the specific data points allocated to each subset changing in every episode.
Furthermore, the best R? score achieved among all model runs, whether for baseline or enhanced data, is highlighted, giving valuable
insights into the model’s peak performance capability. This strategy of averaging performance metrics across multiple episodes and
observing the best score not only gives a more comprehensive and reliable understanding of the model’s overall performance but also
provides a sense of the model’s potential under optimal conditions.

To clarify, the R? score and mean squared error (MSE) are calculated as follows:

Zrll (vaon'g - Nf-,pred)2
3 (N orig — N mean)”

n

1
MSE =~ >~ (Nforig — Nyprea)”

1

R2=1- 11

(12)

where Nt orig, Nfpred, and Nfmeqn represent the original (experimental) data of number of cycles to failure, the predicted data, and the
mean value of the original data, respectively.

For all three datasets, an initial 10 % of the data is considered as unseen data, and predictions are generated for this subset. These
predictions are depicted in Figs. 4-6, where panels a) to c) correspond to cases with enhanced data (shown in Fig. 3), and panels d) to f)
represent the baseline data (without any new data production). In all related figures, the horizontal axis represents the estimated life
(Predictions), while the vertical axis illustrates the experimental number of cycles (Original Data). The solid black line represents a
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Fig. 4. Comparison of experimental number of cycles to failure and predictions for steel specimens using RF. The figure shows randomly selected
samples with 10% of the dataset as unseen data. The analysis includes (a) stress, (b) strain, and (c) energy as measures for the enhanced dataset, and
(d) stress, (e) strain, and (f) energy as measures for the baseline dataset.
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Fig. 5. Comparison of experimental number of cycles to failure and predictions for PLA specimens using RF. The figure shows randomly selected
samples with 10% of the dataset as unseen data. The analysis includes (a) stress, (b) strain, and (c) energy as measures for the enhanced dataset, and

(d) stress, (e) strain, and (f) energy as measures for the baseline dataset.
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Fig. 6. Comparison of experimental number of cycles to failure and predictions for composites specimens using RF. The figure shows randomly
selected samples with 10% of the dataset as unseen data. The analysis includes (a) stress, (b) strain, and (c) energy as measures for the enhanced
dataset, and (d) stress, (e) strain, and (f) energy as measures for the baseline dataset.

Table 2
Characteristics and mechanical properties of experimental specimens.
Set No. Name Elastic modulus (MPa) Poisson ratio Geometric characteristics R Loading type
1 Steel 197,400 0.3* Plain 0.1 Tensile
V-notch, @ = 60°, p = 0.12 mm
U-notch, a = 0°, p = 1.5 mm
Circular hole: p = 1.75 mm
Circular hole: p = 2 mm
V-notch, a = 45°, p = 0.383 mm Bending
U-notch, a« = 0°, p = 5 mm
2 PLA 3476 0.33 Plain -1 Tensile
V-notch, @ = 35°, p = 0.15 mm
U-notch, « = 0°, p = 1 mm
U-notch, a = 0°, p p = 3 mm
3 Laminated composites E; = 102000 v12 = 0.29 Plain 0.1 Tensile
E, = 8500 Crack, a = 0°, p = 0 mm

Circular hole: p = 2.1 mm
Circular hole: p = 6.5 mm

*It is obtained based on [68].

perfect estimation with zero error. The region above the solid line corresponds to conservative predictions, while the region below
indicates unconservative predictions. The dashed red lines represent the scatter bands at 3 and 1/3, following [66,67]. Based on the
definitions, a band at 3 represents the line where predictions are three times the experimental value, and a band at 1/3 means that the
lower scatter band is one-third of the experimental value. Before presenting the results for different materials, the mechanical
properties and other related information for each dataset are presented in Table 2.

5.1. Results for specimens made of steel

Table 3 presents the performance of several machine learning models (Gradient Boosting (GB), Random Forest (RF), Linear
Regression (LR), Multi-Layer Perceptron (MLP), Voting Regressor (VR)) for the three different measures (stress, strain, and energy)
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Table 3
Evaluation of ML Algorithms for fatigue lifetime prediction with different measures: results for steel specimens.
Model R? (enhanced) MSE (enhanced) Best R? R? (baseline) MSE (baseline) Best R?
(enhanced) (baseline)
Stress GB 0.90 9.2% + 09 0.95 0.45 6.50e + 10 0.97
RF 0.89 9.72e + 09 0.94 0.51 6.14e + 10 0.95
LR 0.75 2.24e + 10 0.85 —-0.26 1.37e + 11 0.78
MLP 0.86 1.22e + 10 0.95 0.34 8.0le + 10 0.94
VR 0.89 1.0le + 10 0.94 0.47 6.72e + 10 0.93
Strain GB 0.89 8.16e + 09 0.95 0.41 6.65e + 10 0.96
RF 0.89 8.46e + 09 0.95 0.50 5.94e + 10 0.94
LR 0.73 2.11e + 10 0.86 —0.27 1.37e + 11 0.78
MLP 0.85 1.20e + 10 0.96 0.34 8.20e + 10 0.89
VR 0.88 9.02e + 09 0.94 0.47 6.56e + 10 0.90
Energy GB 0.89 6.80e + 09 0.95 0.31 7.56e + 10 0.97
RF 0.89 7.02e + 09 0.96 0.36 7.53e + 10 0.96
LR 0.68 2.08e + 10 0.79 —-0.53 1.51e + 11 0.63
MLP 0.83 1.09e + 10 0.95 0.20 9.13e + 10 0.85
VR 0.87 8.13e + 09 0.94 0.32 7.95e + 10 0.93

based on different metrics. The aim is to foster a comprehensive understanding of how different algorithms perform under varying
conditions, thereby providing insights into which algorithm and measure pair exhibits the best performance in terms of predictability
and precision. It is expected that this detailed presentation of results will contribute significantly to the ongoing discourse in fatigue
lifetime prediction using machine learning methods.

Based on Table 3, in examining the stress measure, GB excels on the enhanced dataset with the highest R? score (0.90), which
represents a high degree of correlation between predicted and actual values. This model also produces the lowest MSE (9.29e + 09),
implying fewer prediction errors, and achieves the best R? score (0.95). Nevertheless, for the baseline dataset, RF outperforms the other
models with the highest R? score (0.51) and the smallest MSE (6.14e + 10). For the strain measure, both GB and RF models perform
exceptionally well on the enhanced dataset with identical R? scores (0.89). On the baseline dataset, RF again performs best, with the
highest R? score (0.50) and the smallest MSE (5.94e + 10). Notably, GB also produces the smallest MSE (8.16e + 09) and best R? score
(0.95) on the enhanced dataset, reinforcing its robustness across different measures. When evaluating the energy measure, GB and RF
models continue to dominate. Both models generate the highest R? scores (0.89) on the enhanced dataset, while RF, once again, takes
the lead on the baseline dataset with the highest R? score (0.36) and smallest MSE (7.53e + 10). The GB model, consistent with the
previous measures, delivers the lowest MSE (6.80e + 09) and highest Best R? score (0.95) for the enhanced dataset.

The LR model consistently underperforms across all measures and datasets, suggesting it may not be suitable for this specific task
due to its simplicity, as it assumes a linear relationship between input features. In contrast, the GB and RF models, which are known for
their ability to handle non-linearity in data, excel in this task. The MLP and VR models deliver moderate performance, with R? scores
that are consistently lower than those of GB and RF, but higher than LR. This suggests these models’ performances fall in between,
implying they might benefit from further tuning or the addition of more relevant features.

After evaluating the performance of models using R? and MSE scores, RF is utilized to illustrate estimations for unseen data. In this
context, a random selection of 10 % of the data is made to represent the unseen portion. Fig. 4 illustrates the models’ predictions for the
dataset related to steel.

Fig. 4 supports the findings presented in Table 3. It confirms that, for the enhanced data, energy is identified as the most effective
measure. Conversely, for the baseline data, strain (followed closely by stress) emerges as the preferred measure. It is worth noting that,
despite variations in notch geometries, loading conditions, and specimen thicknesses, all measures consistently yield promising results
for predicting fatigue lifetime. In Section 5.5.4, a comprehensive discussion will be provided to explain why the enhanced data exhibits
higher accuracy compared to the baseline data.

5.2. Results for specimens made of PLA

Regarding the dataset related to PLA specimens, Table 4 provides a thorough comparison of R? and MSE scores for different
measures and algorithms for the analysis of PLA data. By presenting the comprehensive set of performance metrics, Table 4 facilitates a
deeper comprehension of the respective strengths and weaknesses of each model within the specified measures.

Examining the stress measure, RF outperforms other models on the enhanced dataset with the highest R? score (0.87), and the
lowest MSE (3.60e + 10). Interestingly, both GB and RF achieve the same Best R? score (0.97). On the baseline dataset, RF performs
well again with the highest R? score (0.61) and the smallest MSE (8.13e + 10). GB, however, reaches the maximum Best R? score of
1.00. Moving on to the strain measure, RF consistently delivers excellent results. It leads on the enhanced dataset with an R? score of
0.88 and the smallest MSE (3.19¢ + 10). For the baseline dataset, RF also exhibits superior performance with the highest R? score
(0.59) and the smallest MSE (8.39e + 10). Both GB and RF achieve nearly perfect Best R? scores on both datasets, marking them as
standout performers. When it comes to energy as a measure, RF comes out on top for the enhanced dataset with the highest R? score
(0.82) and the lowest MSE (5.18e + 10).

On the baseline dataset, VR achieves the highest R? score (0.50), while RF retains the smallest MSE (9.90e + 10). The GB model, on
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Table 4
Evaluation of ML Algorithms for fatigue lifetime prediction with different measures: results for PLA specimens.
Model R? (enhanced) MSE (enhanced) Best R? R? (baseline) MSE (baseline) Best R?
(enhanced) (baseline)
Stress GB 0.86 4.08e + 10 0.97 0.57 8.78e + 10 1.00
RF 0.87 3.60e + 10 0.97 0.61 8.13e + 10 0.97
LR 0.42 1.65e + 11 0.59 -0.05 1.57e + 11 0.71
MLP 0.82 5.21e + 10 0.97 0.45 9.66e + 10 0.92
VR 0.84 4.77e + 10 0.96 0.58 8.29% + 10 0.94
Strain GB 0.86 3.83e + 10 0.98 0.53 9.36e + 10 1.00
RF 0.88 3.19¢ + 10 0.98 0.59 8.3% + 10 0.99
LR 0.42 1.5% + 11 0.58 —0.05 1.57e + 11 0.71
MLP 0.82 5.00e + 10 0.97 0.48 9.36e + 10 0.93
VR 0.84 4.41e + 10 0.94 0.57 8.40e + 10 0.92
Energy GB 0.78 6.20e + 10 0.97 0.38 1.10e + 11 0.99
RF 0.82 5.18e + 10 0.96 0.48 9.90e + 10 0.98
LR 0.40 1.62e + 11 0.60 -0.05 1.57e + 11 0.71
MLP 0.78 6.19% + 10 0.95 -1.30 3.19e + 11 0.86
VR 0.80 5.97e + 10 0.94 0.50 9.33e + 10 0.91

the other hand, reaches the highest Best R? score for both datasets, reiterating its capability to achieve flawless predictions under
certain conditions. The LR model shows a consistent underperformance for all measures and datasets, which indicates a possible
inability to capture complex relationships in the data. Conversely, GB and RF models, known for handling non-linear data patterns
effectively, prove their worth in this context. The MLP and VR models demonstrate average performance, with R? scores and MSEs
generally lower than GB and RF, but higher than LR. This might indicate that these models might have room for optimization or might
perform better with additional or different input features.

Fig. 5 visually demonstrates the results obtained from the analysis of both the enhanced and baseline data using the RF algorithm,
for different measures of stress, strain, and energy for the dataset relating to PLA specimens.

Referring to Fig. 5, it can be difficult to determine which measure is best since the predictions based on stress and strain are similar.
Nevertheless, for all measures, most of the data falls within the scatter band of 3 and 1/3. This indicates the robustness and validity of
our models for different notch geometries and a wide range of fatigue lives. Overall, the outcome of this analysis is particularly
encouraging as it underscores the models’ ability to manage the high variance inherent in the baseline data, even when the effect of the
manufacturing angle is not considered. These findings demonstrate the potential and versatility of the framework in estimating fatigue
lives.

5.3. Results for specimens made of laminated composites

Here, a comprehensive evaluation of multiple predictive algorithms for various measures is provided, each applied to a dataset
pertaining to composite materials. Table 5 exhibits the R? and MSE scores attained by each model for the different measures and across
both the enhanced and baseline datasets. Through this comprehensive examination, the potential strengths and limitations of each
algorithm when dealing with advanced composite materials under fatigue loading are demonstrated.

Looking at the stress measure, both GB and RF models exhibit superior performance on the enhanced dataset, achieving an identical
R? score of 0.93, with RF registering a slightly lower MSE (2.35e + 09). Moreover, both models attain an identical high Best R? score of
0.98. As for the baseline dataset, RF once again outshines the other models with an R? score of 0.27 and the smallest MSE (2.12e + 10).

Table 5
Evaluation of ML Algorithms for fatigue lifetime prediction with different measures: results for laminated composites specimens.
Model R? (enhanced) MSE (enhanced) Best R? R? (baseline) MSE (baseline) Best R>
(enhanced) (baseline)
Stress GB 0.93 2.51e + 09 0.98 0.03 2.68e + 10 0.98
RF 0.93 2.35e + 09 0.98 0.27 2.12e + 10 0.99
LR 0.72 9.84e + 09 0.84 —92.24 2.53e + 11 0.96
MLP 0.84 5.95e + 09 0.98 -0.91 3.53e + 10 0.99
VR 0.92 3.0le + 09 0.97 —9.96 4.77e + 10 0.99
Strain GB 0.90 3.27e + 09 0.97 0.21 2.15e + 10 0.99
RF 0.91 2.96e + 09 0.98 0.35 2.03e + 10 1.00
LR 0.73 9.17e + 09 0.85 —92.24 2.53e + 11 0.96
MLP 0.81 6.46e + 09 0.97 —0.31 3.10e + 10 0.96
VR 0.90 3.43e + 09 0.96 —10.22 4.63e + 10 0.99
Energy GB 0.92 2.37e + 09 0.98 —0.45 3.14e + 10 0.97
RF 0.93 2.11e + 09 0.98 —-0.91 2.97e + 10 0.97
LR 0.74 8.19¢ + 09 0.87 —92.24 2.53e + 11 0.96
MLP 0.67 1.07e + 10 0.94 —-2.33 4.04e + 10 0.98
VR 0.92 2.55e + 09 0.98 —11.42 5.40e + 10 0.99
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RF also achieves the highest Best R? score (0.99) on the baseline dataset. Moving to the strain measure, RF maintains its strong
performance. It outperforms the other models on the enhanced dataset with an R?score of 0.91 and the smallest MSE (2.96¢ + 09). The
GB and RF models both achieve nearly perfect Best R? scores, highlighting their superior predictive power. On the baseline dataset, RF
once again leads with the highest R? score (0.35), the lowest MSE (2.03e + 10), and an ideal Best R? score of 1.00. In the case of the
energy measure, RF again delivers the highest R? score (0.93) and lowest MSE (2.11e + 09) for the enhanced dataset, showing its
consistent performance across different measures. On the baseline dataset, however, none of the models achieve a positive R? score,
pointing to a potential difficulty in modeling the baseline energy measure accurately.

Overall, LR shows the poorest performance across all measures and datasets, having the lowest R? scores and highest MSEs.
Conversely, the GB and RF models showcase their robust performance, especially RF, which leads in many categories. The MLP and VR
models fall in between, not quite reaching the performance of the GB and RF models, but surpassing LR.

In order to further examine the models’ performance, the next step involves estimating RF performance on a randomly selected 10
% of the data, which was considered as unseen data, across different measures for both the enhanced and baseline datasets. The
predictions of these models for the dataset associated with long carbon fiber composite materials are presented in Fig. 6.

Observing Fig. 6, it becomes evident that for the unseen data, all of the measures deliver exceptional performance when applied to
the enhanced dataset. All predictions fall within the scatter band of 3 and 1/3, indicating a high level of accuracy. However, the
accuracy of predictions for the baseline dataset seems to falter, a conclusion that aligns with the results presented in Table 5. This
discrepancy could be attributed to the small size of the dataset, which contains a total of just 33 data points. Furthermore, there are
only four geometries in this dataset. Despite this, given the inherent high scatter observed in the analysis of composite materials, the
obtained results can still be deemed satisfactory.

After a comprehensive examination of the provided tables, several salient points and patterns emerge that warrant discussion.

D) It is evident that the ensemble models, GB and RF, consistently outperform the other models across all three materials. This
upholds the principle of ensemble learning, which leverages the collective knowledge of numerous 'weak’ learners to generate robust
and reliable predictions.

II) There is a noticeable underperformance of the LR model compared to its counterparts. The complexities and potential non-linear
patterns inherent in data may be a significant challenge for this model, leading to its diminished performance. This observation un-
derscores the need for employing more sophisticated models capable of handling the inherent intricacies of such data.

III) An interesting trend is the performance improvement all models exhibit when applied to the enhanced dataset compared to the
baseline dataset. This aligns with a common machine learning principle that a larger volume of high-quality data often leads to
enhanced predictive accuracy. This observation may also suggest that the enhanced data could be inherently superior in quality (this
behavior will be further discussed in detail later in this section).

IV) The performance of the MLP and VR models varies across different scenarios. While they perform reasonably well in certain
instances, they fall short in comparison to the ensemble methods. This inconsistency necessitates a more detailed investigation to
pinpoint the conditions favorable for these models.

V) A notable pattern is the overall models’ superior performance when utilizing stress as the measure, as opposed to strain or
energy, across all three materials. This may indicate that the factors influencing stress are less complex or more linearly configured,
thereby aligning favorably with the mathematical formulations used by these models. Additionally, the inherent structure of the stress-
life diagrams used as inputs for the framework for all the measures may contribute to this trend.

It is worth mentioning that based on [69], that stress-based approaches generally outperform energy-based ones, particularly under
uniaxial loading conditions, although this superiority may not hold under multiaxial loading, as discussed in [70]. Note that, as
mentioned in [71], it is hard to determine which component serves best in all cases, since it may depend on the material or loading
conditions. For instance, considering the strain-controlled nature of fracture initiation in bone [72], criteria of this type are expected to
yield better results for failure prediction in such materials. Furthermore, the enduring significance of stress-based fatigue analyses, as
underscored in Shigley’s Mechanical Engineering Design [73], reinforces the widespread adoption of stress as the optimal mechanical
response parameter for estimating fatigue lifetime across diverse materials. This observation aligns with our findings across various
materials, highlighting stress’s paramount importance in fatigue analysis.

The results presented in this section demonstrated the effectiveness of employing models with their default settings. This approach
offers several benefits, including establishing a baseline for performance, ensuring reproducibility, simplifying the analysis process,
laying a foundation for more detailed studies, and facilitating benchmarking and comparative analyses.

5.4. Comparing the results of proposed framework with those of TCD

To gain a deeper understanding of the model’s performance, it is essential to compare it with other existing methodologies. For this
comparison, a well-established model grounded in fracture mechanics called the Theory of Critical Distances (TCD) [39,40] is utilized.
The TCD employs stress distribution to predict the lifetime of notched components. It utilizes stress-life data from both plain and
cracked (notched) specimens to calibrate the inputs of the models and predict the fatigue lifetime of notched components. For brevity,
only the last dataset (composite materials) is used, and the results of the TCD and the proposed framework, considering only the RF
algorithm with stress as the measure, are compared. For further information regarding implementation of TCD for calculating fatigue
lifetime of notched components in laminate composites, the reader is referred to [47]. It is worth noting that the comparison of results
aims to provide a clearer perspective on the performance of various approaches to complex problems, such as the fatigue life analysis of
notched components with different shapes, rather than to demonstrate the superior accuracy of the proposed framework.

In most real-world situations, predicting the lifetime of an unseen notch geometry becomes necessary. The dataset related to
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Fig. 7. Prediction of fatigue lifetime for notched components in composite materials based on: a) the proposed framework utilizing the RF algo-
rithm, and b) TCD.

composite materials comprises two distinct notched specimens, as well as plain and cracked specimens. For input characterization,
TCD requires stress-life data from plain and cracked specimens. However, in order to increase the number of data for employing RF for
predictions, the data related to one notch geometry was designated as unseen data, while the other notch geometry, along with plain
and cracked specimens, was employed to train the model. This resulted in the code being executed twice, once for each notch ge-
ometry. The model was trained on the remaining portion of the data, augmented with enhanced data (100 data points for each type,
except for the one being predicted). Fig. 7 displays the results of both models for these two notched geometries, along with their
corresponding MSE values.

The comparative analysis presented in Fig. 7 showcases the superior predictive performance of the proposed framework, by
employing the RF algorithm, as compared to the TCD. This advantage is underscored by a significant reduction in the Mean Squared
Error (MSE) values for the proposed model (2.47e + 10) as opposed to the TCD model (1.96e + 11). Additionally, RF predictions
exhibit a more balanced distribution around the solid line, representative of perfect predictions, thereby demonstrating the proposed
model’s proficiency in predicting the fatigue lifetime of notched components in composite materials. On the other hand, the TCD
model’s predictions tend to deviate below this line, landing in the unconservative region, thus suggesting a potential overestimation of
fatigue life and risking unexpected component failure.

5.5. Examination of key influential parameters

After demonstrating the effectiveness of the framework, it is necessary to study the influence of several key parameters, including
the effect of density and number of data points, as well as path length. For this purpose, the data related to the composite materials are
utilized, following the section on the real-world case study (using the Random Forest model and stress as the measure). It is worthwhile
to emphasize that for the sake of simplicity and brevity, the composite data are chosen as they represent the latest set of data and
exhibit the most complex material behavior. On the other hand, they serve merely as a representative example for analyzing the
model’s behavior with respect to different factors, and using another set of experimental data would result in similar conclusions.
Furthermore, for the sake of better comparison, only the results related to the notch geometry with D=4.2 mm are presented. Note that
in each subsection, only one parameter of interest is altered while the remaining parameters are kept consistent with those in the other
analyses.

5.5.1. Effect of density of data

Four different types of data selection, each having the same total number of points from the stress distribution, are considered to
analyze the effect of data density. Note that here, higher data density refers to a higher number of data points close to the notch tip. In
Fig. 8a, the stress distribution is shown as a solid black line, with different markers representing varying densities. From Type I to Type
IV, the number of points in closer proximity to the notch tip increases to better capture the stress concentration, keeping the total
number of points constant. In Type I, 10 points were chosen at equal distances.
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Fig. 8. a) Visualization of the stress distribution along with four different data densities. The solid black line represents the stress distribution, with

varying data selection types represented by different points along the line. b) results for type I, ¢) results for type II, d) results for type III, and e)
results for type IV.

From the analysis presented in Fig. 8, it is clear that the model’s performance remains remarkably consistent despite variations in
density of data. This illustrates the robustness of the model and underscores its stability and reliability. Regardless of the alteration in
data density close to the notch tip—a transition from Type I to Type [IV—the model effectively preserves its predictive power, offering
accurate estimates of fatigue lives. As mentioned in Section 4, our analyses employed a density similar to Type IIL

5.5.2. Effect of number of data points

The quantity of data points representing stress, strain, or energy distributions is also optional. As previously stated, 10 data points
were considered for each case in the analyses. However, Fig. 9 depicts the impact of varying the quantity of data points on the pre-
dictive capability of the framework. It is noteworthy that, in all cases (except panel a) with one data point), the first and last data points
of the path along the notch bisector line are used as inputs, and the number of points in between is different. As in the literature the
peak stress at the notch tip is frequently used to estimate the fatigue life, panel a) represents this case.

With the exception of cases a) and b), the model’s performance appears to remain largely stable, regardless of the number of data
points, suggesting its effective capacity to capture and interpret essential data patterns. This characteristic not only confirms the
model’s reliability but also underlines its flexibility. Conversely, a comparison between cases a) and b) with the other scenarios un-
derscores the importance of considering some intermediate data points between the first and last ones to better reflect the profile of the
field in the analysis. It is important to emphasize that this section underscores the effectiveness of the proposed method’s concept,
particularly when compared to existing methods in the literature that typically rely on using only one data point, usually located at the
tip.

5.5.3. Effect of path length

The selection of input data also involves determining the distance from the notch tip from which data should be selected. This
decision inherently influences both the representation of the stress distribution and the consequent performance of the model. To
meticulously investigate this parameter, data were collected from three distinct distances from the notch tip: 5 mm, 7.5 mm, and 10
mm. The outcomes of these considerations are depicted in Fig. 9.
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Fig. 9. Performance analysis of the model for different number of data points: a) one, b) two, c) five, d) ten, e) fifteen, and f) twenty.

Fig. 10 offers an enlightening representation of the model’s performance in relation to variations in the path length from the notch
tip. As can be inferred from the figure, there is a positive correlation between an increase in path length and an enhancement in model
performance. This trend can be scientifically rationalized. In the context of stress distribution, when the path length is sufficiently long,
it allows the stress distribution to converge towards a fixed value which is for example the applied stress amplitude for sufficiently
large ligament. This convergence is vital because it enables the model to capture the transition from the localized stress concentration
around the notch to the global stress state. It provides a comprehensive view of the stress scenario, encompassing both the localized
stress near the notch tip and the uniform stress distribution at a distance from it. This broad perspective enhances the model’s pre-
dictive capability, facilitating a more comprehensive view of behavior under various loading conditions, thereby improving its

performance.

5.5.4. Effect of number of generated data
This segment investigates how the quantity of data points in the enhanced dataset affects the model’s performance. Similar to

previous scenarios, the results pertain to the composite material, however, the unseen data were chosen randomly. The other pa-
rameters remain consistent with the primary analyses throughout the paper. Six different cases are considered, with the number of data
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Fig. 10. Performance analysis of the model for different distances from the notch tip (path lengths): a) 5 mm, b) 7.5 mm, c¢) 10 mm.
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Fig. 11. Performance analysis of the model for different quantities of data points in the enhanced dataset: a) none, b) 20, ¢) 50, d) 100, e) 200, and
f) 500.

points increased from the original dataset to 500 for each specimen. The outcomes of this study are displayed in Fig. 11.

The figure demonstrates a significant increase in the model’s accuracy as data points are augmented, despite considerable noise in
the generation of new data. This enhancement in performance of the proposed machine learning framework with increasing the
number of data points in the enhanced datasets can be attributed to several factors:

1. Expansion of training examples: Machine learning algorithms, such as Random Forests, typically exhibit superior performance
when provided with a larger number of examples to learn from. In the context of a dataset with limited size, the model may suffer
from a shortage of sufficient information to decipher the governing patterns within the problem.

2. Reduction of overfitting: Properly increasing the quantity of data can bolster the model’s robustness by mitigating overfitting.
Overfitting refers to a scenario where the model excessively adapts to the noise in the training data (considering the high scatter in
fatigue data), leading to suboptimal performance on new, unseen data. The inclusion of additional data (and consequently, more
noise) in the dataset strengthens the model’s resistance to noise, thereby reducing the likelihood of overfitting.

3. Bias-Variance trade-off: This principle states that an increase in bias leads to a decrease in variance, and vice-versa. By generating
more data, we have subtly increased the model’s bias, making it more generalized. At the same time, this decrease in variance
lowers the model’s susceptibility to overfitting and enhances its performance on unseen data.

5.5.5. Effect of noise factor of generated data

The response of the model effectiveness to the noise factor is explored in this section. The analysis is run again with the data points
of the enhanced dataset. As in the previous examples, the discussion centers on composite materials, and other variables are in line
with the main analysis throughout the manuscript. Three scenarios are considered; noise factor from —0.1 to 0.1 in scenario a), —0.3 to
0.3 in scenario b) which is similar to prior cases, and —0.5 to 0.5 in scenario c¢). The results of this analysis are shown in Fig. 12.

The analysis presented in Fig. 12 highlights the model’s consistent and reliable performance across various noise levels in the
enhanced dataset, underscoring its robustness and stability. This characteristic is particularly valuable, given that fatigue testing in
experimental settings often exhibits significant variability. The framework’s ability to maintain accurate predictions despite the
presence of a high noise factor like 0.5 in the data is a testament to its effectiveness in dealing with real-world challenges, making it a
reliable tool for interpreting experimental fatigue tests with high levels of scatter.

It should be noted that the employed machine learning algorithms are generally more robust to noise than others. Ensemble ap-
proaches like Gradient Boosting and Random Forest reduce error by aggregating several models. Despite being sensitive to outliers,
Linear Regression concentrates on average trends, making it less sensitive to random noise. The MLP Regressors have good gener-
alization abilities (if properly regularized), allowing them to effectively filter out noise. Finally, the Voting Regressor, which uses
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Fig. 12. Performance analysis of the model for different noise factors in the enhanced dataset: a) —0.1 to 0.1, b) —0.3 to 0.3, ¢) —0.5 to 0.5.

diverse types of models, is also more resistant to noise because the noise resistance of some models offsets the error of others. The
degree of robustness of these models depends on the type of noise, its amount, the complexity of the model, and how it is configured
during training, among other factors.

After illustrating the high performance of the model across three representative datasets, notably, involving different materials, and
comparing these results with other approaches, it has been demonstrated that the model exhibits strong performance in terms of
stability and reliability under various parameter selections. This behavior suggests that the proposed framework provides a robust
basis for studying fatigue analysis of notched components. However, it is worthwhile to note that this manuscript was limited to
uniaxial loading conditions within the high-cycle fatigue regime. To maintain brevity, the results for three different cases were shown,
and further analysis might be needed for a more in-depth conclusion. However, it should be noted that the experimental data on the
fatigue of notched components with different geometries in the finite life region are limited. Despite this, the framework’s high-
accuracy predictions for the samples tested highlight its significant potential.

This research establishes a foundation for future studies aimed at exploring alternative machine learning algorithms and optimi-
zation techniques, as well as the tuning of hyperparameters, with the objective of further enhancing the performance of the fatigue life
prediction framework. From a mechanical standpoint, a potential improvement could be achieved by extending the model to account
for multi-axial and variable loading conditions, broadening its scope and applicability.

6. Conclusions

A robust framework based on machine learning algorithms was proposed to estimate the finite fatigue life of notched components
under uniaxial loading conditions. The novelty of the framework lies in its ability to distinguish different notch geometries by
employing the profile of mechanical response parameters, such as the stress field, strain field, and energy release rate, as measures. In
other words, based on the mechanical response fields that are unique for each notched sample, the ML models are trained to estimate
the notch effect on fatigue life. Three distinct datasets were used for validation, covering a wide range of materials, such as steel, PLA,
and carbon fiber composites, and notch geometries under different uniaxial loading conditions. The following conclusions can be
drawn:

I. All measures utilized in the framework contribute to a reasonably accurate estimation of fatigue lifetime; however, the stress
measure proved to be the most effective.

II. The study highlighted the effectiveness of machine learning models within the framework, specifically Gradient Boosting and
Random Forest. Furthermore, a comparison with the TCD model highlighted the superior predictive performance of the pro-
posed framework.

III. The impact of some parameters on the performance of the framework was carefully analyzed, providing valuable insights into
its robustness and stability under various conditions. The framework consistently maintained its predictive accuracy, regardless
of changes in data density or noise factors, and converged quickly as the number of total data points representing the field
distributions increased. However, it was demonstrated that the path length of the field distribution needs to be sufficiently long
to capture both local and nonlocal features.

IV. It was observed that enhancing the number of data points, in accordance with the Basquin equation (with some added noise),
improves the framework’s performance by possibly providing more training examples, reducing overfitting, and facilitating a
better bias-variance trade-off.
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