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ABSTRACT

Accurate’prediction of fatigue life in materials is a fundamental challenge in mechanical design since it strongly
affects the safety, reliability, ‘and maintenance cost of engineering structures. Traditional empirical and analytical
fatigue models, while widely/ applied, often fail to capture nonlinear and multiaxial effects arising under variable
loading conditions. In this study, a hybrid deep-learning architecture is developed that integrates three complementary
components: a fully connected (FC) network for static material features, a bidirectional long short-term memory
(Bi-LSTM) network for sequential loading path, and a transformer encoder for multi-path feature fusion and high-level
relational learning. Experimental stress—strain data were normalized and divided into training and testing sets, and the
model was optimized using the Adamalgorithm with a learning rate of 5x107* for 2000 epochs. Quantitative evaluation
demonstrates that the proposed FC-Bidirectional,LSTM-Transformer model achieves superior accuracy compared with
five baseline networks, with MSE.=0.335, MAE=0.1385, and R*=0.9470. Physically, the model captures complex
fatigue responses without empirical<’hypotheses, enabling data-driven representation of material behavior. The
developed framework provides a reliable computational tool for fatigue life estimation and can be extended to complex
materials and multiaxial loading conditions in‘aerospace and automotive applications.
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1. Introduction

Fatigue failure is one of the primary causes of
structural damage in mechanical and industrial
components subjected to cyclic loading[1]. Micro-crack
initiation and propagation under repeated stresses
eventually lead to catastrophic fracture, often without
significant™prior. deformation. Accurate fatigue life
prediction plays a\critical role in ensuring structural
safety, optimizing maintenance schedules, and reducing
unexpected failures in, aerospace, automotive, and
energy industries[2].

Traditional\fatigue prediction methods, including S—
N curves and empirical energy-based formulations,
require extensive experimental campaigns and often
struggle to capture nonlinear .interactions between
material properties and complex multiaxial loading
paths[3]. With the rapid® development of artificial
intelligence, deep learning technigues have emerged as
promising alternatives  for< modeling _nonlinear
systems[4].

Most previous studies have relied on feedforward
neural networks or convolutional architectures; which
primarily process static features and are not inherently
designed to capture temporal dependencies in sequential
loading data[5]. Recurrent neural networks, particularly,
long short-term memory models, are capable of
modeling long-term dependencies in time series;
however, they may not effectively integrate static
material characteristics. Consequently, there remains a
gap in developing unified models capable of
simultaneously learning static mechanical features and
dynamic loading sequences|[6].

To address this challenge, the present study
proposes a hybrid deep learning architecture combining
fully connected layers, a bidirectional long short-term
memory network, and a Transformer encoder. The
objective is to construct a unified data-driven
framework capable of learning complex nonlinear
relationships between mechanical properties, multiaxial
loading paths, and fatigue life.

2. Methodology

The objective is to predict the fatigue life of metallic
specimens subjected to multiaxial stress—strain loading
histories. The dataset is extracted from the Metal
Multiaxial Fatigue Dataset and includes experimental
results for six metallic materials under 48 distinct
loading paths grouped into eight categories as shown in
Figure [7].
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Figure 1. Composition of metallic materials included in
the Multiaxial Fatigue Dataset.

Input features are divided into two main categories:

» Static material properties, including Young’s
modulus, yield strength, ultimate tensile strength, and
Poisson’s ratio.

» Temporal loading sequences, including axial strain
and shear strain histories recorded throughout the
loading cycles.[7].

The fatigue life, expressed as the number of cycles
to failure, is used as the regression target. The dataset is
normalized and randomly divided into training (80%)
and~testing (20%) subsets to evaluate generalization
capability.

As illustrated in Figure-2, the overall architecture of
the proposed hybrid deep learning model is designed to
effectively /integrate static material properties with
temporal loading information in order to enhance the
prediction‘capability of multiaxial fatigue life
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Figure 2. Schematic representation of the hybrid deep
learning model architecture, including the static feature
pathway, the loading time-series pathway, the fully



connected network, the bidirectional LSTM network, and
the Transformer encoder module for fatigue life
prediction.

The proposed framework consists of three main
components that work together to extract meaningful
representations from both static and sequential data. By
combining fully connected layers, a bidirectional long
short-termsmemery network, and a Transformer encoder
modulg, the modelis able to capture complex nonlinear
relationships between material properties, loading
histories, and fatigue life.

In the first stage, a fully connected subnetwork
processes the, static mechanical properties of the
material.ultilayer perceptron receives a
four-dimensional “input “wector “consisting of key
mechanical parameters such as Young’s modulus, yield
strength, ultimate tensile strength, and Poisson’s ratio.
This subnetwork includesstwo fully .connected layers
with nonlinear activation functionsgwhich transform the
input features into a latent representation that,reflects
the intrinsic mechanical characteristics of the material.

In the second stage, a bidirectional long short-term
memory (BIiLSTM) network is used“to model the
temporal behavior of the loading sequences. The
BiLSTM processes axial and shear strain histories
simultaneously in both forward and backward
directions, allowing the network to learn contextual
information from past and future states within the
loading cycle. This  bidirectional  processing
significantly improves the model’s ability to represent
path-dependent fatigue behavior and capture temporal
dependencies within multiaxial stress—strain histories.

Finally, the extracted representations are integrated
through a Transformer encoder module equipped with a
multi-head self-attention mechanism. This module
enables the model to dynamically assign importance to
different temporal segments of the loading sequence. As
a result, the network can effectively capture long-range
dependencies and complex correlations within the
stress—strain data that may not be easily learned by
recurrent structures alone.

After feature fusion, the combined representation is
passed through a final regression layer to estimate the
fatigue life of the material. In order to improve
generalization and prevent overfitting, regularization
techniques such as dropout and weight normalization
are applied during the training process.

The proposed model was trained for 2000 epochs using
the Adam optimization algorithm with a learning rate of

—4
5 X107 3nd a batch size of 128. The mean squared
error (MSE) was employed as the loss function during
the training process in order to minimize the

discrepancy between the predicted and actual fatigue
life values.

The predictive performance of the model was evaluated
using several commonly adopted regression metrics,
including mean squared error (MSE), mean absolute
error (MAE), root mean squared error (RMSE), and the

coefficient of determination (Rz). These metrics
provide complementary perspectives on the accuracy
and robustness of the proposed model in estimating
fatigue life.

As summarized in Table 1, the quantitative performance
results of the model in terms of MSE, MAE, RMSE,

R2
and “* are reported.

Table 1.Performance evaluation results of the proposed
FC-BIiLSTM-Transformer hybrid model on the test

dataset.
Metric Value
MAE 0.1385
MSE 0.0335
RMSE 0.1830
R® 0.9470

In addition, the main training and hyperparameter
settings used in the proposed architecture are presented
in Table 2.

Table 2.Final values of the training and hyperparameter
settings of the FC-BiLSTM-Transformer hybrid model
for'multiaxial fatigue life prediction.

Parameter Value/Name
Learning 4
Rate 5x10

Batch size 128
Training
epoch 2000
Optimizer Adam
Momentum B, =09
coefficients B, =0.999
Dropout 0.1
Actlva'Flon Relu
Function
Hidden 8
vector size
Number of 4

attention



heads

Encoder
feature 128
vector size

Results .and DiscussionAs shown in Table 3, the
proposed FC-BiLSTM-Transformer model
demonstrates a significant improvement in predictive
performance compared with the other models
considered in_this study. While the standalone models,
including the fully connected network (MLP),
unidirectional LSTM,.and bidirectional LSTM, exhibit
relatively higher prediction errorsand lower coefficients
of determination, the hybrid architectures provide
noticeably better results.

In particular, integrating the fully connected network
with the bidirectional LSTM substantially improves the
prediction accuracy, indicating the “importance of
combining static material features with temporal
loading information. Furthermore, thesincorporation of
the Transformer encoder in the proposed architecture
leads to an additional performance gain.

As a result, the FC-BIiLSTM-Transformer model
achieves the lowest error values and the highest
coefficient of determination among all evaluated
models, with MSE = 0.0335, MAE = 0.1385, and Rz =
0.9470. These results confirm that the proposed hybrid
architecture is more effective in capturing complex
nonlinear relationships between material properties,
loading sequences, and multiaxial fatigue life.

Table 3.Comparison of the performance of different
learning models, including the fully connected network
(MLP), unidirectional long short-term memory network
(LSTM), bidirectional long short-term memory network

(BILSTM), fully connected + bidirectional long sh

Bidirectional
LSTM +
Transformer

Model MSE MAE (R%)

Fully
Connected 0.5017 0.5564 0.2064
Network
Unidirectional
LSTM 0.3007 0.3703 0.5243
Network
Bidirectional
LSTM 0.3140 0.3692 0.5033
Network
Fully
Connected +
Bidirectional
LSTM
Fully
Connected +

0.0667 0.1723 0.8940

0.0335 0.1385 0.9470

The reduction in error confirms the effectiveness of
integrating static mechanical features with dynamic
loading information. Most predicted values fall within
acceptable engineering error bands when compared to
experimental fatigue life data.

Feature importance analysis indicates that Young’s
modulus has the most significant impact on prediction
accuracy, followed by yield strength and ultimate
tensile strength. This observation is consistent with
established fatigue mechanics principles, where material
stiffness and strength strongly influence crack initiation
and propagation behavior.

The Transformer encoder enhances performance by
capturing long-range temporal correlations beyond the
capacity of conventional recurrent structures. The
synergy among the three modules enables the network
to model complex nonlinear interactions without relying
on empirical fatigue formulas.

3. Conclusions

The proposed FC-BiLSTM-Transformer model
achieves a mean squared error of 0.0335 and a
coefficient of determination of 0.9470 on the test
dataset. Compared with standalone fully connected
networks, unidirectional long short-term memory
models, and hybrid fully connected-bidirectional long
short-term memory architectures, the proposed model
demonstrates/ significantly  improved  predictive
accuracy.

The reduction in_error confirms the effectiveness of
integrating  statics“mechanical features with dynamic
loading information. Most.predicted values fall within
acceptable engineering<error_bands when compared to
experimental fatigue'life data.

Feature importance analysis indicates that Young’s
modulus has the most significant impact,on prediction
accuracy, followed by yield strength and ultimate
tensile strength. This observation is consistent with
established fatigue mechanics principles,.where material
stiffness and strength strongly influence crack initiation
and propagation behavior.

The Transformer encoder enhances perfarmancerby
capturing long-range temporal correlations beyond the
capacity of conventional recurrent structures. The
synergy among the three modules enables the network
to model complex nonlinear interactions without relying
on empirical fatigue formulas.
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Fig 1.The composition of the metallic materials used in the multiaxial e database of metals.
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Table 1-lllustration of sampledatastructure for multiaxial loading in the multiaxial fatigue database of metals[12]
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Table 2.Mechanical characteristics of the material employed in the fatigue analysis samples[12].
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strain components, and the resulting strain-path curves[12].
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Fig 4. Schematic representation of the hybrid deep learning model architecture, including the static-feature pathway, the
loading time-series pathway, a fully connected network, a bidirectionaldong short-term memory (BiLSTM) network, and a
Transformer encoder module for fatigue life prediction.
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Fig 5. Internal structure of a long short-term memory (LSTM)ell, including the forget, input, and output gates, along with
the information flow betweensthe hiddensstate and the cell state.
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Fig 6. Schematic diagram of the bidirectional long short-term memory (BiLSTM) network used in the time-series pathway of
the model, illustrating the simultaneous processing of forward and backward sequences for extracting long-termtemporal
dependencies from multiaxial loading data.
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Table 3.Design specifications and configuration of the proposed hybrid submodels—fully connected network, long short-term
memory (LSTM), and Transformer—for multiaxial fatigue life prediction.
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Table 4. Final training parameters and hyperparameter settings of the proposed hybrid fully connected—LSTM-Transformer
model for multiaxial fatigue life prediction.
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Table 5. Evaluation metrics results of the hybrid fully'connected-LSTM-Transformer model on the test set.
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Fig 7.Plot of the training and testing.error variations of the proposed hybrid model over 2000 training epochs.
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Table 6.Comparison of the performance of different learning models—including fully connected networks (FCNs),
unidirectional LSTMs, bidirectional LSTMs (BiLSTMs), the hybrid FCN-BIiLSTM model, and the proposed FCN-LSTM-
Transformer architecture—based on three quantitative metrics: Mean Squared Error (MSE), Mean Absolute Error (MAE),
and the Coefficient of Determination
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Fig 8. Performance comparison of deepdearning models in predicting multiaxial fatigue life—including the fully connected

network , unidirectional LSTM, bidirectional LSTM (BiLSTM), the hybrid FCN-BiLSTM model, and the proposed FCN-

BiLSTM-Transformer model; the chart columns:fepresent Mean Squared Error (MSE), Mean Absolute Error (MAE), and
the Coefficient of Determination.
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Fig 9.Comparison of predicted fatigue life'values and experimental values for the training, testing, and combined datasets in
the proposed fully connected-LSTM-Transformer model.
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