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Abstract 
With the rapid development of additive manufacturing (AM) technology, its applications 
in aerospace, medical, and automotive industries are becoming increasingly widespread. 
This paper investigates the fatigue life prediction of additively manufactured metallic 
materials and proposes a parallel deep learning architecture combining Gated 
Recurrent Unit (GRU) and Transformer models, optimized using Hybrid Leader-Based 
Optimization (HLBO) to improve prediction accuracy. The model simultaneously 
processes the outputs of both GRU and Transformer models, leveraging their respective 
strengths to learn features from both local and global perspectives, thereby enhancing 
the accuracy of fatigue life prediction. The paper first reviews the theoretical 
background of GRU and Transformer, then presents the proposed parallel model 
architecture in detail. The core principles of the HLBO optimization algorithm are 
introduced, along with its application in hyperparameter optimization. Experimental 
results show that the proposed parallel deep learning model significantly outperforms 
traditional single deep learning models in terms of prediction accuracy and 
generalization ability. Furthermore, the performance of the HLBO optimization 
algorithm is evaluated using benchmark test functions such as the Ackley and 
Rosenbrock functions to validate its global and local search capabilities. Experimental 
results demonstrate that HLBO performs excellently in handling high-dimensional, 
multi-modal optimization problems and effectively enhances the prediction capability 
of the model. Finally, the model is trained and validated using the FatigueData-AM2022 
dataset. The results show that the proposed model exhibits strong adaptability and high 
precision in predicting the fatigue life of different additively manufactured metallic 
materials, providing an effective tool and method for the fatigue life assessment of 
additively manufactured components. 
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1. Introduction 

Additive manufacturing (AM) of metals has emerged as a significant manufacturing technology 
in recent years, attracting extensive attention and finding widespread applications in various 
industries. Compared with traditional subtractive manufacturing methods, AM builds 
components layer by layer, directly transforming digital models into physical parts without the 
need for cutting and machining processes required in conventional manufacturing. This 
approach provides greater manufacturing flexibility and design freedom. Due to its advantages, 
AM has demonstrated substantial potential and broad prospects in aerospace, medical, and 
automotive industries. Alloy materials used in additive manufacturing, such as Ti-6Al-4V, 316L, 
and IN718, have been widely applied in multiple fields due to their excellent properties and 
diverse application characteristics[1-5]. 
Fatigue failure is one of the primary failure mechanisms of metal components, commonly 
observed in aerospace, mechanical, and chemical engineering fields. Accurate fatigue life 
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prediction is a critical issue in metal fatigue research, holding great theoretical and practical 
significance in engineering and materials science. By conducting an in-depth investigation into 
the fatigue failure mechanisms of metals and integrating advanced life prediction methods, 
potential fatigue issues can be considered at the early design stage of metal components. This 
allows for optimized design strategies to extend the service life of critical parts. Furthermore, 
fatigue life prediction facilitates the early identification of fatigue defects in metallic structures, 
enabling the monitoring and assessment of fatigue-sensitive regions. This approach contributes 
to the early detection of potential fatigue-related issues, reducing maintenance costs and 
enhancing the reliability of metal components. 
Additively manufactured alloy components are also subject to fatigue failure risks. Therefore, 
this study focuses on predicting the fatigue life of additively manufactured alloy materials, 
aiming to provide an effective method for addressing this issue. 
This study introduces a parallel deep learning architecture combining Gated Recurrent Unit 
(GRU) and Transformer models, optimized via Hybrid Leader-Based Optimization (HLBO) to 
enhance prediction accuracy. Unlike traditional methods, this approach provides robust fatigue 
life predictions across diverse materials and loading conditions, offering theoretical and 
practical guidance for engineering design and lifecycle assessment. 

2. Theoretical Background 

This study introduces a parallel deep learning architecture combining the Gated Recurrent Unit 
(GRU) and Transformer models, optimized via Hybrid Leader-Based Optimization (HLBO) to 
enhance prediction accuracy. Unlike traditional methods, this approach provides robust fatigue 
life predictions across diverse materials and loading conditions, offering theoretical and 
practical guidance for engineering design and lifecycle assessment. 
To build the fatigue life prediction model for additively manufactured metals, the following 
theoretical foundations are considered: 

2.1. GRU 
The Gated Recurrent Unit (GRU), proposed by Cho et al. in 2014, is a variant of the Recurrent 
Neural Network (RNN) designed to address the gradient vanishing problem in traditional RNNs 
while reducing the computational complexity of Long Short-Term Memory (LSTM) networks. 
Unlike LSTM, which consists of three gates (forget gate, input gate, and output gate), GRU 
simplifies the gating mechanism by retaining only two gates: 
 Update Gate: Controls how much of the previous hidden state should be retained and how 

much should be updated with new information. 
 Reset Gate: Determines how much of the past hidden state should be forgotten. 
 

 
Figure 1. GRU Model Architecture Diagram 
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By eliminating the forget gate, GRU reduces the number of parameters, making it more 
computationally efficient and enabling faster convergence during training. The gating 
mechanism dynamically regulates information flow, allowing GRU to capture long-term 
dependencies in sequential data while maintaining a simpler architecture compared to LSTM. 
Due to its efficiency and strong sequential modeling capabilities, GRU has been widely applied 
in time-series prediction, natural language processing, and engineering applications, including 
fatigue life prediction of materials. 

2.2. Transformer 
The Transformer model, proposed by Google in 2017, was initially designed for natural 
language processing (NLP) tasks. Unlike traditional recurrent neural networks (RNNs) and long 
short-term memory (LSTM) networks, the Transformer model processes information based on 
the self-attention mechanism, which enables it to effectively capture long-range dependencies 
in sequential data while supporting parallel computation, significantly improving training 
efficiency. 
In recent years, the Transformer model has demonstrated superior performance not only in 
NLP but also in time series forecasting, computer vision, and material fatigue life prediction. 
Particularly in engineering applications, the fatigue life evolution of materials often involves 
multi-scale and multi-factor interactions. The Transformer model’s ability to capture feature 
dependencies on a global scale makes it an efficient deep learning solution for fatigue life 
prediction. 
The Transformer architecture follows an encoder-decoder structure, where its core concept 
revolves around using the self-attention mechanism to model the global dependencies in input 
sequences. Compared to traditional RNNs and convolutional neural networks (CNNs), the 
Transformer model, equipped with multi-head self-attention mechanisms, processes input data 
in parallel, effectively overcoming RNN’s vanishing gradient problem and CNN’s local receptive 
field limitations, making it more suitable for long-sequence modeling. 
The overall structure of the Transformer model is illustrated in Figure 2, which consists of the 
following key components: 
 Encoder: Responsible for extracting features from the input sequence. It employs layer 

normalization and residual connections to enhance training stability and prevent gradient 
vanishing. 

 Decoder: Generates the output sequence by leveraging the features extracted by the 
encoder. It uses an autoregressive mechanism to iteratively produce the predicted 
sequence. 

This encoder-decoder architecture enables the Transformer model to effectively process 
sequential data, capturing complex dependencies and improving prediction accuracy, making 
it particularly suitable for fatigue life prediction and other engineering applications. 
Both the encoder and decoder in the Transformer model consist of multiple sub-layers, with 
the most critical components being the multi-head self-attention layer and the feedforward 
neural network layer. Additionally, to enhance gradient flow and accelerate convergence, the 
Transformer model incorporates residual connections and layer normalization in each layer. 
Significance of Transformer in Fatigue Life Prediction 
In summary, the Transformer model primarily relies on the self-attention mechanism, enabling 
it to effectively model global dependencies. This capability is crucial for fatigue life prediction, 
as the fatigue behavior of materials and components is influenced by multiple environmental 
factors, which often exhibit complex interdependencies. 
The multi-head attention mechanism allows the model to focus on different aspects of the 
sequence data from multiple perspectives, providing a more comprehensive understanding of 
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the fatigue process. However, due to the scarcity of data in the field of fatigue life prediction, 
using a Transformer model alone may lead to overfitting, especially when the model complexity 
is high. To mitigate this risk, additional techniques such as data augmentation, regularization, 
and hybrid modeling approaches are necessary to improve the model's generalization ability in 
fatigue life prediction tasks. 
 

 
Figure 2. Schematic Diagram of Transformer Architecture Principle 

2.3. The Proposed Model 
To fully leverage the advantages of GRU and Transformer models and maximize the potential 
of the dataset, this study proposes an innovative parallel deep learning architecture that 
effectively combines these two models. The basic structure of the proposed model is illustrated 
in Figure 3. In this architecture, the input data from the dataset is simultaneously fed into both 
GRU and Transformer models, allowing them to perform feature extraction and prediction in 
parallel, thereby exploiting the unique strengths of each model. 
Although GRU is traditionally used for time-series data, its ability to capture local features and 
perform nonlinear transformations makes it suitable for this task as well. Within this 
framework, GRU effectively learns local dependencies and feature interactions, even when 
dealing with data without explicit temporal ordering. In contrast, Transformer does not rely on 
time sequence information. Instead, it employs a self-attention mechanism to capture global 
dependencies, making it particularly efficient in modeling complex relationships among 
features in datasets without time-series structures. 
By integrating GRU’s strength in learning local dependencies and Transformer’s ability to 
model global relationships, this parallel model architecture enhances the overall prediction 
accuracy and feature extraction capability, making it well-suited for fatigue life prediction tasks 
in complex datasets. 
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Figure 3. Schematic Diagram of Parallel Model Architecture 

 
After separately performing computations and generating outputs from the two models, their 
predicted results are subsequently fed into a Fully Connected Network (FCN) for further joint 
processing. In this step, the FCN fuses the outputs of the GRU and Transformer models to 
produce a comprehensive final prediction. Consequently, the outputs of the GRU and 
Transformer models do not exist as standalone results; rather, they are combined through the 
FCN to yield more precise and robust predictions. This enables the final decision-making 
process to incorporate the feature representations learned by both models and leverage their 
respective advantages. 
A key benefit of this parallel architecture lies in its ability to learn features from two different 
perspectives. The Gated Recurrent Unit (GRU) leverages its gating mechanisms to capture local 
dependencies and nonlinear relationships within the data, while the Transformer model 
efficiently learns global dependencies and complex interrelationships among features through 
its self-attention mechanism. By employing these two models in parallel, the network can 
simultaneously capture both local and global representations of the data, resulting in a more 
comprehensive understanding of multi-level features. 
In addition, this parallel structure fully exploits the strengths of GRU and Transformer in 
modeling different types of data. GRU is highly effective when dealing with data that exhibit 
local dependencies, whereas the Transformer, by virtue of its self-attention mechanism, excels 
at capturing intricate relationships among features. Combining these two modeling approaches 
helps mitigate the limitations of a single model, thereby enhancing predictive accuracy and 
generalization capability. 
In summary, this parallel deep learning architecture not only integrates the respective 
strengths of GRU and Transformer models but also facilitates the comprehensive exploration 
of data features. By effectively merging these two different types of networks, the model 
delivers a more holistic understanding and modeling of complex, non-temporal data. Such a 
network architecture provides a more effective and integrative approach to deep learning 
applications, improving model performance and offering new perspectives for addressing real-
world complex problems. 

2.4. Hybrid Leader-Based Optimization 
In deep learning–based data prediction tasks, setting appropriate model hyperparameters is a 
critical step[7,8]. However, manually selecting these hyperparameters is often both complex 
and time-consuming, since it requires the adjustment and optimization of multiple parameters. 
Each hyperparameter can significantly affect the model’s final performance, making the 
discovery of an optimal hyperparameter combination essential for enhancing prediction 
accuracy. By contrast, employing optimization algorithms to automatically tune and optimize 
model hyperparameters has emerged as a more efficient and commonly adopted approach. 
Such algorithms systematically explore various hyperparameter spaces, thereby helping 
models attain optimal predictive performance. A substantial body of research has 
demonstrated that optimization methods in hyperparameter tuning can effectively improve 
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model performance. Consequently, choosing a suitable optimization algorithm to perform 
hyperparameter optimization has become a vital strategy for boosting the predictive power of 
deep learning models. 
Hybrid Leader-Based Optimization (HLBO)[9] is a novel intelligent optimization algorithm 
rooted in the concept of hybrid leadership. Its primary objective is to enhance global search 
capability and convergence performance by introducing multiple leaders to guide the evolution 
of population members. Traditional population-based optimization algorithms (such as Genetic 
Algorithms (GA) and Particle Swarm Optimization (PSO)) often depend on a single leader (e.g., 
the global best solution or a particular individual within the population), which may cause the 
algorithm to converge prematurely to local optima and leave large regions of the search space 
underexplored—especially in high-dimensional, complex optimization problems. To overcome 
this limitation, HLBO adopts a hybrid leadership strategy that incorporates multiple sources of 
information. This approach diversifies the search process, reduces reliance on a single best 
solution, and improves both the exploration capability of the algorithm and its ability to escape 
local optima. 
HLBO establishes population evolution rules through a hybrid leader mechanism. Its 
optimization process consists of population initialization, individual quality evaluation, 
participation coefficient calculation, hybrid leader position calculation, individual updating, 
and fitness evaluation. Let the objective function of the optimization problem be: 
 

  1 2min ( ), [ , ,..., ] m
mX

f X X x x x                                                     (1) 

 
where X  is the decision variable vector, 
m  is the dimensionality of the variables, 

( )f X  is the objective function. 

During the initialization phase, the population P consists of N solutions iX : 

 

 1 2 1 2, ,..., , [ , ,..., ]N i i i imP X X X X x x x                                         (2) 

 

Each individual iX  is randomly initialized within the search space min max[ , ]X X . In the 

evolutionary process, the position of each individual is updated based on three factors: the 
current individual, the global best individual, and a randomly selected individual. This strategy 
ensures a balance between global exploration and local exploitation, enabling HLBO to more 
thoroughly explore the solution space and reducing the likelihood of convergence to local 
optima. To appropriately allocate the influence of these three components on individual 
updates, HLBO introduces a Participation Coefficient, which is calculated as follows. 
(1) Individual Mass Calculation 
HLBO employs the fitness value of each individual to gauge its mass. The mass qi of the i-th 
individual is computed as follows: 
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where  Fi denotes the objective function value of the i-th individual; worstF  is the objective 

function value of the worst-performing individual in the current population; N is the population 
size. 
By utilizing this formula, the mass of each individual is normalized to the range [0,1], allowing 
for a quantifiable measure of each individual’s contribution to the overall optimization 
direction. 
(2) Calculation of the Participation Coefficient 

Based on the computed individual mass iq , HLBO calculates three distinct members’ 

participation coefficients as follows: 
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where bestq  denotes the mass of the best-performing individual in the population, and kq  

denotes the mass of a randomly selected individual. 
(3) Hybrid Leader Mechanism 
By computing the aforementioned participation coefficients, HLBO employs the following 
formula to generate the position of the hybrid leader: 
 

 best besti i i k kHL PC X PC X PC X                                           (7) 

 

where iX  is the current individual (retaining the individual’s own information), bestX  is the 

global best individual (ensuring convergence toward the optimal solution), and kX  is a 
randomly selected individual (introducing population diversity and enhancing global 

exploration). Here, iHL  denotes the hybrid leader position for the i-th individual, and 

best, ,i kPC PC PC  are weighting parameters for the current individual, global best individual, and 

randomly selected individual, respectively, satisfying best 1i kPC PC PC   . These parameters 

dynamically adjust the influence each leader has on the individual’s update. 
(4) Individual Updating and Fitness Evaluation 
The formula for updating the position of each individual is as follows: 
   

 new ( )i i i iX X r HL X                                                            (8) 
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where r  is a random factor introduced to enhance search stochasticity, preventing the 
population from prematurely converging to a local optimum. After completing the position 

update, HLBO calculates the new fitness value new( )if X . The selection criterion for retaining the 

updated position is given by: 
  

 
new new,    if ( ) ( )

 ,      otherwise
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In other words, if the objective function value at the new position demonstrates an 
improvement, the new solution is adopted; otherwise, the original solution remains unchanged. 
 

Start HLBO 

1.  Input the information about the optimization problem. 
2.  Set parameters: N (population size) and T (maximum number of iterations). 
3.  Initialize positions of the HLBO population and evaluate the objective function. 
4.  For t = 1 to T: 
5.      For i = 1 to N: 
6.          Phase 1: Exploration 
7.              Compute the mass q_i of the candidate solution using Equation (6-15). 
8.              Calculate the participation coefficients PC_i, PC_k, and PC_best using Equations (6-16) 
– (6-18). 
9.              Generate the hybrid leader HL_i with Equation (6-19). 
10.             Determine the new position of the i-th member using Equation (6-20). 
11.             Update the i-th member using Equation (6-15). 
12.         Phase 2: Exploitation 
13.             Determine the new position of the i-th member using Equation (6-20). 
14.             Update the i-th member using Equation (6-15). 
15.      End For (i) 
16.     Update the best candidate solution found so far. 
17. End For (t) 
18. Output: The best candidate solution obtained via HLBO. 
End HLBO 

 
The HLBO optimization algorithm introduces the concept of hybrid leaders, which 
collaboratively update multiple members within the population, including the best member, 
worst member, and other relevant members. These members together form a hybrid leadership 
group, guiding the entire search process of the algorithm. The core mechanism of this approach 
is to prevent excessive dependence on any single member (such as the best or worst member) 
by leveraging multiple guiding members. This collaborative updating strategy enhances the 
algorithm’s flexibility and efficiency, enabling it to explore a broader search space more 
comprehensively.   
Compared to traditional population-based optimization algorithms, HLBO demonstrates a 
greater ability to escape local optima. Conventional algorithms often rely on a single leader, 
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which may cause premature convergence or restrict the search within a local optimal region. 
In contrast, HLBO adopts a diversified leadership strategy, significantly improving its global 
search capability. By incorporating multiple guiding members, HLBO enhances exploration 
efficiency and integrates information from multiple sources, making the search process more 
diverse. This approach effectively prevents the algorithm from getting trapped in local optima, 
ensuring that the global optimum can be successfully located.   
Thus, HLBO optimization not only improves optimization accuracy but also enhances its 
adaptability and robustness when dealing with complex problems. This is particularly 
beneficial for solving high-dimensional, multi-modal optimization problems with intricate 
structures, where HLBO exhibits significant advantages over conventional optimization 
methods. 

2.5. Performance Evaluation of the Optimization Algorithm 
When evaluating the performance of an optimization algorithm, it is essential to 
comprehensively consider its global search and local search capabilities. Global search ability 
refers to an algorithm’s capability to explore a wide search space and locate the global optimum, 
while local search ability measures how well an algorithm fine-tunes solutions within a local 
region to refine the optimal result. Different optimization algorithms exhibit varying levels of 
performance in these two aspects, making a comprehensive evaluation-particularly in terms of 
global and local search efficiency-critical for understanding their overall effectiveness. 
This section presents a brief evaluation of the HLBO algorithm’s global and local search 
capabilities to verify its performance in these aspects. To achieve this, optimization algorithms 
are typically assessed using CEC benchmark functions. The CEC 2019 function set is a 
standardized benchmark suite specifically designed to evaluate optimization algorithms, 
consisting of 23 standard test functions. These functions are widely utilized in optimization 
performance assessments because they cover various challenges, including multi-modal 
landscapes, nonlinearities, and high-dimensional search spaces, effectively reflecting an 
algorithm’s behavior under different conditions. 
In this study, two standard test functions from CEC 2019 were selected to assess the HLBO 
algorithm’s performance: 
(1) Rosenbrock Function – Evaluating global search capability 
 The Rosenbrock function is frequently used to assess an algorithm’s ability to perform 

global searches. 
 It features a narrow valley with a distant global minimum, requiring the optimization 

algorithm to efficiently navigate from distant points and converge toward the global 
optimum. 

 This function tests whether an algorithm can escape poor initial positions and effectively 
explore the broader search space before refining its solution. 

(2) Ackley Function – Evaluating local search capability 
 The Ackley function is commonly used to evaluate an algorithm’s ability to perform local 

searches. 
 It has multiple local minima, requiring the optimization algorithm to distinguish the global 

minimum from several misleading local minima. 
 This function assesses whether an algorithm can avoid premature convergence and 

successfully identify the best solution in a complex multi-modal landscape. 
The visual representations of these two functions are shown in Figure 4, providing an intuitive 
understanding of their structural characteristics and the challenges they pose to optimization 
algorithms. By testing the HLBO algorithm on these two benchmark functions, we can further 
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evaluate its global and local search performance, offering a more comprehensive understanding 
of its potential advantages in real-world applications. 
 

 
(a) Ackley Function Visualization 

 
(b)Rosenbrock Function Visualization 

Figure 4. Visualization of Two Benchmark Functions 
 
The Ackley function is a widely used multi-dimensional benchmark optimization function, 
commonly employed to test an optimization algorithm’s performance in handling multi-modal 
problems, particularly those with multiple local optima. The key characteristic of the Ackley 
function is that, although it has a single global optimum, there exist multiple local minima 
around this optimal point. This multi-peak structure poses a challenge for optimization 
algorithms: if they lack sufficient exploration capability, they may easily become trapped in a 
local optimum instead of reaching the global minimum. Therefore, evaluating an optimization 
algorithm’s performance on the Ackley function effectively assesses its global search capability, 
particularly its ability to avoid premature convergence to local optima. 
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On the other hand, the Rosenbrock function is a well-known benchmark function commonly 
used to evaluate an optimization algorithm’s local search capability. Its shape forms a narrow 
valley that contains complex local minima and exhibits the characteristic of sparse gradients. 
The global optimum of the Rosenbrock function is located within a narrow region, requiring an 
optimization algorithm to efficiently search along the valley floor to ensure convergence to the 
global minimum. If an algorithm lacks sufficient local search ability, it may fail to escape flat 
regions within the valley and become trapped in suboptimal solutions. Additionally, when 
optimizing the Rosenbrock function, an algorithm must overcome the challenge of vanishing 
gradients-as the optimization process enters regions with small gradient values, the algorithm 
must maintain a strong search direction to prevent stagnation. Consequently, the Rosenbrock 
function is widely used to test an optimization algorithm’s local search performance, 
particularly its ability to handle complex gradient landscapes and avoid suboptimal 
convergence. 
By evaluating the HLBO algorithm on both the Ackley and Rosenbrock functions, its global and 
local search capabilities can be comprehensively assessed. The iteration process of the selected 
test functions is presented in Figure 5, demonstrating the algorithm’s ability to navigate multi-
modal landscapes and efficiently converge to optimal solutions. 
 

 
(a)HLBO Optimization Function Iteration Process on Ackley Function 

 
(b)HLBO Optimization Function Iteration Process on Rosenbrock Function 

Figure 5. HLBO Optimization Iteration Process 
 
Based on the iteration process plots of the selected test functions, it can be observed that the 
HLBO optimization algorithm performs well in both global and local search. The algorithm 
effectively converges to the function’s minimum value during optimization, demonstrating its 
strong optimization capability. This ensures that HLBO can efficiently adjust hyperparameters 
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to enhance model performance. Therefore, HLBO not only meets the requirements for 
hyperparameter optimization but also maximizes prediction accuracy, making it a reliable 
approach for practical applications. 
Hyperparameter Optimization Using HLBO 
In this study, the HLBO algorithm is applied to optimize key hyperparameters in the model, 
focusing on the following five parameters: 
(1)Learning Rate  
 The learning rate determines the step size of each parameter update. 
 If the learning rate is too large, the model may fail to converge or even diverge. 
 If the learning rate is too small, training will be excessively slow, increasing computational 

resource consumption. 
 Proper adjustment of the learning rate ensures efficient convergence, accelerates training, 

and stabilizes the model near the optimal solution. 
(2)GRU Hidden State Dimension  
 The hidden state dimension defines the memory capacity of GRU units. 
 A small hidden state dimension may limit the model’s ability to capture long-term 

dependencies, leading to poor performance. 
 A large hidden state dimension increases computational complexity, training time, and 

storage demand. 
 The optimal hidden dimension should be chosen based on the dataset complexity and task 

requirements to ensure sufficient model representation. 
(3)Number of GRU Layers 
 Stacking more GRU layers enhances the model’s representation capacity, allowing it to 

learn more complex features from data. 
 However, adding more layers significantly increases computational cost and training time. 
 An excessive number of stacked layers may cause overfitting, especially in cases with 

limited data or simple tasks. 
 A balance between model complexity and computational efficiency must be maintained. 
(4)Number of Transformer Encoders and Decoders 
 The encoder and decoder count in the Transformer model plays a crucial role in 

determining model complexity and representational power. 
 Increasing these layers can enhance model performance, particularly when dealing with 

long sequences or complex features. 
 However, adding more layers leads to higher computational costs, longer training times, 

and potential inference delays. 
 The encoder-decoder structure should be fine-tuned based on task complexity and dataset 

size to achieve optimal performance-efficiency balance. 
Impact of HLBO Optimization 
By applying HLBO optimization to these key hyperparameters, the model structure and 
learning process can be finely adjusted, maximizing predictive performance and enhancing 
real-world applicability. Through comprehensive hyperparameter tuning, the proposed model 
achieves: 
 Improved adaptability to different datasets and tasks. 
 More accurate and reliable fatigue life predictions. 
 Optimized computational efficiency without unnecessary complexity. 
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Thus, HLBO ensures the best trade-off between model accuracy, generalization ability, and 
computational feasibility, making it a robust optimization strategy for fatigue life prediction in 
additively manufactured alloys. 

2.6. Prediction Performance Evaluation 
To evaluate the capability of the proposed model in fatigue life prediction and further validate 
its advantages, this study compares its predictive performance with six other machine learning 
(ML) models. The effectiveness of the models is assessed using four commonly used evaluation 
metrics: Mean Squared Error (MSE), Mean Absolute Error (MAE), Coefficient of Determination 
(R²), and Mean Absolute Percentage Error (MAPE). These evaluation metrics provide insights 
into model accuracy and reliability from different perspectives. 
(1)Mean Squared Error (MSE) measures the average squared difference between the predicted 
and actual values, emphasizing large errors due to its quadratic nature. A lower MSE value 
indicates better predictive accuracy. 
(2)Mean Absolute Error (MAE) represents the average absolute difference between predictions 
and actual values, providing an intuitive measure of prediction accuracy without emphasizing 
extreme values. 
(3)Coefficient of Determination (R²) quantifies how well the model explains the variance in the 
actual data. A value closer to 1 indicates that the model can effectively capture the underlying 
patterns in the data. 
(4)Mean Absolute Percentage Error (MAPE) evaluates the relative error in predictions, making 
it useful for assessing model performance across different scales. A lower MAPE value suggests 
higher prediction reliability. 
By using these four evaluation metrics, this study ensures a comprehensive assessment of the 
proposed model’s accuracy, robustness, and generalization ability, allowing for an objective 
comparison with traditional machine learning methods in fatigue life prediction tasks. 
When comparing predictive models using the four evaluation metrics (MSE, MAE, R², and 
MAPE), a single metric provides limited insight into overall model performance. Additionally, 
when evaluating different models, some may perform well on one metric but poorly on another, 
making direct comparisons difficult. 
To address this issue and provide a more comprehensive evaluation, this study introduces a 
new evaluation metric, which integrates all four performance indicators into a unified measure. 
The calculation formula for this new metric is given as follows: 
 

 
2R

new
MAE MSE MAPE


 

                                               (10) 

 
Among the four evaluation metrics, a higher R^2 value is preferred, indicating that the model 
better explains the variance in fatigue life. Conversely, lower values of MSE, MAE, and MAPE 
indicate better predictive accuracy, as they represent smaller prediction errors. Therefore, the 
new evaluation metric is designed such that a higher value indicates better overall model 
performance. 

3. Dataset for Fatigue Life Prediction of Additively Manufactured Alloys 

The construction of a fatigue dataset for additively manufactured alloys is crucial for predicting 
their fatigue life. However, publicly available datasets from authoritative research institutions 
remain limited, with constraints in material types and feature diversity, making them not 
universally applicable to all research scenarios. For instance: 
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 The Metallic Materials Properties Development and Standardization (MMPDS) handbook 
contains 213 S-N curve data for 62 metallic materials. 

 The National Institute for Materials Science (NIMS) Fatigue Data Sheet includes 126 fatigue 
performance datasets for 59 metal materials. 

While these datasets provide valuable resources for research, they also pose limitations in 
studying fatigue behavior under diverse materials and loading conditions. 
In studies involving multiple materials and complex loading conditions, publicly available 
datasets often suffer from insufficient data volume and limited material variety, which may 
hinder the generalizability of research findings. Consequently, many researchers opt to conduct 
independent fatigue experiments and build their own datasets to address the issue of data 
scarcity. However, experimental data collection presents two major challenges: 
 High experimental costs: Conducting fatigue tests is time-consuming and expensive, 

resulting in limited data availability, which may not comprehensively cover all materials 
and loading conditions. 

 Data limitations: Fatigue life data obtained under specific material properties and loading 
conditions may not be directly applicable to other materials or conditions, limiting its 
generalization. 

To address these challenges, this study employs the FatigueData-AM2022 dataset[10] as the 
foundation for model training to predict the fatigue life of additively manufactured alloys. The 
dataset comprises: 
 116 types of additively manufactured alloys extracted from 3,415 research papers. 
 1,610 S-N curve datasets, totaling 15,146 individual data points. 
More importantly, FatigueData-AM2022 provides essential fatigue life prediction features, 
including basic material properties, loading conditions, and experimental methodologies. 
By training the model on this dataset, this study effectively overcomes the limitations imposed 
by insufficient data volume that could otherwise hinder predictive performance. Additionally, 
since the dataset encompasses a wide range of metal types and fatigue-related features, the 
model exhibits strong generalization capability when predicting fatigue life across different 
loading conditions and material compositions. This significantly enhances the model’s 
applicability and accuracy, making FatigueData-AM2022 a powerful tool for fatigue life 
prediction in additively manufactured alloys, further advancing research and applications in 
this domain. 

3.1. Data Preprocessing 
Although the FatigueData-AM2022 dataset contains extensive feature information, 
incorporating all features into the model does not necessarily yield the best predictive 
performance. Therefore, appropriate data preprocessing is crucial to ensure that the model 
effectively learns from the data. The specific preprocessing steps are described as follows.   
First, the additive manufacturing dataset includes three types of fatigue data: stress-fatigue life 
(S-N) curves, strain-fatigue life (E-N) curves, and fatigue crack growth rate (da/dN) curves. This 
study selects S-N curve data as the primary research focus to investigate the fatigue life of metal 
materials under different stress conditions. Although the dataset contains 116 different 
additively manufactured alloys, the majority of the data is concentrated on four primary alloys: 
Ti-6Al-4V, IN718, 316L, and AlSi10Mg. To minimize the impact of materials with insufficient 
data on the analysis and reduce potential noise interference, this study removes materials with 
limited data, ensuring the research remains focused on these four major alloys.   
Second, due to the limitations of traditional fatigue testing machines, such as low testing 
frequency, long experimental duration, and high testing costs, fatigue tests rarely exceed 
\(10^7\) cycles. As a result, 710 cycles is generally considered the upper limit in traditional 
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fatigue life research, and data beyond this range is scarce. Therefore, this study primarily 
focuses on fatigue data below 710  cycles, as it is more representative and abundant for analysis.   

Furthermore, the fatigue life values in the dataset span a broad range, from 210  to 710 cycles, 
creating significant scale differences between different fatigue data points. These large 
variations in magnitude could negatively affect the model's predictive performance. To 
eliminate the impact of scale differences, this study applies logarithmic transformation to 
fatigue life values, compressing the range to [2,7]. This transformation not only balances 
differences between different fatigue life scales but also ensures that the model processes the 
data more stably and effectively.   
By implementing these preprocessing steps, this study ensures the quality and consistency of 
the dataset, providing clearer and more valuable information for subsequent model training. 
These data processing techniques help enhance the predictive accuracy and generalization 
ability of the model, enabling it to better capture the fatigue life characteristics of additively 
manufactured alloys. 

3.2. Selection of Input Features  
In the AM dataset, the features of fatigue life data provided in different studies vary due to 
differences in research focus and objectives. Therefore, for model training, it is essential to filter 
the features from the original dataset to ensure that the selected features effectively capture 
the key factors influencing fatigue life. Based on an analysis of factors affecting fatigue life, this 
study selected eight features from an initial pool of over 20 candidate features in the dataset as 
model inputs for predicting the fatigue life of additively manufactured alloys. 
Metal fatigue life is primarily influenced by the physical properties of the metal material and 
loading conditions. In the original dataset, the heat treatment processes applied to the same 
metal material may vary across different studies. Even for the same type of metal, differences 
in its physical and mechanical properties may exist due to variations in processing techniques. 
The combination of different metal materials and treatment methods results in significant 
variations in the physical properties of metals. 
This study focuses on the following four physical properties, as they have a direct impact on 
fatigue life: 
 Ultimate Tensile Strength 
 Yield Strength 
 Metal Elongation 
 Stress Concentration Factor 
Thus, these four physical factors were first selected as key input variables in the model to 
ensure that the training process captures the essential influences on fatigue life prediction. 
In describing loading environmental conditions, this study considers the ambient temperature 
in fatigue experiments. In addition to conventional room temperature conditions, some data 
also include high-temperature conditions. Variations in experimental temperature significantly 
affect metal fatigue life. High-temperature environments may lead to increased material 
deformation and crack propagation, resulting in a shorter fatigue life. In contrast, at low 
temperatures, metals exhibit higher toughness and resistance to deformation, which generally 
extends their fatigue life. Therefore, temperature is considered a critical factor in the loading 
environment and is incorporated into the model. 
Additionally, the stress ratio (R) plays a crucial role in predicting fatigue performance. The 
stress ratio is directly related to metal fatigue life, influencing the stress distribution during the 
loading process. When R is close to 1, the stress concentration effect becomes more significant, 
potentially leading to localized stress accumulation, which accelerates crack initiation and 
propagation. Conversely, a lower stress ratio (smaller R value) helps reduce stress 
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concentration effects, thereby improving fatigue resistance. Thus, the stress ratio (R) is 
included as a key feature to enhance the accuracy of fatigue life prediction. 
The loading frequency of the fatigue testing machine also has a significant impact on metal 
fatigue life behavior. At higher frequencies, certain metals may exhibit shorter fatigue lives, 
whereas at lower frequencies, they may have longer fatigue lives. Consequently, the loading 
frequency is considered an important input feature, helping the model understand how 
frequency affects metal fatigue behavior. 
Finally, stress level is one of the most critical factors in studying metal fatigue life. Under cyclic 
stress loading, metals gradually accumulate damage, leading to crack initiation and propagation, 
ultimately causing fatigue failure. Higher stress levels generally result in shorter fatigue life, 
whereas lower stress levels tend to extend fatigue life. Thus, the relationship between stress 
level and fatigue life is among the most essential pieces of information in the dataset. 
By selecting the above-mentioned physical properties and loading conditions, this study 
establishes a strong foundation for fatigue life prediction of additively manufactured alloys. 
These carefully selected input features effectively reflect how different metal materials behave 
under varying environmental conditions, contributing to the accuracy and generalization 
capability of the predictive model. 

3.3. Dataset Processing Results 
The figure illustrates the Kernel Density Estimation (KDE) distribution of the processed fatigue 
life data. After data filtering and preprocessing, the dataset includes three different additively 
manufactured alloys (Ti-6Al-4V, IN718, and 316L) along with eight key features, as shown in 
the corresponding table. Following these preprocessing steps, the final dataset consists of 1007 
fatigue life records, ensuring a comprehensive representation of fatigue behavior under various 
loading and material conditions. 
 

Table 1. Key Features of the Fatigue Life Dataset 
Number Feature Name Unit 

1 Fatigue Test Temperature ℃ 

2 Load Stress Ratio Dimensionless 

3 Load Frequency Hz 

4 Stress Concentration Factor Dimensionless 

5 Yield Strength MPa 

6 Ultimate Tensile Strength MPa 

7 Elongation % 

8 Load Stress MPa 

 
From Figure 6, the Kernel Density Estimation (KDE) curve (blue line) and the histogram 
illustrate that the processed dataset exhibits a near-normal distribution in terms of fatigue life. 
This distribution highlights the central tendency and overall shape of the dataset. The observed 
distribution pattern indicates that most of the fatigue life values are concentrated within a 
specific range, aligning well with the expected fatigue life distribution model. Such a 
distribution characteristic suggests that the dataset is well-structured and suitable for 
predictive modeling, providing a solid foundation for subsequent fatigue life analysis. 
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Figure 6. Kernel Density Plot of Fatigue Life in the Processed Dataset 

 
In this study, Pearson correlation coefficient analysis was conducted on the filtered dataset to 
examine the linear relationships among input features and their association with fatigue life[6], 
as shown in Figure 7. This analysis helps to identify the degree of correlation between different 
features and fatigue life, providing insights into their potential influence on fatigue behavior. 
Understanding these correlations is essential for feature selection and model optimization, 
ensuring that the most relevant information is utilized for fatigue life prediction. 
 

 
Figure 7. Fatigue Life Feature Correlation Heat Map 

 
As shown in Figure 7, the Pearson correlation coefficients between the selected eight input 
features and fatigue life are generally low, indicating a weak linear relationship between them. 
This result suggests the presence of complex nonlinear dependencies within the data, which 
may be difficult to capture using simple linear regression methods. 
To better model these nonlinear relationships and enhance the accuracy of fatigue life 
prediction, this study adopts flexible deep learning models as predictive tools. Deep learning 
architectures are well-suited for handling nonlinear patterns within datasets, allowing for more 
accurate and robust fatigue life predictions. By leveraging deep learning models, the study aims 
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to improve the model’s ability to recognize complex interactions between input features and 
fatigue life, ultimately leading to more precise and reliable predictive performance. 

4. Deep Learning Model for Fatigue Life Prediction of Additively 
Manufactured Metals 

In this section, the preprocessed additively manufactured metal fatigue dataset was trained 
with the objective of predicting the fatigue life of different metals under various loading 
conditions. To evaluate the training performance of the models, the newly proposed evaluation 
metric was employed. However, according to experimental results, even when using the same 
batch of test specimens, differences in microstructure and material composition during the 
manufacturing process lead to variations in the physical properties of metals, such as strength 
and hardness. These intrinsic differences contribute to the variability in fatigue life, making it 
challenging to achieve perfect fatigue life predictions, particularly when attempting to 
accurately predict the fatigue life of each specific material. 
As a result, even when employing deep learning models for prediction, the model outputs often 
do not perfectly match the actual fatigue life values. Given this limitation, a certain tolerance 
standard is introduced to assess the predictive performance of the model. Specifically, the 
evaluation is based on the error margin of predictions, determining whether the model’s 
predictions align with the expected level of accuracy. Even if the model cannot precisely predict 
the fatigue life of every individual sample, as long as it effectively captures the overall trend of 
the dataset and provides reasonable predictions, it can be considered to have met its expected 
performance to a certain degree. 
Furthermore, considering that fatigue life prediction involves complex interactions among 
multiple influencing factors, this study integrates additional error metrics, such as Mean 
Absolute Error (MAE), Mean Squared Error (MSE), and the coefficient of determination (R²), to 
comprehensively evaluate the model’s performance across different metal materials and 
loading conditions. This multi-dimensional evaluation approach ensures the reliability and 
applicability of the model’s predictions. By adopting this rigorous assessment framework, this 
study aims to validate the model's effectiveness and adaptability in practical applications of 
fatigue life prediction. 

4.1. Model Architecture Design 
First, several commonly used deep learning models were employed to train the dataset, 
including CNN, Transformer, GRU, MLP, and ResNet. The training results are presented in 
Figure 8. According to the bar chart in the figure, the predictive performance of these 
conventional deep learning models did not reach a satisfactory level, as indicated by the new 
evaluation metric being less than 4. However, among these models, GRU and Transformer 
demonstrated superior predictive performance, suggesting that these two architectures have 
certain advantages in handling metal fatigue data. 
To further enhance prediction accuracy, this study explores a parallel combination of GRU and 
Transformer to leverage their respective strengths in predicting metal fatigue data, thereby 
improving the overall predictive performance on this dataset. 
By parallelizing these two models, the approach integrates the advantages of GRU in processing 
sequential data with the capability of Transformer in capturing long-range dependencies. This 
hybrid architecture enhances the model's adaptability to complex data structures, particularly 
in metal fatigue prediction tasks under various material types and loading conditions. 
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Figure 8. Comparison of Prediction Performance with New Metrics for Different Deep 

Learning Models 
 
During the parameter optimization process of the proposed model, the selection of population 
size in the HLBO optimization method has a significant impact on the optimization effectiveness. 
Figure 9 presents a comparison of the model’s predictive performance under different 
population sizes. The results indicate that when the population size is set to 30, the optimized 
R² value reaches its maximum, demonstrating the best predictive accuracy. 
This finding suggests that a population size of 30 achieves the optimal optimization effect. 
Therefore, when performing parameter optimization for the model, setting the population size 
to 30 ensures improved predictive performance and enhanced model stability. 
 

 
Figure 9. Impact of Different Population Sizes on Prediction Performance of the HLBO 

Optimization Algorithm 
 
At the same time, by analyzing the optimization iteration process in Figure 10, it is observed 
that the model converged and reached its optimal state after approximately 20 iterations. This 
indicates that setting the number of iterations to 30 during the HLBO optimization is a 
reasonable choice, ensuring a stable and efficient optimization process. 
Therefore, in the practical application of HLBO optimization, selecting a population size of 30 
and 30 iterations as parameter settings maximizes the optimization effect and enhances the 
prediction accuracy of the model. This configuration ensures that the optimization process 
sufficiently explores the solution space while avoiding unnecessary computational overhead. 
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Figure 10. Iterative Process of HLBO Optimization Algorithm 

 
The HLBO optimization algorithm was applied to select the key hyperparameters of the model, 
ensuring optimal performance. Through the optimization process, selecting the most suitable 
hyperparameters significantly enhances the predictive accuracy of the model. Table 2 presents 
the parameters subject to optimization along with their respective value ranges. During the 
optimization process, different combinations of these parameters were explored to identify the 
optimal solution. 
Once the HLBO optimization algorithm achieved the best training performance, the optimized 
parameters were preserved to ensure the model's efficiency and stability in practical 
applications. The final optimized parameter configuration was determined, which played a 
crucial role in improving the model's generalization ability and accuracy. The specific optimal 
parameter settings, as shown in the table, include all key hyperparameter values, further 
enhancing the overall performance of the model. 
 

Table 2. HLBO Optimized Model Parameter Values 
Number Name Value Range Final Value 

1 Learning Rate [0.0001,0.01] 0.0005 
2 GRU Hidden Units [124 , 1024] 201 
3 GRU Layer [1,6] 1 
4 Number of Encoders [1,6] 1 
5 Number of Decoders [1,6] 2 

4.2. Experimental Results Analysis  
After applying the proposed method, the training effectiveness of the model has been 
significantly improved. By implementing a parallel combination of the GRU and Transformer 
models, the predictive performance has shown a marked improvement compared to using 
either model individually. The overall predictive accuracy of the model has been significantly 
enhanced, demonstrating the advantage of this parallel architecture in fatigue life prediction. 
This structure enables more effective learning of fatigue life data patterns compared to a single 
deep learning model. 
Furthermore, after employing Hybrid Leader-Based Optimization (HLBO) for hyperparameter 
tuning, the predictive performance of all models has generally improved. Notably, the proposed 
method, after parameter optimization, achieved significantly enhanced performance indicators, 
such as R², reaching a new level of accuracy. This improvement ensures that the proposed 
model exhibits higher reliability and predictive accuracy in metal fatigue life estimation. 
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To determine whether this model represents the optimal configuration, additional validation 
was conducted by testing other model combinations, as shown in Figure 11. For example, a 
sequential combination of GRU and Transformer was tested, as well as extending the parallel 
GRU-Transformer structure by incorporating additional models. However, experimental 
results confirmed that the parallel combination of GRU and Transformer yielded the best 
performance on the fatigue life dataset compared to other architectures. Based on evaluation 
metrics such as R², MAE, and MSE, the parallel GRU-Transformer model demonstrated superior 
predictive accuracy and generalization capability. 
Therefore, the parallel GRU-Transformer model, optimized using HLBO, is the optimal choice 
in this study, achieving the best balance between prediction accuracy and model robustness. 
 

 
Figure 11. Comparison of Training Performance Using the New Evaluation Metric Across 

Different Deep Learning Models 
 
As shown in Figure 12, the predictive performance of different models is compared using 
scatter plots. From the figure, it can be observed that while other prediction models achieve a 
certain degree of accuracy in fatigue life estimation, their performance is generally inferior to 
that of the proposed model. In the scatter plot of the proposed model, the prediction results 
exhibit higher accuracy, with data points more densely clustered. Within the prediction interval, 
the predicted values are more uniformly and concentrically distributed, with fewer data points 
exceeding the 1.5-times band. 
Furthermore, the test data and predicted values exhibit a clear linear relationship, indicating 
that the proposed model effectively fits the actual data and maintains high consistency with 
real-world conditions. The presence of this linear relationship further validates the model’s 
excellent performance in fatigue life prediction, demonstrating its high prediction accuracy and 
stability. Consequently, the proposed model significantly outperforms conventional deep 
learning models in fatigue life estimation, as it better captures the underlying data patterns, 
thereby enhancing predictive performance. 
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(a)CNN(𝑅ଶ=0.86)                     (b)GRU(𝑅ଶ=0.93) 

 
(c)MLP  (𝑅ଶ=0.87)                     (d)Transformer(𝑅ଶ=0.90) 

 
(e)ResNet (𝑅ଶ=0.89)             (f)The Proposed Model(𝑅ଶ=0.96) 
Figure 12. Comparison of Scatter Plots for Different Models 

 
To comprehensively evaluate the differences in predictive performance among various models 
and validate the feasibility of the newly proposed evaluation metric, this study introduces the 
Squared Prediction Error (SPE) as a criterion for assessing model performance. SPE is a method 
used to quantify the distribution of prediction errors, effectively evaluating both the stability 
and accuracy of model predictions. A smaller SPE value indicates that the predicted results are 
closer to the actual data, signifying better predictive performance of the model. 



Frontiers in Sustainable Development Volume 5 Issue 3, 2025

ISSN: 2710-0723 

 

427 

The Squared Prediction Error (SPE) is calculated using the following formula: 
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where  iy  represents the actual fatigue life data for the i-th sample, 

iy represents the predicted fatigue life data for the i-th sample, 

n is the total number of samples. 
By calculating the Squared Prediction Error (SPE), the error level of different model predictions 
can be quantitatively assessed, enabling a comparative analysis of predictive performance 
across models. On this basis, this study also presents box plots to provide a more intuitive 
visualization of the prediction results from different models. The box plot illustrates the 
distribution of prediction errors for each model, including the median, interquartile range, and 
outliers, offering a clear and comparative representation of model performance. 
By integrating SPE analysis with box plots, this study conducts a comprehensive evaluation of 
different models in the task of fatigue life prediction. This combined approach validates the 
effectiveness of the newly proposed evaluation metric while further supporting the superiority 
of the proposed model in terms of predictive accuracy and robustness. 
 

 
Figure 13. Box Plot Comparison of Different Models 

 
From the box plot analysis, it is evident that the proposed model (GT-H) exhibits a shorter 
interquartile range (IQR) compared to other models, indicating that its predicted values are 
more concentrated and stable. Specifically, the MLP model's mean is significantly deviated from 
zero, suggesting a noticeable bias in its predictions. In contrast, the proposed model shows a 
mean value slightly below zero, implying that its overall predictions are more conservative, 
with fatigue life estimates generally lower than the actual values. 
Additionally, the proposed model displays fewer outliers, and the magnitude of these outliers 
is relatively lower, further demonstrating its superiority in metal fatigue life prediction. 
Compared to other models, the proposed approach not only produces more concentrated and 
stable predictions but also effectively suppresses the occurrence of extreme outliers, indicating 
strong robustness in predictive performance. 
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Figure 14. Comparison of Kernel Density Estimation (KDE) Between Predicted and Actual 

Fatigue Life Values 
 
The conclusions drawn from the scatter plots and box plots are consistent with the findings 
obtained earlier, further validating the effectiveness of the proposed evaluation metric and 
demonstrating the model’s excellent predictive capability. By comparing the kernel density 
estimation (KDE) distributions of actual and predicted values, it is evident that the predicted 
values closely align with the actual values. Particularly, in the fatigue life range of 10^6 to 
10^7cycles, the predicted values tend to be slightly lower than the actual values, as indicated 
by the fact that most data points in the scatter plot are distributed below the standard reference 
line. This suggests that the proposed prediction model exhibits a conservative tendency in 
predicting high-cycle fatigue life. Conversely, for fatigue life around 10^5 cycles, the predicted 
values are slightly larger than the actual values, with the scatter plot data points predominantly 
located above the standard reference line. This observation is consistent with the actual 
distributions shown in the box plots and scatter plots, further verifying the model’s predictive 
performance across different fatigue life ranges. 
By employing the HLBO optimization algorithm for hyperparameter tuning, the proposed 
model surpasses several traditional machine learning models in predictive accuracy. Unlike 
conventional empirical formulas that rely on extensive experimental data and are typically 
tailored for specific materials or particular loading conditions, the proposed model effectively 
predicts fatigue life across multiple metal materials and various loading scenarios. 
The parallel structure enhances the predictive performance of the proposed model compared 
to single-model architectures, further validating the advantages of parallel network structures 
in establishing the relationship between loading conditions and fatigue life. The parallel model 
is more adept at capturing complex feature information within the data, adapting to the diverse 
properties of additively manufactured alloys and varying loading conditions, thereby achieving 
more precise predictions. 
In summary, the proposed model demonstrates superior predictive performance in fatigue life 
estimation compared to other models. Notably, when applied to different materials and 
environmental conditions, its predictive capability remains relatively stable, indicating that the 
model is well-suited for complex real-world engineering applications. Its strong generalization 
ability and robustness make it a promising tool for practical fatigue life assessment in additively 
manufactured components. 
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5. Discussion 

The study validates the superiority of the proposed model in predicting the fatigue life of 
additively manufactured metals, particularly when dealing with various metal materials and 
loading conditions, where the model demonstrates accurate predictive performance. 
This study introduces a parallel model integrating the Gated Recurrent Unit (GRU) and 
Transformer architectures, specifically designed for fatigue life prediction of additively 
manufactured metallic materials. To further enhance predictive performance, the Hybrid 
Leader-Based Optimization (HLBO) algorithm is employed for hyperparameter optimization. 
The model is trained and evaluated using preprocessed data from the FatigueData-AM2022 
dataset. Subsequently, to further verify its effectiveness, the proposed model is compared 
against five other deep learning models, and the results indicate that the proposed model 
achieves higher prediction accuracy. 
The main conclusions are as follows: 
(1)Advantages of the Parallel Model: The proposed parallel model effectively processes fatigue 
data of additively manufactured metals while leveraging the strengths of both the GRU and 
Transformer models. By capturing data features from multiple perspectives, the model can 
extract potential relationships within the dataset, leading to improved prediction accuracy. 
(2)HLBO-based Parameter Optimization: The HLBO algorithm is utilized for automatic 
hyperparameter optimization, reducing manual tuning efforts. Experimental validation 
confirms that HLBO exhibits excellent global and local search capabilities, further enhancing 
the predictive performance of the model. 
(3)Model Superiority and Generalization Ability: Compared to other deep learning models, the 
proposed parallel model demonstrates a significant improvement in predictive accuracy. The 
dataset used in this study includes fatigue life data for three different additively manufactured 
alloy materials under various loading conditions. Notably, different material types were not 
explicitly included as input features, yet the model successfully learned the physical properties 
of different materials and loading conditions, enabling accurate fatigue life predictions. 
Furthermore, the model exhibits strong generalization ability in predicting fatigue life across 
welded structures and varying load conditions, showcasing its adaptability and robustness. 
Based on these findings, the study confirms the effectiveness of the proposed model in 
predicting the fatigue life of additively manufactured metals. The model's ability to handle 
diverse metal materials and loading conditions suggests its broad application potential, 
providing reliable predictive support for the field of additively manufactured alloys. 
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