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Abstract

This study explores the use of machine learning to predict high-cycle fatigue (HCF) behavior
and fatigue crack growth rate (FCGR) in Co-Cr-Mo alloys manufactured through laser
powder bed fusion. Two machine learning (ML) models: extreme gradient boosting (XGB)
and deep neural networks (DNN), are implemented to estimate HCF and FCGR across
three distinct scanning strategies. The raw datasets for HCF and FCGR are taken from
previously performed experiments. The HCF dataset is augmented using a Gaussian
Mixture Model, while the FCGR dataset is used in its raw form. Following hyperparameter
optimization, both models exhibited quite similar accuracy on validation datasets. Their
performance is assessed during testing using mean squared error (MSE) and R2 scores. The
DNN model demonstrated higher accuracy in HCF predictions by achieving higher R2

scores. The DNN performs better because it can handle more complex patterns effectively
due to its multiple neurons and deeper multilayer architecture. In contrast, the XGB model
performed better in FCGR predictions and yielded higher R2 scores compared to XGB. The
good agreement with the experimental dataset shows that these two ML techniques are
effective in predicting HCF and FCGR behavior.

Keywords: machine learning; XGB; DNN; scanning strategy; Co-Cr-Mo alloy; fatigue

1. Introduction
Mostly, the key components of bio-implants [1,2] and aerospace structures [3] have

intricated shapes that undergo complex repeated loadings. These loadings result in fatigue
damage, which combines with environmental factors and leads to premature failures.
Therefore, a complete fatigue understanding is an important aspect in the material design
process. Recently, additively fabricated Co-Cr-Mo alloy has garnered notable attention
across several sectors due to its exceptional combination of mechanical properties [2],
corrosion resistance [3], biocompatibility [4], wear resistance [5] and admirable strength-
to-weight ratio for lightweight lattice structures [6]. The fatigue behavior of additively
fabricated components/parts depends on various process parameters, including build
orientation [7,8], layer thickness, scanning strategy [9], scanning speed [10], and many more.

Conventional methods of fatigue assessment depend on extensive, time-consuming,
and costly experiments, yet their ability to generalize is limited by the experimental ranges.
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To overcome this limitation, numerous numerical predictive methods (such as S-N curve-
based models, Paris law model, probabilistic fatigue approaches, and machine learning
based techniques) have emerged that eliminate the need for these labor-intensive experi-
ments. Among these methods, machine learning (ML) is a viable solution [11,12]. ML is
recognized by the scientific community very quickly due to its ability to analyze complex
relationships between variables and make predictions. Various regression models can be
incorporated into ML, such as XGBoost (XGB) [13], Support Vector Regression (SVR) [14],
k-nearest neighbor algorithm (KNN) [15] and Deep Neural Networks (DNN) [16]. These
methods have specific advantages: XGB utilizes greedy algorithms and parallel processing
to enhance training and prediction speeds [17], SVR exhibits strong generalization ability
on small datasets and excellent robustness to overfitting [18], KNN is particularly useful
when there is little or no prior knowledge about the distribution of the data [19], and DNN
are feasible for application to both small dataset [20] as well as large dataset [21]. ML is
a powerful tool for modeling vast amounts of data without relying on physical mecha-
nisms. ML-based data mining techniques have been widely applied in fatigue analysis to
uncover potential relationships between test parameters and material fatigue properties
using large datasets.

In the past, several ML techniques have been explored to predict fatigue life using
various algorithms. For instance, Li et al. [11] applied an artificial neural network (ANN)
model to predict the fatigue life of laser powder bed fusion (LPBF) printed Ti-6Al-4V using
stress, build orientation, defect size, defect depth, and defect distance to the surface as
input parameters. A single hidden layer with the Levenberg–Marquardt algorithm, along
with a feedforward backpropagation ANN model, was implemented and achieved a good
correlation between actual and predicted fatigue life, with an R2 value of 0.98. Braun and
Kellner [22] used gradient-boosted tree machine learning models to analyze fatigue behav-
ior and employed the SHapley Additive explanation (SHAP) framework to examine the
significance of features and their interactions in relation to the predictions. Zhan and Li [23]
compared three ML models (RF, SVM, and ANN) for predicting the fatigue life of additively
fabricated SS316L in relation to continuum damage mechanics. Parametric study of these
models found that RF achieved the highest R2 value, while support vector machine (SVM)
resulted in the highest mean square error (MSE). Shi et al. [24] used various methods for
data augmentation (linear interpolation, nearest neighbor interpolation, and linear interpo-
lation with a Gaussian mixture model) for very high-cycle fatigue data (stress amplitude,
fatigue life, defect size, defect location, and defect circularity) of LPBF fabricated AlSi10Mg
to predict fatigue life using various ML models (ANN, RF, and support vector regression).
It was observed that linear interpolation with a Gaussian mixture model generated a virtual
dataset that was similar to the original dataset, and the RF model performed the best in
predicting fatigue life among the other models. Bao et al. [14] compared support vector re-
gression (SVR) and k-nearest neighbor algorithm (KNN) methods for fatigue life prediction
of LPBF fabricated Ti-6Al-4V that led to the development of a relationship between fatigue
life and synchrotron X-ray tomography (defect size, location, and morphology) using ML
models. These findings showed that the SVR model achieved a higher R2 value and lower
MSE for the predicted fatigue life. Konda et al. [25] demonstrated that the XGB method
achieved a higher R2 value and lower MSE for predicting the fatigue crack growth behavior
of LPBF-fabricated 17-4PH.

To date, few studies have addressed fatigue life prediction and fatigue crack growth
behavior using machine-learning techniques in relation to process parameters. However,
no reported work has applied XGB and DNN models to predict fatigue life and fatigue
crack growth rate in LPBF-fabricated Co-Cr-Mo alloys.
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This study applies XGB and DNN models to predict HCF life and FCGR of LPBF-
fabricated Co-Cr-Mo alloy using the leave-one-group-out technique. Experimental fatigue
data for three scanning strategies (stripe (S), meander (M), and chessboard (CH)) are
obtained from previous studies performed by the authors. The HCF dataset consists of
21 data points and is augmented using a Gaussian mixture model (GMM), while the FCGR
dataset is used without post-processing. The XGB and DNN models are trained to predict
HCF life and FCGR for different scanning strategies. Model predictions are validated
against previously reported experimental results, followed by a comparative performance
analysis of the XGB and DNN models.

2. Material and Methods
This section presents the materials, testing procedures, and post-processing of the raw

data obtained from both the HCF and FCGR experiments.

2.1. Material and Tests

In this investigation, Co-Cr-Mo alloy powder manufactured through gas atomization
by Renishaw® (Wotton-under-Edge, UK) was utilized. The material composition, contain-
ing approximately 27–30 wt.% Cr and 5–7 wt.% Mo, with trace amounts (<1 wt.%) of Mn
and Si, less than 0.75 wt.% Fe, under 0.50 wt.% Ni, and the remainder is composed of
cobalt. Additive manufacturing was carried out via Laser Powder Bed Fusion (LPBF) on a
Renishaw® AM400 system. The processing parameters used for the additive manufacturing
in this study are shown in Table 1. Specimens were printed with three scanning strategies,
i.e., stripe (S), meander (M), and chessboard (CH). Under the stripe scanning approach,
the stripe width was fixed at 5 mm. In the meander scanning approach, the laser scanned
the complete layer using one uninterrupted trajectory. The chessboard scanning approach
divided the layer into multiple islands, each with dimensions of 5 × 5 mm2.

Table 1. The process parameters used to print the specimens.

Power
(W)

Hatch Spacing
(µm)

Laser Spot Diameter
(µm)

Layer Thickness
(µm)

200 100 70 30

In previous studies, two types of experiments: high-cycle fatigue (HCF) and fatigue
crack growth rate (FCGR) tests were conducted. These experimental datasets were used for
model training and prediction processes. The HCF tests were performed at a frequency
of 15 Hz with a load ratio of 0.1 across seven different maximum stress levels. The FCGR
tests were carried out at a frequency of 10 Hz with a load ratio of 0.1 and included both pre-
cracking and main crack growth stages. The pre-cracking stage employed the decreasing
stress intensity factor (K-decreasing) method, while the main crack growth tests were
conducted under constant load conditions. However, the details of material, printing
setting and all experimental results are given in pervious study [26,27].

2.2. Experimental Data

The maximum stress and number of cycles, along with the generated S-N curves, are
taken from the previous study by the authors [26]. The actual experimental data of the
HCF test for all three scanning strategies are shown in Figure 5a. This sparse data (21 data
points) of the HCF test makes it challenging to generalize an ML predictive model, as
models trained on small datasets often encounter overfitting. The scatter or variability of
features further increases the likelihood of overfitting in models trained on small datasets,
leading to poor generalization. To address these challenges, the dataset is augmented using
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GMM. GMM is a probabilistic model that assumes data points are derived from a mixture
of a limited number of Gaussian distributions [28,29]. The probability distribution of GMM
can be written as

P(x | θ) = ∑J
j=1 ∑K

k=1 αkϕ(xj | θk) (1)

where xj is j-th observed data, J denotes the number of data points, K represents the number
of Gaussian models in mixture model, αk represents probability that the observation belongs
to k-th sub model, and θk is the corresponding parameters. A total of 21 data points
(7 for each scanning strategy) are expanded to 600 data points corresponding to three
different scanning strategies. The augmented data points are constrained within a stress
range of 350 MPa to 130 MPa or until the number of cycles reached one million at the
corresponding maximum stress. For the fatigue crack growth dataset, the original raw data
comprising 446 data points is adopted from the previous study [27]. This dataset includes
combined data from all three scanning strategies and covers both the near-threshold and
Paris regions of crack growth behavior. The actual experimental data of the FCGR test for
all three scanning strategies are shown in Figure 8a. As the dataset size is comparable to
that of the HCF dataset, data augmentation is not employed.

Before selecting an ML model, it is crucial to transform the experimental data. For the
application of the HCF and FCGR prediction models, the training process is expected to
be highly time-consuming. To mitigate this, data normalization is applied in this work,
scaling the data within the range of zero to unity.

3. ML Models
The details of ML procedure for both the XGB and DNN models are also described in

this section.

3.1. Extreme Gradient Boosting

Extreme gradient boosting is an advanced boosting ensemble technique designed to
enhance both predictive accuracy and computational efficiency. It integrates L1 and L2
regularization to reduce overfitting and improve generalization. Using decision trees as
base learners, each tree is trained to correct the errors of its predecessors. The algorithm
optimizes the training process and model performance by prioritizing speed and accuracy.
Additionally, XGB applies gradient descent optimization to minimize the loss function to
ensure a closer match between predicted and actual values. Figure 1 depicts the decision-
making process, including the root node, intermediate nodes, and leaf nodes. The objective
formula combines the loss function with a regularization term as follows [30],

obj(θ) =
n

∑
i=1

l(ŷ, yi) +
K

∑
k=1

Ω( fk) (2)

where l is loss function and Ω( fk) is the regularization term which penalizes the complexity
of the tree as

Ω( fk) = γ K + 0.5 λ
K

∑
j=1

w2
j (3)

where γ is a parameter that controls the minimum loss reduction required to make a
further partition of number of trees in XGB, K is the number of leaves in the tree, and λ is
the regularization term on the weights wj. The leave-one-group-out technique is applied,
where the S and CH scanning strategies are used for training and validation, while the M
scanning strategy is used for testing. The processed experimental dataset is divided into
training and validation sets, with 80% allocated for training and 20% for validation from
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each strategy. The HCF training dataset contained 384 data points, while the FCGR training
dataset comprised 286 data points.

‐

Input 

Output 

‐
‐

‐
‐

‐

Prediction #1 Prediction #2 Prediction #K

‐ ‐

Root node

Intermediate node

Leaf node

Figure 1. The schematic illustration of the XGB decision tree model architecture.

Two commonly used metrics for assessing the precision and performance of a ma-
chine learning model are the R2 (coefficient of determination) and MSE, as shown in
Equations (4) and (5).

R2 = 1 − ∑n
i=1 (Pi − Ppre

i )
2

∑n
i=1 (Pi − Pmean)

2 (4)

MSE =
1
n∑n

i=1 (Pi − Ppre
i )

2
(5)

where Pi represents the i-th value in the dataset, Pi
pre is the i-th predicted value, and Pmean

denotes the mean of the dataset. A higher R2 indicating a better model fit, where R2

value ranges from 0 to 1. MSE measures the average difference between the dataset and
the predicted results, where a smaller MSE indicates more accurate predictions. MSE is
calculated on the normalized dataset.

The optimized hyperparameters are determined through sensitivity analysis of two pa-
rameters: maximum depth (ranging from 2 to 10) and the number of estimators (100, 200,
400, 500, and 1000). MSE is computed for these values of the parameters and later compared
to finding out the optimized hyperparameters. This comparison is illustrated in Figure 2,
and the hyperparameters corresponding to the minimum loss values are selected as the
optimized hyperparameters. Table 2 presents the optimized hyperparameters for the XGB
method for both tests.

Table 2. The optimized hyperparameters used in this study for the XGB method.

Hyperparameters Booster Learning
Rate

Regularization
Term (λ)

Maximum
Depth

Number of
Estimators

Min. Child
Weight

Random
State

HCF
GB tree 0.1 0.5

5 500
2

30
FCGR 7 1000 42
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Figure 2. The hyperparameter sensitivity analysis of the XGB model for both tests for (a) number of
estimators and (b) maximum depth.

3.2. Deep Neural Network

Deep Neural Network (DNN) is an ML model designed to capture complex
input–output relationships. As a part of supervised learning, DNNs consist of multi-
ple hidden layers, making them highly powerful for pattern recognition. These networks
consist of an input layer, hidden layers, and an output layer [31]. The training process
includes both forward and backward passes, where the loss function is optimized using
techniques like Gradient Descent and Adaptive Moment Estimation (Adam) [32]. Figure 3
illustrates the full schematic representation of the input, hidden, and output layers.

‐

‐

‐

‐

Input  Output 

Hidden layers 

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐ ‐ ‐
‐ ‐‐ ‐ ‐

Figure 3. The schematic illustrations of the DNN model architecture.

A typical forward propagation learning process used in the DNN model is given by
Equation (6),

ŷn
k (w, b) = A(x) =: A

(
∑m

i=1 wn−1
i · ŷn−1

i + bn−1
k

)
(6)

where the forward propagation output of k-th neuron for nth layer is ŷn
k , wn−1

i is weight
of i-th neuron for (n − 1)-th layer, ŷn−1

i is the output of i-th neuron for (n − 1)-th layer,
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bn−1
k is the bias of k-th neuron for (n − 1)-th layer and A(x) is the activation function. For

this study, the exponential linear unit (ELU) is used as an activation function that can be
expressed as [33],

A(x) =

x, if x > 0

α(ex − 1), if x ≤ 0
(7)

where x is the input to the neuron, α is a constant, and its value is 1. The loss (L) of each
layer is calculated in terms of MSE as expressed in Equation (8) as

L(yi, ŷi) =
1
n∑n

i=1 (ŷi − yi)
2

(8)

where ŷ is the model’s predictions and yi is the actual target values.
Following forward propagation, the loss function is minimized through backpropaga-

tion, as described in Equation (8), with the help of Adam optimizer. In this method, the
data is also divided in the same manner as used for XGB. The hyperparameters are derived
from a sensitivity analysis of two factors: the number of hidden layers (ranging from 5 to
30 in increments of 5) and the neurons on each layer (16, 24 and 32). These factors are used
to evaluate MSE. The evaluated MSE is compared to find the optimized hyperparameters.
This comparison is presented in Figure 4, and the hyperparameters corresponding to the
minimum loss values are selected as the optimized hyperparameters. Table 3 outlines the
optimized hyperparameters for the DNN method in both experiments.

5 10 15 20 25 30
0

2

4

6

15 20 25 30
0

2

4

6

M
S

E

Number of layers

 HCF
 FCGR

0-3 0-3

M
S

E

Neurons on each layer

 HCF
 FCGR

(a) (b)

Figure 4. The hyperparameter sensitivity analysis of the DNN model for both tests for (a) number of
layers and (b) neurons on each layer.

Table 3. The optimized hyperparameters used in this study for DNN method.

Hyperparameters Number of
Hidden Layers

Learning Rate
(Adam)

Neurons on
Each Layer Batch Size Drop Out Epochs Random

Seed

HCF 20
0.01

24 27
0.02 200

42
FCGR 5 32 15 30

4. Results and Discussion
In this section, the predicted results from both the XGB and DNN models are presented

and compared with the experimental results from the previous studies [26,27]. A detailed
discussion is provided on various aspects of the predictions for all scanning strategies.
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4.1. High Cycle Fatigue

The maximum stress vs. number of cycles curve is a physical–statistical model. It
applies empirical formulas (such as Basquin’s equation) to determine parameters that
describe the degradation of material strength under fatigue loading. However, ML uses
fatigue data to train models and map a nonlinear relationship between the AM process
parameters, operating conditions, and fatigue life [34,35].

The maximum stress and scanning strategies (S and CH) are considered as input
parameters for both models. The leave-one-group-out is applied, so the M strategy is
kept for the test. The output layer contains a single output: fatigue life for the M strategy.
The optimized hyperparameters for both models are listed in the previous section. The
predicted and actual experimental fatigue life for all the conditions is compared for both
models, as shown in Figure 5. The arrows in Figure 5 denote the run-out specimens (more
than 1 × 106 cycles). A comparison of the predicted results from models trained on the
original experimental dataset indicates that the models perform accurately. For the test
dataset, the R2 and MSE are 0.82 and 1.3 × 10−2 for XGB, and 0.87 and 3.7 × 10−3 for DNN,
respectively, as shown in Table 4. Both the XGB and DNN models show almost identical
prediction accuracy, as shown in Table 4. However, the DNN provides better accuracy
and a lower MSE compared to XGB. Figure 6a,b illustrates the relationship between the
loss (i.e., normalized mean squared error) and boosting rounds for the XGB model and
the epochs for the DNN model. The plot shows that the loss rapidly converges to a global
minimum, indicating that the XGB and DNN models are well-suited to the data and are
able to optimize efficiently in a short time. The loss curves are presented for both the
training and validation datasets. The predicted data showed good accuracy compared to
the actual data, as shown in Figure 7 (all data fell within 3 error band).
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Figure 5. (a) actual experimental plot (reprinted with permission from ref. [26]. 2024 Springer Nature)
of the maximum stress vs. number of cycles. The comparison of predicted data for scanning strategies
M of LPBF printed Co-Cr-Mo alloy with (b) XGB and (c) DNN model.

Table 4. The evaluation metrics for the HCF test predicted test data set for both models.

Model R2 MSE

XGB 0.82 1.3 × 10−2

DNN 0.87 3.7 × 10−3
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Figure 7. Predicted fatigue life vs. experimental fatigue life (reprinted with permission from ref. [26].
2024 Springer Nature) plot for HCF test data set of both XGB and DNN models.

4.2. Fatigue Crack Growth

The input parameters for both models include crack length (a), number of cycles (N),
stress intensity factor range (∆K), and scanning strategies (S and CH). The output layer
produces a single result: crack growth rate (da/dN) of the M strategy as per leave-one-
group-out. The predicted data set and actual experimental data are compared for both
models, as shown in Figure 8. This comparison is not limited to the Paris region; it also
reveals the threshold region, which distinguishes it from linear regression. The predicted
results showed a high degree of accuracy when compared to the actual data, as seen in
Figure 8. The prediction results from models trained on the original experimental dataset
for FCGR indicate that both models perform accurately. For the test dataset, the R2 and
MSE are 0.84 and 2.7 × 10−3 for XGB, and 0.77 and 4 × 10−3 for DNN, respectively, as
shown in Table 5. Among these, the XGB model delivers the higher prediction accuracy,
as shown in Table 5. Figure 9 illustrates the relationship between loss (normalized mean
squared error) and boosting rounds for the XGB model, and between loss (normalized
mean squared error) and epochs for the DNN model. The plot clearly shows that the loss
rapidly converges to a global minimum, enabling the model to optimize efficiently in a
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short period. The predicted data showed good accuracy compared to the actual data, as
shown in Figure 10 (all data fell within 3 error band).
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Figure 8. (a) Actual experimental plot (reprinted with permission from ref. [27]. 2024 Elsevier) of the
stress intensity factor range vs. crack growth rate. The comparison of the predicted data for scanning
strategies M of LPBF printed Co-Cr-Mo alloy, based on (b) the XGB and (c) the DNN model.
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Figure 9. The loss performance of the (a) XGB and (b) DNN model for the FCGR data set.
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Elsevier) plot for HCF test data set of both XGB and DNN models.
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Table 5. The evaluation metrics for the FCGR test predicted test data set for both models.

Model R2 MSE

XGB 0.84 2.7 × 10−3

DNN 0.77 4 × 10−3

5. Conclusions
In this study, XGB and DNN machine learning models are used to predict fatigue

life and crack growth rate for high-cycle fatigue and fatigue crack growth tests under
three different scanning strategies. The key conclusions derived from the observed results
and discussions are as follows:

1. Both ML models demonstrated similar accuracy and performance on the test data for
all three scanning strategies.

2. The HCF test data are more sensitive to hyperparameters as compared to the FCGR
data set.

3. For the HCF test dataset, both models showed comparable performance in terms of R2;
however, the DNN model achieved marginally higher accuracy owing to its deeper
multilayer architecture and greater capacity to capture complex patterns. Conversely,
for the FCGR test dataset, the XGB model outperformed the DNN and achieved a
higher R2.

4. Both models (XGB and DNN) showed predicted life for the HCF test dataset and
fatigue crack growth rate for FCGR are within three error bands.

Based on machine learning models such as XGBoost and deep neural networks,
two scanning strategies are used for training to predict the third scanning strategy, thereby
reducing the experimental cost associated with the third strategy.
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