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Abstract

Adhesive wear has been identified as a significant cause of material loss, representing a
substantial challenge across diverse industrial sectors. In order to address this issue, it is
imperative to conduct studies with the aim of mitigating this degradation. The present
study focuses on achieving a high-quality product with minimal mass loss during adhesive
wear by utilizing gas nitriding treatment to optimize the wear parameters of AISI 4140 steel.
The present study employed the Taguchi methodology and response surface methodology
(RSM) in order to design the experiments. A comprehensive investigation was conducted
into the key wear parameters, encompassing sliding speed (V), normal load (FN), and the
microhardness of nitrided parts (HV). Furthermore, an artificial neural network (ANN)
prediction model was developed to forecast the wear performance of 4140 Steel. The ANN
model demonstrated an accuracy of approximately 99% when compared to the experimen-
tal data. In order to enhance the precision of wear estimation, prediction optimization was
conducted using Bayesian and genetic algorithms. The findings demonstrated that the
predicted R2 values exhibited a reasonable alignment with the adjusted R2 values, with a
discrepancy of less than 0.2. The analysis demonstrated that the normal load is the most
significant factor influencing wear, followed by hardness. In contrast, sliding speed was
found to have the least significant impact.

Keywords: gaseous nitriding; adhesive wear; 4140 steel; optimization; prediction; artificial
neural network

1. Introduction
Wear remains a major challenge in many industrial sectors such as automotive, biomed-

ical, aeronautics, and aerospace, as it compromises the performance and service life of
mechanical steels [1–3]. Among the different wear mechanisms, adhesive wear is particu-
larly critical. It occurs when two contacting surfaces slide against each other, leading to
the detachment of particles from the softer material. This phenomenon results in mate-
rial, shape, and functional losses, with direct consequences on the safety, reliability, and
efficiency of mechanical systems. In industry, adhesive wear is frequently observed in
gears, cams, bearings, and sliding surfaces of shafts and bushings, where severe contact
conditions promote material removal and premature component degradation.
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In order to mitigate such degradation, thermochemical surface treatments are em-
ployed on a wide scale. The surface layer of components is enriched with elements such
as nitrogen, carbon, or boron through the application of these treatments, thereby en-
hancing their mechanical and tribological properties. Among these processes, nitriding is
distinguished from carburizing or boriding in that it increases hardness, wear resistance,
fatigue strength, and corrosion resistance while preserving the dimensional stability of
components [4,5]. It is for this reason that nitriding has become one of the most widely
utilized treatments in mechanical industries.

In this study, gas nitriding was selected, although alternative processes such as plasma
nitriding and liquid nitriding exist. Gas nitriding was chosen due to its simplicity of imple-
mentation, industrial maturity, relatively low cost, and ability to treat large components.
This process introduces nitrogen into the steel surface at moderate temperatures, leading
to the formation of a compound layer (white layer) and a thicker diffusion layer, both of
which have been shown to enhance hardness and improve resistance to wear, corrosion,
and fatigue [6–10].

The steel AISI 4140 was selected as the material of interest, as it is one of the most
commonly used steels in combination with nitriding according to the extant literature.
Its employment in the manufacture of highly stressed mechanical components, such as
gears, shafts, and crankshafts, is well documented, as is its reputation for good harden-
ability, fatigue resistance, and favorable tribological behavior [11–13]. Despite the fact
that a considerable number of studies have been conducted on the enhancement of its
properties through thermochemical treatments, the majority of these have concentrated on
the optimization of treatment parameters. It is evident that no study has hitherto directly
evaluated and optimized the influence of wear parameters (hardness, normal load, sliding
speed) on mass loss under adhesive wear conditions.

In this context, the optimization of operating conditions becomes essential. Modern
statistical and numerical approaches, such as response surface methodology (RSM), Taguchi
design of experiments, and artificial intelligence techniques (artificial neural networks,
genetic algorithms, Bayesian optimization), provide powerful tools for modeling and
predicting the tribological behavior of materials [14–18]. Recent studies have demonstrated
the effectiveness of these methods in optimizing coatings and surface treatments [19–23].

The objectives of this study are fourfold: The primary objective of this study is to
evaluate and optimize the effect of gas nitriding on the adhesive wear of AISI 4140 steel
under dry sliding conditions. To this end, the study will analyze the influence of key
wear parameters such as hardness, normal load, and sliding speed. In contrast to the
extant literature, which has chiefly concentrated on treatment parameters, this study is
pioneering in its focus on the optimization of wear parameters. The second objective is
to undertake a comparative analysis of disparate predictive models (i.e., RSM, ANN, GA,
Bayesian optimization) with a view to identifying the dominant factors and determining
the most suitable model for this type of study. The overarching ambition of this research
is to provide researchers with a robust methodological framework. The third objective is
to precisely predict mass loss as a function of wear parameters (hardness, sliding speed,
normal load) before it occurs, using intelligent models. This will reduce the need for
extensive experimental testing. The objective of this study is to optimize and analyze the
internal parameters of artificial neural networks. The internal parameters in question are
activation functions, learning algorithms, number of layers and neurons. The purpose of
this analysis is to identify the most effective configuration. This study is pioneering in its
proposal of a comprehensive optimization of ANN architectures applied to adhesive wear
prediction, with the objective of attaining the highest possible level of accuracy.
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This work therefore seeks to fill a gap in the literature by proposing an integrated
approach that combines experimentation and advanced modeling to better understand and
control the adhesive wear of nitrided alloy steels. The expected results are of direct indus-
trial relevance, contributing to the extension of component lifetime and the improvement
of mechanical system reliability.

2. Materials and Methods
2.1. Material and Treatments

AISI4140 steel, a low-alloy steel that complies with the European standard, was chosen
as the study material for this research. The detailed chemical composition of this material
is presented in Table 1.

Table 1. Chemical composition of AISI 4140 steel.

Elements Cr Mn C Si Cu Mo Ni S P Fe

(%) 1.02 0.77 0.41 0.28 0.25 0.16 0.16 0.026 0.019 Bal.

The primary parameters of the gaseous nitriding treatments applied to a series of
AISI4140 steel wear specimens are outlined in Table 2. The filiations of Vickers micro-
hardness, as determined by the SHIMADZU HMV-2000 (SHIMADZU, Tokyo, Japan) under
a 50 gf (HV\0.05) on cross-section, permit the control of the efficiency of each treatment
through the determination of surface hardness (HV max) and the hardened depth. The
results corresponding to each nitriding treatment are collated in Table 2.

Table 2. Nitriding conditions and surface hardening of nitrided layers.

State
Treatment Conditions Microhardness

θn (◦C) t (h) τ (%) HV

NG12

525

12

35

895

NG24 24 1090

NG36 36 930
θn represents the nitriding temperature (◦C), t(h) the nitriding time (h), and τ the ammonia dissociation rate (%).

Wear tests were performed by the double weighing method, on a wear bench, the
specimens rubbing on a wheel animated by a constant speed rotation under the action
of a load. The sample is fixed on the sample holder, the latter is free in translation, and
the load is transmitted to it under the effect of a calibrated spring. The test bench, crafted
from X160CrMoV12 material (Revolon, Tunis, Tunisia) , is distinguished by its hardness of
58 HRC and a roughness Ra of 0.4 µm. As for the test specimens used for the tests, they
have an identical diameter and length of 15 mm (Figure 1). It should be noted that the
wear test is carried out under dry friction conditions at room temperature, thus ensuring
an accurate evaluation of the material’s resistance.

2.2. Methodology

The present study examines the influence of wear parameters on mass loss during
adhesive wear. In order to facilitate an adequate analysis, three principal factors must
be taken into account: firstly, the microhardness of the nitrided parts (HV); secondly, the
normal load (FN); and thirdly, the sliding speed (V). Each of these factors is studied at
different levels. The following factors are presented in Table 3, along with their respective
types and levels.
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Figure 1. Wear test device based on mass loss measurement.

Table 3. Information on the various Factors and levels of the wear parameter.

Factors Type Levels Values

Normal load (N) Continuous 4 100–125–150–175

Hardness (HV) Continuous 3 895–930–1092

Speed (m/s) Continuous 2 4.18–8.30

To optimize the responses more efficiently, the Taguchi plan and the RSM method,
both methods of experiment planning, were used. The Taguchi design was applied using
Minitab Statistical Software 17, while the RSM method was implemented with Design-
Expert 13. This method allows us to find the best result with the minimum possible
tests [13]. A series of 24 tests was carried out, each identified by a distinct number from 1
to 24. The experiment plan that best matched the input parameters was selected, built and
completed with the corresponding response mass loss (∆M/M (%)), which represents the
mass loss following the wear test.

Each test was repeated three times to ensure reproducibility, and new specimens
were used for each repetition in order to avoid any bias due to prior surface damage.
The experimental program was organized three groups of nitrided specimens (NG12,
NG24, and NG36), corresponding to different nitriding durations and hardness levels.
The mass loss (∆M/M (%)) was calculated as the average of the three individual mass
loss measurements obtained for each experimental condition, and this average value was
retained for the analysis. The data relating to confidence intervals (measurement error)
have been compiled in Table 4.

Table 4. Statistical analysis of mass loss as a function of experimental parameters.

Parameter Tested Values Mean (g) Std. Dev. 95% Confidence Interval Pooled Std. Dev.

Hardness (HV)

896 0.2052 0.0885 (0.1434; 0.2670)

0.0840930 0.0973 0.0638 (0.0355; 0.1591)

1092 0.0961 0.0963 (0.0343; 0.1578)

Normal load (N)

100 0.0688 0.0431 (−0.0038; 0.1415)

0.0853
125 0.1024 0.0634 (0.0297; 0.1750)

150 0.1537 0.0948 (0.0811; 0.2792)

175 0.2065 0.1194 (0.1338; 0.2792)

Speed (m/s) 4.18 0.0928 0.0995 (0.0398; 0.1458) 0.0885
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2.3. Prediction by Neural Network

The functionality of artificial neural networks (ANNs) is analogous to that of the
human brain, using weights and biases to perform nonlinear operations [12]. Their applica-
tion has demonstrated reasonably reliable predictions in many cases [15]. ANN methods
are widely employed in modeling, simulation, learning, definition, and prediction [16],
and have specifically been used to predict the wear behavior of materials, with substantial
literature available in this field [22]. To enhance predictive accuracy, variations in network
parameters have been explored, including changes in activation functions, algorithms, and
the number of hidden layers and neurons.

It is evident from the analysis of the experimental results that the normal load (FN),
the sliding speed (V), and the maximum surface microhardness (HV) are the most critical
factors for studying the wear resistance of nitrided layers. These factors thus constitute the
inputs of the neural network. The experimental data collected for this study is divided into
three sets: a training dataset (70%), a test dataset (15%), and a validation dataset (15%) [22].
The experimental design encompasses 135 tests: A total of 95 samples are utilized for the
training of the network, while an additional 20 samples are selected for the purpose of
validation and testing. A fixed data split method was adopted rather than cross-validation,
as the dataset size was sufficient to ensure stable and representative training, testing, and
validation subsets. In the field of artificial neural network architecture, a range of structures
have been advanced for process modeling. These include the multilayer perceptron (MLP)
and the radial basis function (RBF). In this study, an artificial neural network (ANN)
employing the feed forward-back propagation algorithm was adopted for modeling and
testing using MATLAB software. In the subsequent analysis, architectures with varying
numbers of hidden layers and neurons in each hidden layer for the three selected activation
functions will be examined.

- Hyperbolic: an S-shaped mathematical function, takes real values as input and re-
turns values between −1 and 1, it improves data symmetry and often accelerates
convergence.

tansig(x) =
exi − e−xi

exj − e−xj (1)

- Sigmoid: also S-shaped, takes real values as input and returns values between 0 and 1,
chosen for its ability to model nonlinear relationships and compress values into the [0, 1]
range, which facilitates convergence and stabilizes the learning process.

logisig(x) =
1

1 + e−xi (2)

- Linear: returns the same value that it receives as input and is often used in the last
layer of a neural network for regression tasks. it allows the network to reproduce
quasi-linear relationships and serves as a benchmark against nonlinear functions.

After choosing the activation function, we determine the variables measuring perfor-
mance for each combination for the different learning algorithms [13]:

- TRAINLM: learning by the Levenberg–Marquardt algorithm (quasi-Newton method),
known for its speed and accuracy in nonlinear regression problems, particularly
suitable for medium-sized networks.

- TRAINSCG: learning by scaled conjugate gradient (SCG) that is more memory-efficient
and suitable for larger or more complex networks,

- TRAINBR: version of trainlm but with automatic weight moderation, that incorporates
automatic weight regularization, reducing the risk of over fitting and improving
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generalization capability. The architecture and details of the neural network are
illustrated in Table 5. The internal architecture of the three layers is illustrated in
Figure 2.

  
(a) (b) 

 
(c) 

Figure 2. Internal architecture of the neural network: (a) one layer, (b) two layers and (c) three layers.

Table 5. Neural network architecture.

Factors Hardness (HV)–Normal Load (N)–Speed (m/s)

Response Mass loss (%)

Activation function Sigmoid–Hyperbolic–Linear

Learning algorithms Trainlm–Trainbr–Trainscg
Number of layers 1–2–3

Number of neurons 10–11–12

Data report 70–15–15

Tool Matlab 2019a

The performance of the algorithms will be measured for each combination of hidden
layers and the number of neurons for each activation function. The results obtained
from these combinations will be collected and compared, and the best possible result
from each algorithm for the three hidden layers will be extracted. These data will be
summarized in Table 4. The choice of architectures with 1 to 3 hidden layers and 10 to
12 neurons was guided by the need to balance model complexity and the risk of over
fitting. One to three layers allow the exploration of increasing levels of nonlinearity
without excessively increasing computational cost, while the range of 10–12 neurons
ensures sufficient approximation capacity without numerical instability. Several random
trials and repeated tests were carried out to confirm that these ranges provide the most
reliable performance and guarantee the robustness of the results. These data will be
summarized in Table 4.

In Table 4, the correlation coefficient R and the mean squared error (MSE) will be
indicated. The MSE, used as a cost function, will help determine which combination best
fits the problem of predicting mass loss. The expression for MSE is as follows:

MSE =
1
n∑n

k=1(yk − tk)
2 (3)
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Thus, we calculated the square root RMSE (Root Mean Squared Error) to compare
them and choose the best possible result. Its expression is indicated below:

RMSE =

√
1
n∑n

k=1(yk − tk)
2 (4)

3. Results
3.1. Surfaces Responses

The raw signal-to-noise ratios were calculated according to the Taguchi methodology.
For each factor studied, the signal-to-noise (S/N) ratio was determined from the experi-
mental values of the response (mass loss). In this case, the criterion “smaller-is-better” was
adopted, since the objective was to minimize mass loss. The formula used is:

S
N

= −10 × log10(
1
n∑n

i=1 y2
i )

where yi represents the measured value of mass loss in experiment i, and n is the number
of repetitions.

An analysis of the response table for raw signal ratios (Table 6) reveals that normal load
is the most significant factor affecting material loss. This is followed by hardness and then
sliding speed. This suggests that it would be prudent to prioritize normal load, followed
by hardness, and finally sliding speed, in order to optimize experimental conditions and
minimize mass loss.

Table 6. Responses for raw signal ratios.

Level Hardness (HV) Normal Load (N) Speed (m/s)

1 14.57 25.34 24.34

2 22.10 21.71 16.10

3 24.01 18.48 -

4 - 15.36 -

Delta 9.44 9.98 8.24

Rank 2 1 3

The application of normal load exerts a direct effect on the contact surface, thereby
increasing pressure, shear stress, and local temperature. This, in turn, leads to an inten-
sification of adhesive wear mechanisms. In comparison, hardness enhances resistance to
penetration and plastic deformation, though its efficacy is constrained under high loads.
The influence of sliding speed is more variable, depending on thermal conditions and
oxidation phenomena. In such cases, sliding speed can either accelerate or reduce wear. A
number of recent studies have corroborated the notion that normal load remains the most
decisive factor in adhesive and abrasive wear processes.

Indeed, the graphical analysis of the main effects for raw signal ratios (Figure 3a)
demonstrates that the maximum mass loss is attained for a maximum normal load level of
175 N. In a similar manner, the minimum mass loss is attained for a minimum hardness of
895 HV.

It is therefore evident that these two factors have a significant impact on mass loss.
In a similar manner, it was observed that the hardness of the steel, measured at 1092 HV
and obtained by gas nitriding over a period of 24 h, allowed for minimization of the steel’s
mass while achieving a satisfactory result in terms of resistance and durability. Conversely,
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when a component was subjected to nitriding for a duration of 36 h, resulting in a hardness
of 930 HV, the outcome proved to be less optimal.

(a) 

 
(b) 
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Figure 3. Main effects: (a) plot for signal-to-noise ratios and (b) Pareto diagram.

This can be attributed to a phenomenon known as nitrogen saturation, during nitriding,
nitrogen is incorporated into the surface layer of the steel. However, there is a limit to the
amount of nitrogen that the steel can absorb [24]. These results indicate that the increase
in hardness obtained by gas nitriding is very significant and can positively influence the
results by significantly reducing mass loss during adhesive wear. To do this, it is important
to choose the nitriding conditions well, taking into account time constraints [25].

In the Pareto diagram (Figure 3b), a significance limit of 2.131 is established. The
effects of factors considered statistically significant are represented by bars that exceed this
limit. The limit of 2.131 corresponds to the critical value of Student’s t-distribution (t-value)
at a 95% confidence level. It is determined from the degrees of freedom (df) of the residuals
in the ANOVA, which represent the variability not explained by the model. The degrees of
freedom are calculated as:

dfresiduals = Ntotal − Nestimatedparameters

where Ntotal is the total number of experiments and Nestimatedparameters is the number of
factors and interactions included in the model.

Thus, the value 2.131 is directly obtained from Student’s distribution tables for α = 0.05
(95% confidence) and the corresponding degrees of freedom. Effects whose absolute t-value
exceeds this threshold are considered statistically significant.
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The most important factors, ranked in descending order of importance, are normal
load, hardness, and sliding speed. The square of hardness is also considered statistically
significant. The effects of factors that are not considered statistically significant are rep-
resented by bars that do not exceed the significance limit. These factors, having a lesser
effect on the studied response, can be ignored from the analysis, it is important to note that
the interactions between these factors are not statistically significant. This means that the
combined effect of these factors on the studied response is not significant enough to be
considered significant.

3.2. Regression Equation

An alternative approach was explored using the genetic algorithm to optimize the vari-
ables of the adjustment equation. From a methodological perspective, the hybrid approach
adopted in this work (CCD-RSM, optimization by genetic algorithm, and ANN) aligns with
the conclusions of Huang et al. [25] which show that combining statistical methods with
artificial intelligence tools enhances predictive accuracy and model robustness. The genetic
algorithm functions by means of the systematic modification of the variables of the adjust-
ment equation, in accordance with a specific program. This process bears a resemblance
to the gradual modification of genes over successive generations in the course of natural
evolution. The objective of this systematic modification is to achieve the greatest possible
accuracy between the experimental and optimal models, taking into account several factors
simultaneously. The algorithm was able to further optimize the response, taking into
account factors such as normal load, hardness, and speed. The regression equation that
was obtained is presented herewith:

∆M/M(%) = 14.5 − 0.0276 × HV − 0.00005 × FN − 0.088 × V + 0.000013 × HV2 + 0.000008 × FN2− 0.0000009 ×
HV × FN + 0.000092 × HV × V + 0.000129 × FN × V.

(5)

3.3. RSM Method
3.3.1. Regression Models

Table 7 presents the multiple regression coefficients (R2) derived from the least squares
technique to predict the model based on the second-order polynomial. The p values
(p < 0.05) indicate that the effects resulting from hardness and normal load are significant.
The R2 values demonstrate that the regressed models are satisfactory and adequately
correspond to the experimental data. Furthermore, values greater than 0.1 indicate that the
model terms are not significant. The experimental and predicted results were found to be
approximately the same.

Table 7. Estimated regression coefficients, corresponding p values and variance analysis for the final
regression model.

Source Sum of Square df Mean Square F-Value p-Value

Model 0.1367 3 0.0456 6.84 0.0024

A-Hardness 0.0391 1 0.0391 5.87 0.0251

B-Normal load 0.0827 1 0.0827 12.40 0.0021

C-Speed 0.0149 1 0.0149 2.24 0.1498

Residual 0.1333 20

Cor total 0.2699 23
p < 0.01 highly significant; 0.01 < p < 0.05 significant; p > 0.05 not significant.
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The F value of the model, 6.84, indicates that the model is statistically significant. The
probability of such a large F value occurring due to noise is negligible, with a mere 0.24%
chance according to Table 6. The predicted R2 of 0.3119 is in reasonable agreement with
the adjusted R2 of 0.4323, with the difference being less than 0.2. The Adeq Precision, a
measurement of the signal to noise ratio, has been calculated to be 8.999, indicating an
adequate signal. It is considered that a ratio greater than 4 is desirable, and this model
can be used to navigate the design space. The hardness, normal load, and wear speed
are contingent on the effects obtained from the linear, quadratic, and the interaction of
the studied variables. Subsequently, upon incorporating the determined coefficients, the
expression of the coefficient provided in Equation (6) is as follows:

∆M/M(%) = 0.1379 − 0.0462 × HV + 0.0787 × F + 0.0250 × V (6)

3.3.2. Effect of Independent Variables on Mass Loss

Figure 4 displays the normal probability plots of mass loss, generated from the CCD
matrix. These plots reveal a pronounced linear trend with minimal deviations from the
regression line, indicating a strong linear correlation. Even extreme values adhere to this
trend, reinforcing the notion of a robust linear relationship. Additionally, no significant
outliers were observed compared to the normal distribution, confirming the validity of the
CCD matrix for parameter interaction (p > 0.05).
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Figure 5 presents a three-dimensional (3D) model and plot surfaces, As shown in
Figure 5a, increasing the hardness of the parts at a fixed sliding speed of 6.24 m/s and a fixed
normal load of 137.5 N reduces mass loss to −0.1, due to the textural and morphological
modification of the white layer and the nitriding diffusion layer, as confirmed by several
authors [19]. Increasing the normal load for a fixed hardness of 798 HV up to 122.5 results
in a mass loss of 0.2%, and a further increase to 182.5 leads to dangerous wear above 0.3%
(Figure 5b). Similarly, increasing the sliding speed to 4.78826 m/s for a constant hardness
of 572.746 HV also results in dangerous wear above 0.3%. However, For a hardness greater
than 964 HV, the sliding speed does not have a notable influence. Figure 5c illustrates both
the normal load and sliding speed at a fixed hardness of 994 HV. A wear force varying from
170 to 212.5 and a sliding speed varying from 5 to 10 m/s result in catastrophic wear and a
mass loss reaching 0.4%. The interaction between these two variables led to a weak layer.

The response optimizer, illustrated in Figure 6, is an effective tool for determining
the optimal values of several parameters, including hardness (H), normal load (F), and
speed (V). To validate the predictions of this tool, confirmation experiments were carried
out using the optimal parameters predicted represented by blue points according to the
response surface method (RSM). The optimal values obtained were 1075.85 HV for hard-
ness, 101.532 N for normal load, and 4.24848 for speed, producing a response of 0.00036,
represented by a red point. These results confirm the effectiveness of the response optimizer
in predicting optimal conditions.
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Figure 5. Surface plot and its corresponding contour plot showing the interactions between the
variables affecting Mass loss: (a) interaction H-F, (b) interaction H-V and (c) interaction F-V.
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Figure 6. Specific value for all responses under the optimized conditions.

3.4. Artificial Neural Network Models
3.4.1. Prediction

As illustrated in Table 8, a comprehensive analysis of the most reliable predictions
is provided, with those predictions that display correlation coefficients approaching a
maximum of 1 for each algorithm and each number of hidden layers for the three activation
functions. The predictions are derived from the training, validation, and test phases. In or-
der to circumvent the issue of over fitting (whereby the prediction model adapts excessively
well to the training data, thereby compromising its capacity to generalize correctly to new
data), the mean square error (MSE) and its square root (RMSE) are calculated subsequently.
This approach ensures that the model’s performance is evaluated comprehensively, thus
avoiding the issue of over fitting.
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Table 8. Summary of the best predictions of each activation function.

Configuration Results

Activation
Function Algorithms Number of

Layers
Number of

Neurons Training Test Validation R MSE RMSE

Sigmoid

Trainlm 1 12 0.9720 0.9805 0.9730 0.9721 0.0007 0.0275

Trainlm 2 12 0.9827 0.9816 0.9822 0.9814 0.0005 0.0022

Trainlm 3 10 0.9854 0.9949 0.9835 0.9878 0.0004 0.02

Sigmoid

Trainscg 1 11 0.9336 0.9795 0.9533 0.9419 0.0015 0.0398

Trainscg 2 10 0.9609 0.9870 0.9720 0.9649 0.0009 0.0308

Trainscg 3 12 0.9540 0.9525 0.9818 0.9750 0.0015 0.0039

Sigmoid

Trainbr 1 10 0.9836 0.9759 - 0.9843 0.0004 0.0213

Trainbr 2 12 0.9831 0.9927 - 0.9878 0.0003 0.0179

Trainbr 3 10 0.9867 0.9845 - 0.9859 0.0003 0.0195

Hyperbolic

Trainlm 1 10 0.9887 0.9810 0.9757 0.9842 0.0004 0.2147

Trainlm 2 12 0.9825 0.9938 0.9904 0.9839 0.0005 0.0229

Trainlm 3 10 0.9810 0.9973 0.9947 0.9859 0.0004 0.0219

Hyperbolic

Trainscg 1 10 0.9660 0.9573 0.9652 0.9616 0.0010 0.0318

Trainscg 2 12 0.9539 0.9869 0.9701 0.9596 0.0011 0.0336

Trainscg 3 10 0.9547 0.9808 0.9815 0.9583 0.0010 0.0327

Hyperbolic

Trainbr 1 12 0.9814 0.9731 - 0.9842 0.0004 0.0214

Trainbr 2 12 0.9877 0.9889 - 0.9854 0.0004 0.0200

Trainbr 3 11 0.9852 0.9903 - 0.9859 0.0003 0.0196

Linear

Trainlm 1 11 0.8033 0.8033 0.8033 0.8247 0.0044 0.02

Trainlm 2 11 0.9335 0.9335 0.9335 0.8433 0.0038 0.0620

Trainlm 3 12 0.8811 0.8811 0.8811 0.8245 0.0044 0.0663

Linear

Trainscg 1 12 0.8018 0.8018 0.8018 0.8245 0.0044 0.0039

Trainscg 2 12 0.9080 0.9080 0.9080 0.8345 0.0042 0.0653

Trainscg 3 11 0.9483 0.9483 0.9483 0.8246 0.0044 0.0663

Linear

Trainbr 1 12 0.8249 0.8249 - 0.8246 0.0044 0.0211

Trainbr 2 12 0.9334 0.9334 - 0.8521 0.0034 0.0529

Trainbr 3 11 0.8249 0.8249 - 0.8501 0.0031 0.0559

Following a thorough evaluation of the results, it was determined that the sigmoid
function, in conjunction with the Bayesian regularization algorithm that employs the
‘trainbr’ function for learning, is most effective when utilized within the following network
structure: The employment of 12 neurons at the input, in conjunction with two hidden
layers (12 trainbr 2), has been demonstrated to facilitate the attainment of a correlation
coefficient that approaches 1.0, in addition to achieving the minimization of the mean
square error value, which is determined to be 0.000321.

As illustrated in Figure 7, the experimental values are plotted against their correspond-
ing predicted values. A thorough analysis of this figure reveals that the intersection points
between the experimental values and the estimated values are in close proximity to the
median line for the training and validation sets. This observation serves as a testament to
the efficacy of the ANN model. Following the verification of the optimal result obtained by
the neural network, a comparison was made between the value obtained by the prediction
and that obtained through experimental means.
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Figure 7. Experimental values as a function of their predicted values.

This comparison facilitated the verification of the prediction model’s accuracy in rela-
tion to the experimental data, as well as the analysis of the discrepancies between the two.
The quality of the prediction model was thus able to be evaluated, and adjustments were
made if necessary to improve its accuracy. In order to facilitate this comparison, a curve
was plotted representing the values obtained by the prediction and the values obtained
through experimental means. The utilization of this curve facilitated the visualization of
the disparities between the two datasets, thereby enabling the assessment of the quality of
the prediction model.

The prediction curve presented in Figure 8 is well adjusted to the experimental curve.
This observation allows concluding that the prediction model is very accurate and reliable.
Similarly, the curves representing the evolution of mass loss as a function of the test
conditions of the experimental and predicted values are almost perfectly superimposed.
This observation indicates that the prediction model is both accurate and reliable in line
with recent trends in AI-based tribological modeling.
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Figure 8. Evolution of mass loss as a function of experimental and predicted values.

In what follows, Figure 9 presents the appearance of the variation in mass loss obtained
by the experimental study and predicted by the retained neural system as a function of the
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test parameters that have a notable influence, namely: normal load F, wear speed Vg, and test
duration for the different states of gas nitriding treatment studied (NG12, NG24, NG36).
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Figure 9. Evolution of mass loss as a function of test conditions, experimental and predicted values:
(a) NG24; V = 8.3 m/s, (b) NG24; V = 4.18 m/s and (c) NG12; V = 8.3 N.

3.4.2. Optimization of the Prediction by Neural Network

We will work with a plan of 27 trials, numbered from 1 to 27. After choosing the
experimental plan corresponding to the input parameters and constructing this plan, we
will fill it with the response correlation coefficient R, These factors, as well as their type and
level, are presented in Table 9.

In this study, initial predictions were generated using MATLAB software. The primary
objective was to optimize these predictions by identifying the most effective combination
of parameters. These parameters included the activation function, the algorithm, the
number of hidden layers, and the number of neurons, all of which were designed to
maximize the correlation coefficient R. To this end, two distinct optimization algorithms
were implemented: the Bayesian algorithm and the genetic algorithm. Bayesian networks
(BNs) are notable for their status as robust probabilistic graphical models with regard to
both modeling and reasoning [19,23–25].

On the other hand, the genetic algorithm, an optimization method inspired by Dar-
win’s theory of evolution, was used to maximize the correlation coefficient R. This algorithm
uses techniques such as selection, mutation, and crossover to generate a population of
possible solutions. After 400 iterations, a correlation coefficient of 0.9962 was obtained
(Figure 10) The optimal parameters were a hyperbolic activation function, the Trainbr
algorithm, eleven hidden layers, and two neurons.
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Table 9. Order of trials.

Order Activation Function Algorithms Number of Layers Number of Neuron R

1 Sigmoid Trainlm 1 10 0.9800

2 Sigmoid Trainlm 1 10 0.9820

3 Sigmoid Trainlm 1 10 0.9842

4 Sigmoid Trainbr 2 11 0.9817

5 Sigmoid Trainbr 2 11 0.9835

6 Sigmoid Trainbr 2 11 0.9862

7 Sigmoid Trainscg 3 12 0.9382

8 Sigmoid Trainscg 3 12 0.9417

9 Sigmoid Trainscg 3 12 0.9636

10 Hyperbolic Trainlm 2 12 0.9788

11 Hyperbolic Trainlm 2 12 0.9808

12 Hyperbolic Trainlm 2 12 0.9814

13 Hyperbolic Trainbr 3 10 0.9822

14 Hyperbolic Trainbr 3 10 0.9842

15 Hyperbolic Trainbr 3 10 0.9859

16 Hyperbolic Trainscg 1 11 0.9215

17 Hyperbolic Trainscg 1 11 0.9331

18 Hyperbolic Trainscg 1 11 0.9419

19 Linear Trainlm 3 11 0.8219

20 Linear Trainlm 3 11 0.8232

21 Linear Trainlm 3 11 0.8246

22 Linear Trainbr 1 12 0.8411

23 Linear Trainbr 1 12 0.8475

24 Linear Trainbr 1 12 0.8495

25 Linear Trainscg 2 10 0.8014

26 Linear Trainscg 2 10 0.8183

27 Linear Trainscg 2 10 0.8213
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Figure 10. Evolution of the mean square error over generations.

Figure 11 is a graph that shows the evolution of the mean square error over generations.
There are error peaks at certain points, indicating a sudden increase in error at these specific
generations.
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Figure 11. Evolution of the mean square error.

The same optimal solution was found by these two algorithms, despite their dif-
ferent approaches. This highlights not only the efficiency of each individual algorithm,
but also the power of their combined use. The hybrid approach adopted in this work
(CCD-RSM, optimization by genetic algorithm, and ANN) aligns with the conclusions of
Huang et al. [25] and recent studies on metallic composites, which show that combining
statistical methods with artificial intelligence tools enhances predictive accuracy and model
robustness. When comparing these two algorithms, it was observed that the Bayesian
algorithm is more focused on exploiting existing information to make precise adjustments,
while the genetic algorithm is more focused on exploring possible new solutions. The use
of these two algorithms in parallel allows for both exploitation and exploration, leading to
more robust and precise solutions.

3.4.3. Comparison of Predicted and Experimental Values

The ANN prediction curve shows a good fit with the experimental curve, which
allows us to conclude that the accuracy of the prediction model is remarkably similar to the
experimental data and very satisfactory. It is observed that the ANN method predicted the
result more accurately than the RMS CCD method, which is also remarkable as can be seen
from the error in Figure 12. On the other hand, a very large margin of error is observed for
the linear regression method.
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Figure 12. Comparison of predicted and actual values.
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4. Conclusions
1. The objective of this study was to analyze the effect of normal load, hardness, and slid-

ing speed on mass loss during the adhesive wear of AISI 4140 steel. The experimental
method was based on a design of experiments, while the numerical approach relied
on artificial neural networks. The analysis demonstrated that all three parameters
were found to be significant. The normal load was identified as the most influential
factor, followed by hardness and speed. The maximum mass loss was observed at a
load of 175 N, whereas the minimum mass loss was obtained at a hardness of 895 HV.

2. The significance of hardness was highlighted by the observation that gas nitriding
for 24 h enabled the attainment of an optimal hardness level, thereby minimizing
mass loss while ensuring satisfactory resistance and durability. Conversely, excessive
nitriding (930 HV for 36 h) resulted in nitrogen saturation, leading to the inefficient
use of time and resources. These findings emphasize the importance of meticulously
controlling nitriding parameters to circumvent inefficient and costly treatments.

3. In the initial phase, the quadratic regression equation was obtained by employing the
Central Composite Design Response Surface Methodology (CCD RSM). However, the
initial results did not achieve an acceptable level of accuracy. In order to enhance the
efficacy of the aforementioned equation, a novel approach was adopted. This entailed
the utilization of a genetic algorithm, a sophisticated computational methodology, to
randomly vary the equation’s variables through a multitude of iterations, numbering
in the hundreds. This optimization had a substantial impact on the robustness of the
regression model, enabling it to attain a satisfactory level of precision.

4. The predictive analysis employing artificial neural networks (ANN) demonstrated
that optimal outcomes were attained with a hyperbolic activation function, the trainbr
algorithm, three hidden layers, and 11 neurons at epoch 27. The ANN method yielded
highly accurate results, demonstrating excellent agreement with the experimental
data. Conversely, the genetic algorithm, when utilized as a standalone predictive
instrument, was determined to possess a reduced degree of accuracy in the context of
modeling adhesive wear.

5. From an industrial perspective, the present study proposes a predictive tool capable
of anticipating mass loss without the necessity for systematic experimental testing.
This will result in time and cost savings for precision engineering industries. The
findings can be directly applied to optimize nitriding conditions and wear parameters
in real applications, particularly for gears, shafts, and components operating under
dry sliding conditions.

6. In terms of future research, it would be valuable to extend this approach to other wear
mechanisms (abrasive, corrosive), to different alloyed steels, and to integrate more
advanced neural network architectures (deep learning, convolutional networks) to
further improve predictive accuracy. Furthermore, experimental validation under real
industrial conditions would enhance the transferability and practical relevance of the
proposed methodology.
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