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Abstract—The objective of this study is to investigate and 
predict wear behavior in contacting surfaces through an 
integrated approach that combines Continuum Damage 
Mechanics (CDM) and Artificial Neural Networks (ANN). 
Pin on disk wear experiments were performed under dry 
conditions using three engineering materials ST37, C45E4, 
and Al7075 with variations in load, sliding speed, and 
hardness systematically designed using a full factorial Design 
of Experiments (DOE). The CDM model quantified material 
degradation and estimated wear coefficients, which were 
then used as training data for a feed-forward  
back-propagation ANN. Both models were validated against 
independent experimental data. Results indicate that the 
ANN model achieved high prediction accuracy (average 
error <5%), outperforming the CDM model (average  
error ≤12%). Scanning Electron Microscopy (SEM) revealed 
adhesive wear as dominant in the steels, while Al7075 
exhibited reduced wear due to higher hardness. The 
interaction effects showed that load and sliding speed have 
significant influences on wear, whereas hardness plays a 
secondary role. The findings establish a robust framework 
for wear prediction, process optimization, and potential  
real-time monitoring in engineering applications, 
demonstrating the effective integration of physics-based and 
data-driven modeling in predictive tribology. 
 
Keywords—tribology, surface wear, Continuum Damage 
Mechanics (CDM), steady-state, Artificial Neural Network 
(ANN) 
 

I. INTRODUCTION 

Tribology remains a vital field of study in modern 
engineering, influencing nearly every aspect of industrial 
and daily life. Among its fundamental phenomena, wear is 
a complex process involving the progressive removal or 
alteration of material from contacting surfaces due to 
mechanical interactions such as friction, adhesion, 
abrasion, erosion, or cyclic stresses. This phenomenon 
critically affects the performance, lifetime, and reliability 
of mechanical systems across diverse applications. 
Understanding wear mechanisms typically classified into 
adhesive, abrasive, and fatigue wear is essential for 
optimizing material selection, lubrication, and operating 
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parameters to reduce energy consumption, minimize 
component failure, and enhance system durability. Despite 
decades of research, the integrative evaluation of classical 
mechanical models and Artificial Intelligence (AI)-based 
methods for wear prediction remains limited, particularly 
for specific material combinations and contact  
conditions [1]. 

Wear through fatigue mechanisms explains why harder 
materials may still experience wear when in contact with 
softer counterparts, indicating that adhesive wear 
encompasses both adhesion and fatigue processes [2]. 
Archard’s [3] law provided the first quantitative 
framework for adhesive wear, relating wear volume to 
applied load, sliding distance, and material hardness. 
Continuum Damage Mechanics (CDM) further extended 
this understanding by offering a physics-based framework 
for quantifying material degradation, linking damage 
evolution to the reduction in elastic modulus and enabling 
the estimation of asperity strength and wear  
coefficients [4–20]. Notable works by Beheshti and 
Khonsari [13], Ghatrehsamani et al. [14–17, 19], and 
Salehi et al. [18, 20] applied CDM to predict wear 
behavior under varying loading, environmental, and 
contact conditions, including dry, lubricated, and so forth. 

However, due to the limitations of purely mechanical 
approaches such as their dependence on simplifying 
assumptions and limited adaptability advanced AI 
techniques have been increasingly adopted to model 
complex tribological phenomena. Artificial Neural 
Networks (ANNs), in particular, have shown remarkable 
ability to learn nonlinear relationships from experimental 
data and deliver rapid, accurate predictions [21, 22]. 
Although ANN is considered a classical AI technique 
rather than an advanced one, it was selected in this study 
due to its proven reliability, interpretability, and suitability 
for comparison with the CDM model; moreover, its 
combination with other modeling approaches has 
continued to enhance prediction accuracy in various 
mechanical engineering applications. Early applications 
include studies by Jones et al. [23] on polymeric bearings, 
followed by Velten et al. [24], Palanisamy et al. [25], 
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Bagga et al. [26], and others who successfully applied 
ANN to wear prediction in metals, wheels, and  
rails [27–31]. These efforts demonstrate the potential of 
AI-based approaches to complement or even surpass 
conventional predictive models, especially when large and 
high-quality experimental datasets are available. 

To address the limitations of previous studies, this 
research develops and compares two predictive 
frameworks for wear: a physics-based CDM model and a 
data-driven ANN model. Pin-on-disk experiments are 
performed on three engineering materials ST37, C45E4, 
and Al7075 with different hardness levels and mechanical 
properties. Using a systematic factorial design, the study 
investigates the influence of load, sliding speed, and 
hardness on wear and validates model predictions against 
experimental data. The novelty of this study lies in 
integrating a physics-based CDM model with a  
data-driven ANN to predict wear behavior under various 
contacting surface conditions, bridging the gap between 
constitutive damage modeling and intelligent prediction 
techniques in tribological analysis. 

The remainder of this paper is organized as follows: 
Section II introduces the modeling approaches, including 
the CDM and ANN formulations. Section III describes the 
experimental setup and methodology. Section IV presents 
the results, discussion, and analysis of wear mechanisms. 
Finally, Section V concludes the paper with key findings 
and implications for future work. 

II. MODELLING 

In this research, the potential of the artificial neural 
network technique with the continuum damage mechanics 
method to analyze and predict the wear behavior of 
components during surface contact has been investigated. 

A. Development of CDM Model 

In this study, the baseline continuum damage mechanics 
model was extended through (i) material-specific 
calibration for C45E and Al7075, (ii) incorporation of heat 
treatment dependent mechanical properties, and (iii) 
coupling the CDM formulation with ANN for enhanced 
wear prediction. The integration of ANN with  
physics-based models, such as CDM, has been 
demonstrated to enhance predictive accuracy and 
generalization in wear analysis, as reported in previous 
studies [23–26, 28]. This study utilizes the damage 
definition introduced by Lemaitre [8]. The CDM model 
can accurately estimate the cycle count leading to failure, 
meaning crack initiation. When the damage parameter 
reaches its critical limit, crack initiation occurs, and the 
cycle ends. The critical damage parameter value for 
materials is obtained by tensile and fatigue testing [12]. 
Thus, the damage parameter is calculated per cycle from 
Eq. (1). The wear coefficient is determined by recording 
the number of cycles (j) completed until failure  
𝑊௞ ൌ 1 ሺ3𝑗ሻ⁄ . 
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where C indicates the cyclic hardening modulus, R is the 
cyclic hardening exponent, 𝑆௙ is the fatigue limit, and 𝜎௙ 
defines the true failure stress [13].  

Eq. (1) is true if 𝜎௠௔௫ ൒ 𝑆௙ , otherwise  
𝐷஺ூሺ௝ሻ ൌ 𝐷஺ூሺ௝ିଵሻ . ∆𝜀௜ሺ௝ሻ , ∆𝜀௙ሺ௝ሻ , ∆𝜀௧ሺ௝ሻ , and ∆𝜀௧ሺ௝ሻ  are 

initial, final plastic, threshold strain, and threshold plastic 
strain of damage growth in jth cycle, respectively and are 
obtained in terms of stress from Eqs. (2)–(4). 
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Under compressive loading and forward shear force, it 
can be suggested that cracks initiate and propagate through 
shear, leading to 𝜎௠௔௫ ൌ 𝜇௝𝑓௣ [16]. In the first cycle, 𝜎௠௜௡ 
is zero. The CDM model was computed using an in house 
MATLAB based finite element framework, chosen for its 
numerical efficiency, ease of implementing custom 
constitutive laws, and seamless integration with neural 
networks. 

B. The Structure of the ANN Model 

In this study, the feed-forward back-propagation neural 
network is utilized to predict component wear in systems 
experiencing relative motion. This neural network 
architecture comprises an input layer, one or more hidden 
layers where the relationships between inputs and outputs 
are modeled and encoded via the CDM model, and an 
output layer that generates the corresponding outputs 
(wear). The precision of the prediction relies heavily on the 
quality and effectiveness of the training process. The 
architecture of a feed-forward, three-layer back 
propagation neural network is depicted in Fig. 1.  

In this study, the ANN was trained using data generated 
from the CDM model rather than employing a Physics 
Informed Neural Network (PINN). While PINNs 
inherently integrate governing equations into the learning 
process, their implementation typically demands extensive 
computational resources and complex equation handling. 
The proposed ANN-CDM hybrid model, however, offers 
a more practical framework that preserves the physical 
basis of the CDM model while leveraging the ANN’s 
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capacity for nonlinear regression and generalization. This 
approach achieves high predictive accuracy with reduced 
computational cost and implementation complexity. 

 
  

 
Fig. 1. The design of the artificial neural network model. 

The configuration of the ANN is denoted as 3:3:1, 
indicating three neurons in the input layer, three in the 
hidden layer, and one in the output layer. The single 
neuron in the output layer represents the predicted 
component wear value. The inputs to the network speed, 
load, and hardness are used to evaluate component wear. 
The optimal number of neurons in the hidden layer, 

determined through experimentation with various 
configurations, was found to be three. It is worth noting 
that no definitive rule exists for selecting the number of 
hidden neurons. The learning process relies on the back 
propagation algorithm. 

Error signals, generated from the difference between the 
calculated and actual outputs, are propagated backward 
from the output layer to preceding layers to adjust their 
weights. The hidden layer begins with a single neuron, and 
additional neurons are incrementally introduced. This 
process continues until no significant enhancement in the 
network’s performance is observed. The network’s 
accuracy is assessed using the mean squared error between 
observed and predicted values during training. When the 
average error falls below the predefined target threshold, 
the training process concludes, and the neural network is 
ready for validation. 

III. EXPERIMENTAL DETAILS 

The laboratory tests have aimed to validate the wear 
predictions for realistic materials and then to train an 
artificial neural network. 

TABLE I. MATERIAL PROPERTIES (FROM EXPERIMENTAL MEASUREMENTS) [17] 

Condition Sample 𝑬 (GPa) 𝝆 (gr/mm3) 𝑺𝒇 (GPa) 𝝈𝒇 (GPa) 𝒇𝒑 (GPa) 𝑹 𝑪 (GPa) 𝑫𝒄𝒓 𝒉 (GPa) 

Simple 

ST37 200 0.00785 0.20 0.37 0.25 ~15 0.42 0.60 1.47 

C45E 210 0.00785 0.30 0.58 0.40 ~18 0.65 0.42 1.96 

Al7075 72 0.00281 0.16 0.50 0.35 ~10 0.30 0.30 1.60 

Heat 
Treated 

ST37 200 0.00785 0.24 0.42 0.20 ~15 0.50 0.70 1.67 

C45E 210 0.00785 0.55 0.75 0.50 ~20 1.00 0.60 2.50 

Al7075 72 0.00281 0.18 0.50 0.25 ~8 0.20 0.20 1.77 

A. Identification of Process Variables and Experimental 
Design 

The tribological tests were carried out using a standard 
pin-on-disk configuration, in which the pin (made of 
bearing steel with a hardness of 220 HV) was stationary 
while the disk (specimens of ST37, C45E, and Al7075) 
rotated and served as the counter face material. The 
chemical compositions of the materials used in this study 
were taken according to ASTM standards. ST37 (ASTM 
A36 equivalent) is a mild structural steel containing 
approximately 0.17% C, 1.4% Mn, and small amounts of 
Si, P, and S. C45E (AISI 1045 equivalent) is a medium 
carbon steel with about 0.45% C and 0.75% Mn. Al7075 
(ASTM B209) is an aluminum alloy consisting mainly of 
Al with alloying elements Zn (≈5.6%), Mg (≈2.5%), Cu 
(≈1.6%), and small additions of Cr and Fe. The disks are  
5 mm thick and 50 mm in diameter, and the pins are 
cylindrical with a diameter of 17 mm. The material 
specifications of the work piece (disks) used in the 
experiment are detailed in Table I. ST37 is a low-carbon 
structural steel commonly used in manufacturing and 
construction due to its good weld ability and ductility. It 
serves as a baseline material with relatively low hardness. 
C45E4 is a medium-carbon steel with higher strength and 
hardness compared to ST37. Al7075 is a high-strength 
aluminum alloy known for its lightweight properties and 

excellent fatigue resistance, extensively used in aerospace 
and transportation industries. The selection aimed to cover 
a wide range of mechanical behaviors, from ductile  
low-hardness steel to high-strength aluminum, to test the 
robustness and generalizability of the predictive models. 
The samples to be hardened are placed inside the furnace 
and heated to a temperature of 250 °C. The samples are 
retained at this temperature for a period of two hours, after 
which they are rapidly cooled (water quenching). 
Light/low-temperature heat treatments (e.g., hardening up 
to ~250 °C or stress relief) usually do not significantly 
affect the Young’s modulus, although hardness and tensile 
strength may increase. 

Mechanical properties for C45E and Al7075 were 
experimentally determined through tensile and hardness 
tests (with the SANTAM STM-50 tensile testing machine 
(ASTM E8/E8M)), while CK45 properties were adopted 
from Ref. [17] for comparison. The hardness values 
included in the analysis represent the variations induced by 
the applied heat treatments and were incorporated as 
essential CDM model inputs to assess the model’s 
robustness across materials with distinct hardening 
responses. Key process parameters influencing specimen 
wear, such as speed (𝑆௏), load (𝐹௅), and hardness (h), have 
been chosen as factors for performing the experiments and 
for developing CDM models. The tribological test 

1 
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parameters were selected with reference to relevant 
industrial applications and existing literature, ensuring 
realistic wear conditions while maintaining test 
repeatability and avoiding thermal or mechanical 
distortions. To investigate the influence of these factors on 
wear behavior, a three-level, three-factor full factorial 
Design of Experiments (DOE) was implemented. This 
method was selected to allow systematic evaluation of all 
main effects and interactions among the variables. The test 
levels for each parameter are already embedded in the test 
matrix and summarized through experimental results in 

Table II. Hardness values were also varied through 
material selection and heat treatment (see Table I). 

TABLE II. LEVELS OF TEST PARAMETERS USED IN THE FULL 

FACTORIAL DESIGN 

Parameter Symbol Level 1 Level 2 Level 3 
Sliding speed (m/s) 𝑆௩ 0.1 0.2 0.3 

Normal Load (N) 𝐹௅ 10 20 30 

Hardness (GPa) ℎ ~1.47 ~1.96 ~2.50 

 

TABLE III. THE EXPERIMENTAL RESULTS 

Experimental Sets Exp. No 
Speed 
(m/s) 

Load 
(N) 

Hardness 
(GPa) 

Mean COF 
Wear Volume 

(mm3) 

The first set of experimental 

1 0.1 10 1.47 0.40 1.52 
2 0.1 10 1.96 0.39 1.43 
3 0.1 10 1.60 0.41 1.70 
4 0.1 20 1.47 0.43 2.75 
5 0.1 20 1.96 0.41 2.15 
6 0.1 20 1.60 0.45 3.30 
7 0.1 30 1.47 0.44 3.69 
8 0.1 30 1.96 0.43 3.25 
9 0.1 30 1.60 0.49 4.59 
10 0.2 10 1.47 0.45 2.00 
11 0.2 10 1.96 0.43 1.85 
12 0.2 10 1.60 0.50 2.31 
13 0.2 20 1.47 0.50 3.35 
14 0.2 20 1.96 0.49 3.12 
15 0.2 20 1.60 0.52 4.76 
16 0.2 30 1.47 0.50 6.87 
17 0.2 30 1.96 0.50 5.54 
18 0.2 30 1.60 0.55 7.33 
19 0.3 10 1.47 0.53 3.65 
20 0.3 10 1.96 0.51 3.41 
21 0.3 10 1.60 0.55 4.11 
22 0.3 20 1.47 0.53 5.34 
23 0.3 20 1.96 0.52 4.56 
24 0.3 20 1.60 0.56 5.98 
25 0.3 30 1.47 0.55 8.87 
26 0.3 30 1.96 0.54 7.94 
27 0.3 30 1.60 0.61 9.50 

The second set of 
experimental 

1 0.1 10 1.67 0.39 1.23 
2 0.1 10 2.50 0.36 1.13 
3 0.1 10 1.77 0.41 1.60 
4 0.1 20 1.67 0.41 2.18 
5 0.1 20 2.50 0.38 1.79 
6 0.1 20 1.77 0.45 2.84 
7 0.1 30 1.67 0.43 3.50 
8 0.1 30 2.50 0.39 3.15 
9 0.1 30 1.77 0.49 4.52 
10 0.2 10 1.67 0.45 1.42 
11 0.2 10 2.50 0.43 1.15 
12 0.2 10 1.77 0.50 1.95 
13 0.2 20 1.67 0.49 3.00 
14 0.2 20 2.50 0.44 2.84 
15 0.2 20 1.77 0.52 3.62 
16 0.2 30 1.67 0.49 6.00 
17 0.2 30 2.50 0.45 5.32 
18 0.2 30 1.77 0.55 6.50 
19 0.3 10 1.67 0.51 1.45 
20 0.3 10 2.50 0.48 2.00 
21 0.3 10 1.77 0.56 2.35 
22 0.3 20 1.67 0.52 4.23 
23 0.3 20 2.50 0.50 4.02 
24 0.3 20 1.77 0.60 4.75 
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Dry sliding wear tests (with Pin-on-Disc Wear Tester 
(ASTM G99)) have been conducted on these specimens at 
three different speeds (0.1, 0.2, and 0.3 m/s). Three distinct 
loads (10, 20, and 30 N) have been applied to specimens 
made of ST37, C45E, and Al7075 with varying hardness 
levels (before and after heat treatment at 250 °C). The 
sliding speeds and normal loads were selected to verify the 
stable and accurate operation of the pin-on-disk tribometer 
within its functional range. Hardness was considered as an 
input parameter, representing an intrinsic material 
property that influences wear behavior under identical test 
conditions. The three hardness values listed in Table II 
correspond to the materials ST37, C45E, and Al7075 alloy. 
The hardness values of the materials were measured using 
the Vickers microhardness test (HV) according to ASTM 
E384 standards. The obtained hardness values were 
converted into GPa for consistency with input parameters 
used in the numerical models. Each test was repeated at 
least three times to ensure the repeatability of the results, 
and the average of these repetitions was considered for 
each case and for training the artificial intelligence model. 
The output of the wear testing device, measured by its load 
cell, is an Excel file containing the coefficient of friction 
graph versus time or sliding distance. And then, the weight 
of the disk is recorded using a digital scale and using the 
density of steel, the mass reduction is converted into mm3. 
The wear of the counter face (pin) was not studied, as the 
focus of this research was on the wear performance of the 
disk specimens. The initial contact pressure for ST37, 
calculated based on Hertzian theory for a spherical pin 
with a radius of 17 mm and normal loads of 10–30 N, 
ranged approximately from 93–139 MPa.  

The experimental data are divided into two separate 
sets. The first set is used alongside the CDM technique to 
extract data for training the artificial neural network. To 
validate and compare these models, their predicted results 
are evaluated against the second set of experimental 
results. Component wear is measured for each experiment 
by the difference in weight before and after the test. The 
measured values of wear for two groups of 27 experiments 
are presented in Table III. The end of each experiment and 
the distance taken to reach steady state have been 
considered (100 m). A fresh pin and disk are utilized for 
every trial and each test has been conducted a minimum of 
twice. The disk’s weight is measured with a digital scale 
accurate to 0.0001 g, and the mass loss is converted to mm³ 
using the steel’s density. 

B. Key Observations from the Experimental Results 

Among the three materials, Al7075 showed 
significantly higher wear resistance compared to ST37 and 
C45E4, which is attributed to its superior  
hardness-to-weight ratio and microstructural stability. The 
wear rate of ST37 was the highest, indicating its limited 
resistance to surface degradation under sliding contact. 
The experimental results confirmed the sensitivity of wear 
behavior to both mechanical loading and material 
properties. The experimental dataset provided a robust 

basis for training and validating the ANN model, as well 
as for comparing it with the CDM model. 

The materials investigated in this study were metallic 
specimens with varying hardness values but similar base 
composition. This design ensured that the effect of 
mechanical properties rather than compositional 
differences dominated the wear behavior. The ANN and 
CDM model captured how hardness, as a  
material-dependent property, influenced the damage 
evolution rate. Although the present model does not 
explicitly include metal type as an independent input, 
future studies will extend the database to include distinct 
metallic and mineral compositions, allowing the hybrid 
framework to predict wear across a broader range of 
materials. The experimental dataset provides a robust basis 
for training and validating the ANN model, as well as for 
comparison with the CDM model. Overall, the results 
highlight that wear is a multifactorial phenomenon, where 
both operational parameters and material properties must 
be considered to accurately predict surface degradation. 

IV. RESULT AND DISCUSSION 

In this section, the predicted outputs from both the CDM 
and ANN models are evaluated against experimental data 
using the validation set.  

A. Model Validation 

The predicted values of wear by the CDM model are 
given in Table I. As shown in the last column of Table IV, 
the error percentage of the CDM model is acceptable 
compared to the experimental results. Therefore, the 
output data of the CDM model has been used to train the 
ANN model. Respectively, the number of learning 
methods, algorithms, learning rule, number of learning 
patterns used, and number of epochs are supervised 
learning, back propagation, gradient descent rule, and 
number of learning patterns, 27 and 100. 

After training is successfully completed, to assess the 
performance of the classification by the trained artificial 
neural network, a dataset that was not part of the training 
process is used (the second set of experiments). The 
predicted values of wear by the ANN and CDM models are 
given in Table V. Despite the relatively small dataset, each 
sample represent a complete solution of wear evolution. 
The values for speed, load, and hardness in this table 
correspond to those in rows 1–24 of Table I. 

Results in Table V presents the predicted outputs from 
both the CDM and ANN models and experimental results 
in terms of percentage error, showcasing the models’ 
predictive accuracy. For wear prediction, the CDM model 
yields an average error of less than 12%, whereas the ANN 
model exhibits significantly better accuracy with an 
average error below 5%. These findings suggest that the 
ANN model, when trained within the applicable range, 
offers more precise predictions of wear than the  
CDM-based model. 
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TABLE IV. THE FIRST SET OF EXPERIMENTAL RESULTS 

The First Set of Experimental Wear Volume (mm3) Error 

Exp. No 
Speed 
(m/s) 

Load 
(N) 

Hardness 
(GPa) 

Mean COF EXP CDM CDM and EXP 

1 0.1 10 1.47 0.40 1.52 1.43 5.76 
2 0.1 10 1.96 0.39 1.43 1.38 3.67 
3 0.1 10 1.60 0.41 1.70 1.64 3.42 
4 0.1 20 1.47 0.43 2.75 2.71 1.27 
5 0.1 20 1.96 0.41 2.15 2.02 6.12 
6 0.1 20 1.60 0.45 3.30 3.21 2.59 
7 0.1 30 1.47 0.44 3.69 3.39 8.20 
8 0.1 30 1.69 0.43 3.25 3.00 7.84 
9 0.1 30 1.60 0.49 4.59 4.11 10.39 
10 0.2 10 1.47 0.45 2.00 1.84 8.15 
11 0.2 10 1.69 0.43 1.85 1.78 3.58 
12 0.2 10 1.60 0.50 2.31 2.21 4.11 
13 0.2 20 1.47 0.50 3.35 3.16 5.66 
14 0.2 20 1.69 0.49 3.12 2.92 6.37 
15 0.2 20 1.60 0.52 4.76 4.60 3.24 
16 0.2 30 1.47 0.50 6.87 6.71 2.21 
17 0.2 30 1.69 0.50 5.54 5.36 3.16 
18 0.2 30 1.60 0.55 7.33 6.94 5.29 
19 0.3 10 1.47 0.53 3.64 3.29 9.82 
20 0.3 10 1.69 0.51 3.41 3.11 8.74 
21 0.3 10 1.60 0.55 4.11 3.65 11.15 
22 0.3 20 1.47 0.53 5.34 4.96 7.18 
23 0.3 20 1.69 0.52 4.56 4.31 5.37 
24 0.3 20 1.60 0.56 5.98 5.74 4.01 
25 0.3 30 1.47 0.55 8.87 8.27 6.67 
26 0.3 30 1.69 0.54 7.94 7.51 5.38 
27 0.3 30 1.60 0.61 9.50 9.09 4.35 

TABLE V. COMPARISON OF PREDICTED AND EXPERIMENTAL RESULTS 

The Second Set of Experimental Wear Volume (mm3) Error 
Exp. No Mean COF EXP ANN CDM ANN and EXP CDM and EXP 

1 0.39 1.23 1.20 1.61 2.14 5.55 
2 0.36 1.13 1.11 1.08 1.23 4.51 
3 0.41 1.60 1.58 1.54 0.72 3.45 
4 0.41 2.18 2.11 2.02 2.89 7.29 
5 0.38 1.79 1.70 1.59 4.56 10.89 
6 0.45 2.84 2.70 2.50 4.89 11.72 
7 0.43 3.50 3.40 3.26 2.68 6.74 
8 0.39 3.15 3.09 2.99 1.89 5.16 
9 0.49 4.52 4.47 4.32 0.94 4.34 

10 0.45 1.42 1.35 1.27 4.32 10.21 
11 0.43 1.15 1.14 1.11 0.48 3.16 
12 0.50 1.95 1.90 1.83 2.47 5.93 
13 0.49 3.00 2.87 2.70 4.01 9.82 
14 0.44 2.84 2.73 2.60 3.65 8.47 
15 0.52 3.62 3.44 3.20 4.77 11.55 
16 0.49 6.00 5.80 5.51 3.29 8.17 
17 0.45 5.32 5.21 5.03 1.98 5.38 
18 0.55 6.50 6.40 6.20 1.47 4.51 
19 0.51 1.45 1.41 1.35 2.57 6.66 
20 0.48 2.00 1.97 1.90 1.56 5.00 
21 0.56 2.35 2.34 2.29 0.34 2.35 
22 0.52 4.23 4.19 4.05 0.87 4.24 
23 0.50 4.02 4.01 3.93 0.21 2.22 
24 0.60 4.75 4.62 4.42 2.73 6.91 
25 0.54 8.23 7.97 7.75 3.14 8.05 
26 0.52 7.70 7.46 7.03 3.99 9.67 
27 0.66 8.67 8.34 7.91 3.76 8.75 

Although various machine learning algorithms could be 
applied, the ANN is selected due to its superior capability 
to capture nonlinear, multivariate relationships inherent in 
wear behavior. Comparative trials have shown that while 
a standalone ANN could approximate the experimental 
data, the CDM and ANN hybrid model achieved higher 
accuracy and generalization, demonstrating that 

integrating physical knowledge from CDM enhances the 
predictive performance of the neural network. 

B. Wear Mechanisms Analysis Based on SEM 

Fig. 2 shows Scanning Electron Microscopy (SEM) 
images of the worn surfaces (before heat treatment) of the 
ST37, C45E4, and Al7075 samples under load 10 N and 
speed 0.1 m/s at 50 µm magnification (ASTM E766). 
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 (a) (b) (c) 

Fig. 2. SEM image of worn surfaces (before heat treatment): (a) ST37; (b) C45E4; and (c) Al7075 wear tests. 

The images reveal that adhesive wear is the 
predominant mechanism, evidenced by micro-welding and 
material transfer in ST37 and C45E4 steels. Minor 
abrasive wear features are also present. The Al7075 alloy 
exhibits smaller, more uniform wear tracks with limited 
debris, likely due to its higher hardness and different 
surface energy, which reduce adhesion tendencies. The 
distinct wear behaviors across these materials justify their 
selection for this study, as they provided a diverse 
representation of tribological responses under similar 

contact conditions. This variety enhances the 
generalizability of the developed models. 

C. Interaction Effect of Parameters on Wear 

The interaction effects of speed, load, and hardness on 
wear volume were investigated using the predicted results 
from the ANN model. Fig. 3(a) and (b) present surface 
plots illustrating how combinations of these parameters 
influence wear behavior. 

  

 

 
(a) (b) 

Fig. 3. Surface plot for the interaction effect of (a) speed and load and; (b) speed and hardness on. 

From Fig. 3(a), it is clear that wear volume increases 
significantly with both speed and load. The highest wear 
occurs at the maximum tested load of 30 N combined with 
the highest speed of 0.3 m/s, indicating that these 
conditions cause the most severe surface degradation. This 
trend is consistent with classical wear theory, where higher 
contact forces and increased sliding velocity typically 
accelerate wear processes. Fig. 3(b) shows the interaction 
effect of speed and hardness on wear. As expected, 
materials with higher hardness generally exhibit lower 
wear volumes under similar speed conditions. However, 
the surface plot reveals a nonlinear curvature in the 
variation of wear with both hardness and speed. This 
curvature suggests that: At lower to moderate speeds, 
increasing hardness effectively reduces wear, which aligns 

with expected behavior based on Archard’s law and 
fundamental tribological principles. However, at higher 
sliding speeds, even hard materials show a noticeable 
increase in wear volume. This indicates that the beneficial 
effect of hardness diminishes as speed increases, possibly 
due to thermal softening, tribo-oxidation, or instabilities in 
surface microstructure that may arise during high-speed 
sliding. Conversely, materials with lower hardness are 
more susceptible to wear, especially at higher speeds, 
reinforcing the critical role of hardness for durability at 
moderate conditions. These observations highlight the 
complex and nonlinear interaction between material 
hardness and operational speed. Increasing hardness alone 
may not be sufficient to counteract the accelerated wear 
caused by higher sliding velocities. Therefore, careful 
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selection and optimization of both material properties and 
process parameters are essential to minimize wear under 
demanding conditions. The findings also provide valuable 
insight for process design and material selection in 
applications involving surface contact and friction. To 
further validate the curvature trend observed in Fig. 3(b), 
future studies may focus on detailed wear mechanism 
analysis through surface characterization techniques such 
as SEM imaging or profilometry at critical combinations 
of speed and hardness. 

D. Interaction Effect Analysis Using ANOVA 

To quantitatively evaluate the influence of speed, load, 
and hardness on wear volume, as well as their interaction 
effects, an Analysis of Variance (ANOVA) was conducted 
using the experimental data. Table VI summarizes the 
ANOVA results, including main parameters and their 
interactions. 

In this analysis, the p-value represents the probability 
that the observed effect is due to chance, with values less 
than 0.05 indicating statistical significance at the 95% 
confidence level. The F-value indicates the ratio of 
variance explained by the factor to the unexplained 
variance, showing the significance of each parameter or 

interaction. The results reveal that load has the most 
significant effect on wear volume, followed by speed. Both 
parameters have p-values far below 0.05, confirming their 
strong impact. Hardness shows some influence but is not 
statistically significant at the 5% confidence level in the 
tested conditions. Importantly, the interaction between 
speed and load is significant, indicating a combined effect 
on wear volume and friction behavior. Other interaction 
terms, such as speed × hardness and load × hardness, were 
not statistically significant. These findings are consistent 
with the experimental observations and the 3D interaction 
plots, confirming that wear behavior is strongly affected 
by the combined effects of speed and load, while hardness 
plays a relatively minor role. Although the ANOVA 
analysis indicated that the applied load has the highest  
F-value (71), confirming its dominant effect on wear, the 
results also showed that speed and hardness play 
secondary but meaningful roles. The CDM and ANN 
hybrid model revealed that hardness influences the damage 
accumulation rate by modifying the contact stress and 
plastic deformation behavior. Therefore, despite its lower 
statistical contribution compared to load, hardness remains 
an essential input parameter to reflect the material’s 
resistance to surface damage and wear evolution. 

TABLE. VI. COMPARISON OF PREDICTED AND EXPERIMENTAL RESULTS 

Significance p-value F-value Parameter 
Highly significant 0.0000123 20.98 Speed 
Highly significant 0.00000000079 71.31 Load 

Not significant at 5% level 0.0845 2.80 Hardness 
Significant 0.0041 9.25 Speed × Load 

Not significant 0.29 1.15 Speed × Hardness 
Not significant 0.51 2.03 Load × Hardness 

V. CONCLUSION 

This study developed and compared two 
complementary approaches for predicting wear behavior 
in contacting surfaces: a physics-based CDM model and a 
data-driven ANN model. Experimental investigations 
were carried out on three engineering materials ST37, 
C45E4, and Al7075 under varying loads, sliding speeds, 
and hardness levels using a full factorial DOE. The CDM 
model provided a mechanistic understanding of material 
degradation and damage evolution, while the ANN model 
demonstrated superior predictive capability, achieving an 
average error below 5%, compared with ≤12% for the 
CDM model. SEM revealed adhesive wear as the dominant 
mechanism in steels, whereas the aluminum alloy 
exhibited lower wear resistance due to its higher hardness 
and distinct microstructural behavior. The comparative 
analysis confirmed that combining CDM and ANN offers 
a robust and efficient framework for wear prediction, 
bridging the gap between physics-based modeling and 
data-driven learning. The findings underscore the potential 
of hybrid modeling in optimizing tribological 
performance, reducing experimental effort, and improving 
predictive accuracy for engineering applications. 

Future research should focus on advancing the hybrid 
CDM and ANN framework by incorporating larger and 
more diverse datasets covering a wider range of materials 

and operating conditions. The integration of PINNs and 
uncertainty quantification is recommended to enhance 
model robustness, interpretability, and predictive 
confidence. Furthermore, multi-scale modeling 
approaches linking microstructural mechanisms to 
macroscopic wear responses should be developed to 
provide a more comprehensive understanding of wear 
behavior. Expanding the experimental database to include 
different metals, alloys, and composite materials will 
enable broader validation and generalization of the 
proposed model. Lastly, future efforts could explore  
real-time wear monitoring and predictive maintenance 
systems based on the proposed hybrid methodology for 
industrial implementation. 

NOMINAL SYSTEM 

𝐶: Cyclic hardening modulus (Pa). 
𝑑: Sliding distance (m). 
𝐷஺ூ: Damage parameter. 
𝐸: Modulus of elasticity (undamaged) (Pa). 
𝐸ௗ: Modulus of elasticity (damaged) (Pa). 
𝐹௅: Applied load to the surface (N). 
𝑓௣: Material flow pressure (Pa). 
ℎ: Hardness. 
𝑗: Number of cycles. 
𝑅: Cyclic hardening exponent. 
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𝑆௙: Fatigue limit (Pa). 
𝑆௩: Sliding speed (m/s). 
𝑉஺ூ: Wear volume (m3). 
𝑊௄: Wear coefficient. 
∆𝜀௜: Initial strain in 𝑗th cycle. 
∆𝜀௙: Final plastic strain in 𝑗th cycle. 
∆𝜀௧: Threshold strain of damage growth in 𝑗th cycle. 
∆𝜀௣: Threshold plastic strain of damage growth in 𝑗th 

cycle. 
𝜇: Friction coefficient. 
𝜎௙: Failure stress (Pa). 
𝜎௠௔௫: Maximum normal stress (Pa). 
𝜎௠௜௡: Minimum normal stress (Pa). 
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