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Abstract
The data science has developed into an effective approach for predicting wear behaviour of solid materials. This contem-
porary work has mainly focused on the prediction of wear rate for the hypereutectoid steel which are tested under different 
operating conditions (sliding speed, normal pressure and sliding distance). To train and forecast the wear rate of the models, 
supervised machine learning methods such as random forest, Gaussian process regression, and support vector machine were 
used. Analysis of variance yielded 63.74%, 28.52%, and 1.08% for the contributions of normal pressure, sliding speed, and 
sliding distance, respectively. In order of prediction accuracy, the three machine learning algorithms used are: RF, GPR, 
and SVM. RF outperformed all other created models in terms of R2 (training and test), mean absolute error, and root mean 
squared error. At greater loads and speeds, the worn surface reveals that sub-surfaces fractured and broke, forming a plate-
like structure of wear debris. The discoveries might speed up the creation of new functional hypereutectoid steel by allowing 
for the manufacture of hypereutectoid steel with controlled wear properties.

Keywords ANOVA · Hypereutectoid steels · Pin-on-disc · Random forest · Support vector machine · Gaussian process 
regression

1 Introduction

Hypereutectoid steels are mostly utilized in the fabrication 
of working devices such as rolling mills, forklifts, and bull-
dozers, as well as metal forming tools [1, 2]. These steels 
must meet the following criteria: adequate hardenability, 
wear resistance, maximum strength, fracture toughness, and 
high hardness. The amount of carbon in steel determines its 
hardness [3–7]. Wear is the most typical mode of failure for 
these materials. As a result, it’s important to understand the 
wear rate under different operating conditions.

Many studies reported that wear rate of hypereutectoid 
steels under different operating conditions. For instance, 

Etsuo Marui et al. [8] studied the wear behaviour of hypere-
utectoid steels at different operating temperature and pre-
pared two types of specimens: quenched and as-received 
specimens for conducting the wear test. The result shows 
that quenched specimens have high wear resistance than the 
as-received specimens. Xingjian Gao et al. [9] examined the 
wear behaviour of full pearlite with and without thermo-
mechanical treatments on bimetallic hypereutectoid steels at 
room temperature. The result shows that when interlamellar 
spacing is greater than 200 nm, delamination dominates the 
wear process, whereas when interlamellar spacing is less 
than 200 nm, substantial wear occurs.

Despite the fact that several experimental investiga-
tions have been conducted to analyse the wear properties of 
hypereutectoid steels under numerous operating parameters, 
the majority of these research are time-consuming. Thus, 
to reduce the experimental runs and associated costs, ML 
models have been adopted in prediction of wear rate of the 
materials. For instance, predicted wear rate for coated ferro-
alloy under various operating parameters by using various 
machine learning techniques. GPR algorithm was yielded 
higher accuracy in comparison with LR and SVM [10]. 
The wear rate of polyethylene is predicted under various 
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operating parameters. The K-nearest neighbour (KNN) tech-
nique was discovered to have the lowest prediction error 
when bunching into subgroups depending on radiation con-
straints [11]. Md Syam Hasan et al. applied ML algorithms 
to predict the mechanical properties of self-lubricating alu-
minium graphite (Al/Gr) composites [28].

In present work, dry sliding rate of wear of hypereutec-
toid steel under varying operating parameters was inves-
tigated by using a testing machine called pin-on-disc. To 
better understand the wear mechanism, a scanning electron 
microscope was utilized to investigate the worn surface 
and debris. ANOVA method was adopted to calculate the 
contribution performance of wear rate for each parameter. 
Machine learning algorithms, namely SVM, GPR and RF 
were used to predict the wear rate of hypereutectoid steel.

2  Methodology

2.1  Data Acquisition

For the current work, 0.92 wt% carbon (C) of hypereutectoid 
steel was used for wear test and chemical composition is 
shown in Table 1.

Dry sliding wear tests had been accomplished using fric-
tion and wear testing machine by varying operating param-
eters [12]. Table 2 lists the wear test parameters that were 
employed in this study.

2.2  Machine Learning Algorithm

To train the ML algorithms, input variables are namely slid-
ing distance, normal pressure and sliding speed where wear 
rate is the output parameter considered from the experimen-
tal results [27, 28]. ML models predicts the wear rate based 
on the input parameters. Therefore, overall, 48 experiments 

were conducted to collect the datasets of hypereutectoid 
steel. Generally, ML Algorithms divides the dataset arbi-
trarily into training set and testing set along with input and 
output parameters [13, 14]. To train the model’s, training 
set was used to optimize the characteristics associated with 
inputs to outputs, while the testing set was used to evaluate 
the model's performance by comparing the model's output 
to the results of numerous machine learning approaches dis-
cussed in the sections below. The dataset was split into two 
parts: a training set (70%) and a testing set (30%).

2.2.1  Support Vector Machine (SVM)

SVM algorithm derive the relationship between output and 
input values with the regression method [22]. The best fit 
line is derived against maximum number of points over the 
hyperplane by the linear kernel function. [15].

2.2.2  Gaussian Process Regression (GPR)

The GPR technique is a flexible tool that can generate antici-
pated outcomes as well as a confidence interval, which can 
be used to assess prediction reliability [16, 17].

2.2.3  Random Forest (RF)

Multiple decision trees are used in RF, which is a supervised 
learning technique. The main premise of RF is to combine 
several decision trees to decide the final result, rather than 
depending on individual decision trees. It uses ensemble 
learning, which would be the technique of combining several 
classifiers to tackle a complicated problem and enhance the 
performance of the model [18, 19].

Finally, to create effective ML models, a k-fold cross-
validation approach was utilized with a fold value of 10 with 
three assessment measures: mean absolute error (MAE), 
R-squared (R2), and root mean square error (RMSE) [20, 
27].

3  Results and Discussion

3.1  Wear Rate

Figure 1 depicts the wear performance of hypereutectoid 
steel as a combination of normal pressure, sliding speed 
and distance. It was perceived that wear performance of 
hypereutectoid steel changed significantly reliant on normal 
pressure, sliding speed and distance. As normal pressure 
increases, there is increase in wear rate for utmost all the 
sliding speeds. Wear rate is decreased from 1 to 3 m/s slid-
ing speed, latter it is increased with raise in sliding speed 
for every sliding distance for all the normal pressures. The 

Table 1  Chemical composition of the hyper eutectoid steel (wt%)

C Si Mn P S Cr

0.92 0.256 0.348 0.002 0.002 1.100

Table 2  Wear test parameters

Descriptions Value

Normal pressure (MPa) 0.1249, 0.3747, 0.6245, 0.8743
Sliding speed (m/s) 1,3,5,7
Sliding distance (m) 5,000, 7,500, 10,000
Motion Reciprocating
Temperature (°C) 23.1
Relative humidity (RH)% 34
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normal pressure is increased at 3 m/s sliding speed, the 
results of wear rate is nearly constant for all the sliding dis-
tances. In the peak operational circumstances at 7 m/s with 
0.8743 MPa, wear rate will be high when compared among 
the other operational conditions. Wear rate reduced from 1 to 
3 m/s then the same increases from 3 to 7 m/s. At 3 m/s, the 
result of wear rate is utmost least and roughly steady with 
every normal pressure and for all the sliding speeds. Wear 
mechanism varies from mild wear to severe wear, when 

sliding speed increased from 3 m/s. Hence, 3 m/s can be con-
sidered as the critical sliding speed for hypereutectoid steel.

Figure 2 illustrates the contour maps of wear rate of 
hypereutectoid steel based on various sliding distances. The 
graph is visualized to study the impacts of sliding distance, 
speed and normal pressure on wear rate. From Fig. 2a and 
b, it was noticed that higher value of wear rate at sliding 
speeds of 3–5 m/s and normal pressure of 0.8473 MPa for 
both 5000 m and 7500 m sliding distances. From Fig. 2c, 
it was observed higher value of wear rate at sliding speeds 

1

3

5

7

0.0
00
00

0.0
001

6

0.00
032

0.00
048

0.0006
4

0.00080

0 .1249

0 .3 7 4 7

0 .6 2 4 5

0 . 8 7 4 3

W
ea

r 
ra

te
(m

m
3
/m

)

Norm
al Pr

essu
re (M

Pa)Sliding speed (m/s)

For Sliding distance 5000 m(a)

1

3

5

7

0.0
00
00

0.0
001

6

0.00
032

0.00
048

0.0006
4

0.00080

0 .1249

0 .3 7 4 7

0 . 6 2 4 5

0 . 8 7 4 3

W
ea

r r
at

e(
m

m
3 /m

)

For Sliding distance 7500 m

Norm
al Pr

essu
re (M

Pa)Sliding speed (m/s)

(b)

1

3

5

7

0.0
00
00

0.0
001

6

0.00
032

0.00
048

0.0006
4

0.00080

0.1249

0 .3 7 4 7

0 .6 2 4 5

0 . 8 7 4 3

(c)

W
ea

r r
at

e
(m

m
3 /m

)

For Sliding distance 10000 m

Norm
al Pr

essu
re (M

Pa)Sliding speed (m/s)

Fig. 1  Wear rate values of hypereutectoid steel at different sliding 
distances: a 5000 m, b 7500 m, c 10,000 m
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Fig. 2  Contour maps of wear rate of hypereutectoid steel with differ-
ent sliding distances: a 5000 m, b 7500 m, c 10,000 m
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of 2–6  m/s. Though, the least value of wear rate was 
observed at sliding speeds of 1–4 m/s and normal pressure 
of 0.1249 MPa.

3.2  Worn Surface and Debris

During the wearing under high normal pressure, the asper-
ity gets weld with the sliding disc and the disc behaves like 
abrasive particle over the wearing surface and results in two 
body abrasive wear. The welded asperity will cut the speci-
men like single point cutting tool and the groove appears 
on the wearing surface shown in Fig. 3, and broken type 
wear debris appeared in Fig. 4. The corresponding XRD is 
shown in Fig. 5.

Thus, under high speed, wearing surface becomes soft 
enough and deforms easily which leads to formation of 
cracks. Hence, plate-like wear debris produce due to the 
nucleation, growth and finally joining each other [21].

3.3  Regression Technique and ANOVA

3.3.1  Regression Technique

In the current work, regression technique was adopted to 
determine the wear rate with input parameters like nor-
mal pressures, sliding speeds and sliding distances using 
Minitab software. The equation for regression technique is 
as follows:

where W, P, S and D represent the wear rate, normal pres-
sure, sliding speed and sliding distance, respectively.

3.3.2  ANOVA Results

The impacts of wear characteristics (input) on hypereutec-
toid steel wear rate (output) were investigated using analysis 

(1)W = −0.839 + 3.494P + 0.251 S + 0.000012D

of variance (ANOVA). Obtained R2 value is 93.35%. The 
percentage contributions of input features like sliding dis-
tance, sliding speed and normal pressure, are 1.08%, 28.52% 
and 63.74%, respectively. In comparison with all input fea-
tures, the most significant parameter is normal pressure 
(Table 3).

3.4  Machine Learning Algorithms

The training data and test data are signified as red and blue 
scatter points, the predicted train data and predicted test data 
are signified as red and blue dashed lines which are plotted 
for all adopted ML algorithms.

Figure 6 displays the predicted wear rate of hypere-
utectoid steel, along with the measured values using SVM 
kernel function. The predicted R-squared values of train-
ing set and test set are ~ 0.895 and ~ 0.832 over the kernel 
SVM fit model. The MAE and RMSE values of training 
set of hypereutectoid steel are 0.307 and 0.454, respectively 
(Table 4). The specialty of SVM algorithm is that, it can 
apply on both linear and non-linear data to train the model 

Fig. 3  SEM micrograph of hypereutectoid steel, Speed-7  m/s, Nor-
mal Pr. 0.8749 MPa

Fig. 4  Wear debris of hypereutectoid steel, Speed-7 m/s, Normal Pr. 
0.8749 MPa

Fig. 5  XRD result of hypereutectoid steel, Speed-7 m/s, Normal Pr. 
0.8749 MPa
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and the prediction of non-linear data is better since it can 
handle more than two predictor variables [22]. The errone-
ous usage of a simple kernel function accounts for the SVM 
algorithm’s low prediction, and a portion of the dataset may 
be eliminated during the testing procedure [23].

Figure 7 illustrates the predicted wear rate of hypere-
utectoid steel against the experimental values using GPR 
algorithm. The predicted R-squared values of training set 
and testing set are ~ 0.907, ~ 0.845, respectively. These data 
evidently reveal that GPR algorithm outperforms the SVM 
algorithms in terms of experiment prediction accuracy. This 
may be due to GPR algorithm’s nonparametric character 
[24]. This is in line with ML of ferro-alloys coating wear 
volume on steel surfaces, where the GPR approach outper-
forms the LR and SVM algorithms in terms of prediction 
accuracy [10]. Table 4 shows the quadratic rational GPR 

algorithm outperforms the SVM algorithm. The MAE and 
RMSE of the training set of hypereutectoid steel are 0.362 
and 0.466, respectively. During the prediction process of 
the GPR method, the dataset is regarded as a Gaussian dis-
tribution with mean and standard deviation. The standard 
deviation represents the prediction's confidence intervals, 
whereas the mean value is the prediction itself [25, 26]. Fur-
thermore, the GPR approach is a nonparametric process that 
is unaffected by dataset structure constraints. In comparison 
to the SVM algorithm, the GPR approach may provide more 
trustworthy predictions of wear rate of hypereutectoid steel 
(Figs. 6, 7 and Table 4).

The predicted wear rate of hypereutectoid steel using RF 
algorithm are illustrated in Fig. 8. The predicted R-squared 
values of training set and test set are ~ 0.954 and ~ 0.940, 
respectively. Hence this comparative study among the 
adopted ML algorithms states that, RF is the best suitable 
algorithm for this dataset. This is achieved by the use of 
random space method and bagging to prevent overfitting 
and the built-in automated feature selection capacity. The 
corresponding MAE and RMSE values of training and test 
dataset for hypereutectoid steel are 0.237 and 0.294, respec-
tively. These lesser values of errors indicate the model is 
more efficient.

Table 3  ANOVA results of 
hypereutectoid steel

R2 = 93.35%; R2(adj) = 73.39%

Source DF Adj SS Adj MS F value P value Contribution (%)

Normal pressure 2 4.81446 2.40723 9.58 0.094 63.74
Sliding speed 2 2.15414 1.07707 4.29 0.189 28.52
Sliding distance 2 0.08175 0.04087 0.16 0.860 1.08
Error 2 0.50244 0.25122
Total 8 7.55279

Fig. 6  Experimental value against SVM predictions

Table 4  Performance of ML algorithms

R2-training R2-test MAE RMSE

SVM 0.895 0.832 0.307 0.454
GPR 0.907 0.845 0.362 0.466
RF 0.954 0.940 0.237 0.294

Fig. 7  Experimental value against GPR predictions
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4  Conclusions

1. With various sliding speeds and distances, the wear rate 
of hypereutectoid steel has enhanced in increased nor-
mal pressure.

2. Worn out surface shows that sub-surface crack breaks and 
makes the plate-like wear wreckage at higher speed and load.

3. Normal pressure is the crucial parameter in finding the 
wear rate of hypereutectoid steel, which is proved by the 
ANOVA technique.

4. RF is the most efficient ML algorithm to predict the 
wear performance of hypereutectoid steel with the high-
est accuracy of training/test (0.954/0.940).

5. The findings might enhance the innovative production of func-
tional hypereutectoid steels with controlled wear properties.
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