
콩 분쇄기의 AISI 4140에서 200μm 미세 패턴 표면의 마찰 계수 및 마찰 계수 예측 모델 247

https://doi.org/10.21289/KSIC.2018.21.5.247

콩 분쇄기의 AISI 4140에서 200μm 미세 패턴 표면의 
마찰 계수 및 마찰 계수 예측 모델

Tribological Properties and Friction Coefficient Prediction 
Model of 200µm Surfaces Micro-Textured on 

AISI 4140 in Soybean Crusher

최원식1*, 프라타마 판두 산디2, 수페노 데스티아니1, 변재영1, 이은숙1, 

우지희1, 양지웅1, 키프 디마스 하리스 신1, 크리스타 마이난다 브리기타1, 

오케추쿠 나에메카 니콜라스1, 이강삼3

Wonsik Choi1*, Pandu Sandi Pratama2, Destiani Supeno1, Jaeyoung Byun1, Ensuk Lee1, 

Jihee Woo1, Jiung Yang1, Dimas Harris Sean Keefe1, Maynanda Brigita Chrysta1, 

Nicholas Nnaemeka Okechukwu1, Kangsam Lee3

<Abstract>

In this research, the effect of normal load, sliding velocity, and texture density on 

thefriction coefficient of surfaces micro-textured on AISI 4140 under paraffin oil 

lubrication were investigated. The predicted tribological behavior by numerical 

calculation can be serves as guidance for the designer during the machine development 

stage. Therefore, in this research friction coefficient prediction model based on 

response surface methodology (RSM), support vector machine (SVM), and artificial 

neural network (ANN) were developed. The experimental result shows that the 

variation of load, speed and texture density were influence the friction coefficient. The 

RSM, ANN and SVM model was successfully developed based on the experimental data. 

The ANN model can effectively predict the tribological characteristics of micro-textured 

AISI 4140 in paraffin oil lubrication condition compare to RSM and SVM.
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1. Introduction

High tensile steel AISI 4140 has been used 

in soybean crusher machine such as for 

shafts, sprockets, gears, pinions, ring gears 

material since it has higher hardness and 

tensile strength compare to other steels. 

These mechanical parts operate under 

lubricated conditions to reduce the friction 

and wear of sliding parts. Understanding the 

interactions between materials may allow for 

better selection of lubricants and component 

materials. The improvement of surface finish 

method such as lapping [1] or superfinishing 

[2] are reasonable methods of reducing 

friction. Recently, to improve the tribological 

characteristics of material, surface texturing 

became an attractive approach since it can 

reduce friction and wear, and increase fluid 

film stiffness [3-6]. 

Friction coefficient is the key indices to 

evaluate wear conditions. Commonly, research 

on the friction coefficient is focused on the 

load and speed. However, in surface textured 

material, the friction coefficient also affected 

by the texture density [7-10]. Therefore, the 

effect of texture density on the friction 

coefficient should be considered. The 

nonlinear relationships among these factors 

caused difficulty to predict the material 

tribological behavior. Therefore, the 

mathematics model to predict the friction 

coefficient of surface textured surface is 

needed to understand wear conditions and 

instructing their applications.

There are many approaches to develop a 

mathematical model of friction coefficient. In 

this research, three methods namely response 

surface methodology (RSM), artificial neural 

network (ANN) and support vector machine 

(SVM) are compared. RSM is a collection of 

mathematical and statistical techniques based 

on the fit of a polynomial equation to the 

experimental data, which must describe the 

behavior of a data set with the objective of 

making statistical previsions [11]. RSM has 

gained popularity due to their ease of use as 

well as dexterity of being applied across the 

board applications. ANN is a computational 

model based on the structure and functions 

of biological neural networks. The benefit of 

ANN is it can actually learn from observing 

data sets. SVM is a pattern recognition and 

regression analysis structure based on 

statistics theory and structure risk minimum 

criterion.

In this research, to develop methamatical 

model, firstly the material specification and 

method to obtain the experimental data were 

described. Secondly, the experimental results 

were analyzed to obtain the relation between 

the parameters. The mathematical models 
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then generated based on the proposed 

methods. Finally the results were compared 

and the conclusion was achieved. 

2. Material and Method

2.1 Materials

Friction tests were performed using a 

pin-on-disk tribometer. Pin and disk samples 

were made from AISI 4140. This material is 

used extensively in most industrial sectors for 

a wide range of applications. The chemical 

composition of AISI 4140 was 96.585% Fe, 

0.80% Cr, 0.75% Mn, 0.38% C, 0.15% Si, 

0.15% Mo, 0.04% S, and 0.035% P. The 

diameter of the pin is 6mm and disk is 

60mm. The sample pieces were prepared by 

thoroughly cleaned to remove oil and dirt, 

and the faces are finished by removing burrs 

to maintain a flat surface. The material is 

polished to achieve a surface roughness less 

of 0.1 µm. Heat treatment was used to 

increase the material hardness. Micro-textured 

patterns were formed on the pin surface by 

photolithography and wet etching. The circles 

on the photomask pattern were designed to 

have diameters of 100 μm. 

The paraffin oil used in this research was 

extra pure grade oil from Duksan Pure 

Chemichal Co. Ltd., South Korea. The 

molecular formula is CnH(2n+2) and its 

specific gravity is 0.86.

2.2 Testing Method

Sliding tests were performed using a 

pin-on-disk tribometer. Five variations of 

normal load such as 2N, 4N, 6N, 8N, and 

10N were applied on the pin using a metal 

rod. Eight variations of velocities such as 

0.06, 0.10, 0.14, 0.18, 0.22, 0.30, 0.34 m/s 

were tested. The contact area between the 

pin and disk is immersed in lubricant. The 

friction force between the specimens is 

monitored during the tests. The measured 

values can be stored in data files, and the 

data acquisition rate was 0.1 Hz.

The dimple density is defined as the ratio 

of dimple area to the total pin area. 

Therefore, it is proportional to the number of 

dimples. Fig. 2 shows the dimple pin 

conditions under electron microscope with 

25x magnification. Four dimple densities such 

as 10%, 12.5%, 15%, and 20% were 

investigated during experiment. 
Fig. 1 Hexagonal pattern array observed under 

scanning electron microscope (SEM).



250 한국산업융합학회 논문집 제21권 제5호

2.3 Prediction Method

2.3.1 Response Surface Methodology

Response Surface Methodology (RSM) is 

Response surface methodology is a collection 

of mathematical and statistical techniques 

based on the fit of a polynomial equation to 

the experimental data, which must describe 

the behavior of a data set with the objective 

of making statistical previsions. Consider one 

output, z, as a polynomial function of two 

inputs, x and y. The function z = f(x,y) 

describes a two-dimensional surface in the 

space (x,y,z). In this research, three input 

variables such as load, speed, and texture 

density and one output friction coefficient 

resulting surface becomes a hypersurface. For 

three inputs () and single output , the 

equation of a quadratic response surface is

      

   

 
  

  


  (1)

2.3.2 Artificial Neural Network

A neural network is made to learn a 

function from data. The structure of the 

network is first defined. In the network, 

activation functions are chosen and the 

network parameters, weights and biases, are 

initialized. The parameters associated with the 

training algorithm like error goal, maximum 

number of epochs (iterations), etc, are 

defined. The training algorithm is called. After 

the neural network has been determined, the 

result is first tested by simulating the output 

of the neural network with the measured 

input data. This is compared with the 

measured outputs. Finally, validation must be 

carried out with independent data.

Fig. 3 Structure of ANN process simulation

2.3.3 Support Vector Machine

Support vector machine (SVM) analysis is a 

popular machine learning tool for 

classification and regression, first identified by 

Vladimir Vapnik and his colleagues in 1992[5]. 

a. 10%

 
b. 12.5%

 
c. 15%

 
d. 20%

Fig. 2 Scanning electron microscope dimple pin density before experiment (a) 10%, (b) 12.5%, (c) 15%, 

and (d) 20%
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SVM regression is considered a nonparametric 

technique because it relies on kernel 

functions. In this research linear epsilon- 

insensitive SVM (ε-SVM) regression is used. 

The set of training data includes predictor 

variables and observed response values. The 

goal is to find a function f(x) that deviates 

from yn by a value no greater than ε for 

each training point x, and at the same time 

is as flat as possible. 

3. Experimental Results

3.1 Effect of load on tribological 

properties of Surfaces 

Micro-Textured on AISI 4140

The friction coefficient results of the 

surface micro-textured at different texture 

density are shown in Fig. 4. The data was 

taken at constant sliding velocity of 0.06m/s. 

It shows that the friction coefficients of are 

decreased when the normal load increased. 

With the loads rising from 2N to 10N, the 

friction coefficients take on descending trend 

from 0.0245 to 0.005.

3.2 Effect of speed on tribological 

properties of Surfaces 

Micro-Textured on AISI 4140

The friction result of AISI 4140 at different 

velocity is shown in Fig. 5. The data was 

taken at texture density 10%. It shows that 

the friction coefficient is varied when the 

speed increased. However, the relation is 

non-linear.

3.3 Effect of texture density on 

tribological properties of Surfaces 

Micro-Textured on AISI 4140

The variation of friction coefficients with 
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Fig. 4 Friction coefficients as a function of 

velocity for 10% density of micro dimple.
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Fig. 5 Friction coefficients as a function of 

velocity for 10% density of micro dimple.
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various texture densities is depicted in Fig. 6. 

The data was taken at constant sliding 

velocity of 0.06m/s. It can be seen that the 

friction coefficients vary in the range of 

0.004−0.024.
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Fig. 6 Friction coefficients as a function of 

texture density of micro dimple.

3.4 SEM image of worn surface

Fig. 7 presents the worn surface 

morphologies of the surface textured. At the 

light load of 2 N, there are a few scratches 

appearing on the worn surface.

Fig. 7 SEM image of dimpled pin dimple 

condition after test.

3.5 Friction coefficient prediction model

The experimental conditions are listed in 

Table 1 and Table 2. 

Density Load Speed Friction Density Load Speed Friction

10%

2

0.06 0.02275

12.5%

2

0.06 0.02196

0.1 0.021677 0.1 0.02125

0.14 0.020832 0.14 0.0211

0.18 0.020605 0.18 0.02122

0.22 0.02028 0.22 0.02089

0.26 0.020052 0.26 0.01996

0.3 0.02067 0.3 0.01968

0.34 0.021937 0.34 0.0201

4

0.06 0.012642

4

0.06 0.01078

0.1 0.01053 0.1 0.01023

0.14 0.010855 0.14 0.00996

0.18 0.01105 0.18 0.00985

0.22 0.010952 0.22 0.00979

0.26 0.01131 0.26 0.00981

0.3 0.010855 0.3 0.00975

0.34 0.010822 0.34 0.0097

6

0.06 0.009522

6

0.06 0.00713

0.1 0.008612 0.1 0.00652

0.14 0.007605 0.14 0.00639

0.18 0.006987 0.18 0.00648

0.22 0.007052 0.22 0.0065

0.26 0.006857 0.26 0.00637

0.3 0.006955 0.3 0.00635

0.34 0.007085 0.34 0.00642

8

0.06 0.007504

8

0.06 0.00532

0.1 0.006832 0.1 0.00487

0.14 0.00536 0.14 0.00482

0.18 0.005104 0.18 0.00477

0.22 0.005056 0.22 0.00464

0.26 0.005088 0.26 0.00468

0.3 0.005104 0.3 0.00476

0.34 0.004816 0.34 0.00482

10

0.06 0.0048

10

0.06 0.00447

0.1 0.00429 0.1 0.00409

0.14 0.00412 0.14 0.0039

0.18 0.00405 0.18 0.00385

0.22 0.00401 0.22 0.00388

0.26 0.00406 0.26 0.00387

0.3 0.00407 0.3 0.00394

0.34 0.00397 0.34 0.00388

Table 1. Friction coefficient from experiment
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Training samples include the 75% of data, 

and the 25% of data are used as the 

predictive samples. For accurately predicting 

the tribological behavior of the Surfaces 

Micro-Textured on AISI 4140 under paraffin 

oil lubrication conditions, 160 experiments 

were carried out at different loads, speeds 

and texture density. 

After using mathematical modeling methods 

to evaluate the goodness of fit, the 

goodness-of-fit statistics should be examined. 

Goodness-of-fit statistics for parametric 

models can be calculated using following 

parameters:

 Sum of Squares Due to Error (SSE)

This statistic measures the total deviation 

of the response values from the fit to the 

response values. It is also called the summed 

square of residuals and is usually labeled as 

SSE.

  
  



 


 (2)

 R-Square

This statistic measures how successful the 

fit is in explaining the variation of the data. 

Put another way, R-square is the square of 

the correlation between the response values 

and the predicted response values. It is also 

called the square of the multiple correlation 

coefficients and the coefficient of multiple 

determinations. R-square is defined as the 

ratio of the sum of squares of the regression 

Density Load Speed Friction Density Load Speed Friction

15%

2

0.06 0.02397

20%

2

0.06 0.02152

0.1 0.02292 0.1 0.0213

0.14 0.02233 0.14 0.02122

0.18 0.02225 0.18 0.0212

0.22 0.02223 0.22 0.02117

0.26 0.0221 0.26 0.02115

0.3 0.02206 0.3 0.0211

0.34 0.02153 0.34 0.02109

4

0.06 0.01373

4

0.06 0.01165

0.1 0.01241 0.1 0.01154

0.14 0.01189 0.14 0.01155

0.18 0.01156 0.18 0.01137

0.22 0.01146 0.22 0.01151

0.26 0.01136 0.26 0.01137

0.3 0.01132 0.3 0.01146

0.34 0.0113 0.34 0.01126

6

0.06 0.01024

6

0.06 0.00829

0.1 0.00907 0.1 0.00818

0.14 0.00851 0.14 0.00817

0.18 0.00813 0.18 0.00803

0.22 0.00792 0.22 0.008

0.26 0.00785 0.26 0.00778

0.3 0.00787 0.3 0.00777

0.34 0.00771 0.34 0.00769

8

0.06 0.00832

8

0.06 0.00732

0.1 0.00729 0.1 0.00643

0.14 0.00668 0.14 0.00646

0.18 0.00638 0.18 0.00646

0.22 0.00618 0.22 0.00621

0.26 0.00603 0.26 0.00632

0.3 0.006 0.3 0.00628

0.34 0.00591 0.34 0.00626

10

0.06 0.00746

10

0.06 0.0059

0.1 0.00618 0.1 0.00577

0.14 0.0056 0.14 0.00565

0.18 0.00528 0.18 0.00553

0.22 0.00514 0.22 0.0055

0.26 0.00497 0.26 0.0055

0.3 0.00496 0.3 0.00543

0.34 0.00488 0.34 0.0051

Table 2. Friction coefficient from experiment
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(SSR) and the total sum of squares (SST). SSR 

is defined as

 
  



   (3)

   


  (4)

 Mean Squared Error (MSE)

 


 (5)

 Root Mean Squared Error (RMSE)

This statistic is also known as the fit 

standard error and the standard error of the 

regression. It is an estimate of the standard 

deviation of the random component in the 

data, and is defined as

    (6)

The predictive results using proposed 

prediction models are listed in Table 3. RSM, 

ANN, and SVM are trained with the same 

data and their goodness-of-fit parameters are 

calculated. The predictive values of friction 

coefficient by ANN are close to the real 

values compare to the other model. The SSE 

of ANN is 2.233e-05, which is smaller than 

RSM 1.972e-04 and SVM 0.0017.

4. Conclusions

The speed, load and texture density affect 

the friction coefficients on surface textured 

AISI 4140. As the loads rise from 2 N to 10 

N, the friction coefficients increase from 

0.343 to 0.402.

The predicting time of the RSM model is 

0.0514 s, which is less than that of the ANN 

model of 0.3018 s and SVM model 0.8460s. 

The ANN model can fulfill the fast and 

accurate prediction on tribological behavior 

of the surface micro textured under different 

friction conditions.
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Parameter RSM ANN SVM

SSE 1.972e-04 2.233e-05 0.0017

R-Square 0.9665 0.9962 0.7247

RMSE 0.00115 3.736e-04 0.0032

MSE 1.315e-06 1.396e-07 1.043e-05

Calc time 0.0514 0.3018 0.8460

Table 3. Comparison of mathematical models
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