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Abstract 

The Barrel finishing process is a finishing method applied for cleaning, polishing, improving 

surface quality, Deburring, and rounding corners of both metallic and non-metallic parts. There 

are Several factors affect the final surface integrity of the barrel finished samples such as initial 

surface roughness, piece length, operation time, and different abrasive materials (i.e. aluminum 

oxide, steel balls, and ceramic). On the other hand, each factor has different levels, and handling 

this amount of data to reach desired results is approximately impossible due to the “curse of 

dimensionality”. Machine learning is a promising method to pave this avenue for computing 

huge amounts of data and predicting the future state of the system. Accordingly, in this study, 

it is attempted to apply a supervised machine learning algorithm, an artificial neural network- 

to improve surface quality in the barrel finishing process. Python is used to code the program 

and extract several simulations and related graphs. Results show that time has the greatest effect 

on surface roughness, moreover, among the different abrasive media, steel balls have the best 

performance to improve surface roughness and the combination of 75% steel balls and 25% 

aluminum oxide has the effective effect. The simulation results have an acceptable 

compatibility with experimental ones. 
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1- Introduction 

Surface integrity factors including surface 

roughness, cracks density, surface hardness, 

residual stresses and other tribological 

properties are very significant in industrial 

parts undergo contact stresses such as 

pistons and bearings [1, 2]. Conventional 

and modern machining processes is aimed 

to improve dimensional and geometric 

tolerances as well as surface quality [3-8]. 

However, in order to focus on surface 

quality, special finishing processes 

including grinding, polishing, roller 
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burnishing, and barrel finishing should be 

applied to improve surface integrity [9-12]. 

Barrel finishing as a typical-free abrasive 

tool finishing methods, has advantages such 

as low processing cost, acceptable surface 

finishing, proper efficiency, and simplicity 

is one of the mass finishing methods which 

is functional for various range of parts such 

as cast part, plastic injected parts, metal 

formed parts and so forth [13-15]. There are 

several factors affecting the final surface 

roughness of barrel finished part including 

initial surface roughness, piece length, 

operation time, and different abrasive 

materials (i.e. aluminum oxide, steel balls 

and ceramic). However, according to 

authors’ knowledge, there is no reliable 

formula or model to predict the final 

conditions of finished parts, and results 

have been obtained by trial and error 

technique that some of which are reviewed 

as follows [16]. Boschetto and et al. in 2009 

investigated tracking trajectory of both 

workpiece and abrasive media in barrel 

finishing process. Their results indicated 

that the path of movements plays an 

important role in calculating the effective 

working time of the process [17]. In the ball 

milling process which is very similar to 

barrel finishing, the relative velocity 

between the workpiece and the abrasive 

materials is the influential parameters 

affects the shape of the workpiece. It is 

difficult to find a precise movement 

algorithm for the process [18-20]. In 

another survey, Boschetto et al. investigated 

micro-removal modeling of the specimens’ 

surface and they were success to achieve a 

proper model to predict the surface 

roughness but only for some limited 

materials and abrasive media [21]. Bebosa 

et al. investigated the movement of small 

glassy balls in the ball milling process. 

Although they presented some predicting 

models for the movement of the balls, they 

stated that it is almost impossible to 

completely predict the entire dynamic 

model of the process [22]. According to 

Bushto’s survey which was conducted 

about deburring of sheets metal by barrel 

finishing process, duration time of the 

process, has the greatest impact on the 

quality of the samples [23]. Some 

researchers such as Chiancola and Li 

worked on the different type media in barrel 

finishing process and investigated its effect 

on final surface quality. They conducted 

their surveys through several experiments 

and statistical analysis [16, 24]. 

As mentioned, obtaining a reliable formula 

to predict the final surface roughness of the 

barrel finished part is really difficult due the 

high volume of input data. Machine 

learning is a promising method to overcome 

this problem because of its ability for 

computing huge amounts of data [25-29]. 

Nowadays, applying machine learning is 

very prevailing in predicting the final 

circumstance of the system and many 

researchers used different algorithms of  

machine learning to evaluate the behavior 

of the process in the next steps [30-33]. But 

few studies have been conducted on 

applying machine learning in the barrel-

finishing process [34]. In the present study, 

the artificial neural network algorithm (a 

supervised machine learning algorithm) has 

been applied to simulate the process and 

obtain the best model for predicting the 

surface roughness in barrel finishing. It is 

worth noting that the experimental data 

used in this survey, was extracted from our 

previous study [12]. The used program was 

coded in Python with seven libraries, two 

IDEs named Pycharm and Jupyter, and a 

total of 440 lines code. Moreover, this 

program applied 252 tested data (from 

experimental results) for learning.  
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2- Materials and Methods 

2-1- Barrel finishing parameters 

The cylindrical samples made of CK45 steel 

alloy, with 10mm diameter were used in this 

study. The process parameters are 

introduced in table 1. A sample before and 

after finishing process is demonstrated in 

Fig. 1.

Table 1: Process parameters 

Parameters Value  

Height of samples 10mm  15mm 20mm 

Initial roughness 6.14 µm 8.96 µm 11.90µm 

Abrasive media Steel balls aluminum oxide ceramics 

Working time  1 hour 2 hours   3 hours    4 hours 
 

 

Fig. 1 A sample before and after finishing process 

 

 

Fig. 2 Barrel finishing machine (left) – Three different media (right) 

 

A horizontal hexagonal barrel finishing 

machine was used in this study. Fig. 2 

shows the schematic of barrel finishing 

machine as well as three different abrasive 

media.  
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2-2- Machine learning parameters 

Machine learning is a science that makes 

computers learn and make decisions about a 

specific subject without the need for an 

explicit program. Machine learning 

algorithms create a mathematical model 

based on sample data or "training data" in 

order to predict or make decisions without 

overt planning. In Supervised learning 

which is known as one of the subsets of 

machine learning, the output values are 

labeled and according to the received data, 

the machine draws a function to connect the 

input data to the output data, which is 

unique for each pair of data. linear 

regression is applied to analyze data that 

have continuous values . 

In the written program in this study, simple 

linear regression is applied because the 

prediction of a dependent variable is related 

to several independent variables. To express 

the degree of dependence of an independent 

variable on each of the dependent variables, 

a parameter called "correlation coefficient" 

is used. The correlation coefficient has a 

value between 1 and -1, where 1 means a 

direct relationship and -1 means an inverse 

relationship between two variables. Data 

was stored in the array to minimize the 

processing time. In addition, the Numpy 

library was applied to determine Max, Min, 

and Mean values. Moreover, the Pandas 

library was used for data analysis, 

preprocessing, and visualization of results, 

and the Seaborn library to draw the 

correlation graph was applied as well. 

Matplotlib library was used to draw all 

kinds of diagrams as well as Scikit-learn 

library (Sklearn) which can be mentioned as 

the main library in machine learning and 

includes a variety of analytical algorithms 

such as regression, clustering of support 

vectors, random forests, DBSCAN, k-

means, etc. Finally, the Tkinter library was 

applied as a GUI user interface. Also, in this 

program, For the training data, real 252 tests 

were used. All these data are stored in a file 

in CSV format. The reason for using the 

.csv format instead of .xlsx is its high-speed 

data reading. MSE and MAPE methods are 

used to calculate the error. Six independent 

variables in this experiment can be adjusted 

in different ranges. In order to train the 

machine, 6 variables have been tested in the 

following intervals: Sample length (10, 15, 

and 20 mm), initial surface roughness (6.14, 

8.96, and 11.9 μm), time (1, 2, 3, 4 hours) 

and Al2O3, Ball, and ceramic (0 to 100% 

combination) . 

The values of initial surface roughness 

variables, sample length, time, and amount 

of abrasive media are received from the user 

and the machine calculates the amount of 

Ball according to the values of ceramic and 

Al2O3. In addition, the entered values are 

controlled so that if the wrong information 

is entered, an error is displayed to the user 

and the wrong answer is prevented. For 

example, the user does not allow negative 

values for all variables. Also, the user is not 

allowed to enter values outside of 0 to 100 

for the amount of ceramic and Al2O3. In 

order to indicate the optimal values, several 

libraries have been used simultaneously to 

demonstrate the best performance. For data 

entry, the machine uses the Tkinter library 

to get the minimum and maximum values. 

The received values are all of the 

DoubleVar types. All the information 

passes through several filters, such as 

checking whether the minimum values are 

smaller than the maximum values, whether 

all values are positive, etc. Entering the 

wrong information is prohibited to avoid 

mistaken answers. In the calculation step, 

the machine receives all the values and 

defines them in its own variables. By 

performing several tests in the intervals 
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given by the user, the highest amount of 

surface roughness reduction is determined. 

For this purpose, seven nested loops are 

used. And the machine predicts the amount 

of surface roughness reduction for each test 

separately. The time required to receive the 

answer depends on the number of necessary 

tests and the computer's performance and 

finally, the results are displayed. It is worth 

mentioning that the program can be 

implemented in two different environments: 

CMD and Tkinter. 

3- Results 

3-1- Correlation 

It is crystal clear that by increasing the 

working time, the surface roughness is 

reduced and it is independent of the other 

factors. Indeed, one solution for higher 

surface quality, is to increase the working 

time. The reason for this phenomenon is 

that, by increasing the working time, the 

more abrasive particles can collide with the 

specimens and consequently, the surface 

roughness is considerably decreased. In 

addition, the other parameter- initial surface 

roughness- plays a significant role on the 

final surface quality of the workpieces in the 

barrel machining process. A specimen with 

the higher initial surface roughness results 

in a rougher surface. It means that the 

reduction of surface roughness is more for a 

sample with the less initial surface 

roughness.  

As shown in Fig. 3, the correlation between 

the data is classified between values from -

1 to 1 (the lowest correlation to the highest 

correlation). It is also clear in the graph that 

ball has a direct correlation with the 

reduction of surface roughness (Ra), and on 

the other hand, Al2O3 has an inverse 

correlation with the reduction of surface 

roughness, which means that with the 

reduction of Al2O3, the reduction of surface 

roughness increases. 

According to the experimental results in our 

previous paper [12], the two abrasive media 

consisting of the combination of 75% steel 

balls and 25% aluminum oxide as well as 

100% steel balls, had the efficient effect on 

the surface roughness. It may because of the 

high density and weight of steel balls, in 

comparison with aluminum oxide and 

ceramic particles. This attribute plays a 

significant role when steel balls impact the 

surface of the samples. The high impact 

energy leads to best results for reducing the 

surface roughness. By using the steel balls, 

the working time can be decreased as well. 

 
Fig. 3 Correlation diagram of data relative to each 

other 

 

3-2- Error 

In this section, the program calculates the 

amount of error in the prediction. Also, the 

input information of the program is used to 

test the error rate of the program. All input 

information is divided into two groups, 

Train and Test. The ratio of the number of 

information in each group is determined by 

a unit called alpha (α), which has a value 

between 0 to 1. 

The Mean Square Error (MSE) method is 

located in the Sklearn library. In the first 

section, the user can get the MSE result by 
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specifying the alpha value or Test size. 

Also, to get alpha, the Scale method, which 

is in the Tkinter library can be used. In 

addition, the program has the ability to 

calculate the lowest amount of error in both 

methods which is known by Mean Absolute 

Percentage Error (MAPE). Figs. 4 and 5 

show the MSE and MAPE errors chart 

successively. The mathematical formula of 

MSE and MAPE are as follows: 

𝑀𝑒𝑎𝑛 𝑆𝑞𝑢𝑎𝑟𝑒 𝐸𝑟𝑟𝑜𝑟(𝑀𝑆𝐸)

=
1

𝑛
∑(𝑌𝑖 − �̂�𝑖)

2

𝑛

𝑖=1

 

𝑀𝑒𝑎𝑛 𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐸𝑟𝑟𝑜𝑟(𝑀𝐴𝑃𝐸)       

=
100

𝑛
∑ |

𝐴𝑡 − 𝐹𝑡

𝐴𝑡
|

𝑛

𝑡=1

 

3-3- Finding optimal values with selected 

information 

In Table 2, the experimental results of 

reducing the surface roughness are 

demonstrated [12], which are very close to 

the results of the machine in the present 

paper.  

To show the function of the program, an 

example is presented in the following. As 

shown in Fig. 6, the machine has predicted 

the reduction of the surface roughness 

according to the input parameters (which 

can be observed in Fig. 6) equal to 35%. 

Fig. 4 MSE chart 

Fig. 5 MAPE chart 

 

 

 

Fig. 6 Prediction of surface roughness reduction with given values 
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Table 2: Experimental test results 

 

 

As shown in Fig. 7, the program receives 

the minimum and maximum parameters 

from the operator and based on them 

determines the best possible state for each 

parameter individually. The program goes 

from minimum to maximum with a specific 

step for each parameter and simulates a 

unique test for each. Steps for each 

parameter: initial surface roughness 

(6.14μm to 11.9μm with 1μm step), sample 

length (10mm to 20mm with 1mm step), 

working time (1hr to 4hr with 1hr step), 

ceramic (0% to 100% with 1% step), Al2O3 

(0% to 100% with 1% step) and ball (0% to 

100% with 1% step). 

In Fig. 8, the three-dimensional diagram of 

the reduction in surface roughness in 4 

different time periods is presented. It is 

clear that balls have a better performance 

than ceramics. Moreover, the time effect is 

quite visible. Also, to draw this graph, 3 

other variables are assumed to be fixed, 

initial surface roughness (8.96μm), sample 

length (10mm) and content of Al2O3 (0%). 
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Fig. 7 Get values from the operator 

 

 

Fig. 8 Ra with different materials and work time. 

 

 

As shown in Fig. 9, 2434399 tests have been 

performed and their results have been 

calculated. In the second row, the maximum 

reduction in surface roughness is calculated, 

and in the third row, the optimal values of 

the variables introduce which successively 

are: initial surface roughness, sample 

length, working time, ceramic%, Al2O3% 

and ball%. This result shows a good 

closeness with the experimental values 

according to table 2 (combination of 75% 

steel balls and 25% aluminum oxide.) All 

the tests were simulated separately in the 

program and it is possible to access the 

result of each test. Also, the program will 

answer the related results according to the 
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input parameters of the operator, and by 

changing the values, the answer of the 

machine will definitely change.  

 

Fig. 9 Finding optimal values by machine 

4- Conclusion 

In this paper, improving surface roughness 

in barrel finishing process by means of 

machine learning method have been 

investigated. The results are as follows: 

 In barrel finishing process, the time, 

has the greatest effect on the surface 

roughness of the samples. 

 The shorter the height of the work 

piece, the greater the reduction in 

surface roughness of the samples 

were observed. 

 By decreasing the initial surface 

roughness, the reduction in surface 

roughness is increased.  

 Among three abrasive media, ball 

has the most effective influence on 

the reduction of surface roughness, 

meanwhile, ceramic has the 

weakest performance. 

By the written program, it is possible to 

saving time and expense for experimental 

testing, and it is also possible to obtain the 

best performance without testing according 

to the available materials and available 

facilities. This program can improve the 

accuracy of its calculations by learning 

through the received data. It can also make 

decisions using artificial neural networks. 

This program is a comprehensive program 

that can be used in other subjects by a series 

of modifications. 
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