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Manufacturing organizations are under tremendous pressure to produce quality products at 

reduced manufacturing cost with shorter time-to-market. A good combination of process 

parameters for any manufacturing process may ensure production of quality parts at reduced 

time and cost. Aim of the present study is to develop an artificial neural network (ANN) model 

for CNC turning operation to predict surface roughness of EN8 bar for a specific set of 

parameters. In this study, effect of CNC turning parameters, namely spindle speed, depth of 

cut and feed rate, each with three levels, on surface roughness of EN8 steel bar has been studied 

experimentally. Total 27 experiments have been conducted as per full factorial design of 

experiment approach and surface roughness of the turned pieces is evaluated using a Mitutoyo 

make roughness tester. One set of the roughness values has been used to train the ANN model 

and another set is used to test the predictability of the model in MATLAB 8.0 software. The 

average error between the experimental and predicted values is found to be 7.85 %.     
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1. INTRODUCTION

In this world of cut-throat competition, significance of 

quality products has grown manifold. Producing quality 

products at reduced cost has become a challenge to 

manufacturing organization. Machining parameter not only 

affect the manufacturing cost and productivity but also quality 

of the final product. There are several parameters, which affect 

the surface roughness of a component and can be classified 

into four main groups, machining parameters, like spindle 

speed, feed rate, depth of cut etc., machining and machine tool 

conditions, like dry or wet turning, type of cutting fluid, 

cutting tool parameters, such as tool geometry, tool material, 

tool wear, tool nose radius and material properties of work 

piece [1]. Surface roughness can be optimized for given set of 

parameters using techniques such as Taguchi method, 

response surface method, genetic algorithm, ANN etc. [2-6]. 

Mathematical modeling of a process reduces the effort, save 

money and time for optimal and efficient implementation of 

any process. Many investigations have been made in this 

direction using ANN modeling; however, modeling is 

machine tool and process parameters specific and needs to be 

done for specific process. 

Tsai et al. (1999) developed an ANN model to predict the 

surface roughness of End-milled part. An accelerometer and a 

proximity sensor were employed during cutting to collect the 

vibration and rotation data. Spindle speed, feed rate, depth of 

cut and the average vibration per revolution as input layer and 

surface roughness (Ra) value as output layer were used for the 

ANN [7]. Karayel (2009) developed ANN model to Predict 

and control of surface roughness for steel on CNC lathe. He 

obtained average absolute error of 2.29 % for ANN model and 

10.75 % absolute error for regression model [8]. Patel and Pal 

employed the Taguchi design method and ANOVA to 

optimize the surface roughness quality in milling of 

aluminium. They found that spindle speed is most and depth 

of cut is least significant parameter [9]. 

From the literature review, it was found that there are 

various techniques used for model preparation and surface 

roughness prediction like response surface methodology 

(RSM), Genetic algorithm (GA), Statistical regression 

technique, ANN etc. However, in all the cases, the efficiency 

and robustness of the model play an important role to predict 

the accurate results.

In this paper, authors have discussed the effect of machining 

parameters on surface roughness. The study has been carried 

out on computer numeric control (CNC) lathe “MCL10”. The 

significant machining parameters namely spindle speed, feed 

rate and depth of cut were chosen to be optimized to get better 

surface finish of EN8 steel work-piece in turning operation. 

The objective of the present study is to develop an artificial 

neural network (ANN) model for CNC turning operation to 

predict surface finish of EN8 bar. 

2. WORKPIECE MATERIAL

The experiment was performed on EN8 round steel bar 

having diameter of 25.4 mm and length 60 mm. It is a medium 

strength steel and has good tensile strength. EN8 is can be used 

to manufacture parts like shafts, axles, gears for automobiles, 

hardened pins, keys etc. It can be induction hardened and used 

to produce parts which can bear higher wear resistance. 

Composition of EN8 steel is shown in Table 1. 

Table 1. Chemical composition of EN8 steel 

C Mn Si P S Fe 

0.35-

0.45 % 

0.60 -

1.00 % 

0.05 -

0.35 % 

0.06 % 

max 

0.06 % 

max 
Balance 
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3. DESIGN OF EXPERIMENT 
 

Design of Experiments (DOE) refers to the process of 

planning, designing and analyzing the experiment so that valid 

and objective conclusions can be drawn effectively and 

efficiently. 

The methodology of DOE is fundamentally divided into 

four phases; 1) Planning phase: Problem recognition, 

formulation and selection of process and response parameters, 

determination of levels etc. 2) Designing phase: selecting the 

most appropriate design for the experiment, 3) Conducting 

phase: Conduction of experiments as per design and 4) 

Analysing phase: Analysis of results from different 

perspectives.  

Factorial design enables an experimenter to study the joint 

effect of the factors on a response. A factorial design can be 

either full or fractional factorial. A full factorial design 

consists of all possible combinations of levels for all factors. 

Total number of experiments for studying k factors at N-levels 

is Nk. In present work, three most influential turning 

parameters namely spindle speed, feed rate and depth of cut, 

each with three levels are selected as shown in Table 2. Full 

factorial design is chosen, so that a good number of results can 

be obtained to train and test the ANN model. Total 27 (33) 

experiments were designed and conducted as shown in Table 

3.  

 

Table 2. Machining parameters with levels 

 
Parameters Level 1 Level 2 Level 3 

Spindle speed (rpm) 1500 1700 1900 

Feed rate (mm/min) 10 20 30 

Depth of cut (mm) 0.2 0.4 0.6 

 

 
 

Figure 1. MCL10 Lathe, CIM Lab, JUET 

 

 

4. EXPERIMENTAL WORK  

 

Experiments were performed on CNC Lathe “MCL10” in 

wet machining condition. The work material used for this 

purpose was EN8 round steel and was turned using a tungsten 

carbide single point cutting tool.  

 

 
 

Figure 2. Photograph of EN8 Turned workpieces 

The experimental setup consists of CNC lathe machine, 

power supply, and the whole setup is connected to the central 

computer. The tool used to perform machining was tungsten 

carbide having tool nose radius 8.66 mm. The tool was 

checked periodically to ensure its opportune functioning. The 

cutting tool was cleaned to avoid any chip and Built-up edge 

(BUE) formation after machining of every specimen to ensure 

a good surface finish. Total 27 specimens were turned, as 

shown in Figure 2 as per the designed experiments shown in 

Table 3. Surface roughness measurement has been carried out 

using microprocessor-based Surfpak-Ez (Mittutoyo make) 

surface tester, shown in Figure 3. This tester gives results with 

high accuracy in three dimensional analyses. The measured 

values of surface roughness for all the 27 specimens have been 

given in Table 3. 

 

 
 

Figure 3. Photograph of Surfpak-Ez, surface tester 

 

Table 3. Measured roughness values with designed 

experiments 

 

S. 

No. 

Spindle 

speed 

(m/min) 

Feed rate 

(mm/rev) 

Depth 

of cut 

(mm) 

Roughness 

value 

Ra (μm) 

1 1900 10 0.6 5.932 

2 1900 10 0.4 5.200 

3 1900 10 0.2 3.328 

4 1900 20 0.6 5.224 

5 1900 20 0.4 4.849 

6 1900 20 0.2 4.236 

7 1900 30 0.6 5.759 

8 1900 30 0.4 4.713 

9 1900 30 0.2 3.020 

10 1700 10 0.6 5.877 

11 1700 10 0.4 4.131 

12 1700 10 0.2 3.245 

13 1700 20 0.6 5.308 

14 1700 20 0.4 4.270 

15 1700 20 0.2 3.372 

16 1700 30 0.6 5.657 

17 1700 30 0.4 3.256 

18 1700 30 0.2 2.300 

19 1500 10 0.6 5.549 

20 1500 10 0.4 3.715 

21 1500 10 0.2 3.020 

22 1500 20 0.6 3.775 

23 1500 20 0.4 3.569 

24 1500 20 0.2 2.174 

25 1500 30 0.6 5.629 

26 1500 30 0.4 4.155 

27 1500 30 0.2 2.282 
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5. NEURAL NETWORK MODEL  

 

Artificial neural network (ANN) is an artificial intelligence 

tool for machine learning. ANN consists of input, hidden and 

output layers as shown in Figure 4.  

 

 
 

Figure 4. Artificial neural network model 

 

Hidden layer consists of units which convert the input 

values into some intermediate values which are further used 

by output layer. Initially, a network is created in the training 

of a feed forward network [10-11]. The ANN knowledge in 

interconnection weights is adjusted during training process. 

Independent variables in the model is equal to input neurons, 

whereas the output neurons are in same number as the 

functions to be approximated. Here, inputs to the ANN model 

are the cutting parameters, namely depth of cut, feed rate and 

cutting speed. The ANN model output parameter is surface 

roughness. The input layer has three neurons, hidden layer has 

ten neurons and output layer has one neuron. ANN training 

and architectural parameters have to be appropriately selected 

so that an optimal ANN model for the prediction of surface 

roughness is developed [12]. The most elementary method for 

selection of parameter settings is the use of a trial and error 

method [13]. The most important training and architectural 

parameters are: learning rate, momentum, number of hidden 

layers, and number of neurons in hidden layer. The number of 

neurons in the hidden layer is a primary parameter of the ANN 

architecture. Due to the full interconnection used between 

neurons, any increase in the neuron number leads to increasing 

net complexity as well as training time. On the other hand 

networks with more neurons in the hidden layer may solve 

more complex problems. However, an ANN with too many 

hidden neurons will generalize very badly, which is a 

reflection of well-known over-fitting problem. 

 

 

6. RESULT AND DISCUSSION  

 

Total 27 specimens were turned as per the designed 

experiments and roughness value of each specimen was 

evaluated as discussed in previous section. An ANN model 

was designed. Out of the 27 readings, 20 were used for training 

purpose and the remaining 7 reading (as shown in Table 4) 

were used to check the accuracy of ANN model. ANN model 

was trained using MATLAB software. The screenshots of 

MATLAB are shown in Figure 5 and 6. 

The seven roughness values shown in Table 4 were used to 

check the accuracy of the ANN model. The actual and 

predicted roughness values were compared and percentage 

error has also been shown in Table 4. 

The predicted surface roughness (output) and actual surface 

roughness (target) are shown in Figure 7 and percentage error 

recorded is shown in Figure 8. 

 

 

Table 4. Predicted and actual surface roughness values 

with % error 
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13 1700 20 0.6 5.308 5.479 -3.2 

14 1700 20 0.4 4.270 3.925 8.1 

15 1700 20 0.2 3.372 3.274 2.9 

16 1700 30 0.6 5.657 5.492 2.9 

19 1500 10 0.6 5.549 5.023 9.5 

20 1500 10 0.4 3.715 3.251 12.5 

21 1500 10 0.2 3.020 3.499 -15.8 

 

 
 

Figure 5. ANN training in MATLAB 

 

 
 

Figure 6. Regression curve 
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7. CONCLUSIONS 

 

The main objective of the present work was to develop an 

ANN model which can predict surface roughness of EN8 steel 

for a given set of cutting parameters namely speed, feed and 

depth of cut in CNC turning operation. Back-propagation feed 

forward neural network was used to develop the model to 

predict the surface roughness. Surface roughness prediction 

through developed ANN model has been done satisfactory 

with an average 7.85 % error i.e. 92.15 % accuracy in 

predicted values. The result is also comparable with previously 

available results. ANN model developed was reliable enough 

to predict the surface roughness. So, it can be concluded that 

ANN model provides a good prediction of surface roughness 

in CNC turning process. 

 

 
 

Figure 7. Actual vs. predicted Ra graph 

 

 
 

Figure 8. Percentage error graph 
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