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ABSTRACT 
This paper describes the machining parameter optimization for the surface roughness when milling aluminium alloys (A91060) 

with High Speed Steels. Optimization of milling is usually performed in order to  reduce cost and time for machining. Genetic 

Algorithm is used to develop surface roughness predicted model. Design of experiments method and response surface 

methodology techniques are implemented to perform the experimental run to arrive at the relationship factor. The validity test of 

the fit and adequacy of the proposed models has been carried out through analysis of variance. The experiments results are 

compared with predictive model developed by Genetic Algorithm. The optimum machining conditions in favor of surface 

roughness are estimated and verified with proposed optimized results. It is observed that the developed model is within the limits 

of the agreeable error (about 2–9 %) when compared to experimental results. 
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INTRODUCTION 

 
Roughness has a prominent role in determining how a real object will interact with its environment. 

Roughness acts as a good predictor of the performance of machining parameters. Rough surfaces usually wear 
more quickly and have higher friction coefficients than smooth surfaces [1]. It is difficult and expensive to 
control roughness in manufacturing and also decreasing the roughness of a surface will exponentially increase 
its manufacturing costs. This often affects the manufacturing cost of a component and its performance in 
application.  

Optimization of the milling process complicated due to many regulating machining variables. The factors 
affecting the process have to be understood in order to optimize the trends of the process variation. Analytical 
and Statistical methods are best combinations for evaluation the above. Improving the surface quality is still a 
challenging problem that constrains the expanding application of the technology. Performing frequent tests or 
too many experimental runs in every cases is also not economically justified. In such case, the work carried over 
here provides a methodology to describe the development and application of an optimization tool to provide the 
best possible machining parameters in end milling. Many techniques are readily available to solve classification 
and regression problems. Surface roughness prediction model in terms of cutting speed, feed rate and depth of 
cut using response surface methodology has been widely reported in literature [2–7]. Lee and Tarng [8] 
proposed the inspection of the surface roughness using a computer vision technique. The surface image of the 
workpiece was captured by digital camera. The relationship between the image captured and surface roughness 
was interpreted by polynomial network. Jiao et al. [9] predicted surface roughness using neuro-fuzzy approach. 
Abburi and Dixit [10] developed a knowledge-based system using neural networks and fuzzy set theory for the 
prediction of surface roughness. Lu [11] developed a prediction model for surface roughness by considering 
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cutting speed, feed rate and depth of cut using neural network. Basheer et al. [12] predicted surface roughness in 
turning of metal matrix composites using ABNN model considering  nose radius, feed rate, and depth of cut. 
Davim et al. [13] developed ANN based surface roughness prediction models using feed rate, cutting speed and 
depth of cut in turning of free machining steel. Escamilla et al. [14] developed back propagation and maximum 
sensibility neural network models to predict surface roughness in machining of Ti– 6Al–4V alloy using cutting 
speed, feed rate and depth of cut as input to neural network. Ramesh et al. [15] proposed fuzzy technique to 
predict surface roughness in turning of Ti– 6Al–4V alloy using cutting speed, feed rate and depth of cut. 
Hascahk and Caydas [16] provided optimized parameters of machining by considering  the cutting speed, feed 
rate and depth of cut for surface roughness using Taguchi technique and ANOVA analysis. Fadare et al. [17] 
made detailed study on the effect of cutting speed, feed rate, and depth of cut in high speed turning of Ti–6Al–
4V alloy under conventional cooling environment. In this proposed work, an attempt has been made to provide 
optimum solution by the application of DOE, RSM and GA. 

 
Response Surface Method and GA: 

The Taguchi design is normally used when performing non-sequential experiments. These designs allow 
efficient estimation of the first and second-order coefficients. The level of variables and design of experiment 
table are shown in Fig 1 and 2.  

 
 

Controllable Factors Level 1 Level 2 Level 3 
A: Depth of Cut (mm) 0.25 0.5 0.75 
B: Cutting Speed (rpm) 1500 3000 5000 
C: Feed Rate (mm/min) 250 500 750 
D: Tool Diameter (mm) 12.70 (0.5 in) 19.05 (0.75 in) 25.40 (1.0 in) 

 
Fig. 1: Factor Levels  
 

  Control Factors Noise Factor 

Exp. No 
A                            
(Depth of Cut) 

B                        
(Cutting Speed)  

C                           
(Feed Rate) 

D                
(Tool Dia) 1 2 3 

1 0.25 1500 250 12.7 1.1 1.14 1.12 
2 0.25 3000 500 19.05 1.42 1.44 1.4 
3 0.25 5000 750 25.4 1.9 1.84 1.92 
4 0.5 1500 250 19.05 1.52 1.54 1.5 
5 0.5 3000 500 25.4 1.82 1.84 1.8 
6 0.5 5000 750 12.7 2.38 2.4 2.36 
7 0.75 1500 500 12.7 2.3 2.32 2.28 
8 0.75 3000 750 19.05 2.86 2.82 2.78 
9 0.75 5000 250 25.4 0.8 0.72 0.7 
10 0.25 1500 750 25.4 2.86 2.94 2.96 
11 0.25 3000 250 12.7 1.04 0.98 1.04 
12 0.25 5000 500 19.05 1.64 1.56 1.66 
13 0.5 1500 500 25.4 2.1 1.48 1.58 
14 0.5 3000 750 12.7 1.82 2.02 2.58 
15 0.5 5000 250 19.05 0.66 0.7 0.68 
16 0.75 1500 750 19.05 3.12 3.36 3.18 
17 0.75 3000 250 25.04 1.12 1.28 1.2 
18 0.75 5000 500 12.7 1.98 2.02 1.76 

 
Fig. 2: Design of Experiment 

 
Genetic algorithm (GA) was used to find the optimum machining parameters for the process taken into 

account. The adequacy of the above three proposed models have been tested on behalf of both cases, linear and 
quadratic by means of analysis of variance (ANOVA) as shown in Table 3. The variance is the mean of the 
squared deviations about the mean or the sum of the squared deviations about the mean divided by the degrees 
of freedom. The fundamental technique is a partitioning of the total sum of squares and mean squares into 
components such as data regression and its error. The number of degrees of freedom can also be partitioned in a 
similar way as discussed in Table 1. The usual method for testing the adequacy of a model is carried out by 
computing the F-ratio of the lack of fit to the pure error and comparing it with the standard value. The values of 
P (< α-level) in the analysis ascertain that the regression model is significant. The P value of the lack of fit of 
0.351 for SR is not less than α-level (0.05). 

 
Experimental Set Up: 

The 27 experiments were carried out on 3 Axis Vertical Machining Center as shown in Fig 3. The water 
soluble coolant was used in these experiments. For the surface roughness measurement surface roughness tester 
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was used. Each experiment was repeated three times using a new cutting edge every time to obtain accurate 
readings of the surface roughness. The surface roughness of the work-piece can be expressed in different ways: 

a) arithmetic average (Ra) 
b) average peak to valley height (Rz) 
c) peak roughness (RP), etc.  
 
The fig 3 shows the measured roughness and noise ration as per the design of experiment. The roughness 

value is the average value of three locations randomly taken. 
  

Exp. No 
Response Value (µm) 

Average Roughness S/N Value (dBi) 
1 2 3 

1 1.1 1.14 1.12 1.12000 -0.9853 
2 1.42 1.44 1.4 1.42000 -3.0463 
3 1.9 1.84 1.92 1.88667 -5.5153 
4 1.52 1.54 1.5 1.52000 -3.6374 
5 1.82 1.84 1.8 1.82000 -5.2018 
6 2.38 2.4 2.36 2.38000 -7.5317 
7 2.3 2.32 2.28 2.30000 -7.2348 
8 2.86 2.82 2.78 2.82000 -9.0056 
9 0.8 0.72 0.7 0.70000 3.0957 
10 2.86 2.94 2.96 2.92000 -9.3086 
11 1.04 0.98 1.04 1.02000 -0.1753 
12 1.64 1.56 1.66 1.62000 -4.1934 
13 2.1 1.48 1.58 1.72000 -4.8177 
14 1.82 2.02 2.58 2.14000 -6.7053 
15 0.66 0.7 0.68 0.68000 3.3473 
16 3.12 3.36 3.18 3.22000 -10.1615 
17 1.12 1.28 1.2 1.20000 -1.5965 
18 1.98 2.02 1.76 1.92000 -5.6814 

 
Fig. 3: Experimental Result 

 
Generally, the Surface roughness is measured in terms of arithmetic mean (Ra). As per ISO 4287:1999 

arithmetic mean is defined as the arithmetic average roughness of the deviations of the roughness profile from 
the central line along the measurement. Surface roughness values (Ra) were measured using a portable 
roughness tester model TR200. A total of three readings were taken to determine the average surface roughness 
of cuts. 

 
RESULT AND DISCUSSION 

 
The Average Effect Response Table is shown in Fig 4. The analysis predicts the contributing effect on the 

output parameter namely surface roughness. The table clearly shows that the feed rate is the most contributing 
factor that affects roughness. Similarly, tool dia is the least contributing factor as per the experimental data.  

 
Levels Depth of Cut    (A) Cutting speed (B)   Feed Rate  (C) Tool Dia   (D)  
1 1.664 2.133 1.04 1.813 
2 1.71 1.737 1.8 1.88 
3 2.027 1.531 2.561 1.708 
Max-Min 0.362 0.602 1.521 0.712 
Rank 3 2 1 4 

 
Fig. 4: Average Effect Response Table 

 
The average effect response table for S/N ration is shown in fig 5. The fig 5 also gives the same 

interpretation as that of the fig 4. As per the analysis Feed Rate is the major contributing factor affecting the 
roughness. 

 
Levels Depth of Cut    (A) Cutting speed (B)   Feed Rate  (C) Tool Dia   (D)  
1 -3.87071 -6.0242 0.00809 -4.7187 
2 -4.09109 -4.28847 -5.02922 -4.44947 
3 -5.09733 -2.74647 -8.038 -3.89069 
Max-Min 1.22662 3.27772 8.04609 0.82828 
Rank 3 2 1 4 

 
Fig. 5: Average Effect Response Table for S/N ratio 
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The Analysis of Variance is shown in fig 6, which predicts the significance of the process within the 
acceptance level of 95%. 

 
Square of Variation Sum of Squares Degree of Freedom Mean of Square Fcal Ftab 
Depath of Cut (A) 0.46712 2 0.23356 3.7 3.01 
Cutting Speed (B) 1.12454 2 0.56227 8.9 4.26 
Feed Rate © 6.94134 2 3.47067 54.91 4.26 
Tool Dia (D) 0.09049 2 0.04525 0.72 4.26 
Error 0.56882 9 0.032 - - 
Total 9.19231 17 - - - 

 
Fig. 6: ANOVA 

 
Fig 7 shows the relationship of feed rate and depth of cut with respect to roughness. In the graph 'A' 

represents depth of cut and 'C' represents feed rate. Each colored contours represents the corresponding 
roughness values. The cutting speed at 3250rpm was taken as the hold value. 

 

 
 
Fig. 7: Contour Plot of Roughness Vs Feed Rate & Depth of Cut 

 
Fig 8 shows the relationship of feed rate and cutting speed with respect to roughness. In the graph 'B' 

represents cutting speed and 'C' represents feed rate. Each colored contours represents the corresponding 
roughness values. The depth of cut at 0.5mm was taken as the hold value. 

 

 
 
Fig. 8: Contour Plot of Roughness Vs Feed Rate & Cutting Speed 

 
Fig 9 shows the relationship of depth of cut and cutting speed with respect to roughness. In the graph 'B' 

represents cutting speed and 'A' represents depth of cut. Each colored contours represents the corresponding 
roughness values. The feed rate at500mm/min was taken as the hold value. 
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Fig. 9: Contour Plot of Roughness Vs Cutting Speed & Depth of Cut 

 
Fig 10 shows the surface plot of depth of cut and cutting speed with respect to roughness. In the graph 'B' 

represents cutting speed and 'A' represents depth of cut. Each colored contours represents the corresponding 
roughness values. The feed rate at500mm/min was taken as the hold value. 

 

 
 
Fig. 10: Surface Plot of Roughness Vs Cutting Speed & Depth of cut 

 
Fig 11 shows the surface plot of depth of cut and feed rate with respect to roughness. In the graph 'A' 

represents depth of cut and 'C' represents depth of cut. Each colored contours represents the corresponding 
roughness values. The cutting speed at 3250 rpm was taken as the hold value. 

 

 
 
Fig. 11: Surface Plot of Roughness Vs Feed Rate & Depth of cut 

 
Fig 12 shows the surface plot of cutting speed and feed rate with respect to roughness. In the graph 'B' 

represents cutting speed and 'C' represents feed rate. Each colored contours represents the corresponding 
roughness values. The depth of cut at 0.5mm was taken as the hold value. 
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Fig. 11: Surface Plot of Roughness Vs Cutting Speed & Feed Rate 

 
Regression Surface Model: 

The regression equation framed is given by 
Ra = 0.450+0.724A-0.000168B+0.00304C 

The fig 7 shows the acceptance level of the process at a level of 0.05. 
 

Source Degree of Freedom Sum of Squares 
Mean Sum of 
Squares 

Fcal Ftab 

Regression 3 8.3832 2.7944 48.35 0 
Residual Error 14 0.8091 0.0578     
Total 17 9.1923       

 
Fig. 7: Analysis of Variance for Regression 

 
Research studies shows that aluminium alloys strengthened by heat treatment are very sensitive to the 

change of microstructure. This is  due to their characteristics  prominent strength at high temperature, high 
ductility, high tendency to work hardening. Similarly, Prolonged machining tends to increase the hardness of the 
surface layer and thereby deteriorates machined surface quality.  

 
Genetic Algorithm: 

The following evolutionary parameters are considered for the prediction of surface roughness: 
Population size   : 5000 
Max. No. of generation to be run : 200 
No. of individuals   : 100 
No. of variables   : 3 
Generation Gap   : 1 
Probability of reproduction  : 0.0001 
Probability of crossover  : 0.8 
 

No. of runs Depth of cut (A) mm Cutting Speed (B) rpm Feed Rate ©mm/min Roughness  µm 
1 0.25049 4955.1 250 0.5589 
2 0.25049 4994.5 258.8 0.579 
3 0.25782 4998.2 250 0.557 
4 0.25 4999.7 251.96 0.557 
5 0.25 4939.8 250.49 0.5626 
6 0.25391 4977.3 250 0.5576 
7 0.25 4999.1 250 0.5515 
8 0.25 5000 250 0.551 
9 0.25 5000 250 0.551 
10 0.25 5000 250 0.551 
11 0.25 5000 250 0.551 
12 0.25 5000 250 0.551 

 
Fig. 8: GA Experimental run  
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Generally, reduction in cutting speed,  depth of cut causes the surface roughness to become larger. The 
increase in feed rate and depth will causes  reduction in surface roughness. The feed rate has the most dominant 
characteristic effect on the surface roughness, followed by the depth of cut, cutting speed.  

Fig 8 shows the experimental run in GA and the optimal result as per GA are 
Depth of cut (A) : 0.25 mm 
Cutting Speed (B) : 5000rpm 
Feed Rate (C) : 250 mm/min  
 

Conclusion: 
GA has been found to be the one of the  most successful technique to predict the surface roughness with 

respect to various combinations of four cutting parameters (cutting speed, depth of cut, feed rate and tool 
diameter). The models have been found to accurately representing surface roughness values with respect to 
experimental results. With the model equations obtained, a designer can subsequently select the best 
combination of design variables for achieving optimum surface roughness. This eventually will reduce the 
machining time and save the cutting tools. 
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