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Abstract— For the success of the manufacturing organization 

finding the optimum balance between higher production rate 

and improved quality is most important. Productivity can be 

interpreted in terms of material removal rate in the machining 

processes and quality represents product characteristics as 

desired by the customers which will give competitive edge 

over the competitors. Both these criterions are conflicting but 

important for the success of the organization. This paper 

presents the study of the parameter optimization of end 

milling operation for EN19 alloy steel with multi-response 

criteria based on the Taguchi L9 orthogonal array with the 

grey relational analysis. Surface roughness and material 

removal rate are optimized with consideration of performance 

characteristics namely cutting speed, feed rate and depth of 

cut. A comparative study has been done with compressed air 

and oil as a coolant by using TiAlN PVD coated carbide end 

milling cutter tool. A grey relational grade obtained from the 

grey relational analysis is used to solve the end milling 

process with the multiple performance characteristics. 

Additionally, the analysis of variance (ANOVA) is to be 

applied to identify the most significant factor. Finally, 

confirmation tests are performed to make a comparison 

between the experimental results and developed model. 

Key words: End Milling, EN19 steel, TiAlN PVD coated tool, 
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I. INTRODUCTION 

In production/manufacturing context, multi-response 

optimization of machining processes is one of the most 

important areas of research to find out the best process 

Environment for any machining operation. Literature is 

seemed rich in addressing multi response optimization 

problems using various techniques. It is therefore imperative 

to investigate the machinability behavior of different 

materials by changing the machining parameters to obtain 

optimal results. The machinability of a material provides an 

indication of its adaptability to manufacturing by a machining 

process. Good machinability is defined as an optimal 

combination of factors such as low cutting force, good 

surface finish, low tool tip temperature, and low power 

consumption. Surface roughness and material removal rate 

are measures of the technological quality of a product and a 

factor that greatly influences manufacturing cost. Today, 

manufacturing is changing rapidly around the world as in the 

present context of sustainable manufacturing, the demands 

for most economical and environmental-friendly 

manufacturing processes are increasing, which have triggered 

the fast commercial growth of coatings and stands out to be 

one of the best solutions to address the environmental 

problems occurring due to wet machining. 

Attempts have been made to optimize quality and 

productivity in a manner that these multi-criterions could be 

fulfilled simultaneously up to the expected level. Ghhani J. 

A. et al. [1] optimized cutting parameters in end milling 

process while machining hardened steel AISI H13 with TiN 

coated P10 carbide insert tool under semi-finishing and 

finishing conditions of high speed cutting. The effect of 

milling parameters such as cutting speed, feed rate and depth 

of cut along with their interactions on the process is studied 

using Taguchi method of experimental design (DOE). The 

study indicated the suitability of Taguchi method to solve the 

stated problem with minimum number of trials as compared 

with a full factorial design. 

Gopalsamy (2009)[2] applied Taguchi method to 

find optimal process parameters for end  milling while hard 

machining of hardened steel. An orthogonal array, signal-to-

noise ratio and ANOVA were applied to study performance 

characteristics of machining parameters (cutting speed, feed, 

depth of cut and width of cut) with consideration of surface 

finish and tool life. Chipping and adhesion were observed to 

be the main causes of wear. Multiple regression equations 

were formulated for estimating predicted values of surface 

roughness and tool wear. Ab. Rashid et al. (2009)[3] 

presented the development of mathematical model for surface  

roughness prediction before milling process in order to 

evaluate the fitness of machining  parameters; spindle speed, 

feed rate and depth of cut. Multiple regression method was 

used to determine the correlation between a criterion variable 

and a combination of predictor variables. It was established 

that the surface roughness was most influenced by the feed 

rate.   

Patwari et al. (2011)[4]described mathematically the 

effect of cutting parameters on surface roughness in end 

milling of Medium Carbon Steel. The mathematical model 

for the surface roughness was developed, in terms of cutting 

speed, feed rate, and axial depth of cut. The effect of these 

cutting parameters on the surface roughness was carried out 

using design of experiments and response surface 

methodology. TsannRong [5] worked on face milling of 

stainless steel by using TiN coated tool, he found that The 

burr height in cutting process is stable, then transitional and 

then increases linearly with increase in depth of cut. 

Lohithaksha M Maiyar et.al(2013)[6] investigated the 

parameter optimization of end milling operation for Inconel 

718 super alloy with multi-response criteria based on the 

Taguchi orthogonal array with the grey relational analysis, he 

found Cutting velocity is the most Significant machining 

parameter followed by feed rate.Khrais and Lin [7] They 

investigated the tribological influences of PVD-applied 

TiAlN coating on the wear of cemented carbide inserts under 

dry and wet machining, they claimed that dry cutting is better 

than wet cutting for TiAlN coated tool upto 260 m/min speed. 

Jindal et al. [8] observed better performance in terms 

of tool life by TiAlN coated cemented carbide tools followed 

by the TiCN and TiN coated tools. They claimed that the 
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higher hot hardness and oxidation resistance of TiAlN 

coating at the temperatures normally encountered at the tool 

tip during machining operations provided higher resistance to 

abrasive and crater wear and hence, produced longer tool life. 

From above literature we can say that input machining 

parameters play an important role in production and 

manufacturing. Selection the optimal levels of parameters can 

lead us to higher productivity within same set of resources. 

Also there are number of optimization techniques available 

for generating a model which will lead us towards best output 

results. In the similar way present study will go step by step 

towards better and best results for surface finish and material 

removal rates. 

II. EXPERIMENTAL SETUP 

A. Material 

The material used for this study is EN19 alloy steel. It 

contains strengthening agents such as Manganese and 

molybdenum. These steels are resistant to softening at 

elevated temperatures due to the presence of chromium 

content. Since increased hardness slows down the formation 

of heat checking cracks, improved tool performance can be 

expected. EN19 is a high tensile alloy steel, giving good 

ductility and shock resisting properties combined with 

resistance to wear.Mechanical properties and chemical 

composition of EN19 alloy steel which has been used in the 

experiments have been tested in SN Metallurgical Services 

Waluj, Aurangabad. The composition of EN19 is given in 

following table:  

C Cr Mn Mo Si S P 

0.41 0.92 0.79 0.20 0.18 0.017 0.016 

Table 1: Percentage wise Composition of EN19 

B. Machining Setup 

End milling operation was carried out on a HAAS tool room 

CNC milling machine. The CNC milling machine equipped 

with AC variable speed spindle motor up to 4000 rpm and 

5.6KW motor power and table size is 1213x267 mm.  

C. Tool Selection 

The end mill cutter used in this work was mechanically 

attached TiAlN PVD coated end mill cutter with dimensions 

12x60x100 mm manufactured by Totem-Forbes. This tool 

has higher resistance to abrasive and crater wear and hence 

more tool life, better surface finish, minimum cutting forces. 

D. Surface Roughness Measurement 

Surface roughness is defined as the finer irregularities of the 

surface texture that usually form nucleation sites for cracks or 

corrosion. Surface roughness of the turned samples was 

measured with Mitutoyo made Surface roughness tester (SJ-

210). An average of 3 measurements of the surface roughness 

was taken to use in the multi-criteria optimization 

E. Metal Removal Rate Calculation 

Measuring weight of each specimen by the digital balance 

weigh machine before machining and after machining.  

Performing end milling operation on specimens with cutting 

involving various combinations of process control parameters 

like: spindle speed,   feed   and depth of cut.  

 Using stop watch machining time is noted down.  

 Weight of machined En 19 bar is measured using 

digital balance. 

 Calculating MRR using following formula: 

MRR = 
weight before machining − weight after machinig

𝑚𝑎𝑐ℎ𝑖𝑛𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 𝑋 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙
 

Density ρ of En19 is 7.8×10-3 gm/mm3 

F. Coolant Conditions 

The comparative study has been done by using compressed 

air as well as oil coolant condition. As the past research say 

that the above tool performs better in dry condition rather 

than wet,  

G. Selection of Cutting Parameters and Their Levels 

From the literature review and industrial survey, most 

influential parameters affecting on surface roughness and 

MRR are selected. Their levels for experimentation were 

selected from carrying out OVAT (one variable at a time) 

analysis. The results and selected levels of parameters are 

shown in table below: 

Parameters 
Levels 

A B C 

Cutting Speed 

(m/min) 
85 90 95 

Feed (mm/rev.) 0.16 0.2 0.24 

Depth of cut (mm) 0.2 0.3 0.4 

Table 2: Levels of input parameters 

III. DESIGN OF EXPERIMENT 

A. Taguchi method of DOE 

Experiments are designed using Taguchi method so that 

effect of all the parameters could be studied with minimum 

possible number of experiments. Taguchi method uses a 

special design of orthogonal arrays to study the entire 

parameter space with a small number of experiments.  

Based on Taguchi design L9 orthogonal array of has 

been selected for the experiments in MINITAB 17. All these 

data are used for the analysis and evaluation of the optimal 

parameters combination. The selected L9 orthogonal array is 

shown below: 

Expt. 

No. 

Cutting 

Speed(m/min) 

Feed rate 

(mm/rev.) 

Depth 

of 

cut(m

m) 

1 85 0.16 0.2 

2 85 0.2 0.3 

3 85 0.24 0.4 

4 90 0.16 0.3 

5 90 0.2 0.4 

6 90 0.24 0.2 

7 95 0.16 0.4 

8 95 0.2 0.2 

9 95 0.24 0.3 

Table 3: L9 Orthogonal Array 

B. Grey Relational Analysis 

In the Grey relational analysis the quality characteristics are 

first normalized, ranging from zero to one. This process is 

known as Grey Relational Generation. The Grey Relational 

Coefficient based on normalized experimental data is 
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calculated to represent the correlation between the desired 

and the actual experimental data. Then overall grey relational 

grade is determined by averaging the grey relational 

coefficient corresponding to selected responses. This 

approach converts a multiple- response- process optimization 

problem into a single response optimization situation, with 

the objective function is overall grey relational grade. The 

optimal parametric combination is then evaluated by 

maximizing the overall grey relational grade.  

In Grey relational generation, the normalized MRR should 

follow the larger-the-better (LB) criterion, which can be 

expressed as:  

               𝑥𝑖𝑗 =
𝑦𝑖𝑗 − 𝑚𝑖𝑛 𝑦𝑖𝑗

𝑚𝑎𝑥 𝑦𝑖𝑗 − min 𝑦𝑖𝑗
                (1) 

The normalized Ra should follow the smaller-the-

better (SB) criterion which can be expressed as: 

               𝑥𝑖𝑘 =
𝑚𝑎𝑥 𝑦𝑖𝑘 − 𝑦𝑖𝑘

𝑚𝑎𝑥 𝑦𝑖𝑘 − min 𝑦𝑖𝑘
               (2) 

Where, xij and xik are the value after Grey Relational 

Generation for LB and SB criteria. Max yij is the largest value 

of yij for jth response and min yik is the minimum value of yik 

for the kth response. 

Next, the grey relational coefficient is calculated to 

express the relationship between the ideal (best) and the 

actual normalized experimental results. The grey relational 

coefficient ξijcan be expressed as: 

               𝜉𝑖𝑗 =
𝛥𝑚𝑖𝑛 + 𝜉𝛥max

𝛥𝑜𝑖(𝑗) + 𝜉𝛥max
               (3) 

Where, Δoi (j) = |xo(i)-xi(j)|; Δmax = max Δoi (j) ; 

Δmin = min Δoi (j) and xoi is the ideal normalized results for 

the ith performance characteristics and is the distinguishing 

coefficient which is defined in the range 0< ξ >1. In the 

present study the value of is assumed as 0.5. 

The grey relational grade is computed by averaging 

the grey relational coefficient corresponding to each 

performance characteristics. The overall evaluation of the 

multiple performance characteristics is based on the grey 

relational grade. 

𝛾𝑗 =
1

𝑚
∑ 𝜉𝑖𝑗               

𝑚

𝑖=1

          (4) 

Where γj is the grey relational grade for the jth 

experiment and m is the number of performance 

characteristics. This approach converts a multiple- response 

process optimization problem into a single response 

optimization situation; the single objective function is the 

overall grey relational grade. The optimal parametric 

combination is then evaluated by maximizing the overall grey 

relational grade. 

C. Analysis of Variance (ANOVA) 

The analysis of variance (ANOVA) is the statistical treatment 

most generally applied to the results of the experiment to 

determine the percent contribution of each factor. Study of 

the ANOVA table for a given analysis determines, whether a 

factor requires control or not. Once the optimum condition is 

determined, it is usually a good practice to run a confirmation 

experiment. The analysis of variance (ANOVA) test 

establishes the relative significance of the individual factors 

and their interaction effects. First, the total sum of the squared 

deviations SST from the total mean of the grey relational 

grade γj can be calculated as: 

                             𝑆𝑆𝑇 =  ∑(𝑦𝑗 − 𝑦𝑚)2

𝑝

𝑗=1

               (5) 

Where p is the number of experiments in the 

orthogonal array, yj is the grey relational grade for the jth 

experiment and ym  is mean grey relational grade.  

The percentage contribution of each of the 

machining parameter in the total sum of the squared 

deviations SST can be used to evaluate the importance of the 

machining parameter change on the performance 

characteristic [12] 

IV. DATA ANALYSIS 

A. Data Pre-Processing 

Expt. 

No. 

Cutting 

Speed 

(m/min) 

feed 

rate 

(mm/ 

rev.) 

Depth 

of cut 

(mm) 

Ra 

(µm) 

MRR 

(mm3/ 

min) 

1 85 0.16 0.2 0.246 965 

2 85 0.2 0.3 0.2307 1719 

3 85 0.24 0.4 0.2017 2688 

4 90 0.16 0.3 0.207 1448 

5 90 0.2 0.4 0.219 2303 

6 90 0.24 0.2 0.218 1344 

7 95 0.16 0.4 0.203 1918 

8 95 0.2 0.2 0.2237 1151 

9 95 0.24 0.3 0.2293 2015 

Table 4: Experimentally collected response data under 

compressed air condition 

Also similar experimentation has been performed 

under oil coolant condition  

Expt. 

No. 

Cutting 

Speed 

(m/min) 

feed 

rate 

(mm/ 

rev.) 

Depth 

of cut 

(mm) 

Ra 

(µm) 

MRR 

(mm3/ 

min) 

1 85 0.16 0.2 0.25 958 

2 85 0.2 0.3 0.2287 1728 

3 85 0.24 0.4 0.219 2686 

4 90 0.16 0.3 0.2537 1440 

5 90 0.2 0.4 0.228 2303 

6 90 0.24 0.2 0.2767 1343 

7 95 0.16 0.4 0.2783 1919 

8 95 0.2 0.2 0.27 1151 

9 95 0.24 0.3 0.2827 2015 

Table 5: Experimentally collected response data under oil 

coolant condition 

B. Calculations for Grey relational coefficients and grey 

relational grades 

Experiment No. 
Grey Relational 

Grades 
Ranks 

1 0.3333 9 

2 0.452 7 

3 1 1 

4 0.6085 4 

5 0.6264 3 

6 0.4833 6 

7 0.7364 2 

8 0.4305 8 

9 0.5033 5 
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Table 6: Grey Relational Grades for compressed air 

condition 

Experiment No. 
Grey Relational 

Grades 
Ranks 

1 0.42 7 

2 0.6203 3 

3 1 1 

4 0.444 6 

5 0.7363 2 

6 0.3736 8 

7 0.5739 4 

8 0.3723 9 

9 0.4837 5 

Table 7: Grey Relational Grades for oil coolant 

Factors 

Grey Relational Grades at 

Optimum Factor Levels 
Optimum 

levels of 

parameters 1 2 3 

Speed 

(A) 
0.5951 0.5727 0.5567 85 m/min 

Feed (B) 0.5686 0.5030 0.6530 
0.24 

mm/revo 

Depth of 

cut (C) 
0.4157 0.5213 0.7876 0.4 mm 

Table 8: Grey relational grades for individual factor levels 

for compressed air condition 

Factors 

Grey Relational Grades 

at Optimum Factor 

Levels 

Optimum 

levels of 

parameters 
1 2 3 

Speed 

(A) 
0.6801 0.5179 0.4766 85 m/min 

Feed 

(B) 
0.4793 0.5763 0.6191 

0.24 

mm/revo 

Depth 

of cut 

(C) 

0.3886 0.516 0.77 0.4 mm 

Table 9: Grey relational grades for individual factor levels 

for compressed air condition 

V. RESULT AND DISCUSSION 

A. Analysis of Variance(ANOVA) and Main Effect Plot 

 
Fig. 1: Main effects plot for grey relational grades under 

compressed air condition 

From the graphs, it can be said that finest combination values 

for maximizing the multiple performance characteristics or 

grey relational grade (GRG) were cutting speed of 85m/min, 

feed rate of 0.24 mm/rev and depth of cut of 0.4 mm.  

 
Fig. 2: Main effects plot for grey relational grades under oil 

coolant condition 

Here also, from the graphs, it can be said that finest 

combination values for maximizing the multiple performance 

characteristics or grey relational grade (GRG) were cutting 

speed of 85m/min, feed rate of 0.24 mm/rev and depth of cut 

of 0.4 mm.  
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1 
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8 
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35 
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0 

Table 10: The response table for the Mean effect plot of 

grey relational grade for compressed air condition 

S = 0.058780   R-Sq = 94.23%   

R-Sq(adj) = 91.13% 
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    100 

Table 11: The response table for the Mean effect plot of 

grey relational grade for oil coolant condition 

S = 0.0738041   R-Sq = 96.77%   R-Sq(adj) = 92.08% 
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B. Comparative Study of Ra for Compressed Air and Oil 

Coolant 

Two different conditions has been taken to study comparative 

study of experimentations. These two conditions are, 

a) Compressed air coolant 

b) Oil Coolant condition 

To check Effect of these two Condition on mainly in terms of 

Surface roughness and MRR. The observations for machining 

EN19 under two different cutting fluid conditions are 

tabulated in Table 4 & 5. 

The surface roughness Ra value was found out using 

Surf Test surface roughness measuring instrument SJ-210 

It is observed that compressed air coolant condition 

gives better surface finish than oil coolant condition 

Graph 1 depicts surface roughness v/s speed, feed 

and depth of cut in two different environmental conditions i.e. 

compressed air and coolant condition,, it is clear from the 

Figures that the range of the surface roughness is gradually 

decreasing from oil coolant to compressed air coolant as 

shown in Table 10 

 
Range of surface 

roughness 

% 

Reduction 

Ra 

OIL COOLANT 0.219-0.2827 - 

COMPRESSED 

AIR COOLANT 
0.203-0.246 0-14% 

Table 10: % of avg. of reduction 

 
Fig. 3: Comparison of Ra under Compressed air and oil 

coolant condition 

C. Confirmation Experiment 

1) Predicted Optimum Condition  

The predicted values of GRG at the optimal levels are 

calculated by using the relation: 

               ň =  𝑛𝑚 +  ∑(𝑛𝑖𝑚 − 𝑛𝑚)

𝑜

𝑖=1

                   (6) 

Where ň= Predicted value after optimization  

nm = Total mean value of quality characteristic 

nim= Mean value of quality characteristic at optimum level 

of each parameter 

o = Number of main machining parameters that effects the 

response parameters 

The purpose of this confirmation experiment is to verify the 

improvement in the quality characteristics. Based on the 

above equation, the grey relational grade (GRG) is predicted 

for the optimal combination of parameters (V1-F3-D3) 

Applying this relation, predicted values of GRG, MRR and 

Ra at the optimum conditions are calculated as: 

 
Compressed air 

coolant 

Oil 

Coolant 

GRG 0.9064 0.9098 

Ra 0.2117 0.2257 

MRR 2654 2653 

Table 11: Predicted values of GRG, MRR and Ra 

VI. CONCLUSIONS 

The present work has successfully demonstrated the 

application of Taguchi based grey relational analysis for 

multi response optimization of process parameters in End 

milling of EN19 alloy steel. 

The surface roughness (Ra) and MRR were measured under 

different cutting conditions for diverse combinations of 

machining parameters. The important conclusions drawn 

from the present work are summarized as follows: 

1) Multi-response problem was successfully converted into 

single response problem i.e. grey relational grade 

achieved successfully which helped in optimization of 

both parameters simultaneously.    

2) The optimal cutting parameters for the machining 

process lies at 85 m/min for cutting speed, 0.24 

mm/revolution for feed rate and 0.4 mm for depth of cut 

under compressed air coolant as well as vegetable oil 

coolant 

3) There is a reduction of 0 to 14% in surface roughness 

using compressed air as a coolant compared to oil 

coolant condition. 

4) Here result shows that TiAlN coated carbide end mill 

cutter performs better in dry condition as compared to oil 

coolant condition. 

5) Analysis of variance shows that depth of cut is the most 

significant machining parameter followed by cutting 

speed, affecting selected response characteristics i.e. 

surface roughness and material removal rate, with  

64.27% and 20.05% influence respectively under 

compressed air coolant condition as well as 67.07%and 

20.57% respectively for oil coolant. 

6) The percentage of error between the predicted and 

experimental values of the multiple performance 

characteristics during the confirmation experiments is 

Less than 5 % as it is within limit 

7) Taguchi grey relational analysis does not involve any 

complicated mathematical theory or computation and 

thus can be employed by the engineers without a strong 

statistical background 
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