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Abstract
The present study highlights a multi objective optimization 
problem by applying the Principal components analysis method 
coupled with the Taguchi method through a study of CNC end 
milling of 6061-T4 Aluminium. The study is aimed at evaluating 
the best process parameters which could simultaneously provide 
multiple requirements of surface quality. In the present work 
individual response correlations have been eliminated first 
by means of Principal components Analysis (PCA). Principal 
components are found out which are independent quality indices. 
The principal component having the highest accountability 
proportion is considered as the objective function. Finally the 
taguchi method has been used to solve this objective function. In 
the current paper two surface roughness parameters have been 
taken into consideration.
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I. Introduction
CNC machine tools provide great improvements in productivity 
as it increases the quality of the machined products and also 
it requires less operator time. Milling is a common machining 
operation and it is widely used in variety of manufacturing 
industries including automobile manufacturing companies and 
other high end equipment manufacturing companies. Also in such 
companies quality is of maximum importance. Literature [Ghani et 
al. (2004), Yang and Chen (2001), Chang and Lu (2007)) depicts 
that work have been done for optimizing the process parameters 
and improving the performance measures of CNC end milling 
process. However, all these studies whether experimental or 
analytical mostly concentrate on the centre line average roughness 
Ra value for surface quality. But surface generated by machining 
is composed of a large number of length scales of superimposed 
roughness, [Sahoo,(2005)] that are generally characterized by 
three different types of parameters, viz., amplitude parameters, 
spacing parameters and hybrid parameters. Thus consideration of 
centre line average roughness alone is not sufficient to describe 
surface quality. The other roughness parameters like root mean 
square roughness (Rq), kurtosis (Rku) and mean line peak spacing 
(Rsm) need to be addressed. Optimization of various production 
processes highlighted in literature assumed that individual quality 
indices are independent to each other i.e. they are not correlated. 
But in practice the assumption may not be valid always. Therefore, 
hybrid Taguchi based optimization approaches like grey based 
Taguchi [Datta el al. (2008)], desirability function based Taguchi 
[Datta el al. (2006)], utility concept [Walia et al.(2006)] based 
Taguchi methods those do not account response correlation may 
lead to erroneous results.
Hence in order to avoid this limitation the study proposes the 
application of Principal components analysis to eliminate 
response correlation. PCA converts the correlated responses into 
uncorrelated quality indices called principal components. From 
the principal components the quality losses are calculated and 

this serves as the objective function which in turn is solved by 
Taguchi method.

II. Experimentation
In this study I have considered depth of cut, spindle speed and feed 
rate as the machining parameters and two roughness parameters 
have been considered as the response variables. The roughness 
parameters are centre line average roughness (Ra) and root mean 
square roughness (Rq). The workpiece material was 6061 T4 
Aluminium. CVD coated carbide tools have been used for the 
machining purpose. The different levels of the parameters are 
mentioned in the Table 1. Taguchi’s L25 orthogonal array has 
been selected for the experimentation purpose. The interaction 
effect of process parameters has been assumed to be negligible. 
Dyna V4.5 CNC end milling machine with a vertical milling head 
is used. The surface roughness parameters have been measured 
using Talysurf profilometer. The measured roughness parameters 
have been mentioned in the Table 2. 

Table 1:
levels depth(mm) speed(rpm) feed(mm)
1 0.10 4500 900
2 0.15 4750 950
3 0.20 5000 1000
4 0.25 5250 1050
5 0.30 5500 1100

Table 2:

S. 
No. L25 Array

Measured 
roughness 
parameters

 Depth Speed Feed Ra Rq
1 0.1 4500 900 0.611 0.727
2 0.1 4750 950 0.634 0.769
3 0.1 5000 1000 0.853 0.987
4 0.1 5250 1050 0.656 0.807
5 0.1 5500 1100 0.713 0.847
6 0.15 4500 950 0.668 0.872
7 0.15 4750 1000 0.580 0.700
8 0.15 5000 1050 0.548 0.673
9 0.15 5250 1100 0.754 0.910
10 0.15 5500 900 0.514 0.633
11 0.2 4500 1000 0.678 0.898
12 0.2 4750 1050 0.678 0.812
13 0.2 5000 1100 0.512 0.641
14 0.2 5250 900 0.296 0.379
15 0.2 5500 950 0.597 0.745
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16 0.25 4500 1050 0.562 0.719
17 0.25 4750 1100 0.743 0.888
18 0.25 5000 900 0.536 0.664
19 0.25 5250 950 0.552 0.676
20 0.25 5500 1000 0.589 0.726
21 0.3 4500 1100 0.546 0.659
22 0.3 4750 900 0.569 0.708
23 0.3 5000 950 0.531 0.639
24 0.3 5250 1000 0.624 0.752
25 0.3 5500 1050 0.669 0.853

III. Principal Components Analysis
Principal Component Analysis is a way of identifying patterns in 
the correlated data, and expressing the data in such a way so as to 
highlight their similarities and differences, Johnson and Wichern 
(2002). The main advantage of PCA is that once the patterns in data 
have been identified, the data can be compressed and the number 
of dimensions can be reduced, without much loss of information. 
The methods involved in PCA are discussed below:

Getting some data• 
Normalization of data• 
Calculation of covariance matrix.• 
Interpretation of covariance matrix.• 

Assuming, the number of experimental runs in Taguchi’s OA 
design is m, and the number of quality characteristics is n. The 
Experimental results can be expressed by the following series: 
Here,

Here, Xi represents the i th experimental results and is called the 
comparative sequence in grey relational analysis.
Let, X0 be the reference sequence:
Let,  X0 = {X0 (1), X0 (2)……X0 (k)....X0 (n)}
The value of the elements in the reference sequence means the 
optimal value of the corresponding quality characteristic. X0 and 
Xi both includes n elements, and X0(k) and Xi(k)represent the 
numeric value of k th element in the reference sequence and the 
comparative sequence, respectively, k =1,2,........,n . The following 
illustrates the proposed parameter optimization procedures in 
detail, (Su and Tong, 1997).

A. Normalization of the Responses (Quality Charac-
teristics)
Here the range of series is too large and hence the optimal value 
of the quality characteristics is too large and the influence of some 
parameters might be ignored. Thus the original experimental data 
must be normalized to eliminate the aforesaid effect. There are 
three different types of data normalization according to whether 
we require the LB (lower-the-better), the HB (higher-the-better) 
and NB (nominal-the-best). The normalization is taken by the 

following equations.
(a) LB (lower-the-better)

    (1)
(b) HB (higher-the-better)

    (2)
(c) NB (nominal-the-best)

   (3)
Here, i = 1, 2 ...m;
k = 1, 2 ...n
Xi

*(k) is the normalized data of the k th element in the i th 
sequence.
X0b (k) is the desired value of the k th quality characteristic. After 
data normalization, the value of X*

i (k) will be between 0 and 1. 
The series X*

i, i =1, 2, 3,........,m can be viewed as the comparative 
sequence used in the grey relational analysis.

B. Checking for Correlation Between Two Quality Charac-
teristics

Let,
Where, i = 1,2,.....n
It is the normalized series of the i th quality characteristic. The 
correlation coefficient between two quality characteristics is 
calculated by using the following equation:

   (4)
j = 1,2,3....,n
k = 1,2,3....,n
j ≠ k
Here, ρjk is the correlation coefficient between quality characteristic 
j and quality characteristic k; Cov(Qj Qk) is the covariance of 
quality characteristic j and quality characteristic k; σQj and σQk 
are the standard deviation of quality characteristic j and quality 
characteristic k , respectively.
The correlation is checked by testing the following hypothesis:
H0  ρjk = 0 (There is no correlation)
H0  ρjk ≠ 0 (There is correlation)

C. Calculation of the Principal Component Score
1. Calculate the Eigen value λk and the corresponding eigenvector  
βk (k = 1,2,......n ) from the correlation matrix formed by all quality 
characteristics.
2. Calculate the principal component scores of the normalized 
reference sequence and comparative sequences using the equation 
shown below:

  (5)
Where, Yi (k) is the principal component score of the k th element 
in the i th series.
Xi

* (j) is the normalized value of the j th element in the i th 
sequence, and βkj is the j th element of eigenvector βk 
3. The principal component having highest accountability 
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proportion (AP) can be treated as the overall quality index; which 
is to be optimized finally. The quality loss Δ0,i (k) of that index 
(compared to ideal situation) is calculated as follow:
4. 

IV. Taguchi Method
Taguchi’s philosophy was developed by Dr. Genichi Taguchi and 
is an efficient tool for the design of high quality manufacturing 
system. Taguchi’s Orthogonal Array (OA) provides a set of 
experiments with less number of experimental runs, and Taguchi’s 
signal-to-noise ratios (S/N), which are logarithmic functions of 
desired output; serve as objective functions in the optimization 
process. Taguchi method uses a statistical measure of performance 
called signal-to-noise ratio. The S/N ratio takes both the mean and 
the variability into account. The S/N ratio is the ratio of the mean 
(Signal) to the standard deviation (Noise).The ratio depends on the 
quality characteristics of the product/process to be optimized. The 
standard S/N ratios generally used are as follows: - Nominal-is-
Best (NB), lower-the-better (LB) and Higher-the-Better (HB). The 
optimal setting is the parameter combination, which has the highest 
S/N ratio, (Taguchi, 1986; Mahapatra and Chaturvedi, 2009). 
Because, irrespective of the quality criteria may be (NB, LB, HB) 
S/N ratio should always be maximized. Once experimental data 
(quality attribute value) is normalized using NB/LB/HB criteria; 
normalized value lies in between zero to one. Zero represents worst 
quality to be rejected and one represents most satisfactory quality. 
Since S/N ratio is expressed as mean (signal) to the noise (deviation 
from the target); maximizing S/N ratio ensures minimum deviation 
and hence it is (S/N ratio) to be maximized.
Taguchi’s S/N Ratio for (NB) Nominal-the-best
(Quality characteristics is usually a nominal output, say 
Diameter)

    (6)
Taguchi’s S/N Ratio for (LB) Lower-the-better
(Quality characteristics is usually a nominal output, say 
Defects)

   (7)
Taguchi’s S/N Ratio for (HB) Higher-the-better
(Quality characteristics is usually a nominal output, say 
Current)

  (8)

V. Data Analysis
Experimental data have been normalized using the equation 1. 
For surface roughness lower the better criterion has been chosen. 
The normalized values are shown in the Table 3.

Table 3:
NORMALIZED DATA
Sl.no Ra Rq
Ideal 
sequence 1.0000 1.0000

1 0.4845 0.5213
2 0.4669 0.4928
3 0.3470 0.3840
4 0.4512 0.4696
5 0.4151 0.4475
6 0.4431 0.4346
7 0.5103 0.5414
8 0.5401 0.5632
9 0.3926 0.4165
10 0.5759 0.5987
11 0.4366 0.4220
12 0.4366 0.4667
13 0.5781 0.5913
14 1.0000 1.0000
15 0.4958 0.5087
16 0.5267 0.5271
17 0.3984 0.4268
18 0.5522 0.5708
19 0.5362 0.5607
20 0.5025 0.5220
21 0.5421 0.5751
22 0.5202 0.5353
23 0.5574 0.5931
24 0.4744 0.5040
25 0.4425 0.4443

After normalization a check has been made to verify whether the 
responses i.e. quality indices are correlated or not. The correlation 
coefficient between the different surface roughness characteristics 
have been checked and are found to be non zero values hence all 
the responses are correlated.

Table 4:
Eigen Value 1.993 0.901
AP 0.997 0.003
CAP 0.997 1.000
VARIABLE PC1 PC2
Ra 0.707 0.707
Rq 0.707 -0.707

Table 5:

Sl. No.
MAJOR PRINCIPAL COMPONENTS
PC1 PC2

Ideal sequence 1.4140 0.0000
1 0.7111 -0.0261
2 0.6785 -0.0184
3 0.5168 -0.0261
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4 0.6510 -0.0130
5 0.6099 -0.0228
6 0.6206 0.0060
7 0.7436 -0.0220
8 0.7800 -0.0163
9 0.5720 -0.0169
10 0.8305 -0.0162
11 0.6070 0.0103
12 0.6387 -0.0213
13 0.8268 -0.0093
14 1.4140 0.0000
15 0.7102 -0.0091
16 0.7450 -0.0003
17 0.5834 -0.0201
18 0.7940 -0.0131
19 0.7755 -0.0173
20 0.7244 -0.0138
21 0.7899 -0.0233
22 0.7463 -0.0107
23 0.8134 -0.0252
24 0.6917 -0.0209
25 0.6269 -0.0013

In order to eliminate response correlations Principal component 
analysis has been applied to derive two independent quality indices 
called principal components. The independent quality indices are 
denoted as PC1 and PC2. Table 5 represents the values of these 
independent principal components for 25 experimental runs. The 
principal components are calculated using the equation (5).
It has been found that the cumulative accountability proportion 
for the first component itself is 100%. Therefore the second 
component can be eliminated and the first component has been 
taken into further consideration. Quality loss values have been 
calculated and the values are tabulated in Table 6.

Table 6:
Quality loss estimates
sl. No. quality loss estimates
 PC1 S/n ratio
1 0.7029 3.0619
2 0.7355 2.6686
3 0.8972 0.9424
4 0.7630 2.3501
5 0.8041 1.8934
6 0.7934 2.0098
7 0.6704 3.4734
8 0.6340 3.9586
9 0.8420 1.4938
10 0.5835 4.6784
11 0.8070 1.8631
12 0.7753 2.2101
13 0.5872 4.6237
14 0.0001 86.0206

15 0.7038 3.0511
16 0.6690 3.4921
17 0.8306 1.6122
18 0.6200 4.1518
19 0.6385 3.8967
20 0.6896 3.2278
21 0.6241 4.0947
22 0.6677 3.5078
23 0.6006 4.4289
24 0.7223 2.8256
25 0.7871 2.0799

These quality losses are to be considered as the objective function 
and the S/n ratios are found out for these values. Figure 1 represents 
the S/n ratio plot for the quality losses. S/n ratio is calculated using 
the taguchi lower the better equation. 
Optimal parameter setting has been evaluated from fig. 1. The 
optimal setting should confirm the lowest quality loss. The 
predicted optimal setting becomes Depth = 0.10 mm, Speed = 
4750 rpm, Feed = 1000 mm/min.

Fig. 1:

VI. Conclusion
Hence in this paper the use of PCA based Taguchi method has 
been demonstrated by applying it in a CNC milling operation and 
hence finding the optimum parameters. The method is efficient for 
solving multi attribute problems. PCA eliminates the correlation 
of output responses. Hence PCA can be used in industries and 
places where there are a number of response variables.
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