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Abstract- Near-Dry Electrical Discharge Machining (Near-
Dry EDM)  is a variation of conventional EDM, which is eco 
friendly as compared conventional EDM since it requires very 
little amount of liquid as dielectric. Like all other machining 
processes, parameters of Near-Dry EDM also needs to 
optimize to give best output. 

 
In this paper work multiple response parameters of 

Near-Dry EDM are optimized simultaneously. Liquid-gas 
mixture (mist) is used as dielectric in Near-Dry EDM. Process 
parameters considered for the research are discharge current, 
gap voltage, air pressure, pulse on time electrode material 
and duty factor. The performance parameters were material 
removal rate (MRR), tool wear rate (TWR) and surface 
roughness (Ra). For design of experiment, L18 orthogonal 
array based on Taguchi method is used. For multi objective 
optimization PCA analysis combined with TOPSIS is used and 
after that Taguchi method is applied. 
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I. INTRODUCTION 
 
 Electrical Discharge Machining processes is a non 
conventional machining process which has ability to machine 
any electrically conductive material regardless of its 
mechanical strength due to which EDM has achieved a 
standing of being essential within the industry [1]. Despite of 
its benefits, environmental issues related to the process have 
been a significant disadvantage of EDM. The primary source 
of pollution in EDM process is the dielectric which is utilized 
in this process. Since there is no environment friendly 
substitute available at present for replacing the EDM process, 
totally eliminating or using different liquid dielectric medium 
provides a feasible solution [2]. Near-dry EDM is a 
modification of conventional EDM which tries to reduce 
problems of conventional EDM variants. The limitations of 
the dry and wet EDM could be eliminated by near-dry EDM, 
in which the mixing of a minimum quantity of the liquid with 
the compressed air (air-mist) or gas (gas-mist) has been used 
as a dielectric medium [3]. The first reference of Near-Dry 
EDM can be found in the report given by Tanimura et al. [4] 

in 1987 who investigated EDM in water mists with air, 
nitrogen, and argon gases. Not much study has been conducted 
on this process until by Kao et al. [5] in 2007 in near-dry wire 
EDM. It was found that near-dry EDM has the advantage in 
finish operation with low discharge energy considering its 
higher MRR than wet EDM and better surface finish quality 
than dry EDM [6]. Near-Dry EDM is proved beneficial for 
finishing operations whereas Wet and Dry EDMs were proved 
beneficial for roughing operation [6-7]. 
 

To get best out of a machine, its parameters need to 
be optimized. Tripathy et al. [8] performed an optimization to 
get high material removal rate (MRR) and low tool wear rate 
(TWR). Multi objective optimization (MOO) of input 
parameters of Near-Dry EDM was done by Deshmukh et al. 
[9] by using Response Surface Methodology (RSM) for high 
MRR and low TWR. Mane et al. [10] optimize input 
parameters to get high MRR, low TWR and low surface 
roughness (Ra) by using Taguchi method. 
 

Taguchi method is a robust and effective method for 
parametric optimization. But Taguchi method cannot be 
directly employed for multi objective optimization. It needs to 
be combined with another technique. 
 

In this paper Taguchi method is coupled with another 
hybrid MOO method which is PCA-TOPSIS. Tong et al. [11] 
proposed PCA combined with TOPSIS for solving various 
multi-response problems. PCA is used to simplify multi 
response problems and determine the optimization direction 
by using a variation mode chart and the optimal factor/level 
combination is determined based on the overall performance 
index for multiple responses obtained from TOPSIS. 
 

II. METHODOLOGY 
 

In this research work multi objective optimization of 
input parameters, which are electrode material, air pressure, 
discharge current, gap voltage, pulse on time and duty factor, 
using PCA-TOPSIS combined with Taguchi method. For this 
the following methodology is used based on research of Mane 
et al. [10]. 
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A. Experimental Setup 

 
The experiments were performed on a CNC die 

sinker EDM from Electronica. Dielectric used for machining 
was a mixture of kerosene and compressed air. This mixture 
consist of very small quantity of liquid (kerosene) mixed in 
compressed air so as to form a mist. A spray gun was used to 
spray the mixture in the inter electrode gap. The work piece 
material was AISI SAE D2 tool steel. Two different rotating 
electrodes, copper and copper-tungsten electrodes were used 
in the experiment. Electrodes diameter was 15mm. Polarity of 
electrode was kept as negative and that of workpiece is kept 
was positive.  Each experiment was performed for 20 minutes. 
The responses selected for the experiment were material 
removal rate (MRR), tool wear rate (TWR) and surface 
roughness (Ra) [10]. 
 
B. Selection of process parameters and their levels 

 
The process parameters selected based on literature 

survey were electrode material, air pressure, gap voltage, 
discharge current, pulse on time and duty factor. The process 
parameters and their levels are given in Table 1. For the 
experiment 3 levels of each parameter were selected [10]. 
 

 
(Table 1 source: Mane, S.G. and Hargude, N.V., “Parametric 
Optimization of Near Dry Electrical Discharge Machining 
Process for AISI SAE D-2 Tool steel” [10]) 
 
C. Design of Experiment 

 
DoE chosen for this investigation is Taguchi’s 

Orthogonal Array. The smallest mixed 2-level and 3-level 
array, L18 orthogonal array, meets the requirements of 
experiment [10]. 

 

 
(Table 2 source: Mane, S.G. and Hargude, N.V., “Parametric 
Optimization of Near Dry Electrical Discharge Machining 
Process for AISI SAE D-2 Tool steel” [10]) 
 
D. PCA-TOPSIS Combined with Taguchi Method 

 
PCA is initially performed on the SN values obtained 

from each response to integrate the dimension of multiple 
responses to a smaller number of uncorrelated components. 
The variation mode charts for components obtained from PCA 
are then used to investigate the variation pattern of various 
integrated responses. Then, TOPSIS is used to determine the 
optimal factor/level combination for multiple responses [11]. 
Finally Taguchi method is employed to get optimized values.  
Following steps are involved for optimizing multi response 
problems using PCA-TOPSIS [11-12]: 
 
Step-1: Let there are m number of experiments for which 
there are n number of responses for each experiment. 
Before performing PCA analysis, S/N ratio is calculated for 
each response depending on the type of response desired, 
using the criteria given below: 

For nominal the best (NTB) by using, S/N=  log   

For smaller the better (STB) by using, S/N=   log   

For larger the better (LTB) by using, S/N=   log  , 
 
Step-2: S / N ratio of each response variable are normalized 
using the following equation: 
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 =  
Where, 

 are the normalized variables, 

denotes the S/N ratio of the  response in the  
experimental run, 

 denotes mean for  response, 

 denotes standard deviation for  response. 
 
Step-3: Checking for correlation between each pair of quality 
characteristics by calculating variance-covariance through the 
normalized values: 
Let  = { , ........, }, where i = 1, 2, 3,....., n 
It is the normalized series of the ith quality characteristic. The 
correlation coefficient among two quality characteristics is 
evaluated by the following equation: 

 =  
Where, 
j = 1, 2, 3,....., n 
k = 1, 2, 3,....., n 
k ≠ j  

 is the covariance of Qj and Qk of response 
variable  j and k. 

 are the standard deviation of response variable j 
and k. 
 
Step-4: Eigen values, Eigen vectors and principal component 
scores are obtained by conducting PCA analysis on 
normalized S/N ratios of response variables. 
Procedure to conduct PCA analysis: 

i. Solve the characteristic equation, |R- I|=0 
Where, 
R = Correlation matrix of order n×n 
I = Identity matrix of order n×n 

 = Eigen Values ( ), 
 = n; k = 1, 2, 3,....., n 

ii. Once the Eigen values ’s are determined proportion 
of variance explained by each PC (Principal 
Component) and cumulative variance can also be 
calculated. 

iii. From the Eigen values, the Eigen vector for each 
Eigen value ( ) can be computed by solving, 

(R- I)V= 0, subjected to  = 1  
Where, 
V = Eigen vector of order  for  

V=  
iv. Calculate the principal component scores of the 

comparative sequence and normalized reference 
sequence utilizing the equation shown below: 

 (l) =  * , 
Where, 
i = 1, 2, 3,......., m, 
k = 1, 2, 3,......., n, 
l = 1, 2, 3, ......., n. 
i.e., principal component score will be 

 (1) =  + + .......... +  
 (2) =  +  + .......... +  

.... 

.... 
 (l) = + + .......... +  

Here,  (l) is the principal component score of the  element  
in the  series.  is the normalized value of the   element 

in the   sequence, and  is the  element of the Eigen 
vector . 
 
Step-5: Determine the number of principal components to be 
retained. The number of principal components retained should 
account for 100% variation in the original values. 
For extracting PC’s there different methods they are listed 
below: 

 Cumulative percentage of total variance 
 Kaiser’s rule (Eigen-value criteria) 
 Average root method 
 Broken stick method 
 Scree plot 
 Bartlett’s Hypothesis test 

 
Step-6: Determine the optimization direction or type i.e., 
whether it is maximizing or minimizing, for the selected 
principal components by developing the variation mode 
charts. 
 

The variation mode chart of lth (l= 1,2,3,…,q and q ≤ 
p)  principal component (yl) is the plot of the upper and lower 
variation extent limits, VEL1(yl) and VEL2(yl), respectively, 
with respect to n response variables. The values of VEL1(yl)  
and VEL2(yl) are computed using the following equations: 

VEL1(yl) = (3a11 , 3a21 ,………, 3ap1 ) 

VEL2(yl) = ( , ,………, ) 

(Eq. 3.12) 
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Where  is the Eigen value of the lth (l= 1,2,3,…,q 
and q ≤ p) principal component [11]. The variation mode chart 
helps to determine the optimization direction of each selected 
principal component with respect to the integrated response. 
For example, positive values of VEL1(yl) for all the variables 
imply that the S/N ratios of each response can be enhanced 
simultaneously, and therefore, the principal component y1 will 
be considered as the LTB type with respect to the integrated 
response. A principal component can also be STB type. It may 
be noted that this knowledge is necessary for the 
determination of the ideal and negative ideal solutions as 
described in step 9. Here 'l ' should be equal to ' n' as we 
should not consider Eigen values that are greater than 1 only 
[11-12]. 
 
Step-7: Evaluate a normalized matrix, for all the retained 
principal components. The normalized matrix for ith trial and 
lth principal component score is evaluated using formula given 
below. 

 =   
Where, 

 represents the normalized value of the lth principal 
component score corresponding to the  ith trial. 
 
Step-8: Obtain the weighted matrix. The weighted 
performance measure for the lth attribute corresponding to the 
ith  trial ( ) can be derived as follows: 

 =   
 

Where,  represents the weight of attribute . In 
PCA-TOPSIS, weight ( ) is taken as the Eigen value 
corresponding to process parameter. 
 
Step 9: Determine the ideal and the negative-ideal solutions. 
The ideal value set, W+ and the negative-ideal value set,  

are determined as follows: 
W+ = {(max Wil | l ϵ L) or (min Wil | l ϵ L’ ), i = 1, 2, ....., m} 
        = , , .....,  

 = {(min Wil | l ϵ L) or (max Wil | l ϵ L’ ), i = 1, 2, ....., m} 
        = , , .....,  
Where, 
L = {l = 1, 2, ....., n | Wil, a larger response is desired } 
L’ = {l = 1, 2, ....., n |  Wil , a smaller response is desired } 
 
Step-10: Calculate the separation measures. 

The separation of each alternative from the ideal solution ( ) 
is given as follows: 

 =  

The separation of each alternative from the ideal solution ( ) 
is denoted as below: 

 =  
 
Step-11: Calculate the relative closeness of various 
alternatives to the ideal solution, which is considered as the Cj. 
Ideal solution is a point which is best of everything & 
Negative ideal solution is point where all the worst exists. 
The C for the ith trial can be computed using the following 
equation: 

Cj =  
 If ith alternative is at the Ideal solution, then  = 0 

Cj = 1 =100% 
 If ith alternative coincides with Negative Ideal 

solution, then   = 0 
Cj = 0 
The relative closeness of the alternative shows the closeness to 
the ideal solution, and value is between 0 and 1. If the value is 
closer to ‘1’ then the alternative is closer to the ideal solution. 
 
Step-12: Cj for each run has been termed as Multi-
Performance Characteristic Index (MPCI) which has been 
optimized by Taguchi method. 
 

III. RESULT AND DISCUSSION 
 

Response variables obtained according to setting of 
parameters for each run are measured and shown in Table-3.  
 

 
(Table 3 source: Mane, S.G. and Hargude, N.V., “Parametric 
Optimization of Near Dry Electrical Discharge Machining 
Process for AISI SAE D-2 Tool steel” [10]) 
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PCA analysis is performed on normalized values of S/N ratios 
of response variables using MINITAB 15. PCA result 
obtained is given in Table-4 and Table-5. 
 

 
 

 
 

The separation measures of each alternative from the 
ideal solutions have been computed and then closeness 
coefficient is computed which is treated as overall 
performance index to perform Taguchi analysis. 
 

 
 

Main effect plot for S/N ratio (using Larger-the-better 
setting) is obtained from MINITAB 15, from which optimal 
setting can be obtained. The larger values in Main effect plot 
of S/N ratio shows the best value of input parameters. 
 

Fig.-1: Main Effect Plot for S/N ratio 
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The optimal setting obtained from Main effect plot 
corresponding to the highest value of S/N ratio is illustrated in 
Table-7. 
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IV. CONCLUSION AND FUTURE SCOPE 
 

For the process to be efficient, high MRR (Material 
Removal Rate), good surface roughness (low Ra), low tool 
wear rate (TWR) are desired; which can be obtained by 
manipulating the input parameters like air pressure, discharge 
current, gap voltage, pulse on time, duty factor, electrode 
material etc. In this study, MRR, Ra, TWR of AISI SAE D2 
tool steel was experimentally investigated, to find the 
optimized parameters using PCA-TOPSIS combined with 
Taguchi’s robust optimization philosophy. Finally, the 
optimum input factors (process control parameters) and their 
corresponding levels were found out using S/N ratio concept. 

 
The predicted values of response parameters obtained 

from the optimized values of input parameters show that 
optimization is achieved by the proposed method. Optimized 
values give high MRR, relatively low TWR and considerable 
surface roughness. 

 
Future Scope: 
 

i. There are various combinations of electrode materials 
and liquid gas mixtures as dielectric mediums that 
can be used. 

ii. Different combinations of machining parameters like 
gap size, frequency etc can be used to perform 
experiments. 

iii. Different conditions like machine tool vibration, 
cryogenic effect on tool etc. can be  adopted 

iv. Different multi objective optimization techniques can 
be applied like grey relational analysis, genetic 
algorithm, evolutionary algorithms and combined 
methods like grey-fuzzy method combined with 
Taguchi method. 

v. Theoretical modelling and process simulation in near 
dry EDM can be done. Present literature is 
insufficient on this regard. 
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