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Abstract Electrical discharge machining (EDM) is a
process for shaping hard metals and forming deep and
complex shaped holes by arc erosion in all types of electro
conductive materials. In the present work, the effectiveness
of the EDM process with tungsten carbide and cobalt
composites is evaluated in terms of the material removal
rate and the surface finish quality of the workpiece
produced. The objective of this research is to study the
influence of operating parameters of EDM such as pulse
current, pulse on time, electrode rotation and flushing
pressure on material removal rate and surface roughness.
The experimental results are used to develop the statistical
models based on second order polynomial equations for the
different process characteristics. The non-dominated sorting
genetic algorithm (NSGA-II) has been used to optimize the
processing conditions. A non-dominated solution set has
been obtained and reported.

Keywords WC/Co composite . Electrical discharge
machining (EDM) . Non-dominated sortinggenetic algorithm
(NSGA-II) .Modeling

1 Introduction

Electrical discharge machining is used for material removal
through the action of an electrical discharge of short
duration and high current density between the tool and
workpiece. EDM has proved valuable in the machining of
super-tough, electrically conductive materials such as new
space-age materials. These materials would have been
difficult to machine by conventional methods, but EDM
has made it relatively simple to machine intricate shapes
that would be impossible to produce with conventional
cutting tools. This machining process is continuously
finding further applications in the machining industry [1].

Tungsten carbide is an important tool and die material
mostly because of high hardness, strength and wear
resistance over a wide range of temperatures. It has high
specific strength and cannot be processed easily by
conventional machining techniques. The literature available
on electric discharge machining of tungsten carbide and
cobalt carbide is very limited [2]. Electro-discharge
machine manufacturers and users are always interested in
acquiring better stability and higher productivity in the
machining process. The higher rate of material removal
with desired accuracy and minimal surface damage make
the EDM operation less costly and the process more
economically viable and affordable. However, due to a
great number of variables and a variety of products, optimal
machining performance is rarely achieved. It is necessary to
investigate how the erosion parameters affect the machining
process. The results will provide significant information to
achieve optimal performance in the process [3].

Often optimization problems have multiple objectives.
Most of the time these objectives are conflicting (i.e.,
optimizing one objective causes the other objectives to be
poor). The genetic algorithm (GA) is an evolutionary
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algorithm that uses genetic operators to obtain optimal
solutions without any assumptions about the search space.
GA works with a population of feasible solutions and,
therefore, it can be used in multi-objective optimization
problems to capture a number of solutions simultaneously
[4]. GA based multi-objective optimization methodologies
have been amply applied to find a representative set of
Pareto-optimal solutions in the past decade and beyond. For
the past 15 years or so, evolutionary multi-objective
optimization (EMO) methodologies have adequately dem-
onstrated their usefulness in finding a well-converged and
well-distributed set of near Pareto-optimal solutions [5, 6].
Due to these extensive studies and available source codes
both commercially and freely, the EMO procedures have
been popularly applied in various problem-solving tasks
and have received a great deal of attention even by the
classical multicriterion optimization and decision-making
communities [7]. Non-dominating sorting GA (NSGA-II) is
one of the most widely used methods for generating the
Pareto frontier. The NSGA-II algorithm ranks the individ-
uals based on dominance. NSGA-II uses elitism and a
phenotype crowd comparison operator that keeps diversity
without specifying any additional parameters [8].

In this work, a study focused on the die-sinking EDM of
cobalt-bonded tungsten carbide (WC/Co), whose field of
applications is in constant growth, is carried out. Conse-
quently, an analysis on the influence of current intensity,
pulse time, electrode rotational speed and flushing pressure
over technological variables such as surface roughness and
metal removal rate (MRR) is performed using design of
experiments (DOE) and regression analysis. The use of
these techniques has enabled creation of second order
polynomial models, which make it possible to explain the
variability associated with each of the technological
variables studied. In addition, these models can be used
for optimization by which the optimum parameter settings
can be obtained with minimization of surface roughness
and maximization of MRR as objectives [9]. The NSGA-II
algorithm has been used for optimization of EDM charac-
teristics of WC/Co composites.

2 Experimental study

The experiments were conducted in an Electronica die
sinking EDM (M100 model, Electronica, India) machine,
which has been equipped with a transistor switched power
supply. The electrode has been fed downwards under servo
control into the workpiece. Copper cylindrical electrodes of
12 mm diameter were used as tool. Kerosene was used as a
dielectric fluid. The dielectric fluid was circulated by jet
flushing. The machining conditions are provided in Table 1.
Parameter ranges are selected on the basis of preliminary

experiments conducted by using a one variable at a time
approach. There are a large number of factors to consider
within the EDM process, but in this work the level of the
current, pulse on time, electrode rotation and dielectric
flushing pressure have only been taken into account as
design factors. The factors and setting levels are presented
in Table 2 [10]. Experiments have been conducted accord-
ing to L27 orthogonal array covering the full range of
current settings, with pulse on time settings to collect more
data for modeling. For each experiment, a new set of tool
and workpiece has been used. The experiments were
conducted on 70%WC/30%Co composites. The density of
WC and Co are 15.7 g/cc and 13.55 g/cc while the grain
sizes of WC and Co are 6 μm and 3 μm, respectively.

The response variables selected for this study are metal
removal rate (MRR) and surface roughness (Ra), the metal
removal rate has been calculated using the following
expression:

MRR mg=minð Þ

¼ Volume of material removed from part

Time of machining
ð1Þ

The surface roughness has been measured on a Surf-
coder SE1200 surface testing analyser (Kosaka, Japan). For
each sample, five readings of surface roughness were taken
and an average value of the five was considered as the final
reading. The results are presented in Table 3.

Table 1 Machining conditions

Descriptions

Electrode Material: copper (electrolytic grade)
Size: cylindrical with a diameter of 13 mm

Workpiece Material: tungsten carbide with 30%Co
Size: cylindrical rod of diameter 13 mm
Dielectric fluid: kerosene

Flushing Jet flushing
Flushing pressure: 0.5–1.5 kg/cm2

Rotational speed 250, 500, 1000 rpm
Discharge current 5, 10, 15 A
Pulse on time 200, 500, 1000 μs

Table 2 Process parameters and their levels

Parameters Level 1 Level 2 Level 3

Rotational speed, rpm 250 500 1,000
Pulse current, A 5 10 15
Pulse on time, μs 200 500 1,000
Flushing pressure, kg/cm2 0.5 1.0 1.5
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3 Statistical modeling

Statistical models based on second order polynomial
equations are developed for the different process character-
istics using the experimental results.

Material removal rate MRRð Þ ¼ �30:3660þ 0:1589R

þ9:5259I � 0:1241T þ 20:8585P � 0:0001R2 � 0:2318I2

þ0:0001T2 � 9:2131P2 � 0:0002RI � 0:0000RT

þ0:0220RP þ 1:9991IP � 0:0199TP

ð2Þ

Surface roughness ðRaÞ ¼ 4:2307� 0:0116Rþ 0:5816I

þ0:0099T � 4:7481P þ 0:0000R2 þ 0:0085I2 � 0:0000T2

þ2:1239P2 � 0:0002RI � 0:0000RT � 0:0020RP

�0:2462IP � 0:0018TP

ð3Þ

Here, electrode rotation (R) is in rpm, current ( I ) in A,
pulse on time (T ) in μs and flushing pressure (P) in kg/cm2.

4 Optimization

The objectives of the present study for optimization are as
follows:

1. Maximization of the MRR
2. Minimization of surface roughness

A set of non-dominated solutions has been obtained
using NSGA-II and the best solution has been taken.

4.1 General procedure of evolutionary multi-objective
optimization

As stated before, dual goals in a multi objective optimiza-
tion are to find a set of solutions as close as possible to the
Pareto optimal front and simultaneously as diverse as
possible. Except for the fitness assignment method for
multiple objectives the basic structure of a Pareto based
evolutionary multi-objective optimization is similar to that
of GA. The procedure is given in ref. [11]. The two-
objective genetic algorithm optimization method investi-
gated here is an elitist non-dominated sorting genetic
algorithm (NSGA-II) developed by Deb in 2001. This
algorithm uses the elite-preserving operator, which favors
the elites of a population by giving them an opportunity to
be directly carried over to the next generation. After two
offspring’s are created using the crossover and mutation
operators, they are compared with both of their parents to
select the two best solutions among the four parent-
offspring solutions [12].

The flow chart of the NSGA II program is shown in
Fig. 1. It starts with a random initial generation. First, the
parents and offspring are combined to form a string. When
the objective functions of all strings in a generation are
calculated, the solutions are classified into various non-
dominated fronts. The crowded tournament selection
operator, also developed by Deb in 2001, is used to
compare two solutions and returns the winner of the
tournament according to two attributes: (1) a non-dominat-
ed front in the population and (2) a local large crowding
distance. The first condition makes sure that the chosen
solution lies on a better non-dominated front, and the
second condition ensures a better spread among the
solutions. The simulated binary crossover (SBX) is used
here to create two offspring from two-parent solutions. The
random simplest mutation operator is applied randomly to
create a solution from the entire search space [13].

Multi objective optimization problems give rise to a set
of Pareto optimal solutions, none of which can be said to be

Table 3 Experimental results

S.
no.

Electrode
rotation,
rpm

Current,
A

Pulse
on
time,
μs

Flushing
pressure,
kg/ cm2

MRR,
mg/
min

Ra,
μm

1 250 5 200 0.5 38.19 3.94
2 250 5 200 1.0 46.05 2.84
3 250 5 200 1.5 51.37 2.35
4 250 10 500 0.5 46.50 8.83
5 250 10 500 1.0 56.07 6.37
6 250 10 500 1.5 62.56 5.27
7 250 15 1,000 0.5 49.31 14.74
8 250 15 1,000 1.0 59.45 10.64
9 250 15 1,000 1.5 66.33 8.80
10 500 5 500 0.5 37.77 3.89
11 500 5 500 1.0 45.54 2.81
12 500 5 500 1.5 50.81 2.39
13 500 10 1,000 0.5 49.84 8.24
14 500 10 1,000 1.0 60.09 5.94
15 500 10 1,000 1.5 67.05 4.91
16 500 15 200 0.5 121.07 7.56
17 500 15 200 1.0 145.98 5.45
18 500 15 200 1.5 162.87 4.51
19 1,000 5 1,000 0.5 40.48 3.63
20 1,000 5 1,000 1.0 48.81 2.62
21 1,000 5 1,000 1.5 54.46 2.37
22 1,000 10 200 0.5 122.37 4.22
23 1,000 10 200 1.0 147.55 3.05
24 1,000 10 200 1.5 164.62 2.52
25 1,000 15 500 0.5 119.74 7.47
26 1,000 15 500 1.0 144.38 5.39
27 1,000 15 500 1.5 161.09 4.46
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better than any other in all objectives. In any interesting
multi objective optimization problem, there exist a number
of such solutions, which are of interest to designers and
practitioners. Since no one solution is better than any other
solution in the Pareto optimal set, it is also a goal in a multi
objective optimization to find as many such Pareto optimal
solutions as possible. Unlike most classical search and
optimization problems, GAs work with a population of
solutions and thus are likely candidates for finding multiple
Pareto optimal solutions simultaneously [13].

4.2 NSGA-II algorithm [5, 13, 14]

The steps involved in the solution of optimization problem
using NSGA- II are summarized as follows.

1. Population initialization
The population is initialized based on the problem range

and constraints if any.
2. Non-dominated sort

The initialized population is sorted based on non-

domination. The fast sort algorithm [4] is described as
below.

– For each individual p in main population P:

– Initialize Sp = 0. This set would contain all the
individuals that are being dominated by p.

– Initialize np = 0. This would be the number of
individuals that dominate p.

– For each individual q in P

– If p dominates q then add q to the set Sp, i.e., Sp =
SP U{q}

– Else if q dominates p then increment the domina-
tion counter for p, i.e., np= np+1

– If np = 0, i.e., no individuals dominate p then p
belongs to the first front. Set rank of individual p
to 1, i.e., Prank = 1. Update the first front set by
adding p to front one, i.e., F1=F1U{q}

– This is carried out for all the individuals in main
population P.

– Initialize the front counter to one, i =1

Start

Initialize population gen=o

front=1

Is population 
classified

crowded tournament selection

gen<Max gen

Stop

New population

Selection & crossover&  
mutation

Identify non dominated 
individual

Front=Front+1

gen=gen+1

No

Yes

No

Yes

Fig. 1 Flow chart of NSGA II
program [12]
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– The following is carried out while the ith front is
nonempty, i.e., Fi 6¼ 0

– Q = 0. The set for storing the individuals for
(i+1)th front.

– For each individual p in front Fi

– For each individual q in Sp (Sp is the set of
individuals dominated by p)

– If nq= nq−1, decrement the domination count for
individual q.

– If nq = 0 then none of the individuals in the
subsequent fronts would dominate q. Hence, set
qrank = i+1. Update the set Q with individual q,
i.e., Q =Q U q.

– Increment the front counter by one.
– Now the set Q is the next front and hence Fi=Q.

This algorithm is better than the original NSGA [6] since
it utilizes the information about the set that an individual
dominates (Sp) and the number of individuals that dominate
the individual (np).
3. Crowding distance

Once the non-dominated sort is complete the crowding
distance is assigned. Since the individuals are selected
based on rank and crowding distance all the individuals in
the population are assigned a crowding distance value.
Crowding distance is assigned front wise and comparing
the crowding distance between two individuals in different
fronts is meaningless [6]. The crowing distance is calculat-
ed as below.

– For each front Fi, n is the number of individuals.

– Initialize the distance to be zero for all the
individuals, i.e., Fi (dj) = 0, where j corresponds
to the jth individual in front Fi.

– For each objective function m

– Sort the individuals in front Fi based on objective
m, i.e., I = sort(Fi,m).

– Assign infinite distance to boundary values for
each individual in Fi, i.e., I(d1) =∞ and I(dn) =∞

– For k = 2 to (n−1)

IðdkÞ ¼ IðdkÞ þ Iðk þ 1Þm� Iðk � 1Þm
f max
m � f min

m

– I(k)m is the value of the mth objective function of
the kth individual in I.

The basic idea behind the crowding distance is finding
the Euclidian distance between each individual in a front
based on their m objectives in the m dimensional hyper
space. The individuals in the boundary are always selected
since they have infinite distance assignment.

4. Selection
Once the individuals are sorted based on non-domination

and with crowding distance assigned, the selection is
carried out using a crowded-comparison-operator (°n)
[15]. The comparison is carried out as below based on

(a) Non-domination rank prank, i.e., individuals in
front Fi will have their ranks prank = i.

(b) Crowding distance Fi(dj)
p°nq if

– prank < qrank
– Or if p and q belong to the same front Fi then

Fi (dp) > Fi (dq), i.e., the crowding distance should
be more.

The individuals are selected by using a binary tourna-
ment selection with crowded-comparison-operator.
5. Genetic operators

Real-coded GAs use a simulated binary crossover
(SBX) [16] operator for crossover and polynomial

mutation [6].

(a) Simulated binary crossover
Simulated binary crossover simulates the binary cross-

over observed in nature and is give as below.

c1;k ¼ 1

2
1� bkð Þp1;k þ 1þ bkð Þp2;k

� �

c2;k ¼ 1

2
1þ bkð Þp1;k þ 1� bkð Þp2;k

� �

where ci,k is the ith child with kth component, pi,k is the
selected parent and βk ( ≥ 0) is a sample from a random
number generated having the density

p bð Þ ¼ 1

2
hc þ 1ð Þbhc ; if 0 � b � 1

p bð Þ ¼ 1

2
hc þ 1ð Þ 1

bhcþ2 ; if b > 1

This distribution can be obtained from a uniformly
sampled random number u between (0, 1). ηc is the
distribution index for crossover, that is,

b mð Þ ¼ 2mð Þ 1
hþ1ð Þ

b mð Þ ¼ 1

2 1� mð Þ½ � 1
hþ1ð Þ

(b) Polynomial mutation

ck ¼ pk þ pmk � plk
� �

dk
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where ck is the child and pk is the parent with puk
being the upper bound on the parent component,
p1k is the lower bound and δk is small variation
which is calculated from a polynomial distribution
by using

dk ¼ 2rkð Þ 1
hmþ1 � 1; if rk < 0:5

δk ¼ 1� 2 1� rkð Þ½ � 1
ηmþ1 ; if rk ≥ 0:5

rk is an uniformly sampled random number between (0,1)
and ηm is the mutation distribution index.

6. Recombination and selection
The offspring population is combined with the current

generation population and selection is performed to set the
individuals of the next generation. Since all the previous
and current best individuals are added in the population,
elitism is ensured. Population is now sorted based on non-
domination. The new generation is filled by each front
subsequently until the population size exceeds the current
population size. If by adding all the individuals in front Fj

the population exceeds N then individuals in front Fj are
selected based on their crowding distance in the descending
order until the population size is N. And hence the process
repeats to generate the subsequent generations.

The control parameters of NSGA-II must be adjusted to
give the best performance. The parameters are: probability
of crossover pc=0.9 with distribution index ηc=20, muta-
tion probability pm=0.25 and population size pz=100. It
was found that the NSGA-II with those control parameters
produces better convergence and distribution of optimal
solutions located along the Pareto optimal solutions. The
1,000 generations are quite enough to find the true optimal
solutions.

5 Discussion

Electro discharge machining characteristics of WC/Co
composites produced through the powder metallurgy route
are studied. Second order polynomial models were devel-
oped for metal removal rate (MRR) and surface roughness
(Ra) using MINITAB software. The fit summary recom-
mended that the quadratic model is statistically significant
for analysis of MRR. The value of R2 is over 95%, which
means that the regression model provides an excellent
explanation of the relationship between the independent
variables (factors) and the response (MRR). The associated
p-value for the model is lower than 0.05 (i.e., p=0.05, or
95% confidence) indicates that the model is considered to
be statistically significant [17]. The ANOVA table for the
quadratic model for MRR is shown in Table 4. Figure 2

displays the normal probability plot of the residuals for
MRR. It can be seen that the residuals are located on a
straight line, which means that the errors are normally
distributed and the regression model is fairly well fitted
with the observed values.

Similarly the value of R2 for surface roughness is 96%,
which means that the regression model provides an
excellent explanation of the relationship between the
independent variables (factors) and the response (Ra). The
associated p-value for the model is lower than 0.05 (i.e., p=
0.05, or 95% confidence), which indicates that the model is
considered statistically significant. The result proves that
the electrode rotation and flushing pressure enhance the
surface finish. The ANOVA table for the quadratic model
for Ra is shown in Table 5. The model results indicate that
the model is significant and the lack of fit is insignificant.
Figure 3 displays the normal probability plot of the
residuals for Ra. It is observed that the residuals are located
on a straight line, which means that the errors are normally
distributed and the regression model is fairly adequate.

A single objective optimization algorithm will normally
be terminated upon obtaining an optimal solution. Howev-
er, for most of the multi-objective problems, there could be
a number of optimal solutions. Suitability of one solution
depends on a number of factors including user’s choice and
problem environment, and hence finding the entire set of
optimal solutions may be desired. Among the Pareto
optimal solution, none of the solutions is absolutely better
than any other solution and hence this solution is called as
non-dominated solution [3].

Table 4 Analysis of variance for MRR, mg/min

Source DF SS MS F P

Regression 13 54320.64 4178.511 1949.81 0.02
Linear 4 2239.77 559.942 261.28 <0.001
Square 4 1191.71 297.928 139.02 0.03
Interaction 5 706.58 141.315 65.94 0.002
Residual error 13 <0.001
Total 26

N
or

m
al

 %
 P

ro
ba

bi
lit

y

Residuals
Fig. 2 Normal plot of residuals for MRR, mg/min
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GAs can find good solutions to linear and nonlinear
problems by simultaneously exploring multiple regions of
the solution space and exponentially exploiting promising
areas through mutation, crossover and selection operations.
In general, the fittest individuals of any population are more
likely to reproduce and survive to the next generation,
therefore improving successive generations. Non dominat-
ing sorting GA (NSGA-II) developed by Deb and Goel in
2002 is of the best methods for generating the Pareto
frontier and is used in this study. The NSGA-II algorithm
ranks the individuals based on dominance. The fast non
dominated sorting procedure allows us to find the non
domination frontiers where individuals of the frontier set
are not dominated by any solution. The crowding distance
is calculated for each individual of the new population.
Crowding factor gives the GA the ability to distinguish
individuals that have the same rank. This forces the GA to
uniformly cover the frontier rather than bunching up at
several good points by trying to keep population diversity.
The comparison operator (≺n) is used by the GA to sort the
population for selection purposes [18].

The procedure was repeated ten times to get a greater
number of points in the Pareto solution set. The non
dominated solution set obtained over the entire optimization
process is shown in Fig. 4. This shows the formation of the
Pareto front leading to the final set of solutions. The
corresponding objective function values and decision
variables of this non-dominated solution set are given in

Table 6. The 26 out of 100 sets were presented since none
of the solutions in the non-dominated set is absolutely
better than any other; any one of them is an acceptable
solution. The choice of one solution over the other depends
on the requirement of the process engineer. If a better
surface finish or a higher production rate is required, a
suitable combination of variables can be selected from
Table 6.

From the experimental results presented in Table 3, the
parameters for trial number 12 (S. no.12) resulted in a Ra
value of 2.39 μm and a MRR of 50.81 mg/min. By
optimization using NSGA-II It can be seen that the MRR
can be increased about three times to 165 mg/min for the
same surface finish (trial no. 25, Table 6). In the
experimental results the maximum MRR obtained is
164.62 mg/min (trial no. 24) with a surface roughness
value of 2.52 μm Ra. Also from the optimization results
there are five different cases in which the MRR is greater
than the highest value of MRR obtained by experiment.

From the experimental results presented in Table 3, the
parameters for trial number 3 resulted in the minimum Ra
value of 2.35 μm and a correspondingMRR of 51.37 mg/min;
by optimization using NSGA-II the observed Ra
values were comparatively less than the experimental
values.

By using the non-dominated sorting genetic algorithm
(NSGA-II), the non-dominated solution set is obtained.
None of the solutions in the Pareto optimal set is better than
any other solution in the set. The process engineer can
select optimal combinations of parameters from the Pareto
optimal solution set, depending on the requirements.

The increase in electrode rotation increases the MRR and
decreases the surface roughness. The increase in MRR is
due to the effective flushing of the rotary electrode. When
the cylindrical electrode rotates, due to the centrifugal
action, a new layer of dielectric fluid was thrown into the
machining gap [19]. This induces a conductive atmosphere
for effective discharge and encourages process stability.
The enhanced discharge increased the MRR and efficiency.
With increased peripheral speed of the electrode, the
ignition time delay increases, thus bringing down the
energy transferred through the individual discharges for
material removal. This diminishes the crater dimensions to
give a better roughness value. From Table 6 it is seen that
the optimum values of electrode rotational speed range
from 808 rpm to 892 rpm. Increase in speed beyond
892 rpm may not have much impact on the EDM
characteristics.

As the pulse current increases, the MRR as well as the
surface roughness increase. The increase in current intensity
increases the pulse energy and hence the MRR increases
with current intensity [20]. The increase in discharge
current resulted in an increase in Ra value irrespective of

Table 5 Analysis of variance for Ra, μm

Source DF SS MS F P

Regression 13 230.4143 17.72418 278.66 0.03
Linear 4 8.6240 2.15600 33.90 <0.001
Square 4 4.5041 1.12601 17.70 <0.001
Interaction 5 11.6750 2.33501 36.71 0.02
Residual Error 13 0.8269 0.06360 0.002
Total 26

Residuals

N
or

m
al

 %
 P

ro
ba

bi
li

ty

Fig. 3 Normal plot of residuals for Ra, μm
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the electrode. This event is due to the increase in discharge
energy, which subsequently causes a larger crater on the
surface of the body. It can be seen that the increase in
current has opposing effects on MRR and surface finish. For
better MRR higher current is required whereas the surface
roughness is less at lower current. Hence, a wide range of
optimum current values can be seen in Table 6.

The MRR decreased with the increase in the pulse
duration. Short pulse duration caused less surface vapori-
zation, whereas long pulse duration may cause the plasma
channel to expand and decrease the energy density for the
workpiece. Consequently, the resulting craters will be
broader and deeper and thus the surface finish will be
rougher [21]. Obviously with shorter duration of sparks the
surface finish will be better. Hence an optimum value of
pulse on time is 200 μs as observed from Table 6.

A flushing pressure increase helps to evacuate the debris
of the workpiece that was removed by the spark discharges.
The machining performance has been improved with better
surface quality since the removed particles in the machining
gap are evacuated more efficiently, so the MRR increases
[22]. It can be seen that when flushing pressure is less than
a certain pressure, it is impossible to do any machining.
Hence the optimum flushing pressure values are between
1.1 kg/cm2 and 1.5 kg/cm2, as observed from Table 6.

6 Conclusion

The EDM process parameters for WC/Co composites have
been optimized by using non dominated sorting genetic
algorithm (NSGA II), and a non dominated solution set is
obtained. The second order polynomial models developed
for metal removal rate and surface roughness have been
used for optimization. The choice of one solution over the

other depends on the requirement of the process engineer. If
the requirement is a better surface finish or higher material
removal rate, a suitable combination of variables can be
selected. Optimization will help to increase production rate
considerably by reducing machining time.

Fig. 4 Optimal chart obtained
through NSGA II

Table 6 Optimal combinations of parameters for the EDM process

S.
no.

Rotational
speed,
rpm

Current,
A

Pulse
time,
μs

Flushing
pressure,
kg/ cm2

MRR,
mg/
min

Ra,
μm

1 814 15.0 200 1.5 176.0 2.95
2 844 5.4 200 1.2 99.5 0.56
3 839 7.9 200 1.3 124.0 1.13
4 839 5.3 200 1.1 96.8 0.51
5 808 10.0 200 1.5 146.0 1.74
6 843 8.5 200 1.4 131.0 1.29
7 813 14.0 200 1.4 171.0 2.71
8 892 9.0 200 1.4 136.0 1.44
9 816 14.0 200 1.5 175.0 2.87
10 842 6.7 200 1.3 112.0 0.85
11 843 6.4 200 1.2 109.0 0.77
12 810 10.0 200 1.5 149.0 1.82
13 813 14.0 200 1.5 172.0 2.74
14 819 8.9 200 1.4 135.0 1.42
15 841 6.2 200 1.2 107.0 0.75
16 843 8.2 200 1.4 129.0 1.24
17 839 5.0 200 1.2 94.9 0.47
18 816 13.0 200 1.4 170.0 2.65
19 888 7.6 200 1.3 122.0 1.08
20 814 11.0 200 1.4 152.0 1.90
21 840 6.6 200 1.3 111.0 0.84
22 812 14.0 200 1.5 171.0 2.68
23 842 6.2 200 1.2 107.0 0.74
24 816 13.0 200 1.5 166.0 2.43
25 814 13.0 200 1.4 165.0 2.39
26 811 11.0 200 1.4 154.0 1.98

Int J Adv Manuf Technol (2008) 36:1124–1132 1131



References

1. Luis CJ, Puertas I, Villa G (2005) Material removal rate and
electrode wear study on the EDM of silicon carbide. J Mater
Process Technol 164(165):889–896

2. Lee SH, Li XP (2001) Study of the effect of machining parameters
on the machining characteristics in electrical discharge machining
of tungsten carbide. J Mater Process Technol 115:344–350

3. Chen Y, Mahdavian SM (1999) Parametric study into erosion
wear in a computer numerical controlled electro-discharge
machining process. J Wear 236:350–354

4. Kuriakose S, Shunmugam MS (2005) Multi objective optimiza-
tion of wire electro discharge machining process by non
dominated sorting genetic algorithm. J Mater Process Technol
170:133–141

5. Deb K, Pratap A, Agarwal S, Meyarivan T (2002) A fast elitist
multi-objective genetic algorithm: NSGA-II. IEEE T Evolut
Comput 6(2):182–197

6. Raghuwanshi MM, Kakde OG (2004) Survey on multiobjective
evolutionary and real coded genetic algorithms. In: Proceedings of
the 8th Asia Pacific symposium on intelligent and evolutionary
systems, Cairns, Australia, pp 150–161

7. Srinivas N, Deb K (1994) Multiobjective optimization using
nondominated sorting in genetic algorithms. Evol Comput 2
(3):221–248

8. Deb K, Sundar J, Rao N UB, Chaudhuri S (2006) Reference point
based multi objective optimization using evolutionary algorithms.
Int J Comp Intell Res 2(3):273–286

9. lgnizio JP (1976) Goal programming and its extensions. Lex-
ington Books, Lexington, MA, USA

10. Kanagarajan D, Karthikeyan R, Palanikumar K, Paulo Davim J
(2007) Application of goal programming technique for electro
discharge machining characteristics of cemented carbide (WC/
Co). Int J Mater Product Technol (submitted)

11. Fu B (2005) Piezo electric actuator design via multiobjective
optimization methods. PhD thesis, University of Paderborn,
Germany, pp 39–41

12. Nassif N, Kajl S, Sabourin R (2005) Optimization of HVAC
control system strategy using two objective genetic algorithms. J
HVAC&R Res 11(3):459-486

13. Seshadri A (2006) NSGA - II: A multi-objective optimization
algorithm. Mathlab central, file exchange, Mathworks. http://
www.mathworks.com/matlabcentral/fileexchange. Accessed 09
January 2007

14. Deb K (1998) Non linear goal programming using multi objective
genetic algorithms. Technical report CI-60/98, Department of
Computer Science/LS11, University of Dortmund, Germany

15. Deb K, Agarwal RP (1995) Simulated binary crossover for
continuous search space. Complex Systems 9:115–148

16. Beyer H-G, Deb K (2001) On self-adaptive features in real-
parameter evolutionary algorithm. IEEE T Evolut Comput 5
(3):250–270

17. Montgomery DC, Peck EA, Vining GG (2003) Introduction to
linear regression analysis, 3rd edn. Wiley, New York

18. Joins JA, Gupta D (2002) Supply chain multi objective simulation
optimization. In: Proceedings of the 2002 winter simulation
conference, Raleigh, NC, USA

19. Trueman CS, Huddleston J (2000) Material removal by spalling
during EDM of ceramics. J Eur Ceram Soc 20:1629–1635

20. Zhang JH, Lee TC, Lau WS (1997) Study on the electrodischarge
machining of a hot pressed aluminum oxide based ceramic. J
Mater Process Technol 63:908–912

21. Ghoreishi J, Atkinson A (2002) Comparative experimental study
of machining characteristics in vibratory, rotary & vibro rotary
electro discharge machining. J Mater Process Technol 120:374–
384

22. Mohan B, Rajadurai A, Satyanarayana KG (2002) Effect of SiC
and rotation of electrode on electric discharge machining of Al-
SiC composite. J Mater Process Technol 5845:1–8

1132 Int J Adv Manuf Technol (2008) 36:1124–1132

http://www.mathworks.com/matlabcentral/fileexchange
http://www.mathworks.com/matlabcentral/fileexchange

	Optimization...
	Abstract
	Introduction
	Experimental study
	Statistical modeling
	Optimization
	General procedure of evolutionary multi-objective optimization
	NSGA-II algorithm [5, 13, 14]

	Discussion
	Conclusion
	References




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /ENU <>
    /DEU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


