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Abstract
The present study explores the application of rapid prototyping (RP) for manufacturing tool electrodes in electro-discharge 
machining process. The performance of a metallic electrode built via selective laser sintering is compared to solid cop-
per and brass tools during machining of D2 tool steel. In order to efficiently evaluate the influence of several parameters, 
Taguchi’s  L18 design is adopted to plan the experimental layout. The machining parameters considered in this study are tool 
type, a categorical parameter and three quantitative parameters such as duty cycle, pulse-on-time and peak current. Multiple 
performance measures such as material removal rate, tool wear rate, surface roughness and radial over cut of the machined 
cavity are considered. The multiple performance responses are converted into an equivalent single response known as grey 
relational grade using grey relational analysis. A nonlinear regression model is developed to relate grey relational grade 
with process parameters with a coefficient of determination of 0.97. In order to obtain optimal parameter settings satisfying 
the performance measures, three meta-heuristic algorithms are used due to their computational elegance. The comparative 
study indicates that particle swarm optimization and simple optimization are effective in delivering the optimized results in 
substantially less time compared to teaching-learning-based optimization algorithms. It is found that RP tool can perform in 
a superior manner for simultaneous optimization of multiple responses when compared to copper and brass tools.

Keywords Electro-discharge machining (EDM) · Rapid prototyping (RP) · Grey relational analysis (GRA) · Simple 
optimization algorithm (SOPT)

1 Introduction

Electro-discharge machining (EDM), a widely used non-
conventional machining process, works on the principle of 
converting electrical energy into thermal energy to machine 
electrically conductive materials regardless of their hard-
ness. One of the important features of EDM is that no con-
tact between the tool and work piece occurs during machin-
ing, which causes the elimination of mechanical stresses, 
chatter and vibration [1]. EDM finds widespread applica-
tions in aerospace, automotive, biomedical and die and 
mould making industries. In this machining process, exact 
replicas of the tool can be reproduced on the work piece, but 
the cost for producing the tools themselves can be very high 
in both time and resources. In order to manufacture complex 
parts by EDM, a similar complex shaped tool is required; 
the more complex the needed part, the higher the cost of 
manufacturing. Technological advancement in the field of 
rapid prototyping (RP) processes can be effectively exploited 
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to reduce the manufacturing lead time and production cost 
of the tools [2].

Attempts have been made to develop EDM tooling using 
stereo-lithography (SL) parts and fused deposition model-
ling (FDM) [2–6]. However, the tools produced by such 
processes are made of polymeric material that needs fur-
ther processing to make the tool conductive providing a 
metallic layer or thick coating. Unfortunately, this coating 
or thin metal layer may be unreliable during EDM given 
the electrical load involved. Therefore, EDM tool manu-
factured by selective laser sintering (SLS) method from 
metal powder offers interesting opportunities in this area 
due to reduced tool wear and increased performance [7–9]. 
Similarly, researchers have investigated performance of dif-
ferent composite tools during EDM process [10–13]. Like-
wise, researchers have investigated on applications of RP 
tool in EDM process, where, RP tools have been fabricated 
by using nonconductive plastics and polymer materials with 

conductive coating of copper [2, 4–6, 14–16]. In this study, 
the performance of a tool made of AlSi10Mg manufactured 
by SLS is examined and compared to solid copper and brass 
tools.

Many different (often very hard and tough) materials are 
commonly processed using EDM. AISI 1040 stainless steel 
[1, 17, 18], nickel–chromium alloy steel (304 stainless steel) 
[19–21] and high carbon high chromium (HCHCr) steel like 
D2 tool steel and D3 tool steel [22–25] are commonly used 
materials during the EDM process. D2 tool steel is widely 
used for mould making, tooling applications, blanking and 
forming dies, wear resistance applications, etc. Hence, in 
this work D2 tool steel is an excellent choice as work piece 
material in the present study to investigate the performance 
of newly developed tool by RP process.

For effective utilization of resources, machining param-
eters need to be optimized through application of different 
optimization techniques. Metaheuristic algorithms for solv-
ing optimization problems are becoming popular because 
these algorithms are effective in solving complex con-
strained nonlinear optimization problems. Unlike traditional 
methods, these algorithms do not require that optimization 
problems should be continuous; this is especially useful 
when dealing with manufacturing problems as they are often 
discrete. The only drawback with these algorithms is that 
they do not guarantee an optimum solution for each applica-
tion. Therefore, it is advised to use metaheuristic algorithm 
if traditional method of optimization fails to solve a problem. 
Researchers have used different optimization techniques like 
genetic algorithm, particle swarm optimization, simulated 

Table 1  List of input parameters with their values

Parameters Level

1 2 3

Duty cycle: A (in %) 50 75 –
Peak current: B (in A) 10 20 30
Pulse-on-time: C (in µs) 100 200 300
Tool type: D AlSi10Mg (RP) Copper (Cu) Brass (Br)
Work piece D2 tool steel

Table 2  Taguchi’s  L18 design 
of experiment and output 
responses

No Factors Responses

A B C D MRR  (mm3/min) TWR  (mm3/min) Ra (µm) ROC (mm)

1 50 10 100 RP 3.5691 1.1176 6.33 0.1307
2 50 10 200 Cu 5.8636 0.2232 10.00 0.1201
3 50 10 300 Br 3.5691 2.2552 8.33 0.1355
4 50 20 100 RP 4.5889 0.4470 7.30 0.1402
5 50 20 200 Cu 5.6087 0.2232 11.67 0.1192
6 50 20 300 Br 1.7846 3.0030 8.67 0.1453
7 50 30 100 Cu 8.4130 0.2232 9.33 0.1254
8 50 30 200 Br 4.3340 3.0030 10.00 0.1322
9 50 30 300 RP 5.3537 0.6705 8.60 0.1463
10 75 10 100 Br 2.5494 0.7508 9.00 0.1362
11 75 10 200 RP 5.3537 0.5588 7.00 0.1318
12 75 10 300 Cu 6.6284 0.1116 11.00 0.1073
13 75 20 100 Cu 6.3735 0.3348 12.67 0.1240
14 75 20 200 Br 5.0988 2.2523 8.67 0.1353
15 75 20 300 RP 5.8636 1.0058 7.67 0.1192
16 75 30 100 Br 5.6087 3.0030 10.67 0.1428
17 75 30 200 RP 5.3537 0.8940 8.60 0.1297
18 75 30 300 Cu 7.3932 0.2232 10.67 0.1107
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annealing algorithms, etc. in different manufacturing pro-
cesses [26–29]. The simple optimization algorithm is one 
such metaheuristic algorithm, which is very simple to imple-
ment and fast convergence capability. The algorithm has 
been effectively applied to solve some design and manu-
facturing optimization problems, as shown in Refs [30–32].

In EDM process, multiple output responses such as 
rate of material removal, rate of tool wear, roughness of 
machined surface and radial over cut of the machined cavity 
are encountered simultaneously. The optimum performance 
of EDM process requires maximized material removal rate 
and minimized tool wear rate, surface roughness and radial 
over cut. To achieve optimum performance, it is necessary 
to get optimal selection of machining variables with suitable 
utilization of tool material. In this work, optimum param-
eter values of an EDM process are obtained using grey rela-
tional analysis (GRA)-based simple optimization (SOPT) 

algorithm. It is a hybrid optimization method in which grey 
relational analysis is performed to convert the multiple out-
put responses into an equivalent single response known as 
a grey relational grade (GRG). Finally, the grey relational 
grade is optimized using SOPT algorithm to get the opti-
mum parametric setting.

2  Materials and methods

The tools used for the experiments on EDM are an 
AlSi10Mg RP tool prepared by a rapid prototyping process, 
copper and brass. The work piece material considered for the 
experiment is D2 tool steel. The dimension of the work piece 
is 120 × 60 × 10  mm3. For preparing AlSi10Mg RP tool, a 
rapid prototyping machine (EOSINT M 280, Germany) is 
used. In this process, powdered particles of Al10SiMg is 

Fig. 1  Main effect plot for 
material removal rate. Factor 
A: Duty Cycle, Factor B: Peak 
Current, Factor C: Pulse-on-
Time, Factor D: Tool Type

Fig. 2  Main effect plot for 
tool wear rate. Factor A: Duty 
Cycle, Factor B: Peak Current, 
Factor C: Pulse-on-Time, Factor 
D: Tool Type
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melted and combined using a high power laser beam to form 
the 3D tool. By applying turning operation to solid circular 
rod of copper and brass, copper and brass tools of 12 mm 
diameter obtained. The experiments are performed on a die 
sinking EDM machine model Name/Number: ELECTRA 
EMS/5535 Country: India. Dielectric fluid used for the 
experiments is commercial grade EDM 30 oil. Each experi-
ment is performed for five minutes. During the EDM experi-
mentation, the parameters considered are types of tools such 
as AlSi10Mg RP tool, copper and brass tools and machining 
parameters like duty cycle, pulse-on-time and peak current. 

The parametric values of the machining parameters with dif-
ferent levels are shown in Table 1.

A design of experiment (DOE) method like Taguchi’s 
 L18 is utilized to conduct the experiments. Here, 1-factor 
with 2-levels and 3-factors with 3-levels is used as shown 
in Table 2. The output responses considered are material 
removal rate (MRR), tool wear rate (TWR), average surface 
roughness (Ra) and radial over cut (ROC). The MRR and 
TWR are calculated by using Eq. 1 and 2, respectively.

Fig. 3  Main effect plot for sur-
face roughness. Factor A: Duty 
Cycle, Factor B: Peak Current, 
Factor C: Pulse-on-Time, Factor 
D: Tool Type

Fig. 4  Main effect plot for 
radial over cut. Factor A: Duty 
Cycle, Factor B: Peak Current, 
Factor C: Pulse-on-Time, Factor 
D: Tool Type
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In this equation Wi is weight of the work piece in grams, 
before machining.

Wf  is weight of the work piece in grams after machining, 
and.

�w is density of work piece material in g/mm.3

In this equation, Wti is weight of the tool in grams, before 
machining.

Wtf  is weight of the tool in grams, after machining and.
�t is density of tool material in g/mm.3
In both of these equations, t is time of machining in 

minutes.
The density of D2 tool steel is 7.7 g/cm3. Similarly, the 

density of tools is 2.66 g/cm3, 8.96 g/cm3 and 8.56 g/cm3 for 
RP, copper and brass tools, respectively.

To measure average surface roughness (Ra) of machined 
surface, Taylor-Hobson make PNEUMO Surtronic 3 + pro-
filometer is used. Surface roughness is measured at three 
different places of the machined surface and average of them 
is considered as Ra. Radial over cut (ROC) is the deviation 
in diameter of the machine cavity and diameter of the tool. 
It is calculated by using Eq. 3.

(1)MRR =
Wi −Wf

t × �w

(2)TWR =
Wti −Wtf

t × �t

(3)ROC =
Do − Dt

2

where Do is diameter of cavity formed in the machined sur-
face and Dt is diameter of the tool.

For measuring diameter of cavity in machined surface, 
optical images of 10 × magnification is taken using an optical 
microscope of make: SAMSUNG, model: SDC-314B having 
a least count of 0.001 mm. In the next step, image of cavity 
is viewed in Image Viewer App of MATLAB R2017a, and 
its diameter is measured through the App. The image of cav-
ity diameter is measured at four different places and average 
of these is considered as diameter of cavity in machined sur-
face. For each experiment, output responses are calculated 
and presented in the Table 2.

3  Results and discussion

Machining of high-carbon high-chromium steel is performed 
on EDM using tool made of ASi10Mg manufactured by 
rapid prototyping process and conventional copper and brass 
tools. The effect of input parameters on the output responses 
are explained in details as follows.

The influence of three machining parameters and one 
selected tool on MRR is shown in Fig. 1. The figure depicts 
that increase in duty cycle and peak current causes increase 
in MRR. This is due to the increase in spark energy with 
increase in duty cycle and peak current. Effect of pulse-on-
time shows increase in MRR up to a certain level; however, 
further increase in pulse-on-time after level 2 (200 µs) MRR 
gets decreased. It is due to deposition of removed material 
on the machined surface with increase in pulse-on-time. Out 

Table 3  Normalize output 
responses  (Yij) and deviation 
sequence (Δij)

Sl. No Yij (MRR) Yij (TWR) Yij (Ra) Yij (ROC) Δij (MRR) Δij (TWR) Δij (Ra) Δij (ROC)

1 0.2692 0.6521 1.0000 0.3994 0.7308 0.3479 0.0000 0.6006
2 0.6154 0.9614 0.4211 0.6710 0.3846 0.0386 0.5789 0.3290
3 0.2692 0.2586 0.6845 0.2777 0.7308 0.7414 0.3155 0.7223
4 0.4231 0.8840 0.8470 0.1560 0.5769 0.1160 0.1530 0.8440
5 0.5769 0.9614 0.1577 0.6941 0.4231 0.0386 0.8423 0.3059
6 0.0000 0.0000 0.6309 0.0263 1.0000 1.0000 0.3691 0.9737
7 1.0000 0.9614 0.5268 0.5349 0.0000 0.0386 0.4732 0.4651
8 0.3846 0.0000 0.4211 0.3610 0.6154 1.0000 0.5789 0.6390
9 0.5385 0.8067 0.6420 0.0000 0.4615 0.1933 0.3580 1.0000
10 0.1154 0.7790 0.5789 0.2601 0.8846 0.2210 0.4211 0.7399
11 0.5385 0.8453 0.8943 0.3732 0.4615 0.1547 0.1057 0.6268
12 0.7308 1.0000 0.2634 1.0000 0.2692 0.0000 0.7366 0.0000
13 0.6923 0.9228 0.0000 0.5717 0.3077 0.0772 1.0000 0.4283
14 0.5000 0.2597 0.6309 0.2825 0.5000 0.7403 0.3691 0.7175
15 0.6154 0.6907 0.7886 0.6950 0.3846 0.3093 0.2114 0.3050
16 0.5769 0.0000 0.3155 0.0897 0.4231 1.0000 0.6845 0.9103
17 0.5385 0.7294 0.6420 0.4263 0.4615 0.2706 0.3580 0.5737
18 0.8461 0.9614 0.3155 0.9129 0.1539 0.0386 0.6845 0.0871
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of the three tools, use of copper tool provides highest MRR 
followed by RP tool and brass tool. Due to higher electrical 
conductivity of copper as compared to other tools, spark 
energy generated by the use of copper tool is more causing 
higher MRR.

The influence of the input parameters and tool type on 
TWR is shown in Fig. 2. Effect of peak current and pulse-
on-time on TWR is similar in both cases, i.e. TWR increases 
with increase in peak current as well as pulse-on-time. It is 
due to fact that increase in spark energy with increase in 
any of the two parameters. However, increase in duty cycle 
causes spark energy to increase. But, TWR decreases with 
increase in duty cycle due to the formation of carbon layers 
on the surface of tools. The melting point of copper is more 
as compared to other tools. Hence, TWR of copper tool is 
lower followed by RP and brass tools.

The influence of the input parameters and tool type on 
 Ra is shown in Fig. 3. It is observed that increase in param-
eters—duty cycle and peak current, surface roughness 
increases. It is due to the reason that increase in these two 
parameters causes increased spark energy which in turn 
result in increased material removal with larger size of cra-
ter. Hence, Ra increases with increase in duty cycle and 
peak current. A similar trend is observed with the param-
eter pulse-on-time, i.e. material removal rate first increases 
and then decreases with increase in pulse-on-time. Similarly, 
surface roughness also increases and then decreases with 
increase in pulse-on-time. RP tool shows lowest Ra followed 
by brass and copper tools.

The influence of the input parameters and tool type 
on ROC is shown in Fig. 4. With increase in peak cur-
rent, ROC increases. However, increase in duty cycle and 
pulse-on-time causes ROC to decrease. The copper tool 
shows lower value of ROC followed by RP tool. However, 
brass tool has shown higher ROC.

4  Optimization of EDM process

In EDM process, multiple performance measures need to be 
satisfied simultaneously so that parts produced by such process 
can be seamlessly applied in practice. Therefore, it is intended 
to maximize MRR but TWR,  Ra and ROC are minimized at 
the same time. From the main effect plots of output responses 
(Figs. 1–4), it is found that the effect of machining param-
eters on different output responses is different. It is generally 
found that improvement in one output response may lead to 
degradation of other output responses. To study this type of 
multi-response optimization problem, a multi-response opti-
mization method like grey relational analysis (GRA) can be 
useful. The GRA method is already used for optimization of 
the manufacturing processes like turning, EDM, wire-EDM, 
micro machining, electro-chemical drilling, etc. [25, 33–42]. 
Therefore, the GRA method is used to convert all the output 
responses into a single response. The different steps involved 
to perform GRA are described as follows [37, 40–42].

4.1  Grey relational analysis (GRA)

The procedure of GRA process is explained in details as 
follows.

1. Normalize the output responses

where,  Yij is normalize out response,  yij is observed output 
response,ymax

j
 is maximum value of output response and ymin

j
 

is minimum value of output response. For the machining 
operation higher value of material removal rate is expected 
with smaller values of tool wear rate, surface roughness and 
radial overcut. Therefore, in case of MRR higher the better 
criterion is chosen while for other three responses smaller 
the better criterion is chosen. Calculate the grey relational 
coefficient ( �ij)

(4)For maximizing, Yij =
ymax
j

− yij

ymax
j

− ymin
j

(5)For maximizing, Yij =
yij − ymin

j

ymax
j

− ymin
j

Table 4  Normalize Grey relational coefficient ( �ij ) and grey relational 
grade (GRG i)

Sl. No γij (MRR) γij (TWR) γij (Ra) γij (ROC) GRG 

1 0.4062 0.5897 1.0000 0.4543 0.6126
2 0.5652 0.9283 0.4635 0.6032 0.6400
3 0.4062 0.4028 0.6132 0.4091 0.4578
4 0.4643 0.8117 0.7657 0.3720 0.6034
5 0.5417 0.9283 0.3725 0.6204 0.6157
6 0.3333 0.3333 0.5753 0.3393 0.3953
7 1.0000 0.9283 0.5138 0.5181 0.7400
8 0.4483 0.3333 0.4635 0.4390 0.4210
9 0.5200 0.7212 0.5827 0.3333 0.5393
10 0.3611 0.6934 0.5428 0.4033 0.5002
11 0.5200 0.7638 0.8255 0.4437 0.6382
12 0.6500 1.0000 0.4043 1.0000 0.7636
13 0.6190 0.8663 0.3333 0.5386 0.5893
14 0.5000 0.4031 0.5753 0.4107 0.4723
15 0.5652 0.6178 0.7029 0.6212 0.6268
16 0.5417 0.3333 0.4221 0.3545 0.4129
17 0.5200 0.6488 0.5827 0.4657 0.5543
18 0.7647 0.9283 0.4221 0.8516 0.7417
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where, Δij is the deviation sequence and � is the distinguish-
ing coefficient.

(6)�ij =
Δmin

j
+ �Δmax

j

Δij + �Δmax
j

The calculated deviation sequence is presented in Table 3 
and calculated grey relational coefficient is presented in 
Table 4.

𝜉 Î[0, 1], 𝜉 = 0.5

Δij =
|
|
|
1 − Yij

|
|
|
, Δmin

j
= min(Δ1j,Δ2j, ............

Δmj), Δ
max
j

= max(Δ1j,Δ2j, ............Δmj)

Fig. 5  Step-by-step diagram of 
SOPT algorithm
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2. Calculate the grey relational grade (GRG i)

where, wj is weighting value of output responses and for this 
study it is considered as 0.25 for each output responses. The 
grey relational grade is calculated and presented in Table 4.

The grey relational grade (GRG) as presented in Table 4 
is used to generate the objective function. The objective 
function is generated by a statistical software (Systat 13) 
with coefficient of determination  (R2) value of 97.3% and 
presented in Eq. 8.

Three meta-heuristic optimization algorithms like simple 
optimization (SOPT), particle swarm optimization (PSO) 
and teaching-learning-based optimization (TLBO) algo-
rithms are used to find out the optimum parametric settings. 
All these algorithms start with some randomly generated 
solutions. These solutions move in a well-defined manner 
within the search space and in due course expected to reach 
the best possible solution.

4.2  Simple optimization (SOPT)

Simple optimization algorithm (SOPT) is a meta-heuristic 
algorithm, which is easy to understand and can easily be 
coded in programming language like MATLAB to obtain the 

(7)GRGi =

p
∑

j=1

wj�ij,

p
∑

j=1

wj = 1

(8)GRG = 0.636 × A0.077 × B−0.066 × C0.016 × D−0.174

optimum value of an objective function [30–32]. In the first 
step of algorithm, a set of solutions generated randomly, and 
solutions are sorted best to worst in the set. After sorting of 
solutions, two new solutions are generated in each iteration 
according to the Eq. 9 and 10, respectively.

In the Eq. (9) and (10), the ith parameter of new solution 
is calculated based on the ith parameter of best available 
solution in the set and two control parameters  c1 and  c2 along 
with  Ri. The value of  c1 is set between 1 to 2 and  c2 will 
take half of the value of  c1.  Ri is a random number, which is 
normally distributed with mean zero and standard deviation 
σi the standard deviation of ith parameter of all the members 
in the solution set. The new solutions are compared with the 
worst solutions of the set and if any of these new solutions 
is better than the worst solution of the set then replace the 
worst solution by the new one. This process of generating 
new solutions and comparing them with worst solutions of 
the set and replacing the worst solution if required is contin-
ued till the maximum number of iterations is not completed. 
In this experiment, maximum number of iterations is set to 
30 iterations. Optimum solution is expected to be obtained 
within this number of iterations. The flowchart of the SOPT 
algorithm is shown in Fig. 5.

4.3  Particle swarm optimization (PSO)

In PSO, randomly generated initial solutions are termed 
as particles. These solutions are updated in each iteration 
using two simple mathematical formulae (Eq. 11, and 12). 
Equation (11) represents the position and Eq. (12) represents 
velocity of the particle. Updating of the solution is governed 
by the two best solutions achieved so far known as pBest ( ⃗p ), 
which is the best known solution obtained by an individual 
particle and gBest ( ⃗g ), which is the best solution obtained 
by the entire swarm [43–45].

Here, ω represents the inertia weight, which is used to 
control the magnitude of the previous velocity while cal-
culating the new velocity whereas φp and φg determine the 
significance of p⃗ and g⃗ , respectively,  rp and  rg are the random 
numbers generated in the range [0,1]. The flowchart of the 
PSO algorithm is shown in Fig. 6.

(9)xi,new = xi,best + c1 × Ri

(10)xi,new = xi,best + c2 × Ri

(11)v⃗i+1 = 𝜔v⃗i + 𝜑prp(p⃗i − x⃗i) + 𝜑grg(g⃗ − x⃗i)

(12)x⃗i+1 = x⃗i + v⃗i

Fig. 6  Step-by-step diagram of PSO algorithm
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Fig. 7  Step-by-step diagram of TLBO algorithm
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4.4  Teaching–learning‑based optimization (TLBO)

In TLBO algorithm, best solution from the randomly gener-
ated solutions is termed as teacher and other solutions are 
termed students. In the teacher phase of algorithm, teacher 
guides the students to be more knowledgeable. This is done 
by changing the decision variables of each solution (stu-
dent) in the set based on the value of decision variables of 
best solution (teacher) [46, 47]. Equation 13 is used for this 
purpose.

where,  xnew,  xold are vectors of new and old decision vari-
ables, Diff is the vector of Differnce_mean values, which is 
calculated by the Eq. 14

(13)xnew = xold + Diff

Here, n represents the number of decision variables,  ri is a 
random number in the range [0,1],  xi,best is the ith parameter 
of best solution that is teacher,  TF is a factor that control the 
quantity of change in mean (it can be assigned a value of 
either 1 or 2 randomly) and  Mi is the mean of all ith variable 
of population set. If the new solution so obtained is better 
than the old one then old solution will be replaced by the 
new one. This is to be done for all the solutions of popula-
tion in each iteration. In learner phase, students increase 
their knowledge not only from the input from teacher but 
also from interactions between themselves. In this phase, 
each solution (student) is compared with the randomly 
selected another solution of the population. Let the solution 
xa is compared by randomly selected another solution xb and 
if f(xa) better than f(xb) use Eq. 15 otherwise use Eq. 16 to 
calculate new solution

In this phase also if new solution is better, then old solu-
tion is replaced by the new one. This phase is repeated for all 
the solutions in population. These two phases are continu-
ously applied in each iteration till the termination criterion, 
which is normally taken as maximum number of iterations is 
not reached. The flowchart of the TLBO algorithm is shown 
in Fig. 7.

4.5  Optimization by different optimization 
algorithms

In these algorithms, control parameters greatly influence 
the quality of solutions and the time to reach those solu-
tions. Therefore, these parameters are set according to 

(14)Difference_meani = ri(xi,best − TFMi), i = 1, 2,… n

(15)xa,new = xa + r(xa − xb)

(16)xa,new = xa + r(xb − xa)

Table 5  Optimum parametric 
setting by different optimization 
algorithm

Optimization 
algorithm

Duty Cycle A Peak current 
B

Pulse-on-time C Tool type D GRG 

SOPT 75 10 300 1 0.8346
PSO 75 10 300 1 0.8346
TLBO 57 10 278.9 1 0.8162
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0.805
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Fig. 8  Convergence curve

Table 6  Experimental 
validation

Optimum parameters Predicted value Experimental value Error

A = 75%, MRR = 4.73048  mm3/min MRR = 4.7890  mm3/min, 1.22%
B = 10A, TWR = 0.461589  mm3/min, TWR = 0.4870  mm3/min, 5.21%
C = 300 µs, Ra = 7.20333 µm, Ra = 7.10 µm, 1.45%
D = 1 (RP) ROC = 0.124983 mm ROC = 0.1240 mm 0.79%
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the previously reported values to obtain best results in 
less time [43, 46]. Population size of 50 is taken in all the 
algorithms. In PSO, the values of φp and φg in Eq. 11 are 
set to 1.8. Inertia weight ω is taken as 0.6. Only setting 
required in TLBO is size of initial population, which is 
taken as 50.

The SOPT, PSO and TLBO algorithms are coded and 
executed in MATLAB (version: 2017a). During the exe-
cution of the algorithms the tool are considered as 1 for 
AlSi10Mg RP tool, 2 for copper tool and 3 for brass tool. 
The optimum parametric setting for maximization of grey 
relational grade (GRG) is presented in Table 5 with opti-
mum GRG for different optimization algorithms. The con-
vergence curves for the SOPT, PSO and TLBO algorithms 
are shown in Fig. 8. Optimum value is obtained by PSO 
and SOPT before 30 iterations while TLBO algorithm 
is unable to get the optimum value within 30 iterations. 
Comparing PSO with SOPT both reaches to optimum 
value within 15 iterations. However, by this time, objec-
tive function is evaluated about 750 times by PSO and 
about 70 times by SOPT. It indicates that SOPT algorithm 
is able to obtain optimum solution of this type of problem 
with less computational effort.

By use of this parametric setting presented in Table 5, 
the optimum machining performance of EDM process 
can be achieved considering MRR, TWR,  Ra and ROC 
together.

4.6  Experimental validation

Experimental validation has been performed to validate 
the predicted values and experimental values of the output 
responses at the optimum parametric setting obtain by SOPT 
algorithm. The detail of the validation result obtained is pre-
sented in Table 6. The error between experimental value and 
predicted value of MRR, TWR, Ra and ROC are 1.22%, 
5.21%, 1.45 and 0.79%, respectively.

5  Conclusion

The experiment on EDM is conducted using different types 
of tools and high-carbon high-chromium steel (D2 tool steel) 
as the work piece. The performance of the newly prepared 
RP tool is studied in comparison with commonly used tools 
like copper and brass. Four machining performances like 
MRR, TWR, Ra and ROC are considered in this work and are 
simultaneously optimized using grey relational analysis and 
simple optimization algorithm. Here, all the four machining 
performances are converted into a single performance, i.e. 
grey relational grade and simultaneously optimized by three 

different metaheuristic algorithms. The following conclu-
sions can be drawn from the present study.

1. Comparison of three different metaheuristic optimiza-
tion algorithms used to solve the present problem on 
EDM indicates that SOPT and PSO algorithms are quite 
efficient in obtaining optimum parametric setting with 
less computational effort and cost.

2. The SOPT algorithm is not only a simple algorithm 
but also efficient because it possesses only one effec-
tive controlling parameter making it very easy in tuning 
the algorithmic parameters and also incorporates both 
exploration and exploitation strategies.

3. It has been observed that SOPT algorithm needs fewer 
function evaluations compared to other well-known 
meta-heuristic algorithms in obtaining near optimum 
solution.

4. As far as the performance of the tools is concerned, cop-
per tool produces highest MRR followed by RP tool and 
brass tool. Similarly, TWR obtained with copper tool is 
comparatively lower. However, TWR of the brass tool 
is highest among the three tools. The copper tool shows 
lower value of ROC followed by RP tool and brass tool.

5. The RP tool shows lowest Ra followed by brass and cop-
per tools because of removal of small amount of material 
from the machining cavity in each discharge in case of 
use of RP tool.

6. Considering all four output responses simultaneously, 
the RP tool has shown better machining characteristics 
as compared to other tools.

7. RP process is one of the most effective processes to 
produce any complex shaped tool for producing com-
plex parts by EDM process so as to reduce the time of 
machining and cost of production of final parts.
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