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Abstract: Powder mixed electrical discharge machining (PM-EDM) is a technological advancement in
electrical discharge machining (EDM) processes where fine powder is added to dielectric to improve
the machining rate and surface quality. In this paper, machining of Nimonic-90 was carried out using
fabricated PM-EDM, setup by adding silicon powder to kerosene oil. The influence of four input
process parameters viz. powder concentration (PC), discharge current (IP), spark on duration (SON),
and spark off duration (SOFF) has been investigated on surface roughness and recast layer thickness.
L9 Taguchi orthogonal and grey relational analysis have been employed for experimental design
and multi-response optimization, respectively. With the addition of silicon powder to kerosene oil,
a significant decrease in surface roughness and recast layer thickness was noticed, as compared to
pure kerosene. Spark on duration was the most significant parameter for both surface roughness and
the recast layer thickness. The minimum surface roughness (3.107 µm) and the thinnest recast layer
(14.926 µm) were obtained at optimum process parameters i.e., PC = 12 g/L, IP = 3 A, SON = 35 µs,
and SOFF = 49 µs using grey relational analysis.

Keywords: nimonic-90; silicon; surface roughness; recast layer thickness; EDM

1. Introduction

Nimonic-90 is a nickel-cobalt-chromium based superalloy used at high temperature ap-
plications in aerospace, defense, marine, nuclear, and power plant industries. Nimonic-90
superalloy is used for the manufacturing of components including exhaust re-heaters, ring
sections, jet engines, turbine blades, and hot working tools. This is due to its excellent me-
chanical properties, namely its good corrosion resistance and high creep, rupture strength,
and chemical resistance. However, the conventional machining of Nimonic-90 reported
certain difficulties such as built-up-edge formation, localization of shear stress, premature
notching of tools, and burr formation due to its low thermal conductivity and high melting
point [1–4]. Thus, advanced machining processes, namely laser beam, abrasive water
jet, electron beam, and electrical discharge machining (EDM), were employed to over-
come such difficulties faced by conventional machining. Among these non-conventional
machining processes, EDM offers reasonable attention on the machining of Nimonic-90,
regardless of material hardness and complex profiles with higher automation [5,6]. In
the EDM process, material is removed by electrical spark due to melting and evaporation
when both electrodes are immersed in dielectric. However, due to low the machining rate
and surface quality, EDM has been limited to industrial-related applications [7–10]. Thus,
powder mixed EDM (PM-EDM), as a hybrid machining process, was developed to machine
difficult-to-cut materials. In the PM-EDM process, fine powder is mixed in dielectric to
enhance the machining rate of the EDM process and the surface quality of the machined
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specimen. Powder, when added to dielectric, gets invigorated, and acts in a zigzag motion,
lowering the dielectric strength and increasing the inter-electrode gap. Due to this, powder
particles arrange in a chain form, causing a short circuit, and leading to early explosion.
Thus, multiple sparks are generated under the discharge zone, forming a shallow crater
with uniform erosion with an enhanced material removal rate and better surface finish.
The application of the PM-EDM process is mainly in the mold and dies industry; however,
at present, it is also used in the automobile and aerospace industry for finishing of the
manufactured parts [11–16].

Powder added to dielectric was introduced by Jeswani [17] during the EDM machining
of mild steel by suspending graphite powder in EDM oil. With powder added in EDM oil,
significant improvements in the material removal rate (MRR) and tool wear rate (TWR)
were revealed. Some researchers have focused on the machining of nickel-based superalloy
using powder mixed EDM. For example, Tan and Yeo [18], on machining AISI 420-MOD
with a SiC powder mixed EDM process, revealed a decrease in recast layer thickness
(RLT), with an increase in powder concentration and a decrease in pulse on time. Rathi
and Mane [19] added three different powders in dielectric when machining Inconel-718
using the EDM process. Higher MRR was noticed with graphite powder at 18 A current
and an 85% duty cycle. However, the lowest TWR was observed at 12 A current at a
90% duty cycle with silicon powder mixed in dielectric. Prakash et al. [20] observed a
smaller surface crack length and a thinner recast layer at 4 g/L silicon powder when
ED machining of Titanium Alloy. Kumar et al. [21] machined Inconel-825 with Al2O3
powder in dielectric during EDM. Improvement in MRR and SR over 40% was noticed
with the addition of powder as compared to without powder in dielectric. Sugunakar and
Kumar [22] machined RENE80 through the PM-EDM process, and a thinner recast layer
was observed with aluminium powder at 9 g/L concentration. Tripathy and Tripathy [23],
when machining H-11 die steel with the PM-EDM process, observed a decrease in RLT
and SR, and an increase in hardness, and MRR increased in powder concentration. Patel
and Thesiya [24] machined Inconel-718 with a rotary tool and the PMEDM process, and
observed improvement in MRR. Ramesh and Jenarthanan [25] observed an improvement of
22.1% and 29.1% in surface roughness when machining AISI P20 steel and Nimonic-75 with
the PM-EDM process, using aluminum powder admix in dielectric. Moreover, the lowest
TWR and a higher MRR were noticed when machining with a brass electrode. Rouniyar
and Shandilya [26] machined Inconel with graphite powder admix in dielectric and used
Taguchi coupled with gray relational analysis to obtain optimum process parameters for
MRR and SR. Sahu and Mandal [27] used graphite and alumina powder mixed in EDM
oil to machine Nimonic-263 using EDM process. A lower RLT, surface crack density, and
residual stress was observed with graphite powder mixed in EDM oil. Farooq et al. [28],
during EDM of Ti-6Al-4V with Si powder admix in dielectric, revealed smaller crack and
craters on machined surface. Moreover, the effect of powder concentration on RLT and SR
was 61.82% and 37.03%, respectively.

After a detailed scrutiny of the literature available, most of the researchers have
machined different nickel-based superalloys such as different grades of Inconel, Nimonic-
75, Titanium Alloy, and RENE80 nickel alloy using powder mixed EDM process. Research
works available were mainly focused on improving the output responses, namely MRR,
TWR, and SR, while other important responses such as recast layer thickness, overcut, and
microhardness have not gained much attention using the PM-EDM process. A handful of
work related to the powder mixed electrical discharge machining of Nimonic-90 has been
reported. After a consideration of anterior arguments, in this research work, Nimonic-90
is machined using silicon powder mixed in kerosene with a PM-EDM setup. This paper
aims to investigate the influence of process parameters viz. powder concentration (PC),
discharge current (IP), spark on duration (SON), and spark off duration (SOFF) on the surface
roughness (SR) and recast layer thickness (RLT). Grey relational analysis (GRA) was used
to multi-response optimization to determine minimum RLT and SR.
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2. Materials and Methods
2.1. Materials and Experimental Details

In the present study, workpiece material was Nimonic-90 superalloy of 20× 20× 10 mm3

size. Electrolytic copper as a tool was selected and machined to a diameter of 10 mm.
Table 1 illustrates the specification of the PM-EDM setup and the properties of Nimonic-90,
while Table 2 depicts the elemental composition of Nimonic-90. Silicon powder (200 mesh
size) was added to kerosene oil in a small, fabricated tank of 15 L to avoid the wastage
of kerosene oil. Experiment of machining on Nimonic-90 was performed on a fabricated
PM-EDM setup. Schematic diagram and pictorial view of fabricated PM-EDM setup is
shown in Figures 1 and 2, respectively. Fabricated PM-EDM setup consisted of a small tank
with a stirrer attached, with a conventional Die sinking EDM Machine (EMS 5030, Pune,
India), available at MNNIT Allahabad. A small pump attached with a nozzle hose was
used for the circulation of powder-mixed dielectric in the machining gap to flush away the
molten debris particles. Stirrer was provided for the uniform mixing of powder particles in
dielectric so that powder did not settle at the bottom of tank while machining.

Table 1. Specification of PM-EDM Setup and properties of Nimonic-90.

PM-EDM Setup Properties of Nimonic-90

Machine Elektra (EMS 5030) Density (kg/m3) 8180
Open circuit voltage (V) 135 ± 5 Melting point (◦C) 1370

Dielectric Kerosene Co-efficient of thermal expansion
(µm/m ◦C) 12.7

Machining time (mins) 5 Thermal Conductivity (W/m ◦C) 11.47
Electrode copper Hardness (Hv) 270
Workpiece Nimonic-90 Modulus of Elasticity (GPa) 230
Dielectric flow rate (L/min) 4.2 Electrical Resistivity (µΩ. cm) 118

Flushing condition Side flushing (nozzle
diameter 5 mm) Poisson’s ratio 0.28

Table 2. Elemental composition of Nimonic-90.

Compositions Ni Cr Co Ti Al

At Wt. (%) 60 19.3 15 3.1 1.4
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Machining of Nimonic-90 was performed for 5 min during each experiment. L9
Taguchi orthogonal array was used as experimental design. Four input process parameters,
namely powder concentration, discharge current, spark on duration, and spark off duration
were varied while performing experiments. Based on the 4 process parameters (p) selected
and varied over 3 levels (L), the number of experiments to be performed was computed
as [29,30]:

Minimum experiments [(L − 1) × p] + 1 = [(3 − 1) × 4] + 1 = 9 = L9 orthogonal array.
A total of nine experiments were performed on the machining of Nimonic-90. Selection

of range of process parameters was in accordance with a literature survey, pilot tests, and
machine setup specifications. Table 3 illustrates the experimental machining condition.

Table 3. Experimental Machining Conditions.

Process Parameter Symbol Level-1 Level-2 Level-3

Powder concentration (g/L) PC 8 10 12
Discharge current (A) IP 3 5 7

Spark-on-duration (µs) SON 35 50 65
Spark-off-duration (µs) SOFF 41 45 49

SR and RLT are considered output responses for this present study. Repetitions
are multiple experimental runs with the same factor settings (levels). Repetitions are
necessary to estimate experimental error and provide the conditions required to test
the hypothesis or hypotheses formulated. According to a literature survey, at least two
repetitions for each reading are necessary [31,32]. Thus, two repetitions were considered in
this experimentation in order to obtain more reliable data, and the average was considered
for analysis purpose. Surface roughness profilometer (Model SJ-410, Prayagraj, India) was
used to measure SR at three separate locations of the machined surface, and the average
was considered for study. For RLT, machined surface was cut in a transverse section using
WEDM and then the cut section was polished using different grades of emery paper and
etched with Nistal reagent. Then, an image of the recast layer at different magnifications
was taken from a scanning electron microscope (SEM, Kanpur, India), Model JSM-6010LA.
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For measurement of RLT, SEM image was imported in ImageJ (V8, NIH, Prayagraj, India),
software and Equation (1) was used for calculation [33,34].

RLT = RLA/RLL (1)

where, RLT = Recast layer thickness, RLA = Recast layer area, RLL = Recast layer length

2.2. Optimization Using Grey Relational Analysis

Grey relational analysis (GRA) is a grey theory-based, decision-making technique
developed by Deng for determining the combination of optimal process parameters by
converting the multi- responses into a single grey relational grade (GRG) [35,36]. According
to GRA, two kinds of data exist, namely ‘no information’ and ‘all information’. Black
represents ‘no information’, while white represents having ‘all information’. There exists
some information between black and white for experiments known as a grey system. GRG
represents the relation between the reference sequence and the comparability sequence.
A higher value of GRG represents the stronger relation between the reference sequence
and the comparability sequence [37–40]. The following steps from the GRA flowcharts are
calculated as follows.
Normalization

Experimental results are normalized within a range of between 0 and 1, then the grey
relational grade is computed using the following formulas. For smaller the better as for
response SR and RLT, and normalized value is calculated using Equation (2) [23,41].

B∗i (m) =
maxBi(m)− Bi(m)

maxBi(m)−minBi(m)
(2)

where, Bi*(m) is normalized value, and Bi(m) represents original experimental data, i
is the number of experimental items, and m is the number of parameters, * represents
normalization.

Moreover, Bi
*(m) ε [0, 1].

Deviation
Deviation is calculated by using Equation (3) [41,42]

∆oi(m) =|B∗o (m)− B∗i (m)| (3)

where, ∆oi(m), Bo*(m), and Bi*(m) refer to the deviation, reference, and normalized se-
quences, respectively.

Bo*(m) = max {Bi*(m)}
Grey Relational Coefficient (GRC)

Using Equation (4), GRC is computed [41,43]

GRCi =
[∆min + ξ∆max]

[∆oi + ξ∆max]
(4)

where, ∆min = smallest deviation = minimum value of ∆oi
∆max = largest deviation = maximum value of ∆oi
ξ = distinguishing coefficient [0–1]. ξ = 0.5 is generally used to allocate equal weights

to every parameter [41].
Distinguishing coefficient (ξ) variation can be analyzed depending on the uncertainty

in the data. If ξ value is lower, the distinguishability between the data sequences is higher,
and, if ξ is higher, the distinguishability is lower. Distinguishing coefficient is a very siginif-
icant parameter of the model. Despite its ability to influence the grey relational ordering,
the scholars usually presume ξ = 0.5, even though the logic behind this supposition is not
recognized [44,45].

The value of GRC lies between 0 and 1, i.e., 0 ≤ GRC ≤ 1.
Grey Relational Grade (GRG)
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GRG is the average of the summation of all GRCs of ith experiment, and ‘n’ represents
the number of response parameters and is computed using Equation (5) [23,43]. GRG value
varies between 0 and 1.

GRGi =
1
n

n
Σ

m=1
GRC(m) (5)

3. Results and Discussions

Table 4 shows the measured values of SR and RLT for the L9 Taguchi experimental
layout. To analyze the effect of process parameters on the experimental results, MINITAB
V17 software was used.

Table 4. L9 Taguchi Orthogonal Design with Output Responses.

Experimental Run
Input Process Parameter

SR (µm) RLT (µm)
PC IP SON SOFF

1 8 3 35 41 5.157 13.184
2 8 5 50 45 7.116 22.812
3 8 7 65 49 8.871 37.725
4 10 3 50 49 5.256 19.531
5 10 5 65 41 7.425 30.193
6 10 7 35 45 5.601 20.357
7 12 3 65 45 5.576 22.982
8 12 5 35 49 3.216 16.164
9 12 7 50 41 5.732 25.175

3.1. Parametric Effect on Surface Roughness

Analysis of variance (ANOVA) for SR is illustrated in Table 5. SON has a higher
significance among process parameters trailed by PC and IP, while SOFF has no significant
on SR. SON has the highest contribution (49.64%) on SR, which can be observed in Table 5.
The regression coefficient of the model is determined using ANOVA.

Table 5. ANOVA for SR.

Source DF SS MS F-Value p-Value % Contr.

Regression 4 20.818 5.2047 165.96 0.000
PC 1 7.3041 7.3041 232.91 0.000 # 34.87
IP 1 2.9610 2.9610 94.420 0.001 # 14.14

SON 1 10.396 10.396 331.51 0.000 # 49.64
SOFF 1 0.1571 0.1571 5.01 0.089 * 0.75
Error 4 0.1254 0.0314 0.60
Total 8 20.9441

R-sq = 98.65%, R-sq (Adj.) = 97.84%, R-sq (pred.) = 94.57%
DF-Degree of Freedom, SS-Sum of Square, MS-Mean Square, F value-Fischer value, p value- probability value, %
Contr.- % Contribution, #-significant and *-Nonsignificant.

Equation (6) depicts the regression model for predicting the SR at 95% CI.

SR = 5.367 − 0.5517 PC + 0.3513 IP + 0.08776 SON (6)

Figure 3 illustrates the main effect plot describing the influence of process parameters
on SR. From Figure 3, upon increasing PC, a decrease in SR was noticed. Lower SR
(3.216 µm) was noticed at PC = 12 g/L. Lower SR at a higher PC was due to the formation
of a small shallow crater due to multiple sparking with uniform discharges across tools and
workpieces owing to a less impulsive force. An increase in SR was revealed in Figure 3, after
increasing both IP and SON. This was due to the higher spark energy available for melting
material from workpiece surfaces, as spark energy is proportional to IP and SON. High
spark energy results in an increase in plasma channel pressure, generating impulsive force
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and creating irregular surfaces [8,20,25]. A decrease in SR was noticed after increasing SOFF
in Figure 3. With an increase in SOFF, uniform erosion takes from the workpiece. Moreover,
more time is available for flushing the molten debris particles from the machined workpiece
surface, lowering SR [34,46,47]. The minimum SR (3.216 µm) was obtained at PC = 12 g/L,
IP = 5 A, SON = 35 µs, SOFF = 49 µs corresponding to experiment no. 8.
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3.2. Parametric Effect on Recast Layer Thickness

RLT of machined sample was measured at 1000 × on SEM image using ImageJ soft-
ware. Figure 4 depicts a recast layer for nine different experimental results. Table 6 shows
the ANOVA for RLT. SON was observed as the most significant process parameters trailed
by IP and PC, while SOFF had no significance on RLT. SON had the highest contribution
(64.98%) among the process parameters on RLT, which can be noticed in Table 6 and in the
main effect plot of RLT, illustrated in Figure 5 The regression coefficient of the model is
determined using ANOVA.
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Table 6. ANOVA for RLT.

Source DF SS MS F-Value p-Value % Contr.

Regression 4 428.11 107.027 59.55 0.001
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Metals 2021, 11, 1673 10 of 17
Metals 2021, 11, x FOR PEER REVIEW 11 of 17 
 

 

 
Figure 5. Main Effect Plots for Recast Layer Thickness. 

3.3. Optimization Using Grey Relational Analysis 
Experimental results for each response parameters, i.e., SR and RLT, were normal-

ized using Equation (2). Then, the deviation of each response parameters was obtained 
using Equation (3). Thus, the value of Δmin and Δmax obtained were 0 and 1, respectively, 
from Table 7, which can be used for determining the GRC. GRC for SR and RLT were 
calculated using Equation (4), considering the value of ߦ as 0.5 [44,45]. To estimate the 
GRG, GRC for SR and RLT were used, and calculated using Equation (5). Equal weightage 
was allocated for all the responses for calculating the GRG because, in this experimental 
analysis, equal importance is assumed for all the response variables. Table 7 illustrates the 
values of GRC for SR and RLT along with GRG and rank for each experimental run. 

The highest value of GRG was obtained for experimental run no. 8, as observed from 
Table 7 and Figure 6. Thus, the eighth experimental run gave the best multi-performance 
responses among the nine experimental runs performed. It was then followed by first and 
fourth experimental runs, which ranked as 2nd and 3rd, respectively. The response for 
the average GRG of the three levels of process parameters for this experimental work were 
calculated and are tabulated in Table 8. Figure 7 depicts the main effect plot for GRG, 
where the dashed line represents the value corresponding to total mean of GRG. 

Figure 5. Main Effect Plots for Recast Layer Thickness.

Equation (7) depicts the regression model for predicting the RLT at 95% CI in terms of
significant process parameters.

RLT = −3.41 − 0.783 PC + 2.297 IP + 0.4577 SON (7)

Figure 5 illustrates the main effect plot describing the effect of process parameters on
RLT. Figure 5 depicts a decreasing trend for RLT after increasing the PC from 8 to 12 g/L.
This is mainly attributed to the phenomenon that the spark gap is increased with the
increase in PC. With an increase in the spark gap, the intensity of discharge energy in
the sparking zone is lowered, and the powder added to dielectric removes the dissipated
heat away from the spark gap, resulting in the formation of a shallow crater with thinner
RLT [18,48]. With an increase in IP from three to seven A, and SON from 35 to 65 µs, a rise in
RLT was noticed in Figure 5. The increase in RLT was due to the higher dispersive energy
available to melt more material for the given IP and SON. Because of the low thermal
conductivity of Nimonic-90, a smaller amount of heat transferred from the workpiece
surface, resulting in less flushing of debris particles. Thus, thicker RLT was observed
at higher IP and SON. From Figure 5, a decrease in RLT was discerned with an increase
in SON from 41 to 45 µs. However, after increasing SOFF from 45 to 49 µs, an increment
in RLT was noticed. Firstly, the decrease in RLT was due to the effective flushing of the
given SOFF, which removes the resolidified material from workpiece surface. Moreover, the
further increase in RLT was noticed with an increase in SOFF. At a higher SOFF, the time
for flushing is greater, however the resolidified molten material sticks to the machined
surface due to higher spark energy forming thicker RLT [20,34,49]. A lower recast layer
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thickness (13.184 µm) was obtained at PC = 8 g/L, IP = 3 A, SON = 35 µs, and SOFF = 41 µs,
corresponding to experiment no. 1.

3.3. Optimization Using Grey Relational Analysis

Experimental results for each response parameters, i.e., SR and RLT, were normalized
using Equation (2). Then, the deviation of each response parameters was obtained using
Equation (3). Thus, the value of ∆min and ∆max obtained were 0 and 1, respectively, from
Table 7, which can be used for determining the GRC. GRC for SR and RLT were calculated
using Equation (4), considering the value of ξ as 0.5 [44,45]. To estimate the GRG, GRC for
SR and RLT were used, and calculated using Equation (5). Equal weightage was allocated
for all the responses for calculating the GRG because, in this experimental analysis, equal
importance is assumed for all the response variables. Table 7 illustrates the values of GRC
for SR and RLT along with GRG and rank for each experimental run.

Table 7. Estimation of Normalized, Deviated, GRC (ξ = 0.5), GRG, and Rank.

Expt.
Runs

Normalized Deviation GRC
GRG Rank

SR RLT SR RLT SR RLT

1 0.6568 1.0000 0.3432 0.0000 0.5930 1.0000 0.7965 2
2 0.3103 0.6077 0.6897 0.3923 0.4203 0.5603 0.4903 7
3 0.0000 0.0000 1.0000 1.0000 0.3333 0.3333 0.3333 9
4 0.6393 0.7414 0.3607 0.2586 0.5809 0.6591 0.6200 3
5 0.2557 0.3069 0.7443 0.6931 0.4018 0.4191 0.4105 8
6 0.5782 0.7077 0.4218 0.2923 0.5424 0.6311 0.5868 4
7 0.5827 0.6007 0.4173 0.3993 0.5451 0.5560 0.5505 5
8 1.0000 0.8786 0.0000 0.1214 1.0000 0.8046 0.9023 1
9 0.5551 0.5114 0.4449 0.4886 0.5291 0.5058 0.5175 6

The highest value of GRG was obtained for experimental run no. 8, as observed from
Table 7 and Figure 6. Thus, the eighth experimental run gave the best multi-performance
responses among the nine experimental runs performed. It was then followed by first
and fourth experimental runs, which ranked as 2nd and 3rd, respectively. The response
for the average GRG of the three levels of process parameters for this experimental work
were calculated and are tabulated in Table 8. Figure 7 depicts the main effect plot for GRG,
where the dashed line represents the value corresponding to total mean of GRG.
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Table 8. Response of GRG.

Level PC IP SON SOFF

1 0.5400 0.6557 0.7619 0.5748
2 0.5391 0.6010 0.5426 0.5425
3 0.6568 0.4792 0.4314 0.6185

Delta 0.1177 0.1765 0.3304 0.0760
Rank 3 2 1 4

Total mean of GRG = 0.5786.
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Figure 7. Main Effect Plots for GRG.

The GRG of each process parameters are arranged according to each level, and the
average corresponding to each level is noted in response to GRG in Table 8. Here, four
process parameters were varied over three levels. As for L9 OA, a total of nine experiments
were performed and, for each level, are varied for three experimental runs, thus an average
of three experiments were considered [49]. The response of GRG was calculated as follows:

For powder concentration, PC were arranged in increasing order, due to which, the
experiment number and GRG were automatically changed. As the experiments were varied
over three levels, i.e., PC = 8 g/L, 10 g/L, and 12 g/L, and as each level was varied for
three experimental runs, the average GRG of corresponding level was considered. Thus,
for calculation of GRG for level 1, level 2, level 3 for PC in response table as:

(GRG) of level 1 = (Exp. No. 1 + Exp. No. 2 + Exp. No. 3)/3

= (0.7965 + 0.4903 + 0.3333)/3 = 0.5400

(GRG) of level 2 = (Exp. No. 4 + Exp. No. 5 + Exp. No. 6)/3

= (0.6200 + 0.4105 + 0.5868)/3 = 0.5391

(GRG) of level 3 = (Exp. No. 7 + Exp. No. 8 + Exp. No. 9)/3

= (0.5505 + 0.9023 + 0.5175)/3 = 0.6568

For discharge current, IP were arranged in increasing order, due to which the experi-
ment number and GRG were automatically changed. As the experiments were varied over
three levels, i.e., IP = 3 A, 5 A, and 7 A, and as each level is varied for three experimental
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runs, the average GRG of the corresponding level was considered. Thus, for the calculation
of GRG for level 1, level 2, level 3 for IP in response table as:

(GRG) of level 1 = (Exp. No. 1 + Exp. No. 4 + Exp. No. 7)/3

= (0.7965 + 0.6200 + 0.5505)/3 = 0.6557

(GRG) of level 2 = (Exp. No. 2 + Exp. No. 5 + Exp. No. 8)/3

= (0.4903 + 0.4105 + 0.9023)/3 = 0.6010

(GRG) of level 3 = (Exp. No. 3 + Exp. No. 6 + Exp. No. 9)/3

= (0.3333 + 0.5868 + 0.5175)/3 = 0.4792

For spark-on-duration, SON were arranged in increasing order, due to which the
experiment number and GRG were automatically changed. As the experiments were
varied over three levels, i.e., SON = 35 µs, 50 µs, and 65 µs, and as each level are varied
for three experimental runs, the average GRG of the corresponding level was considered.
Thus, for calculation of GRG for level 1, level 2, level 3 for SON in response table as:

(GRG) of level 1 = (Exp. No. 1 + Exp. No. 6 + Exp. No. 8)/3

= (0.7965 + 0.5868 + 0.9023)/3 = 0.7619

(GRG) of level 2 = (Exp. No. 2 + Exp. No. 4 + Exp. No. 9)/3

= (0.4903 + 0.6200 + 0.5175)/3 = 0.5426

(GRG) of level 3 = (Exp. No. 3 + Exp. No. 6 + Exp. No. 9)/3

= (0.3333 + 0.4105 + 0.5505)/3 = 0.4314

For spark-off-duration, SOFF were arranged in increasing order, due to which the
experiment number and GRG were automatically changed. As the experiments were
varied over three levels, i.e., SOFF = 41 µs, 45 µs, and 49 µs, and as each level are varied
for three experimental runs, the average GRG of the corresponding level was considered.
Thus, for calculation of GRG for level 1, level 2, level 3 for SOFF in response table as:

(GRG) of level 1 = (Exp. No. 1 + Exp. No. 5 + Exp. No. 9)/3

= (0.7965 + 0.4105 + 0.5175)/3 = 0.5748

(GRG) of level 2 = (Exp. No. 2 + Exp. No. 6 + Exp. No. 7)/3

= (0.4903 + 0.5868 + 0.5505)/3 = 0.5425

(GRG) of level 3 = (Exp. No. 3 + Exp. No. 4 + Exp. No. 8)/3

= (0.3333 + 0.6200 + 0.9023)/3 = 0.6185

Total mean of GRG (ηm) is calculated using Equation (8)

ηm =

3
Σ

L=1
(GRG of PC)L +

3
Σ

L=1
(GRG of IP)L +

3
Σ

L=1
(GRG of SON)L +

3
Σ

L=1
(GRG of SOFF)L

L× p
(8)

where, L = number of levels and p = number of process parameters

ηm = 0.5400+0.5391+0.6568)+(0.6557+0.6010+0.4792)+(0.7619+0.5426+0.4314)+(0.5748+0.5425+0.6185)
3x4

ηm = 0.5786

As observed from Table 8 and Figure 7, the maximum GRG was corresponding to
level 3 of powder concentration, level 1 of discharge current, level 1 of spark on duration,
and level 3 of spark off duration. Hence, it is the optimal setting and optimum process
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parameters for minimum SR, and RLT was at PC = 12 g/L, IP = 3 A, SON = 35 µs and
SOFF = 49 µs.

3.4. Confirmation Test

After identifying the optimal level of process parameters, improvement in responses
was carried out for prediction and validation at an optimum set of process parameters. The
experimental results obtained at the optimum process parameters were compared with the
predicted results. The predicted GRG (η) is computed using Equation (9) at the optimum
level of process parameters [30,41,43].

η = ηm +
p

∑
i=1

(ηi − ηm) (9)

where, ηm is total mean of GRG, ηi = maximum of average GRG at optimum level of
process parameter, p = number of process parameters affecting responses = 4

Table 9 depicts the validation of response at the initial and optimum level of process
parameters from the confirmatory experiments for the responses. Initial process parameters
in GRA are the value of GRG near to the mean line of main effect plot of GRG. As observed
from the Table 9, SR was decreased to 3.107 µm from 6.220 µm, and RLT was reduced to
14.926 µm from 20.119 µm. Moreover, after validation, the actual results were found to be
congruent with the predicted results, with an improvement in GRG of 0.3960. For SR and
RLT, the absolute error computed between experimental and optimized was less 5% and
within the range of the given confidence interval.
η = ηm + [(ηi)PC − ηm] + [(ηi)IP − ηm] + [(ηi)SON − ηm] + [(ηi)SOFF − ηm]
η = 0.5786 + (0.6568 − 0.5786) + (0.6557 − 0.5786) +(0.7619 − 0.5786) + (0.6185 − 0.5786)
= 0.9569

Table 9. Confirmation Test.

Parameters Initial Process
Parameters

Optimum Process Parameters

Predicted Experimental

Combination Level (PC)1(IP)2(SON)2(SOFF)1 (PC)3(IP)1(SON)1(SOFF)3 (PC)3(IP)1(SON)1(SOFF)3
SR 6.220 3.116 3.107

RLT 20.119 14.904 14.926
GRG 0.5619 0.9569 0.9579

Improvement in GRG = 0.3960.

4. Conclusions

In this present work, ED machining of Nimonic-90 superalloy is performed by mixing
the silicon powder in kerosene oil. L9 Taguchi orthogonal design array was used for
experimental layout. The influence of process parameters on SR and RLT has been studied
and a significant parameter is revealed using ANOVA. The following research conclusions
can be drawn from the present work:

• For SR, SON was the most significant process parameter, followed by PC and IP, while
the effect of SOFF was the least significant. A decrease in SR was observed with an
increase in PC and SOFF, and a decrease in IP and SON;

• For RLT, SON was the most significant process parameter, followed by IP and PC.
However, SOFF had a negligible effect. A decrease in RLT was noticed with an increase
in PC and a decrease in IP and SON. A decrease in RLT was noticed with an increase
in SOFF up to the optimum level and with further RLT increases;

• The minimum surface roughness (3.107 µm) and the thinnest recast layer (14.926 µm)
was obtained at optimum process parameters i.e., PC = 12 g/L, IP = 3 A, SON = 35 µs
and SOFF = 49 µs;

• Confirmatory results at optimum process parameters revealed a decrease in SR and
RLT by 50.04% and 25.81%, respectively, with respect to the initial machining condition.
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