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ABSTRACT: Electrical discharge machining (EDM) can cut any electrically conductive
material regardless of its hardness, but low-carbon steels such as SAE 1015 have seldom
been examined in a systematic way. Here, the influence of source voltage (A), discharge
current (B), pulse-on time (C) and pulse-off time (D) on material removal rate (MRR)
and surface roughness (Ra) is investigated for die-sinking EDM of SAE 1015 mild steel
with a graphite electrode. Experiments followed a nine-run Taguchi-based plan, and the
data wete processed in Minitab 17 through signal-to-noise (S/N) ratios, analysis of
variance (ANOVA) and linear regression. Discharge current emerged as the dominant
factor for both responses. For surface roughness it was the only statistically significant
factor (p = 0.017; 39.7% of total variation). The regression model returned R? = 89.9%
and adjusted R? = 79.9%, yet its leave-one-out predicted R? was negative, so the model
should be read as descriptive and not predictive. The best S/N settings for MRR
(A2B3C2D2) and for roughness (A1B1C1D3) disagree, which is why a grey relational
multi-objective analysis was applied. The response optimizer put the maximum
predicted MRR at 58.68 mm?3/min for 200 V, 48 A, 6.4 us and 12.8 ps.

* A nine-run Taguchi-based design was used to study four EDM parameters for SAE 1015 mild steel.

¢ Current dominated the response of both MRR and Ra.
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¢ Inthe ANOVA for Ra, only discharge current reached significance (p = 0.017).
*  The regression model (adjusted R? = 79.9%)) failed leave-one-out validation and is treated as descriptive only.
*  MRR-optimal and Ra-optimal settings conflict; a grey relational grade is used to resolve the trade-off.

Graphical abstract

s ) G R (5 =
1. Inputs (4 factors, 3 levels) 2. Design and analysis 3. Key findings
A Voltage: 80 /160 / 200 V Nine-run Taguchi-based design Current is the dominant factor for both MRR and Ra
B Current:6/16/48 A (Minitab 17)
C Pulse-on: 6.4 /100 /800 us Ra ANOVA: only current significant (p = 0.017; 39.7% of variation)
D Pulse-off: 12.8 /50 / 400 ps S/N ratio analysis
ANOVA (a = 0.05) Regression: R? = 89.9%, adj. R? = 79.9%,
Workpiece: SAE 1015 steel Linear regression for Ra predicted R? = —2.6% - descriptive, not predictive
Electrode: graphite — Leave-one-out validation P
Dielectric: kerosene Conflicting optima:
Grey relational analysis Ra: A1B1C1D3 (80 V, 6 A, 6.4 ps, 400 ps)
Responses: to resolve MRR vs Ra MRR: A2B3C2D2 (160 V, 48 A, 100 ps, 50 ps)
MRR (higher is better) conflict
Ra (smaller is better) Predicted max MRR 58.68 mm3/min at 200 V, 48 A,
6.4 us, 12.8 ps (optimizer; Ra = 11 um there)
" J “ J \ J
r ™)

Outcome: compromise parameter setting for high MRR and low Ra from the grey relational grade
[compromise setting and confirmation-run result to be inserted by the authors]

ABBREVIATIONS AND NOMENCLATURE

Symbol / abbreviation | Description
EDM Electrical discharge machining
DOE Design of experiments
MRR Matetial removal rate (mm?/min)
SR, Ra Surface roughness; arithmetic average roughness (um)
TWR, EWR Tool wear rate; electrode wear rate
ANOVA Analysis of variance
S/N Signal-to-noise ratio (dB)
HB, SB Higher-is-better; smaller-is-better
OA Orthogonal array
GRA, GRC, GRG Grey relational analysis; grey relational coefficient; grey relational grade
PRESS Predicted residual error sum of squares (leave-one-out)
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Symbol / abbreviation | Description
RSM, ANN, GA, TOPSIS, | Response surface methodology; artificial neural network; genetic algorithm; technique for
MCDM order preference by similarity to ideal solution; multi-criteria decision making
A V) Soutce voltage (V)
B (@ Discharge current (A)
C (Ton) Pulse-on time (us)
D (Torp) Pulse-off time (us)
T Duty cycle = Ton/ (TontTof)
Wi, We Initial and final workpiece mass (g)
t Machining time per run (min)
9 Wotkpiece density (g/cm?)
&y, ¢ Grey relational coefficient, grey relational grade, distinguishing coefficient

1. INTRODUCTION

EDM erodes material by means of repeated, controlled electrical discharges that pass between a tool electrode and a
conductive workpiece submerged in dielectric fluid. The tool never touches the workpiece, so the process can generate
complex profiles, sharp inner corners, deep cavities and close tolerances in metals that resist conventional cutting, including
tool steels, nickel-base superalloys, carbides and advanced composites. These strengths explain its broad use in the aerospace,

automotive, die-and-mould and medical-device sectors.

During machining the tool and workpiece are held apart by a narrow gap filled with dielectric, kerosene in this work. A spark
is initiated once the gap voltage surpasses the breakdown strength of the dielectric. The resulting local heating is enough to
melt and vaporise a tiny portion of the workpiece, and the circulating dielectric then carries the debris away. Because the
outcome is governed largely by the pulse parameters, they must be chosen carefully if a high MRR is to be combined with an
acceptable surface finish.

A large body of work has applied Taguchi methods, RSM, GRA, TOPSIS, neural networks and evolutionary algorithms to
the optimization of EDM process parameters. In wire-cut EDM, Kumar et al. [1] tuned the parameters by grey-based
response surface methodology, Sharma et al. [2] used the Taguchi technique on EN-31 steel, Marelli et al. [3] surveyed
optimization studies on superalloys, Tiwari and Saif [4] applied Taguchi's approach to maximise MRR on aluminium alloy
6061, and Subramanian et al. [5] treated Al/SiO, composites with the Taguchi method. Among die-sinking studies, Purohit et
al. [6] employed GRA for M2 tool steel, while Selvarajan et al. [7] relied on Taguchi-based GRA to improve the form and
orientation tolerances of a SisN4—TiN ceramic composite. Mandaloi et al. [8] evaluated how a tungsten—thorium electrode
influences MRR, EWR and surface finish on AISI M2 steel. Multi-response optimization was carried out with fuzzy TOPSIS
by Dewangan et al. [9] and with TOPSIS by Bhuyan et al. [10]. Das et al. [11] coupled the Taguchi method with GRA for EN

31 steel; a confirmation test supported the optimum, and current was the significant factor.

Later studies have shifted toward multi-criteria decision making and data-driven models. A review by Pendokhare et al. [12]
covered over 130 Scopus-indexed papers from 2013-2022 and found that the Taguchi L9 array, medium- and high-carbon
steels, peak current with pulse-on time, and GRA were, respectively, the design, work materials, input variables and MCDM
tool used most often. Qasem and Alsakarneh [13] demonstrated that machine-learning models can predict EDM MRR and
surface roughness over several materials, with Gaussian process regression giving the best accuracy.
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Several gaps remain in the literature reviewed here. (i) Most EDM optimization work targets tool steels, superalloys and
composites; low-carbon steels like SAE 1015, which are common in dies, fixtures and prototypes, are seldom used as the
EDM workpiece. (i) Many Taguchi studies give only single-response optima even though MRR and Ra pull in opposite
directions and their best settings usually differ. (iif) Regression models are often presented without adjusted R2, predicted R?
or any independent validation, which leaves their predictive value uncertain. (iv) Experimental details and repeatability are
frequently too sparse for the results to be reproduced. For SAE 1015 steel, the present work responds to these gaps by (a)
analysing MRR and Ra through S/N ratios and ANOVA, (b) reporting regression diagnostics, including leave-one-out
validation, (c) settling the MRR—Ra conflict with a grey relational multi-objective analysis, and (d) recording the experimental
conditions.

Accordingly, this study aims to: (1) quantify how source voltage, discharge current, pulse-on time and pulse-off time affect
MRR and Ra; (2) rank the factors statistically; (3) build and validate a regression model for Ra; and (4) find a compromise
parameter setting that gives high MRR and low Ra together.

2. IMPORTANT PARAMETERS IN EDM

Pulse-on time (Ton) is how long current flows in each cycle and determines the energy delivered per spark. Pulse-off time
(Tof) is the pause between sparks, in which the dielectric de-ionises and debris is flushed out. Duty cycle is defined as v =
Ton/ (Ton + Tos). Peak current (1) is the highest current reached during a pulse and sets the discharge energy. Gap voltage (V)
is the potential difference across the electrode gap, whereas electrode diameter (D) fixes the geometry of the machined
feature. Overcut is the difference between cavity size and electrode size. Polarity, flushing, tool-lift time and electrode material
further influence efficiency and surface integrity.

Performance is judged by MRR, surface roughness, TWR and surface integrity. MRR, the volume removed per unit time,
reflects productivity. Roughness affects the service life and fatigue strength of the machined surface, and surface integrity
includes the recast layer, micro-cracks, residual stresses and metallurgical changes. MRR and Ra are the responses considered

in this study.

Discharges take place in the dielectric between tool and workpiece once a DC supply imposes a potential difference across
the gap. Reversing the polarity changes machining performance. With straight polarity the workpiece is attached to the
positive terminal, since about two-thirds of the heat is generated at the anode, which promotes a higher MRR.

SWITCHING
CIRCUIT
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1 1
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! ! MECHANISM
et
- |
I - - !
H i
! ! SHORTEST GAP
DC POWER! —— ! TOOL
BETWEEN SURFACE
SOURCE ; — | o —
: :
1 1 -
N I IONNED _,, N
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THERMAL ENERGY
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MEDIUM

Figure 1: Basic EDM circuit and the mechanism of material removal.
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Figure 1 shows the working principle. A DC source and a switching circuit produce controlled sparks across the gap; an
ionised channel forms and material is removed by thermal cratering.

Oscilloscope
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Control circuit
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Workpiece

Machine vice

Machining fluid
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Figure 2: EDM experimental setup (schematic).

The EDM system and its monitoring and control units are shown in Figure 2. A controller sets the pulse-on and pulse-off
durations, a current monitor records the discharge current, and an oscilloscope displays the pulse waveform. The tool
electrode stands perpendicular to the workpiece, which is clamped in a machine vice and immersed in dielectric. The
dielectric electrically insulates the gap, cools it and sweeps out the eroded particles. As the gap closes to a critical distance a
spark discharge occurs, locally melting and vaporising the workpiece, and the flowing dielectric removes the debris.

3. NEED FOR OPTIMIZATION IN EDM

Optimization secks the best result attainable with a given process. In machining it lowers cost and lead time and gives less
experienced operators a sound basis for choosing parameters. EDM has many interacting parameters and conflicting
responses, so trial and error is impractical. Experimental-design techniques such as the Taguchi approach and RSM cut down
the number of tests required. The Taguchi-based procedure followed here is outlined in Figure 3: parameter selection,
expetimental plan, S/N analysis, ANOVA, regression modelling and confirmation testing.
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Selection of input parameters
A: Voltage, B: Current, C: Pulse-on time, D: Pulse-off time
(3 levels each)

Selection of output responses
MRR: higher is better (HB)
Ra: smaller is better (SB)

[, |

Single-response optima conflict?

MRR and Ra optima differ -» multi-objective needed

Iq

Determine compromise parameter setting

Highest mean grey grade at each factor level

I

Figure 3: Taguchi-based optimization procedure for EDM.
4. EXPERIMENTAL PROCEDURE
4.1 Materials, machine and measurement

The workpiece material was SAE 1015 low-carbon steel (nominal composition 0.13-0.18% C, 0.30-0.60% Mn). Die-sinking
EDM used a graphite tool electrode in kerosene, with the workpiece on the positive terminal. Other machine and specimen
details are given below and need to be filled in from the laboratory records:
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4.2 Parameters and levels

Four parameters were studied at three levels each (Table 1). These levels are those used in the Minitab design matrix (Table
3), the S/N response table (Table 2) and every plot, and they teplace the different values (90/170/210 V, 5/15/46 A,
6.5/99/750 s, 12.6/55/420 ps) given in the previous version of Table 1.

Table 1: Process input parameters and their levels.

Input parameter Symbol Level 1 Level 2 Level 3

Source voltage (V) A 80 160 200
Discharge current (A) B 6 16 48
Pulse-on time, Toq (1) C 6.4 100 800
Pulse-off time, Tog (1us) D 12.8 50 400

4.3 Experimental design

A full factorial design with four three-level factors would require 34 = 81 runs, whereas a nine-run Taguchi L9 design lowers
this by roughly 89%. The L9 array has 8 degrees of freedom, exactly the 4 X 2 = 8 needed for the main effects; it is therefore
saturated and, with categorical factors, leaves nothing for error or interactions. For that reason the ANOVA in Section 6
treats the factors as continuous variables (1 degree of freedom each), leaving 4 degrees of freedom for the residual. The
resulting FF and p values hold only when the response is approximately linear in each factor across the tested range.

The run matrix actually carried out (Table 3) is not a perfectly balanced 1.9. Factor A occurs three times at every level, but the
levels of B, C and D occur 5/2/2, 3/2/4 and 4/2/3 times tespectively. The level means of B, C and D are consequently
partly confounded with other factors; level 2 of C (100 ps), for instance, appears only in runs 5 and 6, which also share A =
160 V and D = 12.8 ps. Conclusions about main effects need to be read with this limitation in mind.

Minitab 17 was used for the analysis. Each response was converted to an S/N ratio, using smaller-is-better for Ra and highet-
is-better for MRR, and significance was assessed at a = 0.05.

5. DATA REDUCTION
MRR was determined from the mass lost by the workpiece:
MRR = [(W; — W x 1000] / (o - © 1)

whete Wi and W are the initial and final workpiece masses (g), o is the density (g/cm?), t is the machining time (min), and
MRR is expressed in mm3/min. (Since 1 cm? = 1000 mm?3, MRR in mm?3/min cannot be equated to g/h, as was done in the

previous version.)

Surface roughness was expressed as the centre-line average Ra, i.e. the mean of the absolute deviations of the profile y(x)

from its mean line over the sampling length L:
Ra = (1/1) Jo" |y(9)| dx )

The S/N ratios were calculated for n observations y; as:

(S/N)ss = —10logio [ (1/n) X yi?] (smaller is better, Ra) 3)
(S/N)us = —10logio [ (1/n) X (1/y#) ] (higher is better, MRR) “)
434
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6. RESULTS AND DISCUSSION
Figure 4 presents the main effects of the four factors on mean MRR. MRR climbs as voltage goes from 80 V to 160 V and

6.1 Effect of the parameters on MRR
drops at 200 V. It rises sharply with discharge current across 6—48 A. For pulse-on time, MRR increases from 6.4 ps to 100 ps
and then declines at 800 ps; for pulse-off time it increases from 12.8 ps to 50 us and declines at 400 ps. A higher current and a
longer pulse raise the discharge energy, and hence the volume melted per spark, while very long pulses and long pulse-off
intervals, which lower the spark frequency, probably reduce the net removal rate. These mechanisms are suggested as

plausible explanations and were not tested separately.
Main Effects Plot for Means

Data Means
J AV) Eil} C(Ton) DiToff)
’-
=0 i
40 |
f "
| Iy
J I| !
= [ I|I 'I,"I
L f f LY /
i | | \ ~ /.\
20 \\. / \ ‘,/ \
I | / "':. ".III
1 u "I "I III I.l
i |/ III ll'
i "{ |I I'-
o . » .
160 200 ] 16 45 (2] 1000 =000 128 500 4000

Figure 4: Main effects of the factors on mean MRR.

The main effects plot of the S/N ratios (higher is better) for MRR is given in Figure 5. The S/N ratio peaks at 160 V (A2), 48

Main Effects Plot for SN ratios

A (B3), 100 ps (C2) and 50 ps (D2), so A2B3C2D2 is the combination favourable to MRR.
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Figure 5: S/N-ratio main effects for MRR (higher is better).

Figure 6 gives the relative influence of each factor on MRR as its share of the total of the four S/N ranges (delta values).
Current accounts for the largest share (33.33%), followed by pulse-on time (about 30%), voltage (19.53%) and pulse-off time
435
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(16.97%). This is a ranking from the S/N tresponse table, not an ANOVA percentage contribution. The eatlier statement that
"factor B is pulse-on time" was an etror: B is the discharge current and C is the pulse-on time.

34

32 4 N
30 -
28 —

26

MRR

24
22
20

18 4
16 - ?
. T T T

D

Factors

=
=}
o]

Figure 6: Relative influence of each factor on MRR (shate of S/N range).

The MRR data for the nine runs, the MRR S/N response table and the MRR ANOVA table are missing from the manuscript
and have to be added (the MRR column appears in Table 8). The ecarlier statement that "all p-values are above 5%, so
interaction effects do not contribute" is invalid, because p-values test main effects and no interaction was modelled. If every
main-effect p-value exceeds 0.05, the right conclusion is that no factor was statistically significant at « = 0.05 with 4 residual
degrees of freedom, which does not imply that the factors have no effect.

6.2 Effect of the parameters on surface roughness

The S/N tesponse table for Ra (smaller is better) is in Table 2 and the expetimental data are in Table 3. A larger S/N value
means lower roughness, so the best levels are 80 V (A1), 6 A (B1), 6.4 us (C1) and 400 us (D3). The S/N range is largest for
current (11.69 dB, rank 1), then pulse-on time (10.80 dB), pulse-off time (6.39 dB) and voltage (6.38 dB). The effect of
current is as expected, since higher current makes larger craters and a rougher surface. The apparent penalty at C = 100 us
rests on just two runs (5 and 6) that also have 160 V, 12.8 ps and a high current, so it is confounded with those factors
(Section 4.3).

Table 2: Response table for S/N ratios (dB) for Ra, smaller is better.

Level A V) B (I) C (Ton) D (Tor)
1 -9.070 ~8.183 ~8.096 ~13.875
2 ~15.448 ~14.044 ~18.891 —14.480
3 ~11.732 ~19.872 ~11.670 —8.096

Delta 6.378 11.689 10.795 6.385

Rank 4 1 2 3

Level means were recomputed from Table 3 and agree with the Minitab output.
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Table 3: Expetimental plan and results for Ra with S/N ratios.

Run A) B (A) C (us) D (us) Ra (um) S/N (dB)
1 80 6 6.4 400 2.62 —8.3660
2 80 6 800 12.8 2.87 -9.1576
3 80 16 6.4 400 3.05 —9.6860
4 160 6 800 12.8 2.68 —8.5627
5 160 16 100 12.8 8.32 —18.4025
6 160 48 100 12.8 9.31 —19.3790
7 200 6 6.4 400 2.05 —6.2351
8 200 6 800 50 2.69 —8.5950
9 200 48 800 50 10.43 —20.3657

6.3 ANOVA for surface roughness

The ANOVA for Ra is in Table 4. The regression as a whole is significant (F = 8.92, p = 0.028). Among the individual
factors only discharge current is significant (F = 15.74, p = 0.017), contributing 39.7% of the total variation; voltage (p =
0.727), pulse-on time (p = 0.258) and pulse-off time (p = 0.142) are not significant at « = 0.05. The eatlier claim that voltage
"has an influence on SR" based on p = 0.727 was incorrect. With only 4 residual degrees of freedom in the nine-run design,
test power is low, so non-significant factors, pulse-off time in particular, should be described as "not shown to be significant"

and not as having no effect.

Table 4: ANOVA for Ra (factors entered as continuous variables).

Source DF Adj SS Adj MS F p Contributi;:)(% of total
Regression 4 83.0899 20.7725 8.92 0.028 89.92
A (V) 1 0.3269 0.3269 0.14 0.727 0.35
B @ 1 36.6463 36.6463 15.74 0.017 39.66
C (Ton) 1 4.0427 4.0427 1.74 0.258 4.38
D (To) 1 7.7592 7.7592 3.33 0.142 8.40
Error 4 9.3116 2.3279 10.08
Total 8 92.4015 100.00

The "contribution" column in the previous Table 4 (18.09, 33.16, 30.62 and 18.11%) and in Figure 7 is not an ANOVA
contribution; it is each factot's shatre of the summed S/N ranges in Table 2 (for example 6.378/35.247 = 18.09%). Figure 7
retains it solely as a measure of relative S/N influence. The petcentages in the previous text (29.13, 37.66, 2.97 and 30.22%)
and in the Conclusions (33.14, 30.62 and 15.62%) agree with neither source and have been removed. The ANOVA
contributions are those in Table 4: current 39.7%, pulse-off time 8.4%, pulse-on time 4.4%, voltage 0.4%, and error 10.1%.
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Figure 7: Relative influence of each factor on Ra (share of the S/N ranges in Table 2; not ANOVA conttibutions).

6.4 Regression model, diagnostics and validation

Multiple linear regression of Ra on the four parameters gave Eq. (5):

Ra =3.99 + 0.0042 A + 0.1396 B — 0.00256 C — 0.00795 D

®)

Here A'isin V, B in A, and C and D in us. Table 5 summarises model quality: R? = 89.92% and adjusted R? = 79.85%
indicate that the model fits the nine observations well. The predicted R? from leave-one-out cross-validation (PRESS =

94.77), however, is —2.6%, meaning the model predicts a withheld run no better than the overall mean. Table 6 shows the

reason: the mean absolute percentage error increases from 17.6% (fit) to 42.8% (leave-one-out), and the two high-current

runs (6 and 9) are predicted especially badly when withheld. This is expected with nine runs and five estimated coefficients,

because each high-current run is influential (leverage up to 0.80). Until independent runs confirm it, Eq. (5) should be treated

as a descriptive trend model valid within the tested ranges and not as a predictive tool. The earlier claim of "predictive

regression models with cross-validations" has been withdrawn.

Table 5: Regression model summary for Ra.

Statistic Value
Residual standard error, S 1.526 pm
R2 89.92%
Adjusted R? 79.85%
Predicted R? (leave-one-out, PRESS = 94.77) —2.57%

Overall F-test (4, 4 DF)

F =892, p=0.028

Largest variance inflation factor (D)

2.31 (A 1.21; B 1.34; C 2.07)

Shapiro—Wilk test on residuals

W =0.942, p = 0.602
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Table 6: Observed, fitted and leave-one-out predicted Ra (um).

Run Observed Fitted Leave-f)n:e-out Leave-one-out error
prediction
1 2.62 1.97 1.48 1.14
2 2.87 3.02 3.24 -0.37
3 3.05 3.36 3.04 —0.59
4 2.68 3.35 3.67 -0.99
5 8.32 6.54 3.64 4.68
6 9.31 11.00 14.15 —4.84
7 2.05 2.47 3.40 -1.35
8 2.69 3.22 3.62 -0.93
9 10.43 9.09 3.80 6.63

Figure 8 is the normal probability plot of the residuals. The points fall close to a straight line and the Shapiro—Wilk test (p =
0.602) does not reject normality, although with only nine residuals this check has little power. The interaction plot of data
means is in Figure 9; since the design cannot separate interactions from main effects, it is descriptive only and no interaction
term was fitted. Surface plots of Ra against current and voltage are given in Figure 10 and show Ra increasing with current at

every voltage, in line with the significance of B in Table 4.

MNormal Probability Plot
(response is SF)

BoMag @ 8 B R

L]
Residual

Figure 8: Residual normal probability plot for Ra.
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Figure 9: Ra interaction plot based on data means.
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Figure 10: (a) Ra surface plot against current B and voltage A. (b) The same data with the voltage and current axes swapped.
6.5 Conflict between the single-response optima

The Taguchi S/N analysis yields different optimal settings for the two responses: A2B3C2D2 for MRR (Figute 5) and
A1B1C1D3 for Ra (Table 2). The previous version claimed that A2B3C2D2 also minimised Ra, at 5.04 um. Table 7 does not
support this: the regression model of Eq. (5) predicts about 10.7 um at A2B3C2D2, comparable to the roughest observed
runs, while the best observed Ra is 2.05 um (run 7).

Two other sets of values in the previous text (A = 1342V, B = 7.0 A, C = 374.8 us, D = 200.6 ps, and a 58.67 mm?/min
"optimum" attributed to A2B3C2D2) cannot be traced to the S/N analysis and are not used. The response optimizer in
Figure 11 gives a predicted MRR of 58.68 mm?/min, but at 200 V, 48 A, 6.4 us and 12.8 ps (the bounds of the linear model
for C and D), not at A2B3C2D2. The regression model predicts Ra = 11.4 um at these settings. Because a linear model
cannot reproduce the maximum in MRR with C and D seen in Figure 4, this predicted MRR should be treated with caution.
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Table 7: Candidate parameter settings and predicted Ra from Eq. (5).

Setting (A, B, C, D) Origin Predicted Ra (um) MRR
A1B1CID3 (80 V, 6 A, 6.4|Best S/N levels for Ra (Table 2); )
( ’ ’ est S/N levels for Ra (Table 2) 1.97 (run 1 observed: 2.62) [insert]
s, 400 us) equals run 1
Run 7 (200 V, 6 A, 6.4 us, 400
l;n ( PP DS Lowest observed Ra 2.47 (observed: 2.05) [insert]
us
A2B3C2D2 (160 V, 48 A, 100 | Best S/N levels for MRR (Fi
( , , est S/N levels for (Figutre 1071 linser]
us, 50 ps) 5)
A3B3C1D1 (200 V, 48 A, 6.4
( ’ ’ Response optimizer, Figure 11 11.41 58.68 (predicted)
s, 12.8 ps)
Optimal ANV BE Tan) 0Te
o 1ooo e, 00 A48.0 800.0 400.0
20 [48.0] [6.40] [128n
Predict Low
80.0 6.0 _ 6.40 1280
- ."-f .H""-H_R-
MRR
Maximum Fi
y = 586784 /
d = 1.0000 _;""
."'I;;

Figure 11: Response optimizet output for MRR (predicted maximum 58.68 mm?/min).
6.6 Multi-objective optimization by grey relational analysis

Rationale for the approach. MRR and Ra are conflicting objectives (Section 6.5), so no single run or single-response
optimum satisfies both and a multi-objective method is needed. GRA was chosen because (i) normalisation lets it handle
responses with different units and directions, (ii) it makes no assumption about the data distribution and works with very few
runs, and (iif) it is the MCDM tool most often paired with Taguchi arrays in EDM studies [11, 12]. NSGA-II or ANN-based
optimization would need a validated predictive model, which is unavailable here because the predicted R? of the Ra model is

negative (Section 6.4). TOPSIS or desirability functions are reasonable alternatives and could serve as a cross-check.

Procedure. The responses are normalised to the 0—1 range: x*\mr = (X — Xmin) / (Xmax — Xmin) for larger-is-better and x*r, =
(Xmax — X)/ (Xmax — Xmin) fot smaller-is-better. The deviation is A = 1 — x*, and the gtey relational coefficient is:

£= (Amin T {Amay) / (A + L Ana) =05/ (A+0.5) ©)

with the distinguishing coefficient { = 0.5, Amin = 0 and Amax = 1. The grey relational grade is y = w1 &urr + W2 &rq, with equal
weights wi = w2 = 0.5 as the base case. As the weights reflect engineering preference, a sensitivity check at 0.7/0.3 and
0.3/0.7 should be reported. The mean grade at each factor level is tabulated, the level with the highest mean grade is selected
for each factor, and ANOVA on the grade identifies the factors that are significant for the combined objective.

Surface plots of MRR against pairs of factors are shown in Figure 12. MRR rises with current and depends on voltage, pulse-
on time and pulse-off time in a curved, non-monotonic way.
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Surface Plot of MRR vs B(l), A(V)
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Figure 12 (a, b): Surface plots of MRR against (a) current B and voltage A, and (b) voltage A and current B.
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Figure 12 (c): MRR surface plot against pulse-off time D and pulse-on time C.

6.7 Confirmation experiments and comparison with the literature

A confirmation run at the compromise setting should be reported, giving the predicted and measured MRR and Ra, the

petrcentage error between them and the repeatability of the measurements.

The previous text compated the present MRR of 58.67 mm3/min with 54.93 mm?/min attributed to "Yang et al." (simulated

annealing), a difference of 6.37% relative to the present value. That reference is missing from the reference list, relates to a

different workpiece and machine, and does not validate the present results. If kept, it should be fully cited and presented only

as an indicative comparison of magnitudes.

7. CONCLUSIONS

This work examined how source voltage, discharge current, pulse-on time and pulse-off time affect MRR and Ra in die-

sinking EDM of SAE 1015 mild steel, using a nine-run Taguchi-based design. The main conclusions are:

1. Discharge cutrent is the most influental factor for both responses. It has the largest share of the S/N range for MRR
(33.33%), and for Ra it is the only significant factor (p = 0.017), explaining 39.7% of the total variation.

2. The best S/N levels for Ra are AIB1C1D3 (80 V, 6 A, 6.4 us, 400 ps), and the lowest obsetrved value was 2.05 pm (200 V,
6 A, 6.4 ps, 400 ps). For MRR they are A2B3C2D2 (160 V, 48 A, 100 ps, 50 ps). Because the two optima conflict, a multi-

objective approach (grey relational analysis) is required.

3. The linear regression model for Ra gives R? = 89.9% and adjusted R? = 79.9%, but its leave-one-out predicted R? is

—2.6%. It captures trends within the tested range but should not be used for prediction until confirmed by independent

experiments.

4. 'The response optimizer gives a maximum predicted MRR of 58.68 mm3/min at 200 V, 48 A, 6.4 us and 12.8 ps, where Ra

is predicted to be about 11 um.
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8. LIMITATIONS AND FUTURE SCOPE

RE
(1]

2]

[10]

(11]

[12]

N

The executed run matrix is not a balanced L9 array and few residual degrees of freedom remain (4); the experiments
should be repeated with a standard L9 or L.18 array and replicates so that pure error can be estimated.

Linear models cannot capture the optimum of MRR with respect to Ton and Tog; a quadratic (RSM) or machine-learning
model with an independent test set should be considered, followed by evolutionary multi-objective optimization (for
example NSGA-II).

Further responses such as tool wear rate, recast-layer thickness and surface morphology (SEM) should be included, and
additional workpiece materials and electrodes tested.
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