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ABSTRACT

A mathematical model based on surface roughness and material rate reduction response variables was used to
evaluate and predict die sinking electrical discharge machining (EDM) parameters like peak current and pulse
active and inactive states. In this study, we examined our model’s ANOVA using p and f tests on Inconel 800
to enhance process characteristics based on their response to the surface method. The ANOVA results show
that the maximum current value dominates MRR, followed by pulse active state and pulse inactive state. We
use the Composite Desirability (CD) function to obtain the most favourable characteristics. During
optimisation, the goal is to set upper and lower limits for MRR and surface roughness, respectively. The
determination of the most favourable configuration for process variables is 15 kA, 17 ps, and 24 ps for
maximum current, pulse active state, and pulse inactive state, respectively. At optimal parameters of highest
MRR of 0.1423 mm?*/min and lowest value for surface roughness is 1.8946 pm were predicted. Confirmation
experiments show that the anticipated values are very closely matched with the findings from experiments
with less than 5% error.
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1. INTRODUCTION

Despite its recent popularity, electrical discharge machining (EDM) is one of numerous non-traditional machining
processes. Prefer EDM because it produces stress-free parts, has a higher MRR with excellent dimensional
accuracy, is an economical process, and can easily machine tough conductive materials [1]. The EDM process
is readily available to machine intricate 3D complex shapes [2]. Moreover, modern industries are constantly
striving to machine complex profiles in difficult-to-cut or highly conductive materials such as ceramic, metal
matrix, and super alloys [3]. Nickel-based superalloy Inconel 800 is used in turbines, heat exchangers, furnaces,
and aerocomponents because it has great properties, such as being strong at high temperatures, not cracking when
exposed to chloride stress corrosion, and not rusting [4]. But the traditional machining of Inconel800 presents
challenges because of its inherent features, including limited work hardening, low heat transfer coefficient,
and high toughness [5]. The primary goal of machining strong alloys is to achieve maximum effectiveness and
improved surface treatment, all while maintaining reasonable manufacturing costs. This can be achieved with
high MRR, but doing so will result in a low surface finish [6]. As a result, several researchers have investigated
methods for identifying optimal process parameters by employing appropriate optimisation procedures.

They studied Inconel 718’s die sinking EDM machining characteristics with a copper electrode [7].
They discovered that maximum current had a significant impact on tool wear rate, surface roughness, and
MRR. Tool lift time and duty cycle were the least critical characteristics [8]. The response surface method
examined the impact of EDM parameters on Inconel 718. The peak current had a significant influence on
the MRR, with the pulse on time following closely behind [9]. Using an empirical mathematical model, the
researchers evaluated the impact of die sinking EDM. The researchers discovered that the timing of the pulse
and the magnitude of the peak current had an effect on the MRR [10]. Simultaneously, both the off and on time
pulses have an impact on the surface roughness, known as Ra. The application entails using AISI 420 stainless
steel in conjunction with a copper electrode inside a die-sink EDM apparatus. This study investigated MRR
and electrode wear in relation to pulse time, gap voltage, and pulse current. The influencing characteristics
were the ascending peak current, pulse on time, and gap voltage. Researchers investigated the EDM process
parameters on Inconel 718 and 625 [11]. The primary features influencing the MRR and electrode wear rate
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are pulse on time and current. It is important to note, however, that the peak current is the primary factor
contributing to MRR [12]. We employed the response surface approach optimisation technique to address
the machining constraints of powdered EDM on Inconel 800. Influences such as tool material, pulse on time,
discharge current, and powder particles. Factors such as pulse active time, tool material, and discharge current,
among others, have an impact on MRR [13].

The EDM machining We examine the performance of EDM machining on various Inconel materials,
such as 718 and 6. The researchers developed a comprehensive approach that incorporates an optimisation
path, a satisfaction function, the Taguchi technique, and a fuzzy interface system [14]. The researchers used the
response surface methodology to create a mathematical model of wire EDM performance on Inconel 625 [15].
We discovered that surface roughness altered the gap voltage and pulse on/off time. The investigation included
creating a through hole in Inconel 625 material. The study revealed that the surface roughness of cylindrical holes
exhibited an increase in response to the rise of the pulse on time [16]. The existing literature substantiates that
several researchers have conducted studies on process variables on Inconel and other materials. The influence
of process variables on Inconel 800 is still understudied [17]. As a result, the current investigation focuses on
machining Inconel 800 material using a decease-tumbling EDM. The objective is to analyse the performance
characteristics by changing process variables like peak or maximum current (I), pulse on time (Ton), and off
time (Toff). The measured responses include MRR and surface roughness (Ra) [18]. We have implemented
the Response Surface Methodology (RSM) optimisation method to define the ideal configuration of process
characters for EDM. This approach aims to effectively reduce surface roughness while simultaneously increasing
the MRR. We have devised a study using the Central Composite Design (CCD) methodology to achieve this
objective [19].

2. MATERIALS AND METHODS

The process of machining occurs on Inconel 800 by the ZNC EDM machine shown in Figure 1A to examine
how three distinct input inputs affect two outcome responses. The process utilizes an odourless, thermally
resistant die electric fluid, DEF 92, which has excellent properties. We recirculate the EDM fluid after
filtering the used oil. Each time, we complete the filtration process before recirculating the EDM fluid.
We ensured the appropriate setting by conducting pilot tests prior to the experiments. Figures 1B and
1C, respectively, illustrate the machining of Inconel and the schematic diagram that depicts the EDM’s
operational mechanism.

We select the super alloy Inconel 800 for conducting experiments, and Table 1 displays the chemical
structure of the selected substance. We select a brass alloy electrode material with face dimensions of 4 mm and
15 mm (b & 1). We used a surface planner to plan the electrode’s surface before machining it on a rectangular
flat plate.

Servo controdied feod
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FIXTUREF

Figure 1: (A) Die sinking EDM machine (B) Machining of Inconel 800 (C) Schematic diagram of working of EDM machine.

Table 1: Inconel 800 has the following chemical composition.

ELEMENTS C Si Cu Cr Mn Ni Fe Co Al Ti
Wt % 1.0 0.8 0.69 20.3 1.38 33 39.1 1.8 0.45 0.52
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Table 2: Variables representing the values of independent input limits.

CODED PARAMETERS
VALUES
MAXIMUM CURRENT PULSE ON TIME PULSE OFF TIME
(Amps) (Ton), pis (Toff), ps
-1 00 200 30
0 15 400 90
-1 18 600 150

2.1. Optimization technique

RSM is excellent for linking input factors to measured output responses [16—18]. Although there are various
techniques for optimization, many researchers have found success by using the RSM since it is one of the most
efficient methods. The variable Y that represents the answer is referred to as the dependent variable, while the
values of x , X, etc. are known as the separate variables. All these parameters may be used to define Equation 1
in RSM

Y=Y+e=F(x,x,..) (1)

The expected variable is I?, the result variable is Y, the error is €, the function that responds is F, and the
variables that are independent input parameters are x,, x,,... An Equation 2 first-order linear response model
describes MRR and Ra (surface roughness) in this study.

Y=Y+e=cpxtex +ox,+ex, 2)

Where, ¢, ¢, model coefficients to be calculated. First-order response model cannot demonstrate system
nonlinearity. Therefore, a second-order equation (Eq. 3) may represent a non-linear function. This is due to
the fact that the second order is able to accurately anticipate the responses.

Y=Yxe=cptox, +ox, Fox, T e xx, T e XX, T e, 0x, F e, XX, e, XX, e, 3)

The readings for ¢, ¢, etc. are derived from the data obtained via experimentation. To get the optimum
match with the quadric model, the Central Composite Design (CCD) might be used. Cube surface, 2, factorial
(k being the number of factors), star points or 2, axial points, and centre points make up CCD.

2.2. Process parameters and experimental design matrix

The independent input variables were selected as pulse on time (7 ), Pulse off time (T ) and maximum current
(A) and outcome variables were selected as MRR and R, The spemﬁed input characters are explained in Table 2.

Table 3 provides an overview of the experlmental design and the studies carefully developed using
CCD; the total trials carried out are twenty. Moreover, this research employs a complete quadratic model with
a 95% confidence interval (CI) to analyze the results. The p and f tests evaluated the significance of the model
terms. The ANOVA test determines whether models are acceptable. At each stage, we validate the model’s
appropriateness by deleting each inconsequential term one at a time using the backward elimination approach.

3. CHARACTERIZATIONS

3.1. ANOVA and percentage of contribution

ANOVA was used to test the relevance and interplay of different elements in responses such as surface roughness
and MRR. Tables 4 and 5, which focus on surface roughness and MRR, summarise the findings of the ANOVA.
Also, conducted significance tests on each unique term using ANOVA. We resolved the terms of consequence at
a 95% level, defined as p less than 0.05. The percentage contribution as one of the criteria to determine which
parameter has a dominant effect on the chosen answer. You can use Equation 4 to determine a contributor’s
percentage share of the total.
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Table 3: Experimental design matrix.

TRIAL NUMBER INPUT PARAMETERS
PEAK CURRENT (A) PULSE ON TIME (ps) PULSE OFF TIME (ps)
1 7 15 30
2 21 25 30
3 21 15 50
4 7 25 50
5 14 20 40
6 14 20 40
7 21 15 30
8 25 30
9 15 50
10 21 25 50
11 14 20 40
12 14 20 40
13 3 20 40
14 25 20 40
15 14 12 40
16 14 28 40
17 14 20 24
18 14 20 56
19 14 20 40
20 14 20 40

o Adjacent sum of squares of individual parameter
Percentage of contribution = - x 100 4)
Total sum of adjacent sum of squares

3.2. Surface roughness

For any machined product, the quality of finishing is characterised by accurate dimensions and surface pol-
ish. Moreover, irregularities in surfaces have the potential to diminish an object’s value. Therefore, precise
inspection must assist in assessing the surface roughness of the finished item. Several methods are available
for investigating and predicting the surface roughness of machined products. The following is a list of some of
the methods available: (i) Experimental investigation; (ii) Artificial Neural Networks (ANN); (iii) machining
theory-based analytical models; (iv) based on DoE [ 20-22]. The current study employs an experimental design
to investigate surface roughness.

Generally, we can quantify surface roughness using three parameters: Rmax, Rt, and Ra. We adopt the
surface roughness of average profiles (Ra) values in this work, as industries typically prefer Ra during controlled
production processes. Figure 2 presents the schematic measurement of Ra. Equation 5 presents the general equa-
tion for the calculation of average surface roughness [23]. We considered the surface roughness tester model
SJ210 when determining the abrasiveness of the surface. The length cut-off of the tester is 0.79 millimetres, the
stroke length of the stylus was 4 millimetres, and the speed of the stylus was 0.26 millimetres per second. Three
trials are taken for each trial, and the average of the values is given in Table 4.

1 n
Ra = ;zwl |ZI| (5)

Where, n = data points taken in numbers; Z, = Deviation of profile from mean line.

3.3. MRR - Material Removal Rate

During machining the calculated loss of work piece material in mm? /min is known as MRR. Equation 6 is the
formula to calculate MRR.The Inconel 800 work piece material is measured before machining and after machin-
ing using digital electronics balance machine.
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Figure 2: Schematic representation of surface roughness of average profiles (Ra).

W, -W,
MRR= —2—/L (6)
pw/p t

Where,

w,= Workpiece weight previous to machining in grams; ¥, = Final workpiece weight next to machining in
grams; p, = Workpiece density in kg/m?; t = time of machining in seconds.

4. RESULTS AND DISCUSSION

4.1. Surface roughness

Table 4 describes the measured actual roughness records for all trials. Table 5 results from the ANOVA
conducted on surface roughness, the maximum current is not significantly (p > 0.05), although the other
model variables are significant. The fact that F’s value is 2.46, less than the tabulated F value of 8.89, indicates
that the fit inadequacy is also inconsequential. Therefore, the second-order model is adequate, also conducted
the significance test for the response’s surface roughness. Table 5 presents the results of an ANOVA on
a simplified model that incorporates backward elimination for surface roughness. It is noticed that in the
linear model except peak current, the remaining two independent variables, Ton and Toff are significant.
Simultaneously, the square value of I * I demonstrates significance, while the remaining square terms prove
insignificant, leading to their removal from Table 4. Similarly, in two-way interactions I x Toff, I x Ton and
Ton x Toff are significant.

Model summary below Table 5 shows the results of S, R-Sq, and R-Sq (adj), R-Sq is one of the statisti-
cal measures utilised in order to locate the positive connection between the different independent variables and
responses. Generally, a higher R-sq value indicates a higher fit between the actual data and the model. According
to this research’s executive summary of the model for MRR indications, we see that the value of R-Sq (94.68%)
is very close to unity. This indicates that the model accurately reflects the results of the experiments. Further-
more, adding a variable can improve the R-sq results of any given model. Therefore, only relying on R-sq data
is not sufficient to identify the ideal regression model. Therefore, we also take into account the R-sq (adj) value
to mitigate uncertainty, as the inclusion of redundant terms in the model reduces the R-sq (adj) amount18].
R2(adj) value for surface roughness is 91.23%, or 0.9123 (closer to unity). This confirms that the model in Table
5 maintains a fairly satisfactory relationship between the observed values and those projected.

Moreover, from Table 5 in the linear model, the most significant independent parameter is Ton which
contributes a maximum of 40%. The second significant parameter is Toff which contributes a percentage of 4%,
and the least significant parameter is 0.01%. Therefore, we confirm that peak current bears minimal responsibil-
ity for surface roughness. However, we assume that peak current, which is 5.34% in square terms, is the most
significant parameter. Also, with interaction terms, the percentages of contribution of I x Toff, I x Ton and Ton x
Toff are 13.3, 3.75, and 4.9, respectively. The first plot in Figure 3 displays the normal probability chart, and the
residuals align with the normal line.
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Table 4: Actual surface roughness data.

TRIAL NO SURFACE ROUGHNESS, Ra (Actual)
1. 1.48
2. 2.98
3. 2.15
4. 2.75
5. 23
6. 2.47
7. 2.1
8. 2.35
9. 2.89
10. 2.95
I1. 2.5
12. 2.58
13. 2.92
14. 2.98
15. 2.01
16. 2.99
17. 2.45
18. 2.78
19. 2.68
20. 2.57

Table 5: The analysis of variance for the roughness of the surface.

SOURCE DF ADJ SS ADJ Ms | F-VALUE | P- VALUE | PERCENTAGE OF
CONTRIBUTION
Model 9 2.84678 0.31631 19.78 0.000
Blocks 2 0.34830 0.17415 10.89 0.003
Linear 3 1.67604 0.55868 34.94 0.000
I 1 0.04896 0.04896 3.06 0.111 0.01
Ton 1 1.20621 1.20621 75.43 0.000 40
Toff 1 0.42087 0.42087 26.32 0.000 04
Square 1 0.16060 0.16060 10.04 0.010
I*1 1 0.16060 0.16060 10.04 0.010 5.34
2 — way Interaction 3 0.66184 0.22061 13.80 0.001
I*Ton 1 0.11281 0.11281 7.06 0.024 3.75
I*Toff 1 0.40051 0.40051 25.05 0.001 13.3
Ton*Toff 1 0.14851 .014854 9.29 0.012 49
Error 10 0.15990 0.01599
Lack of fit 7 0.13620 0.01946 2.46 0.246
Pure Error 3 0.02370 0.00790
Total 19 3.00668

Model summary S = 0.126453; R-sq = 94.68%; R-sq(adj) = 91.23%; F (Tabulated) = 8.89.
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Figure 3: Residual plots for surface roughness.
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Figure 4: Graphs showing the main impacts of surface roughness.
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Main impacts and interactions Figures 4 and 5 provide an explanation for the Ra graph. Figures 4 and 5
demonstrate a decrease in Ra until it reaches the 14 kA peak current value, after which it begins to rise. The rise
in welding current leads to the melting of more materials, potentially causing debris to adhere to the polished
surface. Figure 4 reveals that pulse on/off time increases surface roughness.

Increased pulse off time increased surface roughness, but constant pulse on time at 20 ps from Ton x Toff
decreased Ra. Surface roughness positively correlates with pulse on/off time. Figure 5 explains that among all
three parameters, pulse on and off time are effective constraints because a minute change in these parameters
resulted in large variation in surface roughness.

Figure 6 illustrates the non-linearity of surface roughness with the highest pulse in terms of time and
current. The plot of the pulse inactive time versus the peak current is presented in Figure 6. As peak current
increases and pulse off time stays below 20 ps, surface roughness increases steadily with little variance. The
graph of pulse off against time demonstrates a linear relationship with surface roughness.

4.1.1. Mathematical quadratic model for surface roughness

For surface roughness response, Equation 7 shows the quadratic model in encoded units. Figure 7 presents the
predicted Ra and notes that the average error percentage between the predicted and actual values is 4. Thus, the
average error percentage is less than 5 percent. The mathematical model developed and presented in Equation 7
is satisfactory.

Ra (Predicted) = 2.159 +0.0059 1 +0.1217 T, +0.1170 T, + 0.002240 I> + 0.00339 I*T
~0.003196 I*T _ —0.002725 T, , T, )

4.2. MRR

Table 6 displays the actual measured MRR. The MRR ANOVA result in Table 7 shows that the pulse off time
(T, is insignificant (p > 0.05) and the remaining model terms are significant. We also note that the insufficient
fit has minimal impact. Therefore, the second order type is considered adequate. In this study, the MRR model
summary reveals R-Sq (99.07%) is close to unity. This demonstrates the model matches experimental data
correctly. The MRR summary reveals that R-sq (adj) is 98.53%, which is near unity, confirming that the model
correlates observed and projected values well. The F value for lack of fit in Table 7 is 1.19, which is lower than
the F tabulated value (8.845) with 95% confidence. This clearly indicates the model’s satisfaction and its recom-
mendation for advanced processing.

The percentage contribution values show that the peak current, with a value of 56.9%, is the highest
among all parameter combinations, including linear, square, and two-way interactions. Consequently, we iden-
tify the maximum current as the most crucial factor. In the linear model, the next significant parameter is T
with 0.18%, and the very least significant parameter in the linear model is T ; with 0.13%. The square model is

= Ra Actual A Ra predicted

35
3 /F e \\
\ T \ \\\\ J NN
\| AT /s St
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MRR , cubic mm per min
N
1
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Figure 7: Regression graph for actual and predicted surface roughness.
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Table 6: Actual MRR data.

TRIAL | MATERIAL REMOVAL RATE,
NO mm?® / min (ACTUAL)
1. 0.05
2. 0.203
3. 0.14
4. 0.082
S. 0.173
6. 0.185
7. 0.13
8. 0.09
9. 0.075
10. 0.21
11. 0.177
12. 0.171
13. 0.034
14. 0.198
15. 0.073
16. 0.152
17. 0.167
18. 0.169
19. 0.182
20. 0.175

Table 7: Analysis of variance for MRR.

SOURCE DF ADJ SS ADJ Ms F-VALUE | P-VALUE | PERCENTAGE OF
CONTRIBUTION
Model 7 0.055806 0.007972 182.96 0.000
Linear 3 0.039797 0.013266 304.43 0.000
I 1 0.032060 0.032060 735.74 0.000 56.9
Ton 1 0.007632 0.007632 175.15 0.000 13.5
Toff 1 0.000104 0.000104 2.39 0.148 0.18
Square 3 0.014858 0.007953 113.65 0.000
I*1 1 0.007525 0.007525 172.69 0.000 13.3
2 — way Interaction 1 0.001152 0.001152 26.44 0.000
I*Ton 1 0.001152 0.001152 26.44 0.000 2.045
Error 12 0.000523 0.000044
Lack of fit 9 0.000408 0.000045 1.19 0.495
Pure Error 3 0.000115 0.000038
Total 19 0.056329

Model summary S = 0.0066012; R-sq = 99.07%; R-sq(adj) = 98.53%; R-sq(pred) = 97.23%; F (8.3) (Tabulated) = 8.81.
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obtained by squaring the parameter Once again, when the parameters are squared, the peak current contributes
13.3%, which is higher than the previous squared values. rs. However, we observe a significant decrease in the
peak current contribution percentage in both the linear (57%) and squared models (13.3%). The remaining two
parameters of the squared model do not exhibit significant differences between the linear and squared models.
The interactions of two levels are observed with pulse on time (T, ) and peak current (I) as 2.045.

Figure 8’s normal probability plot showed dispersed residuals fitting on the normal line. The plot of
residual versus fit (Figure 8) confirms that the residual values are distributed over the graph and no clear pattern
has been found. This shows data has been collected with no error.

Figure 9 shows Inconel 800’s primary effect plot for MRR. Up to 14 kA, the peak current and MRR have
a similar relationship; after that, MRR starts decreasing as welding current increases. We attribute the decrease
in MRR at higher welding currents beyond the limit to the accumulation of excess melting materials between the
study piece and tool. We also observed a similar result (Figure 9) when we plotted the pulse on time against the
peak current versus MRR. As associated with maximum current and pulse on / off time, it shows a very small
impact on the MRR of Inconel 800, as seen in the in the third plot in Figure 9. The failure to properly flush the
machining zone and remove the debris could be the reason for this.

The contour plot displays the various machining parameters against MRR. Figure 10. From I versus T
plot in Figure 10, increasing the maximum current and T results in higher MRR. As seen in T . and I graph
from Figure 10, holding the welding current and increasing the level of T . value, MRR is also increasing
with a negligible difference. This shows that pulse-off time has a very small influence on MRR compared to
other parameters. Similarly, from T  versus T . graph shown in Figure 8, increasing the T value MRR is also
increasing, but T ; contribution is very low, which is beyond the 20 us pulse on time. This again confirmed
that Toff is producing the very least impact on Inconel 800’s MRR. The observations have been recorded and
displayed in surface plots of MRR for various combinations of input parameters (Figure 10) at holding values
of [=14 kA, T =20 pusand T ;= 40ps.

Residual Plots for MRR
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Figure 8: Residual plots for MRR of Inconel 800.
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Figure 10: Contour plots of MRR for various combinations of input parameters.

4.2.1. Mathematical quadratic model of coded value for MRR of Inconel 800

MRR (Predicted) = —-0.4999 + 0.01379 1 + 0.04028 Ton + 0.00378 Toff — 0.000487 I*I - 0.001007
Ton*Ton — 0.000044 Toff*Toff + 0.000343 I*Ton @)

Equation 7 displays the quadratic Inconel 800 MRR model. The quadratic model from Eq. 7 demon-
strates that pulse on/off time and peak current have a positive effect on MRR. That is, as the value of individual
parameters increases, MRR also rises. The reason for this increase in current (I) is due to the increasing devel-
opment of a localized temperature, which leads to the melting of more materials and instantaneous vaporization.
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Figure 11: Regression graph for MRR predicted and actual.

The largest element in MRR is the peak current, which is closely followed by the pulse on/off time. Thus, the
heat impact of the workpiece material raises the MRR with characteristic times, allowing the peak current to
form an effective plasma zone, which in turn melts and vaporizes more materials. Figure 11 illustrates real MRR
and regression equation predictions. We observe an average error percentage of 4.94 with the predicted values,
indicating that the given regression equation for predicting MRR is satisfactory.

4.3. Multiple response surface optimizer

Parametric optimization seeks the optimal parameters for production, productivity, and quality [19]. This
research implemented one of the conventional optimisation techniques, RSO (Response Surface Optimizer),
to find the optimal parameter. Researchers widely use the desirability function method to achieve the optimal
parameter [21]. The desirability function method calculates the individual variable input, Vi, from the corre-
sponding response transformation (RT). Equation 8 provides the equation for the desirability function in the
ideal case, assigning a value of zero for the worst case.

1’ Ri - min
d(R)= (?:II:W‘"] R, <R <R ;r >0, ®)
0, R <R

We refer to the input variables in the composite desirability function as Ti (Target Value). The upper
value of the response is referred to as Rmax, and the lower value is referred to as Rmin. The problem allows
us to set the desirability composite function of responses to one of three options: (i) maximise, (ii) minimise,
and (iii) target. In this investigation, the two responses are surface roughness and selecting MRR optimises
process limits. minimise Ra and maximise MRR. Minitab-18 software has been utilised to adopt the multi
response optimisation of machining Inconel 800 using die sinking EDM. We set the target values of minimum
and maximum surface roughness as 1.48 to 2.99 Ra. Similarly, we set the MRR at 0.034 and 0.21, respectively.
As previously discussed, we aligned the surface roughness to minimise the target value, while we aligned the
MRR to maximise the target value. Figure 12 displays the results of multiple response optimisation. The top
of the row displays the EDM parameters, while the left column displays composite desirability, Ra, and MRR,
starting from composite desirability.

Each cell in Figure 12 shows the effect of individual parameters against composite desirability, Ra, and
MRR. When other parameters remain constant, the disparity against individual parameters becomes clearly vis-
ible. The top row displays the current value of the selected variable input parameters, ranging from high tFactor
settings will interactively modify the current configuration. tings. Each row at the extreme left of the column
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Figure 12: Response surface optimizer results for Ra and MRR.

Table 8: Validation of experimental and prediction values.

OPTIMAL PARAMETER MRR (mm?*/min) RA (um)
PEAK PULSE ON | PULSE OFF | ACTUAL | PREDICTED | ACTUAL | PREDICTED
CURRENT (A) | TIME (us) TIME (us)
15 17 24 0.1487 0.1423 1.8145 1.8946

displays the individual desirability scores and the predicted response value based on the current parameter set-
tings. The current settings for individual constraints for peak current and pulse on/off time are 14.57 kA, 17.11
ps and 23.67 ps respectively. Also, at the current parameter settings, the predicted results of Ra and MRR are
1.8946 and 0.1423, respectively. The corresponding desirability factors for individual responses are 0.72546 and
0.61545, respectively. Moreover, after optimisation, we identify the composite desirability for optimised values
as 0.6681.

4.6. Confirmation experiments

Generally, the purpose was to confirm the reaction and correctness of mathematical models through experi-
ments. We conducted three tests to confirm the correctness of the response surface model. Table 8 shows the
experimental and expected optimized parameter values versus MRR and Ra responses. Thus, with less than 5%
error, the projected values match the experimental values.

5. CONCLUSIONS

* ANOVA analysis reveals that pulse on/off time has a significant impact on Ra (surface roughness), with pulse
active time contributing more and peak current having the least impact. The peak current contribution to
MRR response is highest by Ton and lowest by Toff.

* You can construct an empirical model that demonstrates the link between changeable input parameters and
desirable die sinking EDM process responses using a second-order equation. With an error rate of less than
5%, the projected values are near the experimental values.
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* The main effects figure shows that increasing pulse duration leads to increased surface roughness and MRR.
The pulse on time raises MRR up to 20 ps, then decreases while surface roughness rises. Peak current, like
pulse on time, affects MRR. Surface roughness decreases at the onset of increasing current and rises at greater
peak current due to debris adherence at the machining surface. Additionally, pulse off time increases surface
roughness, although it has no effect on MRR.

* The best process parameters are 15 A, 17 ps, and 24 ps for peak current, pulse on/off time. The ideal settings
indicate a maximum MRR of 0.1423 mm?/min and a minimum Ra of 1.8946 pum. Confirmation trials indicate
that projected values are close to experimental values. Therefore, RSM is an effective method, and the model
produced can predict MRR and surface roughness.
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