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Abstract
Wire electrical discharge machining (WEDM) is a special form of electrical discharge machining that uses a small diameter 
wire as the electrode to cut a narrow kerf in the workpiece. Although it is a simple concept, the performance of the pro-
cess is highly dependent on the operating parameters. The aim of this work is to optimize WEDM operating parameters 
with the objective of achieving a maximum material removal rate (MRR) and minimum surface roughness (SR) for an AISI 
304 stainless steel workpiece. This work compares the performance of response surface methodology (RSM) and artificial 
neural network (ANN) based on the coefficient of determination, root mean square error, and absolute average deviation 
calculations. This is followed by implementing the fuzzy logic technique to get the optimal operating parameters. The 
results show that using both the RSM and ANN is more adequate and reliable in predicting the MRR and SR. In addi-
tion, it is shown that by increasing the peak current, the pulse on time, and by decreasing pulse off time, the resulting 
workpiece surface is rougher despite achieving a higher material removal rate. It is concluded that the optimal process 
parameters combination that achieves the maximum MRR and minimum SR is 25 µs pulse on time, 5 µs pulse off time, 
and 6 A peak current.

Keywords Wire electrical discharge machining · Material removal rate · Surface roughness · Response surface 
methodology · Artificial neural network · Fuzzy logic technique

1 Introduction

Wire Electrical Discharge Machining (WEDM) is a thermal 
non-traditional machining process. The electrical energy 
is used to generate an electrical spark of high thermal 
energy, which mainly helps in material removal. A series 
of discrete discharges occur between the wire and the 
workpiece in the presence of dielectric fluid. Hence, the 
workpiece surface is melted and removed due to the 
extremely high temperature occurs in the area where 
discharge takes place. The removed particles are flushed 
away by the flowing of the dielectric fluids. Of all the non-
traditional machining processes, none has gained greater 

industry-wide acceptance than WEDM. It is mainly used to 
machine hard to be machined materials with very complex 
geometries [1].

Stainless steel materials have been applied in many 
modern industrial applications due to their outstanding 
characteristics such as high coefficient of work-hardening, 
high toughness, and low temperature conductivity, with 
anticorrosive, anti-oxidizing, and shiny surface features. 
Although all of these features, stainless steel is considered 
as hard to be machined material, which causes serious tool 
wear and a rough surface [2].

Many studies have been performed on the WEDM pro-
cess. T. Ebisu, et al., simulated the debris movements and 
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flow fields during corner shape cutting. Also, a structural 
analysis of wire deflection due to hydrodynamic force was 
illustrated. The results showed that at the corner the pres-
sure and flow fields around the wire changed significantly. 
Furthermore, debris stagnation decreased temporarily at 
the area behind the wire just after the corner. Addition-
ally, the wire deflection with the corner shape error was 
experimentally measured and compared to the analytical 
result [3]. Habib and Okada investigated the movement 
of the tungsten wire electrode by using the high-speed 
camera. The results showed that the machined kerf width 
and the wire electrode vibration amplitude decreased with 
the wire tension. Additionally, the amplitude perpendic-
ular to the machining direction was a little smaller than 
that in the parallel one. Also, the wire vibration mode was 
analyzed depending on determining the optimal work-
piece position, which led to smaller wire amplitude [4]. 
Okada et al. studied experimentally the effect of nozzle 
jet flushing on wire breakage. Furthermore, a numerical 
analysis was performed relating to the wire deflections, 
hydrodynamic stress distributions acting on the wire, flow 
fields, and debris residence time in the kerf. The experi-
ments illustrated that wire breakage occurred at shorter 
kerf length. Relating to numerical analysis, the wire deflec-
tion due to jet flushing became larger and the debris easily 
accumulated in the gap at short kerf length, which caused 
higher wire breakage [5]. Durairaj et al. implemented the 
grey relational theory and Taguchi optimization tech-
nique for cutting parameters optimization to attain the 
minimum kerf width and the best surface quality. The per-
formed analysis of variance resulted that the pulse on-time 
has a major influence on the surface roughness and kerf 
width [6]. Lingadurai et al. used the design of experiments 
approach to predict the optimal combination of param-
eters to achieve the best metal removal rate, kerf width, 
and surface roughness. The resulted analysis revealed that 
the pulse on-time significantly affected the kerf width and 
the wire feed rate affected the surface roughness, while 
the input voltage mainly affected the material removal 
rate [7]. Ramakrishnan and Karunamoorthy proposed 
a multi response optimization method using Taguchi’s 
robust design approach. An experimental confirmation 
was carried out to identify the effectiveness of this pro-
posed method and a good improvement was obtained [8].

The aim of this work is to optimize the most influenced 
machining parameters, namely; pulse on time (Ton), pulse 
off time (Toff ), and peak current (I), while cutting AISI 304 
stainless steel by WEDM process. Additionally, studying the 
effect of each parameter on the resultant material removal 
rate (MRR) and surface roughness (SR) is performed. 
Response surface methodology (RSM) is implemented as 
it has been the most preferred statistical tool for optimiz-
ing. On the other hand, an artificial neural network (ANN) 

has been one of the most effective tools used for empirical 
modeling and optimization, especially for nonlinear equa-
tions. Thus, this study uses both RSM and ANN in optimiz-
ing to compare their performance. Additionally, the fuzzy 
logic technique is implemented to get the optimal process 
parameters combination to optimize the process, based 
on combining both the material removal rate and the sur-
face roughness together as one variable.

2  Experimental design

In order to assess the impact of the most important three 
process parameters on two responses, a large number of 
experiments need to be conducted. However, by imple-
menting the experimental design based on the RSM, the 
number of experiments is reduced to a large extent and 
both effects of factors and their possible interactions can 
be analyzed. Equation 1 represents the quantitative form 
of the relationship between the desired response and the 
independent input parameter in RSM [9].

where the response parameter or output y depends on 
the controllable parameters or inputs x1, x2,…, xk, f is the 
response function or response surface, and ε represents 
the statistical error. Equation 2 represents the true relation-
ship between y and the independent parameters, which 
is generally approximated by the lower order polynomial 
model.

where β’s are the unknown constants estimated by using 
regression analysis based on the statistical model [10].

As each process parameter is considered at three lev-
els in this research as shown in Table 1, a face centered 
central composite design (FCCCD) is desirable to conduct 
the experiments, which is created from central compos-
ite design (CCD) by setting the axial distance α equal to 
one. The FCCCD is generated using MINITAB software. A 
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Table 1  Considered process parameters and their levels

Process parameter name Process 
parameter 
symbol

Levels

Low Medium High

Pulse on time Ton (µs) 25 35 45
Pulse off time Toff (µs) 5 10 15
Peak current I (A) 1 3 6
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total number of twenty experiments are carried out, where 
eight full factorial points with all combinations of param-
eters at two levels, six axial points at the face correspond-
ing to α value of one and six central points are generated 
as illustrated in Table 2.

3  Experimental setup

Figure  1 shows the used Kingred CNC wire cut EDM 
machine, found in the non-traditional machining labora-
tory, Faculty of Engineering – Mansoura University – Egypt. 
Molybdenum wire with a diameter of 0.18 mm is used as 
an electrode. Workpieces of AISI 304 stainless steel with 
5 mm thickness are used while performing the experimen-
tal work. Figure 2a illustrates the cutting path performed 
during each experiment (Table 2). Machining time is meas-
ured during machining to calculate the MRR according to 
Eqs. 3, 4 and 5.

where kw is the kerf width, t is the workpiece thick-
ness, and vc is the cutting velocity. The kerf width can be 

(3)MRR = kw × t × vc

(4)kw = wd + (2 × offset)

(5)vc = machining length∕machining time

Table 2  Experimental design 
matrix using FCCCD

Experiment 
number

Ton (µs) Toff (µs) I (A) MRR  (mm3/min) SR (µm Ra) N(MRR) N(SR) MPCI

1 25 5 1 10.748 2.472 0.545 0.783 0.640
2 45 5 1 15.519 3.514 0.974 0.220 0.594
3 25 15 1 4.689 2.072 0.000 1.000 0.500
4 45 15 1 11.421 2.741 0.605 0.638 0.587
5 25 5 6 15.450 2.788 0.967 0.612 0.734
6 45 5 6 15.812 3.920 1.000 0.000 0.500
7 25 15 6 14.011 2.517 0.838 0.759 0.685
8 45 15 6 15.519 3.383 0.974 0.291 0.621
9 25 10 3 11.459 2.541 0.609 0.746 0.631
10 45 10 3 15.519 3.344 0.974 0.312 0.629
11 35 5 3 15.313 3.141 0.955 0.422 0.659
12 35 15 3 13.571 2.873 0.799 0.567 0.648
13 35 10 1 10.781 2.818 0.548 0.597 0.561
14 35 10 6 15.519 3.239 0.974 0.369 0.652
15 35 10 3 14.050 2.923 0.842 0.540 0.664
16 35 10 3 14.031 2.983 0.840 0.507 0.662
17 35 10 3 14.013 2.941 0.838 0.530 0.662
18 35 10 3 14.045 2.992 0.841 0.502 0.662
19 35 10 3 14.027 2.969 0.839 0.515 0.662
20 35 10 3 14.015 2.965 0.838 0.517 0.661

Fig. 1  Kingred CNC wire cut EDM machine
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estimated by adding wire diameter wd to double of offset 
as illustrated in Fig. 2b. After performing all the experi-
ments, the surface roughness is measured using a port-
able surftest SJ-210 series device, found in the Faculty of 
Dentistry – Mansoura University – Egypt. Table 2 shows 
the resultant MRR and the average of SR measurements 
per each experiment. 

4  Result and discussion

4.1  Response surface methodology modeling 
results

MINITAB software is used during the RSM modeling. Equa-
tions 6 and 7 represent the predicted response equations 
for MRR and SR respectively. Figure 3 illustrates a statis-
tical evaluation of the MRR and SR, which confirm the 

equation’s accuracy and good fitness between the experi-
mental and predicted results.

4.2  Artificial neural networks modeling results

In this study, a multilayer feed-forward artificial neural net-
work (ANN) is trained [9]. Figure 4 illustrates the used ANN 
pattern, which consists of an input layer of three neutrons 
representing Ton, Toff and I, one hidden layer of 10 neu-
rons, and an output layer of two neutrons representing 

(6)

MRR = −0.86 + 0.672Ton − 1.115Toff + 3.422I

− 0.00586Ton × Ton + 0.01466Toff × Toff − 0.2314I × I

+ 0.00777Ton × Toff − 0.04835Ton × I + 0.08162Toff × I

(7)

SR = 0.453 + 0.1021Ton + 0.0010Toff + 0.0323I

− 0.000660Ton × Ton − 0.00006Toff × Toff − 0.00411I × I

− 0.001594Ton × Toff + 0.001519Ton × I + 0.00326Toff × I

Fig. 2  a The performed cutting 
path; b kerf width illustration
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Fig. 3  Statistical evaluation of a MRR and b SR
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MRR and SR. All the ANN calculations are performed 
using Neural Network Toolbox of MATLAB software. Fig-
ure 3 illustrates a statistical evaluation of the MRR and SR 
obtained by ANN, which shows good fitness between the 
experimental and predicted results of MRR and SR.

4.3  Comparison of the performance of RSM 
and ANN modeling

The performance of RSM and ANN modeling are compared 
by calculating the coefficients of determination (R2), root 
mean square error (RMSE) and absolute average deviation 
(AAD) for the MRR and SR, using Eqs. 8, 9 and 10 respec-
tively [11].

where n is the number of experiments, yi is the predicted 
value obtained from the ANN, yai is the actual value, and 
ym is the average of the actual values. Table 3 presents the 
resultant R2, RMSE, and AAD for both models. Although, 
both RSM and ANN models achieve higher quality pre-
dictions, however, higher values of  R2 with lower values 
of RMSE and AAD showed that the RSM model can effec-
tively predict the SR with higher estimation capabilities 
compared to ANN. On the contrary, the ANN model can 
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effectively predict the MRR with higher estimation capa-
bilities compared to RSM. The results show that using 
both the RSM and ANN is more adequate and reliable in 
predicting the MRR and SR. However, modeling by ANN 
using MATLAB software requires more experience to per-
form many training trails to achieve the most accurate pre-
diction. While, modeling by RSM using MINITAB software 
can display prediction equations easily, so no experience 
is needed to predict the results under given conditions 
such as in the case of ANN modeling.

4.4  Analysis of variance and response graphs

Tables 4 shows the analysis of variance (ANOVA) for the 
MRR and SR performed using MINITAB software. For the 
MRR and SR, it can be seen that all the independent vari-
ables have a significant effect on them (P value < 0.05).

The impact of every process parameter at different lev-
els on the MRR and SR can be achieved by performing the 
response graphs shown in Fig. 5, based on calculating the 
output mean at each level using Eq. 11 [2].

where M is the mean of each output L (MRR or SR) at each 
level (1, 2 or 3) and k represents the number of experi-
ments considering a specific level. It is clear that the longer 
the Ton, the more MRR in each sparking cycle. Also as the 
Toff is decreased, the gap voltage will slowly fall and the 
working current will rise, leading to the increase of the 
MRR and SR. Hence by increasing Ton and I and decreasing 
Toff, the produced surface is rougher and the heat-affected 
zone (HAZ) on the workpiece is deeper, although achiev-
ing higher MRR.

4.5  Optimization by using fuzzy logic

When it comes to predicting the optimal process param-
eters combination that will achieve maximum MRR and 
Minimum SR together, not for each one only, fuzzy logic 
is the proper technique to perform the optimization pro-
cedure with multiple performance characteristics. Fuzzy 
logic can map two inputs space to only one output space 

(11)ML =
1

k

k∑

i=1

Li

Fig. 4  The used ANN pattern

Table 3  Comparison between RSM and ANN modeling

RSM ANN

MRR SR MRR SR

R2 0.991 0.987 0.995 0.903
RMSE 0.245 0.045 0.174 0.124
AAD (%) 1.3 1.2 0.8 1.7
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considering both the MRR and SR together. Since the 
experimental values of the MRR and SR are in different 
ranges, normalization must be performed before apply-
ing a fuzzy logic technique. Equation 12 represents the 
used normalized equation [12].

where Np is the normalized MRR or SR for every experiment 
number p, xp is the MRR or SR for experiment number p, 

(12)Np =
xp − xmin

xmax − xmin

xmax and xmin are the maximum and minimum values of 
the MRR or SR for all experiments. Mamdani-type infer-
ence model is constructed using MATLAB software. For 
every experiment, the inputs for the inference system 
are the maximized normalized values of the MRR and the 
minimized normalized values of the SR, and the output 
is named the multiple performance characteristic index 
(MPCI). Three triangular membership function is assigned 
to every input, while five triangular curve membership 
function is assigned to the output. Nine IF/THEN fuzzy 
rules are performed for mapping between the inputs and 

Table 4  ANOVA for MRR and SR
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the output. The centroid defuzzification method is used 
to convert the fuzzy value into the MPCI. Figure 6 shows 
the designed inference model while making optimization. 
Table 2 presents the resultant normalized values of MRR 
and SR for each experiment and the MPCI. From the result-
ant MPCI, experiment number 5 is considered to be the 
optimal process parameter combination as it achieves the 
highest MPCI. Therefore, the process parameter combina-
tion: Ton = 25 µs, Toff = 5 µs and I = 6 A can be considered as 
an optimal one. As the impact of every process parameter 
at different levels on the MPCI can be achieved easily by 
estimating the MPCI mean using Eq. 11, another optimal 
process parameters combination may be desided. Accord-
ingly, Ton = 35 µs, Toff = 10 µs, and I = 3 A, may be consid-
ered as another optimal process parameters combination. 
As experiment number 5 achieved higher MRR and lower 
SR compared to that obtained from the centeral point’s 

experiments (experiments number 15–20), it is better to 
consider it as the optimal one. 

5  Conclusion

The aim of this work is to optimize wire electrical dis-
charge machining (WEDM) operating parameters with 
the objective of achieving a maximum material removal 
rate (MMR) and minimum surface roughness (SR) for 
an AISI 304 stainless steel workpiece. This work com-
pares the performance of response surface methodol-
ogy (RSM) and artificial neural network (ANN) based 
on the coefficient of determination, root mean square 
error, and absolute average deviation calculations. Both 
techniques are used to study the effect of independent 
process parameters on responses and develop predic-
tive models. Additionally, this comparison is followed 
by implementing the fuzzy logic technique to get the 
optimal process parameters combination to optimize the 
process, based on merging both MRR and SR together as 
one variable. The results show that using both the RSM 
and ANN is more adequate and reliable in predicting the 
MRR and SR. In addition, it is obvious that by increasing 
the peak current, the pulse on time, and by decreasing 
pulse off time, the resulting workpiece surface is rougher 
despite achieving a higher material removal rate. Also, 
it is concluded that the optimal process parameters 
combination that achieves the maximum MRR and 
minimum SR is 25 µs pulse on time, 5 µs pulse off time, 
and 6 A peak current. This work helps many industrial 
applications relating to WEDM of AISI 304 stainless steel. 
As lower SR is achieved, less finishing processes are 
required after machining. Also, higher MRR contributes 
to lower machining time, which in turn reduces the net 
product cost.

Fig. 5  Response graphs for a MRR and b SR

Fig. 6  The designed inference model
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