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  Abstract 
Wire cut electric discharge machining is the present days requirement in manufacturing the  intricate and complex shape  parts as 

required in the modern  industrial products. The process being complex in nature for control over the  machining   process 

parameters. In the present study Multilayer perceptron (MLP) model is developed to predict the Material removal rate. The 

mathematical regression model is also developed by using Response Surface Methodology (RSM) to establish the relationshIp 

between the MRR and input process parameters like  pulse on time (Ton),  Pulse off time (Toff), Peak current (IP)  and Servo voltage 

(SV). The predicted value by using MLP and RSM were compared with the experimental values. The average percentage errors 

are found to be 1.29 and -0.36527 for MLP and RSM respectively. It is observed that the predicted values with  RSM are closer to 

experimental values as compared to MLP model. 
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1. INTRODUCTION 

Wire electric discharge machining (WEDM) process has 

created revolution in manufacturing industry. As 

machining of hard and composite materials, super alloys 

becomes easier to cut intricate shapes and complex 

profiles. Producing the parts of high quality at high 

production rate efficiency by optimizing the machining 

conditions is the prime objective of WEDM. Optimal 

machining conditions can be obtained by carrying out the 

analysis of the input variables, response variables and 

interaction between them.   The most Significant 

performance  parameters in WEDM are cutting rate, 

workpiece surface roughness, dimensional deviation and 

kerf. Machining parameters includes  pulse on, pulse off, 

peak current, servo voltage, wire tension, water pressure 

and wire speed.  During the research work on WEDM 

machine many researchers have focused on various aspects 

related to WEDM which includes state of the art in wire 

electric discharge machines, optimization of process 

parameters on machining different workpiece materials 

including different types of alloys of materials, composites 

and many more newly investigated tougher materials 

required in aerospace industries, tools and die making 

industries etc. some  have concentrated on wire breakage 

phenomenon during the machining process and its effects 

on obtainable surface finish and various methods to 

overcome it. As well some have suggested the selection of 

optimum process parameters on machine setting to get the 

desired surface finish on machining. Puri A. B., et al. [8] in 

this paper an analytical approach in the solution of the 

wire-tool equation by considering multIple spark 

discharges to investigate wire vibration   effects in WEDM. 

Portillo E., et al.[4] developed recurrent neural network 

model to diagnose degraded cutting regimes in Wire 

Electrical Discharge Machining process, which helps to 

detect the degradation of the cutting process which results 

in breakage of the wire electrode tool, productivity of the 

process and  accuracy required. In 2010 Reddy V. B., et al. 

[9] developed to predict WEDM for  chromium – 

molybdenum –vanedium  alloyed special steel an  artificial 

neural network model. The steel being used  in automobile 

industry. Similarly in 2014 Varun A., et al.[10]
]
  

proposed to couple   grey relational analysis (GRA) and  

genetic algorithm (GA) for optimizing they conducted the 

experiments with EN 353 work material for  studying 

various process parameters effects on the 

response parameter. Spedding, T.A. and wang Z.Q. [1] 

described the parametric combinationwith the use of 

artificial neural network and they also characterised the 

surface roughness and waviness along with  cutting speed. 

Trang Y. S. et al.[2] developed a neural network model to 

determine pulse duration, time, open circuit voltage, peak 

current, electric capacitance and wire speed servo reference 

voltage for the estimation of cutting speed and surface. 

Ramakrishnana R. and Karunamoorthyb L[3] developed 

artificial neural network model with Taguchi parameter 

design for modeling of CNC WEDM process. Caydas et al. 
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[12] proposed adaptive neuro-fuzzy inference system 

(ANFIS) model for the prediction of the white layer 

thickness (WLT) and the average surface roughness 

obtained  as a function of the process parameters. Tomura 

Shunsuke, et al.[11] clarify the mechanism that  how 

electromagnetic force is  applied to the wire electrode in 

wire electrical discharge machining (wire-EDM) is being 

generated Poros Dariusz, et al.[7] experimentally  

investigated the efficiency of wire electrical discharge 

machining of difficult-to-machine materials with Uncoated 

brass wire, 0.25mm diameter, brass CuZn20 coated brass 

CuZn50 wire and zinc oxide coated brass wire were 

utilized in the experimentation. Okada A., et al.[6] 

proposed high-speed observation system for fine wire 

EDM process. Nithin Aravind S. R., et.al [5]  attempted to 

determine the important machining  parameters of brass 

material for the performance measures like Material 

removal rate  and Surface roughness separately in WEDM 

process. 

The objective of this paper is to develop the neural network 

and mathematical regression model to predict the surface 

roughness for the given set of input conditions. The 

Artificial neural network model is designed with the help 

MLP to predict material removal rate. Experiments are 

carried out on High carbon High Chromium tool steel 

(HCHCR). The predicted values with ANN model and the 

regression model are also compared with the experimental 

values.  

 

2. MATERIAL 

The material used in this experiment is High carbon High 

Chromium tool steel (HCHCR) having size 220mm Χ 

220mm Χ40mm. The chemical composition of the HCHCR 

workpiece material is given in table 1.   

   

Table 1: Chemical Composition of the HCHCR Material 

Constituent C Si Mn P S Cr Ni Mo Al Cu V Nb Ti 

% 

Composition 
2.012 0.184 0.290 0.021 0.021 11.337 0.097 0.048 <0.001 0.036 0.051 0.004 0.001 

 

3. EXPERIMENTAL PROCEDURE 

The experiments were conducted on Electronica Sprintcut 

734 DLX model. The Brass wire with 0.25mm diameter is 

 used in the experiment. Four input factors like pulse on 

(Ton), pulse off (Toff), peak current (IP) and servo voltage 

(SV) were selected as a control variable and the effects of 

these input parameters are studied on Material Removal 

Rate (MRR). The various input parameter values and their 

level are given in Table 2. The thirty number of experiments 

were conducted according to Central Composite Rotatable 

Design of experiments (CCD). The prime objective of 

employing the CCD is to reduce the number of experiments 

to be performed. Four process parameters are examined at 

three levels as presented in table 2.  Program was developed 

for the complex shape punch having hexagon on top face 

and circle at bottom face by using Auto CAD Software. The 

top view of machined 30 punches is shown in figure 1.   

Minitab 14 software has been used for the design of 

experiments. The experimental results obtained with CCD 

experiments is shown in table 3. The MRR (grams per min) 

is calculated as:  

 

𝑀𝑅𝑅 =
(𝑊𝑖−𝑊𝑓)

𝑡
                                 (1)  

Where,  

  Wi = Initial weight of work piece material 

(gms) 

 Wf = Final weight of work piece material 

(gms) 

   t = Time period of each trial in minutes 

 

 
 
 

 

 
Figure 1: Top view for machined punches  

 

Table 2: Process parameters, symbols, levels and their 

ranges 

Process 

Parameters 
Symbols Units 

Range 

(Machine 

Units) 

Levels 

-1 0 1 

Pulse On 

time 
Ton µs 120-130 120 125 130 

Pulse Off 

Time 
Toff µs 40-58 40 49 58 

Peak 

Current 
IP Amp 180-230 180 210 230 

Servo 

Voltage 
SV V 7-20 7 13 20 

 

4. RESPONSE SURFACE METHODOLOGY 

 RSM is useful for the modeling and analysis of experiments 

 in which a response of interest is influenced by several 

variables and the objective is to optimize that response. The 

initial requirement of RSM for achieving the accurate and 

reliable measurements of response variables is design of 

experiments. For modeling the input output parameters we 
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have developed response surface regression equation as 

given below.   

 

MRR= -4.65868+0.0788175* Ton +0.00178855* Toff -

0.00297111*IP-0.0089671*SV-0.000301186*Ton
2
 

+0.000011979* Toff
2
 +0.00000727378*IP

2
 -0.0000740702* 

SV
2
-0.0000444444*Ton* Toff -0.0000021034*Ton*IP 

+0.0000463068* Ton *SV+ 0.00000673545 * Toff 

*IP+0.0000554538* Toff *SV+0.00000773324*IP*SV                                                   …(2) 

 

Table 3: MRR obtained from the Experiments 

Expt. 

No. 

Input Parameter Output 

Ton Toff IP SV Actual MRR 

1 130 40 230 20 0.048 

2 130 58 230 20 0.047 

3 130 58 230 7 0.045 

4 125 49 210 13 0.041 

5 120 58 180 7 0.027 

6 120 58 180 20 0.018 

7 130 58 180 7 0.037 

8 125 49 210 13 0.050 

9 130 58 180 20 0.031 

10 130 40 180 7 0.058 

11 130 40 230 7 0.062 

12 125 49 210 13 0.043 

13 120 58 230 20 0.031 

14 120 40 230 7 0.045 

15 120 58 230 7 0.038 

16 125 49 210 13 0.046 

17 120 40 180 20 0.017 

18 120 40 180 7 0.042 

19 130 40 180 20 0.042 

20 120 40 230 20 0.028 

21 120 49 210 13 0.031 

22 125 49 210 13 0.046 

23 125 49 210 13 0.043 

24 125 49 210 7 0.047 

25 125 40 210 13 0.050 

26 130 49 210 13 0.045 

27 125 49 180 13 0.044 

28 125 49 210 20 0.037 

29 125 49 230 13 0.054 

30 125 58 210 13 0.043 

 

5.  MODELING WITH ARTIFICIAL NEURAL 

NETWORK 

The Multilayer perceptron is the most common model of 

neural network.  This type of neural network is called 

as supervised network because it requires a desired output in 

order to learn. The objective  of this type of network is to 

create a model that correctly maps the input to the output 

using historical data so that the model can then be used to 

produce the output when the desired output is not known. 

The graphical representation of an Multilayer perceptron is 

given in figure. 

 

 
Figure 1: Architecture of Multilayer Perceptron (MLP) 

 

The Multilayer Perceptron and many other neural networks 

learn using algorithm called back propagation. With back 

propagation, the input data is repeatedly 

presented to the neural network. With each presentation the 

of the neural network output is compared to the desired 

output and an error is computed. To analyze the validity of 

Response Surface Methodology we have also used Artificial 

Neural Network. For prediction of MRR single hidden layer 

multilayer perceptron was used. With the different random 

initialization of weights 60% of data is used for training, 

10% data is used for cross validation and 30% data is used 

for testing purpose.  Five number of processing elements are 

used in the hidden layer. MLP was trained with momentum 

and tanh as a learning rule and transfer function 

respectively. The network is trained three times with 

different random initialization of weights to ensure the true 

learning.  The results obtained with RSM and MLP are 

given in table 4. Table 4 also shows the comparison between 

experimental values obtained at different conditions, 

predicted values through ANN (MLP) and predicted values 

by RSM model. Figure 2 shows graphical comparison 

between MRR values by Experiment, RSM and ANN, it 

represents that both the curves for ANN and RSM model 

exhibits nearly the same pattern as that of actual values 

which proves the model adequacy. 
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Table 4: Comparison between MRR values by Experiment, 

RSM and ANN 

Actual 

MRR(HCHCR) 

Predicted  

MRR ANN 

Output 

Predicted 

MRR RSM 

ANN 

(MLP) 

%Error 

RSM % 

Error 

0.048115 0.04817 0.04901 -0.11229 -1.87091 

0.047317 0.04742 0.04619 -0.22039 2.38712 

0.045 0.04520 0.04557 -0.43980 -1.25732 

0.0412 0.04450 0.04518 -7.99922 -9.66786 

0.026776 0.02674 0.02755 0.13492 -2.90350 

0.01837 0.01815 0.01713 1.19099 6.75500 

0.036741 0.03656 0.03644 0.48224 0.81627 

0.0496 0.04450 0.04518 10.29097 8.90492 

0.031315 0.03129 0.03204 0.08175 -2.30484 

0.058193 0.05853 0.05831 -0.57397 -0.19571 

0.061823 0.06094 0.06137 1.42618 0.73378 

0.0425 0.04450 0.04518 -4.69572 -6.31332 

0.0314 0.03140 0.03233 0.01559 -2.96850 

0.044505 0.04456 0.04553 -0.11485 -2.30948 

0.038303 0.03819 0.03773 0.30336 1.49541 

0.04555 0.04450 0.04518 2.31541 0.80613 

0.0165 0.01708 0.01802 -3.54145 -9.20179 

0.0416 0.04147 0.04142 0.32418 0.43541 

0.042 0.04205 0.04093 -0.11615 2.55768 

0.027817 0.02765 0.02716 0.61060 2.36683 

0.030878 0.03125 0.03014 -1.20732 2.40381 

0.04555 0.04450 0.04518 2.31541 0.80613 

0.0431 0.04450 0.04518 -3.23824 -4.83332 

0.047126 0.04757 0.04710 -0.93603 0.06291 

0.049812 0.04752 0.05027 4.59677 -0.92607 

0.045 0.05004 0.04517 -11.20639 -0.38001 

0.043882 0.03507 0.04418 20.07696 -0.68792 

0.036582 0.03341 0.03621 8.66567 1.01586 

0.053825 0.04823 0.05312 10.38640 1.30377 

0.042897 0.03870 0.04203 9.77729 2.01097 

Average % Error 1.28643 -0.36529 

 

Figure 2: Comparison between MRR (HCHCR) values by 

Experiment, RSM and ANN 

5. RESULT AND CONCLUSION: 

This paper presents the modeling of WEDM process for the 

complex shape. Two models were developed for predicting 

the material removal rate for manufacturing the complex 

shape punches. We have used response surface methodology 

for developing mathematical regression equation. The 

Artificial Neural Network with MLP was aslo designed for 

predicting the MRR. The values predicted by RSM and 

ANN model are compared with experimental values and the 

average percentage error is also calculated. IT is observed 

that values predicted with both the models are 

approximately same as the experimental values. the average 

percentage error is 1.28643% and -0.36829% for ANN and 

RSM model respectively.     
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