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Abstract- Electro discharge machining (EDM) is an 

unconventional electro thermal machining process 

used for manufacturing geometrically complex or 

hard material parts that are extremely difficult-to-

machine by conventional machining process. 

Modelling of the EDM process provides a functional 

relationship between operating parameters and 

output parameters (process performance index) of 

EDM process. This is the scientific way to study 

quantitatively EDM process behaviour which helps to 

get the better understanding of the process. This 

paper reviews various research work carried out 

within past decades for the development of EDM 

process. The study is mainly focused on aspects 

related to the experimental modelling of EDM process 

using Artificial Neural Network (ANN) and Response 

Surface Methodology (RSM).  
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I. INTRODUCTION 

 Electro Discharge Machining (EDM) is an 

electro-thermal non-traditional machining Process, 

where electrical energy is used to generate 

electrical spark and material removal mainly occurs 

due to thermal energy of the spark. EDM is mainly 

used to machine difficult-to-machine materials and 

high strength temperature resistant alloys. EDM 

can be used to machine difficult geometries in 

small batches or even on job-shop basis. Work 

material to be machined by EDM has to be 

electrically conductive.[1] The capability of 

machining intricate features with high dimensional 

accuracy in hard and difficult-to- cut material has 

made electro-discharge machining (EDM) process 

as an inevitable and one of the most popular non-

conventional machining processes. In recent years, 

EDM process is being used extensively in the field 

of mould making, production of dies, cavities and 

complex 3D structures using difficult-to-cut 

composite materials. 

In EDM, the removal of material is based 

upon the electro discharge erosion (EDE) effect of 

electric sparks occurring between two electrodes 

that are separated by a dielectric liquid.Metal 

removal takes place as a result of the generation of 

extremely high temperatures generated by the high-

intensity discharges that melt and evaporate the two 

electrodes. The dielectric fluids used for EDM 

machining are able to remain electrical insulators 

except at the closest points between the electrode 

and the work-piece. At these points, sparking 

voltage causes the dielectric fluid to change from 

an insulator to a conductor and the spark occurs. 

The time at which the fluid changes into an 

electrical conductor is known as the ionization 

point. When the spark is turned off, the dielectric 

fluid deionizes and the fluid returns to being an 

electrical insulator.  

 

Fig.1. Typical EDM pulse current train for 

controlled [2] 

A series of voltage pulses (Fig.2.) of 

magnitude about 20 to 120 V and frequency on the 

order of 5 kHz is applied between the two 

electrodes, which are separated by a small gap, 

typically 0.01 to 0.5 mm. Temperatures of about 

8000 to 12,000°C and heat fluxes up to 1017 W/m2 

are attained. With a very short duration spark of 
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typically between 0.1 to 2000 μs the temperature of 

the electrodes can be raised locally to more than 

their normal boiling points.  

Owing to the evaporation of the dielectric, 

the pressure on the plasma channel rises rapidly to 

values as high as 200 atmospheres. Such great 

pressures prevent the evaporation of the 

superheated metal. At the end of the pulse, the 

pressure drops suddenly and the superheated metal 

evaporates explosively. Metal is thus removed from 

the electrodes. 

Fig. 2 EDM Spark Description [3] 

The EDM process has a very strong 

stochastic nature due to the complicated discharge 

mechanism [4] making it too difficult to optimize 

the sparking process. In manufacturing the 

processes like EDM are not possible to describe 

using analytical models for optimization. It has 

been hard to establish models that accurately 

correlate the process variables and performance of 

EDM process. The selection of appropriate 

machining conditions for minimum surface 

roughness (SR) or maximum material removal rate 

(MRR) during the electric discharge machining 

(EDM) process is based on the analysis relating the 

various process parameters to the respective 

outputs like SR or MRR.  

 

II. ARTIFICIAL NEURAL NETWORK 

 When new and advanced materials appear 

in the field, it is not possible to use existing models 

and hence experimental investigations are always 

required. But undertaking frequent tests or many 

experimental runs is also not economically 

justified. In light of this, this paper reviews many 

considerate research works that describe the 

development and application of different 

methodologies to model and optimize the EDM 

process of which Artificial Neural Network (ANN) 

is mainly focussed. 

An artificial neural network is an 

information processing system that has been 

developed as a generalization of the mathematical 

model of human cognition (faculty of knowing). A 

neural network is a network of interconnected 

neurons, inspired from the studies of the biological 

nervous system. In other words, neural network 

functions in a way similar to the human brain. The 

function of a neural network is to produce an 

output pattern when presented with an input pattern 

(as shown in Fig. 3). 

 
 

Fig.3. Schematic architecture of ANN [5] 

 

A neural network consists of layers; 

neurons in any particular layer behave similarly. 

Based on the number of layers the net is classified 

as Single layer or multilayer network. A single 

layer network consists of one layer of connection 

weights whereas a multilayer net consists of more 

than a layer. There are various activation functions 

namely the identity function, sigmoid function, 

bipolar sigmoidal and Gaussian function [6]. 

Artificial neural network have widespread 

applications in diverse fields like pattern 

recognition, classification, signal processing, 

medicine, control systems and business. If the 

search space consists of two or more dimensions, 

the gradient-dissent strategy may get caught in 

repeated cycles, where the local minima solution is 

found repeatedly. Use of ANN models for 

prediction of wide range of data is a difficult task. 

Large differential amplitudes of the solutions 

targeted at each and every output cause the error 

surface to be discontinuous and flat in certain 

regions.  
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The task of neural network training in 

ANN is a complicated process, in which a pattern 

set made up of pairs of inputs plus expected outputs 

is known beforehand, and used to compute the set 

of weights that makes the ANN to learn it. The 

architecture of the network and the weights are 

evolved by using error back propagation. The 

optimization of these weights improves the 

efficiency of the ANN model. 

 

III. RESPONSE SURFACE METHODOLOGY 

 

Response surface methodology is a 

collection of mathematical and statistical 

techniques that are useful for the modelling and 

analysis of problems in which a response of interest 

is influenced by several variables and the main 

objective is to optimize this response. The 

necessary data for building the response models 

and optimization of manufacturing processes are 

collected by the DOEs. RSM also quantifies the 

relationship between the input process parameters 

and the obtained responses. The quantitative form 

of relationship between desired response and 

independent input variables could be represented 

as: 

 ),.....,,( 321 nxxxxfy                                                                                

where y is the desired response, f the response 

function (response surface), x1, x2, x3…xn are the 

independent input variables, and ε is the fitting 

error.  

In order to study the effects of laser cutting 

parameters a second order polynomial response 

surface mathematical model has been considered as 

follows:     
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where, all b’s are regression coefficients 

determined by least square method [7]. To estimate 

the regression coefficients in this model, each 

variable xi must take at least three different levels. 

This suggests the use of FD of the 3p series but it is 

a tedious work with large number of factors. For 

fitting second order model a new design known as 

CCD is generally used [8]. There are two 

parameters in the design that must be specified: the 

distance α of the axial runs from the design center 

and the number of center points. The value of α 

must be (2)p/4 in order to make the design rotatable. 

It is important for the second order model to 

provide good predictions throughout the region of 

interest. So the model should have a reasonably 

consistent and stable prediction of responses at 

points of interest xi. This can be achieved by 

CCRD. In CCRD, the standard error is the same for 

all points that are at the same distance from the 

center of the region. 

IV. REVIEW OF MODELING OF EDM 

 

Rao et. al. [9] used artificial neural 

networks and genetic algorithm to develop hybrid 

model of electric discharge machining process and 

optimize the machining parameters to get 

maximum surface finish. Optimization of surface 

roughness was done by considering the 

simultaneous effect of various input parameters. 

The experiments were carried out on Ti6Al4V, 

HE15, 15CDV6 and M-250. Experiments were 

conducted by varying the peak current and voltage 

and the corresponding values of surface roughness 

(SR) were measured. It was observed that the 

developed model was within the limits of the 

agreeable error when experimental and network 

model results were compared (as shown in Fig. 4). 

 
 

Tsai and Wang [10] established several 

surface models based on various neural networks 

taking the effects of electrode polarity in to 

account. The comparisons on predictions of surface 

finish for various work materials with the change of 

electrode polarity based upon six different neural-

networks models and a neuro-fuzzy network model 

were studied. They subsequently developed a semi-

empirical model, which is dependent on the 

thermal, physical and electrical properties of the 
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work piece and electrode together with pertinent 

process parameters. It was noted that the model 

produces a more reliable surface finish and MRR 

prediction for a given work under different process 

conditions. 

Jeswani [11] studied the effects of work 

piece and electrode materials on SR and suggested 

an empirical model, which focused solely on pulse 

energy, whereas, Zhang et. al. [12] proposed an 

empirical model, built on both peak current and 

pulse duration, for the machining of ceramics. It 

was realized that the discharge current has a greater 

effect on the MRR while the pulse-on time has 

more influence on the SR and white layer.  

Wang et al. [13] discussed the 

development and application of hybrid artificial 

neural network and genetic algorithm methodology 

for modelling and Optimization of electric 

discharge machining. But, they considered only the 

pulse-on time and its effect on MRR and surface 

roughness. Yilmaz et al. [14] used a user friendly 

fuzzy-based system for the selection of electro-

discharge machining process parameters. Effects of 

other important parameters like current, voltage 

and machining time on SR were not considered. 

The superior performances of neural networks for 

modelling machining processes have been 

published elsewhere.  

In other cases, multi-layer Perceptions 

based on back-propagation (BP) technique have 

been employed for monitoring and modelling the 

reported processes. Rangwala et. al. [15], Masory 

[16], Tansel et al. [17], and Tarng et al. [18] have 

employed BP or Adaptive Resonance Theory 

(ART2) on the neural networks for monitoring tool 

wear and breakage in turning or drilling processes. 

On the other hand, Tansel et al. [19], and Lee et. al. 

[20] have also adopted BP or ART2-A on the 

neural networks for detecting and suppressing tool 

chatter in turning or drilling processes. In order to 

increase the reliability of detection method, Li et al. 

[21] have developed parallel multi-ART2 neural 

networks for identifying tool failure due to chatter 

in the turning operation. The percentage of 

effective detection has been increased from 80.4% 

on single-ART2 case to 96.4% on parallel multi-

ART2 case.  

In addition, Cariapa et. al. [22] and Lee et. 

al. [23] applied various neural networks for 

modeling and predicting the machining processes. 

Katz and Naude [24] have adopted back 

propagation errors on neural networks for 

improving the geometric shape of EDM products 

based upon coupling feature design in the EDM 

process. Never the less, the effects of the change of 

electrode polarity have all been intentionally 

neglected without proper explanations.  

In another research work Mandal et. al. 

[25] attempted to model and optimizes the complex 

electrical discharge machining (EDM) process 

using soft computing techniques. Artificial neural 

network (ANN) with back propagation algorithm 

was used to model the process. As the output 

parameters were conflicting in nature so there was 

no single combination of cutting parameters, which 

provided the best machining performance. A multi-

objective optimization method, non-dominating 

sorting genetic algorithm-II was used to optimize 

the process. Experiments have been carried out 

over a wide range of machining conditions for 

training and verification of the model. Testing 

results demonstrate that the model is suitable for 

predicting the response parameters. A pareto-

optimal set was predicted in this work. 

 
Fig.5. Comparison between actual and predicted 

MRR. 
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Fig.6. Pareto optimal set for TW. 

 

 Das et. al. [26] kept focus on the optimum 

combination of the machining process parameters 

within the given range for better responses in EDM 

using artificial neural network (ANN). They 

considered four parameters viz. pulse on time, 

pulse off time, discharge current and voltage. 

Output parameters considered were MRR and 

surface roughness parameters (Ra). EN 31 steel is 

used as work piece, which has high degree of 

hardness, compressive strength and abrasion 

resistance. The experiments were conducted on 

CNC EDM (EMT 43, Electronica). The tool used 

was of copper with square cross section. 

 The influences of the electrical discharge 

machining parameters (pulse on time, pulse off 

time, current and voltage) on the response variables 

selected have been assessed for EN 31 tool steel. 

The second order model was postulated in 

obtaining the relationship between MRR and Ra 

parameter and the machining variables using RSM. 

ANN algorithm was then used to optimize the 

obtained equations. The corresponding computer 

code for ANN algorithm was developed in 

MATLAB. In different workOptimization of the 

EDM parameters, from the rough cutting to the 

finish cutting stage, has been done by Su et.al. [27]. 

A trained neural network was used to 

establish the relationship between the process 

parameters and machining performance. GA with 

properly defined objective functions was then 

adapted to the neural network to determine the 

optimal process parameters. A simple weighted 

method is used to transform MRR, tool wear and 

surface roughness into a single objective. Whereas 

in another work Kuriakose et al. [28] adopted non-

dominated sorting genetic algorithm (NSGA) to 

optimize machining parameters in WEDM 

considering surface roughness and cutting speed as 

the output parameters. They have used multiple 

linear regression models to represent the relation 

between inputs and outputs. Thirty six non-

dominated points thus obtained were reported. In 

all these previous work, researchers have 

approached optimization of EDM process, 

transforming multi-objective problem into single 

objective except Kuriakose et al. But the number of 

non-dominated point obtained in this case is very 

less. 

 J.Y.Kao et. al.[29] introduced a feed-

forward neural network with the back-propagation 

learning algorithm. Various EDM pulses were 

explained next. The use of the feed-forward neural 

network for monitoring EDM pulses was then 

developed. Experimentalverification of the 

developed network was also discussed.Based on 

this model, EDM pulses undervarying machining 

conditions can be classified quicklyand accurately 

as the voltage and current across the gapbetween 

the tool and the workpiece were measured andfed 

into the developed network. As a result, 

themonitoring system developed in this study is 

useful forthe monitoring and control of the EDM 

process.  

Tsai et.al.[30] conducted the verification 

on the established process models. Also they 

analyzed the comparisons among the various 

models.In this study six neural network and a 

neuro-fuzzy network were employed for modelling 

the MRR in the process.So with the help of this 

process MRR in the EDM process including 

change of polarity can be predicted with reasonable 

accuracy.  

The use of response surface methodology 

(RSM) and artificial neural network (ANN) based 

mathematicalmodelling for average cutting speed 

of SiCp/6061 Al metal matrix composite (MMC) 

during wire electric discharge machining (WEDM) 

is shown by Shandilya et. al.[31]. Four WEDM 

parameters namely servo voltage (SV), pulse-on 

time (TON), pulse-off time (TOFF) and wire feed 

rate (WF) were chosen as machining process 

parameters.  

A back propagation neural network was 

developed to establish the process model. The 
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performance of the developed ANN models were 

compared with the RSM mathematical models of 

average cutting speed. The comparison clearly 

indicates that the ANN models provide more 

accurate prediction compared to the RSM models. 

Combined effect of input process parameters on 

average cutting speed shows that voltage is more 

significant parameter on average cutting speed than 

pulse-off time and wire feed rate.  

In another study, Kumar et. al. [32] shows 

electro discharge drillinghas been carried out on a 

hybrid MMC (HMMC). Al based hybrid MMC 

(Al6063/SiC/Al2O3/Gr) was used as a work-

piecematerial and copper was used as a tool 

material. The objective of this work is to 

investigate the effect of input variables such as 

current, duty factor, tool speed and flushing 

pressure on the material removal rate (MRR), tool 

wear rate (TWR) and surfaceroughness (SR) during 

the machining of HMMC. Design of experiments 

has been done using response surface methodology 

(RSM) and through holes has been drilled by using 

rotary tool electrode. The experimental results 

show that the inputparameters have significant 

effect on MRR, TWR and SR.  

Singh et. al. [33] studied the process of 

EDM on materials like metal matrix composites. 

Among the many unconventional processing 

techniques, EDM has proved itself to be one among 

the effective tool in shaping such difficult-to-

machine materials. The objective of this work is to 

investigate the effect of current (C), Pulse ON-time 

(P) and flushing pressure (F) on metal removal rate 

(MRR), tool wear rate (TWR), taper (T), radial 

overcut (ROC), and surface roughness (SR) on 

machining as-cast Al-MMC with 10% SiCp 

reinforcement. ELEKTRAPULS spark erosion 

machine was used for the purpose and jet flushing 

of the dielectric fluid, kerosene, was employed. 

Brass tool of ∅ 2.7mm was chosen to drill the 

specimens. An L27 orthogonal array (OA), for the 

three machining parameters at three levels each, 

was opted to conduct the experiments. The 

experiments were performed in a random order 

with three successive trials. Analysis of variance 

(ANOVA) was performed and the optimal levels 

for maximizing the responses were established. 

Scanning electron microscope (SEM) analysis was 

done to study the surface characteristics. 

J. prasanna et.al.[34] investigated, through 

holes were machined in a Ti–6Al–4V plate of 0.4 

mm thickness using twisted carbide drill bits of 0.4 

mm diameter by conventional dry drilling. The 

Taguchi’s experimental design and Analysis of 

Variance (ANOVA) techniques have been 

implemented to understand the effects, 

contribution, significance and optimal machine 

settings of process parameters, namely, spindle 

speed, feed rate and air pressure. The performance 

characteristics of the small hole drilling were 

evaluated through thrust force, overcut, circularity 

and taper.Multi-performance optimization of the 

process parameters was realized by using grey 

relational analysis and mathematical modeling was 

done by regression analysis. 

They concluded that large flute helix angle 

and carbide tool improved the performance of the 

small hole dry drilling. The outcome of this 

research revealed that spindle speed and air 

pressure have the most significant impact on the 

dimensional accuracy of the hole; spindle speed 

and feed rate controls the thrust force. In a work by 

Gopalakannan and Senthilvelan [35] the newly 

fabricated metal matrix nano-composite (MMNC) 

of Al 7075 reinforced with 1.5 wt% SiC nano-

particles which was prepared by a novel ultrasonic 

cavitation method. Electrical discharge machining 

(EDM) was employed to machine MMNC with 

copper electrode by adopting face centred central 

composite design of response surface methodology. 

Analysis of variance was applied to investigate the 

influence of process parameters and their 

interactions. Further a mathematical model has 

been formulated in order to estimate the machining 

characteristics. It has been observed that pulse 

current was found to be the most important factor 

affecting all the three output parameters such as 

material removal rate (MRR), electrode wear rate 

(EWR) and surface roughness (SR). The optimum 

parameter of combination setting has been 

identified for the MMNC are voltage 50.00 V, 

pulse current 8.00 A, Pulse on time 8.00ls and 

pulse off time 9.00 ls. Finally the parameters were 

optimized for maximizing MRR, minimizing EWR 

and SR using desirability function approach (as 

seen in fig. 7). 
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fig.7 response surface obtained for SR against Toff 

and current 

CONCLUSIONS 

In the above literature review we observed 

that many approaches such as Artificial Neural 

Network (ANN) and Response Surface Technology 

(RSM) were used to model the EDM process and to 

optimize the process parameters by different 

researchers, such as gray relational analysis based 

on orthogonal array was used to model EDM. 

Surface model based on neural networking taking 

the effect of electrode polarity, neuro-fuzzy model 

were studied, semi-empirical model were 

developed.  

Hybrid modelling and optimization of 

EDM with the help of neural networking and GA to 

get maximum surface finish has been done and we 

can conclude that Genetic algorithm with ANN is a 

newly developing method which is having a huge 

scope in modelling of EDM and its optimization 

because it is fast and highly accurate. But in the 

above papers we have seen many metals and alloys 

and also some of the experiments were carried out 

on MMC’s but the experimentations on the 

superalloys such as Inconel are very rarely done, so 

we plan to use the ANN technique to model the 

EDM process used to drill the work-piece of 

Inconel 718 in our future work. 

REFERENCES 

 [1] V.K. Jain, "Advanced Machining  

Processes" Allied Publishers Mumbai .  

[2] Abu Zeid Oa (1997), “On The Effect Of Edm 

Parameters On The Fatigue Life Of AISI D6 Tool 

Steel”. Int. Journal Of Materials Processing 

Technology, Vol.68 (1), Pp 27-32 . 

[3] Hassan El-Hofy, Advanced Machining 

Processes, Mc-Graw Hill Publications, 2005. 

[4] Pandit, S.M., Mueller, T.M., 1987 “Verification 

of on-line computer control of EDM by data 

dependent systems”, J. Eng. Ind., 109, 109–121. 

[5] Kao et.al. ,“A neutral-network approach for the 

on-line monitoring of the electrical discharge 

machining process”, Journal of Materials 

Processing Technology 69, 112-119 (1997). 

[6] Artificial neural network; S.N. Sivanandan, M. 

Paulraj; Vikas publication 

[7] Montgomery, D.C. (1997) Design and Analysis 

of Experiments, New York: John Wiley  

[8] Cochran, W.G. and Cox, G.M. (1977) 

Experimental Designs, India: Asia Publishing 

House. 

 [9] Rao et. al.- Development of hybrid model and 

optimization of surface roughness in electric 

discharge machining using artificial neural 

networks and genetic algorithm. Int. J. materials 

processing technology 209 (2009) 1512–1520.  

 

[10] Tsai, K.M., Wang, P.J., 2001a. Prediction on 

surface finish in electrical discharge machining 

based upon neural network models. Int. J. Mach. 

Tools Manuf. 41 (10), 1385–1403. 

 

[11] Jeswani, M.L., 1978, Roughness and wear 

characteristics of spark-eroded surface. Wear (51), 

227–236. 

 

[12] Zhang et. al.  1997. Study on the electro-

discharge machining of a hot pressed alluminium 

oxide based ceramic. J. Mater. Process. Technol. 

63, 908–912. 

 

[13] Wang, K., et al., 2003. A hybrid intelligent 

method for modeling the EDM process. Int. J. 

Mach. Tool Manuf. 43, 995–999. 

 

[14] Yilmaz, O., et al., 2006. A user friendly fuzzy 

based system for the selection of electro discharge 

machining process parameters. 

 J. Mater. Process. Technol. 172, 363–371. 

 

[15] S. Rangwala, D. Dornfeld, Sensor integration 

using neural networks for intelligent tool condition 



   

ELK Asia Pacific Journals – Special Issue 

ISBN: 978-81-930411-4-7 

monitoring, J. Eng. Ind., ASME 112 (1990) 219–

228. 

 

[16] O. Masory, Monitoring machining processes 

using multi-sensor reading fused by artificial neural 

network, J. Mater. Proc. Tech. 28 (1991) 231–240. 

 

[17] I.N. Tansel, C. Mekdeci, O. Rodriguez, B. 

Uragun, Monitoring drill conditions with wavelet 

based encoding and neural networks, Int. J. Mach. 

Tools Manufact. 33 (1993) 559–575. 

 

[18] Y.S. Tarng, Y.W. Hseih, S.T. Hwang, Sensing 

tool breakage in face milling with a neural network, 

Int. J. Mach. Tools Manufact. 34 (1994) 341–350. 

 

[19] I.N. Tansel, A. Wagiman, A. Tziranis, 

Recognition of chatter with neural network, Int. J. 

Mach. Tools Manufact. 31 (1991) 539–552. 

 

[20] B.Y. Lee, Y.S. Tarng, S.C. Ma, Modeling of 

the process damping force in chatter vibration, Int. 

J. Mach. Tools Manufact. 35 (1995) 951–962. 

 

[21] X.Q. Li, Y.S. Wong, A.Y.C. Nee, A 

comprehensive identification of tool failure and 

chatter using a parallel multiART2 neural network, 

J. Manufact. Sci. Eng., ASME 120 (1998) 433–

442. 

 

[22] V. Cariapa, K.S. Akbay, R. Rudraraju, 

Application of neural networks for compliant tool 

polishing operations, J. Mater. Proc. Tech. 28 

(1991) 241–250. 

 

[23] B.Y. Lee, H.S. Liu, Y.S. Tarng, Modeling and 

optimization of drilling process, J. Mater. Proc. 

Tech. 74 (1998) 149–157. 

 

[24] Z. Katz, J. Naude, A neural network/expert 

system approach for design improvement of 

products manufactured by EDM, J. Manufact. Sci. 

Eng., ASME 121 (1999) 733–738. 

 

[25] Mandal et. al. Modeling of EDM process using 

back propagation NN and multi-objective 

optimization using non-dominating sorting genetic 

algorithm-II, Journal of Materials Processing 

Technology 186 (2007) 154–162 

 

[26] Chen, Y., Mahdivian, S.M., 2000. Analysis of 

Electro-discharge Machining Process and Its 

Comparision with Experiments. Journal of 

Materials Processing Technology 104, 150-157. 

 

[27] J.C. Su, J.Y. Kao, Y.S. Tarng, Optimisation of 

the electrical discharge machining process using a 

GA-based neural network, Int. J. Adv. Manuf. 

Technol. 24 (2004) 81–90. [6] S. 

 

[28] Kuriakose, M.S. Shunmugam, Multi-objective 

optimization of wireelectro discharge machining 

process by non-dominated sorting genetic 

algorithm, J. Mater. Process.Technol. (2005). 

 

[29] J.Y. Kao ,Y.S. Tarng, A neutral-network 

approach for the on-line monitoring of the 

electrical discharge machining process,journal of 

material processing technology 69 (1997) 112-119. 

 

[30] Kuo Ming Tsai, Pei-Jen Wang, Comparisons 

of neural network models on material removal rate 

in electrical discharge machining, journal of 

materials processing technology 117(2001) 111-

124. 

[31] Pragya Shandilya, P.K. Jain, N.K. Jain. ‘RSM 

and ANN Modelling Approaches For Predicting 

Average Cutting Speed During WEDM of 

sicp/6061 Al MMC’ International Conference On 

Design And Manufacturing, Icondm 2013. 

 

[32] R.Kumar*, I. Singh, D. Kumar ‘Electro 

Discharge Drilling of Hybrid MMC’.Journal of 

Materials Processing Technology (2011). 

 

[33] P. Narender Singh, K. Raghukandana, M. 

Rathinasabapathia, B.C. Paib Electric discharge 

machining of Al–10%SiCP as-cast metal matrix 

composites Journal of Materials Processing 

Technology 155–156 (2004) 1653–1657. 

[34] J. Prasanna, ,L. Karunamoorthy ,M. Venkat 

Raman; Optimization of process parameters of 

small hole dry drilling in Ti–6Al–4V using Taguchi 

and grey relational analysis. 

 [35] S.Gopalakannana, T. Senthilvelan Application 

of response surface method on machining of Al–

SiCnano-composites; J. Elsevier Measurement 46 

(2013) 2705–2715. 

 

http://www.sciencedirect.com/science/article/pii/S0263224113005630
http://www.sciencedirect.com/science/article/pii/S0263224113005630
http://www.sciencedirect.com/science/article/pii/S0263224113005630
http://www.sciencedirect.com/science/article/pii/S0263224113005630

