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Abstract— Hybrid processes are used only based on either 

electrical action or abrasive action in machining processes. 

The combination of metals bonded abrasive grinding with 

EDM or ECM are developed of  The abrasive based HMPs 

.the combination of ECM and grinding is called as electro-

chemical abrasive grinding (ECAG) of the Hybrid processes 

while combination of EDM and grinding is called as 

electrical discharge abrasive grinding (EDAG) of the Hybrid 

machining processes. When metal bonded diamond grinding 

grit wheel is used in electrical discharge abrasive grinding is 

called as Electro-Discharge Diamond Grinding (EDDG) 

Hybrid processes. a metal bonded diamond grinding grit 

wheel is used  in Electric  discharge  diamond Grinding 

(EDDG)   and electrical  sparks  take place between metallic 

bonding material and work piece to thermally soften the 

work-material on a microscopic scale and  reduce  grinding  

forces and powers. The fraction of molten material has 

indicated by the Thermal modeling of EDM process. High 

re-deposited on the parent material surface. The used of grit 

abrasives in the wheel to ground off the crack-infested layer 

in the EDDG process The software is Developed on 

MATLAB to integrate NN-GA approach and used for 

modeling and optimization of EDDG process. The validity 

of develops software. The developed software used for 

Modeling and single objective Optimization of EDDG. 

Key words: NN-GA approach, MATLAB, high carbon steel 

(HCS) 

I. INTRODUCTION 

The electrical discharge diamond grinding (EDDG) process 

is a hybrid process which utilizes a metal bonded diamond 

grinding grit wheel and subjects the work to the 

simultaneous influence of diamond grains and electrical 

sparking in the inter-electrode gap IEG during EDDG which 

cause abrasion and surface melting respectively show in 

figure. The electrical discharge diamond grinding (EDDG) 

process is a misnomer and different from electrical 

discharge grinding because never physical contact between 

the work and used of a rotating graphite wheel. The 

developments of EDDG process by this motivations and 

combination of certain process characteristics of diamond 

grinding and EDM. Calls of Abrasive machining for a tool 

material harder than the work piece because the work 

material harder than a tool material and hence a problem is 

created for Grinding of hard materials. The EDM process 

contains electrically non conducting phases possess some 

problems in metal matrix composite materials. The material 

removal process is impeded and hampers the process 

stability by the non-conducting material. 

 
Fig. 1:  Electric Discharge diamond grinding 

A. The principle of EDDG process: 

The electrical discharge diamond grinding (EDDG) process 

is a hybrid process which utilizes a metal bonded diamond 

grinding grit wheel and subjects the work to the 

simultaneous influence of diamond grains and electrical 

sparking in the inter-electrode gap IEG during EDDG which 

cause abrasion and surface melting respectively show in 

figure. The electrical discharge diamond grinding (EDDG) 

process is a misnomer and different from electrical 

discharge grinding because never physical contact between 

the work and used of a rotating graphite wheel. The 

developments of EDDG process by this motivations and 

combination of certain process characteristics of diamond 

grinding and EDM. Calls of Abrasive machining for a tool 

material harder than the work piece because the work 

material harder than a tool material and hence a problem is 

created for Grinding of hard materials. 

II. MODELING ON BASED ARTIFICIAL NEURAL NETWORK 

(ANN): 

The information is processed in the nervous system to in 

spire the computer algorithms of the neural networks. An 

Artificial neural network is a massively parallel processor 

for storing experimental knowledge in natural propensity. 

A. Network structure: 

The model is developed by the multilayer percept on (MLP) 

network which shown in Figure. This network consists of 

three layers of nodes such as input, hidden and output layers 

which comprise N, L and K number of processing nodes. 

B. Back propagation algorithm (BPA): 

The back propagation algorithm is a modified network 

weights and used to minimize the mean squared error 

between the actual outputs and the desired outputs of the 

network. 
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Where f:X→Y 

Here X = set of N- dimensional input vectors,    X={𝑋𝑝}; 

p=1, 2, 3, 4, 5……………..d      and 

X= (𝑥1, 𝑥2, … … . . 𝑥𝑛 , … … … 𝑥𝑁)𝑇   

Y=(𝑦1, 𝑦2 , … … . . 𝑦𝑘 , … … … 𝑦𝐾)𝑇  

Determined the precise form off by,(𝑎)Used of 

network topology,(𝑏)Selects the activation function 

and,(𝑐) Weight  Of the network 𝑊𝐻and 𝑊𝑜 

Where,𝑊𝐻= weights between input and hidden nodes, and 

 𝑊𝑜 = weights between  Hidden and output nodes, 

Thus the nonlinear mapping equation canbe expressed 

y = y (x; W)    (1) 

Where, W = {𝑊𝐻, 𝑊𝑂}.     In this equation is a function of 

x and parameterized by W, then possible uses of the three-

layered multilayer per crept on of the input-output 

relationship approximated to write the closed-form 

expression as: 

𝑦𝑚 = 𝑓2̃ [∑ 𝑤𝑙𝑚
𝑜𝐿

𝑙=0 𝑓1̃[∑ 𝑊𝑛𝑙
𝐻𝑁

𝑛=0 𝑥𝑛]] ; 𝑚 = 1,2,3 … … 𝑀 (2) 

Where,𝑦𝑚=mth network output,  𝑓1,̃= nonlinear activation 

functions, 𝑓2̃=pure linear function         

𝑤𝑛𝑙=the weight between nth input and lth hidden node 

𝑤𝑙𝑚=the weight between lth hidden node and mth output 

and 𝑥𝑛=nth network input 

Mainly the multilayer perception training 

procedure is used to obtains an optimal set (W) of the 

network weight matrices 𝑊𝐻and 𝑊𝑜forminimize an error 

function 

The commonly employed the root-mean-squared-error 

(RMSE) function is defined as: 

𝑅𝑀𝑆𝐸 = √
∑ 𝐸𝑖

𝑁𝑝
𝐼=1

𝑁𝑝𝑀
     (3) 

 Where,𝑁𝑝=the number of patterns, i=index of the input 

pattern and 

 𝐸𝑖  =the sum-squared-error (SSE) to the ith training pattern.  

The sum-squared-error (SSE) is expressed as: 

𝐸𝑖 =  ∑ (𝑡𝑚
𝑖 − 𝑦𝑚

𝑖 )2𝑀
𝑚=1     (4) 

 

Where,  𝑡𝑚
𝑖  = the target values of the mth output node and  

𝑦𝑚
𝑖 =thepredicted values of the mth output node, 

2.3- Performances of ANN model: 

The average absolute relative error (AARE) must be 

minimum on test data: 

𝐴𝐴𝑅𝐸 =
1

𝑀
[∑ |

(𝑦𝑝𝑟𝑒𝑑(𝑖)−𝑦exp (𝑖)

𝑦exp (𝑖)
|𝑀

𝑖=1 ]  (5) 

Where,𝑦𝑝𝑟𝑒𝑑(𝑖)=predict value  𝑦exp (𝑖)=experimental value 

III. METHODOLOGY  

A. Genetic algorithm: 

Genetic Algorithms (GAs) that are related to the stochastic 

optimization techniques which have been used with a very 

success in solving problems. The genetic engineering 

models were originally developed by Genetic Algorithms 

(GAs) and evolution in natural systems. The “survival-of 

the-fittest” and “genetic propagation of characteristics” are 

the principles of biological evolutions and uses for finding 

the solution of an optimization problem enforces by Genetic 

Algorithms (GAs 

Technology used in GA: 

B. Coding and Decoding: 

The coding is used in a linear mapping rule and the variables 

𝑥𝑖are decoded into string structures. 

𝑥𝑖 =  𝑥𝑖
(𝑣)

+
𝑥𝑖

(𝑢)
−𝑥𝑖

(𝑣)

2𝑣𝑖−1
             (𝑑𝑒𝑐𝑜𝑑𝑒𝑑 𝑣𝑎𝑙𝑢𝑒)  (6) 

The decoded value is given by the rule 

Decoded value =      ∑ 2𝑖𝑆𝑖
𝑣𝑖−1
𝑖=0  

Where,𝑠𝑖=the binary digit in the coding 

The code length depends that what required accuracy for the 

variable. 

Accuracy =  
𝒙𝒊

(𝒖)
−𝒙𝒊

𝒗

𝟐𝒗𝒊
   (7) 

C. Fitness: 

Genetic Algorithms (GAs) work on the principles of 

‘survival of the fittest’ in effect means that the better points 

or the points that yield higher values for the function are 

used to continue in the next generation and the less profit 

points are ejected from calculations. This Depends upon the 

initial objective function need for a maximized or 

minimized problem. 

Hence different the fitness function is defined as: 

F(x) = f(x) for a maximization problem 

F(x) =  
𝟏

𝟏+𝐟(𝐱)
for a minimization problem 

Three operators are carried out; (a) Selection (b) Crossover 

(c) Mutation 

D. Operators in Genetic algorithms: 

1) Selection:  

The selection operator is also called the reproduction 

operator. Because this operator is decided that the select of 

the strings for the next generation. Result the formation of a 

‘mating pool ‘at the end of this operation and the average 

strings are copied in a probabilistic manner by rule 

(Fitness of string) α   (Probability of selection into mating 

pool) 

Probability of selection into mating pool of the ith string: 

  𝑝𝑖 =
𝐹𝑖

∑ 𝐹𝑗
𝑚
𝑖=1

     (8) 

Where,Fi = fitness of the ith string 

Fj = fitness of the jth string and m=population size 

The sum of all fitness of individual strings and dividing by 

the population size is known as the average fitness(�̅�): 

�̅� =
∑ 𝐹𝑖

𝑚
𝑖=1

𝑚
    (9) 

The procedure of this algorithm calculates by following 

step: 

Step1:  Calculate pi, by using Fi. 

Step2: FindPi (cumulative probability). 

Step3: Generate” m” random numbers (between 0 and 1) 

Step4: copy the string that represents the selects random 

number in the cumulative probability (Pi) range into the 

mating pool. a larger range of string with maximum fitness 

in cumulative probability and copy more probability into the 

mating pool. 

2) Crossover: 

After the selection operator has been implemented, there is a 

need to introduce some amount of randomness into the 

population in order to avoid getting trapped in local 
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searches. To achieve this, cross over operation was 

performed. In the crossover operation, new strings are 

formed by exchange of information among strings of the 

mating pool.  

Step1: Select (100pc) % of the strings out of the mating pool 

at random. 

Step2: Select pairs of strings at random 

Step3: Decide a crossover point in each pair of strings 

(again this done by a random number generation over the 

length of the string and the appropriate position is decided 

according to the value of the random number) 

Step4: Perform the crossover on the pairs of the strings by 

exchanging the appropriate bits. 

3) Types of crossover: 

1) One Point Crossover: One point Crossover operator is 

selected randomly crossover point and then copies 

every portion before this point copies everything from 

the first parent and then after copies everything from the 

second parent.  

2) Two-Point Crossover: Two- Point Crossover operator is 

selected randomly two crossover points within a 

chromosome and then interchanges between the two 

parent chromosomes to produce two new offspring. 

3) Uniform Crossover: Uniform crossover operator is 

mixture of one and two point crossovers in same ratio 

which decides contribute the gene values in the 

offspring chromosomes and this operator allows the 

parent chromosomes are mixed at the gene level than 

the segment level: 

4) Mutation: 

The procedure of the mutation as follows: 

Step1: to find the approximate number of mutations to be 

performed by Approximate number of mutations=n/pm. 

Step2: generate random numbers on which mutation is to be 

performed for particular population member. This is decided 

by a ‘coin toss’. That is, select a random number range to 

represent true and false. If the outcome is false, do not 

perform mutation, if false, perform mutation. 

Step3: if the outcome represent true at a coin for a particular 

population member, then generate another random number 

to decide the mutation point over the entire length of the 

string. Once decide, flip the bit corresponding to the 

mutation point. 

The strings obtained represent the next generation at the end 

of mutation and carried out the same operations on this 

generation until calculates the optimum value. 

5) Outline of basic Genetic programming: 

Start: Generate random population of the n chromosomes 

(i:e accurate solution of the problem). 

      2. Fitness:    Evaluate the fitness f(x)  F(x) = f(x)        for 

a maximization problem 

F(x) =  
𝟏

𝟏+𝐟(𝐱)
for a minimization problem 

a) New Population: step to stop Create a new 

population. 

1) Selection: according to the fitness select the two parent 

chromosomes from a population (good the fitness, 

bigger the chance to be selected). 

2) Crossover: (one or two point) crossover the parents to 

form new off- springWith a crossover probability. If no 

crossover was performed, off- spring is the exact copy 

of parents. 

3) Mutation: mutate new off spring at each Locus with a 

mutation probability off spring at each Locus (Position 

in chromosomes). 

4) Accepting: Place new offspring in the new population. 

5) Replace: Use a new generated population for a further 

run of the algorithm. 

6) Test:  

If the end condition is satisfied, stop, and return the best 

solution in the current population. 

7) Loop: Go to step 2. 

 
Fig. 2: Flow Chart of CA-HNG Software 

IV. CA-HNG SOFTWARE FOR OPTIMIZATION OF EDDG   

PROCESS PARAMETER 

EDDG is a hybrid machining process which integrates with 

diamond grinding and electro-discharge machining (EDM) 

and used for shaping electrically conductive very hard 

materials. The hybrid EDDG process employs synergetic 

interactive effect of electro discharge action and abrasion 

action to increase the machining performance. Material 

removal rate and Temperature of the work piece are selected 

as responses with current, pulse-on time, and wheel speed as 

process parameters. Optimum parameter level is calculated 

with the help of computer added hybrid neural genetic (CA-

HNG) program written on MATLAB 

Experimental Data: 
Control Factors Level 1 Level 2 Level 3 

Pulse Current 6.8 12.8 18.8 

Cutting Speed 2.48 4.8 6.45 

Pulse-on time 981 498 298 

Table 1: Factors and their levels: 
Abrasive Diamond 

Diameter 98 mm 

Thickness 6.8mm 

Impregnation 2.8mm 

Concentration 74% 

Grit Size 78/98 

Bond Material Bronze 

Table 2: Wheel Specification 
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Exp. 

No. 

I 

(A) 

Vs 

(m/s) 

Ton 

𝝁𝒔 

T 

(K) 

(Exp.) 

T 

(k) 

(ANN) 

MRR 

(g/min) 

(Exp.) 

MRR 

(g/min) 

(ANN) 

1 0 0 0 327.4 326.21 0.026 0.0229 

2 0 0 0.5 331.09 329.28 0.022 0.0185 

3 0 0 1 327.14 329.56 0.024 0.0233 

4 0 0.5 0 314.88 311.06 0.073 0.0730 

5 0 0.5 0.5 313.48 314.52 0.053 0.0627 

6 0 0.5 1 311.56 314.54 0.061 0.0617 

7 0 1 0 308.22 309.94 0.104 0.1057 

8 0 1 0.5 312.75 314.15 0.080 0.0734 

9 0 1 1 316.16 314.14 0.097 0.0953 

10 0.5 0 0 342.75 342.69 0.093 0.0966 

11 0.5 0 0.5 354.49 354.53 0.143 0.1392 

12 0.5 0 1 350.16 350.53 0.179 0.1792 

13 0.5 0.5 0 328.33 328.11 0.145 0.1430 

14 0.5 0.5 0.5 340.15 340.61 0.187 0.1798 

15 0.5 0.5 1 338.19 338.13 0.217 0.2194 

16 0.5 1 0 327.26 327.94 0.164 0.1637 

17 0.5 1 0.5 342.17 340.85 0.196 0.2013 

18 0.5 1 1 339.08 340.88 0.234 0.2332 

19 1 0 0 354.22 353.95 0.250 0.2483 

20 1 0 0.5 348.22 349.64 0.312 0.3202 

21 1 0 1 367.37 366.33 0.406 0.4007 

22 1 0.5 0 342.73 341.44 0.310 0.3057 

23 1 0.5 0.5 345.89 345.67 0.401 0.3872 

24 1 0.5 1 351.14 348.97 0.411 0.407 

25 1 1 0 330.07 330.12 0.336 0.329 

26 1 1 0.5 341.72 338.39 0.416 0.412 

27 1 1 1 350.00 434.80 0.421 0.420 

Table 3: Experimental Data(3) 

A. Preprocessing Data: 

During the learning process of the ANN, consists of an input 

vector and an output vector needs for each pattern to 

normalize and avoid the error propagation. This is achieved 

using the following normalization equation. 

𝑌  =   
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
   (10) 

Where  𝑋 = Actual value,  𝑋𝑚𝑎𝑥  is the maximum value of X,  

𝑋𝑚𝑖𝑛 is the minimum value of X, Y is the normalized value 

corresponding to X. 

B. Dynamics of ANN Modeling: 

In the study hyperbolic tangent function and log sigmoid 

function are used in activation function. 

The net input of a node in layer 𝑗 is  𝑁𝐸𝑇𝑗 = ∑ 𝑊𝑗𝑖 𝑂𝑖                                                             

(10) 

Where f = the activation function 

𝑊𝑗𝑖=the weight on the link between nodes in layer𝑗and𝑖.And 

𝑂𝑖= the input to node in layer𝑗.  

The output of node in layer𝑗is          

𝑂𝑗 = 𝑓(𝑁𝐸𝑇𝑗)                 (11) 

For a hyperbolic tangent activation function: 𝑜𝑗  =  

𝑒
(𝑁𝐸𝑇𝑗+𝜃𝑗)

− 𝑒
−(𝑁𝐸𝑇𝑗+𝜃𝑗)

𝑒
(𝑁𝐸𝑇𝑗+𝜃𝑗)

+ 𝑒
−(𝑁𝐸𝑇𝑗+𝜃𝑗)                              (12) 

The parameter 𝜃𝑗 serves as a threshold or bias. 

For a log sigmoid activation function: 

 𝑜𝑗  =  
1

1+𝑒𝑥𝑝
(−(𝑁𝐸𝑇𝑗+𝜃𝑗)       (13)  

`The values of the weights and biases for MRR and 

TM after network getting fully trained, are shown given 

below in the.  

Table 4 MRR T 

Weights to hidden layer From  

input layer 
-3.0114 0.0434 

Bias to hidden layer 3.164 1.0689 

Weights to output layer -0.5563 528.79 

Bias to output layer 0.057066 -91.9899 

C. Modelling and Optimization using CA-HNG Software: 

1) Modeling: 

In the mathematical form, the ANN model for MRR can be 

expressed as follows: 

𝑀𝑅𝑅 = 𝑊 (
1

1+𝑒𝑥𝑝(−𝑛)) + 𝐵   (14) 

Where      𝑛 = −3.0114𝑋1 − 0.60134𝑋2 − 0.7637𝑋3 +
3.15   and 

𝑊 = −0.5563    &     𝐵 = 0.058 Are the weight from 

hidden layer to output layer, and   bias to output layer. 

Similarly, the ANN model for T: 

 𝑇 = 𝑊𝑞𝑂𝑗 + 𝐵𝑜    (15)                           

Where 𝑊𝑞 and 𝐵𝑜 corresponded to weight and bias 

to output layer and 𝑜𝑗is the net input to the output layer from 

hidden layer and it is given by, 

𝑂𝑗 =
𝑒𝑚−𝑒−𝑚

𝑒𝑚+𝑒−𝑚      (16) 

Where 

𝑚 = −0.167𝑋1 − 0.0803𝑋2 − 0.0436𝑋3 + 1.069  

𝑊𝑞 = 529.79&𝐵𝑜 = −92.99 

2) Optimization: 

The objective function for maximization of MRR and 

minimization of T in the optimization problem can be 

solvingby equation show in below: 

Find: X1, X2, and X3 

Maximize : 𝑀𝑅𝑅 = 𝑊 (
1

1+𝑒𝑥𝑝(−𝑛)) + 𝐵  (18) 

& 

 Minimize:𝑇𝑀 = 𝑊𝑞𝑂𝑗 + 𝐵𝑜    (19)      

 The range of control factors: 

6.9 ≤ 𝑋1 ≤ 18.9 

2.4 ≤ 𝑋2 ≤ 7.4 

98 ≤ 𝑋3 ≤ 298 

 Where𝑋1, 𝑋2 and 𝑋3 are coded values of control factors 

V. RESULTS & DISCUSSION 

The ANN predicted values for both the quality 

characteristics and compared with the experimental values, 

checks the validity of developed models. The MRR models 

have been found as 0.0139, 0.00065 and 0.000099 

respectively for the maximum, minimum and mean square 

error while T models have been found as 0.87, 0.0099 and 

0.0988 respectively for the maximum, minimum and mean 

square error The comparison results are also shown in 

Fig.(4) and Fig.(5) 
Testing data set Control factors MRR 

 X1 X2 X3 Experimental ANN % Error 

1 1 0.5 1 0.410 0.407 

Maximum Errors: 

1.9% 

2 1 1 0 0.335 0.329 

3 1 1 0.5 0.415 0.412 

4 1 1 1 0.420 0.421 

Table 5: Comparison of experimental result of MRR with 

ANN model 
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Testing data set Control factors Temperature 

 X1 X2 X3 Experimental ANN % Error 

1 1 0.5 1 352.15 0.407 

Maximum Errors: 

1.9% 

2 1 1 0 330.07 0.329 

3 1 1 0.5 342.71 0.412 

4 1 1 1 350.03 0.421 

Table 6: Comparison of experimental result of T with ANN 

model 

 
Fig. 3: Comparison of ANN predicted result with the 

experimental result for Temperature 

 

 
Fig. 4: Comparison of ANN predicted result with the 

experimental result for MRR 

A. Optimization Parameter: 

1) For MRR: 

optimum values of control factors pulse current, cutting 

speed and pulse-on time is 18.8 A, 6.25 m/s and  111 µs. 

The value of MRR at the optimum level of control factor is 

0.48 g/min. 

2) For Temperature: 

optimum values of control factors pulse current, cutting 

speed and pulse-on time is 6.8 A, 6.45 m/s , and 98 µs. The 

value of temperature at optimum level of control factor is 

306.9 K. 

The optimization result has been shown below in 

Table 9. 

 

Output 

chatacteristi

cs 

Current(I

) 

Cutting 

speed(m/

s) 

Puls

e on 

time 

(𝜇𝑠) 

Optimu

m value 

by GA 

a Temp. 6.8 6.45 98 306.9 

b MRR 18.8 6.25 111 0.48 

Table 7: Optimum parameter level 

VI. CONCLUSION  

The single objective optimization of electric discharge 

diamond grinding by using CA-HNG Software has been 

done.Some following conclusions have been drawn on the 

basis of results obtained: 

1) The developed models from CA-HNG Software for 

material removal rate (MRR) and temperature (T), with 

mean square error of 0.000099% and 0.0988% 

respectively, are well in agreement with the 

experimental result. 

2) The optimum levels of control factors  using CA-HNG 

Software are:  

For MRR:  pulse current 18.8 A, cutting speed 6.25 m/s 

and pulse-on 111 µs. 

For Temperature: pulse current 6.8 A, cutting speed 

6.45 m/s and pulse-on 98 µs. 

3) Using CA-HNG Software both the performances MRR 

and T have been improved by 12.01% and 8.02% 

respectively as compared to the best experimental 

values. 

4) As CA-HNG Software written on  matlab, which is 

used in the current work and found to give  better result 

, so it must  be applied  for neural  network  modelling  

and  genetic optimization of any manufacturing process. 

VII. FUTURE SCOPE 

1) In this thesis, Artificial Neural Network and Genetic 

Algorithm is combined to develop the CA-HNG 

software and similarly other hybrid approach can be 

combined to reduce the effort in modelling and 

optimization of the manufacturing process. 

2) CA-HNG Software can perform single objective 

optimization but similar Software can be developed for 

Multi Objective Optimizationin the future. 

3) It is found that very few work has been done so far on 

programming based modeling and optimization of the 

manufacturing processfrom the Literature survey hence 

this area is open  for the researcher to work. 
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