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Abstract

The ever-increasing demand for complex product geometries along with superior product features has led to a rapid
increase in the use of super alloys. However, the difficulty in machining of these alloys had made non-traditional
machining processes an attractive substitute to conventional machining. In this paper, an attempt has been made to
optimize the performance parameters namely material removal rate (MRR) and overcut in machining of Inconel 800
alloy by WEDM using Artificial Neural Network (ANN). This is achieved by performing the experiments according
to the Taguchi L16 orthogonal array. Different ANN network structures were developed and compared taking into
consideration pulse on time (Ton), pulse off time (Tor), current (I) and servo voltage (SV) as the controlled parameters
for identifying the optimal network. The predicted results were found to have a close consensus with the experimental
values.
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1. Introduction

Inconel 800 is an iron-nickel-chromium alloy. It has good resistance to carburization and oxidation at high
temperature. The use of Inconel 800 is particularly found in the petrochemical industries, rocket engines, piping
industries, space crafts, seals and combustors, gas turbine blades, steam generators in nuclear-pressurized reactors etc
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due to extremely good tensile strength and resistance to chloride stress-corrosion cracking (Chakraborty et al 2016).
It has moderate strength and difficult to be machined by a conventional method. WEDM is a non-traditional machining
process to machine parts which are very hard, having varying hardness and cannot be machined by conventional
machines. It uses a very thin wire (0.05-0.3mm) of copper, brass or tungsten in tension as an electrode maintaining a
very small gap with the workpiece due to which sparks are generated and machining takes place by melting and
evaporation of material from the surface of the workpiece (Ho et al 2004). In this paper Inconel 800 plate of 5 mm
thickness is machined on WEDM by varying the four controlled parameters Ton (1s), Tosr (1s), I (A) and SV (V) to
study their effects on material removal rate (MRR) and overcut. Taguchi L16 orthogonal array is considered as the
design of experiment (DOE) to reduce the number of experiments from 256 to 16 which claims 95% accurate result.
After performing the experiments, the values of controlled parameters and responses are entered in the ANN model
to check the concordances with the experimental values and to find the optimal network from different network
models.

2. Literature Survey

Mabhapatra and Patnaik (2007) designed their experiments using Taguchi L27 orthogonal array for cutting a block of
D2 tool steel. WEDM with zinc coated copper wire is used to cut the tool and measure the MRR, surface finish (R,)
and kerf width. The objective of finding the optimal value for the input parameters was achieved using a Genetic
Algorithm (GA). Ramakrishnan and Karunamoorthy (2008) studied the effect of controlled parameters on MRR and
surface finish (R,) using computerized numeric controlled (CNC) WEDM process on Inconel 718 work material. The
experiments were designed using Taguchi L9 orthogonal array in Minitab. Level of importance for the controlled
parameters was done by Analysis of Variance (ANOVA). A 3 layered ANN model was adopted to compare the test
results and it was found that the ANN model predicted more accurate result than experimental value. Ikram et al
(2013) also conducted WEDM on D2 tool to find the MRR, kerf width and surface roughness with eight control
factors. Taguchi L18 orthogonal array DOE was used for performing experiments. ANOV A and signal to noise (S/N)
ratio were used for statistical analysis. Pulse on time and open voltage were found to be significant factors for surface
roughness. In addition to pulse on time and open voltage, wire tension for kerf and servo voltage for MRR was found
to be significant. Va et al (2010) performed an experiment on WEDM to measure MRR, surface roughness and kerf
in machining Incoloy 800 superalloy and optimized using Grey-Taguchi method. Taguchi L9 orthogonal array was
used as DOE. Huang et al (2013) optimized the cutting conditions of YG15 steel tool for surface roughness and MRR
in WEDM using regression model. Two types of L18 orthogonal array were used as DOE. The regression analysis of
ANOVA predicted an increase in MRR by 2.23 times and a reduction in surface roughness by 1.41 times. Abinesh et
al (2014) studied different parameters while machining Titanium alloys (Grade 5 and Grade 2) in WEDM. They
performed different experiments based on Taguchi L16 orthogonal array with 2 levels of input factors. Predicted
values were close to the experimental values with 2.65%, 9.12% and 4.18% error for MRR, surface roughness and
electrode wear rate respectively. Alias et al (2012) studied machining of Ti-6Al-4V using brass wire electrode on
WEDM with varied machine feed rate and concluded that there is an increase in MRR and surface roughness while a
decrease in kerf width with increasing feed rate. Senkathir et al (2019) used response surface methodology to optimize
machining parameters of Inconel 718 by WEDM. They concluded that if the pulse on time and input current is
maximum and feed is 78mmn/s then machining time and circularity error can be reduced. Kumar et al (2019) conducted
an experiment on WEDM of Inconel 718 using zinc coated brass wire and Taguchi L27 orthogonal array considering
5 process parameters. JAY A algorithm is used to select the optimal combination of parameters. JAYA algorithm
predicts minimum fitness value compared to teaching learning based optimization (TLBO) and GA algorithm with
the optimal parametric combination for machining. Das et al (2019) worked on WEDM on EN31 steel for determining
the performance parameters and optimized the process parameters using grey-fuzzy approach. Yusoff et al (2018)
tested machining on Inconel 718 in WEDM and compared the predicted result of OrthoANN. It was observed that
OrthoANN predicted more accurate result than conventional ANN. Jain et al (2017) studied surface roughness and
acoustic emission (AE) signals during machining of Titanium Grade-2 material in WEDM with the use of ANN. The
experiments were performed keeping voltage and flush rate constant while pulse on time, pulse off time and bed speed
were varied. AE monitoring helps in detection of growth of subsurface cracks. Roughness was found to increase and
similarities were seen in both roughness-time and AE-time plot. ANN predicted a similar result with 70% of training
data. Jafari et al (2017) modelled and analysed the surface roughness of microchannel by micro-WEDM using ANN.
Taguchi L25 orthogonal array was used for DOE and six different process parameters were selected for studying the
surface roughness of microchannel heat exchanger. An ANN model was developed which showed the capability to
predict the result with R-value of 99.5%. Gurupavan et al (2017) estimated the performances parameters (surface
roughness, accuracy, volumetric MRR and electrode wear) with varying control parameters (pulse on, pulse off,
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current and bed speed) for machining aluminium based metal matrix composite in WEDM using ANN. Taguchi L27
orthogonal array was used as DOE by the author. Also, back propagation neural network (BPNN) was used for the
analysis which predicted good and correlating results with the experimental ones.

3. Methodology

The experiments were performed on a WEDM as shown in figure 1. MRR (in mm?/min) was calculated based on
weight loss (in gm) divided by the product of the density of the material (in gm/cc) and machining time (in min),
which is noted for every machining operation. In the same manner, overcut (in mm) for all cutting operation is
calculated by taking half of the difference of kerf diameter (in mm) and wire diameter (in mm) for each experiment.
After getting the values of MRR and overcut, ANN network was used to check the concordances of the experimental
result with the predicted result of the ANN network.

. Wire
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[ b i

w Lower Nozzle

Figure 1. Cutting of Inconel 800 by WEDM process

ANN developed algorithm use the way human brain processes and predict the result of very complex problems. A
human brain consists of billions of cells known as neurons which helps in processing information collected from the
electric signals. The information received from the electric signal is processed and passed on to next neuron which
can be either accepted or rejected depending upon the strength of the neuron. In the same way, ANN takes input
information from the user initially and then it is processed in hidden layers which are transferred to give the output
from that information (Zurada 1992). All the layers in the network are interconnected to each other. The learning
process goes throughout the hidden layers where it is processed, validated and then predicted. It is a learning process
through some training algorithms, the more accurate data is input the more accurate output will get. The network is
trained up to the time when R-value is more than 0.96 which predict the best result among them. The process of ANN
is shown in figure 2.
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Figure 2. The basic process of ANN

The artificial neural network has an input layer, hidden layers with variable neurons and an output layer. The input
layer is initially given input by the user which is updated by reinitialized weights between the input layer and hidden
layers. In the present work, 4 controlled parameters and 2 performance parameters are studied. The model developed
consists of 1 input layer, 1-2 hidden layer and 1 output layer. There are 4 neurons in the input layer due to 4 controlled
parameters. Similarly, there are 2 neurons in the output layer due to 2 performance parameters. The number of neurons
in the hidden layer is discussed further. The network type used in this study is feed-forward backprop.

3.1 Selection of neurons in the hidden layer

For the selection of hidden layers or number of neurons, there are no specific rules defined. So in order to carry out
the selection process, the trial and error method is used. But to limit the number of neurons in the hidden layers, two
relations are considered (Reddy 2014):

(Neuron) min = (O/P+1/P)/2 (1)

(Neuron) max = 2*A/P)+1 2)

Where O/P — the number of performance parameters
I/P — the number of controlled parameters

Therefore, a minimum of 3 neurons and a maximum of 9 neurons can be selected. These numbers are varied in the
hidden layers of the network.

3.2 Structure of neural network

In this study four controlled parameters namely pulse on time (Ton), pulse off time (Tof), current (I) and servo voltage
(SV) are taken in 1 input layer.Two performance parameters namely MRR and overcut are taken in 1 output layer.

The neural network is structured in two ways:

1. Taking 1 input layer, 1 hidden layer with a number of neurons ranging from 3 to 9 and 1 output layer as
shown in figure 3.
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Hidden
Layer

Figure 3. The framework of 4-n-2 neural network (1 hidden layer with n neurons)

2. Taking 1| input layer, 2 hidden layers with a number of neurons ranging from 3 to 9 for each layer and 1
output layer as shown in figure 4.

MRR

Overcut

Hidden Hidden
Layer 1 Layer 2

Figure 4. The framework of 4-n-n-2 neural network (2 hidden layers with varying neurons)
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3.3 The training process for a neural network

The training process is carried out by using the feed forward backprop network type. The input data is imported in 2
ways: (1) Taking 12 input data of L16 orthogonal array for training randomly. (2) Taking the rest of 4 input data for
validation check as sample data. TRAINLM function is used as a training function for the network. LEARNGDM
function is taken as adaptation learning function. Different neural network with a pattern of hidden layers with a
different number of neurons is taken as shown in table 1. TANSIG transfer function is used for hidden and an output
layer. In this study, 15 networks are selected for training with 1000 epochs and 1000 validation checks. After training
and validation, the minimum, maximum and mean predicted an absolute value for all the networks are noted and listed
in table 1. The corresponding coefficient of correlation value (R) for the networks is also listed in the same table. The
network having a maximum value of R is taken as the best network and the corresponding predicted value of MRR
and overcut from that network is compared with the experimental value.

Table 1. Variation in Absolute Percentage error and coefficient of correlation for various Network structure

Minimum Maximum Mean
S. No. Network predicted predicted predicted R
structure absolute absolute absolute
error (%) error (%) error (%)
1 4-5-2 0.03901 19.25554 9.64728 0.99619
2 4-6-2 0.27743 33.75873 17.01808 0.98817
3 4-7-2 0.44663 50.0491 25.24787 0.90141
4 4-8-2 0.00001 49.41094 24.70548 0.9822
5 4-9-2 0.08687 19.78641 9.93664 0.99689
6 4-5-4-2 0.00058 53.66824 26.83441 0.99677
7 4-6-5-2 1.163x10°% 128.95125 64.475625 0.85723
8 4-6-6-2 9.9895x10 58.15586 29.07793 0.98085
9 4-7-6-2 0.008691 50.51994 25.26432 0.96767
10 4-6-7-2 2.63110°% 35.41972 17.70986 0.98002
11 4-7-8-2 0.00017 28.07056 14.03537 0.99188
12 4-8-8-2 2.4757x10° 15.61135 7.80568 0.99794
13 4-8-9-2 0.02366 48.90502 24.46434 0.96859
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14 4-9-8-2 0.00018 92.18895 46.09457 0.98564

15 4-9-9-2 0.21481 22.52153 11.36817 0.99426

4. Results and Discussions

ANN model is capable of predicting the responses of WEDM due to complexity in forming a mathematical model.
After training 15 networks with feed-forward backprop network type in MATLAB, network structure 4-8-8-2 is
chosen as the best predicted network for the current WEDM experimental result. For choosing the best network, the
focus was that the coefficient of correlation (R) value should be maximum while mean absolute percentage error
(MAPE) should be minimum as shown in table 1. The ANN network model for network 4-8-8-2 is shown in figure 5.

Hidden Layer 1 Hidden Layer 2 Output Layer
Input
4
8 8

Figure 5. Network 4-8-8-2 model for WEDM process

The correlation coefficient plot for network 4-8-8-2 is shown in figure 6 with the maximum correlation coefficient
value of 0.99794 and minimum mean absolute percentage error of 7.80568 %. The correlation value for training,
validation and test are 1, 0.99997 and 0.99886 respectively as shown in figure 6. The predicted responses of ANN
network compared to experimental responses show a very good concord with the experimental values.
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Figure 6. Best correlation coefficient plot for network 4-8-8-2
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After getting the best correlation coefficient plot with a maximum value of All: R, the other 4 values which were not
taken for training is fed to the network and prediction was made which was very close to the experimental values as
shown in table 2.

Table 2. Experimental and ANN predicted values of MRR and overcut

MRR (mm?*/min overcut (mm
S.No. Experimentag liNN Experimental ( )ANN Run Order
1 3.1321 3.1321 27.4825 27.4825 4
2 4.98 4.9244 43.8925 43.8317 10
3 4.7465 4.9732 45.78 45.778 15
4 4.822 4.9077 41.225 43.687 11
5 2.4532 2.4532 22.0025 22.0025 2
6 2.7152 2.7152 24.6625 24.6625 3
7 4.2979 4.9689 50.375 50.2338 16
8 3.402 3.402 32.74 32.7401 8
9 4.8152 4.8152 43.4775 43.4775 12
10 3.6124 3.6124 34.07 34.07 5
11 4.9717 4.9717 44.0975 44.0973 14
12 2.5912 2.5912 22.55 22.55 1
Tested Data
13 3.6444 3.2925 32.9375 32.844 7
14 4.8365 4.9758 45.4275 45.2618 13
15 4.7976 4.5482 43.51 43.4125 9
16 3.4336 3.4729 34.29 38.83342 6

Figure 7 shows the comparison of predicted MRR by network 4-8-8-2 in ANN and experimental MRR. The plot is
made with respect to run order as shown in table 2. It can be clearly seen that except for the 16" run order, the predicted
MRR follows similar trend to the experimental MRR. The minimum absolute percentage error for the network was
found to be almost zero whereas maximum absolute percentage error was 15.61%.
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Figure 7. Comparison between Experimental and ANN predicted values of MRR
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Figure 8 shows the comparison of predicted overcut by network 4-8-8-2 in ANN and experimental overcut. The plot
is made with respect to run order as shown in table 2. It can be clearly seen that the predicted and experimental overcut
follow similar trends. The minimum absolute percentage error for the network was found to be almost zero whereas
the maximum absolute percentage error was 13.25%.
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Figure 8. Comparison between Experimental and ANN predicted values of overcut
5. Conclusion

On the basis of experimental values of Ton ,Tosr, I, SV, MRR and overcut, the Artificial Neural Network (ANN) for
WEDM process is structured in MATLAB using nntool. The optimal network structure 4-8-8-2 with R-value of
0.99794 is obtained from 15 different network structures. It has been seen that the predicted MRR follows a similar
trend as the experimental MRR. However, the optimal network predicted approximately 16% more MRR for 16" run
order. The minimum absolute percentage error for the network was found to be almost zero whereas the maximum
absolute percentage error was 15.61%. Similarly, the predicted overcut also follows a similar trend to the experimental
overcut. The minimum absolute percentage error for the network was found to be almost zero whereas the maximum
absolute percentage error was 13.25%. Hence it can be concluded that the network structure 4-8-8-2 provides the best
result for the four selected controlled parameters and the two performance parameters in ANN.

Based on an exhaustive survey of literatures available,expert opinion and preliminary experimentations, the four most
significant input process parameters were selected for the present study. However, the effect of other process
parameters on the machining process were not investigated and can be a scope for future work. Besides it is very
difficult to consider all parameters of WEDM at a time due to the complexity of the process itself. Finally other
optimizing and predictive methods like Polynomial Neural Network (PNN), Group Method of Data Handling
(GMDH) etc can also be used for parametric optimization of WEDM for Inconel 800.
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