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Abstract. The aim of this study was to optimize the cutting parameters such as cutting speed, standoff
distance, cutting current and gas pressure of the CNC plasma arc cutting process that affected the material
removal rate, surface roughness and nozzle diameter change after cutting performed on AISI 1020 mild steel
plate. Three levels of variation were taken to the four cutting parameters that were chosen. Twenty-seven trial
experiments were carried out using L27 orthogonal array of Taguchi design. In this experimental investigation,
the highest material removal rate (MRR) of 8.96 g/s, Ra surface roughness (SR) of 15.734 wm and nozzle orifice
diameter (ND) of 1.4637mm were achieved, whereas the lowest obtained values of MRR, SR and ND were
2.324 g/s,5.98 pm and 1.2114 mm, respectively. For modeling the plasma arc cutting process experimental input
parameters and responses’ results, a hybrid ANN-GA model was constructed. This model was used to forecast
and optimize MRR, SR and ND, as well as the control factors that go with it. The results indicated that the
ANN-GA model could predict the output responses with a mean square error of 1.06885e—1. During
optimization, a 4-9-3 network trained with neural network of back propagation by Levenberg-Marquardt
algorithm was used to have the greatest prediction capability, with optimum values of MRR, SR and ND of
7.0032g/s,4.2062 pm and 1.3142 mm, respectively. From the confirmation tests, the average results of 6.9247 g /s of
MRR, 4.3429 pm of SR and 1.3703 mm of ND were obtained. The percentage of errors between the ANN-GA
predicted optimal responses’ results and the confirmatory experimental results were found 1.121%, 3.250% and

4.269% for MRR, SR and ND, respectively.

Keywords: Material removal rate / nozzle diameter / surface roughness / artificial neural network /

genetic algorithm / plasma arc cutting parameters

1 Introduction

Plasma arc cutting is the process that melts and cuts metal
by using a confined jet of high temperature plasma gas [1,2].
R. Gate patented this approach in 1957. The process was
first used to cut difficult to machine materials, but it was
later expanded to include a wide range of other
manufacturing processes that demand high thermal energy
concentrations, like coating, welding, heat treatment, and
so on. The potential of plasma arc cutting to compete with
laser cutting has boosted the attention of modern
industries in applications of plasma arc cutting [3,4]. In
contrast to flame cutting, which is the combustion process,
plasma cutting is the melting technique. The material in
the kerf is melted and expulsed by a gas jet in the plasma.
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An electric arc forms between an electrode and a workpiece
during the operation. The arc formed between the work
piece and the electrode, which becomes ionized and escapes
via a nozzle’s pin hole. The high-temperature arc, which
reaches temperatures of over 18,000°C, is ionized and
penetrates deeply into a conductive substance through a
narrow nozzle with high-pressurized air [5]. In a torch, the
electrode tip is inserted into water or air-cooled gas nozzle.
The nozzle is used to conduct the plasma gas. The arc and
the plasma gas must flow through a very small aperture in
the nozzle’s tip. The gas is ionized and heated. Heat is
transmitted to the work piece when the plasma jet collides
with it owing to recombination. A passage of gas melts the
material and expels it from the kerf. A pilot arc must be
created to start the process and ionize the gas. The pilot arc
warms and ionizes the plasma gas. The main arc ignites and
the pilot arc extinguishes automatically because the main
arc’s electrical resistance is lower than the pilot arc’s [6].
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The cutting parameters of plasma arc cutting process
have impacts on the cutting quality, nozzle wear rate and
production rate on which their levels have been set. The
effects of these parameters are explained as the followings.
The nozzle is placed at a distance that to prevent the nozzle
from contacting with the metal, which might result in the
tip being destroyed quickly during the cutting operation.
As aresult, it appears that selecting appropriate machining
conditions, such as torch height, gas pressure, and cutting
speed is crucial for maximizing the efficiencies of such
machining operations [7]. Cutting current is the current
amount supplied to the process of plasma arc cutting when
cutting a work piece; it affects cutting power. In the
research [8] that was carried out to identify the best ideal
combination of three process parameters of a CNC plasma
arc cutting machine during cutting mild steel with a
thickness of 12 mm for the response values of kerf width and
material removal rate, the current values of 65, 85 and 105
A were considered. As the design of the experiment, the
experiment was performed using Taguchi’s L9 orthogonal
array. Results were analyzed using S/N ratio, and analysis
of mean (ANOM) was used for deciding which parameter
had more effect on the responses. The results showed that
an optimal cutting current of 8 A produced a response
value of 2.246 mm kerf width and 151.119 g/min material
removal rate. Another study [9] provided an experimental
examination of the top kerf width, material removal rate,
bottom kerf width, and bevel angle response of the plasma
arc cutting process on structural steel using four process
parameters. The values of cutting current were 30, 35 and
40 A. The experiment was designed using Box-Behnken
response surface methodology (RSM), and process param-
eters were optimized using grey relational analysis, and an
optimal cutting current of 40 A with a material removal
rate of 3188.66 mm®/min was obtained. Cutting speed
refers to the plasma cutting torch’s speed. An experiment
was carried out by evaluating four plasma arc cutting
parameters on EN-45A with a thickness of 12 mm in order
to investigate their influences on the material removal rate
[10]. The taken cutting speeds in this article were 280, 300,
320 and 340mm/min. The Taguchi technique was
employed to design the experiment the L16 orthogonal
array. ANOVA was also employed in the study to
determine the percentage contribution of each parameter.
Finally, the material removal rate of 0.9452 cm2/s was
obtained at an ideal cutting speed of 340 mm/min, and
cutting speed had the greater influence on material
removal. The study [11] was conducted to investigate
the influence of four process parameters on CNC plasma arc
cutting utilizing 10 mm thick mild steel with the responses
of material removed, surface roughness, and nozzle wear as
outputs. In this article, cutting speeds of 400, 500, 600 and
700 mm/min were considered. The experiment yielded the
best results of material removed of 0.629g, surface
roughness of 0.008 m, and nozzle wear of 62.48 mm at a
cutting speed of 700 mm/min. AISI 1018 mild steel was
used as the working material for the study [6] and four
plasma arc cutting parameters were chosen to investigate
their influence on responses, such as surface roughness,
material removal rate, and heat-affected zone (HAZ). The
cutting parameter of gas pressure was set to 4, 6, 8, and 10

bars. The experiment was planned using Taguchi’s L.16
orthogonal array, and grey relational analysis was used to
optimize the cutting settings. ANOV A was also utilized to
predict the impact of each process parameter on each
output response. From this optimization and experimental
works, the ideal material removal rate of 4.90g/s and
surface roughness of 2.98m were attained at the gas
pressure of 10 bar. The effect of three cutting parameters of
CNC plasma arc cutting of 5 mm thick mild steel with an
output response of kerf width and surface roughness was
also investigated [12]. The considered gas pressures were 5,
5.5, and 6 bars. The experiment was designed via the Box-
Behnken approach of RSM. For obtaining an optimal
parameter S/N ratio graph, main effect graph and contour
plots were used. In the study, ANOVA was also used for
knowing the percentage contribution of the parameters.
The optimum gas pressure of 5 bar was obtained for getting
surface roughness of 2.3 pm. The effect of CNC plasma arc
cutting parameters on material removal rate (MRR) by
utilizing 10 mm thickness of mild steel was studied [13].
Standoff distance of 5, 6 and 7 mm were taken as cutting
parameters’ levels-settings. The Taguchi’s L9 orthogonal
array was used for designing the experiment, and the
cutting parameter optimization was done by computing
the S/N ratio of Taguchi method. The optimal material
removal rate was 77.40g/s at standoff distance 7mm.
Cutting factors including current, gas pressure, and cutting
speed all had effects on nozzle wear [14]. Generally, the
effects of cutting parameters of plasma arc cutting process
were investigated as explained before.

From the previous researches, it was observed that
most of parameters of plasma arc cutting process were
optimized and identified their effects using Taguchi
method, RSM, grey relational analysis, S/N ratios,
ANOVA and ANOM. And, the experimental works were
carried out based on orthogonal arrays of Taguchi design
and design of RSM. However, the previously used
optimization methods were not effective since they could
only give discrete optimal results, T'aguchi method is only
used to optimize single response, and all the above-
mentioned methods have lower prediction capacities than
the hybrid artificial neural network and genetic algorithm.
A design of experiment (DOE) in an experimental
investigation reduces the number of experiments and the
time it takes to complete the research [15-17]. An
orthogonal array is utilized in the Taguchi design to
reduce the number of experimental runs required to
determine the optimal parameters of machining process
[16]. Artificial neural network (ANN), is a network of nodes
that is inspired by biological neural networks. In terms of a
computing system, the analyses performed by ANNs are
comparable to those performed by animal or human brains
[18]. Using a simplified model, an ANN may transfer signals
between many nodes known as artificial neurons. The
connections that occur between neurons are referred to as
edges. A neuron takes a real-number signal, analyzes it, and
evaluates the output using a non-linear function of the
summation of its inputs. Weights on edges and neurons
change as learning continues, and these weights can either
increase or decrease signal intensity at a connection. Layers
of neurons are linked together, and each layer can perform
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(a) nozzle wear

Fig. 1. Observed defects in the AMIMTDE company.

various changes on the information it receives [19]. Besides,
genetic algorithm (GA) is used to discover the optimal
solution to a given computing issue that minimizes or
maximizes a certain function [1]. GA are one aspect of the
field of research called as evolutionary computation
because they mimic the natural selection and reproduction
of biological processes to solve for the ’fittest’ answers. In a
genetic algorithm, many processes are random, much as in
evolution, however this optimization approach allows you
to govern and control the amount of unpredictability.
These algorithms are far more efficient and powerful than
random and exhaustive search methods, and they do not
require any extra issue information. This property enables
them to tackle problems that conventional optimization
methods cannot because of a lack of derivatives, continuity,
linearity, or other qualities [20]. As a consequence, the GA
searches through the number of solutions in the search
space, constantly searching for the global optimum, the
individual with the best prospects [21].

In cutting of AIST 1020 mild steel mild steel plate with
plasma arc cutting machine was difficult in the Amhara
Metal Industry and Machine Technology Development
Enterprise (AMIMTDE), due to the continuous failure of
the nozzle. The nozzle of the plasma arc cutting machine
was worn quickly without cutting the required amount of
cut length as shown on Figure la. Most cutting
operations were performed with having great trouble
because the quality of the cut and the accuracy were very
low as shown on Figure 1b. The combined effects of a
continuous failure of the nozzle and low quality of cutting
were leading large amount of failure on the quality of
product during working time. The main reason for failure
was the incorrect combination of cutting parameters’
setting of levels.

There were not related researches that were conducted
to address the observed problems in the AMIMTDE
company; As a result, the basic objective of this study was
to optimize the cutting parameters of plasma arc cutting
process to improve surface roughness and material removal
rate and reduce nozzle orifice diameter change after cutting
performed on AISI 1020 mild steel plate on plasma arc
cutting machine using hybrid genetic algorithm (GA) and
artificial neural network (ANN). The simple flow chart is
shown on Figure 2 to represent the steps-wise procedure
that was followed for carrying out both the design
optimization and experimental method.

2 Materials and methods

2.1 Materials

The material composition test was investigated using
metal analytic spectrometer machine having model of
MAXx LMDO06, and the result of the composition test was
presented on Table 1. From these test results, it was
observed that carbon content was 0.207, so this value isin a
ranges for mild steel. Since mild steel has a carbon content
range from of 0.05 to 0.25%. Mild steel is the least expensive
of all steels since it is the most widely used. Mild steel is
used in almost every steel product that is manufactured.
Mild steel is tough and long-lasting, but it’s prone to rust,
so it needs to be painted or coated to keep it from corroding.

The experiment was carried out on 60 x 30 x 10 mm
ATST 1020 mild steel by cutting it from 400 x 90 x 10 mm
plate as shown its CAD model on Figure 3a. The plasma
cutting machine that was used for cutting the specimens in
this experimental study was the EDON CUT-100 machine.
The path for cutting of the specimens was given by
specifying the required dimension, which is 60 x 30x 10 mm
as shown in Figure 4a. By setting levels like giving the value
of current on the power supply, changing the gas pressure
on the air compressor, setting the cutting speed on the CNC
controller unit and adjusting the standoff distance on the
controller, cutting off three 60 x 30 x 10 mm specimens
were performed on each 400 x 90 x 10 mm and this process
is shown on Figure 4b. The final prepared specimens are
shown on Figure 3b.

2.2 Methods
2.2.1 Cutting parameters and orthogonal array selections

Selection of the control cutting parameters of plasma arc
cutting process were done by taking the actual cutting
parameters in the AMIMTDE company while cutting
10mm thickness of AIST 1020 mild steel plate and by
referring different researches that were done on mild steel
using plasma arc cutting process. The actual working
parameter values for cutting 10 mm thickness of AISI 1020
mild steel plate, which the company usually used, were
evaluated. This aided in determining the machine ranges
for power supply, compressor, and speed modification, as
well as producing a result within an acceptable range,
because those literature reviews were focused on mild steel
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Fig. 2. Flowchart of the design optimization and experimental method.

Table 1. AISI 1020 mild steel plate chemical composition.

Material Fe C Si

Mn

Cu S P Sn Others

Composition (%) 98.2 0.207 0.176

0.393

0.409 0.077 0.070 0.157 0.311

cutting and contained responses that were taken into
account in this study. Accordingly, the most important
control cutting parameters were chosen using Pareto chart
as shown on Figure 5. The first four parameters were chosen
as cutting parameters since they cumulatively contribute
80.6% which is more than 80%, each having its unique
effect on the cutting quality, while the remaining
parameters were kept as constants. As results, the control
parameters were current, speed, gas pressure, and standoff
distance for cutting the selected metal to forecast material
removal rate, surface roughness and nozzle diameter
change. The levels of selected cutting parameters shown
on Table 2 were also chosen based on the specifications of
plasma cutting machine which was utilized in this study
and by reviewing previous researches that were in the same
context as the cutting parameter decision [22-24].

Actually, many Taguchi designs are founded on
factorial designs of 2-level designs, Plackett and Burman
designs, and factorial designs with more than 2 levels.
However, Taguchi’s designs are typically highly fraction-
ated, making them appealing to practitioners. A half,
quarter or eighth fraction of a full factorial design
minimizes the cost and time required for a proposed
experiment significantly. In this study, four factors with
their three levels were taken. According to Taguchi design,
the available recommended designs are L9 and L27
orthogonal arrays. The L9 has the advantages of both
maximum and minimum trial runs, was provided to
minimize the number of runs [25]. By taking consideration
of better prediction during ANN model, L27 was selected
even though L9 was enough in terms of cost [16]. However,
the possible runs would be 81 in factorial design with single
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Fig. 3. Preparation of specimens.
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Fig. 4. Experimental setup on EDON CUT 100.

replication. Orthogonal array is another expression of
Taguchi design for the experimental layout of levels of
design parameters. So, the L.27 orthogonal array had been
selected, and it is shown on Table 3.

2.2.2 Measurement of responses

For knowing the material removal rate, the mass of the
workpiece was measured. After completing the cutting of
nine 400 x 90 x 10 mm AISI 1020 mild steel plate on EDON
CUT 100 plasma arc cutting machine, measurement of
initial mass before cutting of each specimen one by one was

recorded using JSC-D7 model WEIGHING INDICATOR
device as shown on Figure 6. The value of material removal
rate was obtained from the mass difference between before
and after cutting of specimen and divided by the time it
took while cutting the specimens. The measured results of
mass before and after cutting the plate and the time it took
are shown on Table 3.

Surface roughness (Ra) is the arithmetical mean of all
profile values added together. Ra is by far the most often
utilized metric for surface finish measurement and quality
management in general. Despite its limitations, it is simple
to measure and provides a decent overall representation of
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Fig. 5. Pareto chart of parameters (C = current, S = speed, G = gas pressure, SD = standoff distance, T = thickness, and V = voltage).

Table 2. Cutting parameters and their levels.

Levels
Parameters 1 2 3
Current in A (A) 45 65 85
Speed in mm/min (B) 200 400 600
Gas pressure in MPa (C) 0.6 0.7 0.8
Standoff distance in mm (D) 3 5 7

a surface profile’s height characteristics. The Ra rough-
ness’s of the specimens were measured by Zeta 20 3D
optical profiler in this study. Figure 7 shows the surface
roughness (Ra) measurement results of experiment 13.
The energy and momentum of the plasma torch’s high-
velocity plasma jet melts, vaporizes, and removes the metal
from the nozzle’s impingement region. The plasma arc
cutting nozzle was also analyzed via Zeta 20 3D optical
profiler in this study. The nozzle of plasma arc cutting
machine was placed on magnification objective in the
vertical position for measuring by rotating the turret, for
this case 5x objective was used, and Figure 8 shows the
measurement of nozzle diameter results for experiment 7.

2.2.3 Optimization by hybrid ANN and GA

There are many possible types of ANN network architec-
ture, but in this study back propagation (BP) learning was
utilized. The BP network is the most extensively used
because it has the advantage of learning and storing the
mapping between any number of input and output layers
without requiring sophisticated mathematical equations to
define the mapping connection. Based on the training and
back propagation of samples, BP can iteratively compute

the network’s weight coefficients and thresholds, lowering
the network’s error sum of squares [26]. The neural network
was trained to perform a certain function by changing the
values of the weights (connections) between elements.
Typically, neural networks were modified or trained so that
a certain input result in a certain output. Connection
modes, weights, and activation functions all influence
the ANN model’s output, which can be stated as in
equation (1) [27]:

y= f(Zwmmj + b) (1)

where, f represents activation function, w represents
weight value, z represents input vector, and b represents
bias value.

In this study, two popular metrics were utilized to
assess the forecasting performance the ANN model. The
first was mean-squared error (MSE); it represents the
average squared difference between the experimental
values and the network outputs, which is a simple way
of calculating the average difference in data. A low value of
MSE often indicates a high-accuracy forecast. The MSE
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Table 3. Mass and time results.
Parameters/levels Measurement

Exp. A B C D MB' (kg) MA(kg) ML’ (kg) Time (s)
1 45 200 0.6 3 2.67 2.508 0.162 54.05
2 45 200 0.6 3 2.508 2.33 0.178 54.2
3 45 200 0.6 3 2.33 2.205 0.125 53.78
4 45 400 0.7 5 2.66 2.526 0.134 26.7
5 45 400 0.7 5 2.526 2.354 0.172 27.1
6 45 400 0.7 5 2.354 2.225 0.129 26.74
7 45 600 0.8 7 2.645 2.535 0.11 17.54
8 45 600 0.8 7 2.535 2.395 0.14 17.81
9 45 600 0.8 7 2.395 2.235 0.16 18.07
10 65 200 0.7 7 2.62 2.47 0.15 54.23
11 65 200 0.7 7 2.47 2.307 0.163 54.12
12 65 200 0.7 7 2.307 2.160 0.147 53.81
13 65 400 0.8 3 2.675 2.521 0.154 27.25
14 65 400 0.8 3 2.521 2.38 0.141 27.1
15 65 400 0.8 3 2.38 2.245 0.135 26.8
16 65 600 0.6 5 2.65 2.51 0.14 17.8
17 65 600 0.6 5 2.51 2.35 0.16 18.22
18 65 600 0.6 5 2.35 2.215 0.135 17.69
19 85 200 0.8 5 2.655 2.527 0.128 53.92
20 85 200 0.8 5 2.527 2.375 0.152 54.28
21 85 200 0.8 5 2.375 2.225 0.15 54.21
22 85 400 0.6 7 2.68 2.543 0.137 26.54
23 85 400 0.6 7 2.543 2.372 0.171 27.08
24 85 400 0.6 7 2.372 2.220 0.152 26.72
25 85 600 0.7 3 2.7 2.55 0.15 17.87
26 85 600 0.7 3 2.55 2.389 0.161 17.95
27 85 600 0.7 3 2.389 2.260 0.129 17.53

'"MB = Mass before cutting.
>MA = Mass after cutting.

SML =Mass loss during cutting.

(a) before cutting

Fig. 6. Mass measurement.

(b) after cutting
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Zewn Inaged

(b) surface roughness result of Exp. 13

Fig. 7. Zeta 20 3D optical profiler while measuring surface roughness.

can be written as follows in equation (2) [27].

q

MSE =23 [y(k) — t(k)? 2)

7%=

where, t (k) and y (k) and represent the experiment data and
prediction value, respectively, and ¢ is number of data.

The regression was another performance indicator for
network efficiency shown in equation (3) [27]. The
association between outputs and goals was measured using
regression coefficients. It is a correlation coefficient (R)
between the forecasts is the other metric. A deterministic
relationship is represented by an R-value of 1; a random
relationship is represented by an R-value of 0. A greater
R-value was expected for an ANN model.

(y—m)—1)"

R=
Vo-nw-9"e-ne-o"

(3)

where, 7 and y are the mean values of the experiment data
and prediction, respectively.

For getting good ANN model, the weights of the model
should be optimized [28]. This includes obtaining of low
MSE error. In this study, the developed ANN model was
optimized by GA. By defining the interval of decision
variables and the objective function, as well as applying the
termination criteria and constraints in an iterative loop,
the population of number of responses by the respective
operators was constantly updated, and consequent gen-
erations with more satisfactory fitness values were
obtained. The procedures of cutting parameters’ optimi-
zation using ANN and GA is represented using the
flowchart as shown on Figure 9.

3 Results and discussions

The experiment was conducted as per L27, and 27
specimens from 10 mm thickness of AISI 1020 mild steel
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8 Z1mzipm noon x 10,126,

(b) nozzle diameter of Exp. 7

Fig. 8. Zeta 20 3D optical profiler while measuring nozzle diameter.

plate were cut. The final cut specimens that were obtained
by varying cutting process parameters of the CNC EDON
100 plasma cutting machine are shown on Figure 3b. And
then, the MRR was calculated using the measured mass
before and after cutting specimen in a taken time listed on
Table 3 and surface roughness (SR) were measured from
these specimens. Nozzle orifice diameter was also measured
after cutting each specimen. All the measured values of
responses for surface roughness, material removal rate and
nozzle diameter are shown on Table 4, and these results
were also plotted as shown on Figure 10 to easily
understand each experimental result relatively. As it is
observed fro this figure, responses did not have common
good outcomes for different parameters’ setting of levels.
Besides, the highest obtained values of MRR, SR and
nozzle orifice diameter that were obtained from the trial
experiments were 8.96g/s, 15.734 pm and 1.4637 mm,
respectively; whereas, the lowest obtained values of MRR,
SR and nozzle orifice diameter were 2.324 g /s, 5.98 pm and
1.2114 mm, respectively.

3.1 Effects of cutting parameters on responses
3.1.1 Effects of current

As current increased, material removal rate increased
whereas nozzle orifice diameter decreased. So, the incre-
ment of current showed that good outcomes for the two
responses. However, surface roughness did not show linear
relationship with current since when current increased
surface roughness decreased and then increased. The cause
for increment of roughness after 65 A of current might be
more heat and plasma induced. These effects of current for
the three responses are shown on Figure 11.

3.1.2 Effects of cutting speed

As shown on Figure 12, material removal rate increased
whereas surface roughness decreased when cutting speed
increased. So, the increment of cutting speed showed that
good outcomes for the two responses and these are expected
results. However, nozzle orifice diameter did not show
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Fig. 9. Flowchart of hybrid ANN and GA optimization method [23].

linear relationship with cutting speed since as cutting speed
increased, nozzle orifice diameter increased until speed
reached at 400 mm/min and then decreased. The nozzle
orifice diameter decreased at higher cutting speed might be
due to the heat loss as cutting torch moves fast and the
melted metal might close the orifice.

3.1.3 Effects of standoff distance

As shown on Figure 13, when standoff distance increased
the following effects occurred. 1. Material removal rate
decreased and then increased, 2. Surface roughness
increased and then decreased, and 3. Nozzle orifice
diameter change decreased slightly and then increased.
Both material removal rate and nozzle diameter showed
lower values at closed gap between torch and work-piece
due to the possible occurrence of short circuit in flow of
current across the gap.

3.1.4 Effects of gas pressure

As shown on Figure 14, all material removal rate, surface
roughness and nozzle orifice diameter change decreased
when gas pressure increased. So, the increment of gas
pressure showed that good outcomes for surface roughness

and nozzle orifice diameter. As pas pressure increases, there
might occur drift on the concentrated or focused heat on
the workpiece area where to be cut; as a result, there would
not be obtained enough heat to melt the workpiece and
nozzle tip.

It was observed that asshown on Figures 11,12, 13, and 14,
all three responses did not have the same effects as values
of the cutting parameters’ levels increased, and the setting
of levels of the cutting parameters were not found the
same as the highest experimental results shown on Table 4
and Figure 10. based on these, optimization of the cutting
parameters of the plasma arc cutting process of AIST 1012
mild steel plate using multi-objective method was done to
find the possible optimal levels of parameters. Therefore,
the hybrid ANN and GA method was applied to optimize
the cutting parameters and its implementation phases are
summarized in Figure 9.

3.2 Optimization of cutting parameters
3.2.1 ANN modeling

In ANN modeling, determining the input or output data
using process simulation, dividing it into training,
evaluating, and confirming the ANN model, and normaliz-
ing it within the defined range were needed. And, creating
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Table 4. All values of responses.
Parameters/levels Responses
Exp. A B C D MRR (g/s) SR’ (Ra) (pm) ND' (mm)
1 45 200 0.6 3 2.997 15.734 1.3965
2 45 200 0.6 3 3.284 14.96 1.3965
3 45 200 0.6 3 2.324 14.242 1.3965
4 45 400 0.7 5 5.019 13.37 1.4473
5 45 400 0.7 5 6.347 12.864 1.4473
6 45 400 0.7 5 4.824 12.117 1.4473
7 45 600 0.8 7 6.271 9.578 1.4419
8 45 600 0.8 7 7.860 8.340 1.4419
9 45 600 0.8 7 8.854 8.154 1.4419
10 65 200 0.7 7 2.766 6.971 1.4257
11 65 200 0.7 7 3.011 7.215 1.4257
12 65 200 0.7 7 2.731 7.43 1.4257
13 65 400 0.8 3 5.651 6.649 1.3802
14 65 400 0.8 3 5.202 6.132 1.3802
15 65 400 0.8 3 5.03 5.98 1.3802
16 65 600 0.6 5 7.865 8.631 1.3838
17 65 600 0.6 5 8.781 7.73 1.3838
18 65 600 0.6 5 7.63 8.55 1.3838
19 85 200 0.8 5 2.374 12.35 1.2114
20 85 200 0.8 5 2.8 12.89 1.2114
21 85 200 0.8 5 2.803 11.753 1.2114
22 85 400 0.6 7 5.162 11.33 1.4637
23 85 400 0.6 7 6.315 11.634 1.4637
24 85 400 0.6 7 5.688 10.455 1.4637
25 85 600 0.7 3 8.39 8.97 1.2834
26 85 600 0.7 3 8.96 8.386 1.2834
27 85 600 0.7 3 7.35 7.74 1.2834
—— MRR (g/s)
—&— SR (um)
—&— ND (mm) 150
91 16
. - 1.45
- 14
7 -1.40
%6‘ _125 F1.35 £
£°] 106 [ 302
4
-8 1125
3_
24 -6 -1.20
(I) é 1I0 1I5 2IO 2I5 30

Exp.

Fig. 10. Experimental results of responses.
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Table 5. Tested networks for getting the best model.
Name of ANN model Network model Learning algorithm MSE R
ANN-1 4-5-3 Levenberg-Marquardt 1.6768e-1 0.9904
ANN-2 4-6-3 Levenberg-Marquardt 1.34247e-1 0.9932
ANN-3 4-7-3 Levenberg-Marquardt 1.13607e-1 0.9911
ANN-4 4-8-3 Levenberg-Marquardt 2.00069e-1 0.9842
ANN-5 4-9-3 Levenberg-Marquardt 1.06885e-1 0.9932

the neural network design, including the output, hidden
and input layers, as well as the total hidden layer neurons,
hidden layers, activity functions, and training procedures
were also carried out [29]. In this study, the learning
strategy was based on the neural network of back
propagation (BP) with Levenberg Marquardt algorithm
among the available train functions of BP to get the best
prediction results. The Levenberg-Marquardt algorithm is
a method designed for sum-of-squared-error functions. The
training time is exceedingly fast when training neural
networks using this method on such errors.

The performances of the ANN model which were MSE
and R were computed as shown in Table 5, and the
influences of neurons number on the performance of the
ANN model are shown. And, the result showed that a
model having nine number of neurons has been selected
since it has low MSE and high R-value almost near to one
value. Having nine numbers of neurons had a required
combination value of MSE and R relative to the other
network models. The specification of the selected network
model is shown on Table 6. ANN model having four input
layer, one hidden layer with nine number of neurons and
three output layers were selected as the best among the
computed ANN models and the developed structure is
shown on Figure 15.

3.2.2 GA based optimization

Several researchers have combined predictive models with
optimization algorithms to improve industrial processes
[30]. Determining the optimization process’ constant
parameters, such as population size, the number of decision
variables, crossover fraction, and mutation rate were the
next process. This value was set to default value on
MATLAB 2020 software. The trained ANN determined
each response’s output value, and the objective function
determined the fitness of the responses. In this stage,
weight optimization was occurred, new weights were
extracted by changing the constant parameters and
MSE error for weight were calculated. Finally, using the
selection function, the parents were chosen for the
following stage after sorting the responses [23,31-33].
The fitness of all initial populations was calculated using
the fitness function based on the neural network model,
which was produced at random. Then, to generate a new
generation, selection, crossover, and mutation were used as
shown on Table 7. There are various advantages for
choosing a tournament selection function, among them
tournament selection is unaffected by the genetic algorithm
fitness function’s scaling, it is simple to code, works on
parallel architectures, and allows for easy adjustment of the
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Table 6. Specification of 4-9-3.

No. Parameters Value

1 Network configuration 4-9-3

2 Number of hidden layers 1

3 Number of hidden neurons 9

4 Transfer function used Tansig

5 Amount of data utilized for training (%) 70

6 Amount of data utilized for testing (%) 15

7 Amount of data utilized for validation (%) 15

8 Learning rule Levenberg-Marquardt

9 MSE 1.06885e-1

10 R 0.99318
Input layer Hidden layer Output layer
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pressure
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Fig. 15. Selected 4-9-3 ANN model.

Table 7. Objective function alternatives for GA.

Trial Population size Selection function Cross over fraction Mutation rate
1 50 Tournament 0.8 0.01
2 100 Tournament 0.5 0.02

selection pressure. Trial 2 with population size 100, cross
over fraction 0.5 and 0.02 of mutation rate was selected
among the two trials, due to having better fitness. After
optimization was completed, the optimal point was
determined by the highest response to the response
ranking. As a result, the best optimal results of the cutting
parameters of plasma arc cutting process while cutting
AITSI 1012 mild steel to improve MRR, SR and ND are
shown on Table 8.

3.3 Confirmation tests

After the optimization procedure was completed, a
confirmation test was performed to ensure that the analysis
was accurate. This confirmatory test included utilization of
the approximated values of optimal process parameters as
input for cutting three 60 x 30 x 10 mm AISI 1012 mild
steel from 400 x 90 x 10 plate. Three confirmatory tests
were done, and the results are shown on Table 9. The
results of the confirmation test were computed with
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Table 8. Optimal process parameters obtained from GA.

No. A (A) B (mm/min) C (MPa) D (mm) MRR (g/s) SR (pm) ND (mm)
1 73.9764 444.325 0.7998 3.1185 7.0032 4.2062 1.3142
Table 9. Confirmation result.

No. A (A) B (mm/min) C (MPa) D (mm) MRR (g/sec) SR (pm) ND (mm)
1 74 444 0.8 3 7.0394 4.1208 1.4249

2 74 444 0.8 3 6.7592 4.3356 1.3586

3 74 444 0.8 3 6.9756 4.5724 1.3273
Average 6.9247 4.3429 1.3703
Error (%) 1.121 3.250 4.269

different studies [34-37] for verifying the results. This
comparison helped to certain the obtained values were on
the range of acceptable results. Actually, the accuracy of
the errors depends on the tools and machines that were
used to conduct the experiment and measure the responses.
In this study, the optimal values of levels of the cutting
parameters that were obtained using GA values listed on
Table 8 of standoff distance, gas pressure, speed and
current were taken with feasible values as 3 mm, 0.8 MPa,
444 mm/min and 74 A, respectively when the confirmation
experiments were conducted. And then, the errors between
the confirmatory experimental results and predicted
responses’ values were obtained 4.269%, 1.121% and
3.25% for ND, MRR and SR, respectively as shown on
Table 9. All errors were found within the range of
acceptable minimal values. Therefore, the obtained
optimal levels of cutting parameters were acceptable to
increase material removal rate and to reduce surface
roughness and nozzle orifice diameter change.

4 Conclusion

In cutting of AIST 1020 mild steel plate using CNC plasma
arc cutting machine was difficult, due to the combined
effect of a continuous failure of the nozzle and getting low
quality of the edge of cut plate. To address these issues, this
study aimed to optimize CNC plasma arc cutting factors
such as standoff distance, current, gas pressure, and
cutting speed using a hybrid ANN-GA method to improve
removal rate of material, surface roughness, and nozzle
orifice diameter change while cutting AIST 1020 mild steel
mild steel plate, and the following conclusions were drawn.
— The cutting parameters of the CNC plasma arc cutting
process on cutting AIST 1020 mild steel grade plate by
demonstrating the effects of various input parameters’
levels on the material removal rate, Ra surface roughness
and nozzle orifice diameter were optimized. For the
experiment, three levels of variation were taken to the

four input parameters of current, cutting speed, standoff
distance, and gas pressure. Twenty-seven experiments
were carried out using Taguchi’s L27 orthogonal array
approach. In this experimental investigation, the highest
material removal rate (MRR) of 8.96g/s, Ra surface
roughness (SR) of 15.734 pm and nozzle orifice diameter
(ND) of 1.4637 mm were achieved, whereas the lowest
obtained values of MRR, SR and ND were 2.324g/s,
5.98 pm and 1.2114 mm, respectively.

— In these experimental results, the highest MRR of 8.96 g /s

was achieved at 85 A of current, 600 mm/min of cutting
speed, 0.7MPa of gas pressure and 3mm of standoff
distance. The lowest SR value of 5.98 pm was obtained at
65 A of current, 400 mm /min of cutting speed, 0.8 MPa of
gas pressure and 3 mm of standoff distance. Besides, the
ND valueof1.2114 mm was obtained after cutting the plate
at 85 A of current, 200 mm /min of cutting speed, 0.8 MPa
of gas pressure and 5 mm of standoff distance.

— As the three responses were observed from the trial

experiments, they did not have a common parameters’
setting of levels to achieve the desired outcomes. As a
result, optimization of the plasma arc cutting process
while cutting AISI 1020 mild steel plate was done.

— The MRR, SR and ND results of plasma arc cutting of

AISI 1020 mild steel plate were predicted and optimized
using an ANN-GA hybrid model created in this study.
The results indicated that the ANN model could predict
the outputs with MSE of 1.06885e—1. During the ANN
training of the model, a 4-9-3 network trained with
Levenberg-Marquardt algorithm was used to have the
greatest prediction capability and was considered for
subsequent GA optimization.

— The developed ANN model was successfully linked with

GA for optimizing the cutting parameters. During
iterations of GA optimization, when the stall generation
condition was met, the quest came to an end. The GA
optimization output provided the optimum MRR of
7.0032g/s, SR of 4.2062 pm and ND of 1.3142 mm with
corresponding values of cutting parameters of current of
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73.9764 A, cutting speed of 444.325mm/min, gas
pressure of 0.7998 MPa and standoff distance of

3.1185 mm.

— Finally, confirmatory experiments were conducted using
the feasible optimal levels of cutting parameters (74 A of
current, 444 mm/min of cutting speed, 0.8 MPa of gas
pressure and 3mm of standoff distance) to verify the
optimal parameters. From the confirmation experiment,
the average results of 6.9247 g/s of MRR, 4.3429 pm of
SR and 1.3703mm of ND were obtained. There were
minimal percentage of errors between the ANN-GA
predicted optimal responses’ results and the confirmato-
ry experimental results that were found 1.121%, 3.250%
and 4.269% for MRR, SR and ND, respectively.

— Wear rate, type of wear and life of nozzle were not
investigated and analyzed using SEM and experimentally,
so these issues might be the future outlooks for researchers.

Nomenclature

8 g T+t HhoR
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AMIMTDE

ANN
ANOM
ANOVA
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CNC
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RSM
S/N
SR

Mean values of the experiment data

Mean values of the prediction

Bias value

Activation function

Number of data

Experiment data

Weight value

Input vector

Prediction value

American iron and steel institute standard
Ambhara metal industry and machine tech-
nology development enterprise

Artificial neural network

Analysis of mean

Analysis of Variance

Back propagation

Computer aided design

Computer numerical control

Design of experiment

European standard steel number

Genetic algorithm

Heat affected zone

Orthogonal array of Taguchi design with 16
runs

Orthogonal array of Taguchi design with 27
runs

Orthogonal array of Taguchi design with 9
runs

Mass after cutting

Mass before cutting

Mass loss during cutting

Material removal rate

Mean squared error

Nozzle orifice diameter

Correlation coefficient

Roughness average
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