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Abstract: In the present research, AISI P20 mold steel was processed using the milling process.
The machining parameters considered in the present work were speed, depth of cut (DoC), and
feed (F). The experiments were designed according to an Ly; orthogonal array; therefore, a total
of 27 experiments were conducted with different settings of machining parameters. The response
parameters investigated in the present work were material removal rate (MRR), surface roughness (Ra,
Rt, and Rz), power consumption (PC), and temperature (Temp). The machine learning (ML) approach
was implemented for the prediction of response parameters, and the corresponding error percentage
was investigated between experimental values and predicted values (using the ML approach). The
technique for order of preference by similarity to ideal solution (TOPSIS) approach was used to
normalize all response parameters and convert them into a single performance index (Pi). An analysis
of variance (ANOVA) was conducted using the design of experiments, and the optimized setting
of machining parameters was investigated. The optimized settings suggested by the integrated
ML-TOPSIS approach were as follows: speed, 150 m/min; DoC, 1 mm; F, 0.06 mm/tooth. The
confirmation results using these parameters suggested a close agreement and confirmed the suitability
of the proposed approach in the parametric evaluation of a milling machine while processing P20
mold steel. It was found that the maximum percentage error between the predicted and experimental
values using the proposed approach was 3.43%.

Keywords: machine learning; optimization of face milling parameters; surface roughness; power
consumptions; AISI P20 mold steel; cutting temperature

1. Introduction

AISI P20 mold steel is a commonly used steel with a variety of applications. This
steel with low alloying elements exhibits good strength and toughness behavior. One of
its common applications is plastic injection machinery, where it is used for mold cavities,
as well as for casting dies in the casting of zinc. As mentioned by the AISI (American
Iron and Steel Organization) procedure for evaluating alloy steel, AISI 316 stainless steel
(AISI 316 SS) is most generally used, followed by AISI 304 [1,2]. Numerous industrial
sectors, including the medical, aerospace, and automotive industries, make extensive use of
stainless-steel alloys [3,4]. However, there are numerous obstacles and difficulties associated
with stainless-steel machining [5,6], due to its high strength, low thermal conductivity,
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and tendency to harden [7]. Stainless-steel alloys are known as very hard materials which
are challenging to machine, resulting in an inferior surface finish, sporadic wear, and
breakdown of the tool [8]. The work’s surface integrity is compromised, and tool wear is
increased when a build-up edge is present. Stainless-steel face milling can resolve these
issues. In modern industrial manufacturing, milling is a common and effective machining
operation for the fabrication of numerous mechanical parts such as flat surfaces, grooves,
threads, and other complex geometric shapes [9]. Cutting tools are crucial parts of the
machine milling operation, and they wear out over time. As a result, their conditions change
over their effective lifetimes. Machining is an imperative material removal procedure in
manufacturing that attracts huge consideration due to its direct link with time and money.
A method for monitoring tool wear is, thus, essential as machining applications expand.

Micromachining is acquiring significance because of the increasing need for different
miniature parts in biomedical and microelectronics applications [10,11]. One such approach,
micro-milling, is a highly favored miniature manufacture process due to its adaptability
in assembling three-dimensional complex shapes with a higher material removal rate and
precision [12]. One of the significant uses of the micro-milling process is the manufac-
turing of micro-injection molds, which are exceptionally fundamental for the assembly
of polymer micro-components. A huge variety of die steels can be explicitly utilized for
mold making. P20 steel is one example. It is a low-carbon steel made by hardening in a
carburizing medium. Because of its inherent toughness and hardness, it is especially good
for injection molding.

Many experimental and analytical studies have been performed to investigate the
minimum uncut chip thickness (MUCT) and the micro-cutting force at a small depth of cut
while considering influencing parameters such as the tool edge radius and the coefficient
of friction [13-15]. The MUCT in micro-milling is crucial when choosing the feed rate and
implementing the chip formation process. In a previous study, micro-milling of P20 die
steel was carried out to examine the impact of the size and MUCT on chip morphology and
tool wear patterns [16]. Twisted and helical chips were acquired at feed rates greater than
the MUCT, while chips with erratic shapes were obtained at feed rates beneath the MUCT.
At the chip’s free surface, lamellar structures with both an inclined and a vertical orientation
were noticed. At feed values below the MUCT, edge-rounding, coating delamination, and
built-up edge formation were observed as a result of the size effect.

A micro-machining tool has a low stiffness value, making it susceptible to deflection,
which in turn causes chatter, tool wear, severe tool breakage, and inferior surface genera-
tion [17]. These issues become even more serious when hard materials are micro-milled.
A cutting tool’s hard coating, which has a lower coefficient of friction, can be used to
overcome these obstacles and improve tooling performance by reducing tool wear and tool
breakage [18]. An insightful model was developed to predict the cutting force and dynamic
strength for micro-machining using a TiAIN-coated tool. The model was developed by
calculating the modified limiting angle values due to tool failure and incorporating the
extracted force coefficients from a thermomechanical-based finite element method (FEM)
simulation. The authors also combined the effects of tool failure, minimum chip thickness
(MCT), ploughed area, limiting angle values, and elastic recovery, and they developed
mechanistic models to predict cutting forces in both shearing- and ploughing-dominant
regions using cutting coefficients obtained through FEM simulation while taking the coat-
ing material effects into account. The prediction results were compared for coated and
uncoated tools, and it was reported that the model provided a viable solution [19-21].

Previous research has detailed the machining of different type of steels and parametric
optimization [22-28]. However, it is evident from the literature that limited work has
been published on the milling of P20 mold steel. Furthermore, it can be found from the
literature that no or limited research has been published on the integrated approach of
machine learning and TOPSIS. Therefore, in the current study, an integrated approach of
ML-TOSPSIS was used to optimize the milling of P20 mold steel by varying speed, DoC,
and feed. The objectives of the present research are as follows:
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1.  To predict the response variables using the ML approach, considering the speed,
depth of cut, and feed as independent variables, and Ra, Rt, Rz, PC, temperature, and
MRR as dependent variables.

2. Toinvestigate the percentage error in the experimental values and predicted values.

3. To determine the variation in response variables (i.e., Ra, Rt, Rz, PC, temperature, and
MRR) with the input process variables.

4. To convert all response variables into a single response (Pi), and to rank all solutions
using TOPSIS.

5. To validate the predicted solutions after performing confirmation experiments using
the suggested optimized parameters.

2. Materials and Methods

There are a large number of applications for AISI P20 mold steel. The attractive
mechanical properties of mold steels made them a strategic material fitting civilian and
military application needs. Their machining quality is of primary importance to fully
benefit from this type of material. In this work, we study the optimum cutting conditions
(speed, feed, and depth of cut) to find the minimum surface roughness, cutting temperature,
and power consumption obtained with dry conditions. The AISI P20 mold steel used in this
study is defined chemically and mechanically in Tables 1 and 2 below. The AISI P20 steel
was in tempered condition to relieve the residual stresses. The chemical and mechanical
characteristics were investigated in the material research laboratory.

Table 1. AISI P20 mold steel chemical composition (percent by mass).

Fe

Mn Si Mo C Cu P S

96.62

1.78

0.86 0.64 0.43 0.36 0.25 0.03 0.03

Table 2. AISI P20 mold steel mechanical properties.

Tensile Ultimate Strength MPa 995
Young’s Modulus GPa 207

Area Reduction % 62.3
Elongation % 20
Hardness HRC 32

Optical microscope (OM) manufactured by Olympus, model: BX51-M, was used
for the metallographic investigations. The steel P20 has medium C content and alloying
elements, as shown in Table 1. The steel is usually provided in tempered conditions. The
produced microstructure is tempered martensite. The martensite is a hard metastable
structure with a body-centered tetragonal (BCT) crystal structure. It is formed in steels
when quenching/cooling from the austenite range, in which carbon atoms do not have
time to diffuse out of the crystal structure in sufficient enough quantities to form cementite
(Fe3C). Figure 1 shows the microstructure of tempered martensite, which includes short
martensite laths and carbides (dark phase) within the ferrite matrix (white phase). The
arrows represent the carbide particles present in the material.

Test specimens of rectangular surface area 100 x 40 mm and 25 mm height were used
in all trial tests. The samples were milled using an Emco Mill C40 standard milling machine
with vertical milling direction from Emco of Salzburg, Austria. The power of the machine
shaft is 13 KW. The revolution capacity spans the range of 10-5000 RPM. The steeples
range of the counter has a feed rate range of 102000 mm /min. The face milling cutter
and inserts were manufactured by Sandvik (Sandvik, Stockholm, Sweden). The holder is
a milling cutter with code: R245-063Q22-12M. The insert code is: R245-12T3M-PM 4330
(corner radius: 1.5 mm; insert rake angle: 15°; major cutting-edge angle: 45°; coating:
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TiCN + Al,O3 + TiN). There are five inserts with a 63 mm cutter diameter. The cutter is
designed for high-quality surface finishes at efficient material removal rates. It is typically
employed for the removal of various metals from steel alloys to titanium alloys.

Figure 1. Tempered martensite microstructure.

Figure 2a represents the workpiece used in the current work, while Figure 2b shows the
carbide tools used to machine P20 mold steel. Figure 3 is a photograph of the experimental
setup of the milling process of samples with data recording tools.

(a) (b)
Figure 2. (a) Work-piece used in current research and (b) carbide tool used to machine P20 steel.

The test plan contains a total of 27 experiments. These cover the main milling variables,
which are the surface speed (V) measured in m/min, the axial depth of cut (DoC) measured
in mm per tooth, and the width of cut and the feed per tooth (F), both of which are measured
in mm. These process parameters’ range and levels are selected after performing prelim-
inary experiments in different settings. The speed is assigned to 50, 100 and 150 m/min,
the depth of cut is assigned to 0.5, 0.75 and 1.0 mm, and the feed per tooth is assigned the
values 0.02, 0.04 and 0.06 mm. The fourth one, which is the width of the cut, is fixed to
40 mm. The total combination is 27 independent cases. Moreover, the sample length is
fixed at 100 mm for all cases. All tests are performed in dry conditions two times, and the
average of two is considered for calculation purposes to maintain statistical accuracy.
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Figure 3. Experimental setup for milling of AISI P20 samples with thermal camera.

The surface roughness tester type for evaluation of surface roughness grade is Tesa-
Rougossurf-90G of Tesa company, Bugnon, Switzerland. The device is shown in Figure 4,
where parameters R;, R; and R, are evaluated for all experiments that were recorded.
The parameters selected for measuring surface roughness are: cut-off length: 0.8 mm;
measurement surface: plain; measurement speed: 1 mm/s; cut-off number: 19; gauge
type: skid.

Figure 4. Setup for evaluating surface roughness quality of milled samples.

Measurement of power consumption during milling runs is achieved by two power
meters (Tactix 403057, Beijing, China). The two power meters are attached to the milling
machine power supply to measure the voltage and current during the face milling process.
Consumed power is evaluated by measurement of the current (I) in one line and the voltage
difference (V) between, through a balanced three-phase load-cutting machine. Figure 5
illustrates the setup for power measurement. For each milling run, three sets of readings are
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recorded from which the average is evaluated so that the power (P) is calculated according
to Equation (1), and (o) is the power factor for a three-phase machine.

Total power = Voltage x Current x /3 COS o = Wa (1)

Figure 5. Setup for power consumption measurement.
A ThermoPro-TP8 thermal camera from Guide company, Wuhan, China, is utilized to

record the thermal data during milling runs. Figure 6 shows the thermal camera set-up,
and Table 3 gives its specific details.

Figure 6. ThermoPro-TP8 thermal camera for thermal imaging.
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Table 3. Data of ThermoPro-TP8 thermal camera [29].
Feature Specification
Set Emissivity for Steel 0.18
Accuracy +2 °C

Spectral Range 8 ~ 14 um

Detector type Micro-bolometer—UFPA384 x 288 pixels
Measurement Range —20 to 1000 °C
Thermal Sensitivity <0.08 °C at 30 °C

Hd¥'C
[ 1933

F1724

[ 150.8

P95

F108.3

I arn

[ 6a.T

F 445

L 33.FC

The camera must be correctly calibrated to achieve stable and focused thermal images.
Whether using the camera’s auto-calibration feature or manual calibration, the focus of the
image must be ensured by giving enough time for the focus before starting the process.
This way, appropriate sensitivity is ensured and the camera is focused on the workpiece
during the milling to reflect the temperature.

Figure 7 shows the camera during milling with a focus on the workpiece with an
appropriate distance, which must be fed to the camera for the proper reported temperature
value. The set value of the material emissivity coefficient is based on the recommended
values table in the camera manual. In general, emissivity is a function of the target surface
quality (roughness), the heat intensity, the target material type, the wavelength and the
angle of attack.

Created Date:
[3nzm

Created Time
14556 FM
Device Type:
TP3

.5end Number:

Figure 7. ThermoPro-TP8 recording of temperature at surface speed = 100 m/min, depth of
cut = 0.50 mm and feed rate = 0.04 mm/tooth.

3. Methodology

The methodology adopted in the present research for optimizing process parameters
while machining P20 steel is presented in Figure 8. In the first step of the process, the pa-
rameters are investigated for the working range, and in the working range the experimental
layout is developed. A machine learning approach is implemented in the next step to find
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the predicted solution. The ML approach’s perspective is to find the solutions out of the
search space for the possible hypothesis and predict the best solution.

Investigation of Optimized process

parameters J Evaluation of the Percentage error

¢ between the predicted solution and

Experimental values at optimized
Confirmation Experiments Setting

=== mmmm————— ~ 1

] Investigation of input parameters and i

i operating range ) I

1 1

: \’ ’

: ) 4 ) :

i Step 1 Experimental Layout —>»|  Planning of Experiments with L,; OA i

1 J . J 1

1 1

= v \ |
1

! Perform experiments and recording N MRR, surface roughness, Power !

i response )L Consumption, Temperature i

e i

l — : ; N S : : o}

H Application of Machine Learning on Investigation of Predicted Solutions and ||

1 Step 2 G > 1

I Experimental Data )L percentage error )i

1 1

_________________________________________ 1

" v L |

i TOPSIS Implementation on the Data > Normalization of Data giving Equal i

! investigated after ML Approach )L Importance and calculation of Pi  Ji

1 1

i Step 3 * i

! N\ !

i Statistical Analysis of Pi with ANOVA > Using Design of Experiments i

i J N\ i

1 1

SR s e =

1

i

1

1

1

1

1

1

1

1

1

1

1

1

1

J

Figure 8. Process procedure adopted in the present research.

In the next step, TOPSIS is applied to the predicted solution suggested by the ML
approach. Hwang and Yoon [30] developed the TOPSIS technique in 1981. This technique
helps to identify the best choice after comparing it with the ideal solution. The identified
solution is nearer to the positive ideal solution while far away from a negative ideal
solution. The positive ideal solution is selected for maximizing the profit and minimizing
the cost; however, the negative ideal solution is selected to maximize the cost criteria and
minimize the profit criteria. This technique is extensively used to solve the MCDM problems
associated with the manufacturing sectors and is supported by numerous researchers. This
method is associated with two different types of solutions: the first type is negative (or
worst), and the second type is positive (or best). The best solution is predicted from the
alternative solutions.

The TOPSIS method starts with developing a decision matrix (known as a normal
decision matrix) depending on the nature of the response variable. This matrix contains
the details for the alternative and the problem criteria. The weights are decided according
to the importance given to each response. After that, the weighted decision matrix is
evaluated by multiplying the normal decision matrix by the weight given to each response.
Two categories of solutions are calculated: worst-type solutions and best-type solutions.
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These two solutions are further used to calculate the separation distance for each criterion.
In the final step, the performance index is calculated, and the rank of each experimental
setting is given. The confirmation experiments were conducted in the fourth step, and the
percentage error was investigated between the predicted and experimental values.

4. Results and Discussion

The experimental layout of input process variables shows the L27 orthogonal array
and the values of responses corresponding to the experimental layout (Table 4).

Table 4. Experimental layout and corresponding results.

TestNo,  SPeed  Depthof  Feed Rate Surface Roughness, um Conizx‘:ﬁon Temp. MRR
m/min Cut, mm  (mm/tooth) Ra Rt Rz (KW) (] (mm®/min)
1 50 0.5 0.02 1.636 12.54 9.047 1.17 128.1 500
2 50 0.5 0.04 1.772 15.053 9.88 1.19 136.5 1000
3 50 0.5 0.06 1.973 16.601 10.558 1.21 146.7 1500
4 50 0.75 0.02 1.712 16.131 9.464 1.19 155 750
5 50 0.75 0.04 1.866 14.227 10.226 1.22 165.7 1500
6 50 0.75 0.06 1.995 15.08 11.113 1.23 180.7 2250
7 50 1 0.02 1.645 13.753 8.94 1.19 168.2 1000
8 50 1 0.04 1.825 13.958 10.232 1.24 179.6 2000
9 50 1 0.06 1.963 17.856 10.247 1.3 192.8 3000
10 100 0.5 0.02 1.175 8.297 6.17 1.17 145.6 1000
11 100 0.5 0.04 1.351 9.046 6.836 1.18 155.7 2000
12 100 0.5 0.06 1.382 12.661 7.862 1.21 166.6 3000
13 100 0.75 0.02 1.441 9.622 7.589 1.19 176.1 1500
14 100 0.75 0.04 1.491 10.712 7911 1.23 188.3 3000
15 100 0.75 0.06 1.521 10.633 8.431 1.36 205.4 4500
16 100 1 0.02 0.867 7.182 4.788 1.22 191.2 2000
17 100 1 0.04 1.243 10.361 6.744 1.31 204.1 4000
18 100 1 0.06 1.431 10.619 7.876 1.39 219.1 6000
19 150 0.5 0.02 0.39 3.641 2.57 1.24 161.8 1500
20 150 0.5 0.04 0.4 5.053 3.002 1.33 1724 3000
21 150 0.5 0.06 0.409 4.555 2914 1.41 185.2 4500
22 150 0.75 0.02 0.311 4415 2.54 1.33 195.7 2250
23 150 0.75 0.04 0.489 6.181 3.317 1.4 209.2 4500
24 150 0.75 0.06 0.51 4.538 3.231 1.51 2282 6750
25 150 1 0.02 0.408 4.358 3.046 1.45 212.4 3000
26 150 1 0.04 0.445 4.872 3.103 1.56 226.8 6000
27 150 1 0.06 0.63 5.952 4.041 1.75 2434 9000
Standard Deviation 0.598305  4.442815  2.982367 0.140707411 29.48511  2077.8132

4.1. Variation of the Responses with the Input Variables

The statistical summary of the research is given in the appendix Tables A1-A6 and
Appendix A, where the ANOVA for all the responses is provided. It is clear from the
ANOVA that more than 98% variability can be explained from the present model due to
significant and non-significant terms (R?) and significant terms (R? adj). Figure 9 depicts
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the variation of the response variables concerning the input control variable. It is evident
that with the increase in speed value, the Ra, Rt and Rz value decreases, i.e., surface finish
increases. The main reason is the removal of debris from the material surface at a faster
speed. Due to this, the craters from the surface are removed efficiently.

=
20 2.0+
1.8206 1.8206
15 15022
1.5 1.5
z 1.3224 1.3224
2 £ £
o El 3 104 9.904
1.0 © 10 x
05} 05 51 4841
w 0.4437 = 0.4437
L L L T T T T T T
50 100 150 50 100 150 50 100 150
Speed (m/min Speed (m/min) Speed (m/min
= pesd i) [ o |
104 0.067 »203.9
w1442 2004
1.4
8l
=
s 7.134 5 E 183.6
= g E180
€ 6 £ =
o 69 2 1.34 x
s
o 1.251
41 / 1615
- 1216 1604 .
W 3,085 -
2

T T T T T T T T T
50 100 150 50 100 150 50 100 150
Speed (m/min) Speed (m/min) Speed (m/min)

Figure 9. Variation of response parameters with the speed.

The Ra is the average surface roughness of the machined surface. The Rz is the mean
of five consecutive peaks and valleys, while Rt is the difference between the highest peak
and deepest valley. Therefore, every type of surface roughness depends upon the crater
size. An increase in the speed value decreases the crater size and hence decreases the Ra,
Rt and Rz (Figure 9). With the increase in speed value from 50 m/min to 150 m/min, the
PC decreases from 9.987 kW to 3.085 kW. This decrement in energy consumption is the
decrease in crater size, which reduces the forces required to machine the material and hence
the PC value. The temperature value increases from 1216 °C to 1442 °C with an increase in
speed from 50 m/min to 150 m/min. The probable reason for this increment in temperature
is the high speed. With the increase in speed, the temperature dissipation from the chip
decreases, which increases the temperature. Figure 9 shows that with the increase in speed
value, the MRR enhances from 161.5 mm3/min to 203.9 mm?/min. The probable reason for
the increase in MRR with the speed value is the higher material removal in the given time.

Figure 10 represents the variation of output parameters with respect to the DoC.
Figure 10 shows that with the increase in DoC value from 0.5 mm to 0.75 mm, the surface
roughness values (Ra, Rt and Rz) increase. After that, DoC increases from 0.75 mm to
1 mm and the SR value (Ra, Rt and Rz) also decreases. With the increase in DoC value,
the crater size increases, which increases the SR (Ra, Rt and Rz) values. Once the DoC
value further increases, the SR value decreases. The probable reason for this decrement
may be the dynamic behavior (low vibration) of the chip load at high value of DoC. These
results are inline with the previous published results [31]. The similar pattern is observed
for PC with the increase in DoC. The reason behind this pattern is the energy consumption
increases initially with the DoC increment from 0.5 to 0.75 mm. Further increases in DoC
decrease the vibrations and hence decrease the energy consumption. Figure 10 depicts
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that an increase in DoC value increases the temperature. The reason for this is the large
amount of resistance, which increases the cutting temperature from 1235 °C to 1379 °C. The
MRR value amplifies from 155.4 mm3/min to 204.2 mm?/min with the increase in DoC
from 0.5 mm to 1 mm. The reason behind this enlargement is the large amount of material
removal with the increase in DoC.

n 1.2593 n 1.2593 10.24
125} 1.254 AJo171
E — 10.0
= g G
4 3 2
o o
120 F 1.20 9.879
9.8
49.716
% 1.1656 % 1.1656
" 1.161 1161
1.15 L L : 1.15 . T . 9.6 . . .
0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0 0.4 0.6 0.8 1.0
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72 1401 (mm (mm
—=—Pc
m 1.379 204.2
» 7.091 200
7.0 1.354
_ 189.4
=
s g =
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Z 68 ]
<68 2130 296 £180
'8 '2 5
=
6.6 1.25
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d155.4
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Figure 10. Variation of response parameters with the DoC.

Figure 11 presents the variation of response variables with respect to the ‘F’ value.
It is clear from Figure 11 that with the increase in F value (from 0.02 mm/tooth to
0.06 mm/tooth), the SR values (Ra, Rt and Rz) increase. The increase in F value increases
the crater size, which increases the surface roughness values (Ra, Rt and Rz). Figure 11
reveals that with the increase in F value, the PC increases from 6.017 kW to 7.363 kW. The
main reason for this PC enhancement is the increase in cutting forces with the increase in
F value from 0.02 to 0.06 mm/tooth. To overcome the cutting resistance, more energy is
consumed for the cutting operation. Similarly, with the increase in F values, the cutting
resistance increases the cutting temperature (from 1239 °C to 1374 °C). Figure 11 also
shows the variation of MRR (170.5 mm3/min to 196.5 mm?3/min) with the increase in feed
rate value.

4.2. Correlation Investigation

In this section, correlation coefficients are computed between the input parameters
and response variables. The correlation coefficient may be positive or negative. A negative
correlation exists if, during observation, one variable increases and the other decreases.
The value of correlation is zero if there is no correlation. The value of correlation is positive
if both the variables increase or decrease at the same time.
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Figure 11. Variation of response parameters with the feed.

Two different correlation plots are depicted in Figures 12 and 13. In Figure 12, the
correlation values are depicted, while in Figure 13 the correlation is represented with the
help of colors. It is clear from Figure 12 that the correlation coefficient value for the case
of speed vs. Ra, Rt and Rz is negative. The main fact of the negative correlation is the
decrement in the response parameters with respect to the counter parameter. Furthermore,
the value of PC increases with the increase in temp and MRR value; therefore, both
represent positive correlation values (0.860 and 0.924, respectively). Figure 13 depicts the
color mapping of the correlation coefficient for input parameters and output response
variables. The dark blue color depicts the correlation value equal to 1 and dark brown color

shows the correlation value equal to —1.
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4.3. Prediction for Solutions

The machine learning approach is used to investigate the response variables. The ex-
perimental data obtained after performing experiments were solved using ‘R’. The obtained
data are divided into three parts; namely, training data, testing data and validation data.
Overall, 70% of data of 27 experiments are used for training and the remining 30% of data
are divided into testing (15%) and validation (15%). The experimental results of MRR, Ra,
Rt, Rz, PC and temp were put as response parameters against the input parameters (speed,
DoC and feed). The predicted solutions are checked against the experimental results.

Figure 14 shows the experimental versus predicted values for different response
variables like Ra (Figure 14a), Rz (Figure 14b), Rt (Figure 14c), PC (Figure 14d), temperature
(Figure 14e) and MRR (Figure 14f). It is evident from Figure 14 that experimental values are
totally superimposed by the predicted values. The variation of all the predicted values are
inline with the experimental values. Therefore, the investigation of the response variables
while machining P20 steel on CNC milling is successfully predicted by the proposed
approach. The predictive equations for all the response variables are provided from
Equation (2) to Equation (7).

Ra =2.551 — 0.01327 x Speed — 0.522 x DoC + 3.58 x F + 0.00155 x Speed x DoC — 0.0415 x Speed x F+9.02 x DoC x F  (2)

Rt =16.48 — 0.0897x Speed + 0.09 x DoC + 91.5 x F +0.0037 x Speed x DoC — 0.374 x Speed x F — 3.4 x DoC x F 3)

Rz =13.23 — 0.0696 x Speed — 2.37 x DoC +30.9 x F + 0.0118 x Speedx DoC — 0.203 x Speed x F + 30.7 x DoC x F 4)

PC =1.352 — 0.00237 x Speed — 0.344 x DoC — 4.57 x F + 0.00413 x Speed x DoC + 0.0383 x Speed x F +5.50 x DoC x F  (5)

Temp =74.6 + 0.195 x Speed + 61.3 x DoC + 244 x F + 0.226 x Speed x DoC + 1.50 x Speed x F + 342 x DoC x F (6)

MRR = 3000 — 30.00x Speed — 4000 x DoC - 75,000 x F +40.00 x Speed x DoC + 750.0 x Speed x F + 100,000 x DoC x F  (7)
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Figure 14. Experimental versus predicted results for different response parameters. (a) Experimental
vs. predicted for Ra; (b) experimental vs. predicted for Rt; (c) experimental vs. predicted for Rz;
(d) experimental vs. predicted for PC; (e) experimental vs. predicted for temperature; (f) experimental
vs. predicted for MRR.
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Figure 15 shows the error percentage plot in the experimental and predicted values
of the responses. The error plot reveals that the values of the predicted solution have the
close agreement with the experimental values. Error percentage plots of Ra (Figure 15a),
Rz (Figure 15b), Rt (Figure 15c), PC (Figure 15d), temperature (Figure 15e) and MRR
(Figure 15f) are depicted. It is clear from Figure 15 that the maximum error percentage in
the predicted values is +1%, which signifies the importance of the proposed approach in

the present research.
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of MRR error %. The accuracy percentage of the predicted values after the implementation of ML
for each response is shown in Figure 16. It is clear from Figure 16 that the accuracy of the predicted
values in each case is greater than 99%, which signifies the importance of the ML approach for the
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Figure 16. Accuracy percentage of the predicted values.

4.4. Implementation of TOPSIS on Predicted Values

The response characteristics have different units and magnitude; therefore, it became
mandatory to convert them into some comparable values. Thus, the normalization plays
a vital role in the optimization process. In the normalization process, the responses are
converted into a dimensionless number (0 to 1). Therefore, all the responses from the
diverse measurement are converted into a number for ranking purpose in the decision-
making issues [29]. This method is suitable for the problems, where an involvement of two
of more than two responses exists. The following steps are followed for investigating the
performance index:

In the first step, the nature of the response variables is identified. Whether it is larger
than the better type or smaller than the better type.

The normalization of the responses are made using Equation (8) and a decision matrix
is developed in the second step (Table 5).

Bj = ——— ®)

Table 5. Normalized decision matrix of the response variable.

S. No. MRR Ra Rt Rz PC Temp
1 0.0265 0.2364 0.2227 0.2373 0.1718 0.1331
2 0.0531 0.2560 0.2673 0.2591 0.1748 0.1418
3 0.0796 0.2851 0.2948 0.2769 0.1777 0.1524
4 0.0398 0.2474 0.2864 0.2482 0.1748 0.1610
5 0.0796 0.2696 0.2526 0.2682 0.1792 0.1721
6 0.1194 0.2882 0.2678 0.2915 0.1807 0.1877
7 0.0531 0.2377 0.2442 0.2345 0.1748 0.1747
8 0.1061 0.2637 0.2479 0.2684 0.1821 0.1866
9 0.1592 0.2836 0.3171 0.2688 0.1909 0.2003
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Table 5. Cont.

S. No. MRR Ra Rt Rz PC Temp
10 0.0531 0.1698 0.1473 0.1618 0.1718 0.1513
11 0.1061 0.1952 0.1606 0.1793 0.1733 0.1617
12 0.1592 0.1997 0.2248 0.2062 0.1777 0.1731
13 0.0796 0.2082 0.1709 0.1990 0.1748 0.1829
14 0.1592 0.2154 0.1902 0.2075 0.1807 0.1956
15 0.2388 0.2198 0.1888 0.2211 0.1998 0.2134
16 0.1061 0.1253 0.1275 0.1256 0.1792 0.1986
17 0.2122 0.1796 0.1840 0.1769 0.1924 0.2120
18 0.3183 0.2068 0.1886 0.2066 0.2042 0.2276
19 0.0796 0.0563 0.0647 0.0674 0.1821 0.1681
20 0.1592 0.0578 0.0897 0.0787 0.1953 0.1791
21 0.2388 0.0591 0.0809 0.0764 0.2071 0.1924
22 0.1194 0.0449 0.0784 0.0666 0.1953 0.2033
23 0.2388 0.0707 0.1098 0.0870 0.2056 0.2173
24 0.3581 0.0737 0.0806 0.0847 0.2218 0.2371
25 0.1592 0.0589 0.0774 0.0799 0.2130 0.2206
26 0.3183 0.0643 0.0865 0.0814 0.2291 0.2356
27 0.4775 0.0910 0.1057 0.1060 0.2570 0.2529

In this step, the weighted normalized value is evaluated using Equation (9). The
weights are predicted depending upon the importance of the respective response character-
istics. In the present work, all the response characteristics were given equal importance,
i.e., 0.17 (Table 6). B

Table 6. Weighted normalized values and performance index.

MRR Ra Rt Rz PC Temp Pi
1 0.0044 0.0394 0.0371 0.0395 0.0286 0.0222 0.2596
2 0.0088 0.0427 0.0446 0.0432 0.0291 0.0236 0.2209
3 0.0133 0.0475 0.0491 0.0462 0.0296 0.0254 0.2013
4 0.0066 0.0412 0.0477 0.0414 0.0291 0.0268 0.2005
5 0.0133 0.0449 0.0421 0.0447 0.0299 0.0287 0.2108
6 0.0199 0.0480 0.0446 0.0486 0.0301 0.0313 0.2148
7 0.0088 0.0396 0.0407 0.0391 0.0291 0.0291 0.2291
8 0.0177 0.0439 0.0413 0.0447 0.0304 0.0311 0.2254
9 0.0265 0.0473 0.0528 0.0448 0.0318 0.0334 0.2350
10 0.0088 0.0283 0.0246 0.0270 0.0286 0.0252 0.3775
11 0.0177 0.0325 0.0268 0.0299 0.0289 0.0270 0.3774




Machines 2023, 11, 748

18 of 23

Table 6. Cont.

MRR Ra Rt Rz PC Temp Pi
12 0.0265 0.0333 0.0375 0.0344 0.0296 0.0288 0.3588
13 0.0133 0.0347 0.0285 0.0332 0.0291 0.0305 0.3264
14 0.0265 0.0359 0.0317 0.0346 0.0301 0.0326 0.3629
15 0.0398 0.0366 0.0315 0.0369 0.0333 0.0356 0.4295
16 0.0177 0.0209 0.0213 0.0209 0.0299 0.0331 0.4509
17 0.0354 0.0299 0.0307 0.0295 0.0321 0.0353 0.4524
18 0.0531 0.0345 0.0314 0.0344 0.0340 0.0379 0.5262
19 0.0133 0.0094 0.0108 0.0112 0.0304 0.0280 0.5171
20 0.0265 0.0096 0.0150 0.0131 0.0326 0.0298 0.5649
21 0.0398 0.0098 0.0135 0.0127 0.0345 0.0321 0.6450
22 0.0199 0.0075 0.0131 0.0111 0.0326 0.0339 0.5380
23 0.0398 0.0118 0.0183 0.0145 0.0343 0.0362 0.6194
24 0.0597 0.0123 0.0134 0.0141 0.0370 0.0395 0.7483
25 0.0265 0.0098 0.0129 0.0133 0.0355 0.0368 0.5567
26 0.0531 0.0107 0.0144 0.0136 0.0382 0.0393 0.7068
27 0.0796 0.0152 0.0176 0.0177 0.0428 0.0421 0.7754

In the next step, we have alternative positive and negative seperation solutions using
Equations (10) and (11).

Pi = 0.3051 + 0.000578 x Speed — 0.228 x DoC — 6.19 x F + 0.002028 x Speed x

Sf = (10)
n 2
S = Z(Bij—B‘ ) Ji=1,2,3, m (11)
j=1
The performance index is calculated using Equation (12) (Table 6).
S .
Pl=—"t .i=1,23,..m;0<PI<1 (12)

i i

It is evident that higher value of Pi is desirable for the overall better performance of
the process. It is clear from Figure 17 that the third level of CS (150 m/s), third level of DoC
(1 mm) and third level of F (0.06 mm/rev) favor the highest Pi.

Table 7 gives the ANOVA of Pi and shows that the speed, DoC, F and interaction of
speed and DoC, speed and F and DoC and F play significant roles in the investigation of Pi
due to a p-value less than 0.05. From the F-value, it is clear that ‘speed” has the maximum
contribution, followed by speed and DoC. The values of R? and adj R? are also in close
agreement, which depicts that the 99.69% variability can be explained due to significant
and non-significant parameters, while 98.98% variability is explained with the significant
factors only. The empirical model develop for Pi is provided in Equation (13).

DoC + 0.04958 x Speed x F +4.15 x DoC x F 13



Machines 2023, 11, 748

19 of 23

Main Effects Plot for Means

Data Means
Speed DoC F
od
06
//
0.5 /
// /’ /.
o ‘// / o
04 o« — ¥ -
[
03
[ ]
0.2
50 100 150 0.50 0.75 1.00 0.02 0.04 0.06
Figure 17. Variation of Pi with respect to input parameters.
Table 7. Analysis of variance for Pi.
Source DF SS % Contribution MS F P
Speed 2 0.752190 87.64 0.376095 1113.36 0.000
DoC 2 0.025092 292 0.012546 37.14 0.000
F 2 0.025793 3 0.012896 38.18 0.000
Speed X DoC 4 0.013844 1.61 0.003461 10.25 0.003
Speed X F 4 0.030818 3.59 0.007705 22.81 0.000
DoC x F 4 0.007870 0.92 0.001968 5.82 0.017
Residual Error 8 0.002702 0.32 0.000338
Total 26 0.858311 R-Sq: 99.69%; R-5q (Adj.): 98.98%

4.5. Confirmation Experiments

The confirmation experiments are conducted to validate the results obtained after
the integrated approach of machine learning and TOPSIS. Due to highest value of Pi
corresponding to experimental run number 27, the confirmation experiments are conducted

on this experimental setting (Speed50D0oC1Fy ).

The percentage error between the predicted and experimental values is investigated
and it is found that the maximum percentage error observed is 3.43% (Table 8). This signifies
the suitability of the proposed approach for the optimization of the process parameters

while machining P20 steel.
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Table 8. Predicted, experimental and percentage errors for the confirmation results.
Exp. Setting CS1soDoCxFoe Percentage Error
Predicted Experimental
Pi 0.7754 0.7828 0.95%
MRR 8750 9000 2.77%
Ra 0.6288 0.63 0.19%
Rt 5.8092 5.952 2.39%
Rz 3.9023 4.041 3.43%
PC 1.7288 1.75 1.21%
Temp 243.346 243.4 0.02%

5. Conclusions

The P20 mold steel has different applications in plastic injection machinery where it is
used as mold cavities, as casting dies for casting of zinc. The effective use of P20 steel can
be made after making the product, which needs the machining to obtain the shape of the
product. Therefore, in the current work, P20 mold steel is processed on a milling machine
at different settings of speed, DoC and feed to investigate different response parameters
like surface roughness, MRR, PC, and temperature. The main conclusions drawn from the
current research are as:

The overall accuracy of the predicted solution by the ML-approach is more than 99%
for all the response parameters; thus, the proposed approach is successfully implemented
for the investigation of solutions while processing P20 mold steel on a milling machine.

The correlation coefficient is minimum, i.e., —0.960, for the case of Rz and speed,
which signifies the decrease in the Rz value with respect to speed. However, the maximum
correlation (0.996) exists for the case of Rz and Ra, where the value of Rz increases with the
increase in Ra value.

The integrated approach of ML-TOPSIS suggests that the maximum predicted Pi is
0.7754 corresponding to the optimized setting, i.e., speed: 150 m/min; DoC: 1 mm and F:
0.06 mm/tooth. The proposed model predicts the solutions nearby the experimental value
with a maximum percentage error of 3.43%.

The investigated outcomes from the research shows the benefit of the proposed soft
computing technique to find out the optimized machining conditions with balanced perfor-
mance of the response characteristics.

The proposed technique can be implemented for the investigation of other response
characteristics, and to analyze and optimize the process parameters for other types of
materials used in different industries. In the future, this methodology can also be used for
other machining methods (namely conventional as well as non-conventional). The effect of
change of tool materials on response characteristics can also be considered in upcoming
research. The soft computing technique can be used for optimizing the process parameters
via an online method, and tool condition monitoring may be another perspective via the
proposed approach.
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Appendix A

Table A1. ANOVA for Ra Means.

Source DF SS MS F P
Speed 2 8.75257 4.37628 644.10 0.000
DoC 2 0.05529 0.02764 4.07 0.060
F 2 0.27849 0.13925 20.49 0.001
Speed x DoC 4 0.10533 0.02633 3.88 0.049
Speed x F 4 0.02804 0.00701 1.03 0.447
DoC x F 4 0.03312 0.00828 1.22 0.375
Residual Error 8 0.05436 0.00679
Total 26 9.30719 R?: 99.42%; R? (adj): 98.10%
Table A2. ANOVA for Rt Means.
Source DF SS MS F P
Speed 2 466.493 233.246 206.57 0.000
DoC 2 0.955 0.478 0.42 0.669
F 2 19.134 9.567 8.47 0.011
Speed x DoC 4 1.592 0.398 0.35 0.835
Speed x F 4 6.404 1.601 1.42 0.312
DoC x F 4 9.592 2.398 2.12 0.169
Residual Error 8 9.033 1.129
Total 26 513.204 R?: 98.24%; R? (adj): 94.28%
Table A3. ANOVA for Rz Means.
Source DF SS MS F P
Speed 2 215.381 107.690 561.08 0.000
DoC 2 1.776 0.888 4.63 0.046
F 2 8.239 4.120 21.46 0.001
Speed x DoC 4 2.681 0.670 3.49 0.062
Speed x F 4 1.154 0.288 1.50 0.289
DoC x F 4 0.492 0.123 0.64 0.649
Residual Error 8 1.535 0.192
Total 26 231.257 R?: 99.34%; R? (adj): 97.84%
Table A4. ANOVA for PC Means.
Source DF SS MS F P
Speed 2 0.267496 0.133748 227.84 0.000
DoC 2 0.094630 0.047315 80.60 0.000

F 2 0.083430 0.041715 71.06 0.000
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Table A4. Cont.

Source DF SS MS F P
Speed x DoC 4 0.036770 0.009193 15.66 0.001
Speed x F 4 0.018304 0.004576 7.79 0.007
DoC x F 4 0.009437 0.002359 4.02 0.045
Residual Error 8 0.004696 0.000587
Total 26 0.514763 R?: 99.09%; R? (adj): 97.03%

Table A5. ANOVA for Temp Means.

Source DF SS MS F P
Speed 2 8103.0 4051.51 45,109.62 0.000
DoC 2 11,257.1 5628.56 62,668.53 0.000
F 2 3054.1 1527.07 17,002.41 0.000
Speed x DoC 4 100.7 25.17 280.27 0.000
Speed x F 4 27.2 6.79 75.62 0.000
DoC x F 4 60.8 15.20 169.24 0.000
Residual Error 8 0.7 0.09
Total 26 22,603.7 R?: 99.09%; R? (adj): 97.03%
Table A6. ANOVA for MRR Means.
Source DF SS MS F P
Speed 2 40,500,000 20,250,000 324.00 0.000
DoC 2 18,000,000 9,000,000 144.00 0.000
F 2 40,500,000 20,250,000 324.00 0.000
Speed x DoC 4 3,000,000 750,000 12.00 0.002
Speed x F 4 6,750,000 1,687,500 27.00 0.000
DoC x F 4 3,000,000 750,000 12.00 0.002
Residual Error 8 500,000 62,500
Total 26 112,250,000 R?: 99.55%; R? (adj): 98.55%
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