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Abstract

Metal matrix composites (MMCs) have gained great recognition in recent decades in a wide
range of applications, including aerospace, automobiles, engine cylinders, and other sectors.
MMCs possess excellent properties including light in weight, high corrosion resistance, stiffness,
and strength. However, they are categorized as difficult-to-cut materials where machining of
these materials remains a challenging task. To improve the machining process quality and to

avoid unnecessary experiments in a cost-effective manner, this article aims to develop an
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artificial intelligence model, using the genetic programming (GP) method to predict the cutting
force, surface roughness, and tool life during the machining process of SiCp/Al at different
cutting parameters including cutting speed, feed rate, and depth of cut. The developed genetic
programming-based prediction model is designed and developed using MATLAB software.
Meanwhile, the GP parameters including mean square error, root means square error, normalized
mean square error, mean error, variation of error, correlation coefficient, and R-square are used
for the validating of the proposed model. The GP model results are compared with our previous
response surface methodology (RSM) model results that were employed to estimate the
machining characteristics of the SiC particle-reinforced metal matrix composites (45% SiCp)
with different cutting parameters. The GP results prove the higher efficiency with the prediction
of the cutting force, surface roughness, and tool life, 43.07%, 37.82%, and 115.64%,

respectively, compared with the previous RSM method.

Keywords: SiCp/Al metal matrix composite; machining characteristics; tool wear, cutting force,

surface roughness; genetic programming; response surface methodology.

1. Introduction

In recent years, SiCp/Al composites have rapidly replaced traditional materials due to their
excellent properties such as high strength, high hardness, high specific strength, good heat
resistance, and special commercial and technical values. The application of SiCp/Al in the
industry is becoming more extensive [1-3]. However, with the addition of SiC particles as
reinforced and the addition of aluminium as a matrix during fabrication to form SiCp/Al
composite, it became a hard-to-machine material. The machining of SiCp/Al composite causes
rapid tool wear during processing leading to high processing costs, low processing efficiency,
and poor surface quality, which has become a major problem that hinders wide applications in
numerous fields [3,4]. At present, scholars have carried out a series of research on the
machinability process of SiCp/Al composites [6-8]. In terms of tool wear, surface roughness, and
cutting forces, extensive work has been done by several researchers and developed various
predictive, simulation, intelligence, and analytical models [9-11]. The study was performed on

the tool wear mechanism by Hung et al. [12] with verified experiments. Authors recommended



the polycrystalline diamond (PCD) tool, on the experimental basis, for machining operation of
SiCp/Al. furthermore; the author develops the tool wear models for machining SiC particle-
reinforced metal matrix composites. The model results show that it is more productive and
economical to employ the uncoated WC inserts for rough cutting and PCD tools for finishing
operation. El-Gallab et al. [13-15], conducted high-speed dry milling experiments under different
parameters when studying the cutting performance of Al/SiC/20p composites, emphasizing the
surface quality and the degree of damage under the surface. Authors believed that the
performance of PCD tool was consistent for machining SiCp/Al, however, it reveals that in high-
speed milling surface quality of part will be reduced. Li et al. [16] Conducted milling
experiments to investigate the tool wear on machining 5% SiCp/Al composites using coated
carbide cutters at milling speed (up to 88 m/min). The tool wear is increased at higher milling
speed. As the speed increases, the abrasive wear on the flank is the main form causing wear.
Sahin et al. [17] studied the effect of reinforcement on the machinability of SiCp/Al composites.
They found that the tool wears increased with the increase of the average particle size and
volume fraction of the reinforcement phase. In other research work such as [18], it is observed
that chipping often occurs in addition to the typical flank wear of CBN tools in cutting SiCp/Al
composites. As the size of the reinforcing particles increases, the chipping became more serious
[18-19]. In addition, it is observed that the machinability of SiCp/Al faces lots of challenges such
as sudden breakage of the tool, degraded surface quality generation at higher amounts of
vibration, temperature, and cutting forces [2, 20-22]. In turning of SiCp/Al MMCs [22], apart
from the cutting parameters, the machining performance and part quality typically depend on SiC
particle size, volume percentages, reinforcing techniques, fabrication methods, and interface
bonding strength of a particular matrix. With this regard, a machinability study at a 15% volume
fraction of SiC-A356 Al at various ranges of depth of cut was conducted by Chambers et al. [23].
It is clearly seen that tool life shows a declining trend as the depth of cut values increases at
much extent during machining.

A similar study [24], declared that with the increasing of feed rate, tool wear is highly increased.
In addition, reducing the feed rates increasing the tool life due to the decrease of the physical
contact between the tool-part and work part surface as well as the less contact along with
abrasive Silicon particles [13]. Zhou and Liu [25] studied the cutting performance of the CVD

diamond coated cemented carbide cutting tools during machining MMCs at a feed rate of 0.05-



0.3 (mm/rev) and cutting speed of 1-6 (m/s), cutting depth of 1-2 (mm) with the inclusion of
coolants. It is depicted in the results that a higher amount of feed rate and cutting speed is
increasing the tool wear, and hence the coating fails as stresses increase in the machining
process. Furthermore, it is depicted that the major factors affects the tool life are the depth of cut,
cutting speed and material characteristics (SiC particles size, volume percentages, reinforcing
techniques, fabrication methods) of SiCp/Al composite. The quality of the machined surface is
also affected by the tool materials (grain size and chemical composition, and edge hardness) used

for machining the SiCp/Al composite [26-28].

One of the recently developed powerful machine learning tools which has been widely utilized in
the modeling of manufacturing processes is Genetic Programming (GP). Having been inspired
by the biological model of evolution and natural selection, GP has been applied to solve many
real-world problems. The main goal of GP is to extract a genetic equation for a given set of

values and variables. Numerous applications of GP have been reported in machining processes.

Kovacic et al. [29] proposed the modeling of cutting force in milling of aluminum and steel. On
the basis of the experimental data, different models for cutting forces prediction were obtained
by genetic programming. Research shows that genetically developed models fit the experimental
data. Milfelner et al. [30] studied the development of the genetic equation for the cutting force
for ball-end milling process. The obtained results show that the developed genetic equation fits
very well with the experimental data. Garg and Tai et al. [37] proposed a modified GP method
using a stepwise regression approach such that the genes of lower performance are eliminated
and only the high performing genes are combined. In their work, the proposed method was
applied in modelling the surface roughness in the turning of hardened AISI H11 steel. The results
showed that the model produces better performance than those of support vector machine and
artificial neural networks. Kumar Abhishek et al. [31] illustrates the applicability of genetic
programming with the help of Adaptive Neuro Fuzzy Inference System (ANFIS) towards
generating prediction models for cutting force in the drilling operation of GFRP composites. F.
Cu$ and Uros Zuperl [32] investigated the applications of GP in steelmaking process and
evaluated the ability of GP in modeling various machining characteristics such as surface

roughness, tool wear and cutting force.



Due to the lack of research on the machinability of high-volume fraction (over 30%) metal
matrix composites, this paper aimed to investigate the machinability of 45% SiCp/Al composites
using carbide cutting tools. This work is performed to investigate the effects of the machining
parameters on cutting forces, surface roughness, and tool life in machining SiCp/Al composite
materials. The RSM and GP prediction models are developed to explore the impact of machining

parameters in turning SiCp/Al composite.

2. Materials and Methods
2.1. Experimental Work

Figure.1 shows the experimental setup. In this experimental work, the cutting forces, tool life,
and surface roughness, were measured. The workpiece material used is SiCp aluminium metal
matrix composite with a volume fraction of 45%, which is commonly used as a structural
material in aerospace and automobile industries. The workpiece material is prepared in the
advance materials lab, Harbin Institute of Technology, Harbin, China. The SiCp/Al sample
workpiece for turning process is carefully chosen with the shape of a cylindrical bar having a
diameter of 48.2 (mm) and a length of 98.9 (mm). Table 1 shows the chemical composition of
SiCp/Al 45%. While Table 2 shows the material properties of the specimens (SiCp/Al 45%). For
the machining experiments, the carbide cutting tool (CNMG120408-PM) is used in this research
work, which has s nose radius of 0.8 (mm) and possesses a relief angle of 7°. The CNC lathe
machine “Shenyang lathe CAK50135d1” is employed for the cutting operation. The experiment
is design based on 3 factors and 4 levels with total number of combinations of 16 experiments.
The Cutting Parameters levels and the experimental matrix used are shown in Table 3 and 4. The
working range of these cutting parameters v, f, d, shown in Table 3, are selected based on the
tool maker recommendation for the best achievement in turning of SiCp/Al using the carbide

cutting tool (CNMG120408-PM).

New carbide cutting tool is used for each experiment. The surface roughness and cutting forces
were measured after each cutting operation. The experiments were performed continuously
without removing the test equipment devices except for changing the worn cutting tool at 0.3
mm flank wear according to the ISO 3685 (ISO, 1993) standards [1]. The “TR200V1.5-meter
Anyty” and the “3R-WM401-WIFI” devices were used to measure the tool's surface roughness



and wear, respectively. The detailed devices and equipment used in the experimental setup are

shown in Figure. 1 which consist of turning machine with SiCp/Al specimen, carbide cutting

tool, the sample of tool wear, surface roughness, cutting force. The cutting forces measured using

Kistler three-way dynamometer, a charge amplifier, a data acquisition card, and a computer

equipped with data analysis software DynoWare software.

Table 1. Chemical composition of SiCp/Al 45%

Figure.l Experimental setup

Element Si C O Fe Mn Cu Mg K S Al

Percentage | 39.8 | 22.7 | 7.9 8.9 0.5 1.1 0.3 1.2 0.3 | balance
Table 2. Material properties of SiCp/Al 45%
Coefficient of
Young’s modulus Thermal thermal Mass densit
Yield Strength MPa g conductivity . 3 Y
GPa (Wrm K1) expansion (g/cm?)
(10°%/°C)
200-500 161 185-200 11.2 2.88-2.92




Table 3.

Cutting Parameters levels [1,2]

Levels
Cutting parameters First Second Third Fourth
Level Level Level Level
Cutting Speed (m/min) 6.283 12.566 18.85 25.133
Feed rate (mm/r) 0.01 0.015 0.02 0.025
Depth of cut (mm) 0.2 0.5 1 1.5
Table 4. Experimental matrix [1,2]
No. Cutting Speed Feed Speed Depth of Cut
(m/min) (mm/r) (mm)
1 6.283 0.01 0.2
2 6.283 0.015 0.5
3 6.283 0.02 1
4 6.283 0.025 1.5
5 12.566 0.01 0.5
6 12.566 0.015 0.2
7 12.566 0.02 1.5
8 12.566 0.025 1
9 18.85 0.01 1
10 18.85 0.015 1.5
11 18.85 0.02 0.2
12 18.85 0.025 0.5
13 25.133 0.01 1.5
14 25.133 0.015 1
15 25.133 0.02 0.5
16 25.133 0.025 0.2

2.2. Response Surface Methodology

Response surface methodology (RSM) is frequently used in various fields for predicting and
developing mathematical models based on statics to measure the relationship between the
response and independent variables. It is a kind of approach that incorporates the results from the
experimental data followed by statistical methodologies to break down the complex problems
into possible solutions and eliminate the insignificant factor. The RSM technique is used in this
study to optimize the influence of the machining parameters, including cutting speed, feed rate,

and depth of cut on the responses considering tool wear, surface roughness, and cutting forces.

The quadratic equation for various responses and variables is shown in Eq. (1).




Y =F[v,f,d] (1)

Where, Y represents the desired function, F in the equation represents the response, and the rest
of the parameters are v, f, d are cutting speed, feed rate, and depth of cut, respectively. The

quadratic model for Y is given in Eq. (2).

Y=a0+ZaiXi+ZaiiXi2+zainj (2)

Parameters of Eq. (2) are well-defined as, a, constant, a;, a;;, and a;; represent the coefficient of
linear, quadratic, and cross-product terms, respectively. X; shows the variables which correspond

to the studied machining parameters.

2.3. Genetic Programming

Recently, nature-inspired algorithms have found special popularity in solving optimization
problems, especially bio-inspired ones. Classified in the bio-inspired category of algorithms, the
GA is an evolutionary optimization method that imitates chromosome behavior to reach the
optimum answer. One of the frequently applicable alternative domains applying GA is GP which
operates on a string of codes and functions in addition to numbers. Koza and Poli have
introduced this automatic programming method in 1992. He combined evolutionary techniques
and automatic programming principles to achieve a modeling-based optimization methodology
[33]. Like GA, the crossover and mutation operations are applied to chromosomes to produce the
next generations in GP. Therefore, this method can optimize more complicated structures than
GA [34, 35]. Moreover, GP can connect the independent input cutting parameters and output
measured characteristics precisely with a mathematical equation. Figure 2 illustrates a sample of
chromosomes in GP, the crossover operation of two parents’ chromosomes, and mutation

operation along with produced offspring.

The major drawback of all the data driven modelling approaches is the black box nature of these
models, i.e., the user cannot easily identify what is happening in model which computes the
outputs corresponding to the inputs supplied to the model. One of the key advantages of genetic
programming as a modelling tool 1is its ability to develop simple mathematical

models. However, the uniqueness of genetic programming is that it performs various



mathematical operators over symbolic expression or formulae or programs rather than over
numbers which represent the candidate solutions. Thus, in genetic programming the candidate
solutions are symbolic expressions or formulae. In a modelling framework these symbolic
expressions or formulae or programs are candidate models to simulate a physical phenomenon.
Thus, the optimal formula that is evolved by genetic programming can be used as a best fit

model for predicting the physical phenomenon under consideration.
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GP is frequently applied in modeling various phenomena in manufacturing processes, especially
machining operations. Some successful applications of this relatively modern computing
technique have been reported in milling tool path determination, tool wear prediction in hard
turning [36, 37]. Formulation of generalized power consumption of machining [38], grinding
complex geometrical features [39], modeling of burr height of the drilling process [40], tool-chip

contact length prediction [35] and prediction of energy consumption of machine tools [41].

The modeling process by the GP method starts with the generation of a random initial population
composed of functions, operations, and numbers. Then, the fitness value based on the defined
optimization problem is calculated for each member of the population. Once the certain fitness
threshold is fulfilled, the GP algorithm is terminated, and the member with the best fitness value
is introduced as the answer to the defined optimization problem. In the next step, a new
population, generated by applying genetic operators to the previous generation, replaces the
previous generation. The fitness values according to defined functions are calculated to
determine if the best answer is reached [42]. A schematic flowchart of the GP modeling process

is shown in Figure 3.

In this research, a set of genetic equations were developed to extract the relation between input
independent cutting parameters (v, f, and a,) and output parameters consisting of cutting
forces, surface roughness, and tool life in the machining process of SiCp/Al using carbide cutting
tools. Arithmetic functions were set as T = [+,—,X,+,1/x.x2, x3.4/x]. In the present study, the
number of chromosomes was selected Mg = 30. The number of generations to terminate the
algorithm was selected G = 200000. The evolutionary operation rates were selected based on

trial and error: 0.1 for mutation and 0.044 for crossover.



( Start GP process )

A 4

Create a random initial population for cutting forces (Fx,Fy,Fz)
by defined arithmetic functions, v,fand d.

A 4

Calculate cutting force values (Fy,Fy,Fz)
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Select a member for
mutation based on fitness

y

Insert generated offspring
into new population

Figure 3. A schematic flowchart of the GP modelling process

3. Result, Analysis and Discussion

3.1 The experimental results

The experimental results on tool life, surface roughness, and cutting forces are shown Table 5.
The cutting forces values listed in Table 5 are the average cutting forces at every cutting
condition. In addition, as can be seen in Table 5, all three processing parameters of cutting speed,
feed speed, and cutting depth influence the processing response. The results obtained from the



machining process reveal that the influence of each parameter is equal on the workpiece surface
roughness. In contrast, in the case of tool wear, it is observed that the cutting speed is more
significant followed by the feed rate and depth of cut In case of the cutting forces, F, and F, are
affected by the depth of cut followed by the cutting speed and feed rate. While, for F, the depth
of cut is still showing the most significant effecting, however, the cutting speed and feed rate are
also significantly affecting F, compared to the case of F, and F, in machining of SiCp/Al
composite materials [43,44] .

Table 5. Experimental results on tool life, surface roughness, and cutting forces[1,2].

No. Tool.Llfe Surface F,, Force F, Force F, Force
(min) Roughness Ra N) ) (N)
(um)
1 10.511 1.13 74.13 170.01 79.98
2 5.407 1.11 134.01 249.9 138.23
3 5.322 0.616 261.09 295.03 199.81
4 6.365 0.629 375.29 385.11 275.12
5 6.359 0.265 143.11 250.07 126.06
6 4.03 0.849 84.33 231.96 96.11
7 3411 0.230 409.98 319.99 289.88
8 3.271 0.378 290.11 315.06 221.02
9 3.017 0.056 274.42 317.1 171.3
10 2.567 0.044 519.8 364.89 311.05
11 2.198 0.241 69.01 214.87 86.42
12 1.714 0.221 169.04 293.15 149.79
13 2.237 0.110 529.98 355.23 278.31
14 1.878 0.190 327.16 361.01 207.04
15 1.465 0.049 149.97 269.96 135.61
16 1.594 0.151 89.96 256.14 104.97

3.2 GP and RSM based prediction models analysis.
3.2.1 Cutting force analysis.

For determining the relationship between cutting parameters (v, f, and d) and response
parameters (cutting forces, surface roughness, and tool life) in the machining of SiCp/Al, the GP
and RSM based prediction models were developed in Minitab-17 and MATLAB software. The
measured response parameters (cutting force, surface roughness, and tool life) at different cutting
parameters (cutting speed, feed rate, and depth of cut), shown in Table 5, are used as train and

verification data for the proposed GP and RSM models.



The best-extracted models using RSM considering mentioned arithmetic functions for cutting
forces (Fy, F, and F;) are shown in Egs. (3a to 3c). In addition, the best genetically extracted
models using GP considering mentioned arithmetic functions for cutting forces (Fy, F, and F)
are show in Egs. (4a to 4c). The RSM model summary for the cutting forces are given in the
value of R"2, R"2-adjusted and R"2-adjusted. The values for Fx are obtained as R"2=99.3% and
R"2 (adj)= 98.26%; and R"2 (pred)= 95.11% for Fy they are obtained as R"2 = 92.56% , R"2
(adj) =81.39%; and R"2 (pred) =0.00% and for Fz they are obtained such as R"2 =99.20% and
R”2 (adj) =97.99%. and R”*2 (pred) =92.67%.

F, = 50.8 — 6.30v + 3317f + 110.7d — 0.029v X v — 23,275f X f

+57.8d xd+136v X f +9.13v x d — 2977 x d (3.2)
E, = 104 + 6.19v + 1845f + 146d + 0.056v X v + 85650f X f 35)
—41.9d xd —284v X f — 0.71v X d + 1342f x d )
F, =56.1 —4.58v + 4334f + 79.0d — 0.0515v X v — 144000f X f (3.0)
+18.0d X d + 224v X f + 3.30v X d + 81f X d ’
E, = (d+1.302) x v X f x 387328 + [v? X f x d x (0.123 — d)]? (4.2)
+ 22296 X d — v + 32.002
4.95 4.b
Fy= (321 xd +f —5.679)° +[((48.896 — v) X f x d)** + —~ (4.6)
1
+ 2.801 + 2.801 x v — m 4+ 13.021 x d
—956.378 X f + 315.443
E, = (d + 5.36248)3 + 9.0478 x (d — 10.0574) (4.0)

+[(f +8207) xd X f x (vX f + )]
+ (d — 12.8468)2 x f? x 204.1869

The experimentally measured values for cutting forces Fy, F, and F, along with values obtained
from RSM- and GP-based prediction models are given in Table 6 in and plotted in Figure. 4 (a-
c). While the errors between the experimentally measured and predicted cutting forces using

RSM- and GP-based prediction models are shown in Table 7 and plotted in Figure. 5.

Considering the genetically obtained equations for cutting forces in three directions as Egs. (4a

to 4c) reveal that any increase in cutting speed corresponds with a little decrease in F, and drastic



increase in F,, while the resultant change in F; is negligible. Also enhanced values of feed rate
results sharp increase in F, F, and partial decrease in the amount of F,. In the case of the effect

of depth of cut it can be realized that the values of F,, F, show severe increase by increasing the

depth of cut, but F, has a slight change.

In addition, the accuracy of obtained genetic equations was evaluated for both training and
validation data, using the coefficient of determination, R?, MSE, RMSE, and CC. The values of
mentioned fitness functions for obtained genetic equations are given in Table 8. Meanwhile, the
error histogram between the measured and predicted cutting force along the x, y and z-axis for

RSM and GP-based prediction model is plotted in Figures. 6, 7 and 8 respectively.

Table 6. The experimentally measured and predicted cutting forces Fy, F, and F, using RSM- and
GP-based prediction models.

E E, E
No 1 Evp GP RSM | Exp GP RSM | Exp GP RSM
1 | 7413 | 73.97 | 7939 | 170.0 | 182.47 | 18091 | 79.98 | 8640 | 88.41
2 | 134.0 | 143.79 | 143.19 | 2499 | 241.61 | 235.64 | 1382 | 12326 | 132.12
3 | 261.0 | 26036 | 250.51 | 295.0 | 298.16 | 307.05 | 199.8 | 192.45 | 183.87
4 | 3752 | 38136 | 3703 | 385.1 | 384.46 | 3655 | 275.1 | 279.88 | 231.42
5 | 143.1 | 139.78 | 127.26 | 250.0 | 249.02 | 246.72 | 126.0 | 118.79 | 108.14
6 | 8433 | 75.00 | 71.6 | 2319 | 21038 | 213.8 | 96.11 | 90.78 | 89.58
7 | 409.9 | 42370 | 4454 | 319.9 | 336.64 | 33824 | 289.8 | 294.23 | 258.92
8 | 290.1 | 28239 | 286.26 | 315.0 | 315.67 | 329.83 | 221.0 | 218.71 | 201.62
0 | 2744 | 262.63 | 289 | 317.1 | 32044 | 318.19 | 1713 | 183.36 | 182.64
10 | 519.8 | 499.47 | 479.16 | 364.8 | 349.52 | 342.06 | 311.0 | 299.55 | 307.19
11 | 69.01 | 79.69 77 | 2148 | 230.94 | 23488 | 86.42 | 97.08 | 100.82
12 | 169.0 | 16033 | 172.49 | 293.1 | 279.51 | 2682 | 149.7 | 145.61 | 160.91
13 | 529.9 | 538.81 | 53427 | 3552 | 357.14 | 368 | 2783 | 280.59 | 277.87
14 | 327.1 | 33249 | 306.6 | 361.0 | 348.06 | 341.21 | 207.0 | 215.56 | 206.67
15 | 1499 | 159.10 | 153.94 | 269.9 | 29723 | 271.92 | 135.6 | 138.94 | 136.41
16 | 89.96 | 88.07 | 83.43 | 256.1 | 248.54 | 250.17 | 1049 | 105.84 | 101.06




Table 7. The error between the experimentally measured predicted cutting forces using RSM-
and GP-based prediction models.

F, F F,
No RSM RSM RSM
0 0, 0,
GP Error% Error% GP Error% Error% GP Error% Error%
1 0.220859 7.09 7.327238 6.41 8.027721 10.5
2 7.297538 6.85 3.318062 5.7 10.83045 4.42
3 0.278585 4.05 1.06232 4.07 3.685636 797
4 1.617817 1.32 0.168207 431 1.730594 16
5 2.330219 11.06 0.418058 1.32 5.76442 14.2
6 11.06955 15.09 9.303665 7.82 5.55079 6.79
7 3.346869 8.53 5.203852 5.7 1.498965 10.6
8 2.660254 1.32 0.193331 4.68 1.046521 8.77
9 4.296416 5.31 1.051779 0.34 7.038494 6.62
10 3910757 7.81 4.213469 6.25 3.695787 1.24
11 15.47396 11.57 7.476658 9.3 12.33474 15.7
12 5.154159 2.04 4.652541 8.51 2.793061 7.4
13 1.666551 0.8 0.537417 3.59 0.817982 0.15
14 1.629854 6.28 3.587359 5.48 4.116785 0.17
15 6.090496 2.64 10.1016 0.72 2.459083 0.58
16 2.096492 7.25 2.965536 2.33 0.827611 3.7
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Figure 4. (a, b, ¢) Experimental and predicted cutting forces using RSM and GP-based prediction

models.
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Figure 5. The error between the experimentally measured predicted cutting forces using RSM-
and GP-based prediction models.

Table 8. Fitness values of the training and validation data for obtained genetic equations.

E E, F,
Training Validation Training Validation Training Validation
R 2 0.99693347 |0.99117733 | 0.95406034 | 0.91934722 | 0.98963881 | 0.98852505
MSE | 55.2017866 | 232.382963 | 133.309334 | 303.322987 | 59.7935854 | 56.2645546
RMS | 7.42979048 | 15.2441124 | 11.5459661 | 17.4161702 | 7.73263121 | 7.50097024
CC 0.999027 0.99913 0.996848 0.999022 0.997528 0.999683
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Figure. 6: The error histogram between the measured and predicted cutting force along the x-

axis for (a): RSM-based prediction model; (b): GP-based prediction model
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Figure. 7: The error histogram between the Measured and predicted cutting force along the y-
axis for (a): RSM-based prediction model; (b): GP-based prediction model
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Figure. 8: The error histogram between the measured and predicted cutting force along the z-

axis for (a): RSM-based prediction model; (b): GP-based prediction model

As can be seen in Figure 4 (a, b, ¢) and Figure 5, the measured and predicted cutting force using
RSM and GP-based prediction models, the correlation coefficient between the measured and
predicated F, using are 0.994 and 0.998, respectively. The highest correlation coefficient for the
most accurate prediction would be 1 with 100% accuracy. Also, the correlation coefficient
between the actual and predicted F, using RSM- and GP-based prediction model are 0.9645 and
0.9754 based on the represented results in Figure 4 (c) F. Figure 4 (b) Lastly, the correlation
coefficient between the actual and predicted E, using RSM- and GP-based prediction model are
0.9815 and 0.9947 based on the represented results in Figure 4 (¢) F: Then, it can be concluded
that the usage of the GP-based prediction model over the previous RSM-based prediction model
can increase the correlation coefficient between the actual and predicted F, F, and F, with 0.4%,
1.13% and 1.34%, respectively. Also, using the root means square error (RMSE) to evaluate the
accuracy of the proposed model, the RMSE between the actual and predicted F, using RSM and
GP are 16.5282 and 9.4027 (N), respectively. It proves that GP-based prediction model can
decrease the RMSE between the actual and predicted F, with 43.11% in comparison with
previous RSM-based prediction model. Based on Figure 4 (¢) F- Figure 4 (b) the RMSE between
the actual and predicted F, using RSM and GP are 15.579 and 12.8526 (N), respectively. It



shows 17.50% more accuracy in point of RMSE between actual and predicted F, using GP
model in comparison with RSM model. Also, based on the represented results in Figure 4 (c) F:
the RMSE between the actual and predicted F, using RMS and GP models are 16.6988 and
7.6897 (N), respectively. The higher accuracy of the GP-based model in comparison with the

RSM-based model is obvious based on the represented results.

These results are also supported by the results of Figures 6, 7, and 8. As can be seen in Figure.
6.a, the average and variation of the error between the measured and predicted F, cutting force
using RSM-based prediction model are 1.9744 and 16.9480 (N), respectively. While the average
and variation of the error between the measured and predicted F, cutting force using GP-based

prediction model are 0.0281 and 9.7110 (N), shown in 6.b.

In addition, Figure 6(a and b) and Figure 7 and Figure 8 (a and b) show the error histogram
between the Measured and predicted F, and F, using RSM and GP models, respectively. Based
on the represented results, The mean error of the F, and F, using RSM-based model are 2.3225
and 6.4406 (N), respectively. While the mean error of the F, and F, using GP-based model are -
0.0194 and -0.0206 (N), respectively.

3.2.2 Surface Roughness and Tool Life analysis

The best models using RSM for the prediction of surface roughness and tool life were obtained
as SR and T, shown in Egs. 5 (a and b). While the best models using genetic programming (GP)
for surface roughness and tool life were obtained as SR and T, shown in Egs. 6 (a and b). The
RSM model summary for the tool life and surface roughness are given in the value of R"2, R"2-
adjusted and R”2-adjusted. The values for For the tool life (T) value for the R"2 =97.80% R"2
(adj) = 94.49% and R"2 (pred) = 83.31%. For the surface roughness (SR) R"2 =95.23% , R"2
(adj) = 88.08% and R*2 (pred) = 56.57%.

SR = 4.44 — 0.1959v + 40.2f — 2.390d + 0.002693v X v — 972f X f (5.2)
+0.259d X d — 1.21v X f + 0.0459v x d + 13.3f X d

T =6.28 —0.0833v — 252.1f — 1.566d + 0.001294v X v + 3575f X f (5.b)
+ 0.246d X d + 0.33v X f — 0.0109v x d + 39.2f X d
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Considering the genetically obtained equations for SR as Eq. 6a reveals that depth of cut has a
minor effect on the output value. While increasing the feed rate will worsen the surface
roughness, increasing the cutting speed will decrease the obtained surface roughness.

Meanwhile, as can be seen from Eq. 6b, all the cutting parameters have negative effects on tool
life. However, the effect of cutting speed is much more than other parameters on tool effective
life.

The experimentally measured and predicted values of surface roughness and tool life using
RSM- and GP-based predictive models are given in Table 9 and plotted in Figure. 9 (a and b).
However, the error between the experimentally measured and predicted values of surface
roughness and tool life using RSM- and GP-based predictive models are shown in Table 10 and
plotted in Figure. 10. The values of fitness functions for obtained genetic equations for surface
roughness and tool life are given in Figure. 10. The error between the experimentally measured
and predicted values of surface roughness and tool life using RSM- and GP-based predictive
models. In addition, the accuracy of obtained genetic equations was evaluated for both training
and validation data, using the coefficient of determination, R2, MSE, RMSE, and CC. The values
of mentioned fitness functions for obtained genetic equations are given in Table 11.

Table 9. The experimentally measured and predicted values of surface roughness and tool life
using RSM and GP-based predictive models.

Surface Roughness, SR Tool Life, 7/

No Exp GP RSM Exp GP RSM
1 1.13 1.132284964 1.03 10511 | 10.48802199 10.94
2 1.11 1.097138221 0.99 5407 | 5.438950914 6.49
3 0616 | 0.626397744 | 0.713 5322 | 5356913048 637
4 0.629 0.641071109 0.598 6365 | 6391510969 539
5 0.265 0234140281 0312 6359 | 6.354948292 5.14




6 0.849 0.850819239 0.73 4.03 4.028335181 4.15
7 0.23 0.24129845 0.213 3411 3.619877105 3.08
8 0.378 0.321933898 0.385 3.271 2.784127701 2.72
9 0.056 0.0472238 0.047 3.017 3.134200549 3.28
10 0.044 0.039358 0.055 2.567 2.575179823 2.46
11 0.241 0.224634754 0.3 2.198 2.239666403 2.28
12 0.221 0.21594552 0.226 1.714 1.930362881 1.87
13 0.11 0.078376525 0.13 2.237 2.268145666 2.39
14 0.19 0.174518607 0.164 1.878 1.804636966 1.88
15 0.049 0.042491191 0.061 1.465 1.698305492 1.62
16 0.151 0.182410525 0.086 1.594 1.425199234 1.47
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Figure. 9. The experimentally measured and predicted values of surface roughness and tool life

using RSM- and GP-based predictive models

Table 10. The error between the experimentally measured and predicted values of surface

roughness and tool life using RSM- and GP-based predictive models

Surface Roughness, SR Tool Life, 7/

No GP Error% | RSM Error% | GP Error% | RSM Error%
1 0.202209 9.7 0.218609 4.08
2 1.158719 12.2 0.590918 19.90
3 1.687945 13.6 0.656014 19.80
4 1.919095 5.18 0.416512 15.28
5 11.64518 15.1 0.063716 18.90
6 0.21428 15 0.041311 3.10
7 4.91237 7.98 6.123633 9.50
8 14.8323 1.81 14.88451 16.60
9 15.6717857 19.1 3.884672 8.80
10 10.55 19.9 0.318653 3.90
11 6.790559 17.6 1.895651 3.80
12 2.287095 2.21 12.62327 9.50




13 28.74861 15.3 1.392296 7.10
14 8.148 15.1 3.906445 0.21
15 13.283 19.6 15.92529 10.60
16 20.80167 7.5 10.58976 7.50

w
o

® GP Error% SR

m RSM Error% SR

N
(6]

M GP Error% T1

N
o

B RSM Error% Tl

Error Percentages
= =
o (O}
]

A,

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Number of Test Sample

Figure. 10. The error between the experimentally measured and predicted values of surface
roughness and tool life using RSM- and GP-based predictive models

In addition, the accuracy of obtained genetic equations was evaluated for both training and
validation data, using the coefficient of determination, R?, MSE, RMSE, and CC. The values of

mentioned fitness functions for obtained genetic equations are given in Table 11.

Table 11 Fitness values of Training data and validation data for obtained GP

Index Surface Roughness, SR Tool Life, T
Training Validation Training Validation
R2 0.987317356 | 0.965081369 | 0.997806292 | 0.977275166
MSE 0.001684544 | 0.003129276 | 0.01304247 0.088747055
RMSE 0.041043199 | 0.05593993 | 0.114203633 0.29790444
CC 0.995219 0.993935 0.99945 0.99762




As can be seen Figure 9 (a) the correlation coefficient between the measured and predicted
surface roughness using RMS- and GP-based models are 0.9888 and 0.9922, respectively. Also,
the RMSE between the measured and predicted surface roughness using RSM- and GP-based
prediction models are 0.0616 and 0.0442 (um). As can be seen Figure 9 (b), the correlation
coefficient between the measured and predicted tool life using RMS- and GP-based models are
0.9707 and 0.9976, respectively. Also, the RMSE between the measured and predicted tool life
using RSM- and GP-based prediction models are 0.5848 and 0.1650 (min). Figure. 10.
Representing the error percentages between the experimentally measured and predicted values of
surface roughness and tool life using RSM- and GP-based predictive models. The majority of the
experimental data points of the developed RSM and GP models are in good agreement with the
experimental data few data points such as experiment number 6 and 11 for cutting force and
experiment number 5, 8, 9, 13, and 16 for surface roughness and for tool life experiment number
8, 12, 15 and 16 has higher error percentage than 10%, however 13 number data point has higher
error percentage which is due to equipment’s measurement error. The higher error percentages in
few data point are experienced due to the availability of lower amount of experimental data
points for training of the model. Usually the training of the models with lower data points gives
higher error percentages, however the RSM model prediction value for the machining process

with few error percentages lower than 20% considered in majority of cases.

Conclusion

The orthogonal machining experiment was performed on SiCp/Al metal matrix composite
materials with percentages of SiC particles of 45% to find out the effect of three different factors
of cutting parameters such as cutting speed, feed rate, and depth cut and effect of SiC particles

on machining performances.

e While reviewing the machining process of different volume of SiCp/Al, from literature it
is found that the turning experiment of difficult to cut materials depicts that the higher the
SiC content and the course the particle size, the greater the cutting force due to tool wear
morphology and sudden wear of the flank at higher cutting parameters.

e When machining the SiCp/Al composites with the different cutting parameters, the
increasing cutting speed and lower depth of cut reduces the cutting forces and increases

the tool life and improves the surface integrity. It is also found that the wear tool has a



severe influence on the cutting force fluctuation curve; as tool wear increases, it also
became the cause of increments in the cutting forces.

RSM and GP mathematical models were developed and predicted the experimentally
obtained data. The majority of the experimental data point result shows good agreement
with the data. GP model was found to be more accurate than the RSM model. The error
percentages several experimental data point for both models are in the acceptable range,
except the few data points such as cutting force F.experiment number 6 and experiment
number 11 has error percentage higher than 10% for GPand RSM. For the tool life
the experiment number 8, 12, 15 and 16 has more than 10% of error for GP model and for
the surface roughness experiment number 5, 8, 9, 13, and 16 has more than 10% error
percentage for GP model. While the RSM model has more error percentage compare to
the GP model. Some experimental data points have higher error percentages; it is also

due to lower data sets during training of the models.

The composite desirability for optimization i.e. minimization of cutting forces, which
suggest that the optimum cutting parameters for tool life are 10.511(min) cutting speed
v=6.283 m/min, feedrate (~0.01mm/rev), and depth of cut (a,=0.2mm) and for surface
roughness Ra is (0.044um) cutting speed (v=18.85 m/min), feed rate (~0.015mm/rev)
and depth of cut (a,=1.5 mm) for the cutting forces the cutting parameters are included
such as cutting speed (v. 6.283m/min), feed rate (f =0.0lmm/rev) and depth of cut
(ap=0.2mm) and as (d) desirability of optimization noted at 0.9576, cutting force Fy, Fy,

and F, SiCp/Al45% are 79.5160(N), 183.3829(N) and 89.1095 (N) respectively. Table
11 shows the Fitness values of Training data and validation data for obtained GP model.

The measured parameters for the genetic algorithm are taken as mean square error, root
means square error, normalized mean square error, mean error, variation of error,
correlation coefficient, and R-square, are proposed for model validation. The developed
genetic algorithm model results prove the higher efficiency with the prediction of the
cutting force, surface roughness, and tool life, 43.07%, 37.82%, and 115.64%,

respectively, compared with the previous RSM method.
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