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Abstract: In this work, the dry turning of Inconel 601 alloy in a dry environment with PVD-coated
cutting inserts was studied. Turning was performed at various cutting speeds, feeds, insert shapes,
corner radii, rake angles, and approach angles. After machining, arithmetic mean surface roughness
(Ra) and flank wear (VB) were measured, and the material removal rate was also calculated (MRR).
An analysis of variance (ANOVA) was performed to determine the effects of the turning input
parameters. For the measured values, the turning process was modeled using an artificial neural
network (ANN). Based on the obtained model, the process parameters were optimized using a genetic
algorithm (GA). The objective function was to simultaneously minimize Ra and VB and maximize
MRR. The accuracy of the model and the optimal values were further validated by confirmation
experiments. The maximum percentage errors, which are less than 2%, indicate the possibility of
practical implementation of the hybrid approach for modeling and optimization of dry turning of
Inconel 601 alloy.

Keywords: turning; arithmetic mean surface roughness; flank wear; material removal rate; optimization

1. Introduction

Inconel alloys are a difficult-to-cut material and are therefore characterized by poor
machinability. For this reason, Inconel is usually machined wet or near-dry. However, dry
turning is the least harmful to the environment, and the shavings are the easiest to recycle.
In addition, costs are lower with dry turning because there are no costs for lubricants,
additional equipment, collection, treatment, etc. The main problem with dry turning is the
occurrence of higher temperatures and more intensive tool wear. This can result in poor
surface quality, out-of-tolerance manufacturing, poor geometric product specification, etc.
In order to achieve acceptable surface roughness, longer tool life, and required productivity
in dry turning, a large number of parameters, such as tool material, tool coating, tool
geometry, cutting speed, feed, depth of cut, etc., must be controlled and optimized. [1-3].

The dry turning of Inconel alloys has been investigated in numerous theoretical,
simulation, and experimental studies from various aspects. Li et al. [4] experimented with
different inserts. The results show that PVD-coated inserts are more suitable for turning
than CVD-coated cutting inserts. Ceramic cutting inserts with a negative rake angle and
round shape gave the best results. Devillez et al. [5] evaluated the performance of multilayer
and nanostructured TiAIN and AITiN coatings on cemented carbide tools. The dominant
wear modes observed during dry cutting were welding and adhesion of workpiece material
to the rake and flank surfaces. Nalbant et al. [6] investigated the effects of cutting tool
material and cutting speed on cutting forces and tool wear. Plastic deformation, flank
wear, and notch wear and build-up at high cutting speeds were determined. Outeiro
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et al. [7] studied the residual stresses induced by dry turning with coated and uncoated
cemented carbide tools. Machining with the uncoated tool produced higher surface residual
stresses than with the coated tool. The higher residual stress values were obtained on the
transient surface rather than the machined surface. Attia et al. [8] established the optimum
conditions for laser-assisted dry turning with ceramic tools. The surface roughness and
the MRR were improved while cutting forces were reduced. Akhyar Ibrahim et al. [9]
investigated the wear mechanisms of TiAIN carbide cutting inserts at different cutting
speeds, depths of cut, and feeds using the Taguchi method. The wear mechanism types
were abrasive wear on the flank and rake surface and cracks and fractures on the cutting
edge. The most significant factor affecting wear was the depth of cut, followed by feed
and cutting speed. Umbrello [10] investigated the effects of cutting conditions on surface
roughness and hardness. Higher cutting speeds and feeds allow the material to have a
higher surface hardness and a deeper hardness variation. Ramanujam et al. [11] used
the Taguchi method to optimize dry turning parameters to evaluate the performance
parameters such as cutting force, surface roughness, and tool wear. The results showed that
feed and depth of cut had the greatest influence on the responses. Ramanujam et al. [12]
used the fuzzy method with the Taguchi method to optimize machining parameters for
minimum surface roughness and power consumption and maximum MRR. It was found
that feed is the most important factor contributing to most of the variations. Satyanarayana
et al. [13] used GA to predict the optimum values for cutting speed, depth of cut, and
feed considering MRR and surface roughness. Thakur et al. [14] investigated the effects of
cutting speed on chip morphology, chip thickness ratio, tool wear, and surface integrity
for uncoated and coated tools. The positive effect of coated tools over uncoated was most
evident when machining at high cutting speeds. Thakur and Gangopadhyay [15] evaluated
cutting force, cutting temperature, tool wear, and surface integrity. The results obtained
in both roughing and finishing operations support the use of PVD-coated tools in dry,
dry environments. Vetri Velmurgan and Venkatesan [16] investigated the effect of cutting
speed, feed, and depth of cut on cutting force and surface roughness based on the Taguchi
method. The most significant factor in the cutting force and roughness was the depth of
the cut. Liu et al. [17] investigated the cutting performance and wear mechanism after the
deposition of the TiCN coating on the surface of Sialon ceramic cutting inserts. The tool
life of the TICN-coated cutting inserts was significantly longer than that of the uncoated
ones. Zeilmann et al. [18] evaluated the performance of various conditions during turning
with ceramic tools. The predominant wears were notch wear and flank wear. Thakur and
Gangopadhyay [19] studied the effect of cutting speed and tool coating on chip morphology;,
shear band thickness, equivalent chip thickness, and different features of segmented chips.
The results showed that the coated tool restricted a sharp increase in shear band thickness
with cutting speed and resulted in a reduction in tooth distance, tooth angle, equivalent chip
thickness, chip hardness, and deformation on grains while exhibiting an increase in chip
segmentation frequency in comparison with the uncoated tool. Cantero et al. [20] compared
several PCBN tools with a reference carbide insert in wet and dry environments. PCBN
inserts showed reasonable MRR and surface quality. Additionally, the results showed that
the high-speed turning of Inconel was not suitable in a dry environment. Hua and Liu [21]
investigated the effects of cutting speed, feed, and corner radius on surface roughness
and degree of work hardening. The results indicate that the feed and corner radius has a
dominant effect on the surface roughness. The results also show that the degree of work
hardening increased with increasing cutting speed and feed. Qiu et al. [22] investigated
the influence of J-C constitutive model parameters and friction coefficient on residual
stress, chip morphology, cutting force, and temperature. The results demonstrated that
the simulation accuracy was more susceptible to strain hardening and thermal softening
in the J-C constitutive model. The friction coefficient had significant effects on the cutting
forces. Hemakumar and Kuppan [23] investigated the effect of cutting speed and feed
on cutting force, surface roughness, and flank wear. Empirical models were developed
using response surface methodology (RSM). Feed was the most influencing parameter
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for cutting force and surface roughness while cutting speed was the most influencing
parameter for flank wear. Shalaby Veldhuis [24] investigated tool wear and chip formation
with different ceramic tools. The results showed that alumina with added ZrO, had the
best resistance to abrasive wear. It was found that the chipping and notching of the tool
decreased with increasing cutting speed. Qadria et al. [25] assessed the effect of workpiece
hardness at different cutting speeds on tool tip temperature and tool life with different
ceramic tools. The Al-oxide cutting insert had better cutting performance and lower crater
wear. Zhao and Liu [26] investigated PVD TiAIN tools with different coating thicknesses.
The results showed that tools with lower coating thickness had better friction effects and
lower cutting temperatures. Peng et al. [27] presented a semi-empirical approach to predict
the residual stress. The distributions of the predicted residual stress and the experimental
data showed the hook shape. Vukelic et al. [28] presented a methodology to evaluate the
dry-turning process along with optimum machining parameters. Acceptable flank wear
and required surface quality, while reducing cutting time and energy consumption, were
achieved with larger corner radii and cutting speeds and smaller feeds and depths of cut.
Ren et al. [29] analyzed the effect of turning process parameters on surface integrity and
fatigue life. The results indicated that the degree of work hardening, residual stress in
the cutting speed direction, fatigue stress concentration factor, degree of grain refinement,
and residual stress in the feed direction are the most important influencing parameters.
Veerappan et al. [30] investigated surface roughness and tool wear. The greatest influence
on surface roughness and tool wear had cutting speed, followed by feed and depth of cut.
Yashwant Bhise and Jogi [31] studied the influence of cutting speed and feed on surface
roughness. The feed had a greater impact on surface roughness. Zhao et al. [32] analyzed
the effects of Al content on TiAIN coating properties. Anti-friction, thermal barrier, and tool
life improve with increasing Al content. Xue et al. [33] investigated the wear mechanisms of
SiC whisker-reinforced alumina and Sialon. The results showed that the wear process of SiC
whisker-reinforced alumina was dominated by notch wear, while flank wear, characterized
by ridges and grooves, was the main wear mode for Sialon. Szablewski et al. [34] proposed
a new cutting insert that produced similar surface roughness to wiper inserts. The lowest
surface roughness values were obtained at the lowest feed. Sticking was dependent on feed
and cutting-edge effective length. Grigoriev et al. [35] studied the tribological properties of
coatings and wear resistance. A coating with active oxidation exhibits better wear resistance
than a slightly oxidized coating. Dhananchezian [36] investigated the effect of cutting speed
on surface roughness. With increasing cutting speed, the surface roughness decreases.

All previous approaches to the study of dry turning of Inconel alloys have their ad-
vantages and disadvantages. Most of these studies have examined the effects of machining
parameters, i.e., cutting speed, feed, and depth of cut, on the performance characteristics of
the turning process. The most commonly studied process performance was machined sur-
face roughness, tool life, machining time, etc. The disadvantage of experimental research,
especially under the conditions of a large number of experiments, is that it is expensive and
time-consuming. In order to overcome these disadvantages, suitable models are developed
in the research. Modeling the relationship between input-output parameters involves
cause—effect relationships. Theoretical modeling is based on process physics and physical
phenomena. The main difficulty in developing these methods is that a thorough knowledge
of the process is required, which is not always possible given the limited availability of
information. An alternative modeling approach is empirical modeling. Empirical modeling
methods are based on experimental data, i.e., finding a functional dependence between the
input and output parameters of the process. Empirical modeling techniques such as the
Taguchi method, ANN, fuzzy logic, RSM, and SVM are most commonly used for modeling
the turning process. The basic problems to be solved are economical and efficient data
collection, filtering noisy data (outliers), and defining the statistical characteristics of the
data. It is critical that the errors between the predicted and experimental values be within
acceptable limits so that the predictive model can be used in practice. As accuracy increases,
the established relationships should converge. When the process is modeled correctly, the
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subjective influence of the operator on the results obtained is also reduced. Additionally,
the universality and, thus, the possibility of practical application are greater since the
models can be applied in the range of input parameters and not only for experimental data.
The main problem is the question of which method to use and when since each method has
its own advantages and disadvantages. Notwithstanding some existing guidelines, it is still
impossible to define an algorithm for selecting an appropriate method. Additionally, the
development of predictive models is the basis for process optimization on various grounds.
Global evolutionary optimization techniques, such as GA, PSO, etc., are most commonly
used to optimize the turning process. Each of the mentioned optimization methods has
its advantages and disadvantages. Therefore, the crucial question is how to select an
appropriate method, i.e., how to formulate a sufficiently accurate optimization model that
represents a sufficiently accurate approximation of the process. Optimal combinations of
input parameters depend on many factors since the turning process is characterized by
many dynamic parameters. The individual input parameters can have both positive and
negative effects on the various process outputs. At the same time, the magnitude of the
positive or negative effect varies. Given the different and often conflicting requirements, it
is necessary to perform multi-criteria optimization to find a compromise solution for the
given production conditions.

The application of modeling and optimization methods is essential to minimize costs
and maximize quality and productivity. Therefore, it is important to choose an appropriate
method for modeling and optimization and to formulate a sufficiently accurate model. In
contrast to the previous studies, the objective of this research is to evaluate, model, and
optimize the influence of cutting insert geometry and turning process parameters of the
Inconel 601 alloy, which have not been extensively studied in the literature so far. In this
study, the influence of six input parameters (cutting speed, feed, insert shape, corner radius,
rake angle, and approach angle) on three output parameters (surface roughness, flank wear,
and material removal rate) was studied. The idea is to generate optimal combinations of
input process parameters for different requirements of output process parameters. This
means that for different levels of importance of quality, tool life, and productivity, different
optimal combinations of input parameters of the process are obtained. Respecting the
principles of environmental protection and occupational safety, the research was carried
out as dry turning. With the development of a sufficiently accurate empirical model, the
difficulties of production planning, selection of machining parameters, and cutting tools
will be significantly reduced. In addition to modeling and optimization, a predictive model
should also ensure the selection of adequate input parameters, i.e., their combination, based
on which a compromise solution will be obtained after turning from the point of view of
the roughness of the machined surface, tool life, and productivity.

2. Materials and Methods

The methodology by which the study was conducted is shown in Figure 1.

The research was conducted on workpieces made of Inconel 601 alloy, the chemical
composition of which is as follows: (58-63)% nickel, (21-25)% chromium, (1-1.70)% alu-
minum, <1% copper, <1% manganese, <0.50% silicon, <0.10% carbon, <0.015% sulfur,
and balanced % iron. The properties of Inconel 601 alloy are: density = 8.11 g/cm?, melting
point = 1349 °C, tensile strength = 760 MPa, yield strength = 450 MPa, hardness = 160 HB,
thermal expansion coefficient = 13.75 pum/m °C, and thermal conductivity = 11.2 W/mK.
The dimensions of the workpieces are J 40 x 400 mm.

Dry turning is performed on the Mori Seiki CTX 310 Ecoline CNC lathe. Locating and
clamping of the workpiece is carried out using a three-jaw chuck and rotary center. The
characteristics of the cutting inserts are listed in Table 1.
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Input parameters Turning process
- Cutting speed ve (mm/min), - Workpieces: Inconel 601
- Feed f(mm/rev), - Machine tool: CNC lathe
- Insert shap_e IS (triangular, square), - Cutting tools: PVD cutting inserts
- Corner radius r (mm), - Fixture: Three-jaw chuck and rotary centre
- Rake angle y (°),
- Approach angle x (°).
Output parameters
Measurement
- Surface roughness Ra (pm)
- Flank wear VB (mm)
Calculated
- Material removal rate MRR (mm*3/min)
Modelling
Artificial neural networks |:> Confirmation and evaluation
Optimisation
Genetic algorithm |:> Confirmation and evaluation
Figure 1. The research methodology.
Table 1. The cutting inserts characteristics.
Characteristic Cutting Insert
Insert shape Square Triangular
Cutting edge count 4 3
Inscribed circle diameter (mm) 12.7 9.525
Fixing hole diameter (mm) 55 44
Corner radius (mm) 04;08;1.2 04;0.8;1.2
Clearance angle major (°) 7 7
Cutting edge effective length (mm) 11.9 16.098
Insert thickness (mm) 4.762 3.969
Coating deposition technique PVD PVD
Coatin o TiAIN+TiAIN TiAIN+TiAIN
8 typ (55% Ti, 40%Al, 5% N) (55% Ti, 40% Al, 5% N)
Coating thickness (um) 3 3
Substrate HC HC

The experimental research was conducted according to the full factorial experiment.
Six parameters were varied during the experimental study, namely: cutting speed, feed,
insert shape, corner radius, rake angle, and approach angle. Following the manufacturer of
the cutting inserts, the following input parameters were selected:

o  Two levels for the cutting speed v, = 40/60 (mm/min);



Metals 2023, 13, 1068

6 of 22

Two levels for the feed f = 0.15/0.25 (mm/rev);

Two levels for the insert shape IS = triangular (T)/square (S);
Three levels for the corner radius r = 0.4/0.8/1.2 (mm);
Three levels for the rake angle y =3/6/9 (°);

Three levels for the approach angle k = 60/75/90 (°).

The arithmetic mean surface roughness and flank wear were measured after the exper-
imental research, while the material removal rate (MRR) was calculated as MRR = v-f-ap.
The depth of cut (ap) was constant during the experimental investigation and was 1.5 mm.

Arithmetic mean surface roughness was measured using a Talysurf device (Figure 2a)
with a stylus tip of 2 um. Measurement of flank wear was performed using an optical
microscope—LEITZ Orthoplan (Figure 2b)—with a 50x magnification and the Image]
software package (version number 1.52 P).

Figure 2. Measurement process (a) arithmetic mean surface roughness; (b) flank wear.

After the measurements and calculations, the turning process is modeled and opti-
mized. The process modeling was performed with an artificial neural network, while the
optimization was performed with a genetic algorithm. Modeling and optimization perfor-
mances were evaluated by calculating the percentage errors and by additional confirmation
experiments.

3. Results

Since the experimental investigation was conducted in the form of a full factorial
experiment, a total of 216 experiments were performed. The results of the measurements
and calculations are shown in Table 2.

Table 2. Results.

Measured Predicted Percentage Error
' r Y K MRR
Run (mm/rev) (mm/min) IS (mm) ©) ©) (mm?3/min) Ra VB Ra VB PERra PEvg
(um) (mm) (um) (mm) (%) (%)
1 0.15 60 T 12 3 90 13.5 1.230 0.257 1.231 0.257 0.051 0.077
2 0.25 40 T 04 9 75 15 4.646 0.247 4.647 0.247 0.012 0.153
3 0.25 60 T 0.8 3 60 225 3.680 0.279 3.680 0.279 0.006 0.030
4 0.25 60 T 1.2 6 75 22.5 2.541 0.277 2.541 0.277 0.001 0.087
5 0.15 40 T 0.8 6 60 9 1.832 0.184 1.832 0.184 0.005 0.172
6 0.15 40 S 12 6 90 9 0.930 0.149 0.930 0.149 0.041 0.209
7 0.15 40 T 0.8 9 90 9 2.133 0.214 2.133 0.214 0.014 0.170
8 0.15 40 T 0.8 3 60 9 2.176 0.175 2.176 0.174 0.019 0.351
9 0.25 60 S 0.8 3 60 22.5 3.508 0.246 3.508 0.246 0.002 0.119
10 0.25 40 S 0.8 9 90 15 3.680 0.201 3.680 0.201 0.009 0.002
11 0.15 40 S 12 3 60 9 1.145 0.119 1.145 0.119 0.001 0.138
12 0.15 60 T 04 9 75 13.5 2.713 0.311 2.713 0.311 0.004 0.098
13 0.25 60 T 0.8 3 90 22.5 3.809 0.299 3.809 0.299 0.007 0.019
14 0.25 60 S 1.2 6 75 22.5 2.369 0.243 2.369 0.243 0.005 0.158
15 0.15 40 S 1.2 6 75 9 0.865 0.139 0.865 0.139 0.034 0.206
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Table 2. Cont.

Measured Predicted Percentage Error
f Ve | r Y K MRR
Run  (imjrey) (mm/min) IS (mm) ¢) () (mm3/min) Ra VB Ra VB PER, PEvg
(um) (mm) (um) (mm) (%) (%)
16 0.15 40 T 04 6 90 9 2.820 0.227 2.820 0.227 0.005 0.204
17 0.25 40 S 04 6 90 15 4.367 0.213 4.367 0.213 0.000 0.084
18 0.25 40 S 0.4 3 75 15 4.646 0.193 4.646 0.193 0.010 0.135
19 0.25 40 T 1.2 6 75 15 2.756 0.192 2.756 0.192 0.008 0.030
20 0.25 60 S 04 9 60 22.5 4.195 0.288 4.195 0.288 0.007 0.014
21 0.15 60 T 12 9 75 13.5 0.994 0.267 0.994 0.267 0.027 0.066
22 0.25 60 S 04 9 75 225 4.260 0.298 4.260 0.298 0.007 0.017
23 0.25 40 T 0.4 6 75 15 4.475 0.237 4.475 0.237 0.008 0.189
24 0.25 60 T 0.4 9 90 22.5 4.496 0.341 4.496 0.341 0.006 0.081
25 0.25 60 T 12 9 90 22.5 2.777 0.297 2.777 0.297 0.011 0.060
26 0.15 60 T 04 3 75 13.5 2.885 0.291 2.885 0.291 0.006 0.104
27 0.25 60 T 0.8 6 90 225 3.465 0.309 3.465 0.309 0.004 0.004
28 0.15 40 S 1.2 9 90 9 1.102 0.159 1.101 0.159 0.048 0.153
29 0.15 60 S 0.8 9 90 13.5 1.746 0.266 1.746 0.266 0.000 0.121
30 0.25 40 S 0.8 9 60 15 3.551 0.181 3.551 0.181 0.004 0.018
31 0.15 40 S 12 3 75 9 1.209 0.129 1.209 0.129 0.021 0.156
32 0.15 60 S 04 3 75 13.5 2.713 0.258 2.713 0.258 0.001 0.029
33 0.25 60 S 0.8 9 90 22.5 3.465 0.286 3.465 0.286 0.002 0.107
34 0.25 40 S 12 9 75 15 2.756 0.169 2.756 0.169 0.006 0.135
35 0.25 60 S 12 6 60 22.5 2.305 0.233 2.305 0.233 0.009 0.173
36 0.25 40 S 04 3 90 15 4.711 0.203 4.711 0.203 0.001 0.121
37 0.25 60 S 0.8 6 90 22.5 3.293 0.276 3.293 0.276 0.000 0.139
38 0.25 60 T 0.8 6 75 22.5 3.400 0.299 3.400 0.299 0.015 0.001
39 0.15 60 S 04 3 90 13.5 2.777 0.268 2.777 0.268 0.016 0.033
40 0.25 40 T 12 3 75 15 3.100 0.182 3.099 0.182 0.017 0.069
41 0.25 40 T 0.8 9 75 15 3.787 0.224 3.787 0.224 0.007 0.170
42 0.15 40 T 0.8 6 75 9 1.896 0.194 1.896 0.194 0.018 0.156
43 0.15 40 S 04 6 60 9 2.520 0.173 2.519 0.173 0.024 0.118
44 0.25 40 T 1.2 9 60 15 2.863 0.192 2.863 0.192 0.012 0.075
45 0.25 40 T 0.8 6 60 15 3.551 0.204 3.551 0.204 0.003 0.157
46 0.25 60 T 12 3 90 225 2.949 0.277 2.949 0.277 0.005 0.068
47 0.25 60 S 0.8 6 75 22.5 3.229 0.266 3.229 0.266 0.013 0.140
48 0.25 60 S 0.8 9 75 22.5 3.400 0.276 3.401 0.276 0.015 0.107
49 0.15 40 T 0.8 3 75 9 2.240 0.184 2.240 0.184 0.004 0.202
50 0.15 60 S 12 9 90 13.5 0.887 0.243 0.887 0.243 0.037 0.179
51 0.15 40 T 12 6 90 9 1.102 0.182 1.102 0.182 0.030 0.024
52 0.15 60 S 12 9 60 13.5 0.758 0.223 0.758 0.223 0.011 0.209
53 0.25 40 S 04 6 75 15 4.303 0.203 4.303 0.203 0.010 0.094
54 0.25 40 T 12 3 60 15 3.035 0.172 3.035 0.172 0.001 0.082
55 0.15 60 T 04 3 90 13.5 2.949 0.301 2.949 0.301 0.009 0.095
56 0.15 60 T 04 9 60 13.5 2.648 0.301 2.649 0.301 0.022 0.107
57 0.25 60 T 0.4 6 90 22.5 4324 0.331 4.324 0.331 0.000 0.065
58 0.15 60 T 04 6 75 13.5 2.541 0.301 2.541 0.301 0.001 0.077
59 0.25 60 S 04 6 60 22.5 4.023 0.278 4.023 0.278 0.010 0.042
60 0.25 40 T 04 6 90 15 4.539 0.247 4.539 0.247 0.000 0.189
61 0.25 60 T 0.4 9 75 22.5 4.432 0.331 4.432 0.331 0.011 0.092
62 0.15 60 T 0.8 3 75 13.5 2.025 0.269 2.025 0.269 0.016 0.021
63 0.15 40 T 0.8 6 90 9 1.961 0.204 1.961 0.204 0.012 0.142
64 0.15 40 S 0.8 3 60 9 2.004 0.141 2.004 0.141 0.008 0.033
65 0.15 40 T 04 9 75 9 2.928 0.227 2.928 0.227 0.010 0.166
66 0.25 60 S 12 9 75 22.5 2.541 0.253 2.541 0.253 0.002 0.182
67 0.15 40 T 0.8 3 90 9 2.305 0.194 2.305 0.194 0.017 0.185
68 0.15 40 S 0.8 6 60 9 1.660 0.151 1.660 0.151 0.001 0.022
69 0.25 40 T 0.8 6 75 15 3.615 0.214 3.615 0.214 0.009 0.144
70 0.25 60 T 04 3 75 225 4.604 0.311 4.604 0.311 0.008 0.100
71 0.25 40 S 0.8 9 75 15 3.615 0.191 3.615 0.191 0.007 0.009
72 0.25 40 S 0.4 9 60 15 4410 0.203 4.410 0.203 0.002 0.137
73 0.25 40 S 04 6 60 15 4.238 0.193 4.238 0.193 0.003 0.106
74 0.15 60 T 12 9 90 13.5 1.059 0.277 1.059 0.277 0.029 0.068
75 0.25 40 T 0.8 3 60 15 3.895 0.194 3.895 0.194 0.011 0.200
76 0.25 40 S 0.8 6 60 15 3.379 0.171 3.379 0.171 0.002 0.022
77 0.15 40 S 0.8 3 75 9 2.068 0.151 2.068 0.151 0.010 0.013
78 0.15 40 T 04 6 75 9 2.756 0217 2.756 0.217 0.009 0.206
79 0.25 60 T 12 9 75 225 2.713 0.287 2.713 0.287 0.003 0.057
80 0.15 40 S 04 3 75 9 2.928 0.173 2.928 0.173 0.014 0.150
81 0.15 40 T 04 6 60 9 2.691 0.207 2.691 0.207 0.013 0.209
82 0.15 60 T 12 3 75 13.5 1.166 0.247 1.166 0.247 0.009 0.076
83 0.25 40 S 04 3 60 15 4.582 0.183 4.582 0.183 0.001 0.150
84 0.25 40 T 04 3 60 15 4.754 0.217 4.754 0.217 0.000 0.167
85 0.15 60 S 0.8 3 75 13.5 1.854 0.236 1.853 0.236 0.030 0.135
86 0.25 60 T 1.2 6 60 22.5 2.477 0.267 2.477 0.267 0.017 0.086
87 0.15 60 S 04 9 60 13.5 2.477 0.268 2.477 0.268 0.010 0.019
88 0.15 60 S 0.8 6 90 13.5 1.574 0.256 1.574 0.256 0.003 0.156
89 0.15 40 T 04 9 60 9 2.863 0.217 2.863 0.217 0.012 0.166
90 0.25 40 T 04 3 90 15 4.883 0.237 4.883 0.237 0.000 0.166
91 0.15 60 S 12 3 90 13.5 1.059 0.223 1.059 0.223 0.031 0.193
92 0.25 40 T 12 3 90 15 3.164 0.192 3.164 0.192 0.001 0.058
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Table 2. Cont.

Measured Predicted Percentage Error
f Ve | r Y K MRR
Run  (imjrey) (mm/min) IS (mm) ¢) () (mm3/min) Ra VB Ra VB PER, PEvg
(um) (mm) (um) (mm) (%) (%)

93 0.15 40 S 12 6 60 9 0.801 0.129 0.801 0.129 0.006 0.198
94 0.15 40 T 12 3 75 9 1.381 0.162 1.381 0.162 0.001 0.078
95 0.25 40 T 1.2 6 60 15 2.691 0.182 2.691 0.182 0.014 0.039
96 0.25 40 T 0.8 6 90 15 3.680 0.224 3.680 0.224 0.008 0.131
97 0.15 60 T 0.8 9 90 13.5 1.918 0.299 1.918 0.299 0.007 0.017
98 0.25 60 T 12 6 90 22.5 2.605 0.287 2.605 0.287 0.014 0.088
99 0.25 40 S 0.8 3 60 15 3.723 0.161 3.723 0.161 0.007 0.024
100 0.15 60 S 12 6 90 13.5 0.715 0.233 0.715 0.233 0.030 0.154
101 0.15 60 T 0.8 6 60 13.5 1.617 0.269 1.617 0.269 0.011 0.001
102 0.25 60 S 12 3 75 22.5 2.713 0.233 2.713 0.233 0.004 0.195
103 0.15 40 T 0.8 9 75 9 2.068 0.204 2.068 0.204 0.014 0.185
104 0.15 40 S 0.8 6 90 9 1.789 0.171 1.789 0.171 0.016 0.043
105 0.25 60 T 0.8 9 60 22.5 3.508 0.299 3.508 0.299 0.001 0.031
106 0.25 40 T 0.4 9 90 15 4711 0.257 4.711 0.257 0.003 0.156
107 0.15 60 T 12 9 60 13.5 0.930 0.257 0.930 0.257 0.018 0.064
108 0.15 40 T 12 9 60 9 1.145 0.172 1.145 0.172 0.027 0.084
109 0.15 40 T 04 9 90 9 2.992 0.237 2.992 0.237 0.002 0.167
110 0.15 40 T 1.2 6 60 9 0.973 0.162 0.973 0.162 0.021 0.045
111 0.25 40 T 0.4 6 60 15 4410 0.227 4.410 0.227 0.006 0.190
112 0.15 40 T 12 6 75 9 1.037 0.172 1.037 0.172 0.022 0.033
113 0.25 40 T 0.8 3 75 15 3.959 0.204 3.959 0.204 0.002 0.184
114 0.25 40 S 1.2 6 60 15 2.520 0.149 2.520 0.149 0.014 0.181
115 0.25 60 S 0.4 3 75 22.5 4.432 0.278 4.432 0.278 0.007 0.023
116 0.25 60 S 04 6 90 22.5 4152 0.298 4152 0.298 0.006 0.047
117 0.25 60 S 0.8 9 60 22.5 3.336 0.266 3.336 0.266 0.003 0.107
118 0.25 40 S 04 9 90 15 4.539 0.223 4.539 0.223 0.001 0.113
119 0.15 40 S 0.4 9 60 9 2.691 0.183 2.691 0.183 0.013 0.151
120 0.15 60 S 12 3 75 13.5 0.994 0.213 0.994 0.213 0.027 0.212
121 0.15 60 T 04 6 90 13.5 2.605 0.311 2.605 0.311 0.013 0.069
122 0.25 40 T 12 9 90 15 2.992 0.212 2.992 0.212 0.005 0.056
123 0.15 60 S 0.8 9 75 13.5 1.682 0.256 1.682 0.256 0.024 0.121
124 0.25 40 T 12 9 75 15 2.928 0.202 2.928 0.202 0.008 0.065
125 0.15 60 S 04 6 75 13.5 2.369 0.268 2.369 0.268 0.008 0.052
126 0.25 60 T 0.8 6 60 22.5 3.336 0.289 3.336 0.289 0.003 0.006
127 0.25 40 S 12 6 90 15 2.648 0.169 2.648 0.169 0.009 0.187
128 0.25 60 T 04 3 90 225 4.668 0.321 4.668 0.321 0.001 0.091
129 0.25 60 S 1.2 6 90 22.5 2.434 0.253 2.433 0.253 0.021 0.146
130 0.15 40 S 12 9 60 9 0.973 0.139 0.973 0.139 0.020 0.142
131 0.15 40 S 04 6 90 9 2.648 0.193 2.648 0.193 0.007 0.091
132 0.25 40 S 12 3 90 15 2.992 0.159 2.992 0.159 0.005 0.152
133 0.25 40 T 04 3 75 15 4.818 0.227 4.818 0.227 0.010 0.166
134 0.15 40 T 04 3 60 9 3.035 0.197 3.035 0.197 0.002 0.186
135 0.15 40 T 12 9 75 9 1.209 0.182 1.209 0.182 0.011 0.071
136 0.25 40 S 0.8 3 75 15 3.787 0.171 3.787 0.171 0.004 0.010
137 0.25 60 T 04 6 75 22.5 4.260 0.321 4.260 0.321 0.007 0.075
138 0.25 40 T 0.8 9 90 15 3.852 0.234 3.852 0.234 0.009 0.155
139 0.15 60 T 1.2 6 75 13.5 0.822 0.257 0.822 0.257 0.044 0.098
140 0.15 40 S 04 3 90 9 2.992 0.183 2.992 0.183 0.002 0.133
141 0.25 60 T 0.8 3 75 22.5 3.744 0.289 3.744 0.289 0.007 0.024
142 0.25 60 T 12 3 60 225 2.820 0.257 2.820 0.257 0.007 0.064
143 0.15 60 S 0.8 6 60 13.5 1.445 0.236 1.445 0.236 0.020 0.157
144 0.25 60 S 0.4 6 75 22.5 4.088 0.288 4.088 0.288 0.004 0.044
145 0.15 40 S 04 9 90 9 2.820 0.203 2.820 0.203 0.006 0.123
146 0.15 40 T 12 3 60 9 1.316 0.152 1.317 0.152 0.040 0.096
147 0.15 40 S 04 9 75 9 2.756 0.193 2.756 0.193 0.009 0.136
148 0.15 40 S 04 6 75 9 2.584 0.183 2.584 0.183 0.009 0.103
149 0.15 40 S 04 3 60 9 2.863 0.163 2.863 0.163 0.006 0.170
150 0.25 60 T 12 9 60 22.5 2.648 0.277 2.649 0.277 0.020 0.055
151 0.25 60 S 12 9 90 225 2.605 0.263 2.605 0.263 0.017 0.170
152 0.15 40 T 12 3 90 9 1.445 0.172 1.446 0.172 0.037 0.065
153 0.15 60 T 1.2 3 60 13.5 1.102 0.237 1.102 0.237 0.037 0.074
154 0.15 60 T 12 6 60 13.5 0.758 0.247 0.758 0.247 0.009 0.098
155 0.25 60 S 12 3 60 22.5 2.648 0.223 2.649 0.223 0.020 0.214
156 0.25 60 S 0.8 3 75 22.5 3.572 0.256 3.572 0.256 0.010 0.120
157 0.25 40 S 04 9 75 15 4.475 0.213 4.475 0.213 0.011 0.125
158 0.25 60 S 04 9 90 22.5 4.324 0.308 4.324 0.308 0.003 0.021
159 0.15 40 S 12 9 75 9 1.037 0.149 1.037 0.149 0.011 0.150
160 0.25 40 S 0.8 3 90 15 3.852 0.181 3.852 0.181 0.010 0.000
161 0.25 60 T 0.8 9 75 225 3.572 0.309 3.572 0.309 0.011 0.025
162 0.25 40 S 1.2 3 75 15 2.928 0.149 2.928 0.149 0.008 0.145
163 0.15 40 T 1.2 9 90 9 1.273 0.192 1.274 0.192 0.046 0.061
164 0.25 40 T 04 9 60 15 4.582 0.237 4.582 0.237 0.004 0.152
165 0.15 40 S 0.8 6 75 9 1.725 0.161 1.724 0.161 0.038 0.034
166 0.25 40 S 12 3 60 15 2.863 0.139 2.863 0.139 0.017 0.133
167 0.25 60 T 0.4 6 60 22.5 4.195 0.311 4.195 0.311 0.009 0.083
168 0.25 60 S 04 3 60 22.5 4.367 0.268 4.367 0.268 0.004 0.019
169 0.15 60 S 0.8 3 60 13. 1.789 0.226 1.789 0.226 0.002 0.133
170 0.25 60 S 04 3 90 22.5 4.496 0.288 4.496 0.288 0.004 0.026
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Table 2. Cont.
Measured Predicted Percentage Error
Ve r K MRR
Run  (imjrey) (mm/min) IS (mm) ¢) () (mm3/min) Ra VB Ra VB PER, PEvg
(um) (mm) (um) (mm) (%) (%)

171 0.15 60 T 04 9 90 13.5 2.777 0.321 2.777 0.321 0.006 0.087
172 0.15 60 S 0.8 6 75 13.5 1.510 0.246 1.510 0.246 0.022 0.157
173 0.25 60 S 0.8 3 90 22.5 3.637 0.266 3.637 0.266 0.004 0.120
174 0.15 60 T 0.8 6 90 13.5 1.746 0.289 1.746 0.289 0.002 0.008
175 0.15 60 T 0.8 3 60 13.5 1.961 0.259 1.961 0.259 0.009 0.026
176 0.15 40 T 04 3 75 9 3.100 0.207 3.100 0.207 0.015 0.183
177 0.15 60 S 04 3 60 13.5 2.648 0.248 2.649 0.248 0.019 0.025
178 0.15 40 S 0.8 3 90 9 2.133 0.161 2.133 0.161 0.018 0.001
179 0.25 40 S 12 6 75 15 2.584 0.159 2.584 0.159 0.003 0.185
180 0.25 40 T 1.2 6 90 15 2.820 0.202 2.820 0.202 0.006 0.022
181 0.15 60 S 12 6 75 13.5 0.650 0.223 0.650 0.223 0.064 0.169
182 0.15 60 S 04 9 75 13.5 2.541 0.278 2.541 0.278 0.006 0.022
183 0.25 60 T 04 9 60 225 4.367 0.321 4.367 0.321 0.005 0.102
184 0.15 60 S 0.8 9 60 13.5 1.617 0.246 1.617 0.246 0.013 0.120
185 0.25 60 S 0.8 6 60 225 3.164 0.256 3.164 0.256 0.006 0.140
186 0.15 40 T 04 3 90 9 3.164 0.217 3.164 0.217 0.001 0.181
187 0.25 60 T 12 3 75 225 2.885 0.267 2.885 0.267 0.012 0.066
188 0.15 60 T 0.4 3 60 13.5 2.820 0.281 2.820 0.281 0.013 0.112
189 0.25 40 T 0.8 3 90 15 4.023 0.214 4.024 0.214 0.014 0.169
190 0.15 40 T 0.8 9 60 9 2.004 0.194 2.004 0.194 0.006 0.202
191 0.15 60 S 0.8 3 90 13.5 1.918 0.246 1.918 0.246 0.005 0.135
192 0.15 60 S 12 3 60 13.5 0.930 0.203 0.930 0.203 0.008 0.235
193 0.25 40 S 0.8 6 75 15 3.443 0.181 3.443 0.181 0.009 0.031
194 0.15 60 T 0.8 6 75 13.5 1.682 0.279 1.682 0.279 0.025 0.003
195 0.15 60 T 0.8 3 90 13.5 2.090 0.279 2.090 0.279 0.009 0.016
196 0.15 60 S 12 9 75 13.5 0.822 0.233 0.822 0.233 0.034 0.193
197 0.25 60 S 12 3 90 225 2.777 0.243 2.777 0.243 0.011 0.180
198 0.15 60 S 04 6 60 13.5 2.305 0.258 2.305 0.258 0.009 0.050
199 0.25 40 S 12 9 90 15 2.820 0.179 2.820 0.179 0.007 0.137
200 0.15 40 S 0.8 9 60 9 1.832 0.161 1.832 0.161 0.005 0.020
201 0.25 60 S 12 9 60 225 2477 0.243 2.477 0.243 0.013 0.195
202 0.15 40 S 0.8 9 75 9 1.896 0.171 1.896 0.171 0.014 0.009
203 0.25 40 S 1.2 9 60 15 2.691 0.159 2.691 0.159 0.019 0.130
204 0.15 60 T 0.4 6 60 135 2.477 0.291 2.477 0.291 0.013 0.086
205 0.25 40 T 0.8 9 60 15 3.723 0.214 3.723 0.214 0.003 0.185
206 0.25 60 T 04 3 60 225 4.539 0.301 4.539 0.301 0.003 0.109
207 0.15 60 T 0.8 9 75 13.5 1.854 0.289 1.854 0.289 0.027 0.023
208 0.15 60 S 04 9 90 13.5 2.605 0.288 2.606 0.288 0.021 0.026
209 0.15 60 S 12 6 60 13.5 0.586 0.213 0.586 0.213 0.017 0.187
210 0.15 40 S 12 3 90 9 1.273 0.139 1.274 0.139 0.047 0.167
211 0.25 60 T 0.8 9 90 225 3.637 0.319 3.637 0.319 0.008 0.018
212 0.15 40 S 0.8 9 90 9 1.961 0.181 1.961 0.181 0.017 0.000
213 0.25 40 S 0.8 6 90 15 3.508 0.191 3.508 0.191 0.008 0.037
214 0.15 60 T 0.8 9 60 13.5 1.789 0.279 1.789 0.279 0.007 0.029
215 0.15 60 S 04 6 90 13.5 2434 0.278 2.434 0.278 0.017 0.055
216 0.15 60 T 12 6 90 13.5 0.887 0.267 0.887 0.267 0.022 0.099

The experimental results were analyzed using Design Expert software. The classical
sum of squares ANOVA was used to analyze the effects. Feed and cutting speed were
treated as continuous factors, and insert shape, corner radius, rake angle, and approach
angle as categorical factors. The graphical representation of the obtained results can be
seen in Figures 3 and 4.

Figure 3 shows the dependence of arithmetic mean surface roughness on input param-
eters. The most influential parameters on the arithmetic mean surface roughness are feed
(correlation coefficient 0.762) and corner radius (correlation coefficient —0.622), followed
by cutting speed (correlation coefficient —0.095), insert shape (correlation coefficient 0.076),
rake angle (correlation coefficient —0.062), and approach angle (correlation coefficient
0.047).

Table 3 shows the analysis of variance for the selected reduced regression model. The
F value of the model 372.0577 means that the model is significant. The p-values less than
0.0500 indicate that the model factors of the model are significant, and in this case, A (feed),
D (corner radius), and F (approach angle) are significant model factors.
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Figure 3. Dependence of arithmetic mean surface roughness on input parameters (a) feed, (b) cutting
speed, (c) insert shape, (d) corner radius, (e) rake angle, and (f) approach angle.

Table 4 shows the summary indicators of the selected arithmetic mean surface rough-
ness model. The coefficients of determination (original, adjusted, and for prediction) are
0.9696, 0.967, and 0.9639, respectively, and are not significantly different. The R? value of
0.9696 means that approximately 97% of the variability in roughness is explained by feed,
corner radius, and approach angle.
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Figure 4. Dependence of flank wear on input parameters (a) feed, (b) cutting speed, (c) insert shape,
(d) corner radius, (e) rake angle, and (f) approach angle.
Table 3. ANOVA for arithmetic mean surface roughness.
Source Sum of Squares Degrees of Freedom Mean Square F Value p-Value Prob > F
Model 266.4583 17 15.67402 372.0577 <0.0001
A-f 159.5198 1 159.5198 3786.556 <0.0001
D-r 106.3408 2 53.17039 1262.117 <0.0001
F-k 0.597787 2 0.298893 7.094898 0.0011
AD 481 x 1077 2 241 x 1077 5.71 x 10~° 1.0000
AF 6.48 x 1078 2 3.24 x 1078 7.69 x 1077 1.0000
DF 1.96 x 107° 4 491 x 1077 1.16 x 107 1.0000
ADF 2.07 x 107° 4 5.19 x 1077 1.23 x 107 1.0000
Residual 8.34133 198 0.042128
Cor Total 274.7997 215
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Table 4. Summary indicators of the arithmetic mean surface roughness model.

Standard Deviation 0.205251
Mean 2.73437
Coefficient of Variation % 7.506331
Predicted Residual Sum of Squares 9.926872
R? 0.969646
R? adjusted 0.96704
R? for prediction 0.963876
Adequate Precision 60.18622

The prediction equation for coded factors is:

Ra = 2.73437 + 0.85937-A + 0.859324-D [1] + 4.63 x 10~2-D[2] — 0.06444-F[1] + 1.85 x 10~>-F[2] + 1.85 x
1072-A-D[1] + 4.63 x 107°-A-D[2] — 2.3 x 107>-A-F[1] + 1.85 x 1072-A-F[2] — 8.8 x 10~° . D[1]-F[1] +
2.31 x 1075.D[2]-F[1] + 0.000162-D[1]-F[2] — 0.00014-D[2]-F[2] — 3.2 x 1075 -A-D[1]-F[1] + 0.000106-A-D[2]-F[1]
— 3.24 x 10°-A-D[1]-F[2] — 0.00014-A-D[2]-F[2]

)

Figure 4 shows the dependence of flank wear on input parameters. The most influential
parameters on flank wear are cutting speed (correlation coefficient 0.825), corner radius
(correlation coefficient —0.354), and insert shape (correlation coefficient 0.325), followed by
feed (correlation coefficient 0.195), rake angle (coefficient correlation 0.159), and approach
angle (correlation coefficient 0.159).

Flank wear decreases with decreasing feed (f), approach angle (), rake angle (y), and
cutting speed (v), and with increasing corner radius (r). Additionally, flank wear is lower
for the S insert shape (IS).

Table 5 shows the analysis of variance for the selected reduced regression model. The
F value of the model 305.88 means that the model is significant. The p-values less than
0.0500 indicate that the model factors are significant, and in this case, B (cutting speed),
C (insert shape), and D (corner radius) are significant model factors.

Table 5. ANOVA for flank wear.

Source Sum of Squares Degrees of Freedom Mean Square F Value p-Value Prob > F
Model 0.52 7 0.074 305.88 <0.0001
B-v, 0.39 1 0.39 1598.69 <0.0001
C-IS 0.060 1 0.060 247.99 <0.0001
D-r 0.071 2 0.036 147.24 <0.0001
BC 463 x 107° 1 463 x 107° 1.91 x 102 0.9965
BD 2.68 x 1073 2 1.34 x 1073 5.53 0.9945
Residual 0.050 208 242 x 1071
Cor Total 0.57 215

Table 6 shows the summary indicators of the selected flank wear model. The adjusted
coefficient of determination of 0.9085 is in agreement with the coefficient of determination
for prediction of 0.9045.

Table 6. Summary indicators of the flank wear model.

Standard Deviation 0.016
Mean 0.23

Coefficient of Variation% 6.76

Predicted Residual Sum of Squares 0.054
R? 0.9115
R? adjusted 0.9085
R? for prediction 0.9045

Adequate Precision 54.217
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The prediction equation for coded factors is:
VB =0.23 + 0.042-B — 0.017-C + 0.022-D[1] + 9.26 x 1073-D[2] + 4.63 x 1072-B-C — 7.87 x 10~2-B-D[1] o)
+1.57 x 1071.B-D[2]

Design-Expert® Software

A check of the adequacy of the model was also carried out, that is, a check of certain
assumptions that must be met. The assumption that the errors (residuals—the difference
between the experimental value and the values obtained by the model) are normally
and independently distributed around the zero value and have a constant, but unknown
variance, must be demonstrated. For the standard residuals, i.e., the internally studentized
residuals (residual divided by the standard deviation of the error), it should be valid that
they are normally distributed around the zero value and have unit variance, i.e., to all be in
the interval of £3. Figure 5 shows diagrams of the analysis of the residuals that prove the
previous assumptions. From the diagram in Figure 5, it can be seen that the residuals follow
the direction, which means that the residuals are normally distributed. Figures 6 and 7
prove the assumption that all standard residuals are within 43, which means that they
have unit variance. In this way, it was shown that there are no outliers, i.e., values that are
significantly different. Moreover, there are negative and positive residuals, which proves
their independence.
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Figure 5. Normal probability plot (a) arithmetic mean surface roughness, (b) flank wear.
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Figure 6. Arithmetic mean surface roughness internally studentized residuals versus (a) predicted
values, (b) run number.
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Figure 7. Flank wear internally studentized residuals versus (a) predicted values, (b) run number.

3.1. Modeling

After conducting experiments and collecting data sets, the development of the ANN
model is approached. ANN prediction model based on a feed-forward artificial neural
network with a backpropagation training algorithm was developed. The proposed three-
layer ANN architecture (Figure 8) has six input parameters and two target parameters. The
input data are in the format of 6 x 216, and the target data are in the format of 2 x 216.

Hidden Layer
Input Data

Cutting Speed
Target Data

Surface Roughness

Insert Shape

Tool Wea
Insert Radius ool Wear

Rake Angle

Approach Angle

Figure 8. Architecture of ANN model.

In practice, the optimal number of hidden neurons can be determined using various
rules such as rules of thumb [37]: the number of hidden neurons should be between the size
of the input layer and the size of the output layer, the number of hidden neurons should
be 2/3 the size of the input layer, plus the size of the output layer, the number of hidden
neurons should be less than twice the size of the input layer, and rule of pyramid states
proposed by Masters [38]. Generally speaking, there is no universal procedure to find an
optimal ANN architecture, and the mentioned rules can serve only as good guidelines. For
the purposes of this paper, the optimal ANN architecture has been found based on the trial
and error method, obeying all the above-mentioned rules.

The model ANN is developed in Matlab within the Deep Learning Toolbox, using the
input-output and curve-fitting options. The data set for training consists of 216 samples
randomly divided into three parts in a 70:15:15 ratio. The first part with 152 samples was
used as an ANN training dataset, the second part with 32 samples was used as a validation
dataset, and the third part with 32 samples was used as a test dataset. Mean squared
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Error (MSE)

10°

1072}

error (MSE) was calculated as a performance measure for all three datasets. We used the
Levenberg—Marquardt (LM) algorithm as the training algorithm. Two other available
algorithms were also tested (Bayesian Regularization and Scaled Conjugate Gradient
Backpropagation), and LM proved to be the best solution in this particular case. This
algorithm is also the fastest algorithm and is used for training moderate-sized feed-forward
neural networks (up to several hundredweights). More details about this algorithm can
be found in [39]. In this study, different architectures and algorithms were tested, and the
architecture with four neurons in the hidden layer was chosen as the optimal solution. The
regression, performance, and error histogram can be seen in Figure 9.
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Figure 9. ANN characteristics (a) performance of optimal architecture, (b) error histogram of optimal
architecture, (c) regression of optimal architecture.

The correlation coefficient, which is a measure of how well the variation in output is
explained by the targets, is, in this case, R = 1, which confirms that the developed ANN
model is well-constructed and trained. Considering that our total correlation factor is 1, we
can say that we have an appropriate correlation between the targets and the output data.

The validation of the obtained model was performed by eighteen additional confir-
mation experiments. The confirmation experiments were performed with combinations of
input parameters with which training, testing, and validation of the neural network were
not performed. The results obtained and percentage errors are shown in Table 7.

Table 7. Results of confirmation experiments.
Measured Predicted
f Ve r Y K PEra  PEvp
No mmirey)  (mmvmin) 1S @mm) ) ) Ra VB Ra VB gy ()
(um) (mm) (nm) (mm)
1 0.20 50 T 1.2 3 60 2.269 0.174 2.311 0.171 1.851 1.938
2 0.20 50 S 1.2 3 60 2.099 0.139 2.140 0.137 1.936 1.225




Metals 2023, 13, 1068

16 of 22

Table 7. Cont.

y v . v . Measured Predicted PE PE
C
No.  mirevy (mm/min) I8 (mm) ©) ©) Ra VB Ra VB (O/f)a (0/:/)B
(um) (mm) (um) (mm)
3 0.20 50 T 1.2 6 60 1.938 0.183 1.968 0.181 1.528 1.334
4 0.20 50 S 1.2 6 60 1.766 0.148 1.796 0.147 1.689 0.531
5 0.20 50 T 1.2 9 60 2.099 0.194 2.140 0.191 1.934 1.736
6 0.20 50 S 1.2 9 60 1.933 0.16 1.968 0.157 1.795 1.701
7 0.20 50 T 1.2 3 75 2.351 0.184 2.376 0.181 1.052 1.841
8 0.20 50 S 1.2 3 75 2.173 0.149 2.204 0.147 1.425 1.162
9 0.20 50 T 1.2 6 75 2.051 0.193 2.032 0.191 0.925 1.272
10 0.20 50 S 1.2 6 75 1.842 0.159 1.860 0.157 0.984 1.138
11 0.20 50 T 1.2 9 75 2.194 0.204 2.204 0.201 0.456 1.657
12 0.20 50 S 12 9 75 2.001 0.169 2.032 0.167 1.551 1.031
13 0.20 50 T 1.2 3 90 2413 0.193 2.440 0.191 1.129 1.244
14 0.20 50 S 1.2 3 90 2.249 0.159 2.268 0.157 0.860 1.104
15 0.20 50 T 12 6 90 2.061 0.203 2.096 0.201 1.720 1.216
16 0.20 50 S 1.2 6 90 1.911 0.169 1.924 0.167 0.705 1.083
17 0.20 50 T 1.2 9 90 2.261 0.214 2.268 0.211 0.328 1.586
18 0.20 50 S 1.2 9 90 2.072 0.178 2.096 0.177 1.178 0.426

3.2. Optimization

Multi-criteria optimization was performed using a genetic algorithm. The individual
objective functions are: minimizing Ra, minimizing VB, and maximizing MRR, so the
objective function is accordingly:

Function = wg, -min xg, + wypg-min xyg + WpRR-MaX XpMRR 3)

where wg,, Wyp, Wyvrr—Wweight coefficients, an xr,, XyB, XMrr—nhormalized values of
process output parameters. The normalized values of the output process parameters are
calculated using the following equations:

Ra — Rag, ‘v — VB — VBpyin i — MRR — MRR
VBmax - VBmin MRRmax - MRRmin

(4)

XRa =
Ramax — Ramin

The optimization of the presented criteria was implemented in the Matlab program
package in the Optimization Toolbox, and the chosen parameters of the genetic algorithm
are listed in Table 8.

Table 8. Optimization parameters.

Population type Double Vector
Population size 100
Crossover fraction 0.8
Mutation function Constraint dependent
Crossover function Constraint dependent
Migration direction Forward
Migration Fraction 0.2
Migration Interval 20
Nonlinear constraint algorithm Augmented Lagrangian
Initial penalty 10

Penalty factor 100
Generations 50

Function tolerance 1076
Constraint tolerance 103

The following constraints were defined:
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e Feed, fopt (mm/rev); fnin < fiopt < fmax; 0.15 < figpt < 0.25Vi€[l, ... ,n]; continuous
input parameter;

L4 Cutting Speed, Vecopt (mm/min); vemin < Veiopt < vemax; 40 < Veciopt < 60 Vie
[1, ... ,n]; continuous input parameter;

e Insert shape, ISopt; ISimin < ISiopt < ISimax; ISiopt =T V S; categorical input parameter;

e  Corner radius, Tiopt (MM); Timin < Tiopt < Timax; Tiopt =0-4 V 0.8 V 1.2; categorical input

parameter;

e Rakeangle, Yiopt (°); Yimin < Yiopt < Yimax; Yiopt =3 V 6 V' 9; categorical input param-
eter;

e  Approach angle, Kiopt (°); Kimin < Kiopt < Kimax; Kiopt =60 V 75 V 90; categorical input
parameter;

e  Roughness Ragpt (hm); Ramin < Rajopt < Ramax; 0.586 < Rajopr < 4.883 Vi€[l, ... n];
continuous output parameter;

e Wear VBgpt (mm); VBin < VBjopt < VBmax; 0.119 < VBjgp < 0.341 Vi€([l, ... n];
continuous output parameter;

e  Material removal rate, MRRpt (mm3/min rev); MRRppin < MRRjopt < MRRmax; 9 <
MRRiopt < 22.5 Vi€[1, ... n]; continuous output parameter.

Four cases were considered in the multi-criteria optimization:
The output parameters are given equal importance (wgr, = 0.33, wyp = 0.33, Wpgrr =
0.33)—the Ra, VB, and MRR are equally important;

e  The output parameters for Ra and VB are given equal importance, and MRR is ne-
glected (wg, = 0.5, wyp = 0.5, wyrr = 0)—the case when the Ra and VB are significant,
and MRR is not significant (small production series);

e The output parameters for Ra and MRR are given equal importance, and VB is ne-
glected (wgr, = 0.5, wyp = 0, wmrr = 0.5)—the case when the Ra and MRR are signifi-
cant, and VB is not significant (larger production series and short terms);

e  The output parameters of VB and MRR are given equal significance, and Ra is ne-
glected (Wr, =0, wyp = 0.5, wyrr = 0.5)—the case when the VB and MRR are signifi-
cant, and Ra is not significant (larger production series and short terms).

The obtained results for different values of the weighting factors are presented in
Table 9, and the convergence of GA is in Figure 10.

Table 9. Comparison of optimal and measured parameters.

Output Parameters

Case i imi 9 9
Factor Weights Optimized Input Parameters Optimized Measured/Calcalated PER, (%)  PEyg (%)
wRa=1 vc=56 mm/minr=1.2mm Ra =2.608 um Ra =2.635 um
1 wVB=1 f=025mm/revy=6° VB =0.180 mm VB =0.183 mm 1.025 1.639
wMMR = 1 IS=5S k=60"° MRR = 21 mm?/min MRR = 21 mm?®/min
wRa=1 ve=40mm/minr =12 mm Ra =0.818 um Ra =0.809 um
2 wVB =1 f=015mm/revy=6° VB =0.129 mm VB =0.131 mm 1.112 1.527
wMMR = 0 IS=S Kk=60° MRR =9 mm?®/min MRR =9 mm3/min
wRa =1 ve =60 mm/minr =12 mm Ra =2.305 pm Ra=2311 um
3 wVB=0 f=025mm/revy=6"° VB =0.233 mm VB =0.237 mm 0.260 1.688
wMMR =1 IS=S K = 60° MRR = 22.5 mm3/min MRR = 22.5 mm?3/min
wRa =0 vc=55mm/minr=12mm Ra =2.986 um Ra =3.008 um
4 wVB =1 f=025mm/revy=3° VB =0.163 mm VB =0.166 mm 0.731 1.807
WwMMR =1 IS=S k=60° MRR = 20.63 mm®/min MRR = 20.63 mm?/min

It is necessary to give some information about the computational time needed for
the ANN training and optimization process. The training of the presented ANN model
took 0.2 s for 1000 epochs of the training process. As for the optimization process, the
computation time depends directly on the number of generations and the population size.
Several variations of these parameters were considered, and the parameter values presented
in Table 8 were assumed to be optimal. The calculation time for these parameters was 58 s.
All calculations were performed using a computer configuration with a 2.4 GHz processor
and 8 GB RAM. Finally, we must emphasize that all calculations must be performed only
once, and the obtained ANN model and optimal parameter values can be used for all
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further work, so the system does not work in real-time, and the speed of calculation is not
crucial for the performance of the presented solutions.
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Figure 10. Convergence of GA (a) wg, = 0.33, wyp = 0.33, wyrr = 0.33; (b) wr, = 0.5, wyp = 0.5,
WMRR = 0, (€) Wra = 0.5, wyp =0, wyrr = 0.5; (d) wra =0, wyp = 0.5, wygr = 0.5.

Additional confirmation experiments were performed for the optimal input param-
eters. The measured values of the output parameters are close to the values computed
using the optimal input parameters. The percentage errors obtained are below 2%, which
demonstrates the possibility of optimizing the input parameters in the context of a practical
application under real production conditions.

4. Discussion

When feed increases, roughness and wear increase, and vice versa. When the feed
is increased, wider and higher peaks and valleys appear on the surface of the workpiece,
which affects the increase in surface roughness. Increasing the feed has the effect of
increasing the cutting forces, which directly affects the increase in flank wear. As cutting
speed increases, surface roughness decreases and flank wear increases, and vice versa.
As the cutting speed increases, the cutting forces decrease, and the cutting temperature
increases. The result of the temperature increase is higher flank wear. At the same time,
the flank wear does not reach a critical level, so it does not have a negative effect on the
surface roughness, i.e., it increases the surface roughness. The “S” insert shape produces
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less surface roughness and less flank wear. This insert shape distributes the heat better
over the cutting edge and thus causes a reduction in flank wear and surface roughness. As
the corner radius increases, surface roughness and wear decrease, and vice versa. When
the corner radius increases on the surface of the workpiece, lower valleys and peaks result,
which affects the reduction of surface roughness. With larger corner radii, the length of
contact between the cutting insert and the workpiece increases. This distributes heat over
a larger surface area and reduces flank wear. With an increase in rake angle, flank wear
increases, while surface roughness initially decreases and then increases. An increase in
the rake angle causes a weakening of the cutting edge, i.e., a reduction in the strength of
the cutting insert resulting in increased flank wear. With an increase in the rake angle,
cutting forces decrease due to a larger shear angle, allowing the cutting insert to penetrate
the workpiece more easily, which helps to reduce flank wear until a certain temperature is
reached in the cutting zone. However, with a further increase in rake angle due to a higher
temperature in the cutting zone and a decrease in cutting insert strength, the flank wear
worsens. As the approach angle increases, the surface roughness decreases, and the flank
wear of the cutting insert increases. When the approach angle increases, the width of the
chip increases as the overall length of the cutting edge increases. This contributes to better
heat dissipation from the cutting zone, which leads to a reduction in flank wear and, thus,
in surface roughness.

The high temperatures encountered during the dry turning of Inconel alloys can
increase cutting insert wear. The TiAIN coating has a good anti-friction effect and thermal
barrier effect, thus improving the cutting performance [40]. The titanium aluminum
nitride multilayer coatings used in the study have high hardness combined with oxidation
resistance, which improves the overall wear resistance. This contributes to acceptable flank
wear values even at higher cutting speeds.

The obtained optimization results show that regardless of the importance of certain
output parameters, three input parameters are always identical, namely: the insert shape
(square), the corner radius (maximum level), and the approach angle (minimum level). This
is due to the fact that square-cutting inserts with a larger corner radius flank wear more
slowly and, at the same time, produce a surface with lower roughness without affecting
the amount of material removed per unit of time. Other input parameters vary from case
to case.

In the first case (Wg, = 0.33, wyg = 0.33, wymr = 0.33), the feed is at the maximum
level (0.25 mm/rev), the cutting speed is close to the maximum level (56 mm/min), and the
rake angle is at the middle level (y = 6°). This is due to the fact that cutting speed and feed
have a directly proportional effect on the increase in material removal rate. The cutting
speed had a small effect on the surface roughness and a significant one on the flank wear,
but its influence was compensated by a compromise with other input parameters (IS, t,
v, k) that have a positive influence on the flank wear of the cutting insert. The feed has
a small effect on the flank wear and a significant effect on the surface roughness, but its
influence is compensated by a compromise with other input parameters (IS, r, «) that have
a positive influence on the surface roughness. The middle level of the rake angle (y = 6°)
produces the lowest surface roughness.

In the second case (Wg, = 0.5, wyp = 0.5, wpmr = 0), the cutting speed (40 mm /min)
and the feed (0.25 mm/rev) are the lowest, and the rake angle is at the middle level (y = 6°).
This is a consequence of the fact that, in this case, Ra and VB are the smallest.

In the third case (wgr, = 0.5, wyg = 0, wymr = 0.5), the feed (0.25 mm/rev) and the
cutting speed (60 mm/rev) are at the maximum level, and the rake angle is at the middle
level (y = 6°). This is due to the fact that cutting speed and feed have a directly proportional
effect on the increase in material removal rate. The cutting speed has only a minor influence
on the surface roughness. The feed has a significant influence on the surface roughness,
but its influence is compensated by compromise with other input parameters (IS, r, v, «)
that have a positive influence on the surface roughness. The middle level of the rake angle
(v = 6°) produces the lowest surface roughness.
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In the fourth case (wg, =0, wyg = 0.5, wypmr = 0.5), the feed is at the maximum level
(0.25 mm/rev), the cutting speed (55 mm/min) is close to the maximum level, and the rake
angle is at the minimum level (y = 3°). This is due to the fact that cutting speed and feed
have a directly proportional effect on the increase in material removal rate. The feed has
had a minor influence on the flank wear. The cutting speed has a significant influence on the
flank wear, but its influence is compensated by compromise with other input parameters
(IS, 1, v, ) that have a positive influence on the flank wear. A smaller rake angle (y = 3°)
reduces the flank wear.

5. Conclusions

In this paper, the modeling and optimization of the machining parameters and the
geometry of the cutting insert were performed from the point of view of the quality of the
machined surface, tool life, and productivity.

With an appropriate choice of input parameters, the output parameters can be obtained
in a wide range, namely: Ra = 0.586—4.883 pm, VB = 0.119-0.341 mm, and MRR = 9-
22.5 mm?/min. This is very important from the point of view of practical application when
it comes to obtaining the required output parameters.

Based on the results obtained, some general conclusions can be drawn: increasing the
feed has a positive effect on MRR and a negative effect on Ra and VB; increasing the cutting
speed has a positive effect on MRR and RA and a negative effect on VB; the square shape
of the cutting insert has a positive effect on Ra and VB; increasing the radius of the cutting
insert has a positive effect on Ra and VB; increasing the approach angle has a negative
effect on Ra and VB; increasing the rake angle has a negative effect on VB, and it first has a
positive effect on Ra and then a negative effect on Ra.

The optimal combinations of input process parameters vary with the requirements of
the defined importance of the output process parameters. Different optimal combinations
of optimal input parameters are obtained for different ratios of the importance of machined
surface quality, tool life, and productivity. The obtained results show that it is favorable to
perform machining with a larger corner radius and a square shape of the cutting inserts, as
well as with a smaller approach angle, regardless of other production requirements.

The percentage optimization errors are in the range of 0.260-1.112% for Ra and in the
range of 1.527-1.807% for VB. These percentage errors correspond to absolute errors in the
range of 0.006-0.027 um for Ra and in the range of 0.002-0.004 mm for VB. The obtained
errors show the possibility of practical implementation of the proposed methodology in a
real production environment.

It should be noted that the research has certain limitations, based on which future
research can be defined. The obtained results can be applied to the conditions in which
the experiments were conducted. In order to achieve greater universality of the developed
model, experimental studies are planned on workpieces with different mechanical, physical,
and thermal properties, as well as on tools with different geometrical and technological
characteristics. Future research directions will also focus on modeling and optimizing
a larger number of parameters, i.e., incorporating a larger number of input parameters
(depth of cut, clearance angle, inclination angle, properties of the coating, etc.) and output
parameters of the process (hardness, residual stresses, etc.) with other modeling and
optimization methods. Finally, future research is planned to investigate wear mechanisms,
wear patterns, wear morphology, structural changes, and mechanical properties of the
workpiece.
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