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INTRODUCTION

Optimization of Grinding and Wheel
Parameters during External Cylindrical
Longitudinal Machining of AISI 6150
Alloy Steel Based on Accuracy, Quality
and Productivity

In this research, a multi-objective optimization study was conducted on the
external cylindrical longitudinal grinding process of AISI 6150 alloy steel.
The input variables examined for their influence included wheel speed,
workpiece speed, feed, total depth of cut, number of passes, wheel grain
size, and wheel porosity. Experimental research was carried out using a
custom experimental design based on the I-criterion of optimality.
Dimensional deviation was selected to quantify accuracy, surface
roughness was used for quality assessment, and material removal rate was
employed to measure productivity. The dimensional deviation values
ranged from 0.0046 to 0.0144 mm, surface roughness values were between
0.4301 and 3.766 um, and the material removal rate ranged from 9.375 to
112.5 mm?. Using the experimental findings, an analysis was performed to
define the impact of input variables on output variables, and regression
equations were developed. The goal was to optimize accuracy, quality, and
productivity simultaneously while varying the weighting coefficients in the
objective function. The reliability of the model and the optimal values of
the variables were validated through confirmation experiments. The
obtained absolute errors were acceptable, measuring between 0.0004 to
0.001 mm for dimensional deviation and 0.0102 to 0.0245 um for surface
roughness.

Keywords: Grinding, dimensional accuracy, surface roughness, material
removal rate, optimization.
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Grinding is a machining process used to remove mate—
rial in the form of small chips. It is generally considered
a finishing process that achieves high dimensional and
geometric accuracy, as well as a high-quality surface
finish. As demands for increased productivity and lower
costs rise, it is crucial for grinding to be performed more
efficiently and in less time [1].

Modelling and optimization play a vital role in cont—
rolling the machining processes [2,3], including grin—
ding, to enhance product quality, productivity and cost-
effectiveness. However, optimizing the grinding process
is complex because it requires consideration of a wide
range of input variables. These factors include the cha—
racteristics of the workpiece, workpiece speed, wheel
diameter, wheel width, wheel speed, feed rate, depth of
cut, number of passes, depth of dressing, lead of dres—
sing, grain size, wheel bond type, grinding ratio, and the
properties of the cutting fluid, among others [4-6].

The criteria for optimizing grinding operations can
vary significantly and may include factors such as
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resses, hardness, energy consumption, processing time,
and overall cost. The optimization problem is further
complicated by the non-stationary and non-linear rela—
tionships between input and output variables. Additi—
onally, some input variables can only take on discrete
values, which extends the duration and increases the
cost of research [7,8].

Developing reliable and accurate analytical models
for the grinding process is challenging; thus, practi—
tioners often rely heavily on operators' knowledge and
experience. Currently, there are no comprehensive grin—
ding models that effectively relate all input and output
variables. Furthermore, the optimization objectives may
differ depending on the specific application.

It is desirable to create an optimization methodology
that is not limited to a particular process or goal. Con—
ventional optimization methods may converge to a local
minimum or maximum based on the chosen objective
function or diverge when the problem is not clearly de—
fined. As a result, there is a growing interest in optimi—
zation methods that are based on artificial intelligence.

In the previous period, various approaches and met—
hods were employed to optimize the cylindrical external
grinding process. Rekha et al. [9] investigated the opti—
mization of grinding parameters using Taguchi-based
grey relational analysis. They analysed the effects of
workpiece speed, longitudinal and transverse feed, and
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coolant flow rate on surface roughness and material re—
moval rate, identifying the optimal settings that balance
both outputs. The best results were achieved with a low
transverse feed and a high coolant flow rate. Kara et al.
[10] examined the influence of grinding wheel type,
cryogenic treatment time, and depth of cut on surface
roughness. The findings revealed that the best surface
roughness was obtained with the Al,O; wheel, a 30-hour
cryogenic treatment, and the smallest depth of cut of
100 pm. The most significant parameter affecting the
surface roughness was the type of grinding wheel,
followed by cryogenic treatment time and depth of cut.
Rudrapati et al. [11] employed a combined approach
using response surface methodology (RSM) and a
simulated annealing (SA) algorithm for modelling and
optimizing surface roughness in the cylindrical grinding
of stainless steel. Their experiments were designed fac—
torially with input variables such as infeed, longitudinal
feed, and workpiece speed. Analysis of variance
(ANOVA) indicated that workpiece speed had the
greatest impact on surface roughness, while longitudinal
feed and parameter interactions also proved significant.
Chi et al. [12] developed a simulation model for the
surface topography in external cylindrical grinding,
which accounted for the trajectory of abrasive grains
and their interaction with the workpiece. The model
successfully predicted changes in roughness that were
consistent with experimental results, providing a foun—
dation for optimizing grinding parameters. Hong et al.
[13] focused on cost optimization for the external cylin—
drical grinding process by determining the optimal grin—
ding wheel diameter for replacement. They analysed
seven factors: grinding wheel diameter, grinding wheel
width, wheel life, radial grinding wheel wear, total
depth of cut, machine tool hourly rate, and grinding
wheel cost. The results demonstrated that the initial
grinding wheel diameter significantly influenced the
timing of its replacement. Panthangi & Naduvinamani
[14] optimized cylindrical grinding parameters to mini—
mize surface roughness using the Taguchi method and
genetic algorithm (GA). Their findings indicated that
material hardness had the greatest influence on surface
quality, while depth of cut and workpiece speed had a
lesser effect. Trung et al. [15] conducted a multi-
objective optimization of the cylindrical grinding pro—
cess focusing on minimizing surface roughness and
maximizing material removal rate (MRR). Among the
process parameters studied, cutting speed had the most
significant impact on surface roughness, while feed and
depth of cut were more crucial for MRR.

Longitudinal cylindrical external grinding represents
a specialized area within the broader field of grinding,
characterized by unique technical requirements and
process features that influence the selection of para—
meters and overall outcomes. Several studies have
focused on optimizing the parameters associated with
this type of grinding to better comprehend its distinct
effects and identify optimal solutions. Gopan et al. [16]
employed an integrated approach combining artificial
neural networks (ANN) and GA to predict and optimize
external longitudinal cylindrical grinding parameters
with the goal of minimizing surface roughness. Their
results indicated that a combination of higher wheel
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speed with lower feed and depth of cut results in
improved surface quality. Nguyen et al. [17] conducted
a multi-objective optimization of external cylindrical
grinding using grey relational analysis. They examined
the effects of dressing and feed parameters on both sur—
face roughness and grinding wheel life. The optimal
settings significantly enhanced performance, achieving
low surface roughness and extended wheel life. In ano—
ther study, Nguyen [18] carried out experimental
analysis and optimization of the external cylindrical
grinding process. Utilizing GA, they modelled the inf—
luence of parameters such as feed, workpiece speed,
depth of cut, and workpiece hardness on surface rough—
ness, cutting forces, and vibrations. The best surface
quality and material removal efficiency were achieved
with low feed, medium workpiece speed, and small
depth of cut. Jadhav et al. [19] investigated the optimi—
zation of the cylindrical grinding process to increase
MRR. Applying the Taguchi method and grey relational
analysis, they discovered that depth of cut had the
greatest influence on MRR, whereas cutting speed and
feed had a relatively minor impact. Kumar Patel et al.
[20] evaluated the effects of grinding wheel speed,
depth of cut, workpiece speed, and grinding wheel ma—
terial and grade on surface roughness. They identified
that selecting the appropriate grinding wheel material
and grade significantly impacted surface roughness,
making these factors the most influential. Alsigar et al.
[21] developed a methodology for optimizing external
cylindrical grinding with axial feed through mathe-
matical models. These models described the relationship
between cutting forces and elastic deformations of the
system under unstable conditions, facilitating the
automatic calculation of optimal feed rates and the
design of control cycles. Tien et al. [22] applied the pre—
ference selection index (PSI) method for multi-objective
optimization, aiming to minimize surface roughness
while maximizing MRR. Their findings indicated that
workpiece speed had a negligible effect, while feed and
depth of cut were the dominant factors. Rudrapati et al.
[23] optimized the parameters of longitudinal cylin—
drical grinding to minimize vibrations and surface roug—
hness. The varied parameters included infeed, longi—
tudinal feed, and workpiece speed. Using RSM and GA
for optimization, they found that infeed significantly
influenced vibrations, while surface roughness was
primarily impacted by interaction effects and quadratic
terms. Gangmei et al. [24] utilized a fuzzy approach to
optimize cylindrical grinding, focusing on increasing
MRR while maintaining desired surface roughness.
Their study demonstrated that this method allows for
defining a broader range of suitable parameters rather
than a single optimal point, thus facilitating the selec—
tion of processing conditions. Giang et al. [25] opti—
mized the dressing parameters to minimize surface
roughness. Using the Taguchi method and ANOVA
analysis, they determined that the depth of dressing had
the most significant effect on roughness, while the depth
of coarse dressing and feed were less influential. Ding et
al. [26] studied temperature distribution and energy par—
titioning during cylindrical grinding through finite
element modelling and experimental verification. They
found that workpiece speed significantly affects the
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amount of energy converted into chips, and careful se—
lection of grinding parameters can mitigate the thermal
impact on the workpiece. Rekha et al. [27] developed a
regression model to predict surface roughness in cylin—
drical grinding with a minimal number of experiments.
They optimized parameters such as workpiece speed,
feed, and depth of cut using GA and particle swarm
optimization (PSO). The best surface finish was obta—
ined with a combination of high workpiece speed and
low feed and depth of cut. Lastly, Neseli et al. [28]
applied a combination of the Taguchi method and RSM
to optimize the parameters of external cylindrical grin—
ding, aiming to reduce surface roughness and grinding
wheel vibrations. They discovered that workpiece speed
and depth of cut were the most significant factors,
achieving the best surface roughness with a low depth
of cut and higher workpiece speed.

Most previous research in external longitudinal
cylindrical grinding has primarily concentrated on either
minimizing surface roughness or increasing the material
removal rate. While these studies have provided valu—
able insights into specific aspects of the process, few
have considered all the key requirements of modern
grinding—precision, quality, and productivity—in an
integrated manner. Additionally, earlier studies often
focused on a limited set of input variables, mainly
related to basic machining conditions such as workpiece
speed, feed, and depth of cut, while neglecting other
significant factors, like grinding wheel characteristics or
dressing parameters. Furthermore, many previous works
have not adequately addressed the interdependencies
between parameters and their simultaneous influence on
various output characteristics. This consideration is
crucial for industrial applications, where it is essential to
find an optimal balance between precision, surface qua—
lity, and productivity. The complex and nonlinear rela—
tionships between input and output variables further
complicate the modelling and optimization process,
underscoring the need for a comprehensive approach.

In contrast, this research aims to provide a thorough
analysis, modelling, and optimization of the impact of a
wide range of grinding parameters and grinding wheel
characteristics on the external longitudinal cylindrical
grinding of AISI 6150 alloy steel. To reliably identify
statistically significant factors, we applied ANOVA,
while the accuracy and stability of the developed reg—
ression models were assessed using k-fold cross-vali—
dation. Special emphasis is placed on three key process
parameters: dimensional accuracy, surface quality, and
material removal rate. This approach is designed to
identify the optimal combination of parameters that
achieves high quality and accuracy while simulta—
neously enhancing productivity, which is critical for
modern manufacturing systems.

2. METHODOLOGY

The research methodology is illustrated in Figure 1. The
experiments were conducted on workpieces with a
diameter of 30 mm and a length of 500 mm, made from
AISI 6150 alloy steel, which were machined to an initial
surface roughness of Ra~8.3 pm. The chemical compo—
sition of AISI 6150 alloy steel is listed in Table 1. The
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mechanical, physical and thermal properties of AISI
6150 alloy steel are outlined in Table 2.

Measurement
Dimension

Modelling

N 4

Measurement <L
Surface roughness

Design of experiment
Custom design

Optimization

Input variables

- Wheel speed

- Workpiece speed
- Feed ] L

- Total depth of cut Calculation

- Number of passes Material removal rate
- Wheel grain size

- Wheel porosity

Figure 1. Structure of the research methodology

Table 1. Chemical composition of AlSI 6150 alloy steel

Element Content (%)
Iron, Fe 97.1-97.7
Chromium, Cr 08-1.1
Manganese, Mn 0.7-0.9
Carbon, C 0.48 -0.53
Silicon, Si 0.15-0.3
Vanadium, V <0.15
Sulfur, S <0.04
Phosphorous, P <0.035

Table 2. Properties of AISI 6150 alloy steel

Properties Value
Tensile strength, ultimate 670 MPa
Modulus of elasticity 200 GPa
Shear modulus 80 GPa
Bulk modulus 140 GPa
Poissons ratio 0.29
Brinell Hardness 197
Density 7.85 glem’
Thermal conductivity 46.6 W/mK

External cylindrical longitudinal grinding was perfor—
med on a CNC grinding machine. The workpiece, located
between centers, was rotated by a driving plate and a
grinding dog. The grinding parameters and wheel specifi—
cations were selected based on the manufacturer's recom—
mendations for the machine tool and cutting tools. During
grinding, the synthetic cutting fluid Syntilo was applied.

For each experiment, a new straight grinding wheel
with dimensions of D X B x d = 350 x 50 x 127 mm
was utilized. The wheel was made of corundum (98%
Al,)O3) abrasive, had a medium hardness grade, and was
bonded with a ceramic type.

During the experimental study, seven input variables
were varied, as shown in Table 3. Wheel speed, work—
piece speed, feed, total depth of cut, and wheel grain
size are considered continuous variables. In contrast, the
number of passes and porosity are classified as cate—
gorical variables with discrete levels.
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Table 3. Input variable levels

Parameter - Level

Min. Mean Max.
Wheel speed, v, (m/s) 25 30 35
Workpiece speed, v,, (m/s) 0.2 0.25 0.3
Feed, f (mm/rev) 12.5 18.75 25
Total depth of cut, 4 (mm) 0.12 0.24 0.36
Number of passes, i 4 6 8
Wheel grain size, WGS Coarse | Medium Fine
Wheel porosity, WP Dense | Medium | Porous

Once the experiments are completed, measurements
are taken and calculations are performed.

All measurements of dimensions and surface rough—
ness were conducted under controlled microclimatic
conditions, maintaining a temperature of 20+1 °C. To
minimize errors, each measurement was taken ten times.

The dimensions were assessed using a Carl Zeiss
coordinate measuring machine. A measuring probe with a
length of 70 mm and a ball diameter of 5 mm was emp—
loyed, utilizing a point-by-point measurement strategy.

The diameter of the workpiece is measured both be—
fore and after grinding, and then the measurements are
used for calculations. The calculation of dimensional ac—
curacy (Ad) is performed using the following equation:

Ad:|a12n_dZm| (1

where d,, is the required - nominal value of the diameter
after grinding and d,, is the measured value of the
diameter after grinding.

The required nominal value of the diameter after
grinding is determined using the equation:

Ady, =dyy, —2-A )

where dj, is the measured diameter value before
grinding and A is the total depth of cut.

By substituting equation (2) into equation (1), we
derive the following equation to calculate dimensional
accuracy:

Ad =|dy, —2-A-d,,,| 3)

Surface roughness (Ra) was measured using a Taly—
surf device. The measurements were taken with a samp—
ling length of 0.8 mm and an evaluation length of 4 mm,
employing a Gaussian filter.

Finally, MRR is the output variable that is cal—
culated. For cylindrical grinding with longitudinal feed,
the MRR can be computed using the equation:

A f-A-B
MRRfapriB ; “)
where fis feed, a, is depth of cut, B is wheel width, A is
total depth of cut and 7 is number of passes.

The experimental plan was developed using the
custom design of experiment in JMP software, applying
the I-optimality criterion. This criterion focuses on
minimizing the average prediction variance across the
entire experimental domain, which is essential for obta—
ining accurate and reliable estimates of output varia—
bles—crucial for subsequent optimization and process

control.
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During the design definition, previously established
input and output variables were taken into account, based
on which an a priori model was constructed that includes
main effects, quadratic effects, and two-factor inter—
actions, aiming to identify and quantify the influence of
input on output variables. The number of experimental
runs was determined through careful evaluation. This
evaluation involved power analysis, taking into account
the significance level, expected effect sizes, and mea—
surement variability. Figure 2 shows the results of the
power analysis for different numbers of experimental
runs (54, 80, 108 and 144). The analysis evaluates the
statistical power for detecting the effects of model terms,
including main effects, interactions, and quadratic terms.
As shown, a higher number of runs leads to a significant
increase in power across almost all terms, with 108 and
144 runs ensuring power values above the conventional
threshold of 0.8. It was concluded that 108 experimental
runs would provide sufficient data to reliably detect
statistically significant effects. Additionally, the unifor—
mity of the run distribution within the experimental space
was carefully assessed, ensuring stable and precise model
estimates, thereby confirming the validity and efficiency

of the chosen design.
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Figure 2. Power analysis for different numbers of
experimental runs

Based on the collected experimental data, process
modelling was performed. Regression models were used
to link the input process parameters with the measured
output variables, enabling the identification of key fac—
tors and their mutual interactions. These models were
further validated through statistical tests and residual
analysis, confirming their capability to accurately desc—
ribe the process behaviour within the defined experi—
mental domain.

Using the developed regression models, multi-ob—
jective optimization was conducted. Multi-objective
optimization is particularly suitable for addressing com—
plex problems where individual objectives may conflict.
The optimization aimed to simultaneously minimize Ad
and Ra, while maximizing MRR. The objective function
can be expressed as:

F, =wpy -minxp, +Wg, -minxxg +wypg -maxxypp (5)

In this equation, w,,, Wr,, Wirr represent the weigh—
ting coefficients, while x4, Xzs Xygz denote the nor—
malized values of the output variables for the process.
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These normalized values are calculated using the fol—
lowing formula:

Y = Vmin

Ymax ~ Ymin

Xy:

v =Ad,Ra, MRR (6)
Based on the characteristics of the technological

equipment and the conditions of the experimental rese—

arch, the following constraints are defined:

e wheel speed, v, =25 <v. < v, =35 (mm/s), continuous
input variable,

* workpiece speed, v, = 0.2 < v, < v, = 0.3 (m/s),
continuous input variable,

« feed, f=12.5 <f<f=25 (mm/rev), continuous input
variable,

» total depth of cut, 4 = 0.12 <4 < 4 = 0.36 (mm),
continuous input variable,

* number of passes, i =4 < i <i= 8§, continuous input
variable,

Table 4. Results of the experimental research

* wheel grain size, WGS = 24 < WGS < WGS = 80,
discrete input variable,
* wheel porosity, WP = 4 < WP < WP = 10, discrete
input variable.
Modelling and optimization performance is assessed
through confirmation experiments and by calculating
absolute errors:

AEx = [Xipredicted value ~ Ximeasured value (7)

3. RESULTS
3.1 Results of the Experimental Research

Table 4 presents the results of measurements and calcu—
lations for various combinations of input variables.
Dimensions and surface roughness were measured ten
times, and the table shows the mean values rounded to
four decimal places.

No. v{(m/s) v,,(m/s) fimm/rev) A(mm) i WGS WP Ad(mm) Ra(pm) MRR(mm’)
1 25 0.2 25 0.36 8 Coarse Dense 0.0066 3.6374 56.25
2 30 0.25 18.75 0.24 8 Coarse Medium 0.0075 3.3920 28.125
3 35 0.25 25 0.36 4 Coarse Porous 0.0131 3.4388 112.5
4 30 0.3 12.5 0.12 6 Medium Porous 0.0101 1.4413 12.5
5 25 0.3 12.5 0.12 8 Coarse Medium 0.0078 3.4388 9.375
6 35 0.2 12.5 0.36 6 Medium Porous 0.0107 1.3678 37.5
7 35 0.25 12.5 0.12 6 Coarse Medium 0.0094 3.1816 12.5
8 30 0.3 18.75 0.12 6 Medium Medium 0.0089 1.5505 18.75
9 25 0.2 12.5 0.12 6 Coarse Dense 0.0056 3.3686 12.5
10 30 0.2 25 0.12 4 Medium Dense 0.0068 1.5862 37.5
11 25 0.2 25 0.36 4 Fine Porous 0.0079 0.5062 112.5
12 35 0.25 18.75 0.36 6 Medium Medium 0.0104 1.5191 56.25
13 25 0.3 18.75 0.36 8 Medium Medium 0.0085 1.6293 42.1875
14 30 0.3 25 0.36 8 Coarse Porous 0.0116 3.5439 56.25
15 35 0.3 25 0.36 6 Fine Porous 0.0133 0.4981 75
16 30 0.2 18.75 0.36 6 Coarse Porous 0.0091 3.2985 56.25
17 25 0.3 25 0.36 4 Fine Medium 0.0094 0.5620 112.5
18 25 0.3 12.5 0.24 4 Medium Medium 0.0089 1.5904 37.5
19 25 0.2 25 0.12 8 Medium Porous 0.0062 1.4980 18.75
20 35 0.2 25 0.36 8 Medium Dense 0.0095 1.5705 56.25
21 35 0.3 12.5 0.24 8 Medium Porous 0.0124 1.4098 18.75
22 25 0.2 12.5 0.36 8 Fine Medium 0.0049 0.4681 28.125
23 35 0.2 18.75 0.24 8 Fine Dense 0.0083 0.5060 28.125
24 25 0.2 18.75 0.24 6 Medium Dense 0.0059 1.5946 37.5
25 25 0.2 12.5 0.12 4 Coarse Medium 0.0054 3.2985 18.75
26 25 0.3 25 0.12 4 Coarse Dense 0.0089 3.7660 37.5
27 35 0.2 18.75 0.24 4 Medium Medium 0.0094 1.4772 56.25
28 25 0.2 12.5 0.12 6 Fine Porous 0.0056 0.4301 12.5
29 30 0.25 18.75 0.24 6 Fine Porous 0.0083 0.4820 37.5
30 25 0.2 25 0.36 6 Fine Dense 0.0062 0.5461 75
31 25 0.3 25 0.36 4 Medium Dense 0.0104 1.7752 112.5
32 35 0.25 18.75 0.12 4 Coarse Dense 0.0102 3.3921 28.125
33 25 0.2 25 0.12 4 Fine Dense 0.0051 0.5302 37.5
34 35 0.25 12.5 0.12 4 Medium Dense 0.0096 1.4771 18.75
35 30 0.25 18.75 0.24 8 Coarse Medium 0.0076 3.3922 28.125
36 35 0.3 18.75 0.12 6 Coarse Porous 0.0128 3.2751 18.75
37 35 0.2 25 0.12 6 Fine Medium 0.0077 0.5020 25
38 30 0.3 12.5 0.12 4 Coarse Porous 0.0108 3.2985 18.75
39 30 0.25 12.5 0.36 4 Medium Porous 0.0103 1.4728 56.25
40 35 0.2 25 0.36 8 Coarse Medium 0.0094 3.3569 56.25
41 25 0.3 12.5 0.36 4 Fine Porous 0.0105 0.4900 56.25
42 25 0.3 12.5 0.36 6 Coarse Porous 0.0107 3.4855 37.5
43 25 0.2 12.5 0.36 6 Coarse Medium 0.0065 3.3921 37.5
44 25 0.25 18.75 0.36 4 Coarse Medium 0.0083 3.6258 84.375
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45 25 0.25 25 0.24 4 Coarse Porous 0.0091 3.5790 75
46 25 0.25 12.5 0.24 8 Coarse Porous 0.0077 3.2985 18.75
47 30 0.2 18.75 0.24 4 Medium Porous 0.0087 1.4644 56.25
48 35 0.3 18.75 0.36 4 Medium Porous 0.0144 1.5274 84.375
49 35 0.3 12.5 0.36 6 Medium Dense 0.0127 1.5611 37.5
50 35 0.3 25 0.24 8 Medium Porous 0.0127 1.5192 37.5
51 35 0.3 25 0.36 8 Fine Medium 0.0113 0.5161 56.25
52 30 0.2 25 0.36 4 Medium Medium 0.0082 1.5946 112.5
53 35 0.3 12.5 0.36 4 Coarse Medium 0.0134 3.4388 56.25
54 35 0.2 25 0.12 6 Medium Porous 0.0096 1.4245 25
55 30 0.25 18.75 0.24 8 Medium Dense 0.0076 1.5736 28.125
56 30 0.25 18.75 0.24 6 Fine Porous 0.0085 0.4822 37.5
57 25 0.2 12.5 0.36 8 Medium Porous 0.0069 1.4361 28.125
58 35 0.3 12.5 0.12 8 Fine Medium 0.0102 0.4501 9.375
59 30 0.25 18.75 0.24 6 Medium Dense 0.0080 1.5946 37.5
60 30 0.2 12.5 0.36 4 Coarse Dense 0.0089 3.4388 56.25
61 25 0.2 25 0.36 6 Medium Medium 0.0063 1.6156 75
62 35 0.3 25 0.12 6 Medium Dense 0.0116 1.6177 25
63 35 0.2 12.5 0.12 8 Medium Medium 0.0078 1.3594 9.375
64 25 0.3 18.75 0.36 6 Coarse Dense 0.0099 3.7660 56.25
65 25 0.25 12.5 0.24 4 Fine Dense 0.0069 0.5141 37.5
66 30 0.25 12.5 0.36 8 Medium Medium 0.0076 1.4907 28.125
67 35 0.3 12.5 0.12 6 Fine Dense 0.0108 0.4781 12.5
68 25 0.25 12.5 0.36 8 Fine Dense 0.0064 0.5081 28.125
69 30 0.25 12.5 0.24 6 Coarse Dense 0.0083 3.4388 25
70 25 0.25 18.75 0.12 4 Fine Medium 0.0055 0.4981 28.125
71 30 0.25 18.75 0.24 4 Fine Medium 0.0077 0.5140 56.25
72 25 0.3 25 0.36 6 Medium Porous 0.0105 1.6450 75
73 35 0.3 25 0.24 6 Coarse Medium 0.0121 3.5323 50
74 25 0.2 12.5 0.12 6 Medium Medium 0.0047 1.4539 12.5
75 35 0.2 12.5 0.36 6 Fine Dense 0.0093 0.4982 37.5
76 35 0.25 12.5 0.36 8 Fine Porous 0.0106 0.4441 28.125
77 35 0.3 25 0.12 4 Fine Porous 0.0122 0.4821 37.5
78 35 0.2 25 0.12 4 Coarse Medium 0.0089 3.2985 37.5
79 35 0.2 18.75 0.12 8 Coarse Porous 0.0098 3.0648 14.0625
80 30 0.25 18.75 0.36 6 Fine Medium 0.0077 0.5140 56.25
81 35 0.2 12.5 0.24 8 Coarse Dense 0.0091 3.2050 18.75
82 25 0.3 25 0.12 6 Fine Dense 0.0078 0.5580 25
83 25 0.2 25 0.12 8 Coarse Dense 0.0057 3.5323 18.75
84 25 0.3 25 0.12 6 Coarse Medium 0.0083 3.6491 25
85 30 0.2 12.5 0.12 8 Fine Dense 0.0056 0.4901 9.375
86 25 0.25 18.75 0.12 4 Medium Porous 0.0074 1.5064 28.125
87 35 0.3 12.5 0.36 8 Coarse Dense 0.0125 3.4504 28.125
88 35 0.3 25 0.12 8 Coarse Dense 0.0118 3.5323 18.75
89 25 0.3 18.75 0.12 8 Fine Porous 0.0084 0.4820 14.0625
90 30 0.3 25 0.24 8 Fine Dense 0.0091 0.5461 37.5
91 25 0.2 25 0.12 6 Coarse Porous 0.0068 3.3686 25
92 35 0.3 25 0.12 4 Medium Medium 0.0113 1.5736 37.5
93 30 0.3 18.75 0.24 4 Coarse Dense 0.0111 3.6725 56.25
94 25 0.25 25 0.12 8 Medium Medium 0.0057 1.5946 18.75
95 30 0.25 25 0.12 8 Fine Porous 0.0078 0.4901 18.75
96 30 0.25 25 0.24 6 Coarse Dense 0.0086 3.6258 50
97 25 0.3 12.5 0.12 8 Medium Dense 0.0079 1.5821 9.375
98 30 0.3 18.75 0.24 4 Fine Dense 0.0101 0.5382 56.25
99 35 0.2 25 0.36 8 Fine Porous 0.0099 0.4920 56.25
100 25 0.2 25 0.24 8 Fine Medium 0.0046 0.5061 37.5
101 25 0.3 18.75 0.36 8 Fine Porous 0.0093 0.5000 42.1875
102 35 0.25 25 0.36 4 Fine Dense 0.0112 0.5542 112.5
103 35 0.2 25 0.36 6 Coarse Dense 0.0105 3.4855 75
104 35 0.2 12.5 0.12 4 Fine Porous 0.0091 0.4342 18.75
105 25 0.3 12.5 0.24 6 Fine Medium 0.0076 0.4980 25
106 35 0.2 12.5 0.24 4 Coarse Porous 0.0111 3.1115 37.5
107 35 0.2 12.5 0.36 4 Fine Medium 0.0095 0.4821 56.25
108 25 0.2 12.5 0.36 4 Medium Dense 0.0073 1.5821 56.25
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The results obtained demonstrate the ability to
control the output variables across extensive ranges:

* For Ad, the values range from 0.0046 mm to 0.0144
mm, resulting in a maximum-to-minimum ratio of
3.1304.

* For Ra, the values span from 0.4301 pm to 3.766 pum,
yielding a maximum-to-minimum ratio of 8.7561.

* For MRR, the values extend from 9.375 mm? to
112.5 mm?, which gives a maximum-to-minimum
ratio of 12.

3.2 Results of Modelling

The experimental results were analysed statistically usi—
ng regression analysis with the least squares fit method.
A model was developed that incorporates all the main
effects of the input variables, their interactions, and
quadratic terms. This approach allows for a compre—
hensive understanding of the nonlinear and combined
influences of the factors on the output variables.
Multiple regression analysis was performed simulta—
neously for two responses: surface roughness and
dimensional deviation. This enabled the identification of
factors that significantly affect both responses. During
the analysis, a 95% confidence interval was established,
ensuring a high level of reliability in estimating the
regression coefficients and in drawing conclusions from
the resulting models.

Table 5 presents the estimated effects of the factors
included in the model, emphasizing their statistical sig—
nificance, as indicated by LogWorth values. LogWorth
is a transformation of the p-value (—logl0 (p)), which
makes it easier to visually compare the significance of
individual effects. Higher LogWorth values correspond
to lower p-values, indicating a stronger statistical inf—
luence of a factor on the response variable. The effects
are ranked according to their statistical strength, which
helps identify the important factors in the model. Fac—
tors with p-values below 0.05 are considered statis—
tically significant and are included in the final model,
while those with higher p-values and insignificant con—
tributions are excluded. This method results in a
simpler, more efficient, and robust model that highlights
only the effects that genuinely influence the behaviour
of the studied system.

Table 5. Effect summary

Source LogWorth p-value
WGS 177.959 0.00000
Ve 109.027 0.00000
Vi 104.242 0.00000
A 79.995 0.00000
WP 78.061 0.00000
f 71.572 0.00000
i 64.180 0.00000
v.x WGS 55.458 0.00000
v, X WGS 55.250 0.00000
X WGS 49.670 0.00000
WGSx WP 45.695 0.00000
VX Vyy 45.048 0.00000
VXV, 43.656 0.00000
Ax WGS 38.360 0.00000
A% 37.048 0.00000
ix WGS 21.838 0.00000
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ANOVA was conducted to assess the statistical sig—
nificance of the developed regression models for pre—
dicting Ad and Ra. This analysis helps determine whether
variations in the output variables can be attributed to the
factors defined in the experimental design. In other wor—
ds, it evaluates whether the model significantly improves
the explanation of the data compared to random error.
The results of the ANOVA are presented in Table 6.

Table 6. Analysis of variance

Ad
Source | DF Sum of Mean F. Prob>F
Squares Square Ratio
Model | 30 | 0.00050794 | 0.000017 | 3871.824 | <.0001
Error | 77 | 0.00000034 | 4.373e-9
C.Total | 107 | 0.00050827
Ra
Model | 30 | 163.31286 | 5.44376 | 110680.4 | <.0001
Error 77 0.00379 4.918e-5
C.Total | 107 | 163.31665

An additional evaluation of the regression model's
quality is presented in Table 7, through the fundamental
model fit metrics.

Table 7. Summary of fit

Parameter Ad Ra
RSquare 0.999338 0.999977
RSquare Adj 0.999079 0.999968
Root Mean Square Error 6.613e-5 0.007013
Mean of Response 0.008927 1.840204

To further verify and assess the robustness of the
developed regression models, a k-fold cross-validation
(k=10) was conducted. In each iteration, the model was
trained on 9 out of the 10 data subsets, while the remai—
ning subset was reserved for independent validation. This
process was repeated ten times, ensuring that each subset
was used exactly once as the test set. The validation
results were analysed using one-way ANOVA on the
residuals for the output responses Ad and Ra. Visual
confirmation of model stability was provided through box
plot diagrams of the predicted values (Predicted Ad by
validation and Predicted Ra by validation). These
diagrams illustrate a consistent and uniform distribution
of estimates between the training and test sets. Figure 3
shows the one-way ANOVA of the residuals for Ad and
Ra across the folds, indicating that the mean residual
values for both parameters are similar in all folds, with no
significant deviations in distribution.

Table 8 presents a summary of the fit for the one-
way ANOVA of residuals for Ra and Ad, organized by
validation folds.

Table 9 displays the ANOVA table for the one-way
ANOVA test, which evaluates the statistical signi—
ficance of differences in the means of residuals across
the validation groups.

The regression equations (8,9) for dimensional devi—
ation and surface roughness were derived from statis—
tical analysis.

Following the regression analysis, an additional
evaluation of the influence of individual input variables
on the responses Ad and Ra was performed using the
prediction profiler (Figure 4).
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Figure 3. One-way ANOVA of the residuals for Ad and Ra
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Table 8. Summary of fit for one-way ANOVA of residuals for Ad and Ra
Parameter Rsquare Rsquare Adj Root Mean Square Error Mean of Response
Ad 0.0750 —0.0100 5.638 x 10~ —6.5x10"
Ra 0.1117 0.0301 0.005859 2.63 x 107"
Table 9. ANOVA results for one-way ANOVA of residuals for Ad and Ra
Parameter Source DF Sum of Squares Mean Square F Ratio Prob >F
Validation 9 2.52509 x 10° 2.8057 x 107 0.8828 0.5434
Ad Error 98 3.11464 x 107 3.1782 x 10-9
C. Total 107 3.36715 x 107
Validation 9 0.00042294 0.0000470 1.3689 0.2127
Ra Error 98 0.00336427 0.0000343
C. Total 107 0.00378721
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This diagram visually illustrates the changes in
each response concerning a single input variable, while
keeping all other factors constant. The slope of the lines
in the diagram indicates the strength of influence:
steeper lines indicate a more significant effect, while
gently sloped or horizontal lines suggest a weaker
impact from the variable. For the Ra response, the grain
size factor demonstrated the most significant influence,
whereas the other factors had notably smaller effects.

Conversely, for the Ad response, the feed parameter
exhibited the least influence, and the other input
variables had approximately equal and consistent
impacts. The prediction profiler also aids in visually
identifying optimal input values aimed at achieving the
desired output characteristics. Consequently, the results
obtained serve as a valuable foundation for further
multi-objective process optimization.
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In addition to analysing the individual effects of
input variables on output variables, an interaction ana—
lysis was conducted using interaction profiler diagrams
for the responses Ad and Ra. The diagrams depicting
statistically significant interactions for Ad and Ra are
shown in Figures 5 and 6. These diagrams offer insights
into how the effect of one factor changes depending on
the level of another factor, highlighting interactions that
may not be apparent through a focus on main effects
alone. The presence of nonlinear or intersecting lines
signifies a significant interaction; the more pronounced
the curvature or the greater the separation between the
lines, the stronger the combined influence of the
interacting factors on the observed responses.

3.3 Results of Optimization

A GA was employed to tackle the optimization prob—lem.
This heuristic optimization method functions as a directed
random search that explores the solution space in search
of the global optimum. One of the strengths of genetic
algorithms is their ability to identify the global optimum
in a space characterized by multiple local extrema. The
optimization of the specified criterion was carried out
using MATLAB software, specifically the Optimization
Toolbox module. The genetic algorithm was configured
with a population size of 100 individuals, ensuring suf—
ficient diversity among candidates to effectively explore
the solution space. The maximum number of generations
was set to 50, defining the total iterations during which
the algorithm evolves the population. Default values for

Table 10. Optimization results

crossover and mutation probabilities were used, which
facilitate the combination of traits from parent individuals
and introduce variations. This approach helps maintain
population diversity and prevents the algorithm from
becoming trapped in local minima.
During the multi-objective optimization process,
four cases were examined:
* All output variables are assigned equal importance
(W4da = Wra = Wirr)-
* Dimensional deviation and surface roughness are
given equal significance, while material removal rate
is disregarded (w4 = wg, and wyzg = 0).
* Dimensional deviation and material removal rate are
assigned equal importance, while surface roughness
is disregarded (w4 = wg, and wyzg = 0).
» Surface roughness and material removal rate are
given equal importance, while dimensional deviation
is disregarded (w4, = wg, and wyzg = 0).
The results obtained from these cases are presented
in Table 10.

3.4 Results from Confirmation Experiments

Modelling and optimization verification were carried
out through four additional confirmation experiments.
These experiments aimed to verify the accuracy and
reliability of the developed model, as well as to assess
the effectiveness of the optimized parameters under real
conditions. The results obtained, along with the calcu—
lated errors, are presented in Tables 11 and 12.

Weighting coefficients Input variables Output variables
v, (m/s) =25 i=4
e v, (m/s) =0.2 WGS = Fine Ad (mm)=0.0064
Wad=WRa=WMRR f(mm/rev) =25 WP =Medium | Ra (um)=0.5396
4 (mm) = 0.34
v. (m/s) =28.2 i=8
B _ v, (m/s) = 0.2 WGS = Fine Ad (mm)=0.0046
WadWea WRR=0 | ey = 125 WP =Medium | Ra (um)=0.4619
A (mm)=0.12
v, (m/s) =25 i=4
_ _ v, (m/s) =0.2 WGS = Fine Ad (mm)=0.0063
Wad=WnikRs Wra=0 f(mm/rev) =25 WP =Medium | Ra (um)=0.5418
A (mm) = 0.36
ve (m/s) =35 i=4
W =Warr, Wag=0 v, (m/s) =0.2 WGS = Fine Ad (mm)=0.0112
a ’ f(mm/rev) =25 WP = Porous Ra (um)=0.5037
A (mm) =0.36
Table 11. Results of confirmation experiments for Ad
Weighting Ve Vi f Y| ; WGS wp Ad (mm) Ad (mm) AE\;
coefficients (m/s) (m/s) (mm/rev) (mm) measured predicted (mm)
WA WRa=WMRR 25 0.2 25 0.34 4 | Fine Medium 0.0069 0.0064 0.0005
WAEWRa, WMRR=0 28.2 0.2 12.5 0.12 8 Fine Medium 0.0050 0.0046 0.0004
WAEWMRR, WRa=0 25 0.2 25 0.36 4 | Fine Medium 0.0069 0.0063 0.0006
WRa=WMRR> Wa¢=0 35 0.2 25 0.36 4 | Fine Porous 0.0122 0.0112 0.001
Table 12. Results of confirmation experiments for Ra
Weighting Ve Vi f A ; WGS wp Ra (um) Ra (um) AER,
coefficients (m/s) (m/s) (mm/rev) (mm) measured predicted (um)
WA WRa=WMRR 25 0.2 25 0.34 4 | Fine Medium 0.5498 0.5396 0.0102
WAEWRa, WMRR=0 28.2 0.2 12.5 0.12 8 Fine Medium 0.4842 0.4619 0.0223
WAEWMRR, WRa=0 25 0.2 25 0.36 4 | Fine Medium 0.5642 0.5418 0.0224
WRa=WMRR> Wa¢=0 35 0.2 25 0.36 4 | Fine Porous 0.5282 0.5037 0.0245
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4. DISCUSSION

The ANOVA analysis results for both evaluated res—
ponses (Ad and Ra) indicate that the models exhibit
extremely high F-test values—3 871.824 for Ad and 110
680.4 for Ra - along with very low p-values (less than
0.0001). This demonstrates that the models are statis—
tically significant with a high level of confidence, mea—
ning that the independent variables and their interactions
significantly influence the system's responses. These fin—
dings validate the developed models and support their furt—
her use in analysing and optimizing the grinding process.

The results presented in the summary of fit show
high values for the coefficient of determination (Rsqu—
are) of 0.999338 for Ad and 0.999977 for Ra, indicating
that the models successfully explain approximately 99%
of the variance in the experimental data. The adjusted
coefficient of determination (RSquare Adj) is also high,
with values of 0.999079 for Ad and 0.999968 for Ra,
confirming the stability and reliability of the models
even after accounting for model complexity. Additi—
onally, the root mean square error values are very low,
measuring at 6.613e-5 for Ad and 0.007013 for Ra. This
indicates a small average prediction error, which further
confirms the high precision of the models. When
compared to the mean response values of 0.008927 for
Ad and 1.840204 for Ra, these errors are negligible,
further supporting the overall quality of the models.

Results from k-fold cross-validation (with k=10)
confirm that the models are not overfitted to the training
data's specific characteristics and demonstrate good ge—
neralization capabilities for new, unseen data. This
method significantly reduces bias in estimating model
performance, providing a more reliable assessment of
their quality. Additionally, model stability is confirmed
through statistical tests and visual representations,
which indicate their robustness and practical value for
further application in industrial conditions.

Summary of fit results for the one-way ANOVA of
residuals shows that for Ra, the RSquare value is
0.1117, while the RSquare Adj is 0.0301. This indicates
that only a small portion of the residual variance can be
explained by grouping into validation folds. Similarly,
for Ad, the RSquare is 0.0750, and the RSquare Adj is
negative (-0.0100), suggesting negligible explanatory
power from grouping by folds.

Based on the F-test and p-values (F = 0.8828, p =
0.5434 for Ad; F = 1.3689, p = 0.2127 for Ra) from the
one way ANOVA, no statistically significant differen—
ces were observed between the validation groups. This
reflects the homogeneity of residual values and the st—
rong predictive capability of the models across different
data subsets.

Based on the prediction profilers, the following con—
clusions can be drawn:

* Dimensional deviation decreases when the wheel
speed, workpiece speed, feed, and total depth of cut
are reduced, while it increases with the number of
passes. Additionally, dimensional deviation is lowest
when using a fine wheel grain size and medium
wheel porosity.

» Surface roughness decreases with increasing wheel
speed and decreasing workpiece speed, feed, and
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total depth of cut, while it also improves with more

passes. Furthermore, the smallest surface roughness

is observed with fine wheel grain sizes and porous
wheel porosity.

Dimensional deviation and surface roughness tend to
decrease with increasing wheel speed and workpiece
speed. This occurs because a faster wheel grinds the
workpiece surface with more abrasive grains, resulting in
a smoother finish and reduced surface roughness. How—
ever, at higher speeds, the cutting forces also increase,
leading to more heat generation and intensified wear,
which contribute to increased dimensional deviation.

Conversely, dimensional deviation and surface
roughness increase with an increase in feed. A larger
feed means the wheel moves more quickly across the
workpiece surface, removing less material and leaving
higher peaks and valleys. This situation worsens surface
roughness. Additionally, as the feed rate increases, the
cutting forces rise, heat generation increases, and wear
intensifies, further reducing dimensional accuracy.

Dimensional deviation and surface roughness
decrease when the total depth of cut and the number of
passes are reduced. A smaller total depth of cut and
fewer passes result in a shallower depth of cut (total
depth of cut/number of passes). This reduction leads to
lower cutting forces, less heat generated in the cutting
zone, and minimized tool wear. Consequently, both
dimensional accuracy and surface roughness improve.

Moreover, smaller grain sizes contribute to reduced
dimensional deviation and surface roughness. Fine
grinding wheels, due to their smaller grains, create a
greater number of contact points, which reduces the
cutting force, heat, and wear. This results in a more
uniform scratch pattern and lower peak and valley
heights, enhancing dimensional accuracy and decreasing
surface roughness.

Lastly, surface roughness decreases as the porosity of
the wheel increases. Higher porosity in grinding wheels
leads to lower cutting forces, improved heat dissipation,
and more uniform wear. However, while more porous
wheels sharpen themselves more frequently, optimal
dimensional accuracy is typically observed with wheels
of medium porosity, as they balance performance better
than both dense and overly porous structures.

The interaction profiler analysis reveals that the
influence of input variables on Ad and Ra depends on
their mutual interactions rather than solely on their
individual effects. The behaviour of the output variables
cannot be fully explained by isolated effects of single
factors; instead, it changes depending on their combi—
nation. For both output variables, multiple statistically
significant interactions were identified, with particularly
pronounced effects observed between the grinding wheel
grain size and other process parameters, as well as
between the total depth of cut and the number of passes.

For surface roughness, it was observed that the
effects of parameters such as wheel speed, workpiece
speed, feed, total depth of cut, and number of passes are
less pronounced when a grinding wheel with finer grit is
used. This suggests that fine grains dampen roughness
variations caused by changes in these parameters, due to
more uniform material removal and lower localized
stresses.
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Furthermore, increasing the number of passes
reduces the influence of total depth of cut on both Ra
and Ad. A higher number of passes means that the same
amount of material is removed in multiple thin layers,
resulting in lower cutting forces per pass, better process
control, and more stable output results.

In the case of dimensional deviation, it was found
that grit size does not have a decisive impact on the
system’s sensitivity to changes in input variables. In
other words, regardless of whether coarse or fine grains
are used, the effects of wheel speed, workpiece speed,
feed, depth of cut, and number of passes on Ad remain
approximately the same.

Optimization results indicate that, regardless of the
significance of the output variables (their weighting
coefficients), two input variables consistently appear in
the optimal combinations: the minimum level of work—
piece speed and fine grain size. This is because low
workpiece speed and fine grain size lead to the most
accurate machining (i.e., the lowest dimensional devi—
ation) and the best surface quality (i.e., the lowest sur—
face roughness), while having no significant impact on
MRR. The remaining input variables vary depending on
the specific case.

In the first case, wheel speed is at its minimum level,
feed is at its maximum, total depth of cut is close to its
maximum, number of passes is at its minimum, and
wheel porosity is medium. This is due to the fact that
feed, total depth of cut, and number of passes directly
affect MRR but do not have a significant negative
impact on Ad and Ra. Additionally, wheel speed is kept
low because it has a greater positive effect on dimen—
sional deviation than a negative effect on surface rough—
ness. Furthermore, medium wheel porosity yields the
best dimensional accuracy with only a slight reduction
in surface quality.

In the second case, wheel speed is close to its
minimum, feed is at its minimum, total depth of cut is at
its minimum, number of passes is at its maximum, and
wheel porosity is medium. This is because a low feed,
low depth of cut, and high number of passes result in the
lowest dimensional deviation and the lowest surface
roughness. Additionally, the wheel speed remains close
to its minimum because of its more favourable influence
on dimensional deviation than its adverse effect on Ra.
Again, medium wheel porosity provides the best dimen—
sional control with slightly reduced surface finish.

In the third case, wheel speed is at its minimum,
feed is at its maximum, total depth of cut is at its maxi—
mum, number of passes is at its minimum, and wheel
porosity is medium. This configuration is effective be—
cause feed, total depth of cut, and number of passes
directly influence MRR without significantly affecting
Ad. Moreover, the minimum wheel speed and medium
porosity contribute to the lowest dimensional deviation.

In the fourth case, wheel speed is at its maximum,
feed is at its maximum, total depth of cut is at its maxi—
mum, number of passes is at its minimum, and wheel
porosity is high (porous). This is because feed, depth of
cut, and number of passes directly affect MRR but have
little negative effect on Ra. Additionally, the maximum
wheel speed and porous wheel structure result in the
lowest surface roughness.
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The results of confirmation experiments validate the
accuracy of the modelling and optimization approach.
The absolute errors for dimensional deviation ranged
between 0.0004-0.001 mm, with a mean absolute error
of 0.000625 mm. The absolute errors for surface rough—
ness ranged between 0.0102—0.0245 pum, with a mean
absolute error of 0.019850 um. These absolute errors
are negligible under practical conditions, indicating that
the developed methodology can be effectively applied
in real manufacturing environments.

5. CONCLUSION

This study presents a comprehensive multi-objective
optimization of the external cylindrical longitudinal
grinding process for the AISI 6150 steel alloy. The goal
was to optimize dimensional accuracy, surface quality,
and productivity simultaneously. The effects of seven
input variables - grinding wheel speed, workpiece
speed, feed rate, total depth of cut, number of passes,
grain size, and grinding wheel porosity—were analysed
using a customized experimental design.

Using an [-optimal experimental design and multiple
regression analysis, we developed reliable statistical
models that demonstrate exceptional accuracy (RSquare
> 0.999). We confirmed their stability through ANOVA
tests, cross-validation, and experimental verification.
The findings indicate that all seven input variables
significantly influence process performance. Interaction
analysis showed that the number of passes, total depth
of cut, and grain size, when interacting with other
factors, have a substantial impact on the quality and
accuracy of the grinding. Therefore, successful optimi—
zation must consider not only the individual effects of
each variable but also their interdependencies to achieve
a balanced compromise between process requirements.

The proposed approach improves process planning and
quality control in grinding operations. The developed
models and optimization framework can be directly
implemented in production systems using external cylin—
drical longitudinal grinding as a finishing operation. The
resulting models and optimized solutions demonstrate high
accuracy and stability, making them well suited to indus—
trial applications. They enable reliable prediction of key
performance indicators, reduce the need for trial-and-error
adjustments, and support efficient selection of grinding and
wheel parameters in the production of high-precision
workpieces. Furthermore, the multi-objective optimization
framework allows flexible selection of grinding and wheel
parame—ters according to specific production priorities.

However, the current model's applicability is limited
to the specific conditions under which the experiments
were conducted. To improve its versatility and accu—
racy, future research will focus on expanding the model
by incorporating additional input and output variables.
This enhancement will enable better adaptation to
varying process conditions.
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NOMENCLATURE

a, Depth of cut
B Grinding wheel width
D Grinding wheel diameter
d Grinding wheel hole
d Measured value of the diameter after
m grinding
d;,  Measured diameter value before grinding
Required - nominal value of the diameter

D after grinding

f Feed

F, Objective function
i Number of passes

Ra  Surface roughness

Ve Wheel speed

Vyy Workpiece speed

w Weighting coefficient of the output variable
X Normalized value of the output variable
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Y| Total depth of cut
Ad  Dimensional deviation

Acronyms and Abbreviations

AE Absolute Error
ANN Artificial Neural Network
ANOVA Analysis of Variance

DF Degrees of Freedom

GA Genetic Algorithm

MRR Material Removal Rate

PSI Preference Selection Index
PSO Particle Swarm Optimization
RSM Response Surface Methodology
SA Simulation Annealing

WGS Wheel grain size

WP Wheel porosity

ONTUMM3AIUIA TAPAMETAPA BPYIIEA
Y TOIWJIA TOKOM CIOJbAIIBE
IUINHAPAYHE Y31YKHE OBPAJIE
JIETUPAHOT YEJIMKA AISI 6150 HA OCHOBY
TAYHOCTH, KBAJTUTETA U
MPOJTYKTUBHOCTH

A. MujowmeBuh, B. UBanos, C. lllumynoBuh,
'B. Bykeanh

VY ucTpaxuBamy je CHpOBEICHA BHIIEKPHUTEPHU)jyMCKa
ONITHMHM3ALMja TPOLECa CIOJbAIIET LMIHHAPUYHOT
y3aykHOT Opymema jerupaHor uwenmka AISI 6150.
VYia3He TPOMEHJPUBE YHWjU je YTHUIA] WCIHMTHBAH Cy
Op3uHa ToIlMia, Op3uHA OOpaTKa, MOMaK, YKYIHH I0—
Jarak 3a o0pazy, Opoj mposasa, BeJIMYMHA 3pHA TOLMIIA
1 TOPO3HOCT ToUWIIA. EKCIIEpUMEHTAIHO NCTpaXKUBakbEe
je cmpoBeneHo KopumhemeM IpuiarohjeHor auszajHa
eKCIIepMEHTa 3aCHOBAaHOI Ha M-KpUTepHjyMy ONTH—
MaJHOCTH. JIMMEH3HOHO ONCTymame je u3abpaHo 3a
KBaHTH(UKAIM]y TAaYHOCTH, XPaIlaBOCT TOBPIIUHE 3a
NPOLIEHY KBaJIUTeTa, a Op3UHA yKIIamaba MaTepujaja 3a
Mepeme MNPOAYKTUBHOCTH. BpenHocTH AMMEH3HOHOT
onctymama cy Owmine ox 0,0046 mo 0,0144 mm,
BPEIHOCTH XpalaBOCTH IOBpIIMHE Cy Ouie usMmely
0,4301 u 3,766 um, a Op3uHA YKIambama MaTepujaia je
owna ox 9,375 mo 112,5 mm? Ha ocHOBY ekcre—
PUMEHTAIIHUX pe3yJiTara, CIpPOBElIeHa je€ aHaJIu3a KaKo
O6u ce pepuHMCAO YTHIA] yJNa3sHHX Ha H3Ja3HE INPO—
MEHJbUBE U pa3BUjeHE Cy perpecrone jenHauune. [{umb
je OMo WCTOBpeMeHa ONTHMH3allfja TavYHOCTH, KBa—
JHUTETa ¥ TPOAYKTUBHOCTH, Y3 BapHPambe TEKHHCKHX
KoedpunujeHaTa y GyHKIHju muiba. [loy3maHoct Moaena
U ONTHMAJHE BPEJHOCTH NMPOMEHJBMBUX NOTBpheHe cy
Kpo3 KoH(pupmannone excrnepumente. Jlobujene amco—
JyTHE Tpelike 6uie cy mpuxsaribuse, U usHoce 0,0004
u 0,001 mm 3a numensuoHo oxactymawme u 0,0102 mo
0,0245 pum 3a XpanaBocCT MOBPILIUHE.
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