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Abstract - This paper presents optimization results of the AI6061
surface roughness in turning ultra-precision based on the central
composite design method (CCD) and the grey wolf optimization
algorithm (GWO). The experimental matrix is built with three
independent variables including spindle speed, feed rate and
depth of cut. With the experimental data, the roughness regression
model is established. The ANOVA module is used to evaluate the
quality of the regression model. The GWO algorithm is used to
optimize the roughness within the range of pre-determined
cutting conditions. The most reasonable cutting parameter set is
found to ensure that the surface roughness of the Al6061 material
reaches the smallest value. The influence of parameter pairs on
the roughness is analyzed specifically. The research results are of
great significance in improving the surface quality of Al6061
material in turning ultra-precision.

Key words - Single-Point Diamond Turning (SPDT); surface
roughness; spherical surface; CCD; GWO.

1. Introduction

In the field of ultra-precision machining, achieving a
surface with the desired roughness is a critical requirement
to enhance product quality and meet stringent technical
standards for the operating conditions of specialized
components such as optical lenses, lens molds, spherical
joints, spherical reflective surfaces, and more. Single-Point
Diamond Turning (SPDT) is an advanced machining
method widely used to produce highly precise surfaces (in
the nanometer scale) [1]. Diamond cutting tools are
employed in SPDT to achieve nanometer-level surface
finish with specific requirements such as nanometer-scale
edge sharpness and excellent wear resistance, allowing for
machining with extremely low dimensional accuracy and
surface roughness [2].

SPDT is commonly applied to machine non-metallic
materials (e.g., ZnSe, Ge, CaF,, Si) or non-ferrous metals
such as aluminum and copper. This technology meets the
demands for manufacturing high-precision components,
such as spherical surfaces for optical lenses [3], lens molds
[4], aluminum mirrors [5], and laser guidance systems [6].
Nowadays, SPDT has become increasingly popular,
particularly effective in machining spherical surfaces on

Tém tit — Bai bao trinh bay két qua nghién ctru tdi wu héa do
nham bé mit ciu vat liu Al6061 khi tién siéu chinh xéc
(SPDT) dya trén phwong phéap thiét ké téng hop trung tim
(CCD) va thuat toan t6i uu hoa dan séi xam (GWO). Ma tran
thuc nghiém dugc xay dung véi ba bién doc lap g6m tde do
truc chinh, téc do chay dao va chidu sdu cit. Véi dit liéu cua
c4c thi nghiém, mé hinh hdi quy d6 nham dwoc thiét 1ap. Modul
ANOVA dugc ding dé danh gia chit lwong mo hinh hdi quy.
Thuét toan GWO duoc st dung dé tdi wu hoa d6 nham trong
pham vi ché d6 cit duge xac dinh tir trude. BO thong sb cit hop
1y nhit dugc tim ra nhim dam bao d6 nham mat ciu dat gia tri
nhé nhit. Anh hudng cia cic cip thong sb toi d6 nham duoc
phan tich cu thé. Két qua nghién ctru ¢6 ¥ nghia quan trong
trong viéc ning cao chét lugng bé mit cdu vat liéu Al16061 khi
tién siéu chinh xac.

Tir khéa — Tién kim cuong don diém; d6 nham; mat cdu; CCD;
GWO

aluminum materials like AI6061. Studies [7] have
demonstrated the excellent machinability (including
surface roughness) of AI6061 spherical mirror surfaces
when altering vibration frequency branching during the
SPDT process.

Surface roughness is a critical technical parameter,
used to measure the surface's unevenness after machining
[8]. Numerous studies have focused on the technical
factors affecting surface roughness, employing various
predictive models, including the Response Surface
Methodology (RSM) [9], Artificial Neural Networks
(ANN) [10], and Adaptive Neuro-Fuzzy Inference
Systems (ANFIS) [11]. Additionally, various algorithms
have been used as tools to solve single or multi-objective
optimization problems based on specific input parameters
and conditions. Frequently applied algorithms include
Genetic  Algorithms  (GA) [12-14], swarm-based
algorithms (PSO, ACO) [15-16], and the Grey Wolf
Optimization (GWO) algorithm [17-21]. RSM and ANN
modeling [9-10] were described using 27 experiments,
where a first-order regression equation was developed to
predict surface roughness. Furthermore, the GWO
algorithm is widely used for optimizing parameters or
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technological processes. In [17], the GWO model was
utilized to optimize parameters such as temperature,
friction coefficient, and screw rotation speed in twin-
screw extrusion to minimize material loss due to wear. An
improved GWO algorithm with reduced computational
time, faster convergence, and higher accuracy was
proposed in [18] to optimize the rolling parameters of raw
materials. Additionally, the GWO algorithm has been
applied for tool wear prediction in SVR [19],
performance prediction for desalination plants [20], and
two-dimensional modeling of direct metal deposition
processes [21]. In addition, a study [22] proposed a
Genetic Gray Wolf Optimizer (GGWO) algorithm, which
combines the principles of Gray Wolf Optimizer (GWO)
with genetic algorithm operators to optimize wind farm
layout. Compared with other algorithms such as PSO,
ABC ACO, GGWO shows improved energy yield, faster
convergence, and better compliance with layout
constraints. The hierarchical leadership structure and
genetic operation of the algorithm enhance the
exploration and exploitation capabilities, outperforming
traditional optimization methods. In the study [23],
Mehdi compared the GWO algorithm with many other
optimization algorithms such as PSO, GA, HJ, or Hybrid
Methods in the context of building energy optimization.
The results have shown that GWO achieved a good
balance between convergence speed and solution quality,
surpassing many existing algorithms in building energy
optimization. Consequently, the GWO algorithm has
demonstrated its feasibility and effectiveness in
optimization studies alongside other popular algorithms.

In SPDT, three technological parameters: spindle
speed (n- rev/min), feed rate (F- mm/min), and depth of
cut (ap- um), have a direct and significant impact on the
surface quality of the machined component. Taper-

cutting experiments [24] were applied to determine the
transition depth between ductile and brittle regimes
during SPDT machining of ZnSe spherical surfaces. The
results indicated that reducing the feed rate (F) could
achieve optimal surface roughness without introducing
surface defects.

In this study, a regression model was developed to
describe the relationship between the three SPDT
parameters and the surface roughness of Al6061 spherical
surfaces, based on the Central Composite Design (CCD)
experimental method. Accordingly, the optimal roughness
and the most suitable technological parameters were
identified using the Grey Wolf Optimization (GWO)
algorithm. The influence of parameter pairs on surface
roughness was visually investigated, serving as a
foundation for effective SPDT process control in the future
for Al6061 spherical surfaces, contributing to improving
the surface quality of ultra-precision products.

2. Research contents
2.1. Experimental design using the CCD model
2.1.1. Experimental model design

The primary objective of the experimental process is to
collect data on the surface roughness of spherical surfaces
corresponding to the technological parameters of different
machining conditions. The entire machining process for the
spherical surface of the AI6061 alloy workpiece was
conducted on the ultra-precision lathe Nanoform® X
(Figure 1) using a diamond cutting tool NN60R0635m
WGC-MS0454 (Figure 4). The AIl6061 workpiece

(Figure 3) has the following geometric dimensions: height
h = 20 mm, outer diameter @ = 30 mm, and spherical
radius R = 19.5 mm. The specifications of diamond-cutting
tool are presented in Table 1.

Figure 1. Nanoform® X ultra-precision
turning system
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Figure 2. The 3D optical profiler
ZEGAGE PRO HR

Figure 3. Al6061 spherical surface

Figure 4. Diamond cutting tool NN60R0635mWGC-MS0454
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Table 1. Cutting tool specifications

Cutting . .
Specifications| edge Rake CuFtlng Primary |Included Waviness
=~ |angle| height [Clearance| angle
radius
Dimensions 0.649 -25° 1475 10° 60° <2um
mm mm

Table 2. Chemical compositions of Al6061

Element | Mg | Si | Fe [ Cu | Cr | Mn | Zn | Ti Al
wt.% [0.99|0.55|0.33|0.20|0.12|0.10 | 0.08 | 0.03

Balance

The chemical compositions of Al6061 alloy [25] are
presented in Table 2.

The SPDT process of the spherical surface of the
Al6061 workpiece is illustrated in Figure 5. The workpiece
is mounted on a vacuum chuck and machined using various
cutting conditions within the experimental investigation
range. A high-pressure water nozzle (machine mist) is
employed to remove chips from the workpiece during the
machining process, ensuring the safety and integrity of the
spherical workpiece surface.

B ) \

Figure 5. Lathe system, fixtures, tools, and workpieces
All measurements of surface roughness values after
SPDT were performed on the 3D optical profiler ZEGAGE
PRO HR (Figure 2). In this experiment, the workpieces
were placed on a flat support. The optical lens with the
camera was moved close to the position of the workpieces
and the surface was scanned (Figure 6). The experimental
surface roughness values summarized in Table 3 are the
average results of two surface roughness measurements at
two symmetrical positions on the spherical surface,

corresponding to each set of technological parameters.

1

Figure 6. Measurement on the 3D optical profiler
ZEGAGE PRO HR

Table 3. Measurement results of the spherical surface roughness
after machining

EN)?p n (rev/min) (mmII:min) ap (um) | Ra(nm)
1 1000 5 2 5.606
2 2000 5 2 4.428
3 1000 25 2 4.218
4 2000 25 2 4,114
5 1000 5 8 2.233
6 2000 5 8 2.965
7 1000 25 8 6.131
8 2000 25 8 6.770
9 823.44 15 5 6.959
10 2176.56 15 5 4.345
11 1500 1.47 5 3.766
12 1500 28.53 5 5.480
13 1500 15 0.94 4.795
14 1500 15 9.06 7.228
15 1500 15 5 7.234
16 1500 15 5 6.820
17 1500 15 5 6.808

2.1.2. Central Composite Design (CCD) method

The Central Composite Design (CCD) method [26] is
an experimental design technique widely used in research
to construct experimental models, analyze data, and
optimize processes. In this study, seventeen experiments
measuring the surface roughness of spherical surfaces after
SPDT were conducted, incorporating three technological
parameters: depth of cut ap (um), feed rate F (mm/min),
and spindle speed n (rev/min). After performing SPDT
according to the CCD experimental matrix and measuring
the surface roughness R, data analysis and model
construction were conducted. Statistical software DESIGN
EXPERT was used to analyze the collected data. A
quadratic regression model was developed to predict
surface roughness based on the technological parameters.

The encoded factor matrix for the CCD experimental
design with three factors and the corresponding ranges of
technological parameters are presented in Table 4. In the
CCD model, factors are assigned high levels (+1), low
levels (-1), or central levels (0). Additionally, the central
point spacing with orthogonal quadratic design a = 1.353
was selected to ensure that the regression parameters
(linear, interaction, and quadratic) are uncorrelated. This
enhances the accuracy of data analysis and ensures precise
evaluation of the regression model's suitability.

Table 4. Technological parameter ranges

Tech. Corres. Low. Cen. High
Parameter Variable (-1) 0) (+1)
n (rev/min) A 1000 1500 2000
F (mm/min) B 5 15 25

ap (um) C 2 5 8

Figure 7 illustrates the distribution of experimental
points in the CCD model. It can be observed that, with the
number of experiments N = 17 and the number of
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influencing factors k = 3, the experimental points are
arranged around a cube, with three points located at the
center. Six experiments represent axial points, whose
distance from the cube is defined by the encoded value
o. = 1.353, and the remaining eight experimental points are
distributed at the vertices of the cube.

ap (micromet)

Figure 7. Experimental distribution in the CCC model

The specialized software DESIGN EXPERT was used
to construct the regression equation based on the CCD
experimental model with three input technological
parameters. Figure 8 demonstrates the high reliability of
the regression model. The coefficient of determination R?
[27] is 0.8754, indicating a strong fit between the model
and the experimental data. Furthermore, an Adeq Precision
value greater than four 4 indicates that the model is
adequate for navigating the design space.

Std. Dev. 0.8383 S 0.875}
Mean 5.29 Adjusted R* 0.7152
CV.% 15.85 Predicted z

Figure 8. Analysis of model fit with experimental data

Sum of
Squares

Mean

Source
Square

F-value | p-value
Ra =

if

Model 3457 9 3.84 5.47 0.0178 significant

A-n 1.02) 1 102 145 02673 m

B-F 594/ 1 594 s,am -U0.2858 | * A
ct 0.7847| 1| 07847 1.12] 0325

AB 0.1203| 1 0.1203| 0.1712] 0.6914 B
AC 08791 1| 08791 125 0.3003 +0.2554| * C
BC 11.05| 1 1105 +0.1226 * AB

2

A 81 308 +0.3315 * AC
B 10.22| 1] 1022 3

c 152 1] 152 648 +1.‘Iﬂ *BC
Residual 492 7 07028 -0.6724 * a*
Lack of Fit 480 5 09604 16.36 0.0586 not significant od + g2
Pure Error | 0.1174 2 0.0587 =
Cor Total 39.49 16 -0.4762 * CF

Figure 9. Results of ANOVA analysis and regression coefficients

Figure 9 illustrates the ANOVA analysis results and the
coefficients of the regression equation. At a significance
level p-value < 0.05, the selected terms are Xz, X2.X3, X12, X2°.
The term x;? with p-value = 0.0764 < 0.1 belongs to the
range of significance values and can be used to describe the

effect of spindle speed on surface roughness.
Consequently, the regression equation for surface
roughness (Ra - nm) in terms of coded variables is
determined as follows:

R, =6.92+0.7135x, +1.18x,X, —0.6724x2 —1.23x,2 (1)

The surface roughness after UPT is significantly
influenced by three technological parameters: spindle
speed n (rev/min), feed rate F (mm/min), and depth of cut
ap (um). Figure 10 evaluates the effects of these
parameters on surface roughness. The curvature of the
graph reflects the rate of change in surface roughness with
respect to each parameter, indicating whether the change is
rapid or gradual.

It can be observed that the surface roughness value
Ra (nm) is minimally influenced by spindle speed n
(rev/min). However, feed rate F (mm/min) and depth of cut
ap (um) have a significant impact on surface roughness.
Specifically, roughness increases with an increase in feed
rate F and decreases with an increase in depth of cut ap.
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Figure 10. Influence of parameters on surface roughness

The above evaluations are qualitative assessments
based on observations of the graph and the regression
model. In fact, the technological parameters inherently
interact with each other and collectively influence surface
roughness. Moreover, experimental results are subject to
external noise factors that affect the surface roughness
measurements. Therefore, it is essential to design an
optimization problem to confirm the relationship between
surface roughness and the associated technological
parameters.

2.2. Optimization design using GWO algorithm
2.2.1. Grey Wolf Optimization (GWO) algorithm

The Grey Wolf Optimization (GWO) algorithm,
inspired by the predatory behavior of grey wolves, was
introduced by Mirjalili et al. [28] and has been widely
applied in various fields. In GWO, the grey wolf pack is
classified into four main roles: Alpha (a), Beta (f), Delta
(8), Omega (w). Each role contributes to the phases of
encircling, attacking, and searching for prey within the
search space to find the optimal solution.

The hunting process of grey wolves consists of three
main phases: encircling, searching for prey, and attacking
prey. In the GWO algorithm, these phases are modeled and
integrated into its steps. The steps and conditions required
to implement the GWO algorithm are shown in Figure 11.

Phase 1: Encircling Prey

The position of the wolves around the prey is adjusted
using the following equations:

D= \E.Xﬁ(t) —Y(t)\ @)
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X(t+1) =X, (t)—AD (3)

The coefficient vectors A and C calculated with
vector @ decreases linearly from 2 to O over iterations, and
vector r are random vectors in [0, 1].

A=2ar-aC=2r (4)

Phase 2: Searching for Prey

Grey wolves can identify the position of the prey and
encircling it. The hunt is primarily guided by Alpha, with
Beta and Delta providing support. The remaining wolves,
known as Omega, update their positions based on the three
leaders. The following equations illustrate this process:

D, =|C, X, = X|:D, =|C;. X, - X]| (5)
D, =[C, X, - X|:X; =X, - A.(D,) (6)
X, =X, =A.(D,): X; = X, ~ A.(D,) W)
X (t+1) :@ (8)

Phase 3: Attacking Prey

When the distance between the wolves and the prey
becomes sufficiently small, the wolves attack the prey. In
the GWO algorithm, this process is simulated by reducing

the value of the vector a from 2 to 0, thereby reducing the

value of the vector A and narrowing the distance between
the wolves and the prey.

m Ini(:-;lize tl:egrey i Initialize the
wolf population ) e
X, (i=1,..n) vectors a,A,C

Caculate the fitness
of 3 search agents
Xas Xps X5

Update the
value of the
vectors
a,4,C

Return the best
value X¢

t < Max.
iteration

Calculate the
fitness of all
search agents

! | Update the fitness of
3 search agents
Xa, Xp, X5

Figure 11. Algorithm implementation steps in GWO
2.2.2. Optimization results and discussion

The optimization problem for spherical surface
roughness is considered, with the objective function
derived from the established regression equation. The goal
is to determine the optimal technological parameters to
minimize the spherical surface roughness during
machining.

The GWO algorithm was constructed under the
conditions: —1.353 < x;, X,, X, < +1.353, corresponding to

the technological parameter limits: 823.44 <n < 2176.56
(rev/min); 1.47 <F <28.53 (mm/min); 0.94<ap <9.06

(um). The algorithm parameters are as follows: size
population S, =5, maximum iterations M; =100.

The computational program was implemented using
MATLAB. The optimization results are as follows: the
optimal value was identified after the 8th iteration, achieving
a surface roughness of Ra = 0.312 (nm) (Figure 12) with the
encoded technological parameters: x; = 1.353, x, = -1.353,
x3 = 1.353, corresponding to the actual values: n = 2176.56
(rev/min), F = 1.47 (mm/min), ap = 9.06 (um).

The dependence of the objective function on parameter
pairs is presented in Figures 13, 14, and 15.

4.5

10 20 30 40 50 60 70 80
Iterations

Figure 12. The optimization value of surface roughness

90 100

30

5 20
10

F (mm/min)

ap (micromet) 0 o0

Figure 13. Graph of the objective function R, (ap, F)

Figure 13 evaluates the influence of depth of cut (ap) and
feed rate (F) on surface roughness. At the optimal spindle
speed x;=1.353 (n = 2176.56 (rev/min), the graph reveals
that variations in feed rate (F) and depth of cut (ap) have a
complex effect on surface roughness. When the feed rate (F)
is fixed, the surface roughness value decreases linearly to a
minimum point as the depth of cut (ap) increases.
Conversely, when the depth of cut (ap) is fixed, increasing
the feed rate (F) causes the surface roughness value to follow
a parabolic curve, initially increasing to a maximum point
before gradually decreasing. This indicates that the two
parameters are interdependent and simultaneously affect
surface roughness. In UPT, it is necessary to reduce the feed
rate (F) while increasing the depth of cut (ap) to achieve
optimal surface roughness value.

The dependence of surface roughness on spindle speed
(n) and feed rate (F) is shown in Figure 14. At the optimal
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depth of cut x3=1.353 (ap = 9.06 pm), the surface
roughness value changes along a quadratic curve as the
spindle speed and feed rate. Therefore, the minimum
surface roughness can be achieved by reducing both the
spindle speed and feed rate within the considered range.

2500
2000

10 1500

F (mm/min) 0 500

1000
n (rev/min)

Figure 14. Graph of the objective function R, (F, n)

Similarly, in Figure 15, the surface roughness reaches
its minimum value when the spindle speed (n) is decreased
and the depth of cut (ap). Increasing the spindle speed
causes surface roughness to follow a quadratic curve while
decreasing the depth of cut leads to a linear increase in
surface roughness.

Similarly, in Figure 15, the surface roughness reaches
its minimum value when the spindle speed (n) is decreased
and the depth of cut (ap). Increasing the spindle speed
causes surface roughness to follow a quadratic curve while
decreasing the depth of cut leads to a linear increase in
surface roughness.

Ra (nm)

2500
2000

1500
n (rev/min)

ap (micromet) 0 500 1000

Figure 15. Graph of the objective function R, (ap, n)

With the selected optimal technological parameters:
n = 2177 (rev/min), F = 1.5 (mm/min), ap = 9 (um), an
experiment involving the SPDT of a spherical surface and
measurements of surface roughness were conducted
(Figure 16). The results from three measurements of the
experimental surface roughness values R-2 are presented
in Table 5. Comparing these values with the optimal
roughness value obtained from the GWO algorithm RPred
=0.312 (nm) reveals that the percentage error between the
predicted and experimental values is allowable (1-2%),
demonstrating the high accuracy of the predictive model.

Table 5. Experimental results of the optimal parameter set

No.exp R,™ (nm) R,”™ (nm) Error (%)
1 0.318 0.312 1.88
2 0.316 0.312 1.26
3 0.315 0.312 0.95

Figure 16. Ra value with optimal parameter set

3. Conclusions

Overall, the modeling problem using the CCD method
and optimization using the GWO algorithm for surface
roughness of AI6061 spherical surfaces in SPDT
machining has been described and detailed. The CCD
experimental model, based on 17 experimental results of
surface roughness measurements, was used to construct a
quadratic regression equation, providing input data for the
GWO optimization algorithm. The evaluation results,
through the R?criterion, demonstrate the high accuracy and
reliability of the regression model with a sufficiently large
number of experiments. The optimized surface roughness
value R, = 0.312 nm and the corresponding technological
parameter (n = 2177 rev/min; F = 1.5 mm/min; ap = 9 um)
were determined using the GWO algorithm. Furthermore,
the influence of parameter pairs was analyzed and
evaluated in detail. Some key findings can be summarized
as follows:

- The GWO algorithm develops a highly generalized
model that effectively captures the complex relationships
between technological parameters and the impact of
parameter pairs on the optimal surface roughness value.

- Based on the coefficients of the regression model, the
feed rate (F) has the most significant influence on surface
roughness among the three parameters considered.

- The depth of cut (ap) has a greater effect on surface
roughness than spindle speed (n).

The spherical surface roughness in SPDT is
simultaneously influenced by all three technological
parameters. The interactions between these factors affect
surface roughness and overall surface quality. Within the
investigation range, achieving optimal surface roughness
and ensuring the best surface quality requires
simultaneously reducing spindle speed (n), increasing
depth of cut (ap), and finally reducing feed rate (F).

These findings are crucial for selecting appropriate
technological parameters in terms of priority and value



ISSN 1859-1531 - TAP CHi KHOA HOC VA CONG NGHE - DAl HOC DA NANG, VOL. 23, NO. 2, 2025 87

when applying the SPDT method. Furthermore, the surface
roughness value obtained from the SPDT experiment of the
spherical surface wusing the optimal technological
parameters further reinforces the validity of the conclusion
and demonstrates the feasibility of the GWO algorithm.
This is an effective solution for solving single-objective
optimization problems, showing efficiency in establishing
optimal solutions. It identifies a set of technological
parameters that achieve the minimum surface roughness
value, making it a promising choice for similar
optimization studies in the future.
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