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Abstract: In this study, a novel liquid CO,-MQL burnishing (LCMB) process is introduced to simultaneously
improve tribological and environmental outcomes during the machining of AISI H13 steel. The process considers
key input parameters, including pressure of the compressed air (P), the oil flow rate (L), and the CO; flow rate
(C), while the outputs are the coefficient of friction (COF), the maximum wear depth (WD), the PM10, and the
vibrational amplitude along the X-axis (VX). An advanced modeling-optimization framework is employed,
combining a Bayesian-tuned support vector machine (OSVM) with entropy-based weighting to characterize the
responses, followed by a multi-objective grasshopper optimization algorithm (MOGOA) to generate candidate
solutions. The weighted aggregated sum product assessment (WASPAS) is utilized to find the proper solution.
The results demonstrated that the COF, WD, PM10, and VX were decreased by 5.9%, 3.5%, 22.3%, and 10.4%,
respectively, as compared to user-defined values. The developed burnishing process significantly enhanced
subsurface integrity by producing a deeper and more uniform plastically deformed layer compared to MQL and
dry conditions, which directly contributes to improved hardness, wear resistance, and tribological performances.
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1. INTRODUCTION

Burnishing is an efficient surface finishing process
widely used to improve surface quality, hardness,

burnished Mg-SiC metal matrix were enhanced using
the Taguchi method [1]. The authors stated that the
optimal spindle speed, feed rate, force, and the number

residual stress, and wear resistance through controlled
plastic deformation of surface asperities. Owing to its
advantages in enhancing functional performance
without material removal, burnishing has been
increasingly applied in precision manufacturing
industries.

Several optimization techniques have been used to
optimize different burnishing operations. The surface
roughness, micro-hardness, and circularity of the
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of passes were 171 rpm, 0.18 mm/rev, 21 N, and 3,
respectively. The impacts of the spindle speed, feed
rate, depth of penetration, and number of rollers on the
surface roughness, surface hardness, and residual
stress of the burnished AA6061-T6 were explored [2].
The results revealed that the roughness and hardness
were primarily affected by the feed rate and depth of
penetration, respectively. The ideal parameters for the
burnishing E52100 steel were found using the RSM
and bee colony algorithm [3]. The authors stated that



the roughness and hardness were improved by 76.3%
and 47.7%, respectively. Hamadache et al. presented
that the roughness, hardness, and wear resistance of
the burnished CX38 were enhanced by 89.3%, 48.5%,
and 42.4%, respectively under the impacts of ball
burnishing operation [4]. The optimal parameters
were chosen in order to decrease the wear rate of the
burnished Ti-6Al-4V and enhance the micro-hardness
and depth of the impacted layer [5]. The results
showed that 200 m/min, 0.3 mm, and 5.0 mm were the
optimal burnishing speed, depth of penetration, and
tool radius, respectively. Rotella et al. reported that
applying MQL can significantly improve the surface
finish of burnished Ti6Al4V, leading to lower
roughness values [6]. The optimal factors of the
burnishing crankshaft operation were selected using
RSM [7]. The results indicated that the optimal
spindle speed, number of passes, and force were 50
rpm, 10, and 23000 N, respectively. The roughness
and hardness of the burnished 36CrNiMo4 steel were
enhanced using the TOPSIS [8]. The authors stated
that the optimal spindle speed, feed rate, and force
were 900 rpm, 0.04 mm/rev, and 120 N, respectively.
For 17-4 stainless steel, the LNz-assisted burnishing
process resulted in improvements of 36.8% in surface
roughness and 42.6% in Vickers hardness (VH)
compared with the untreated condition [9]. Bagsoy
and Celik presented that the roughness and hardness
of the printed AISi1l0Mg component were improved
by 81.2% and 42.4%, respectively under the aid of the
ball burnishing process [10]. In addition, Maximov
reported that LN:-assisted burnishing of SS304
significantly  improved fatigue strength and
compressive residual stress by 35.2% and 242.8%,
respectively, compared to untreated samples [11].
Furthermore, Sachin et al. found that using the
smallest tool size increased the hardness of processed
17-4 PH steel by approximately 4% [12].
Nevertheless, several limitations still remain in the
existing literature. First, the effects of cooling-related
parameters on COF, WD, PM10, and VX have not
been systematically investigated. Second, predictive
models linking these responses to cooling parameters
are still lacking. Third, no comprehensive
optimization has been conducted to determine cooling
conditions that simultaneously minimize responses.

2. OPTIMIZATION APPROACH
The COF is computed as:

n
> Ccor 0
COF=-—1——
n
where COF; denotes the coefficient of friction at the
it location.
The PM10 is computed as:

2. PM10; @

n
where PM10; is the PM10 at the it time.
The VX is computed as:
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VX = -
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where VX; is the vibrational amplitude in the X axis at
the measured time.

The WD value is selected at the end of the
measurement process.

Three primary operating variables-P, L, and C-along
with their corresponding ranges, are summarized in
Table 1. The values of P and L are selected based on
the guidelines provided for the MQL system, whereas
the value of C is defined according to the
specifications in the liquid tank user manual.

Table 1. The cooling parameters to be optimized

No. | Symbol Parameters Levels Unit
1 P The pressure of | 55406 | MPa
compressed air
2 L The oil flow rate 100-150-200 | mi/h
3 | ¢ | Theflowrateof | 955005 | Limin
CO,

The optimization approach for the LCMB process is
shown in Fig. 1:
Step 1: Performing LCMB trials with 27 experiments
using the Box-Behnken design [13, 14, 15, 16].
Step 2: The entropy method is used to compute each
response’s weight.
The normalized response (pj) is calculated as:
o= 1 mj=1..n)
1] ir“ ' yeeny Ly yurey (4)
1]
i=1

The weight (wj) is computed as:
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where g; is the variation coefficient.
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Fig. 1. The optimization approach for the LCMB process

Step 3: The SVM is utilized to propose the LCMB
models [17, 18, 19]. The SVM using radial basis
function kernel is expressed as:

f(a) =w.H(a,a;) +d (6)

a—aq;
H(a, @) = exp( = —2) ™

where H(a, aj) and y are the kernel function and its
parameter. To obtain better SVM performance, its
hyperparameters, including the kernel scale (K) and
epsilon (¢) need to be carefully tuned and optimized
[20, 21]. The indicators, including the mean squared
error (MSE) and the mean absolute error (MAE) are
used to evaluate the models’ adequacy [22, 23, 24].

MSE :EZ(Ei -P)? ®)
i=1
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Step 4: The MOGOA is proposed to find the global
solutions, in which each grasshopper represents a
feasible solution within the design space. The updated
position of the ix solution in the d dimension (Xi%) is
computed as:

N
UB, — LB,
Xt = C(Z CTS( |xf
=1

(10)
da d

_ ey A

where UBy and LBy present the upper and lower

)+ Ty

bounds of the dth dimension, respectively, and T,

denotes the best solution identified in that dimension.
The distribution function (f(x)) of the Cauchy-Lorentz
distribution is expressed as:

1 A
fx0,7) = —( 2) (1)

(x_xo)z +y

where X, and vy are the location of the peak of the
distribution and scale parameter, respectively.

The Cauchy-Lorentz distribution-based position (X;
€Ly is expressed as:

N
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XEL = C(Z CTS( |x
=1
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The principle of the MOGOA is depicted in Fig. 2.
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Fig. 2. The working principle of the MOGOA
Step 5: The best point is determined using WASPAS.
The total criterion (Q) is expressed as:
Q; = AQ(l)i +(1- A)Q(Z)i (13)
The highest Qi is used to select the best optimal point.
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3. EXPERIMENTAL SETTING

The AISI H13 extensively used in manufacturing dies
and molds is chosen as the LCMB specimen. The
specimen measures 186.0 mm in length, 32.0 mm in
width, and 14.0 mm in thickness. The face milling
process is used to produce the pre-machined surface
and the COF of the initial surface is 0.753.

The burnishing trials are conducted using a CNC
milling machine (Fig. 3a). The vibration meter entitled
HUATEC HG-5350 is utilized to observe the
vibrational amplitude in the X axis. The particle
counter is used to measure the PM10 over a duration
of 20 seconds. The tribometer entitled CETR-UMT2
is applied to measure the COF at a constant load of
25N and a constant sliding time of 1000s (Fig. 3b).
The COF, WD, PM10, and VX at experimental No. 1 are
presented in Fig. 4.

e
) 1

(a) The burnishing operation  (b) Measuring coefficient
of friction and wear depth
Fig. 3. Experimental setting of the burnishing process

4. RESULTS AND DISCUSSIONS

The LCMB responses are compared at dry, MQL, and
LCMQL (CO; and MQL) conditions (Fig. 5). It can be
stated that the lowest roughness and highest hardness
are obtained at the LCMQL. The average roughness in
the defined area (Sa) values at the LCMQL are reduced
from 7.3% to 20.1%, as compared to the MQL one. The
Sa values at the LCMQL are reduced from 19.0% to
35.2% in comparison with the dry condition (Fig. 5a).
The friction at the machining region decreases using the
MQL and LCMQL, leading to reductions in the
roughness. The VH values at the LCMQL are improved
from 1.4% to 9.0%, as compared to the MQL one. The
VH values at the LCMQL are improved from 4.8% to
9.0%, as compared to the dry one (Fig. 5b). At the dry
condition, higher heat is accumulated, leading to the
annealing operation; hence, a softer surface is obtained.
At the MQL and LCMQL, the heat is significantly

removed, leading to the strain hardening behavior;
hence, higher VH values are achieved.
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Fig. 4. The LCMB responses at the No. 1

As shown in Fig. 6, all burnishing conditions produce a
plastically deformed surface layer near the top surface,
characterized by a refined and densified microstructure
compared to the bulk material. The thickness of this
affected layer varies significantly depending on the
processing condition. Under the LCMQL condition
(Fig. 6a), the modified layer is the most uniform and
exhibits the greatest depth, indicating a stronger and
more stable plastic deformation. In contrast, the MQL
condition (Fig. 6b) shows a moderately affected layer
with less uniformity, while the dry condition (Fig. 6c)
results in the shallowest and most irregular deformation
layer. These results demonstrate that the LCMQL
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approach  enhances  subsurface  microstructural
modification more effectively than MQL and dry
conditions, which is consistent with the observed
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Fig. 5. Comparisons of the Sa and VH values at different
burnishing conditions
The experimental outcomes of the LCMB responses are

exhibited in Table 2.

4.1. ANOVA results

The response trends generated from the OSVM
predictions were further analyzed using ANOVA [25,
26, 27, 28]. All models exhibited high predictive
capability with R2 values above 0.98, while the
adjusted and predicted R2? values were in close
agreement, indicating good model reliability and low
overfitting tendency (Table 3, 4, 5, and 6). Among the
investigated parameters, the L showed the most
significant influence on all responses, followed by the
P and C. In addition, several interaction and quadratic
terms also exhibited noticeable contributions,
demonstrating the coupled effects of cooling and

lubrication conditions on the LCMB performance.
The ANOVA findings verified that the developed
OSVM-hased framework can effectively characterize
the relationships between cooling parameters and the
tribological, environmental, and vibrational responses
of the LCMB process. Figs. 7 a, b, ¢, and d present the
comparisons between the predictive and actual data
for COF, WD, PM10, and VX, respectively. The
uniform distribution of data points indicates that the

Fig. 6. The microstructure of the burnished specimens
under various conditions
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Table 2. Experimental results of the LCMB operation

4.2. The parametric impacts

The combined effects of the cooling parameters on
COF are illustrated in Fig. 8. The reductions
associated with P, L, and C are approximately 7.1%,
14.5%, and 11.5%, respectively. An increase in P
leads to finer oil-mist droplets that can more
effectively penetrate the contact interface, thereby
lowering friction and improving surface smoothness.
Similarly, a higher L enhances the amount of lubricant

p MQL+CO, MQL
No. | (g | L@ | CLMIN) | ooe o) (Eg/"nlg) wmd | coF | woem) &‘},"ﬂ% VXM
Experimental data for developing models
1 0.2 100 15 0.689 0.181 3314 19.4 0.728 0.189 3201 20.8
2 0.4 100 15 0.681 0.164 9136 16.7 0.719 0.171 8826 17.8
3 0.6 100 15 0.646 0.155 13339 15.3 0.692 0.161 13026 16.5
4 0.2 150 15 0.623 0.162 10538 16.3 0.684 0.168 10265 17.5
5 0.4 150 15 0.605 0.151 13906 13.9 0.638 0.157 13542 14.8
6 0.6 150 15 0.562 0.144 15793 12.8 0.602 0.151 15326 13.6
7 0.2 200 15 0.599 0.149 21656 14.6 0.648 0.156 21163 15.6
8 0.4 200 15 0.572 0.141 22424 125 0.615 0.146 22058 134
9 0.6 200 15 0.519 0.139 21995 11.7 0.558 0.145 21365 125
10 0.2 100 20 0.634 0.169 9655 16.2 0.684 0.175 9365 174
11 04 100 20 0.618 0.152 15666 13.6 0.648 0.158 15264 14.3
12 0.6 100 20 0.576 0.138 20196 12.1 0.612 0.146 19652 12.9
13 0.2 150 20 0.581 0.149 14273 13.2 0.624 0.156 13946 14.1
14 0.4 150 20 0.555 0.135 17968 10.8 0.594 0.142 17436 115
15 0.6 150 20 0.504 0.126 20182 9.6 0.558 0.132 19563 10.3
16 0.2 200 20 0.569 0.136 22638 115 0.592 0.142 22046 124
17 04 200 20 0.534 0.125 24017 9.5 0.572 0.132 23214 10.3
18 0.6 200 20 0.474 0.121 23915 8.6 0.517 0.126 23163 9.4
19 0.2 100 25 0.613 0.165 14992 15.4 0.649 0.172 14536 16.4
20 0.4 100 25 0.589 0.144 21406 12.7 0.629 0.152 20863 13.7
21 0.6 100 25 0.539 0.129 26263 11.2 0.576 0.134 25463 12.2
22 0.2 150 25 0.572 0.145 17218 12.4 0.607 0.151 16842 13.4
23 0.4 150 25 0.539 0.128 21241 10.1 0.576 0.135 20632 10.9
24 0.6 150 25 0.481 0.117 23781 8.8 0.528 0.123 23268 94
25 0.2 200 25 0.573 0.131 23115 10.8 0.611 0.138 22463 11.8
26 04 200 25 0.531 0.118 24821 8.7 0.568 0.124 24052 9.3
27 0.6 200 25 0.463 0.112 25046 7.8 0.501 0.117 24368 8.4
Experimental data for testing precision of the developed models
28 0.3 100 17 0.661 0.165 9121 16.4 0.702 0.171 8932 17.5
29 0.5 100 21 0.591 0.141 19361 12.3 0.634 0.149 18945 13.1
30 0.3 150 24 0.558 0.136 18855 111 0.598 0.141 18246 11.9
31 0.5 200 19 0.513 0.125 23863 9.3 0.556 0.129 23265 10.1
32 0.3 150 23 0.561 0.137 18265 11.1 0.608 0.142 17842 11.9
33 0.5 200 18 0.521 0.128 23543 9.8 0.564 0.133 23054 10.5
34 0.3 150 20 0.571 0.141 16306 11.8 0.618 0.151 15936 12.6
35 05 200 25 0.502 0.113 25119 8.1 0.594 0.118 24452 8.8
36 0.3 150 22 0.562 0.138 17644 11.2 0.606 0.144 17186 11.9
37 0.5 200 16 0.538 0.135 22809 11.6 0.579 0.142 22282 12.3
delivered to the interface, facilitating material

deformation and reducing surface roughness, which in
turn decreases COF. In addition, increasing C
promotes the formation of a thin lubricating film at the
interface, contributing to reduced friction and a
smoother surface finish.

The interactive impacts of cooling parameters on the
WD are depicted in Fig. 9. The relative reductions in
terms of the P, L, and C are 16.2%, 18.3%, and 8.9%,
respectively. A higher P decreases the machining
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temperature due to the smaller oil-mist diameter and LC | 498E+07 | 498E#07 | 5773 | <0001 13.24
its higher velocity. A lower machining temperature Ez éﬂ ;‘ﬁﬂ 4129% <0£x§1 S-Si
suppresses thermal .so_ftenlng and promotes strain 75006 | 75056 | 8al 00009 502
hardening, resulting in improved surface hardness and Res. | 6725406 | 961E+E

reduced WD. A higher L increases the lubricant at the Cor. | 38EHB

interfaces. Plastic deformation is more effectively R? = 0.9824; Adj. R? = 0.9608; Pred. R? = 0.9502

achieved, resulting in a higher surface hardness;
hence, the WD decreases. A higher C reduces the Table 6. ANOVA results for the VX model
resistance due to the generation of a thin film at the

burnishing region. The material is smoothly So. SS MS | FValue | p-value | Cont (%)
. S . Mo. | 9945 | 11.05 | 52.62 | <0.0001
burnished, resulting in a higher surface hardness; P 2041 | 2041 | 97.18 | <0.0001 2052
hence, a lower WD is produced. L | 2356 | 2356 | 11219 | <0.000L | _23.69
C | 2270 | 2270 | 108.12 | <0.0001 | 22.83
Table 3. ANOVA resullts for the COF model PL | 349 349 | 16.62 | 0.0032 351
PC | 043 0.43 2.04 0.7256 043
Mo. | 00388 | 00043 | 46.65 | <0.0001 P” | 703 | 7.03 | 3348 | 00016 | 707
P_ | 0.0076 | 0.0076 | 9450 | <0.0001 | 19.46 B 805 805 | 3831 | 00007 809
L [ 00083 | 00083 | 104.02 | <0.0001 | 21.42 T T 1322 [ 1322 | 6294 | <0000l | 1329
C | 0.0067 | 0.0067 | 83.82 | <0.0001 | 17.26 Res | 1.49 021
PL | 0.0021 | 0.0021 | 26.32 | 0.0028 5.42 Cor | 100,92
PC 100016 | 00016 | 2001 | 0.054 4.12 R =0.9852; Adj. R? = 0.9746; Pred. R” = 0.9612
LC | 0.0027 | 0.0027 | 33.70 | 0.0006 6.94
P2 | 0.0024 | 0.0024 | 30.01 | 0.0004 6.18 — .
2 100042 1 00042 | 5264 | <00001 10.84 The comblned mfluer)ce o_f the cooling parameters on
CZ | 00032 | 00032 | 4060 | <0.0001 8.36 PM10 is presented in Fig. 10. The corresponding
Res. | 0.0006 | 0.0001 increases for P, L, and C are approximately 88.24%,
Cor. | 0.0395 195.45%, and 108.11%, respectively. Increasing P
R? = 0.9836; Adj. R2 = 0.9662; Pred. R2 = 0.9516

reduces the oil-mist droplet size while accelerating its
velocity, which promotes the generation and

Table 4. ANOVA results for the WD model dispersion of particulate matter, thereby elevating
So. 3s NS F Value | p-value | Cont (%) PM10 levels. Lik_ewise,_a higher L !ntroducgs a greater
Mo. | 000347 | 0000385 | 128.34 | <0.0001 amount of lubricant into the air, contributing to

P | 000077 | 0000768 | 255.97 | <0.0001 213 increased PM10. In addition, raising C enhances the
L | 000083 | 0000827 | 27563 | <00001 | 2383 injection of liquid CO; into the burnishing zone. The

C 0.00073 | 0000731 | 243.71 | <0.0001 2107
PL | 000027 | 0000266 | 88.72 | <0.0001 767
PC | 000018 | 0000185 | 61.53 | <0.0001 532

rapid expansion of liquid CO; produces a high-
momentum turbulent jet, which significantly reduces

LC | 000005 | 0000050 | 16.54 0.0003 143 lubricant droplet size through aerodynamic breakup.
P2 | 000019 | 0000194 | 64.54 | <0.0001 558 Simultaneously, the shear forces at the interface
L? | 000019 | 0000185 | 61.77 | <0.0001 534 promote the detachment and suspension of wear
Rii 8-%3 8-%?8 8825 | <00001| 763 debris. These combined effects lead to an increase in
Cor 000353 | airborne particles within the PM10 size range.

R? = 0.9808; Adj. R = 0.9616; Pred. R’ = 0.9512 The interactive impacts of cooling parameters on the

VX are depicted in Fig. 11. The relative reductions in
terms of the P, L, and C are 22.7%, 27.4%, and 21.7%,

Table 5. ANOVA results for the PM10 model . L f
! respectively. A higher P decreases resistance at the

So. SS MS | FValue | p-value | Cont. (%) machining area, leading to a reduction in the VX. A
MPO- 275'5'08 g17E+07 g‘gﬁ :8% TPE higher L increases the amount of oil entering the
W07 | S22 : ' interface region, the material compression is easily
L | 83E+07 | 8BEH7 | %58 | <000 | 2215 ;
C | 726207 | 72607 | 8660 | <0000l | 19.86 performed; hence, the VX decreases. A higher C
PL | 469E+07 | 460E+07 | 5442 | <0002 12.48 produces a thin film at the interfaces, resulting in low
PC | BI1F+06 | 511EH6 | 58 00011 1.36 friction; hence, the VX is reduced.
7
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Fig. 7. Comparisons between the predicted and actual values for LCMB responses
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Table 7. Optimization results produced by the MOGOA and NSGA-II

Optimization parameters Responses
Method P L C COF WD PM10 VX Qi
(MPa) (ml/h) (L/min) (mm) (ug/m®) (m/s?)
Initial values 0.4 200 15 0.572 0.141 22424 12.5
NSGA-1I 0.5 150 18 0.544 0.138 17538 11.6 0.6385
Improvement by NSGA-II (%) -4.9 -2.1 -21.8 -7.2
MOGOA | 06 | 150 | 17 0.538 0.136 17420 11.2 0.7426
Improvement by MOGOA (%) -5.9 -3.5 -22.3 -104
Table 8. Confirmation results at the optimality
Method Optimization parameters Responses
P (MPa) L (ml/h) C (L/min) COF WD (mm) PM10 (ug/md) VX (m/s?)
MOGOA 0.6 150 17 0.538 0.136 17420 11.2
Experiment 0.6 150 17 0.532 0.134 17571 114
Errors (%) 1.1 15 0.9 1.8
0.7 0.7
065 0.65
0.6 0.6
Soss oss
05 0.5
0.45 0.45
0.4 0.4
0.1 0.12 0.14 0.16 0.18 7 9 1 13 15 17 19

WD (mm)

VX (m/s?)
(a) COF versus WD

(b) COF versus VX
Fig. 12. Pareto fronts produced by the MOGOA
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4.3. Optimality

The entropy-based weighting analysis assigned
relative importance values of 0.22, 0.14, 0.36, and
0.28 to the COF, WD, PM10, and VX responses,
respectively. The relationships among the LCMB
responses are illustrated in Fig. 12, while the optimal
solution was selected according to the maximum Q;
value. The obtained optimal cooling conditions
corresponded to the P of 0.6 MPa, the L of 150 ml/h,
and the C of 17 L/min (Table 7). Under these
conditions, the COF, WD, PM10, and VX were
reduced by 5.9%, 3.5%, 22.3%, and 10.4%,
respectively, relative to the predefined target values.
To prove the effectiveness of the MOGOA, the
optimal data produced by the NSGA-II are compared.
As a result, the optimal P, L, and C are 0.5 MPa, 150
ml/h, and 18 L/min, respectively. The COF, WD,
PM10, and VX are decreased by 4.9%, 2.1%, 21.8%,
and 7.2%, respectively, as compared to the user-
defined values. It can be stated that MOGOA provides
superior optimization performance, as compared to
the conventional NSGA-II (Table 7).

The COF of the burnished surface is decreased by
29.3% in comparison with the initial one. The
confirmation data of the LCMB responses are
presented in Table 8. The deviations at the optimality
of the COF, WD, PM10, and VX are 1.1%, 1.5%,
0.9%, and 1.8%, respectively, indicating the strength
of the obtained findings.

5. CONCLUSIONS

An innovative liquid CO.-MQL burnishing process
was successfully developed for improving the
tribological and environmental performance of AlSI
H13 steel. The main findings are summarized as
follows:

1. Increasing the cooling-related parameters (P, L, and
C) effectively reduced the COF, WD, and VX, while
simultaneously increasing PM10 due to enhanced
lubricant atomization and particle dispersion.

2. The developed OSVM models exhibited excellent
predictive capability for all investigated responses,
with R2 values above 0.98 and relative prediction
errors generally below 2.5%.

3. The entropy-MOGOA-WASPAS framework
successfully identified the optimal cooling conditions
of P=0.6 MPa, L =150 ml/h, and C =17 L/min, under
which the COF, WD, PM10, and VX were reduced by
5.9%, 3.5%, 22.3%, and 10.4%, respectively.

4. Compared with dry and conventional MQL
conditions, the LCMB process produced better surface
integrity and subsurface modification, demonstrating
its potential for sustainable and intelligent burnishing
applications.
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