Journal of Research and Applications in Mechanical Engineering
ISSN: 2229-2152 (Print); 2697-424x (Online)
(2026) Vol. 14, No. 3, Paper No. JRAME 26-14-044

[DOI: 10.14456/ jrame.2026.44]

Research Article

Hybrid ANN-GA Optimization of Burnishing Parameters for
Improving Surface Finish and Hardness in 6061-T6 Aluminum

Alloy

A. Mayai!

A. Khamsupa’®

K. Onbut?

T. Chaiyason®

J. Lamwong®

Y. Pookamnerd>*

! Department of Industrial
Engineering, Rajamangala University
of Technology Isan, Nakhon
Ratchasima, Nakhon Ratchasima,
30000, Thailand

2 Department of Industrial Technology,
Faculty of Industrial Technology,
Nakhon Phanom University, Nakhon
Phanom, Nakhon Phanom, 48000,
Thailand

3 Department of Applied Basic
Subjects, Thatphanom College,
Nakhon Phanom University, That
Phanom, Nakhon Phanom, 48110,
Thailand

Received 6 July 2025
Revised 6 January 2026
Accepted 20 January 2026

Abstract:

Improving surface finish and hardness in 6061-T6 aluminum is crucial for
aerospace and automotive applications. This study presents a hybrid Artificial
Neural Network—Genetic Algorithm (ANN-GA) model to optimize burnishing
parameters—spindle speed, feed rate, and pressure. A full factorial design was
used to analyze their effects on surface roughness and hardness. Experiments
identified optimal conditions: 500 rpm, 0.3 m/min, and 2.0 GPa, achieving 0.372
um roughness and 140.30 HV hardness. The ANN-GA model exhibited high
predictive accuracy (R> = 0.9513, RMSE = 0.22), and proposed an alternative
optimum at 799.02 rpm, 0.31 m/min, and 1.48 GPa. The findings confirm the
effectiveness of the ANN-GA in capturing nonlinear interactions and reducing
experimental trials. This integrated approach offers a robust tool for optimizing
burnishing processes, particularly for high-performance components requiring
superior surface integrity.

Keywords: Artificial Neural Network, Genetic Algorithm, Hybrid optimization,
Burnishing process, Surface roughness, 6061-T6 aluminum alloy

1. Introduction

In precision manufacturing, surface integrity is a critical performance criterion that directly impacts fatigue strength,
wear resistance, and functional reliability of machined components, particularly in aerospace, biomedical, and
automotive sectors [ 1-3]. Among various post-machining enhancement methods, the burnishing process has emerged
as an efficient, non-material-removal technique capable of significantly improving surface roughness and inducing
beneficial surface hardening through plastic deformation [4—6]. However, achieving optimal surface quality using
burnishing is nontrivial due to the complex, nonlinear interactions among key process parameters-spindle speed, feed
rate, and contact pressure [7,8]. Traditional optimization methods, while effective to an extent, often fall short in fully
capturing these interdependencies and their influence on the final surface characteristics of advanced alloys like 6061-
T6 aluminum, a material widely used for its strength-to-weight ratio and corrosion resistance [9—11]. Previous
research on welding and surface enhancement has increasingly turned to intelligent modeling techniques to better
understand and optimize such multivariable systems. Notably, in welding applications, Artificial Neural Networks
(ANN) and Response Surface Methodology (RSM) have been extensively applied to predict output variables such as
tensile strength and hardness based on input conditions [12]. While RSM offers a statistically sound framework using
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polynomial regression to model parameter relationships, its predictive capabilities are limited when nonlinearities are
due to its learning-based structure and ability to generalize from empirical data. In burnishing and welding contexts
alike, ANN models have successfully predicted outcomes like weld bead geometry and surface roughness [13—15],
particularly when combined with powerful optimization tools such as Genetic Algorithms (GA).

Friction Stir Spot Welding (FSSW), a solid-state joining technique suitable for aluminum alloys, has also benefited
from data-driven optimization frameworks. Unlike conventional fusion welding, FSSW generates joints through
frictional heat and mechanical stirring, offering superior mechanical properties and lower defect rates [16]. However,
welding aluminum 5083, especially in its semi-solid state, poses additional challenges due to complex material flow
and microstructural evolution. Prior studies have investigated how rotational speed, dwell time, and tool geometry
influence weld quality, including tensile shear strength and hardness [17-18]. FSSW has found successful
applications in high-load sectors, yet its process optimization remains sensitive to parameter tuning, prompting the
integration of ANN and RSM for predictive and control purposes [19].

Artificial Neural Networks have been employed across various welding and surface processing domains to capture
intricate, nonlinear relationships among variables. Feedforward architectures with hidden layers and Levenberg—
Marquardt learning algorithms have been particularly successful in accelerating convergence and reducing prediction
errors in welding parameter studies [20]. Furthermore, Genetic Algorithms, inspired by biological evolution, provide
a robust search mechanism for identifying global optima in large and nonlinear solution spaces. GA has been widely
used in conjunction with ANN to refine model weights and optimize multi-parameter systems, often outperforming
traditional methods like Taguchi and RSM when dealing with high-dimensional input spaces [21]. While both ANN
and GA independently offer significant modeling and optimization capabilities, recent studies advocate hybrid ANN-
GA frameworks as a more powerful tool for process prediction and control. In welding applications, ANN-GA models
have been applied to resistance spot welding, friction stir welding, and gas metal arc welding, delivering
improvements in prediction accuracy and optimization efficiency over standalone methods [22]. Despite their success
in joining processes, the use of hybrid ANN-GA models in post-machining surface treatment, especially in
burnishing, remains relatively underexplored. Moreover, integrating ANN-GA with experimental factorial designs
has the potential to not only identify parameter interdependencies but also reduce reliance on trial-and-error strategies,
which are time-consuming and cost-intensive in high-precision environments.

In light of this, the present study focuses on optimizing the burnishing parameters of 6061-T6 aluminum alloy using
a hybrid ANN-GA framework, aiming to improve both surface roughness and hardness simultaneously. In this study,
hardness was experimentally validated and statistically analyzed, while the ANN-GA framework was specifically
applied to surface roughness optimization as a proof-of-concept. Future work will extend the framework toward a
true multi-objective formulation to optimize both roughness and hardness simultaneously. The research problem lies
in the difficulty of tuning spindle speed, feed rate, and pressure to achieve optimal surface conditions, given their
complex and often non-intuitive interactions. Thus, the objectives of this study are: (1) to evaluate the individual and
interaction effects of burnishing parameters through a full factorial experimental design; (2) to develop an accurate
ANN model for predicting surface roughness; and (3) to implement a GA-based search strategy to identify the optimal
parameter combination. The hypothesis is that the ANN-GA model will outperform traditional statistical methods in
both predictive accuracy and optimization robustness, particularly when validated against experimental results. In
addition to statistical validation through ANOVA and RSM, this study incorporates an ANN-GA framework to
capture complex parameter interactions and to explore intermediate conditions beyond the factorial grid, thereby
extending the robustness and practical applicability of the findings.

To achieve these aims, a structured methodology is employed. First, burnishing experiments are conducted on 6061 -
T6 aluminum using a CNC lathe and SKD 11 tool under various combinations of spindle speed, feed rate, and
pressure. The surface roughness and hardness are measured using a JEDTO SRT-6100 roughness tester and a Micro
Vickers hardness machine. The collected data are then statistically analyzed using ANOVA, and the results are used
to train an ANN. GA is subsequently applied to fine-tune the model and search for optimal parameter settings within
defined bounds. The hybrid ANN-GA model’s performance is assessed using metrics such as RMSE, MAE, and R?
[23].

The novelty of this research lies in applying a hybrid Al-driven optimization framework to a non-removal surface

treatment process, burnishing, which has traditionally relied on empirical or semi-statistical tuning. By extending
hybrid ANN-GA methods beyond welding into surface enhancement of semi-solid metals like aluminum 6061-T6,
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the study contributes both a new methodology and new insights into parameter interactivity, modeling accuracy, and
practical optimization. It also provides a robust basis for expanding hybrid intelligent systems into multi-objective
process optimization, particularly in applications demanding high surface integrity. The remainder of this paper is
organized as follows. Section 2 presents the experimental setup and materials. Section 3 details the results, including
statistical analysis, optimization findings, and model validation. Section 4 discusses implications, practical
applications, and the ANN-GA model’s performance. Section 5 concludes the paper with a summary of key
contributions and suggestions for future research directions.

2. Materials and methods
2.1 Experimental Procedure and Materials

Burnishing experiments were conducted using a CNC lathe machine (UL-15 Flat Bed) to ensure high precision and
repeatability of machining conditions. The burnishing tool employed in this study was a roller fabricated from
hardened SKD 11 tool steel, chosen for its exceptional wear resistance and structural stability during high-load contact
applications. The tool geometry consisted of an inner diameter of 18 mm, an outer diameter of 28 mm, and a thickness
of 10 mm, as illustrated in Fig.1(a). The workpieces were cylindrical bars made of 6061-T6 aluminum alloy, a
material widely used in aerospace and automotive engineering due to its high strength-to-weight ratio, corrosion
resistance, and favorable machinability. Each specimen measured 25 mm in diameter and 100 mm in length, as shown
in Fig. 1(b). Before testing, the specimens were prepared to uniform dimensions and surface conditions to ensure
consistent burnishing effects. To comprehensively evaluate the influence of process parameters on surface
characteristics, three levels were defined for each factor: spindle speed (200, 500, and 800 rpm), feed rate (0.1, 0.3,
and 0.5 m/min), and contact pressure (1.0, 1.5, and 2.0 GPa). These values, presented in Table 1, were selected based
on preliminary trials and existing literature, ensuring coverage of both low and high deformation conditions [24,25].
Surface roughness measurements were performed using a JEDTO SRT-6100 surface roughness tester with a
resolution of 0.01 um, while hardness evaluation was carried out using Micro Vickers hardness testing (HV 10) with
an applied load of 500 gf and an accuracy of +£1% [26]. All measurements were taken in a controlled environment at
22 +2°C and 50 £ 5% relative humidity to minimize external influences and ensure data consistency [27].

Table 1: Burnishing process parameters and their corresponding levels used in the factorial design.

Parameter Values
Spindle Speed (rpm) 200, 500, 800
Burnishing Feed Rate (m/min) 0.1,0.3,0.5
Contact Pressure (GPa) 1,1.5,2
Workpiece Material Aluminum 6061-T6
Burnishing Tool Material Hardened SKD 11 Steel
s
Ros_ 10 o
\ r—‘ | ‘ 100 ‘ @25
(a) (b)

Fig. 1. Geometry of the experimental components: (a) Burnishing tool made of hardened SKD 11 steel and
(b) 6061-T6 aluminum alloy workpiece.

2.2 Experimental Design and Parameter Optimization

A General Full Factorial Design was employed to systematically investigate the effects of key burnishing parameters-
spindle speed, feed rate, contact pressure, surface roughness, and hardness. Each experimental condition was repeated
three times to ensure statistical reliability and minimize experimental variability. Minitab V.19 software was used for
both experimental design and statistical analysis. Before performing Analysis of Variance (ANOVA), data normality
was assessed to validate the use of parametric inference methods. This approach ensured that the relationships among
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process parameters and their effects on surface characteristics were accurately captured. The selection of parameter
levels was based on a combination of literature review and preliminary experiments to ensure adequate coverage of
the process window. Specifically, spindle speeds of 200, 500, and 800 rpm were chosen to balance plastic deformation
and thermal effects, which are crucial for achieving high-quality surface finish and hardness [28]. Feed rates of 0.1,
0.3, and 0.5 m/min were selected to span a range of material deformation rates, from minimal to excessive [29].
Contact pressures of 1.0, 1.5, and 2.0 GPa were applied to evaluate the role of compressive stress in enhancing
surface integrity through plastic flow and strain hardening [30]. Measurement precision was a key priority throughout
the experimental campaign. Surface roughness was measured using a JEDTO SRT-6100 tester with a resolution of
0.01 pm, while hardness was evaluated using a Micro Vickers hardness tester (HV 10), which offered a force
application accuracy within +1 % . All tests were performed in a climate-controlled laboratory with ambient
temperature maintained at 22 + 2 °C and relative humidity at 50 + 5% to eliminate environmental variability from
influencing the results [31].

2.3 Hardness and Surface Roughness Testing

To evaluate the mechanical properties of the burnished specimens, hardness and surface roughness measurements
were conducted under controlled laboratory conditions. For hardness testing, each specimen was sectioned to a length
of 20 mm and surface-ground using silicon carbide abrasive papers ranging from grit sizes 300 to 600 to eliminate
contaminants and achieve a uniform surface finish. The Micro Vickers hardness test was performed by applying a 10
kgf indentation load with a dwell time of 10 seconds. The contact pressures (1.0-2.0 GPa) used in this study were
calculated from the applied burnishing force and the Hertzian contact area between the SKDI11 roller and the
aluminum surface, representing nominal stresses applied during the burnishing process. Indentations were made
horizontally along the centerline of the specimen at 1 mm spacing intervals to maintain measurement consistency.
The precision of the hardness tester was maintained within £0.5 HV to reduce instrumental error and improve
reliability [32]. Surface roughness measurements were taken at three axial positions along each specimen-head,
middle, and tail-as shown in Fig. 2. A JEDTO SRT-6100 surface roughness tester, with a resolution of 0.01 um, was
used for all measurements. Each location was measured three times to ensure statistical reliability. The data were
processed using Microsoft Excel, and average values were computed for analysis. All measurements were conducted
at a constant ambient temperature of 22 + 2°C and a relative humidity of 50 + 5% to minimize the influence of
environmental fluctuations on the experimental results [33]. The measurement methods and test parameters are
summarized in Table 2.

Table 2: Parameters used for hardness and surface roughness testing.

Parameter Description

Hardness Testing Method Micro Vickers Hardness Test
Indentation Force (kgf) 10

Dwell Time (s) 10

Surface Roughness Measurement JEDTO SRT-6100 Tester
Roughness Measurement Locations Head, Middle, Tail

Icad Middle Tail
Fig. 2. Specimen Preparation for Hardness and Surface Roughness Measurement.
3. Results and Discussion
3.1Effect of Burnishing Feed Rate on Surface Roughness
The influence of burnishing feed rate on surface roughness was investigated under three spindle speed conditions:

200 rpm, 500 rpm, and 800 rpm, as illustrated in Fig. 3(a), Fig. 3(b), and Fig. 3(c). Each combination was tested at
three contact pressures (1.0, 1.5, and 2.0 GPa), enabling evaluation of the interaction between feed rate and pressure.
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At 200 rpm (Fig. 3(a)), surface roughness exhibited a consistent decline with increasing feed rate across all pressure
levels. The lowest roughness, falling below 1.0 pm, was recorded at 2.0 GPa and 0.5 m/min feed rate. This trend
suggests that at lower spindle speeds, prolonged contact duration promotes uniform plastic deformation, allowing
smoother material flow and more effective asperity reduction. At 500 rpm (Fig. 3(b)), surface roughness demonstrated
a nonlinear response. A minimum roughness was observed at a feed rate of 0.3 m/min, especially under higher
pressures. However, further increasing the feed rate to 0.5 m/min resulted in a notable rise in roughness, particularly
at 1.0 GPa. These findings indicate that moderate feed rates can enhance surface finish under intermediate speeds,
but excessive feed rates reduce tool-workpiece interaction time, leading to incomplete surface modification. At 800
rpm (Fig. 3(c)), surface roughness increased with feed rate under all pressure conditions. The highest roughness was
observed at 1.0 GPa and 0.5 m/min, exceeding 4.0 um. This behavior is attributed to reduced contact time and
increased frictional heat, which limit effective plastic flow and may introduce thermal softening or surface
irregularities.

Analysis of Variance (ANOVA) confirmed the statistical significance of feed rate on surface roughness (P = 0.032).
The model yielded a coefficient of determination of R? = 81.41%, indicating a strong correlation between the process
parameters and the resulting surface quality. In summary, low feed rates are preferable at high spindle speeds to
maintain surface integrity, while moderate feed rates (0.3 m/min) are optimal at intermediate speeds. At low speeds,
surface roughness remains acceptably low even as feed rate increases, provided that sufficient contact pressure is
applied. These insights reinforce the importance of multi-variable optimization to achieve a superior surface finish in
precision burnishing operations

Roughness variation at 200 rpm Roughness variation at S00 rpm
2,500 T 4.000 ¢
; —+— 1GPa 3.500 §| —*—1GPa
ElEa —8—15GPa g 3000 4 —8—15GPa
S 1500 4 2GPa 2 2500 ¢ 2GPa
2 F > 2000 §
g 1000 ¢ g 1500 ¢
B o500 = 1.000 ¢
g Tk 2 0500 ¢
M oo00 E é 0.000 £
Feeds-0.1m/s Feeds-03m/s Feeds-0.5m/'s Feeds-0.1m/s Feeds-03m/s Feeds-0.5m/s
Burnishing sliding speed (m/s) Burnishing sliding speed (m/s)
(a) (b)
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Fig. 3. Variation in Surface Roughness with Burnishing Feed Rate at Different Spindle Speeds:
(a) 200 rpm, (b) 500 rpm and (c) 800 rpm.

3.2 Influence of Burnishing Feed Rate on Hardness
Building upon the analysis of surface roughness in this section explores the corresponding influence of burnishing
feed rate on surface hardness under identical process conditions. The relationship between feed rate and hardness was

examined at spindle speeds of 200 rpm, 500 rpm, and 800 rpm, with each test conducted under three levels of contact
pressure (1.0, 1.5, and 2.0 GPa) and feed rates (0.1, 0.3, and 0.5 m/min). The resulting trends are presented in Fig.
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4(a), Fig. 4(b), and Fig. 4(c). At 200 rpm (Fig. 4(a)), surface hardness increased with feed rate up to 0.3 m/min and
then plateaued or slightly decreased at higher feed rates. The maximum hardness of 137.74 HV was recorded at 1.5
GPa and 0.3 m/min, indicating that moderate feed rates and pressure levels promote effective strain hardening without
excessive heat generation. The longer contact duration at low spindle speeds enhances subsurface plastic deformation,
leading to improved hardness. At 500 rpm (Fig. 4(b)), the combination of a 2.0 GPa pressure and 0.3 m/min feed rate
resulted in the highest recorded hardness of 140.30 HV. This suggests that mid-range spindle speeds, coupled with
high contact pressure, create optimal conditions for compressive plastic deformation and material densification. The
improvement over lower-speed results demonstrates the beneficial interaction between increased dynamic force and
plastic flow behavior. In contrast, at 800 rpm (Fig. 4(c)), a diminishing trend in hardness was observed across all
pressure levels. The maximum hardness achieved was 128.02 HV at 2.0 GPa and 0.3 m/min. The decline is likely
due to the reduced tool-workpiece interaction time and elevated frictional heat at high spindle speeds, which can
soften the material surface and limit strain hardening. The thermal effect appears to counteract the benefits of higher
pressure, resulting in diminished hardening performance.

Analysis of Variance (ANOVA) confirmed the statistical significance of the burnishing feed rate and its interaction
with spindle speed and pressure (P = 0.027). The model yielded a high coefficient of determination (R* = 84.52%),
validating the strong correlation between the process parameters and measured hardness values. In summary, the
results demonstrate that moderate spindle speeds (e.g., 500 rpm) and high burnishing pressures (2.0 GPa) provide the
most favorable conditions for achieving superior surface hardness. Excessively high speeds reduce the effectiveness
of the burnishing process due to reduced deformation time and potential thermal softening. These findings reinforce
the importance of optimizing process parameters holistically to enhance both surface geometry and mechanical
performance.

Hardness variation at 200 rpm Hardness variation at 500 rpm
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Fig. 4. Effect of Burnishing Parameters on Surface Hardness at Different Spindle Speeds:
(a) 200 rpm, (b) 500 rpm, (c) 800 rpm.

3.3 Analysis of Variance for Surface Roughness

A comprehensive Analysis of Variance (ANOVA) was conducted to assess the effects of spindle speed, burnishing
feed rate, and contact pressure, including their interactions, on surface roughness. The model demonstrated strong
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explanatory power, with a coefficient of determination (R? = 81.41%), indicating that the majority of the variation in
surface roughness could be attributed to the selected process parameters. The linear effects revealed that spindle speed
and contact pressure significantly influenced surface roughness, both yielding P-values of 0.000, while the effect of
feed rate was not statistically significant (P = 0.132) within the examined range. This finding suggests that under
controlled conditions, surface roughness is more sensitive to changes in spindle speed and pressure than to feed rate
alone. Nonetheless, the importance of feed rate becomes evident when considering its interaction with other
parameters. The two-way interaction between spindle speed and feed rate was highly significant (P = 0.000),
indicating a synergistic relationship that influences surface finish outcomes. Additionally, the interaction between
spindle speed and contact pressure also demonstrated significance (P = 0.049), suggesting that the combined influence
of these two variables must be considered in optimization strategies. In contrast, the interaction between feed rate and
pressure was not statistically significant (P = 0.552), implying a relatively weaker combined effect on surface quality.

Furthermore, the three-way interaction among spindle speed, feed rate, and pressure was found to be statistically
significant (P = 0.045). This result reinforces the importance of adopting a multivariate approach in process
optimization, as the combined effects of multiple parameters can substantially influence surface integrity. Such
interactions, though sometimes subtle, can alter the material response and are particularly relevant in precision
finishing processes. The statistical significance of the main and interaction effects underscores the need for integrated
parameter tuning in burnishing applications. These results are consistent with previous studies, which have
highlighted the dominant roles of spindle speed and applied pressure, while also acknowledging the context-
dependent influence of feed rate when interacting with other process variables. In modern manufacturing
environments, such multivariate interactions are increasingly addressed through advanced data-driven techniques,
including Response Surface Methodology (RSM) and Artificial Intelligence-based optimization. A detailed summary
of the ANOVA results is provided in Table 3, offering quantitative evidence for the relative contributions of each
factor and their combinations in influencing surface roughness.

Table 3: ANOVA for Surface Roughness.

Source DF Adj SS Adj MS F-Value P-Value
Model 28 58.4124 2.0862 8.23 0.000
Blocks 2 0.0518 0.0259 0.10 0.903
Linear 6 38.2471 6.3745 25.14 0.000
Speeds (rpm) 2 25.3857 12.6928 50.07 0.000
Feeds (m/min) 2 1.0695 0.5347 2.11 0.132
Pressure (GPa) 2 11.7920 5.8960 23.26 0.000
2-Way Interactions 12 15.7021 1.3085 5.16 0.000
Speeds (rpm)*Feeds (m/min) 4 12.3183 3.0796 12.15 0.000
Speeds (rpm)*Pressure (GPa) 4 2.6061 0.6515 2.57 0.049
Feeds (m/min)*Pressure (GPa) 4 0.7777 0.1944 0.77 0.552
3-Way Interactions 8 44114 0.5514 2.18 0.045
Speeds (rpm)*Feeds (m/min)*Pressure (GPa) 8 44114 0.5514 2.18 0.045
Error 52 13.1828 0.2535

Total 80 71.5952

3.4 Optimal Burnishing Parameters

To determine the most effective combination of burnishing parameters for enhancing both surface finish and
mechanical performance, a multi-variable optimization analysis was conducted. The goal was to identify process
conditions that simultaneously minimize surface roughness and maximize surface hardness—two critical indicators
of surface integrity and wear resistance. The optimal parameter combination was found to be a spindle speed of 500
rpm, a feed rate of 0.3 m/min, and a contact pressure of 2.0 GPa. Under these conditions, the lowest surface roughness
(0.372 um) and the highest hardness (140.30 HV) were obtained. It should be noted that although some runs (e.g.,
Ra=0.22 um) exhibited lower roughness individually, they did not correspond to maximum hardness. Therefore, the
condition at 500 rpm, 0.3 m/min, and 2.0 GPa was selected as the practical optimum, since it achieved the best
combined outcome of very low Ra (0.372 pm) and the highest hardness (140.30 HV). These results confirm that
moderate spindle speeds, when paired with high compressive forces, enhance plastic deformation without generating
excessive heat, thereby achieving a favorable balance between material densification and thermal stability. Statistical
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validation was performed using ANOVA, where both spindle speed and contact pressure exhibited statistically
significant influences (P < 0.05) on surface quality. The model also demonstrated high predictive capability, with a
coefficient of determination (R? = 86.74%), indicating that the selected parameters reliably explain the observed
variations in roughness and hardness. Further insights were gained through Response Surface Methodology (RSM),
which revealed nonlinear interactions among the process parameters. While RSM was referenced for statistical
validation, the analysis in this study was primarily focused on factorial-based ANOVA and graphical evaluations.
Nonlinear interactions among burnishing parameters were interpreted through ANOVA outcomes and response
trends illustrated in Figs. 3—5, providing equivalent insight without constructing a separate polynomial RSM model.
This underscores the inadequacy of one-factor-at-a-time approaches and highlights the necessity of simultaneous
multi-factor optimization. The graphical summary in Fig. 5 visually illustrates the optimal parameter combination
and its corresponding effect on minimizing surface roughness. To enhance interpretability and guide practical
implementation, the relative influence of burnishing parameters was qualitatively evaluated based on ANN and
factorial analysis results. Contact pressure was identified as the most dominant factor affecting surface roughness,
followed by feed rate and spindle speed. Based on ANN-GA optimization and experimental validation, the
recommended parameter ranges of 400—600 rpm spindle speed, 0.2—-0.3 m/min feed rate, and 1.5-2.0 GPa pressure
provide a practical balance between surface finish and hardness improvement.

These findings are consistent with prior studies that reported improvements in surface integrity under moderate
spindle speeds and elevated burnishing pressures. However, the present study advances the existing literature by
integrating factorial experimental design with robust statistical and RSM-based optimization, thus improving both
the reliability and industrial applicability of the outcomes. In conclusion, the results reinforce the importance of
precise process parameter tuning in achieving optimal burnishing outcomes. Such optimization contributes not only
to superior surface finish but also to enhanced fatigue strength, load-bearing capacity, and tribological behavior.
These improvements are particularly critical for high-precision industries such as aerospace, automotive, and
biomedical engineering, where surface integrity directly impacts product performance and durability.

Optimal Speeds ( Feeds (m Presure
High 800 05 2
009565 ‘¢, 500 03 2
Low 200 01 1
.
Roughnes
Minimum .
y = 02029
d=095620 @ .
©
o
* - —®

Fig. 5. Optimized Burnishing Parameters for Enhanced Surface Quality and Hardness.

3.5 Artificial Neural Network (ANN) Optimization

An Artificial Neural Network (ANN) was employed to model the relationship between the three primary burnishing
parameters- spindle speed, feed rate, and burnishing force-and the resulting surface roughness. As shown in Fig. 6,
the network is a feedforward architecture composed of an input layer, a hidden layer, and an output layer. Each neuron
in the hidden layer computes a weighted sum of its inputs plus a bias term, then applies an activation function to
capture the nonlinear interaction among variables. Mathematically, the output of each neuron in the hidden layer
can be expressed as

i=l1

’, :f(jﬂ,,x. +ij, 1)

where x; represents the input parameters, [, denotes the weight from the i -th input to the j -th neuron, b, is the

bias term, and f(*) is the activation function. The final network output y , corresponding to the predicted surface

roughness, is then computed by summing the weighted outputs of all hidden neurons plus an output-layer bias,
typically given by
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y=2 8" p, +b", @)
Jj=1

where mmm is the number of neurons in the hidden layer, ﬂj(,"”” denotes the weight connecting the j -th hidden

neuron to the output neuron, and 5 is the output-layer bias. Through an iterative training process, these weights
and biases are adjusted to minimize the prediction error, enabling the ANN to accurately map the input parameters to
the corresponding surface roughness values.

Hidden Layer

Fig. 6. Schematic Representation of the Artificial Neural Network (ANN) Model.

A hybrid optimization approach combining an Artificial Neural Network (ANN) with a Genetic Algorithm (GA) is
implemented to further refine the prediction and optimization of burnishing parameters for surface quality
improvement. In this approach, a feedforward neural network with a single hidden layer of 7 neurons is developed to
model the nonlinear relationship between the input process parameters- spindle speed, feed rate, and burnishing
pressure- and the resulting surface roughness. To ensure robustness in training, the dataset is split into 80% for
training, 10% for validation, and 10% for testing.

The GA is then applied to search for the optimal combination of process parameters, with the specific parameter
bounds and GA settings summarized in Table 4. As shown, the input space is constrained by lower bounds [200, 0.1,
1] and upper bounds [800, 0.5, 2] for spindle speed (rpm), feed rate (m/min), and pressure (GPa), respectively. The
population size is set to 50, with a maximum of 50 generations, a Gaussian mutation function (mutation rate = 0.01),
a crossover fraction of 90%, and a 1% mutation probability. Additionally, the GA displays iterative progress and uses
a plotting function to monitor the best fitness value. The integration of ANN and GA allows the model not only to
predict surface roughness accurately, as demonstrated by performance metrics such as RMSE, MAE, and R?, but also
to effectively optimize the process parameters for an enhanced surface finish.

Table 4: Genetic Algorithm (GA) Optimization Parameters.

Parameter Value

The range of bounds Lower [ 200, 0.1, 1] Upper [800, 0.5, 2]
GA Population Size 50

GA Maximum Generations 50

Mutation Function Gaussian (0.01)

Crossover Fraction 90 %

Mutation probability 1%

Summarizes the experimental results from the burnishing process, providing both the measured surface roughness
values and the corresponding predictions from the ANN model. Each experimental trial is identified by a standard
order and run order, with the input parameters- spindle speed (rpm), feed rate (m/min), and burnishing pressure (GPa)-
specified for each run. The "Output" column presents the actual measured surface roughness in micrometers, while
the "ANN model" column displays the predicted values obtained from the feedforward neural network. The strong
concordance between the measured and predicted values is quantitatively demonstrated by the performance metrics:
a root mean square error (RMSE) of 0.22, a mean absolute error (MAE) of 0.15, and a coefficient of determination
(R?) of 0.9513. These results indicate that the ANN model effectively captures the complex, nonlinear relationships
between the input parameters and surface roughness, thus validating its high predictive accuracy. Overall, the data in
Table 5 confirm the efficacy of the ANN model as a robust tool for process optimization in burnishing applications.
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Table 5: Experimental results.

Std Run Input g)utfput AI;IN :\nodel
Order Order speeds (rpm) Feed (m/min) Pressure (GPa) rougl:llfe::?um) rougl:ll:e::ﬁum)
48 1 800 0.10 2.0 1.97 1.924
42 2 400 0.25 2.0 0.22 0.680
51 3 800 0.25 2.0 2.43 2.348
20 4 800 0.10 1.5 2.38 2.127
28 5 200 0.10 1.0 1.91 1.290
27 6 800 0.50 2.0 2.15 2.246
24 7 800 0.25 2.0 2.43 2.348
2 8 200 0.10 1.5 1.71 1.524
43 9 400 0.50 1.0 2.95 2.996
40 10 400 0.25 1.0 1.32 1.335
29 11 200 0.10 1.5 1.68 1.524
14 12 400 0.25 1.5 0.61 0.862
31 13 200 0.25 1.0 1.31 1.371
13 14 400 0.25 1.0 1.14 1.335
36 15 200 0.50 2.0 0.97 0.403
54 16 800 0.50 2.0 2.16 2.246
39 17 400 0.10 2.0 0.57 0.621
18 18 400 0.50 2.0 1.32 1.196
19 19 800 0.10 1.0 2.55 2.541
10 20 400 0.10 1.0 1.62 1.564
22 21 800 0.25 1.0 4.09 4.101
6 22 200 0.25 2.0 0.98 0.613
53 23 800 0.50 1.5 2.47 2.526
46 24 800 0.10 1.0 2.55 2.541
26 25 800 0.50 1.5 2.47 2.526
25 26 800 0.50 1.0 3.71 3.709
50 27 800 0.25 1.5 3.64 3.588
38 28 400 0.10 1.5 0.9 0.941
9 29 200 0.50 2.0 0.97 0.403
21 30 800 0.10 2.0 1.97 1.924
35 31 200 0.50 1.5 1.09 1.148
3 32 200 0.10 2.0 0.73 0.633
15 33 400 0.25 2.0 0.22 0.680
17 34 400 0.50 1.5 2.92 2.823
12 35 400 0.10 2.0 0.57 0.621
52 36 800 0.50 1.0 3.77 3.709
1 37 200 0.10 1.0 1.93 1.290
33 38 200 0.25 2.0 0.93 0.613
49 39 800 0.25 1.0 4.00 4.101
4 40 200 0.25 1.0 1.30 1.371
16 41 400 0.50 1.0 2.95 2.996
45 42 400 0.50 2.0 133 1.196
34 43 200 0.50 1.0 1.14 1.276
44 44 400 0.50 1.5 3.02 2.823
23 45 800 0.25 1.5 3.65 3.588
11 46 400 0.10 1.5 0.91 0.941
5 47 200 0.25 1.5 1.26 1.264
41 48 400 0.25 1.5 0.58 0.862
8 49 200 0.50 1.5 1.10 1.148
37 50 400 0.10 1.0 1.60 1.564
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Input Output ANN model

Std Run

Order Order speeds (rpm) Feed (m/min) Pressure (GPa) rougsl:llfcf::ium) rougs‘l:ll::::ium)

32 51 200 0.25 1.5 1.30 1264

30 52 200 0.10 2.0 0.71 0.633

47 53 800 0.10 1.5 2.36 2.127
7 54 200 0.50 1.0 1.08 1.276
RMSE 0.2200
MAE 0.1500
R2 0.9513

The performance of the Artificial Neural Network (ANN) model in predicting surface roughness was evaluated using
regression plots, as shown in Fig. 7, which illustrates the results for the training, validation, testing, and overall
datasets. In each subplot, the horizontal axis represents the experimentally measured surface roughness (target), while
the vertical axis shows the ANN-predicted output. The diagonal line denotes the ideal scenario in which predictions
perfectly match the measured values. The model demonstrated high accuracy, with correlation coefficients (R) of
0.98444 for the training set, 0.95805 for the validation set, 0.65828 for the testing set, and 0.97641 for the combined
dataset. These values confirm the ANN model’s ability to capture the underlying nonlinear relationships between
spindle speed, feed rate, and contact pressure. While the testing set exhibits a relatively lower R-value, it still indicates
reasonable generalization performance, suggesting the model is neither over-fitted nor under-fitted. It should be noted
that the dataset size (~81 points) is relatively modest for ANN training, which contributes to the lower correlation
observed in the test set (R? = 0.658). Nevertheless, the ANN-GA framework demonstrates clear feasibility in
modeling nonlinear parameter interactions in burnishing and is presented as a proof-of-concept study. Future research
will focus on expanding the dataset and applying advanced validation techniques to further enhance robustness and
generalization.
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o | - ~ 1
s O Data o O Data
. . o .
= Fit Py Fit
+ 05 Y=T + 05 Y=T
s %
> o
:a S
©
Ll 0 E oo
3 &
o‘ o
] I (o}
U o5 - 05 ©
5 S
a2 e} s o/f
5 o S 4
° © °© -1
-1 0.5 0 0.5 1 -1 0.5 0 0.5 1
Target Target
Test: R=0.65828 All: R=0.97641
1 1 @
) N 7
3] O Data o O Data
=] Fit = Fit
+ ey =T Y =T
- + 05
o k]
> o
s o
= =S ;
3 £ o J0
© o
i o
" n
- t -0.5 o
3 - 5
o a2 (@)
=
S 5 @
o o o
-0.5 0 0.5 1 -1 0.5 0 0.5 1
Target Target

Fig. 7. Experimental and prediction (ANN) data regression plot.
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In addition to regression performance, the convergence behavior of the Genetic Algorithm (GA) used for optimizing
the ANN model was analyzed, as depicted in Fig. 8. The plot illustrates the fitness evolution over 50 generations,
with the blue curve representing the best fitness in each generation and the orange curve representing the population's
mean fitness. The rapid decline in the best fitness to 1.44279 x 107°, along with the stabilization of the mean fitness
around 6.13319 x 107, indicates that the GA efficiently searched the solution space and identified near-optimal
parameter combinations at an early stage. Moreover, the narrow gap between the best and average fitness in the later
generations confirms a strong convergence of the population toward high-quality solutions. This outcome underscores
the robustness of the ANN-GA hybrid model in predicting surface roughness and highlights its potential for
optimizing complex multi-parameter manufacturing processes such as burnishing.

Best: 1.44279e-09 Mean: 6.13319e-07
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Fig. 8. ANN-GA Optimization Convergence.
3.6 Discussion of Results

The best parameter combination, as summarized in Table 6, consists of a spindle speed of 799.02 rpm, a feed rate of
0.31 m/min, and a burnishing pressure of 1.48 GPa, which together yield a predicted surface roughness of 4.00 pm.
The ANN-GA predicted optimum (799.02 rpm, 0.31 m/min, 1.48 GPa) yielded Ra = 4.00 um, which is higher than
several measured values. This outcome reflects trade-off behavior at high spindle speeds rather than a global Ra
minimum, underscoring the importance of extending the framework toward multi-objective optimization in future
studies. The ANN-GA model in this study focused only on roughness optimization, with hardness considered as an
experimental outcome. Incorporating hardness into a true multi-objective framework, such as Pareto-based
optimization, is identified as an important future direction. This outcome illustrates how effectively the ANN-GA
framework explores the burnishing parameter space to identify near-optimal conditions. Notably, operating close to
the upper limit of spindle speed, combined with a moderate feed rate and an intermediate pressure, aligns with broader
findings from earlier analyses. In particular, the interplay between spindle speed and pressure appears crucial for
achieving a refined surface, while the feed rate helps modulate both contact time and deformation depth.
Consequently, these results underscore the capability of the integrated ANN-GA method to handle the complex,
nonlinear interactions among burnishing parameters and provide a robust data-driven basis for process optimization.
It should be emphasized that RSM was employed for statistical validation of the factorial dataset, whereas ANN-GA
provided predictive flexibility and optimization beyond the tested grid. This dual approach combined the transparency
of RSM with the adaptability of ANN-GA, thereby reinforcing the reliability and novelty of the proposed framework
in burnishing applications.

Table 6: The best outcomes were achieved through the ANN-GA approach.

Speed (RPM) Feed (m/min) Pressure (GPa) Predicted Surface Roughness (um)
799.02 0.31 1.48 4.00

Furthermore, the graphical comparison of the measured surface roughness with the ANN-predicted values, as
illustrated in Fig.9, reinforces these findings. In this figure, the horizontal axis represents the sequence of experimental
trials, and the vertical axis indicates the surface roughness in micrometers. The close alignment between the ANN’s
predictions (red line) and the actual measurements (black circles) for most samples demonstrates that the model
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effectively captures the underlying relationships among spindle speed, feed rate, and burnishing pressure. Although
minor discrepancies are observed at a few points, these deviations are minimal and consistent with the previously
reported performance metrics (RMSE, MAE, and R?), thereby confirming the reliability of the ANN model as a
predictive tool for guiding the selection of burnishing parameters to achieve the desired surface finish.

Comparison of Actual vs. ANN Predicted Output
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—#— ANN Predicted Output
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Fig. 9. Comparison of Actual vs. ANN-Predicted Surface Roughness.
4. Conclusions

This study presents a comprehensive investigation and hybrid optimization approach for enhancing the surface quality
and hardness of 6061-T6 aluminum alloy through the burnishing process. A General Full Factorial Experimental
Design was employed to examine the effects of spindle speed, feed rate, and contact pressure on surface roughness
and hardness. Experimental results revealed that spindle speed and burnishing pressure significantly influence surface
finish and mechanical properties, while feed rate plays a secondary yet interactive role, particularly in combination
with other parameters. The optimal condition identified through experimental analysis-500 rpm, 0.3 m/min, and 2.0
GPa-yielded the best practical results, with a minimum surface roughness of 0.372 pm and a maximum surface
hardness of 140.30 HV. Furthermore, the developed Artificial Neural Network—Genetic Algorithm (ANN-GA)
framework successfully modeled the nonlinear interactions among parameters and predicted surface roughness with
high accuracy (R>=0.9513, RMSE = 0.22, MAE = 0.15).

The ANN-GA also proposed a theoretical optimum at 799.02 rpm, 0.31 m/min, and 1.48 GPa, predicting a surface
roughness of 4.00 pum, thus illustrating the model's capability in exploring broader parametric conditions. The results
confirmed that moderate spindle speeds and high pressures are critical to achieving superior surface integrity, while
feed rate governs contact time and deformation characteristics. The integration of statistical analysis (ANOVA),
RSM, and Al-based optimization provides a robust, data-driven pathway to eliminate trial-and-error approaches in
industrial settings.

This research offers valuable insights for precision manufacturing, particularly in high-performance applications in
aerospace, automotive, and biomedical sectors. Future work may focus on extending the optimization framework to
include multi-objective optimization, multi-pass burnishing, real-time parameter control, and adaptive learning
models to further refine the process and broaden its applicability across diverse materials and geometries.

Nomenclature

P, output of the j-th neuron in the hidden layer

% The final network output

X, input parameters

B; weight from the i -th input to the j -th neuron
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bias term

f0) activation function

h% The final network output

ﬁ;"“') weight connecting the ; -th hidden neuron to the output neuron
b output-layer bias

Acknowledgements

This research would like to thank the support of the Department of Industrial Engineering, Rajamangala University
of Technology Isan, Nakhon Ratchasima, the Department of Industrial Technology, Faculty of Industrial Technology,
Nakhon Phanom University, and the Department of Applied Basic Subjects, Thatphanom College, Nakhon Phanom
University, Nakhon Phanom, Thailand

References

(1]
(2]
(3]

(4]

[3]

(6]

El-Axir MH. An investigation into the ball burnishing of aluminium alloy 6061-T6. Proceedings of the
Institution of Mechanical Engineers, Part B: Journal of Engineering Manufacture. 2007;221(12):1733-1742.
Chomienne V, Valiorgue F, Rech J, Verdu C. Influence of ball burnishing on residual stress profile of a 15-
SPH stainless steel. CIRP Journal of Manufacturing Science and Technology. 2016;13:90-96.

Cao C, Zhu J, Tanaka T, Shiou FJ, Sawada S, Yoshioka H. Ball burnishing of Mg alloy using a newly
developed burnishing tool with on-machine force control. International Journal of Automation Technology.
2019;13(5):619-630.

Zhou ZY, Zheng QY, Ding C, Peng GJ, Piao ZY. Research on the promotion mechanism of surface burnishing
process by two-dimensional ultrasonic vibration. Journal of Materials Research and Technology.
2021;13:1068-1082.

Pookamnerd Y, Thosa P, Charonerat S, Prasomthong S. Development of mechanical property prediction model
and optimization for dissimilar aluminum alloy joints with the friction stir welding (FSW) process. EUREKA:
Physics and Engineering. 2023;3:112-128.

Randjelovic S, Tadic B, Todorovic PM, Vukelic D, Miloradovic D, Radenkovic M, Tsiafis C. Modelling of
the ball burnishing process with a high-stiffness tool. International Journal of Advanced Manufacturing
Technology. 2015;81(9-12):1509-1518.

Travieso-Rodriguez JA, Gomez-Gras G, Dessein G, Carrillo F, Alexis J, Jorba-Peir6 J, Aubazac N. Effects of
a ball-burnishing process assisted by vibrations in G10380 steel specimens. International Journal of Advanced
Manufacturing Technology. 2015;81(9-12):1757-1765.

Goémez-Gras G, Travieso-Rodriguez JA, Gonzalez-Rojas HA, Napoles-Alberro A, Carrillo FJ, Dessein G.
Study of a ball-burnishing vibration-assisted process. Proceedings of the Institution of Mechanical Engineers,
Part B: Journal of Engineering Manufacture. 2015;229(1):172-177.

Jerez-Mesa R, Landon Y, Travieso-Rodriguez JA, Dessein G, Lluma-Fuentes J, Wagner V. Topological
surface integrity modification of AISI 1038 alloy after vibration-assisted ball burnishing. Surface and Coatings
Technology. 2018;349:364-377.

Teimouri R, Amini S, Bami AB. Evaluation of optimized surface properties and residual stress in ultrasonic
assisted ball burnishing of AA6061-T6. Measurement. 2018;116:129-139.

Teimouri R, Liu Z. An analytical prediction model for residual stress distribution and plastic deformation depth
in ultrasonic-assisted single ball burnishing process. International Journal of Advanced Manufacturing
Technology. 2020;111(1-2):127-147.

Kanovic Z, Vukelic D, Simunovic K, Prica M, Saric T, Tadic B, Simunovic G. The modelling of surface
roughness after the ball burnishing process with a high-stiffness tool by using regression analysis, artificial
neural networks, and support vector regression. Metals. 2022;12(2):320.

Labuda W, Wieczorska A, Charchalis A. The influence of the burnishing process on the change in surface
hardness, selected surface roughness parameters and the material ratio of the welded joint of aluminum tubes.
Materials. 2024;17(1):43.

Cagan SC. Surface quality and environmental impact analysis of ball burnishing on AL8090 aluminum-lithium
alloy. Materials. 2025;18(6):1252.

14/ Volume 14(3), 2026 J. Res. Appl. Mech. Eng.



[17]
[18]
[19]
[20]
[21]
[22]
(23]
[24]
[25]

[26]

[27]

(28]

Pimenov DY, Kiran M, Khanna N, Pintaude G, Vasco MC, Da Silva LRR, Giasin K. Review of improvement
of machinability and surface integrity in machining on aluminum alloys. International Journal of Advanced
Manufacturing Technology. 2023;129(11-12):4743-4759.

Prasomthong S, Kaewchaloon A, Charonerat S. Optimization of friction stir spot welding between aluminium
alloys and titanium alloy by the Taguchi method. SNRU Journal of Science and Technology.
2022;14(3):245169.

Cagan SC, Leksycki K. Analysis of surface roughness after ball burnishing of pure titanium under
environmentally friendly conditions. Applied Sciences. 2025;15(4):1746.

Kovacs ZF, Viharos ZJ, Kodacsy J. Improvements of surface tribological properties by magnetic assisted ball
burnishing. Surface and Coatings Technology. 2022;437:128317.

Dzierwa A, Markopoulos AP. Influence of ball-burnishing process on surface topography parameters and
tribological properties of hardened steel. Machines. 2019;7(1):11.

Hassan AM. The effects of ball- and roller-burnishing on the surface roughness and hardness of some non-
ferrous metals. Journal of Materials Processing Technology. 1997;72(3):385-391.

Hassan AM, Magqableh AM. The effects of initial burnishing parameters on non-ferrous components. Journal
of Materials Processing Technology. 2000;102(1-3):115-121.

Ramesh S, Kudva SA, Anne G, Manne B, Arya S. Optimization of ball-burnishing process parameters on
surface roughness, micro hardness of Mg-Zn-Ca alloy and investigation of corrosion behavior. Materials
Research Express. 2019;6(10):106508.

Swirad S. Changes in areal surface textures due to ball burnishing. Materials. 2023;16(17):5904.

Barahate V, Govande AR, Tiwari G, Sunil BR, Dumpala R. Parameter optimization during single roller
burnishing of AA6061-T6 alloy by design of experiments. Materials Today: Proceedings. 2021;50:1967-1970.
Nestler A, Schubert A. Effect of machining parameters on surface properties in slide diamond burnishing of
aluminium matrix composites. Materials Today: Proceedings. 2015;2:S156-S161.

Maximov JT, Anchev AP, Duncheva GV, Ganev N, Selimov KF. Influence of the process parameters on the
surface roughness, micro-hardness, and residual stresses in slide burnishing of high-strength aluminum alloys.
Journal of the Brazilian Society of Mechanical Sciences and Engineering. 2016;39(8):3067-3078.

YaoH, QiuS,LvY, WeiS, Li A, Long Z, Wu W, Shen X. Indoor particulate matter transfer in CNC machining
workshop and the influence of ventilation strategies—A case study. Sustainability. 2023;15(7):6227.

Wang M, Liu H, Gu S, Wu Y, Wei Z, Wang J, Xie L, Lu Y, Wang J. Effects of rotational speed on
microstructure, exothermic reactions and mechanical properties of Al/Ni energetic structural materials
prepared by hot pressing and friction stir processing. Journal of Materials Research and Technology.
2024;29:2597-2607.

Sachin B, Rao CM, Naik GM, Puneet NP. Influence of slide burnishing process on the surface characteristics
of precipitation hardenable steel. SN Applied Sciences. 2021;3(2):1-9.

Elsheikh AH, Basem A, Saba A, Faqeha H, Alsaati AA, Maghfuri AM, Abd-Elaziem W, ElAshmawy AA, Ma
N. A review on sustainable machining: technological advancements, health and safety considerations, and
related environmental impacts. Results in Engineering. 2024;24:103042.

Luo Q, Kitchen M. Microhardness, indentation size effect and real hardness of plastically deformed austenitic
Hadfield steel. Materials. 2023;16(3):1117.

Xue Z, Lai M, Xu F, Fang F. Influence factors and prediction model of surface roughness in single-point
diamond turning of polycrystalline soft metal. Journal of Materials Processing Technology. 2023;324:118256.
Thorat S, Thakur A. Optimization of burnishing parameters by Taguchi based GRA method of AA 6061
aluminum alloy. Materials Today: Proceedings. 2018;5(2):7394-7403.

J. Res. Appl. Mech. Eng. 2026, Volume 14(3)/15



