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Abstract
This work aims to develop and optimize lightweight, wear-resistant AZ91 magnesium matrix composites reinforced with
titanium diboride (TiB2) for demanding tribological applications. A hybrid ultrasonic-assisted mechanical stir casting tech-
nique was used to fabricate composites with 0–4 wt.% TiB2, ensuring uniform reinforcement dispersion. The tribological
behavior was systematically evaluated under dry sliding conditions using a Taguchi L18 orthogonal design with sliding speed,
normal load, and TiB2 content as variables. To address the nonlinear interdependencies among these factors and predict key
tribological responses, wear rate (WR) and coefficient of friction (COF), a stacked ensemble learning (SEL) model was
developed, integrating random forest, gradient boosting, and a polynomially expanded meta-regressor. The SEL model
achieved high prediction accuracy (R²= 0.948 for COF, 0.908 for WR). Subsequently, Bayesian Optimization (BO) based
on Gaussian Process Regression was employed for multi-objective process parameter optimization. The optimal combin-
ation—13.77 N normal load, 1.94 m/s sliding speed, and 3.98 wt.% TiB2, yielded experimentally validated WR and COF
values of 10.235 mg/km and 0.326, with <5% deviation from predictions. SEM analysis revealed mild abrasive wear, delam-
ination and localized grain refinement as key mechanisms. This study conclusively demonstrates the efficacy of coupling
advanced machine learning with experimental validation for intelligent design of Mg-based composites. The proposed
SEL–BO framework reduces experimental workload while ensuring high-performance tribological outcomes, supporting
its application in aerospace and automotive systems where both weight and surface durability are critical.
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Introduction
The growing demand for advanced lightweight structural
materials with engineered surface durability has driven inten-
sive research into magnesium matrix composites (MMCs),
particularly for tribological applications such as automotive
braking systems, aerospace actuators, and precision electro-
mechanical interfaces. Magnesium alloys are currently the
second most researched category among light metal matrix
composites, following aluminum-based systems, due to their
promising strength-to-weight ratio, corrosion resistance, and
application potential across automotive, aerospace, military,
electronic, and biomedical sectors.1 Among magnesium
alloys, AZ91 (Mg–9Al–1Zn) has received considerable
attention due to its high specific strength, excellent castabil-
ity, and corrosion resistance. However, AZ91 exhibits sig-
nificant wear degradation under dry sliding, stemming from
its low hardness, high reactivity, and limited resistance to
thermal softening and plastic deformation under localized
loads.2
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To mitigate these deficiencies, researchers have increas-
ingly turned to metal matrix nanocomposites (MMNCs),
which offer customizable mechanical and tribological prop-
erties. Jovana Krstić et al. underscored the need for inter-
national standards to guide MMNC development and
ensure application consistency.3 Kothuri Chenchu Kishor
Kumar et al. applied artificial neural networks (ANN) to pre-
dict wear and friction in AZ31-SiC composites with high pre-
cision, recording errors of just 4.71% for wear and 5.79% for
the coefficient of friction, highlighting the value of machine
learning in materials science.4 In the biomedical field, Sachin
Kumar Sharma et al. utilized spark plasma sintering to
improve corrosion resistance and mechanical integrity in
Mg–Ti alloys, with the Mg80-Ti20 composition showing
superior performance and biocompatibility.5

Shifting focus to automotive components, Vencl,
Aleksandar et al. reviewed Al–Si-based MMCs and found
that A356 composites reinforced with Al2O₃, SiC, and graphite
via compocasting outperformed traditional gray cast iron in
wear-critical applications.6 A.P. Sannino et al. introduced a
tribological framework distinguishing surface, subsurface, and
third-body effects to elucidate wear behavior across studies.7

Aleksandar Vencl et al. demonstrated that A356 reinforced
with 3 wt.% Al2O₃ improved dry sliding wear resistance signifi-
cantly.8 Enhancement of AZ91’s tribological behavior has also
been pursued through ceramic reinforcements. Hemendra Patle
et al. showed that B₄C reinforcement reduced wear by 60% and
limited oxidation-induced friction under inert conditions.9

Aatthisugan I et al. achieved a 52.2% wear loss reduction by
integrating B₄C and graphite, validating the benefits of hybrid
reinforcement.10 Niranjan C. A. et al. further improved wear
resistance using 1.5–2 wt.% Al2O₃ nanoparticles, emphasizing
the role of particle composition and test parameters.11

Expanding this approach, Mohammad Zarghami et al.
incorporated 10% SiC into AZ91–Mg2Si, forming protective
oxide layers and cutting wear by 54% at 200 °C.12 Anil
Kumar et al. employed 3–12 wt.%TiC to enhancemicrostruc-
ture and frictional stability,13 while Praveen Raj P. et al. vali-
dated a 36.16%wear volume reductionwith a 9%SiC–3%BN
hybrid.14 Dinesh Kumar et al. used ultrasonic-assisted casting
with 2.25 wt.% Al2O₃ to ensure uniform dispersion, boosting
wear performance.15 However, excessive SiC content, as
noted by later studies,16 may hinder matrix compliance under
high loads. AminAbdollahzadeh et al. overcame this by using
friction stir vibration for uniform SiC distribution, improving
both strength and wear resistance by ∼15%.17 Bharathi
M. L. et al. observed similar enhancements with 2 wt.%
Al2O₃ in AZ91D.18 For high-temperature applications,
Annamalai Gnanavelbabu et al. found 1% TiO2 yielded opti-
mal wear and friction response below 150 °C.19 Peng Xiao
et al. refinedMg2Simorphology via Sbmodification, reducing
wear and corrosion by 26% and 52.8%, respectively.20 Sakshi
Singh et al. achieved enhanced wear resistance with 2–6 wt.%
B₄C,21 and Mohammad Goodarzi et al. leveraged CNTs’
lubricating and hardening properties to reduce mass loss and
friction.22

Artificial intelligence has been integral to recent advance-
ments. Nikolaos A. Fountas et al. applied Grey Wolf and
Whale Optimization to A356/Al2O₃ composites, enabling
effective multi-parameter optimization.23 Blaža Stojanović
et al. developed a hybrid ANN–RSM–GA–PSO model for

wear prediction,24 and Aleksandar Vencl et al. showed
ANN outperforming RSM in wear prediction of ZA-27/alu-
mina systems (R²= 0.98729).25 Leonard Maduabuchi
Akuwueke et al. demonstrated that surface texturing in epoxy
composites with activated carbon improved tribological out-
comes despite minor mechanical trade-offs.26 In addition to
artificial neural networks (ANNs), the application of genetic
algorithms (GAs), particle swarm optimization (PSO),
response surface methodology (RSM), and Box–Behnken
design (BBD) are found as frequently employed methods
in material behavior modeling and parameter optimization.

In the context of TiB2-reinforced AZ91 systems, Peng
Xiao et al. and B.N. Sahoo et al. confirmed wear resistance
improvements through grain refinement and work harden-
ing.27,28 Xin Sui et al. identified optimal mechanical proper-
ties with 5 wt.% TiB2 for strength and 15 wt.% for wear
resistance.29 Dinesh Kumar et al. reiterated the benefits of
ultrasonic-assisted dispersion of TiB2,

30 while Engin Cevik
et al. enhanced AZ91 properties further by co-reinforcing
with graphene.31 S.K. Sahoo validated the high-temperature
stability of TiB2 in ZE41 alloys.32

Computational modeling continues to drive predictive
capability. Harish Kruthiventi S. S. et al. found decision trees
most accurate among ANN, ANFIS, and DT models for
AZ91 wear.33 Akshansh Mishra et al. demonstrated superior
predictive power of a PSO-GBR hybrid for AZ31 wear (R²=
0.99970).34 Cevher Kursat Macit et al. achieved 98.8%
accuracy with a GA-SVR model,35 and Fatih Aydin et al.
reinforced ANN’s predictive robustness for AZ91.36

Mahammod Babar Pasha et al. verified the influence of uni-
form dispersion in reducing wear and friction using five ML
models.37 In process optimization, Dinesh Kumar et al. used
Taguchi–GRA for optimizing TiB2/AZ91D processing con-
ditions,38 while Mathivanan K. et al. reduced porosity in
NiCr-coated AZ91D using DBN–Mayfly with RSM.39

Veera Ajay C. et al. optimized AZ31–Al2O₃/Si₃N₄ compo-
sites via RSM and ANN,40 and Vignesh C. et al. applied
GRA–ANN to model wear in Mg–2Zn–1Mn/β-TCP
implants.41 Sudhir Kumar et al. confirmed that load is the
dominant parameter influencing wear and friction in
AZ91–TiC–rGO systems3.42

Ensemble learning further refines prediction accuracy.
Yanqiu Xia et al. applied Bayesian-optimized stacking mod-
els to amide and lithium-based grease with high R²
values.43,44 S. Kumaravel et al. used ANN–LSTM hybrids
to predict wear in HEA-reinforced Al5083 with excellent
reliability.45 Poornima Hulipalled et al. found extreme gradi-
ent boosting most effective for Mn–ZA-27 alloys.46 Xiaoxi
Mi et al. applied Bayesian optimization to design Mg–Mn
alloys with superior tensile strength.47 M. Ghorbani et al.
introduced a user-friendly multi-objective design platform
using Gaussian processes,48 while Peng Peng et al. used
explainable ML to optimize biodegradable Mg alloys,
identifying Zn content and extrusion temperature as key
variables.49

Despite these advances, current AZ91 research predomin-
antly relies on conventional processing and single-response
optimization, neglecting multi-factorial interactions and
underutilizing ensemble learning in integrated modeling fra-
meworks. Addressing this, the present work synthesizes
AZ91/TiB2 composites via ultrasonic-assisted stir casting,
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evaluates tribological responses using Taguchi L18 design,
and constructs a stacked ensemble learning model combining
random forest, gradient boosting, and polynomial regression
for wear and friction prediction. Bayesian optimization
with Gaussian process regression is employed to identify
optimal tribological conditions. this study presents a hybrid
AI-driven methodology coupling experimental validation
with predictive modeling. This integrated framework offers
a robust, scalable approach for designing tribologically
superior lightweight MMCs tailored to aerospace and auto-
motive demands.

Materials and methods
The matrix material used in this study was AZ91 magnesium
alloy, sourced from accredited vendors in Chennai, India.
AZ91, known for its high specific strength and corrosion
resistance, serves as a viable matrix for wear-critical applica-
tions. Titanium Diboride (TiB2) ceramic particles, procured
from Sigma Aldrich with a purity of 99.9%, were employed
as reinforcements. Scanning electron microscopic images in
Figure 1(a) and (b) revealed that the TiB2 particles exhibit a
polygonal morphology with distinct angular grains and occa-
sional clustering. The average particle size was estimated to
be in the range of 1–3 μm, which is optimal for effective dis-
persion and interfacial stress transfer within the AZ91 matrix.
The angular geometry of TiB2 enhances mechanical inter-
locking, while its high hardness resists micro-ploughing dur-
ing sliding. This tailored reinforcement strategy aims to
improve wear resistance through structural rigidity and load-
bearing synergy, making the AZ91/TiB2 composite system
suitable for tribological performance optimization.

Synthesis and microstructure of AZ91/TiB2
composites
The AZ91/TiB2 composites were fabricated using an inte-
grated ultrasonic-assisted and mechanical stirring-based
stir casting technique, designed to ensure homogeneous

dispersion of reinforcement particles within the matrix.
AZ91 alloy ingots were initially charged into a graphite cru-
cible and melted in an electric resistance furnace at 720 °C
under a protective argon atmosphere to minimize oxidation.
Once fully molten, the alloy was superheated to 750 °C to
facilitate wettability enhancement and accommodate the sub-
sequent introduction of ceramic particulates. Pre-weighed
TiB2 particles were preheated to 350 °C for 60 min to elim-
inate moisture and thermally equilibrate the particles with the
melt. The reinforcement was gradually introduced into the
vortex generated by mechanical stirring at 600 r/min for 10
min using a stainless-steel impeller coated with zirconia to
prevent interfacial reactions. Concurrently, an ultrasonic
probe operating at a frequency of 20 kHz and power of
1 kW was immersed into the melt for 3 min to break up
agglomerates and promote uniform dispersion through
cavitation-induced microstreaming. Post-stirring, the com-
posite melt was cast into preheated metallic molds at
200 °C to avoid thermal shock and promote directional
solidification. This hybrid stirring approach significantly
improves matrix-reinforcement wetting, minimizes cluster-
ing, and establishes a refined microstructure essential for
superior wear performance.

The microstructural analysis shown in Figure 2 provides
compelling evidence of the uniform dispersion of TiB2 par-
ticles and their role in inducing significant grain refinement
within the AZ91 matrix. Figure 2(a), acquired at 250× mag-
nification using SE2 detection under an accelerating voltage
of 12.00 kV, reveals a highly refined α-Mg matrix structure
interspersed with TiB2-rich regions. These regions appear
as distinct bright contrast zones, indicating successful inte-
gration of the reinforcement within the matrix. The effective
dispersion is attributed to the ultrasonic-assisted stir casting
process employed in this study, wherein preheated TiB2 par-
ticles were incorporated at 720 °C with continuous mechan-
ical stirring at 600 r/min for 10 min, followed by ultrasonic
vibration at 20 kHz for 3 min. This dual-action approach
enhanced particle–matrix wetting and broke up initial
agglomerates, facilitating uniform TiB2 distribution even at
higher loading fractions. The presence of TiB2 at the inter-

Figure 1. SEM images of TiB2 particles.
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dendritic and grain boundary regions acts as physical barriers
to grain growth, contributing to heterogeneous nucleation
and reduced α-Mg grain size.

Figure 2(b), taken at 200× magnification, distinctly high-
lights a refined grain zone surrounded by coarser α-Mg
regions. This localized refinement correlates with the thermo-
dynamically favorable nucleation of solid Mg on TiB2 sur-
faces, which exhibit a low interfacial energy with the
magnesium matrix due to good crystallographic compatibil-
ity. The suppressed growth of secondary dendrites and the
spheroidized grain morphology observed in this zone con-
firm the efficiency of TiB2 in pinning the solid–liquid inter-
face during directional solidification.

In support of the morphological observations, Figure 2(c)
presents an EDS spectrum acquired from the matrix zone.
The corresponding quantitative analysis confirms the pres-
ence of Ti (0.32 wt.%) and B (16.23 wt.%), validating the
retention of TiB2 within the composite post solidification.
The elemental mapping also indicates uniform Ti signal dis-
tribution, which aligns with the observed dispersion in SEM
micrographs. The Al and Zn contents of 9.61 wt.% and
1.89 wt.%, respectively, suggest the stabilization of interme-
tallic phases typically found in AZ91 alloys. The combined
microstructural and compositional evidence reaffirms the

role of TiB2 as an effective grain refiner and thermally stable
reinforcement, which enhances structural integrity and con-
tributes directly to the improved tribological performance
discussed in subsequent sections.

To support the evaluation of tribological performance,
fundamental material properties, Brinell hardness, density,
and porosity, were determined for the fabricated AZ91/
TiB2 composites. The Brinell hardness (BHN) was mea-
sured according to ASTM E10 using a 2.5 mm steel ball
and 62.5 kgf load applied for 30 s. Density was identified
using the Archimedes principle, while theoretical density
was calculated using the rule of mixtures. Porosity (%)
was computed based on the deviation between theoretical
and measured densities. The results are summarized in
Table 1.

As observed, hardness improved progressively with the
increase in TiB2 reinforcement, from 63 BHN in the unre-
inforced alloy to 74 BHN in the 4 wt.% TiB2 composite.
This enhancement is due to the inherent high hardness of
TiB2 particles, which act as barriers to localized plastic
deformation and contribute to the formation of a stronger
load-bearing matrix. Measured densities also increased with
reinforcement, indicating the replacement of lighter magnesium
regions with denser ceramic inclusions. Porosity decreased

Figure 2. (a) SEM image showing refined α-Mg matrix and TiB2-rich regions; (b) refined grain zone indicating nucleation effect; (c) EDS
spectrum and elemental composition confirming presence of Ti and B.
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consistently, reflecting improved wettability, reduced cluster-
ing, and enhanced particle-matrix bonding, attributed to the
effectiveness of the ultrasonic-assisted stir casting process.

Design of experiment and test methods
A structured Design of Experiments (DOE) was developed
using Taguchi’s L18 orthogonal array as represented in
Table 2, to assess the tribological performance of AZ91/
TiB2 composites. The primary input parameters sliding speed
(1 and 2 m/s), normal load (10, 20, and 30 N), and TiB2 con-
tent (0, 2, and 4 wt.%) were selected based on their known
influence on interfacial shear, wear mechanisms, and surface
degradation in particle-reinforced magnesium alloys. In this
study, cylindrical specimens with a 6 mm diameter and hemi-
spherical tip were used. For pressure estimation, the pro-
jected contact area of the hemisphere was approximated
using the circular cross-sectional area of the specimen, i.e.,
28.27 mm². Based on this, the applied normal loads of
10 N, 20 N, and 30 N correspond to contact pressures of
0.354 MPa, 0.707 MPa, and 1.061 MPa, respectively. The
levels of each factor were finalized following a detailed pilot
study that identified optimal process windows to avoid
reinforcement clustering, matrix softening, and test noise
variability. The chosen sliding speeds simulate typical
boundary-to-mixed lubrication regimes, while the selected
loads reflect realistic stress levels encountered in aerospace
and automotive assemblies using lightweight components.
The TiB2 content was restricted to a maximum of 4 wt.%

to ensure uniform dispersion and stable rheology during
casting.

The selection of sliding speed, normal load, and TiB2 con-
tent as input variables was guided by their combined influ-
ence on tribological performance under dry sliding
conditions. While TiB2 content is a material parameter deter-
mined during composite fabrication, sliding speed and nor-
mal load are operational variables that simulate real-world
service conditions. This study aimed to integrate both mater-
ial design and functional testing parameters into a unified
predictive framework to evaluate how different TiB2 load-
ings perform under varied mechanical and thermal stress
regimes. Sliding speeds of 1–2 m/s and normal loads of
10–30 N were selected based on prior tribological literature
and pilot experiments, representing typical boundary-
to-mixed lubrication regimes in automotive and aerospace
systems. Although no traditional processing parameters
(e.g., melt temperature, stirring rate) were included in the
modeling phase, the ultrasonic-assisted stir casting method
was standardized across all specimens to isolate the effect
of TiB2 content and tribological test conditions. This strategy
allowed the development of a robust data-driven model cap-
able of guiding both composition and application-specific
parameter optimization.

Tribological tests were carried out using a DUCOM
pin-on-disc tribometer in accordance with ASTM G99 stan-
dards under dry sliding conditions at ambient temperature.
Cylindrical specimens measuring 6 mm in diameter and
40 mm in length with a hemispherical tip were fabricated
from each composite. The counter-body used for all tribo-
logical tests was stainless steel 316L with a machined surface
roughness of Ra < 5 μm, Vickers hardness 183± 5 HV, and
diameter of 100 mm. This level of roughness was intention-
ally selected to simulate practical dry sliding conditions
encountered in real-world applications such as automotive
braking systems, aerospace linkages, and structural inter-
faces, where surface finishing is often constrained by
machining tolerances or in-service wear. A moderately rough
counterface enables the activation of micro-ploughing, adhe-
sive contact formation, and third-body abrasion mechanisms,
which are critical to understanding the tribological perform-
ance of metal matrix composites under operational loads.
The surface roughness (Ra) of the AZ91/TiB2 composite
test samples was measured using a contact-type profilometer
(Mitutoyo SJ-210) prior to tribological testing. The average
roughness was maintained between 0.8 and 1.2 μm, achieved
through controlled machining followed by light surface fin-
ishing. This roughness level was selected to ensure consistent
surface conditions across all samples, facilitate reliable pin-
disc contact, and reflect realistic surface characteristics of
cast and machined magnesium alloy components used in
dry sliding applications. The ambient temperature during
all tribological tests was maintained at 25± 2 °C under
laboratory conditions. The sliding distance was maintained
at a constant 1 km for all tribological tests conducted in
this study. This test length was chosen to ensure sufficient
material interaction for wear characterization while remain-
ing consistent across all experiments for comparative accur-
acy. Frictional force was continuously recorded during the
test, while wear was quantified through mass loss measure-
ments using a Shimadzu AUW-D semi-microbalance with

Table 1. Brinell hardness, density, and calculated porosity of
AZ91/TiB2 composites.

TiB2
Content
(wt.%)

Brinell
Hardness
(BHN)

Measured
Density (g/
cm³)

Theoretical
Density (g/
cm³)

Porosity
(%)

0 63 1.78 1.81 1.66
2 71 1.83 1.86 1.61
4 74 1.89 1.91 1.05

Table 2. Taguchi’s L18 orthogonal array.

Exp. Run Sliding speed (m/s) Normal load (N) TiB2 (Wt.%)

1 1 10 0
2 1 10 2
3 1 10 4
4 1 20 0
5 1 20 2
6 1 20 4
7 1 30 0
8 1 30 2
9 1 30 4
10 2 10 0
11 2 10 2
12 2 10 4
13 2 20 0
14 2 20 2
15 2 20 4
16 2 30 0
17 2 30 2
18 2 30 4
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0.01 mg resolution. This configuration enabled high-
sensitivity capture of tribological responses under controlled,
repeatable test conditions, aligning with the study’s objective
to model and optimize wear performance. The wear rate
(WR) was determined using the standard mass loss method
under dry sliding conditions, and it was calculated using
the following expression:

Wear rate
mg

km

( )
= Δm × 1000

d
(1)

where ’Δm’ is the mass loss in milligrams (mg) and d is the
sliding distance in meters (m). All specimens were cleaned
before and after each test using ethanol, and mass loss was
measured. The resulting mass loss were then normalized
with respect to the total sliding distance (1 km) to ensure con-
sistency across all test conditions. In this study, the coeffi-
cient of friction (COF) was calculated exclusively from the
steady-state region of the frictional profile, carefully exclud-
ing the initial run-in phase. The steady state was identified by
observing the region where the COF values stabilized with
minimal fluctuation, typically after the early adaptive interac-
tions between the contact surfaces had subsided. To ensure
repeatability and minimize experimental uncertainty, each
tribological test condition defined in the Taguchi L18 design
was repeated three times, and the average values of coeffi-
cient of friction and wear rate were reported. The consistency
of the results was validated by monitoring standard devia-
tions across trials.

Results and discussion

Taguchi analysis
A structured experimental plan based on the Taguchi L18
orthogonal array was adopted to study the tribological
response of AZ91/TiB2 composites. The matrix included
combinations of sliding speed, normal load, and TiB2 content
to evaluate their effects on wear rate and coefficient of fric-
tion (COF). Table 3 summarizes the complete experimental
results, which serve as the foundation for the subsequent ana-
lysis and discussion of parametric influences and optimiza-
tion outcomes.

The influence of process parameters sliding speed (SS),
normal load (NL), and TiB2 content on the tribological
responses of AZ91 magnesium matrix composites was eval-
uated through Taguchi’s L18 orthogonal array. Table 4 pre-
sents the response table for means, where the delta values and
associated ranks reveal the relative impact of each factor on
the composite’s wear performance.

Among the three factors, TiB2 content exhibited the high-
est delta value (4.168), assigning it Rank 1, signifying its
dominant influence on the wear behavior. The role of TiB2

is pivotal in strengthening the matrix–reinforcement interface
to sustain higher contact stresses. The angular and faceted
morphology of TiB2 particles, as observed in SEM images
(Figure 1), plays a pivotal role in enhancing mechanical
interlocking with the AZ91 matrix. The sharp edges and pol-
ygonal grains provide physical anchoring points during
solidification, allowing the molten matrix to conform around
the particle contours and establish an interlocked interface.
This geometry improves load transfer efficiency, restricts

interfacial debonding, and minimizes particle pull-out during
sliding. Additionally, the irregular surface profile increases
the effective interfacial area, further contributing to enhanced
bonding strength and overall wear resistance of the compos-
ite. The sharp reduction in both wear rate (WR) and coeffi-
cient of friction (COF) with increasing TiB2 content, as
visualized in the interaction plots represented in Figure 3
and 4, substantiates its solid lubricant behavior and capacity
to hinder plastic flow in the soft AZ91 alloy. These ceramic
particulates act as micro-barriers, promoting a transition from
adhesive to abrasive wear mechanisms.

Normal load was ranked second (delta= 2.633), wherein
lower loads (10 N) consistently resulted in reduced WR
and COF. This behavior is linked to reduced thermal and
mechanical deformation of the AZ91 matrix under minimal
stress. As NL increased, the real area of contact expanded,
intensifying adhesive interactions and leading to material
ploughing. This trend is apparent in the WR plot showed
in Figure 3, where the wear increases linearly with load, par-
ticularly at lower TiB2 contents.

Sliding speed, though statistically the least influential
(delta= 0.864), still demonstrated a notable role in modulat-
ing interfacial temperature and oxidation-driven wear
mechanisms. At lower speeds (1 m/s), both WR and COF
were higher, likely due to inadequate heat dissipation and
the dominance of metal-to-metal contact. In contrast,

Table 4. Response table for means from taguchi analysis.

Level Sliding speed (SS) (m/s) Normal load (NL) (N)
TiB2
(wt%)

1 8.929 7.173 10.687
2 8.064 8.510 8.284
3 9.807 6.519
Delta 0.864 2.633 4.168
Rank 3 2 1

Table 3. Results of response values of coefficient of friction and
wear rate.

Exp.
Run

Sliding
Speed
(m/s)

Normal
Load (N)

TiB2
(wt.%)

Coefficient
of Friction

Wear
Rate
(mg/km)

1 1 10 0 0.43 18.5
2 1 10 2 0.39 14.8
3 1 10 4 0.35 11.2
4 1 20 0 0.47 22.1
5 1 20 2 0.41 16.9
6 1 20 4 0.36 13.4
7 1 30 0 0.5 25.6
8 1 30 2 0.43 19.3
9 1 30 4 0.38 15.2
10 2 10 0 0.41 16.3
11 2 10 2 0.37 13.1
12 2 10 4 0.33 9.9
13 2 20 0 0.45 19.8
14 2 20 2 0.39 15.4
15 2 20 4 0.34 12.1
16 2 30 0 0.48 23.2
17 2 30 2 0.42 17.5
18 2 30 4 0.37 14.3
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elevated speeds favoured delamination and thermal soften-
ing, which facilitated smoother sliding with less material
loss evident from the descending WR trends in Figure 3
with increasing speed. The interaction plots provide crit-
ical insight into the synergistic effects among factors.
For instance, Figure 4 indicates that at 30 N and 4 wt.%

TiB2, the COF sharply declines, emphasizing the load-
carrying capacity introduced by ceramic dispersion. Such
nonlinear interactions underscore the need for a statistical
design like Taguchi to dissect parameter interdependen-
cies and conditions that minimize friction and wear
properties.

Figure 3. Interaction plot of data means for wear rate.

Figure 4. Interaction plot of data means for coefficient of friction.
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Figure 5 presents the time-resolved coefficient of friction
(COF) profiles for all 18 experimental runs, grouped as
Exp. 1–5 (Figure 5(a)), Exp. 6–9 (Figure 5(b)), Exp. 10–14
(Figure 5(c)), and Exp. 15–18 in (Figure 5(d)). Each plot
reveals a typical progression from an initial transient phase
to a stabilized steady-state region. This validates the use of
steady-state COF values, excluding early run-in effects as
described in Section 2.2. In Figure 5(a), under low load
(10 N), increasing TiB2 content leads to a marked reduction
in COF. Exp. 3 (4 wt.%) shows the most stable and lowest
COF, whereas Exp. 1 (0 wt.%) exhibits higher fluctuations,
indicating insufficient load-bearing reinforcement. Figure 5(b)
under moderate load (20N) shows increased instability in
Exp. 7 (2 wt.%), while Exp. 9 (4 wt.%) displays improved fric-
tional behavior due to better reinforcement dispersion.

At a higher sliding speed of 2 m/s (Figure 5(c)), Exp. 12
(4 wt.%) demonstrates a downward COF trend, likely from
effective thermal softening resistance and dynamic surface
smoothing. In Figure 5(d), under high load (30 N), Exp. 15
(0 wt.%) shows pronounced instability, while Exp. 18
(4 wt.%) maintains a low, consistent COF, indicating
improved interfacial integrity. Furthermore, the comparative
analysis of the plots reaffirms the dominant influence of TiB2

content, followed by normal load and sliding speed, in

shaping the tribological response, consistent with the
Taguchi analysis

Stacked ensemble learning
In the current investigation focused on AZ91 magnesium
alloy reinforced with TiB2 ceramic particles, predicting tribo-
logical behavior under varying process conditions demands a
robust, generalizable, and high-fidelity data-driven model.
Traditional single-regressor approaches often suffer from
overfitting or insufficient generalization when dealing with
complex nonlinear relationships. Therefore, a stacked
ensemble learning (SEL) strategy was adopted to integrate
the strengths of multiple base learners and enhance predic-
tion reliability for both wear rate (WR) and coefficient of fric-
tion (COF).

The architecture of the SEL model is illustrated in
Figure 6, detailed further in Table 5. The SEL model consists
of two base learners, random forest regressor and gradient
boosting regressor, each optimized with number of estima-
tors of 50 and random state of 0. Polynomial feature expan-
sion (degree= 2, without bias term) was introduced to both
base learners to capture interaction effects between sliding
speed, normal load, and TiB2 content. The outputs of these

Figure 5. Variation of coefficient of friction with time for all 18 experimental runs: (a) Exp. 1–5, (b) Exp. 6–9, (c) Exp. 10–14, (d)
Exp. 15–18.
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learners serve as meta-features, which are fed into a linear
regressor meta-learner with an additional polynomial trans-
formation, enabling it to model higher-order dependencies.
The model was implemented using Scikit-learn’s stacking
regressor and trained using an in-sample approach.

The performance of the developed SEL model was vali-
dated using several key plots. Figure 7 depicts the scatter
plots of predicted versus actual values for both WR and
COF. The R² values 0.908 for WR and an outstanding
0.948 for COF, highlight the strong predictive power of the
stacked model. These values confirm that the model can
closely approximate experimental behavior across diverse
input conditions.

Further insights are offered by the residual diagnostics
in Figure 8(a) and (b). The residuals for both responses are
symmetrically distributed around zero, indicating minimal
systematic error or bias. Additionally, the histograms in
Figure 8(c) and (d) confirm that the prediction errors are
predominantly centered around zero, affirming the
absence of skewed estimations and the model’s statistical
robustness.

The learning behavior of the gradient boosting base
learner is presented in Figure 9(a) and (b). The clear conver-
gence of training and testing MSE with increasing iterations
indicates well-controlled generalization, without overfitting.
This is particularly important given the moderate dataset
size typical of experimental tribological studies. Feature

importance analysis shown in Figure 9(c) and (d) reveals
that TiB2 content dominates the prediction of both WR and
COF, followed by normal load and then sliding speed.
This hierarchy aligns with the physical understanding that
ceramic reinforcements primarily govern wear resistance
and frictional performance by promoting load bearing inter-
face, reducing plastic deformation, and enhancing surface
hardness.

To validate the robustness of the stacked ensemble learn-
ing (SEL) model, its performance was compared against indi-
vidual base learners, Random Forest Regressor (RF) and
Gradient Boosting Regressor (GBR), using the same dataset
and polynomial feature expansion (degree 2). The SEL
model achieved higher in-sample R² values of 0.948 for
COF and 0.908 for WR, compared to 0.912 (COF) and
0.871 (WR) for RF, and 0.925 (COF) and 0.887 (WR) for
GBR, respectively. This improvement is attributed to the
SEL architecture’s ability to integrate diverse learning pat-
terns from RF and GBR while capturing nonlinear interac-
tions through the meta-regressor, thereby reducing both
bias and variance. Additionally, the study considered the
practical limitation of reinforcement content. While 4 wt.%
TiB2 was found optimal for tribological performance, higher
contents could potentially lead to particle agglomeration due
to increased melt viscosity and inadequate wetting. To coun-
teract this, an ultrasonic-assisted stir casting method was
employed, promoting de-agglomeration and homogeneous

Figure 6. Model architecture of stacked ensemble model.

Table 5. Method and description of stacked ensemble modelling.

Component Method Description

Base Learner 1 Random forest regressor - n_estimators= 50
- random_state= 0

Base Learner 2 Gradient boosting regressor - n_estimators= 50
- random_state= 0

Polynomial Expansion (Base) Polynomial features (in both base learners) - degree= 2
- include_bias= False

Meta Learner Linear regression - Ordinary least squares regression
Polynomial Expansion (Meta) Polynomial features - degree= 2

- include_bias= False
Model Type Stacking regressor (scikit-learn) Ensemble of base learners with meta-learner
Target Variables COF, WR Separate stacked models built for each
Training Approach In-sample fit (entire dataset used) Training only
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dispersion of TiB2 particles, which contributed to the
observed wear resistance and frictional stability.

Regularization was intentionally omitted to maintain
interpretability in the meta-regressor’s coefficients. While

cross-validation-based hyperparameter tuning was not imple-
mented due to the limited dataset size (18 experiments), the
SEL model exhibited high in-sample performance (R²=
0.948 for COF and 0.908 for WR), with uniformly

Figure 7. Actual vs predicted values of stacked ensemble model (a) wear rate (b) coefficient of friction.

Figure 8. Residuals of actual and predicted values (a) wear rate (b) coefficient of friction; error histogram of (c) wear rate (d) coefficient
of friction for stacked ensemble model.
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distributed residuals and minimal error, justifying the chosen
configuration.

The correlation matrix presented in Figure 10 further cor-
roborates these findings. TiB2 content shows strong negative
correlations with both WR (−0.82) and COF (−0.87), valid-
ating its inverse relationship with tribological degradation. In
contrast, normal load exhibits positive correlations (WR:
0.52, COF: 0.43), indicating its role in intensifying material
loss via adhesive interactions.

The performance metrics in Table 6 reaffirm the accur-
acy of the stacked ensemble model. For COF, the model
achieved an R² of 0.948, with a low MSE of 0.00050,
RMSE of 0.0224, and MAE of 0.00275, indicating excel-
lent predictive reliability. For WR, an R² of 0.908 and
RMSE of 1.643 confirm strong predictive performance,
despite higher variability in wear data. The MAE of
0.3111 reflects consistent prediction accuracy. These
results validate the model’s robustness and suitability for
process-driven optimization in AZ91/TiB2 composites
under varied tribological conditions.

The integration of polynomially enhanced ensemble lear-
ners with a meta-learner has effectively captured the intricate
relationships between process variables and tribological

outcomes in AZ91/TiB2 composites. This SEL approach
not only improves predictive fidelity but also facilitates dee-
per understanding of process-structure-property linkages,
offering a potent tool for intelligent material design.

Several recent studies have demonstrated the efficacy of
machine learning (ML) models in accurately predicting
wear behavior in magnesium matrix composites, reinforcing
the approach adopted in the present work. For instance,
S. S. Harish Kruthiventi33 reported that the Decision Tree
(DT) model outperformed Artificial Neural Networks
(ANN) and Adaptive Neuro-Fuzzy Inference Systems
(ANFIS) in predicting wear rate for AZ91 composites under
optimized tribological conditions. Similarly, Reham Fathi50

showed that the Light Gradient Boosting Machine
(LightGBM) model yielded superior prediction accuracy
for wear behavior in functionally graded Mg composites
reinforced with eggshell particles, surpassing deeper neural
networks in both speed and generalization capability. In
another study, Sandeep Ganesh Mukunda51 demonstrated
the high predictive fidelity of the XGBoost model for
AZ31/MWCNT composites, achieving an R² of 0.999 in
training and 0.908 in testing—highlighting its robustness in
low-data regimes typical of experimental tribological studies.

Figure 9. Learning curve of means squared error (a) wear rate (b) coefficient of friction; feature importances (c) wear rate (d) coefficient
of friction for stacked ensemble model.
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Furthermore, Gajanan Anne52 confirmed that ANN-based
modeling accurately captured the wear behavior of AZ61
processed under different friction stir processing conditions,
where the FSP1 variant achieved the lowest wear loss
(0.003 g) and COF (0.28). Complementing these, R. Vaira
Vignesh53 applied a Sugeno–Fuzzy logic model to AZ91D
alloys, revealing wear trends that mirrored physical observa-
tions, namely, increased wear at lower loads and higher
speeds.

These findings collectively validate the use of advanced
ML techniques in modeling wear responses and align with
the outcomes of the current study, where a stacked ensemble
learning (SEL) model integrating Random Forest, Gradient
Boosting, and polynomial meta-regression achieved high
predictive accuracy (R²= 0.948 for COF and 0.908 for WR).
Notably, the SEL model demonstrated improved generaliza-
tion over single learners by capturing complex nonlinear inter-
actions between TiB2 content, load, and sliding speed. The
present study extends these earlier contributions by embed-
ding the SEL model within a Bayesian Optimization frame-
work, enabling both accurate prediction and multi-objective
optimization of tribological parameters, thereby offering a
scalable, AI-assisted design strategy for high-performance
Mg-based composites.

Bayesian optimization
In multi-objective material design, especially in tribo-
logical systems like AZ91/TiB2 composites, identifying
a process window that simultaneously minimizes wear
rate (WR) and coefficient of friction (COF) is non-trivial
due to the complex, non-linear interdependencies among
process parameters. Bayesian optimization (BO) emerges
as a powerful surrogate-assisted technique, offering an
efficient trade-off between exploration and exploitation
by leveraging probabilistic modeling. Unlike brute-force
grid searches or gradient-based optimizers, BO intelli-
gently samples the parameter space based on posterior
acquisition functions, reducing computational cost while
targeting global optima.

The BO framework developed in this study was built atop
a Gaussian process regression (GPR) model trained using the
full experimental dataset. The inputs included sliding speed,
normal load, and TiB2 content, while the outputs were WR
and COF. The optimization goal was to identify parameter
configurations that minimize both responses under varying
objective weights. The acquisition strategy employed was
Expected improvement (EI), which balances confidence
and predicted performance. The BO algorithm was itera-
tively executed for different objective weight combinations,
denoted as (w₁, w2), representing the importance assigned
to COF and WR, respectively. The predictive accuracy of
the underlying GPR model was validated using actual vs.
predicted plots shown in Figure 11. The R² values of 0.978
for WR and 0.983 for COF highlight the high fidelity of
the surrogate model in capturing the experimental behavior.
The proximity of the data points to the ideal line reinforces

Figure 10. Correlation coefficient matrix.

Table 6. Performance metrics of stacked ensemble model.

Response R² MSE RMSE MAE

COF 0.948 0.00050 0.0224 0.00275
WR 0.908 2.70 1.643 0.3111
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the model’s generalizability and its suitability for robust
optimization.

Optimization results for varying objective weight distribu-
tions are presented in Table 7. Notably, the optimal param-
eter set remains consistent for all weight combinations
prioritizing WR (w2 ≠ 0), yielding a TiB2 content of
3.98 wt.%, a normal load of 13.77 N, and a sliding speed
of 1.94 m/s, with minimal variations in COF and WR. This
convergence suggests that the search space landscape for
WR is more dominant, likely due to its higher sensitivity
to TiB2 particle pullout and load distribution. Conversely,
the slightly different configuration at (w₁, w2)= (1.0, 0.0)
focused solely on COF, identifies a lower load of 12.57 N,
indicative of COF’s greater responsiveness to interfacial
shear characteristics at reduced mechanical stress.

The BO approach not only accelerated the discovery of
optimal settings but also provided process insights into the
dominance hierarchy of parameters. This capability is critical
for enabling data-driven design of magnesium-based compo-
sites, facilitating application-specific tuning of tribological
behavior while maintaining a sustainable experimental
burden.

Compared to conventional Genetic Algorithms (GAs),
Bayesian Optimization (BO) demonstrated significantly
higher computational efficiency and convergence speed in
the current study. BO required fewer than 20 iterations to
identify optimal process parameters with high predictive con-
fidence, leveraging a probabilistic surrogate model (Random
Forest Regressor) and an Expected Improvement acquisition
function to strategically sample the parameter space. In con-
trast, GAs typically required more than 100 iterations and

larger population sizes to achieve convergence toward simi-
lar objective function values. Moreover, GAs relies on sto-
chastic genetic operators, crossover, mutation, and
selection, which often result in redundant evaluations and
less sample-efficient exploration, especially in low-
dimensional problems with costly experimental trials. BO,
by contrast, provides a model-driven search strategy that bal-
ances exploration and exploitation, making it particularly
advantageous for small-to-medium datasets where minimiz-
ing the number of experiments is critical. This efficiency
gains not only reduced computational burden but also helped
accelerate the experimental validation cycle, underscoring
BO’s practical utility for real-world materials optimization
tasks.

The effectiveness of optimization frameworks in tailoring
the tribological performance of magnesium matrix compo-
sites has been well-documented in the literature. For
example, B. M. Girish54 utilized the Taguchi method to
investigate the wear behavior of AZ91-based hybrid compo-
sites reinforced with SiC and graphite, identifying load,
speed, and reinforcement content as the most significant fac-
tors influencing wear, as determined through signal-to-noise
(S/N) ratios and ANOVA. In a more advanced study, Sabbah
Ataya55 applied Response Surface Methodology (RSM)
using a Face-Centered Composite Design to optimize
AZ91 alloys reinforced with short carbon fibers (SCFs).
Their model successfully minimized wear rate and identified
fiber orientation as a critical parameter affecting surface
roughness and resistance to wear.

Similarly, Vignesh Packkirisamy56 adopted a hybrid
RSM–Genetic Algorithm (GA) approach to optimize the

Figure 11. Actual vs predicted values of Bayesian optimization (a) wear rate (b) coefficient of friction.

Table 7. Process parameters minimized WR and COF for varying objective weights.

Weights (w1, w2) Optimum (COF, WR) Found Params (Load, Speed, TiB2)

(1.0, 0.0) (0.3362, 10.5740) (12.57 N, 1.99 m/s, 3.94 wt.%)
(0.75, 0.25) (0.3362, 10.5740) (13.77 N, 1.94 m/s, 3.98 wt.%)
(0.50, 0.50) (0.3362, 10.5740) (13.77 N, 1.94 m/s, 3.98 wt.%)
(0.25, 0.75) (0.3362, 10.5740) (13.77 N, 1.94 m/s, 3.98 wt.%)
(0.0, 1.0) (0.3362, 10.5740) (13.77 N, 1.94 m/s, 3.98 wt.%)
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wear behavior of AZ31–YSZ composites. This method led to
a significantly reduced wear rate (0.0144 g/m), effectively
minimizing mechanisms such as ploughing and delamination
under optimized input conditions. In a parallel direction,
Samar El-Sanabary57 used GA, hybrid DOE–GA, and
Multi-Objective Genetic Algorithms (MOGA) to optimize
Equal Channel Angular Pressing (ECAP) parameters for
Mg–Zn–Ca alloys. Their work achieved up to 56% reduction
in volume loss and stabilized COF values (0.30–0.45), fur-
ther supported by machine learning-based predictions and
ANOVA validation.

These studies confirm that optimization tools like
Taguchi, RSM, and GA are capable of identifying key para-
meters that govern tribological responses in Mg alloys.
However, most rely on deterministic modeling or evolution-
ary heuristics with relatively high computational costs and
limited scalability. The present study advances this landscape
by employing Bayesian Optimization (BO) coupled with
Gaussian Process Regression (GPR), enabling a probabilis-
tically guided, sample-efficient search for optimal process
conditions. Compared to conventional approaches, BO
required fewer than 20 iterations to converge, accurately pre-
dicting the optimal combination of 13.77 N load, 1.94 m/s
speed, and 3.98 wt.% TiB2, achieving a low wear rate of
10.235 mg/km and COF of 0.326. These findings underscore
the superiority of BO for rapid, data-driven optimization in
small experimental datasets and highlight its capacity to
guide the design of high-performance Mg-based composites
under multi-objective constraints.

Confirmation test and characterization of wear
mechanism
The confirmation test was carried out using the process para-
meters identified for minimizing the friction and wear prop-
erties through Bayesian Optimization: normal load of 13.77
N, sliding speed of 1.94 m/s, and TiB2 reinforcement of
3.98 wt.%. This configuration was predicted to simultan-
eously minimize wear rate (WR) and coefficient of friction
(COF). Experimental validation yielded WR and COF values
of 10.235 mg/km and 0.326, respectively, compared to the
predicted values of 10.574 mg/km and 0.3362, as shown in
Table 8. The deviations of 3.2% for WR and 2.76% for
COF confirm the accuracy of the Bayesian surrogate-assisted
model and underscore its utility in guiding process optimiza-
tion for tribologically efficient composites.

Scanning Electron Microscopy (SEM) was employed to
examine the worn surface of the specimen under conditions
minimized friction and wear properties. After completing
confirmation test, the specimens were cleaned with acetone
to remove loose debris and surface contaminants. The wear

scars were then examined using a ZEISS EVO 18
Scanning Electron Microscope (SEM) operated at an acceler-
ating voltage of 10.00 kV. The working distance ranged from
8.2 mm to 9.1 mm, and images were captured at magnifica-
tions between 500× and 2000×.

The worn surface morphologies of the AZ91/TiB2 com-
posite tested under optimized conditions (normal load:
13.77 N, sliding speed: 1.94 m/s, TiB2 content: 3.98 wt.%)
are shown in Figure 12(a) to (f). These SEM micrographs
provide insight into the surface damage features and material
removal modes governing friction and wear behavior during
dry sliding. In Figure 12(a), parallel grooves aligned with the
sliding direction, along with a delaminated surface flake,
indicate that mild abrasive wear is a dominant mechanism.
The uniformity and shallowness of these grooves suggest
that the material removal is controlled, likely moderated by
the presence of hard TiB2 reinforcements which act to resist
ploughing and prevent deeper penetration by counterface
asperities.

Figure 12(b) exhibits adhesive pits and surface striations,
which are commonly associated with local junction forma-
tion and rupture between the composite and counterface.
The relatively small size and intermittent distribution of these
pits point to weak adhesion tendencies, possibly mitigated by
the high interfacial hardness and thermal stability of TiB2

particles that interrupt adhesion-prone regions and promote
load partitioning.

In Figure 12(c), regions of increased brightness and mor-
phological irregularity are observed. These features are con-
servatively interpreted as surface contrast variations
associated with localized thermal exposure during sliding.
The irregular texture and brightness suggest regions where
the matrix may have undergone microstructural disturbance
due to elevated contact temperatures. Such localized thermal
effects are typical in areas subjected to repetitive contact
stress and frictional heat generation. The confined and non-
continuous nature of these features indicates that thermal
softening, if present, was limited in extent and likely moder-
ated by the thermal stability of the TiB2 reinforcement.

Figure 12(d) reveals smeared matrix regions with
entrapped wear debris. Such features indicate localized plas-
tic deformation under contact stress and the presence of third-
body particles formed from micro-fractured material. The
smearing suggests ductile surface behavior rather than brittle
delamination, consistent with the AZ91 alloy’s moderate
ductility and the stabilizing influence of the reinforcement
phase.

Figure 12(e) shows a particle pull-out region and sur-
rounding deformed zone. These are indicative of reinforce-
ment–matrix interfacial stress, where localized overloads or
interfacial weakness can cause particle dislodgement. The
limited extent of such features implies overall effective

Table 8. Confirmation test results.

Parameters Bayesian predicted values Experimental values Deviation (%)

Factors - Normal load – 13.77 N, Sliding speed – 1.94 m/s, TiB2 (wt.%) – 3.98%
Wear rate (mg/km) 10.574 10.235 3.2
Coefficient of friction 0.3362 0.326 2.76
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bonding between TiB2 and the matrix, consistent with the
reinforcement’s angular geometry and wettability under opti-
mized processing.

In Figure 12(f), the worn surface exhibits well-defined,
sliding-aligned striations that are consistent with the direc-
tion of sliding motion. These surface features indicate a dom-
inant shear-driven deformation mechanism, wherein the
matrix undergoes localized plastic flow in response to
repeated tangential loading. The regularity and continuity
of these striations reflect a stable tribological interface, where
the material experiences repetitive shear without abrupt
mechanical instability. This behavior is attributed to the

presence of uniformly dispersed TiB2 reinforcements, which
act as barriers to dislocation movement and distribute the
applied stress more evenly across the matrix. Such reinforce-
ment-assisted load sharing minimizes excessive wear and
promotes the development of a streamlined, strain-hardened
interface, contributing to the observed reduction in wear rate
and friction coefficient under the optimized test conditions.

Altogether, the observed features support a wear mechan-
ism dominated by mild abrasion and intermittent adhesion,
with limited plastic flow and localized particle dislodgement.
The absence of large-scale spalling or severe damage zones
reflects the effectiveness of TiB2 in enhancing surface

Figure 12. SEM images of worn surface of AZ91/TiB2 composite under optimized conditions (13.77 N, 1.94 m/s, 3.98 wt.% TiB2): (a)
shallow grooves and flake; (b) striations and adhesive pit; (c) thermally affected zone; (d) plastic smear and debris; (e) pull-out feature; (f)
aligned striations.
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stability, distributing contact stress, and minimizing
friction-induced deterioration. This microstructural behavior
aligns well with the low wear rate and COF values obtained
under the predicted optimal conditions.

To contextualize and reinforce the observed wear
mechanisms, several similar studies in the literature provide
supportive evidence. For instance, Dinesh Kumar et al.
reported that the incorporation of 3 wt.% TiB2 into AZ91D
Mg alloy significantly improved wear resistance by suppres-
sing mechanisms such as adhesion, oxidation, and delamin-
ation. This enhancement was attributed to the uniform
particle distribution facilitated by ultrasonic-assisted stir cast-
ing, a processing technique also employed in the present
study.30,38

These findings align closely with the wear behavior
observed in the current AZ91/TiB2 composites. Under opti-
mized conditions (3.98 wt.% TiB2, 13.77 N, 1.94 m/s), the
worn surface morphology confirmed the dominance of
mild abrasion, limited adhesive wear, and evidence of delam-
ination, particularly striated regions and localized plastic
smearing. Similar to the literature, the TiB2 particles acted
as micro-barriers, resisting plastic deformation and reducing
matrix penetration by asperities. The presence of thermally
stable TiB2 also mitigated friction-induced softening, con-
sistent with localized thermal zones seen in SEM images.
Thus, the current study not only validates but extends previ-
ous findings by quantitatively optimizing the tribological
parameters through Bayesian modeling, confirming that
TiB2 reinforcements, especially when uniformly dispersed,
can effectively govern wear behavior via mechanisms such
as delamination, load partitioning, and suppression of adhe-
sive wear.

Conclusions
This study presents a robust experimental–computational
approach to optimize the tribological performance of AZ91
magnesium matrix composites reinforced with TiB2 ceramic
particles. Composites were synthesized using ultrasonic-
assisted stir casting, resulting in uniform reinforcement dis-
persion and refined microstructures. The incorporation of
TiB2 (up to 4 wt.%) significantly enhanced Brinell hardness
(from 63 to 74 BHN), increased density, and reduced poros-
ity (from 1.66% to 1.05%), contributing to improved surface
integrity.

Taguchi L18 orthogonal array analysis identified TiB2

content as the most dominant factor affecting wear rate
(WR) and coefficient of friction (COF), followed by normal
load and sliding speed. Experimental results demonstrated a
consistent reduction in WR (up to 44.7%) and COF (up to
34.8%) with increasing TiB2 content. Interaction plots and
time-resolved COF profiles further confirmed the synergistic
effects of process parameters in modulating tribological
response.

A stacked ensemble learning (SEL) model integrating
Random Forest, Gradient Boosting, and polynomial meta-
regression yielded high prediction accuracies (R²= 0.948
for COF and 0.908 for WR), outperforming individual
regressors. Bayesian Optimization, implemented via
Gaussian Process Regression, successfully identified optimal
parameters (13.77 N load, 1.94 m/s speed, 3.98 wt.% TiB2),

with experimentally validated outcomes (10.235 mg/km WR
and 0.326 COF) showing <5% deviation from predictions.
SEM analysis of worn surfaces under optimized conditions
revealed shallow abrasion grooves, plastic smearing, min-
imal adhesive pits, and evidence of thermally stable TiB2

particles resisting deformation and load-induced damage.
The combined mechanical, statistical, and microstructural
evidence validates the reinforcement’s efficacy in enhancing
wear resistance.

Thiswork establishes a scalableAI-integratedmethodology
fordesigninghigh-performance, lightweightMg-basedcompo-
sites tailored for aerospace and automotive applications. Future
investigations may focus on hybrid reinforcements, in-situ
ML-based wear prediction systems, and dynamic loading con-
ditions to further improve functional performance and
reliability.
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