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Abstract

Reinforcement content and sliding duration strongly influence the wear behav-
iour of aluminium (Al)-based hybrid composites, and evaluating these param-
eters experimentally remains time-consuming and resource-challenging. This 
study presents an extensive machine-learning framework to forecast the wear 
depth of Al–graphene nanoplatelet (GnP)–hexagonal boron nitride (hBN) hybrid 
nanocomposites with a data set of 3,016 experimentally obtained measurements, 
with wt% reinforcement and sliding time as inputs. Five supervised regression 
models (Linear Regression, Support Vector Regression, Multi-Layer Perceptron, 
Random Forest and Extreme Gradient Boosting) were trained and evaluated 
with the performance metrics of R2, root mean square error and mean squared 
error. The minimal prediction error with the highest accuracy (R2 ≈ 1.000) was 
obtained with the Random Forest model, exceeding both linear and kernel-based 
approaches capable of describing the non-linear wear responses shown by Al 
hybrid composites. SHAP analysis indicated that sliding time is the dominant 
factor governing wear depth, while reinforcement wt% contributes secondary 
but meaningful effects. The projected machine learning-driven method delivers a 
fast, dependable and characterisation-free method for expecting wear behaviour 
and delivers interpretable insights into parameter influence, offering a valuable 
tool for the design and optimisation of Al hybrid nanocomposites for advanced 
engineering applications.
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Introduction

Modern engineering systems frequently require materials with multifunctional 
qualities, although such property combinations are challenging to achieve using 
monolithic alloys. Using mixed nanostructured reinforcements in MMHnCs 
offers a feasible approach to enhance metal performance, providing increased 
strength combined with improved wear and thermal stability.

AMMHnCs have been getting more and more attention lately because they 
have a strong yet light structure, good stiffness, consistent thermal behaviour, and 
better corrosion and wear resistance (Abushanab et al., 2023; AlMangour et al., 
2019; Chung, 1987; Falin et al., 2017; Firestein et al., 2017). Graphite, carbon 
nanotubes (CNTs), graphene, graphene oxide, carbides, borides and transition-
metal dichalcogenides (TMDs) are among the many nanofillers used to upgrade 
the mechanical and tribological properties of aluminium matrices (Geim & 
Novoselov, 2007; Geng et al., 2009; Ghosh et al., 2023; Ghosh, Shukla, et al., 
2025; Gostariani et al., 2018). Each nanofiller adds its unique value to the com-
posite by combining different types of reinforcement. When these fillers operate 
together, they make the material stronger, tougher and more resistant to heat and 
wear. This method also makes the material less likely to rust and wear out. Due to 
these benefits, hybrid reinforcement is becoming a popular alternative in fields 
with high demand, such as aerospace and automotive engineering.

Aluminium is used extensively, but its poor wear resistance at elevated tem-
peratures and low fracture toughness make it less suitable for components that 
operate under high friction (Li et al., 2023; Sahoo et al., 2026; Surappa, 2003; 
Udoye et al., 2019). Graphene nanoplatelets (GnP) and hexagonal boron nitride 
(hBN), as 2D reinforcements added to aluminium, are a good approach to get 
around these problems (Ghosh et al., 2026; Mohammed et al., 2013). Graphene 
has exceptional fracture strength, stiffness, thermal conductivity and large surface 
area (Das et al., 2026). This material enhances load-transfer efficiency and 
strengthens the surrounding matrix (Chung, 1987; Geim & Novoselov, 2007; 
Geng et al., 2009; Hatui et al., 2014; Yasmin et al., 2006). Likewise, hBN, with its 
layered structure, chemical stability, solid-lubricating behaviour and high stiff-
ness, performs as an efficient wear-reducing reinforcement (Falin et al., 2017; Li 
et al., 2014; Song et al., 2010; Wickramaratne et al., 2018). Even though they have 
a lot of potential, making Al–GnP–hBN hybrid nanocomposites is hard since the 
nanoparticles tend to clump together, the bonds between them are not strong 
enough, and it is hard to spread them out evenly. Research shows that both the 
mechanical response and wear performance are strongly affected by reinforce-
ment weight percentage and the chosen processing technique, such as powder 
metallurgy (PM), spark plasma sintering (SPS) or severe plastic deformation 
(Casati & Vedani, 2014; Ghosh et al., 2023; Ghosh, Alam, et al., 2025; Huang 
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et al., 2019; Pérez-Bustamante et al., 2014; Sardarabadi et al., 2022; Shrivastava 
et al., 2021). Combinations of GnP and hBN have yielded notable synergistic 
improvements, and recent research points to ultrasonic mixing and PM as reliable 
methods for limiting agglomeration and achieving better dispersion (Ghosh, 
Alam, et al., 2025; Kumar et al., 2021; Sahoo et al., 2024, 2025; Şenel & Gürbüz, 
2021).

In parallel with experimental work, machine learning (ML) is now widely used 
to study tribological behaviour and to predict the wear performance of alumin-
ium-based composites, helping to cut down on large-scale testing efforts. Models 
such as Linear Regression (LR), Support Vector Regression (SVR), Random 
Forest (RF), Extreme Gradient Boosting (XGBoost) and Multi-Layer Perceptron 
(MLP) neural networks are commonly employed to forecast wear depth, wear rate 
and friction coefficients from both material composition and testing conditions. 
Current studies indicate that ML models are capable of learning complex non-
linear interactions between composition, reinforcement level, load, speed and 
sliding duration, allowing them to deliver quick and reliable surrogate predictions 
for tribology data (Marian & Tremmel, 2021; Moosavi et al., 2020). Tree-based 
ensemble methods such as RF and XGBoost generally deliver better performance 
than linear or kernel-based models on aluminium composites and hybrid systems 
as per the literature. Their advantage comes from their ability to learn non-linear 
patterns, work well with mixed feature types and maintain robustness against 
overfitting (Hamrol et al., 2024; Mishra, 2025). While neural networks can pro-
duce highly accurate results, they usually depend on sizeable data sets and metic-
ulous tuning. Alongside prediction, methods like SHAP improve interpretability 
by revealing how material composition and test conditions shape wear behaviour, 
thereby linking model predictions to the corresponding tribological mechanisms. 
SHAP is increasingly useful in materials science to recognise key features 
governing mechanical and wear properties and to support data-driven optimisa-
tion of composite formulations (Zhong et al., 2022). Taken together, these results 
support the choice of RF, XGBoost and SHAP in this study, since they deliver 
high predictive accuracy while also offering insight into the underlying mecha-
nisms. By combining ML with experimental evidence, a more complete under-
standing and optimisation of aluminium–GnP–hBN hybrid nanocomposites can 
be achieved for advanced engineering uses.

To summarise, while many studies have focused on GnP- or hBN-reinforced 
aluminium composites separately, much less is known about how these reinforce-
ments behave together, the best hybrid proportions, the associated dispersion issues 
and their combined tribological response. To bridge this gap, the current study 
develops aluminium hybrid nanocomposites containing an equal-ratio GnP–hBN 
nanofiller system (G50B50), produced through a carefully controlled ultrasonic-
assisted PM process that improves dispersion and reduces agglomeration. Because 
wear behaviour in aluminium hybrid composites is highly complex and only a few 
studies have explored data-driven approaches, there is still a noticeable gap in 
applying ML to reliably predict wear and to analyse the role of different parameters. 
To address this, the present work develops a comprehensive ML-based framework 
using an experimentally obtained wear data set of aluminium hybrid composites 
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with varying wt% reinforcement and sliding time as inputs. Five supervised learn-
ing algorithms (LR, SVR, MLP, RF and XGBoost) are systematically evaluated to 
identify the most reliable predictive model. Furthermore, explainable AI analysis 
using SHAP is employed to quantify the contribution of each input parameter and 
reveal underlying non-linear wear mechanisms. This study is among the first to 
apply a complete ML-interpretability pipeline to aluminium hybrid composite tri-
bology, offering a fast, scalable and characterisation-free approach to understanding 
and predicting wear behaviour for engineering applications.

Materials and Methods

Experimental Method

In this work, graphite nanoplatelets were obtained by thermally exfoliating a graph-
ite intercalation compound prepared from natural flake graphite. The starting graph-
ite, sourced commercially from Loba Chemie (India), had a mesh size of 60 and a 
stated purity of 98%. To form the intercalated precursor, the natural flake graphite 
was treated with a mixture of concentrated sulphuric acid and hydrogen peroxide. 
Specifically, 6 g of the graphite powder was combined with 16 mL of 98% H2SO4 
and 1.5 mL of 30% H2O2, both supplied by Merck India, to facilitate the intercala-
tion step before thermal expansion. After the reactants were combined, the suspen-
sion was kept under magnetic stirring at room temperature for about four hours, 
during which it gradually transformed into a light, foam-like mass. This intermedi-
ate material was washed five to seven times with distilled water until the filtrate 
reached neutral pH. After washing, the solid was oven-dried overnight at 80 °C. The 
dried intercalated graphite was quickly thermally treated in a muffle furnace at 
1,000 °C for 30 s. Sudden heating released acidic species and formed thermally 
exfoliated graphite nanoplatelets. The complete experimental procedure and com-
position of the composites are presented in Table 1.

After thermal expansion, the graphite was ultrasonicated for 20 h to separate 
GnP layers. The same length of high-energy milling was used to exfoliate hBN 
from Oxford Lab Fine Chem LLP (India) with an average particle size of 5 µm. 
The binary hybrid system was prepared by dispersing GnP and hBN in acetone 
and ultrasonicating for 2 h. This hybrid dispersion was then combined with alu-
minium powder in acetone at a 1:50 ratio (1 g of powder in 50 mL of acetone) and 
ultrasonicated for two more hours to achieve uniform distribution. Ultrasonication 
was performed with a 1,000-W high-power oscillator (Sonapros PR 1000 MP, 
Oscar Ultrasonics Pvt. Ltd) at 2–3 kHz and a 12-mm horn. Acetone ((CH3)2CO) 
was used as a cooling fluid and dispersant to inhibit reactions and ensure nano-
filler distribution. After being dispersed, the Al–GnP–hBN powder mix was then 
pressed together using a uniaxial press at 550 MPa for about 5 min. This formed 
green pellets that were about 10 mm in diameter and 3.5 mm thick. After that, 
these compacts were sintered in a tubular furnace (Bysakh & Co., India) for 2 h at 
550 °C in an argon environment. The tubular furnace used in this investigation 
may become as hot as 1,700 °C. A Ducom TR 208 M1 ball-on-plate dry-sliding 
wear system was used to measure the wear behaviour of the sintered specimens, 
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Table 1. Details of the Composition of Various Aluminium (Al)-based Binary 
Nanocomposites.

Composition Pure Al (wt%) GnP (wt%) hBN (wt%) Abbreviation

Pure Al 100 0 0 Al

Al-1wt%GnP50hBN50 99 0.5 0.5 Al-1wt%G50B50

Al-2wt%GnP50hBN50 98 1 1 Al-2wt%G50B50

Al-3wt%GnP50hBN50 97 1.5 1.5 Al-3wt%G50B50

Al-5wt%GnP50hBN50 95 2.5 2.5 Al-5wt%G50B50

Note: GnP: Graphene nanoplatelet; hBN: Milling of hexagonal boron nitride.

such as wear depth, material loss and wear rate. A hardened SAE 52100 steel ball 
with a diameter of 2 mm was used as the counterbody during testing. The tests 
were done with a standard load of 15 N, the ball spinning at 20 rpm for 10 min, 
and the temperature and humidity in the lab were about 298 K and 40%–60%. The 
dry-sliding experiments were done with only one set of operating settings because 
the main goal was to see how the generated nanocomposites wear down on their 
own. The examples were made using PM; thus, a test load of 15 N was chosen to 
make sure that the wear track did not get too bent or break. The same reason kept 
the speed of rotation at 20 rpm. The schematics of the experimental process have 
been shown in Figure 1. Initial observations showed that the penetration depth 
stayed the same after the first 10 min of sliding. Because of this, each test could 
only last 10 min.

Figure 1. Schematics for (a) Synthesis of Graphene Nanoplatelet (GnP), (b) Milling of 
Hexagonal Boron Nitride (hBN), (c) Conventional Sintering Process and Preparation 
of Sintered Pellet, and (d) the As-obtained Green Samples With Their Respective 
Dimensions.
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Machine Learning Methods

ML approaches help find connections in tribological data that were not known 
before. This makes it easier to manage and improve the tribological properties of 
new materials (Hasan et al., 2021). Regression analysis within supervised ML 
systems proves particularly effective for predicting tribological behaviours. ML 
algorithms were specifically designed to anticipate the wear depth of aluminium 
and its composite. Efficient data collection is essential for constructing a strong, 
data-driven ML algorithm. ML models generally perform better when trained on 
substantial and well-matched data sets. Yet, generating adequate data from tribo-
logical tests demands considerable effort, time and experimental resources. Our 
data set has 2,412 data points for training and 604 data points for testing out of 
3,016 sample data points. This makes it easier to figure out how deep the wear is. 
The ML algorithms took in two things: the weight percentage of reinforcement 
and the time in seconds. The variable that predicts is called wear depth.

Machine-learning Models

ML models are computer programs that learn from data and use it to make predic-
tions about new data sets based on the input–output relationships they saw in 
training cases. We created models using five different ML algorithms: LR, RF, 
SVR, MLP and extreme gradient boosting (XGBoost). We used Python and its 
built-in ‘scikit-learn’ package to do the ML study. Below are full explanations of 
several algorithms. Linear regression is a simple and popular way to learn under 
supervision that shows how input features and a continuous output are related. 
This study creates a baseline by positing a linear correlation between wear depth, 
weight percentage and time. Although it provides easily interpretable coefficients 
showing how each parameter influences wear, its predictive performance is lim-
ited when the underlying wear behaviour is non-linear. Therefore, more advanced 
ML models are required to capture the complex interactions governing the wear 
process. People often utilise RF for classification jobs, but it is also quite good at 
solving regression problems. This approach uses a method called ‘ensemble’, 
which includes random decision trees. Each decision tree is trained using a sam-
ple from the training set of data. The parameter ‘n_estimators’ tells the RF model 
how many trees were made during training. This amount is what makes the model 
complex (Breiman, 2001).

The SVR extends the support vector machine framework (Zhong et al., 2022)
to handle regression problems (Awad & Khanna, 2015). To ensure that predic-
tions stay within predetermined bounds, SVR creates higher-order hyperplanes to 
capture strong correlations between the inputs and the intended outputs. By 
employing kernel functions to produce these hyperplanes, the overall generalisa-
tion error is decreased. Both the regularisation parameter and γ during hyperplane 
formation have a significant impact on SVR accuracy. Tribology research shows 
that SVR can achieve excellent accuracy even with little data sets and is espe-
cially effective with high-dimensional inputs (Hasan et al., 2022). A feedforward 
neural network with an input layer, one or more hidden layers and an output layer 
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is called an MLP. Training is typically carried out using backpropagation, which 
calculates how the loss changes with respect to each weight and adjusts those 
weights through gradient descent.

XGBoost is a powerful ensemble method that extends gradient-boosted deci-
sion trees, offering strong predictive performance and efficient training. XGBoost 
grows trees one after another, with each tree focusing on the mistakes of the previ-
ous ones. This kind of learning works well for modelling the non-linear interac-
tions that can be seen in wear data sets. XGBoost works well with structured data 
and has regularisation techniques that keep it from overfitting. It often makes 
better forecasts of wear depth based on wt% and time than many standard meth-
ods since it can generalise so well.

In this study, model performance was evaluated using three metrics: the coef-
ficient of determination (R2), root mean square error (RMSE) and mean squared 
error (MSE). R2 measures how effectively the regression model accounts for the 
variability in the target values.

Data Preprocessing

At first, go through the data set to locate and fix any numbers that are missing or 
do not make sense. The data set is shuffled to keep hidden biases or unwanted 
patterns from coming into the ML models before training. Then, Python Colab is 
used to split the whole data set into training and test sets. The training set is used 
to build and fine-tune the ML models. Then, their ability to make predictions is 
tested on the test set, which is made up of data that is not seen before. Here, use a 
typical 80:20 split to divide the data set. Eighty per cent of the data are used for 
training and 20% for testing. A total of 2,412 samples are used to train the ML 
models and 604 samples are used to test them. In total, 3,016 data points are used 
to forecast wear depth.

Model Validation

To evaluate the robustness and generalisation capability of the developed ML 
models, k-fold cross-validation was additionally performed. The complete data 
set was randomly divided into five equal subsets (k = 5). During each iteration, 
four subsets were used for training and the remaining subset was used for valida-
tion. This procedure was repeated five times so that each subset served once as the 
validation set. The average values and standard deviations of R2, RMSE and MSE 
were calculated across all folds. Cross-validation minimises the dependence of 
model performance on a single train-test split and provides a more reliable assess-
ment of predictive stability and generalisation.

Results and Discussion

Figure 2 shows a radar plot that compares the ML models that were tested for 
wear-depth prediction. It shows how work on R2, inverse RMSE and inverse mean 
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absolute error (MAE). In the radar diagram, RF covers most of the area, which 
indicates better predictions and also has less errors than XGBoost, MLP, SVR and 
LR. It indicates that tree-based ensemble models are superior and how the non-
linear interactions between wt% and sliding time affect wear behaviour. The small 
regions for SVR and LR show that simpler models have trouble capturing the 
system’s non-linear structure. Figure 3 illustrates the correlation matrix that con-
nects the input features (wt% and time) with wear depth. This is our first look at 
how these things function together. The wear depth has a strong positive associa-
tion with time (r = 0.71), which suggests that, as sliding continues, more material 
is lost, which is what tribology says should happen. The modest positive correla-
tion between wt% and wear depth (r = 0.52) indicates that elevated reinforcement 
levels affect wear behaviour, possibly due to variations in hardness or microstruc-
ture. The slight negative correlation between wt% and time also illustrates that 
these inputs do not really depend on each other.

Figure 4 shows direct links between wear depth, wt% and time, verifying the 
matrix correlations. All compositions’ wear depth against time graph rises, con-
firming the significant positive correlation (r = 0.71) and that wear grows progres-
sively while sliding continues. The wear depth against wt% graph is more scattered 

Figure 2. Radar Plot Comparing the Performance of All Machine-learning Models Using 
R2, Inverse Root Mean Square Error (RMSE) and Inverse Mean Absolute Error (MAE).
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but still shows a modest rising trend, matching the moderate correlation (r = 0.52) 
and demonstrating that reinforcement percentage affects wear, though not as sub-
stantially as time. The figures support the correlation matrix results, suggesting 
that time affects wear more than wt%.

Figure 3. Correlation Matrix Showing the Relationship Between wt%, Time and Wear Depth.

Figure 4. Scatter Plots Showing the Relationship of Wear Depth With wt% (Left) and 
Time (Right).
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Figure 5 shows how wear depth is spread out under all test settings. Instead of 
a smooth peak, it has a multimodal structure. These distinct clusters match up 
with different wt% and sliding time combinations, which means that wear behav-
iour fluctuates a lot depending on the experimental setup. The range of wear depth 
from negative to big positive values shows that the data set has both mild and 
severe wear regimes. This kind of diversity shows how the system behaves in a 
non-linear way and shows how important it is to use advanced ML models that 
can learn complicated patterns instead of just relying on simple linear relation-
ships. Figure 6 shows the pair plot, which summarises the distributions and pair-
wise relationships between wt%, time and wear depth, giving a clear overview of 
how the data set is structured. The diagonal plots demonstrate multimodal behav-
iour in wt% and wear depth, suggesting separate experimental groups and differ-
ent wear regimes. The rising trends in both the time–wear and wt%–wear scatter 
plots confirm that longer sliding times and higher reinforcement levels lead to 
more material loss, which is consistent with the earlier correlation results. The 
plot shows that the data set is non-linear and clustered, which shows that we 
require ML models that can understand these complicated interactions.

Figure 7 compares the projected wear depth results for each ML model to the 
actual wear depth results. This makes it easy to see how accurate their regression 

Figure 5. Histogram Showing the Distribution of Wear Depth Across All Experimental 
Conditions.
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is. Both LR and SVR are not very close to the ideal 45° line, which shows how 
hard it is for them to represent the non-linear relationships between wt%, time, 
and wear depth. The MLP, on the other hand, shows better alignment, while 
the RF and XGBoost models are almost perfectly aligned with the reference 
line (R2 = 1.000), which shows that they are more accurate at making predictions. 
The almost perfect performance of tree-based ensemble models shows how well 
they can predict the complicated, non-linear wear behaviour in the data set, which 
is better than both linear and kernel-based methods. Figure 8 shows the residual 
distributions of the five ML models. This shows how well they can reduce predic-
tion errors across the wear-depth range. LR, SVR and MLP all exhibit clear 
patterns and curves in their predictions. The residual dispersion also gets bigger 
as the wear-depth values increase. This behaviour shows that the model is not fit-
ting well and shows that it cannot accurately predict the non-linear relationships 
between wt%, time and wear depth. On the other hand, the residuals of RF and 
XGBoost are tightly grouped around the zero-error line with no clear trend. This 
shows that they generalise better and have less systematic bias. Of them, RF has 
the least residual variance and the most even error dispersion, which confirms that 
it is the most accurate and robust model for forecasting wear depth in this 

Figure 6. Pair Plot Illustrating the Marginal Distributions and Pairwise Relationships 
Among wt%, Time and Wear Depth.
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investigation. To further evaluate the robustness and generalisation capability of 
the developed ML models, a five-fold cross-validation procedure was performed 
on the complete data set. The results of R2, RMSE and MSE demonstrated that the 
RF model consistently achieved the highest prediction accuracy with the lowest 
variability among all models. The small standard deviations of the performance 
metrics indicate that the model performance is stable and not strongly dependent 
on a particular train–test partition. Similar behaviour was observed for XGBoost, 
whereas LR and SVR exhibited comparatively larger variations across folds, 
reflecting their limited ability to capture the non-linear wear behaviour of the 

Figure 8. Residual Plots for All Machine-learning Models.

Figure 7. Predicted Versus Actual Wear-depth Plots for All Machine-learning Models.
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Al–GnP–hBN hybrid nanocomposites. The close agreement between the cross-
validation results and the hold-out test-set performance further confirms the 
robustness and generalisability of the proposed ML framework.

The SHAP summary plot for the RF model in Figure 9 shows how each feature 
helps forecast wear depth. Time has the biggest and most consistently positive 
SHAP values, which shows that the length of time spent sliding is the main cause 
of wear. In contrast, wt% has a lesser but still significant effect. For example, 
larger levels of reinforcement (red points) lead to higher wear predictions in some 
cases and lower predictions in others. This is because wt% interacts with the wear 
mechanism in a more complicated and non-linear way. The clear spread and size 
of the SHAP values show that the RF model does a good job of finding the most 
important elements that cause wear. This fits with what we know about tribology: 
longer sliding periods lead to more material loss, and the nature of the reinforce-
ment affects how the material reacts to wear. Furthermore, positive SHAP values 
associated with higher sliding times indicate an increased contribution to wear-
depth prediction, whereas lower sliding times contribute less strongly to material 
removal. This behaviour is physically consistent with dry sliding wear, where 
prolonged contact causes progressive surface degradation and deeper wear tracks. 
The influence of reinforcement wt% is comparatively more complex. The distri-
bution of SHAP values suggests that reinforcement content affects wear through 
competing mechanisms, including enhanced hardness, improved load-transfer 
capability and the lubricating action of GnP and hBN. However, higher reinforce-
ment contents may also promote particle agglomeration and local microstructural 
heterogeneity, which can alter wear behaviour. Consequently, both positive and 
negative SHAP contributions are observed for wt%, reflecting its non-linear inter-
action with the wear process. These observations confirm that sliding time is the 
primary governing parameter, while reinforcement content acts as a secondary 
factor modifying the overall wear response.

Conclusion

The present work applied an ML framework to analyse and predict the wear 
behaviour of aluminium hybrid composites reinforced with GnP and hBN, using 

Figure 9. SHAP Summary Plot for the Random Forest Model Showing the Contribution 
of wt% and Time to Wear-depth Prediction.
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wt% and sliding time as input variables. Based on the observations made, the fol-
lowing conclusions were drawn:

	• The comparative evaluation of five ML models shows that ensemble-based 
methods outperform linear and kernel approaches in modelling the non-
linear wear behaviour of aluminium hybrid composites.

	• RF emerged as the most robust and accurate predictor across all perfor-
mance metrics, demonstrating strong generalisation and minimal error 
dispersion throughout the data set.

	• LR, SVR and MLP exhibited higher residual variability, indicating limited 
capability in capturing complex interactions between reinforcement con-
tent and wear progression.

	• SHAP explainability revealed that sliding time is the dominant factor gov-
erning wear depth, whereas reinforcement wt% plays a secondary but still 
significant role in shaping the overall response.

	• The combined use of predictive modelling, residual analysis, radar com-
parison and SHAP interpretation offers a reliable and transparent workflow 
for tribology-focused ML studies.

	• The findings confirm that ML-driven analysis provides a fast, cost-effec-
tive and scalable route for understanding and optimising wear behaviour in 
aluminium hybrid composites for advanced engineering applications.
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