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In this work, hemp/bamboo hybrid fabric–epoxy composites reinforced with 0–9 wt% microcrystalline 
cellulose (µCC) is examined for their abrasive wear behavior. Compression molding was used to 
create composites with 0, 3, 6, and 9 wt% µCC. In accordance with ASTM G65 guidelines, wear 
tests were conducted under controlled dry sand abrasion. Using a Taguchi L16 design, the effects of 
applied load (5–20 N), abrading distance (250–1000 m), and µCC content on wear loss were assessed. 
To predict abrasive wear and examine the role of µCC filler, several machine learning models were 
used, including Linear Regression, K-Nearest Neighbors, Artificial Neural Networks, Random Forest, 
Gradient Boosting, and eXtreme Gradient Boosting. By increasing the hardness and load-bearing 
capacity of the composite, µCC mechanistically increases wear resistance and lessens material removal 
during abrasion. According to ANOVA results, wear loss was most affected by abrading distance 
(44.08%), load (34.21%), and µCC content (18.01%). The Random Forest model had the lowest error 
(RMSE = 0.045) and the highest predictive accuracy (R2 = 0.942). Abrading distance is the main factor 
influencing wear resistance, followed by load and µCC content, according to feature importance 
analysis. Accurately forecasting abrasive wear and creating high-performance, sustainable hybrid 
composites can be accomplished by combining machine learning and experimental data.
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Biocomposites are being widely studied due to the growing demand for sustainable materials. These materials 
replace synthetic reinforcements by combining renewable natural fibers with polymer matrices1. Natural fiber-
reinforced polymer composites made using fibers such as hemp, bamboo, jute, and other cellulosic fibers offer 
several advantages, including low density, biodegradability, and reduced environmental impact1,2. Among 
them, hybrid fiber systems consisting of hemp and bamboo have shown great potential3,4. When these fibers are 
modified with fillers such as microcrystalline cellulose (µCC), their tribological and mechanical properties can 
be further improved5,6.

Natural fiber-reinforced composites (NFRCs) have gained significant attention as sustainable alternatives 
to conventional materials. Several reviews have discussed the recent advancements and persistent challenges 
in this field. Mohammadi et al.7 reported that the incorporation of micro- and nano-fillers can considerably 
enhance the strength, durability, and overall performance of NFRCs. However, they also identified challenges 
such as nanofiller scaling, poor interfacial adhesion, and inadequate dispersion that hinder large-scale industrial 
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adoption. Olanrewaju et al.8 emphasized the potential of NFRCs as eco-friendly substitutes for synthetic fiber 
composites. Their review highlighted approaches to improve mechanical and thermal properties by addressing 
issues such as hydrophilicity, weak fiber–matrix bonding, and moisture sensitivity. Similarly, Ayana et al.9 
critically reviewed wood polymer composites (WPCs) as examples of sustainable construction materials. They 
demonstrated that the use of recycled plastics, fiber–matrix modifications, and optimized formulations can 
enhance the environmental performance of WPCs. Collectively, these studies illustrate a growing research 
effort aimed at overcoming the limitations of natural fiber composites while maximizing their potential as high-
performance, sustainable materials.

Direct cutting or ploughing action results from hard particles or asperities that are firmly adhered to one 
surface and slide against another in two-body abrasive wear (2-BAW)10. Applications such as metal machining 
and gear contact frequently use this mechanism. Three-body abrasive wear (3-BAW), on the other hand, results 
in rolling, sliding, and indentation effects because loose abrasive particles, like sand, are trapped between two 
sliding surfaces. This wear mechanism commonly occurs in applications involving soil contact, construction 
machinery, power plant components, and agricultural implements11,12. Owing to the random motion of free 
abrasive particles, three-body abrasive wear (3-BAW) often causes more complex and severe material removal.

In fiber-reinforced polymer composites, wear behavior depends on fiber type, orientation, interfacial bonding, 
and the presence of fillers. Strong bonding between fiber and matrix helps resist material removal, while weak 
bonding can cause fiber pull-out, matrix cracking, and surface damage13,14. Adding hard or lubricating fillers, 
such as silica, alumina, graphite, or µCC, improves wear resistance by enhancing load transfer and reducing 
friction15,16. Carbon fiber-reinforced ultra-high molecular weight polyethylene (UHMWPE) composites have 
improved mechanical and tribological properties, as demonstrated by Ventura et al.17. Combining different 
natural fibers, such as hemp and bamboo, further improves wear resistance due to the synergistic interaction 
of fibers with different mechanical properties. Saha et al.18 studied sustainable brake friction composites using 
bio-based fibers, resins, and natural additives instead of hazardous metals. This approach improves performance 
while reducing micro-plastic and wear debris generation, addressing environmental concerns. Together, the 
two studies show a distinct tendency toward the integration of sustainable elements without compromising 
material performance. Thus, filler content and fiber–matrix adhesion is therefore crucial to developing natural 
fiber composites with superior tribological performance. Overall, optimizing filler content and fiber–matrix 
adhesion plays a key role in developing natural fiber composites with superior tribological performance.

Little research has been done on 3-BAW, especially in bio-based hybrid systems, despite the growing interest 
in natural fiber-reinforced polymer composites. The wear of hemp/bamboo hybrid fabric reinforced epoxy 
composites modified with µCC under dry sand abrasive conditions is examined in this study to close that gap. 
By decreasing experimental dependency, cutting costs, and speeding up material development for tribological 
applications in the construction, automotive, and defense industries, the incorporation of machine learning 
(ML) for predictive modeling further advances the field.

In applications where sand or hard particles contact is frequent, the durability of polymer composites is 
greatly impacted by 3-BAW behavior. Although abrasive wear in natural fiber polymer composites under 
dry sand conditions has been studied in several studies, the majority of them rely on intensive experimental 
testing19–25. Numerous experimental investigations have examined 3-BAW in composites reinforced with 
natural and synthetic fibers, highlighting the influence of matrix interactions, filler content, and fiber type. 
While Kumaresan et al.19 and Manoharan et al.20 illustrated the wear resistance of synthetic reinforcements 
and fillers in carbon/epoxy and brake pad composites, Mishra and Biswas21 illustrated the significance of fiber 
orientation in jute/epoxy systems. As demonstrated by Rajashekaraiah et al.‘s work22, thermoplastic systems 
also demonstrated encouraging wear resistance. More recently, Darshan et al.23 used statistical modeling 
and nanofillers to optimize wear in silk/basalt hybrid composites. The potential of hybrid green composites 
to provide balanced mechanical and tribological performance is highlighted by complementary results from 
Suresha et al.24 and Kumar et al.25. These studies highlight the importance of hybrid hemp–bamboo fibers and 
µCC fillers in improving 3-BAW resistance under dry sand conditions. By increasing filler–matrix adhesion and 
reducing material loss under abrasive loads, embedding fillers like micro or nano-cellulose improves hardness 
and wear resistance26. However, there is currently no research on predictive models specifically designed for 
hemp-bamboo/µCC reinforced systems.

Research on polymer composites has quickly embraced ML techniques, which allow for the predictive 
modeling of mechanical, thermal, and tribological properties depending on composition and loading 
circumstances2,27. Particularly in tribology, ML methods like Gradient boosted regression (GBR), Random 
Forest regression (RFR), and artificial neural networks (ANN) have successfully predicted the friction and wear 
rate of polymer-based composites reinforced with particulates (fly ash), obtaining high R2 values (> 0.90)27,28. 
For example, RFR and gradient-boosted models reduced the experimental burden by accurately predicting wear 
behavior in epoxy coatings and polymer composites29–31. Ibrahim et al.32 demonstrated the usefulness of hybrid 
ML models for predicting the wear behavior of PTFE matrix composites. They used models such as Taguchi–
GRA integrated with SVR–particle swarm optimization (PSO) and support vector regression combined with 
Harris Hawks’ optimization (SVR–HHO). Among these, SVR–HHO showed the best prediction accuracy and 
fit, highlighting its potential for optimizing tribological materials. Prabhu et al.33 reported that adding TiO₂ 
filler significantly improved the abrasive wear resistance of flax fiber–reinforced epoxy composites, with filler 
content and grit size being key factors. The Taguchi model’s dependability in maximizing wear performance for 
sustainable natural fiber composites was confirmed by the investigation.

The dry sliding wear behavior of basalt fabric-reinforced epoxy composites, both with and without nano-
Al₂O₃, was investigated34. Wear resistance increased by about 16.9% with the inclusion of nanoparticles, with 
load and hardness being the most important variables. Their findings demonstrated that compared to multiple 
regression analysis (MRA), the ANN model produced more accurate wear predictions. Due to better interfacial 
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bonding and load transfer, Singh et al.35 reported that adding MWCNTs to reinforcing glass fiber-reinforced 
polymer composites greatly improved their mechanical and tribological properties. Its application in material 
design is supported by the ANN model’s precise prediction of the friction coefficient. Similarly, Jain et al.36 
employed ensemble machine learning approaches to forecast MWCNT modified PMMA nanocomposites 
tribological performance. The GBM model showed promise in reducing experimental efforts in nanocomposite 
synthesis, outperforming random forest and additional trees with an R2 of 0.99.

The literature highlights the significance of sustainable biocomposites that reduce density, improve 
biodegradability, and minimize environmental impact by blending renewable natural fibers with polymer 
matrices. Particularly under abrasive wear conditions, hybrid architectures reinforced with fillers such as 
µCC show notable improvements in mechanical and tribological properties. Improving wear resistance and 
durability in bio-composites requires optimizing fiber–matrix bonding, filler content, and hybrid designs, often 
using techniques like Taguchi optimization, as shown in studies on 2-BAW. Compared to 2-BAW, 3-BAW, which 
more accurately mimics real-world abrasive conditions with loose particles, is still not well understood in bio-
based hybrid composites. Current studies demonstrate that by enhancing fiber-matrix bonding and surface 
hardness, hybrid fiber architectures with micro/nano-fillers improve abrasion resistance. However, the literature 
on predictive models for hemp-bamboo/µCC modified epoxy composites under 3-BAW is noticeably lacking, 
especially when it comes to applying ML techniques for precise wear prediction.

The research gap is the lack of ML-driven predictive frameworks for 3-BAW unique to epoxy composites 
reinforced with hemp-bamboo fibers modified with µCC. Most existing studies rely on traditional experimental 
methods, which are time-consuming and require many resources, instead of using data-driven modeling 
for faster material optimization. Machine learning (ML) techniques have shown promise in predicting the 
tribological and mechanical performance of various polymer composites. However, their application to hybrid 
natural fiber composites under 3-BAW conditions has not yet been explored.

The effective prediction of intricate wear responses made possible by the incorporation of ML into the study 
of natural fiber composites optimizes material design while reducing the need for expensive testing2,27–36. The 
goal of this study is to develop a thorough, ML-based predictive model for 3-BAW behavior in epoxy composites 
with hybrid hemp-bamboo fibers and different amounts of µCC filler. These composites will be tested under 
ASTM G65 standard dry sand abrasion conditions. This study predicts wear loss based on key factors such as 
filler loading, applied load, and abrading distance. It compares the performance of several supervised machine 
learning algorithms, including linear regression, K-nearest neighbors, artificial neural networks, random forests, 
gradient boosting, and extreme gradient boosting.

The objectives of this research were to develop and evaluate hemp-bamboo hybrid epoxy composites with 
different loadings of µCC to produce useful datasets for training ML models.

This study combines machine learning with Taguchi design of experiments (DoE) to create a reliable tool 
for predicting abrasive wear in hemp/bamboo hybrid fabric–epoxy composites reinforced with µCC filler. The 
method not only optimizes experimental parameters but also compares results with the Ratner-Lancaster model 
and relates them to hardness data, providing a complete way to assess wear performance. The overall goal is to 
develop an ML-based approach for designing tribological materials, reducing experimental effort, and advancing 
sustainable composites for high-wear engineering applications. This research has potential applications in 
agricultural tools exposed to soil wear, lightweight and abrasion-resistant defense equipment, automotive parts, 
wear-resistant building materials, and eco-friendly alternatives to synthetic fiber composites that reduce carbon 
emissions and support the circular economy.

Materials and methods
Materials
Epoxy resin and hardener
The epoxy resin is Araldite MY740, and the hardener is Anhydride HY918. Both are products from Huntsman 
Limited USA. A common method for producing a thermosetting polymer matrix is this combination. To 
produce a stiff, long-lasting material, the resin and hardener are combined and go through a chemical process 
known as polymerization. The purpose of this matrix is to hold the fiber and fillers together.

Hybrid fabrics
Hemp and bamboo fibers are combined to form the hybrid fabric (H/B F; 140 GSM), a composite reinforcement 
material. It was obtained from India’s Pahartah Fashion LLP. Here 140 GSM refers to the fabric’s areal density, 
or mass per unit area, which is 140 g per square meter. A focus on producing a more sustainable or bio-based 
composite is suggested using hemp and bamboo fibers in plain weave woven mat form.

Microcrystalline cellulose
The highly refined wood pulp known as microcrystalline cellulose (µCC) is utilized in this application as a 
reinforcing filler It is characterized as a very fine powder, having an average particle size of under 20 μm. It can be 
identified as a particular chemical compound by its CAS number, 232-674-9. µCC which is supplied by MeRCK, 
USA, can be added to epoxy resin to change its characteristics. It can improve the composite’s dimensional 
stability, stiffness, mechanical strength and resistant to wear while potentially lowering the material’s overall cost.

Composites fabrication
Existing research indicates that µCC contents above 10 wt% frequently result in agglomeration, poor fiber 
wetting, and reduced mechanical integrity because they reduce the effectiveness of stress transfer between the 
matrix and reinforcement phases37,38. Additionally, a small range promotes uniform interfacial bonding and 
ideal dispersion, which strengthens the hybrid system’s tribo-mechanical stability.
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According to established bio-composite formulations, a total fiber loading of 40 wt% (bamboo/hemp) was 
used in this study to ensure optimal wetting and strong interfacial adhesion within the textile-grade hybrid 
composite system39,40. To systematically clarify its impact on composite properties while keeping dispersion 
and viscosity within acceptable bounds during compression molding, µCC was added at concentrations ranging 
from 0 to 9 wt%41. This concentration range allows comparison with previous studies that found that adding 
µCC up to 5–10 wt% to epoxy and natural fiber composites improved stiffness, thermal stability, and wear 
resistance42,43. The ASTM G65 method, which offers a consistent and repeatable evaluation of dry sand abrasion 
under regulated load and abrasive feed conditions, was used to assess the wear performance. This ensures a 
consistent and trustworthy characterization of the tribological behavior of the composites.

The composite was made using compression molding. In this process, a set amount of reinforcement (12 H/B 
fibers and 60 wt% epoxy) is placed in the mold, and the epoxy–hardener mixture is poured into the heated mold 
cavity. Once the mold is closed, pressure is applied, compelling the material to conform fully to the mold cavity 
and thereby taking on its final shape (Fig. 1).

Bamboo fibers are aligned in a 90o orientation, while hemp fibers are aligned in a 0o orientation, creating a 
hybrid fabric that serves as reinforcement. The cross-ply layup, as it is commonly called, is a strategic arrangement 
intended to enhance the mechanical characteristics of the composite in particular directions. Bamboo fibers 
oriented 90o would add strength perpendicularly, whereas hemp fibers oriented 0o would mainly contribute 
strength along that axis. This design makes it conceivable to modify the properties of the composites to meet 
load-bearing needs.

A few crucial steps were involved in the matrix preparation to ensure the quality of the finished composite. 
(i) Filler Dispersion: Microcrystalline cellulose (µCC) particles were first combined with epoxy resin. To ensure 
that the µCC particles were evenly distributed throughout the epoxy resin, a mechanical stirrer running at 
3500  rpm was employed. To achieve consistent mechanical characteristics in the final cured composite, it is 
authoritative that the filler particles be appropriately dispersed to prevent clumping and create a homogenous 
mixture. (ii) Starting Polymerization: The hardener was added after the epoxy-µCC mixture was uniform. The 
crosslinking reaction, also referred to as polymerization, that turns the liquid resin system into a solid, rigid 
polymer matrix is started by the hardener, which is the curing agent. (iii) Final Mixing: The mixture was stirred 
once more after the hardener was added. To make sure that the hardener is dispersed uniformly throughout the 
epoxy-µCC system, this last mixing step is essential. For the composite to cure evenly and acquire its desired 
characteristics, all the ingredients i.e. epoxy, µCC, and hardener must be distributed evenly. After placing the 
mold with the impregnated layers in a hot press, compression molding was done for 20 min at 70 °C and 40 bars 
of pressure. This step enabled the matrix to flow and conform around the fibers as the curing process began. 
After initial molding, the composite underwent a two-stage post-curing process. The samples were initially kept 

Fig. 1.  Fabrication process of H/B F-Ep composites with µCC particulates.
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at room temperature (23 ± 1 °C) for 24 h to allow the Ep to cure gradually. Thermal curing was then done for four 
hours at 80 °C to complete the polymerization reaction and enhance the mechanical properties of the composite.

Following curing, the result was a composite laminate that was packed with uniformly spaced µCC particles 
inside the epoxy matrix and reinforced with mats of hybrid hemp and bamboo fibers. This process offered 
enhanced interfacial adhesion, uniform filler dispersion, and ideal curing conditions for improved structural 
performance of the composite. Table 1 provides the wt% of the all the constituents of the H/B F-Ep composites 
and their µCC modified composites that were produced and examined in this investigation.

Testing methods
Microscopy
The worn surfaces of the H/B F-reinforced epoxy (H/B F–Ep) composites were examined using field emission 
scanning electron microscope (FEG-SEM, LEO Supra 35, Zeiss, Wetzlar, Germany) operated at 5 kV with a 
secondary electron detector. The unfilled H/B F–Ep composite (H0) and its hybrid version (H3) were captured 
at different magnification to ensure comparability. To ensure imaging stability and focus precision, all specimens 
were mounted on aluminum stubs using conductive carbon tape after being sputter-coated with a 20 nm thick 
coating of gold to improve conductivity and reduce electron charging. Fiber–matrix and filler–matrix interfaces, 
filler dispersion, fiber alignment, and voids were all assessed using SEM observations.

FTIR
The chemical composition and bonding properties of the unfilled H/B F-Ep composite (H0) and its hybrid 
counterparts (H1 to H3) were examined using Fourier Transform Infrared Spectroscopy (FTIR) analysis. Fourier-
transform infrared (FTIR) characterization was performed using a Perkin Elmer Frontier 4100 instrument 
equipped with a KBr beamsplitter. Spectra were collected over the wavenumber range of 4000 to 600 cm− 1at 
a resolution of 16  cm− 1. The instrument scanned samples at a rate of 2  mm s− 1 to ensure accurate spectral 
acquisition. For each analysis, 10 to 15 mg of finely ground powder were used to produce the composite samples. 
To evaluate filler-matrix interactions and chemical bonding within the H0 composite system, the technique 
detects molecular vibrations through infrared light absorption at frequencies that correspond to vibrational 
bond energies of atoms in the composite matrix, hemp fibers, and µCC filler.

Hardness
The Shore D hardness tester (Model: HT-6510D, Korea) was utilized to assess the hardness of the hybrid epoxy-
based composites in accordance with ASTM D2240-00 guidelines44. The indentation depth was measured 
using a hardened steel indenter that had a 1.4 mm diameter, a 30° conical point, and a 0.1 mm tip radius. A 
constant load of 45 N was applied for each test. Tests of hardness were performed on flat specimens of H/B F-Ep 
composites, measuring 25 × 25 × 2.5 mm3, both with and without µCC particulates.

Three-body abrasive wear test
For the three-body abrasive wear (3-BAW) test, a dry sand-rubber wheel apparatus was used in compliance 
with ASTM G65 guidelines45. A controlled normal load was applied while the test specimen was fixed against 
a revolving rubber wheel. Throughout operation, a constant stream of standardized silica sand abrasive was 
fed between the wheel and the specimen. Controlled material removal was achieved by allowing the abrasive 
particles to freely roll and slide between the contacting surfaces. Test parameters like load, rubber wheel speed, 
abrasive feed rate, and test duration were fixed and predefined for each sample. To calculate the amount of 
weight loss brought on by wear, specimens were cleaned, dried, and weighed at the completion of each test. 
Several variables, including abrading distance, applied normal load, and µCC loading, were considered when 
calculating the wear loss (g). Figure 2a and b illustrate the selected specimens both before and after the 3-BAW 
testing.

Machine learning approach
Using a random division technique, the dataset was separated into training and testing sets. To reduce sampling 
bias, the data was stratified to maintain the distribution of important variables like wear severity or other pertinent 
features. Specifically, 80% of the data was devoted to training and 20% to testing. To minimize overfitting and 
evaluate model robustness, cross-validation methods were used, such as k-fold cross-validation with k = 10. To 
average out variability and guarantee stability of the results, multiple training/testing splits were also carried out, 
with iterations usually occurring five times. By offering an objective assessment of predictive performance, these 
techniques aid in avoiding overfitting and improve the generalizability of the model.

Composites
designation

Epoxy
(wt%) Textile fabric (wt%)

µCC
(wt%) Description

H0 60 40 - No µCC, baseline textile hybrid composite

H1 57 40 3 Textile hybrid fabric + 3 wt% µCC

H2 54 40 6 Textile hybrid fabric + 6 wt% µCC

H3 51 40 9 Textile hybrid fabric + 9 wt% µCC

Table 1.  H/B F-Ep composite with µCC filler selected for the present work.
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Linear regression
This method aids in comprehending how input parameters affect the response of the output. A supervised 
machine learning technique called linear regression (LR) is used for predicting results based on input features46. 
For a given set of input variables x1, x2, ..., xp, the LR model can be expressed as (Eq. 1):

	
y = β 0 +

∑
p
j=1β jxj + ϵ� (1)

where y represents the predicted response, β 0 is the intercept term, β j  denotes the regression coefficient for 
the jth input variable, p is the total number of input variables, and ϵ  corresponds to the random error term. 
The coefficients β j  are typically obtained by minimizing the residual sum of squares between the observed and 
predicted values47.

In this study, experimental parameters like filler loading, applied load, and abrading distance were used to 
predict three-body abrasive wear (3-BAW) using the Linear Regression model. These inputs and the observed 
wear loss or wear rate are directly correlated by the model. The obtained coefficients shed light on how each 
parameter affects the hybrid composite system’s wear behavior in relation to the others.

The LR model is limited in its ability to capture the nonlinear interactions present in tribological processes 
such as abrasion, and it is crucial to recognize that it assumes linear relationships. This constraint may result 
in consistent discrepancies between predictions and observations, particularly in cases where wear behavior 
displays intricate nonlinearities. The distribution and patterns of residuals (difference between observed and 
predicted values) were examined to evaluate this limitation. Heteroscedasticity or significant residual structure 
would imply nonlinear effects that LR is unable to capture.

K-Nearest neighbors regression
The K-nearest Neighbors regression (KNNR) technique is a widely used nonparametric algorithm known for its 
low error rate and effective error distribution. The KNN algorithm typically relies on calculating the Euclidean 
distance (qi) between a test sample and selected training samples48 (Eq. 2).

	
qi =

√∑
p
j=1(xj − xij)2� (2)

where qirepresents the distance between the test point and the ithtraining sample, pis the total number of 
features, and xij is the value of the jthfeature for the ithsample.

Let the distances between the current input sample and its k nearest neighbors be denoted by qi 
(i = 1, . . . , k). The corresponding observed or predicted wear values of these neighbors are represented by 
Vi. The predicted wear value V̂  for the input sample is then computed as a weighted average of the neighbor 
values (Eq. 3):

	
V̂ =

∑
k
i=1wiV i∑

k
i=1wi

� (3)

Fig. 2.  Specimens from 3-BAW test: (a) before and (b) after testing.
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where wi = 1/qiassigns higher weights to neighbors closer to the test sample, thereby improving prediction 
sensitivity to relevant patterns.

K-Nearest Neighbors Regression averages the wear values of the K nearest data points (neighbors) in the 
feature space to predict the 3-BAW. Based on experimental parameters like filler content, load, and abrading 
distance, distance metrics typically Euclidean distance are used to determine the training data nearest neighbors. 
K, the number of neighbors, is chosen to strike a balance between noise sensitivity and prediction accuracy. It 
operates by identifying the k most similar historical data sets referred to as the nearest neighbors—based on a 
defined distance metric. To enhance prediction accuracy, the KNN algorithm assigns higher weights to neighbors 
that are closer to the input data, while assigning lower weights to those that are farther away. This weighted 
approach ensures that predictions are more strongly influenced by the most relevant historical patterns49,50. 
Compared to linear models, this approach improves prediction accuracy by efficiently capturing local variations 
and nonlinear relationships between experimental variables and wear responses.

Cross-validation is essential for optimizing the choice of K because a K that is too small can cause the model 
to overfit (be sensitive to noise), while a K that is too large can cause the predictions to become over smooth 
(underfit). Furthermore, if features have different scales or levels of relevance, choosing a distance metric (beyond 
Euclidean, like Manhattan or Minkowski) can affect the local neighbourhood structure and prediction accuracy. 
In contrast to linear models, testing a variety of metrics and K values through thorough validation confirms that 
the model configuration optimizes predictive accuracy for the dataset, successfully capturing nonlinear and local 
variations in wear behavior.

Artificial neural network regression
The Artificial Neural Network Regression (ANNR) uses a multilayer architecture with an input layer, one or 
more hidden layers, and an output layer to model nonlinear relationships between input variables and output 
wear loss51,52. The network architecture used in this study included a hidden layer with 10 neurons using the 
ReLU activation function, an input layer that received experimental parameters like filler content, applied load, 
and abrading distance, and a single output neuron that represented the expected wear loss.

The Adam optimizer was used for training, with a learning rate of 0.001 spread across 100 epochs. Reducing 
the mean squared error (MSE) served as the foundation for the convergence criterion. About X minutes were 
spent training; please specify based on experimental or typical results. By tracking declining MSE trends over 
epochs, the model showed stable convergence.

To evaluate the generalizability of the model and avoid overfitting, an 80:20 train-test split was used for 
validation, along with an extra 10-fold cross-validation. With R2 = 0.8391 on the test set, the ANN demonstrated 
strong predictive accuracy and a good fit to nonlinear wear behaviours.

Reproducibility is improved by this thorough ANN configuration and validation approach, which also offers 
lucid insights into how training parameters and network design decisions affect precise abrasive wear prediction 
in hybrid composites. In this study, ANNR was utilized to predict 3-BAW based on variables such as filler 
content, normal load, and abrading distance. The network architecture typically consists of an input layer, one or 
more hidden layers with movable neurons, and an output layer that represents the expected wear.

Gradient boosting regression
By dividing the dataset into ten subsets and training and validating the model successively, 10-fold cross-
validation was used to evaluate the robustness of the GBR model. By averaging performance across various 
training-testing splits, this method decreased overfitting and produced accurate generalization estimates. To 
ensure ideal model tuning, grid search was used to choose and validate hyperparameters like learning rate, 
number of boosting stages, and maximum tree depth. The model’s robustness in predicting abrasive wear 
behavior was confirmed by the generalized performance metrics that were produced, such as average R2 and 
RMSE across folds, which showed consistent predictive accuracy and stability.

Gradient Boosting Regression (GBR) is an ensemble machine learning technique that combines several weak 
learners, usually decision trees, to gradually create a strong predictive model. To minimize a given loss function, 
like mean squared error, the model is iteratively trained53,54.

Formally, the GBR starts with an initial prediction F0 (x), often the mean of the target values. At each 
iteration m = 1, . . . , M , the model computes the pseudo-residuals rim, which are the negative gradients of 
the loss function with respect to the current model predictions Fm−1 (xi) (Eq. 4):

	
rim = −

[
∂ L(yi, F (xi ))

∂ F (xi)

]

F (x)=Fm−1(x)
� (4)

A weak learner hm (x)(e.g., a decision tree) is then fit to these residuals. The prediction is updated by adding a 
scaled version of this learner (Eq. 5):

	 Fm (x) = Fm−1 (x) + η · hm (x)� (5)

where η is the learning rate controlling the contribution of each learner. This procedure is repeated for M
iterations, progressively refining the model by focusing on errors made by prior learners.

Previous studies have confirmed that GBR can accurately predict wear loss in composite materials. By using 
an iterative residual fitting procedure, GBR will certainly accurately represent intricate, nonlinear relationships 
in the behavior of abrasive wear55.
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Random forest regression
A popular supervised ML algorithm for classification and regression problems, Random Forest (RF) Regression 
is renowned for its accuracy and resilience. It functions by building numerous decision trees during training, 
each of which is constructed using distinct random subsets of the data—a technique called bootstrap aggregating 
or bagging. In regression, the average of the predictions made by each tree determines the result, whereas in 
classification, the majority vote among these trees determines the outcome.

RF’s main benefit is its capacity to lessen overfitting, a problem that single decision trees frequently encounter. 
To accomplish this, each tree is trained using a random subset of features and random data samples, making 
sure that the trees are diverse and uncorrelated. Additionally, RF offers information on feature importance, 
which aids in determining which variables have the biggest impact on the predictions. To maximize model 
performance, hyperparameters like the number of trees (n_estimators), the maximum depth of the trees, and 
the maximum features taken into consideration for splits are adjusted in practice. The model is well-suited for 
complicated problems like forecasting abrasive wear in composite materials because of its resilience to missing 
data and capacity to manage high-dimensional datasets.

Using the set of experimental data with input parameters (x) likely filler loading, abrading distance, and 
applied normal load output parameter (y) as wear loss D = (x, y), bootstrap methods are used to find new 
training data sets for each tree.

Next, each node’s most important characteristics are identified. The correctness of the method is assessed by 
calculating the set of predictable values for test data after the trees have been created. Equation 6 is the model 
that serves as the foundation for linear regression.

	
f (X) = β 0 +

∑
p
j=1Xjβ j � (6)

Conversely, regression trees are predicated on a model of the type Eq. 7.

	
f (X) =

∑
M
m=1Cm.1 (Xϵ Rm) � (7)

where R1------ Rm denotes a feature space division56.

eXtreme gradient boosting
Based on the idea of gradient boosting with decision trees, eXtreme Gradient Boosting (XGBoost) is a very 
sophisticated and effective machine learning algorithm. By gradually constructing an ensemble of trees, each 
of which attempts to correct the residual errors of the one before it, it is excellent at managing non-linear 
relationships among input variables and iteratively increasing the accuracy of the model. Faster tree construction 
and a unique tree search algorithm are two significant improvements over conventional gradient boosting that 
make XGBoost unique.

One of XGBoost’s main characteristics is the regularization term it uses in the loss function to penalize overly 
complex trees, which helps control model complexity and avoid overfitting57. Strong predictive performance is 
achieved by combining this regularization with the iterative error correction of boosting. For instance, Ferdousi 
et al.58 used XGBoost to model the properties of composites and reported a prediction accuracy with a R2 
value of 98.8%. To improve model generalization and effectively manage overfitting, XGBoost is essentially an 
optimized version of Gradient Boosting Machines (GBM) with extra regularization to determine the maximum 
gain at each node during tree building.

Results and discussion
FTIR of µCC-modified H/B F-Ep hybrid composites
The Fourier transform infrared (FTIR) spectra of the hemp/bamboo fabric–epoxy (H/B F–Ep) composites with 
increasing microcrystalline cellulose (µCC) content (H0–H3) are presented in Fig. 3a, illustrating the effect of 
µCC incorporation on the functional group interactions within the composite matrix. With insets offering a 
close-up of two distinct spectral regions, (i) the 3200–3600 cm⁻¹ range, which emphasizes hydroxyl group (–OH) 
stretching vibrations, and (ii) the 1000–1300 cm⁻¹ range, which emphasizes the C–O and C–O–C stretching 
vibrations linked to cellulose and epoxy matrix components, their corresponding FTIR spectra are displayed in 
Fig. 3b. As µCC loading rises, the broad O–H stretching band seen at 3339 cm⁻¹ gets stronger, suggesting that 
cellulose incorporation has increased the abundance of hydroxyl groups. Higher hydrogen bonding potential 
within the composite matrix and at the fiber–epoxy interface is confirmed by this improvement, which is in line 
with earlier reports for cellulose-reinforced epoxy systems59.

A notable increase in intensity is observed in the C–H stretching bands around 2927 cm⁻¹, which indicates 
changes in the polymer backbone environment and validates interactions between the epoxy matrix, natural 
fibers, and µCC. Changes in the epoxy–cellulose and natural fiber–matrix bonding are linked to variations in 
the C = O stretching region, which is located between 1507 and 1606 cm⁻¹. Like the patterns noted for hybrid 
cellulose/epoxy composites and other natural fiber–epoxy hybrids, this is ascribed to expanded hydrogen 
bonding and aromatic group dynamics60–62. At higher µCC contents, additional absorption bands around 1234, 
1027, and 826 cm⁻¹ become more noticeable, indicating successful cellulose incorporation and changed matrix 
chemistry. According to recent FTIR studies on hybrid composites, these bands correlate to C–O–C stretching 
and other vibrational modes unique to cellulose. Improved interfacial bonding is confirmed by peak shifts and 
intensity changes, which is in line with findings for cellulose/epoxy and coir/glass fiber/epoxy systems63.

Observed FTIR spectral changes with increasing µCC content are summarized in Table 2. Consistent with 
the observations in H/B F-Ep composites, similar results from the literature on FTIR spectra of cellulose-
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filled Ep composites typically report spectral changes as the µCC content increases. The broad O–H stretching 
band around 3300–3450 cm⁻¹ usually becomes more noticeable as the cellulose content rises, according to 
FTIR studies of cellulose-Ep composites. This suggests that cellulose contributes more hydroxyl groups to the 
mixture64. This implies that the composite has a higher potential for hydrogen bonding. Concurrently, changes 
in aromatic C = C stretching region (1600 –1500 cm−¹) indicate shifting interactions between the epoxy matrix, 
cellulose, and natural fibers; these changes frequently indicate expanded hydrogen bonding or other interfacial 

Fig. 3.  (a) FTIR data of µCC-modified H/B F-Ep hybrid composites. (b) FTIR spectrum of µCC-modified H/B 
F-Ep hybrid composites; inset is zoomed spectrum (i) 3200–3600 cm− 1, and (ii) 1000–1300 cm− 1.
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interactions that affect the polymer network65. Furthermore, as cellulose is added, modifications in the C–H 
stretching bands around 2900–2930 cm−¹ indicate changes in the polymer backbone environment66. All these 
FTIR spectral changes show how adding more cellulose improves interfacial bonding and alters the epoxy 
composite’s chemical environment, both of which can eventually result in better composite performance.

In summary, the FTIR spectral changes, which range from increased O–H intensity to recognizable cellulose-
specific bands, show stronger hydrogen bonding and altered interactions among cellulose, fibers, and matrix 
as the µCC content increases. Similar FTIR results in the literature support these effects, which lead to better 
chemical compatibility and correlate well with enhanced composite properties.

Hardness
The Shore D hardness of the microcrystalline (µCC) modified H/B F-Ep composite system is shown in Fig. 4. 
Hardness gradually increases as filler content rises, going from 81 (0 wt% µCC) to 89 (9 wt% µCC) improvement. 
The rigid, reinforcing effect of µCC particles, which improve resistance to surface deformation and effectively 
distribute applied loads within the matrix, is reflected in this trend. The sustained rise in µCC up to 9 wt% in this 
study indicates strong interfacial bonding and good filler dispersion, underscoring the successful incorporation 
of µCC into the composite matrix.

Recent literature has reported similar findings. For example, Bandaru et al.66 showed that by strengthening 
the matrix and enhancing fiber-matrix adhesion, µCC fillers greatly increase the mechanical strength of flax/
Ep composites, including improvements in hardness. The addition of µCC to polypropylene (PP) composites 
improves hardness because compatibilizers improve fiber-matrix interaction, according to Lupidi et al.67. 
Another study by Rathnayake et al.68 highlighted the reinforcing potential of well-dispersed cellulose fillers by 
reporting increases in tensile and hardness properties of up to 8 wt% in PP composites reinforced with 5 wt% 
µCC.

Improved surface hardness is typically ascribed to increased rigidity and efficient load transfer from the filler 
to the epoxy matrix in conjunction with consistent dispersion and robust interfacial bonding as the µCC content 
rises. More filler content, however, can cause particle agglomeration after a certain ideal filler threshold, which 
is usually between 8 and 10 wt% for cellulose-based composites, according to several studies. Agglomeration 
can lead to weak spots or microstructural flaws, interfere with even stress distribution, and prevent further 
improvements in mechanical qualities like durability. This phenomenon happens because too much filler 
tends to group together instead of spreading evenly, which damages the filler–matrix interface and may lower 
reinforcement effectiveness69. Thus, even though the filler content keeps increasing, the observed tendency for 

Fig. 4.  Hardness of µCC-modified H/B F-Ep hybrid composites.

 

Composites Key FTIR Peaks (cm-1) Main changes with µCC addition

H0 1234, 1027, 856, 826 Baseline; characteristic of epoxy and fibers

H1 3339, 2927, 1600 O-H and C-H peaks increase; aliphatic C–H stretching vibrations

H2 3339, 2927, 1507, 1027 More intense O-H bands; cellulose peaks prominent

H3 3339, 2927, 1600, 1235 Strongest cellulose features; peak shifts

Table 2.  Observed FTIR spectral changes with increasing µCC loading.
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hardness to plateau at 9 wt% µCC in the current study probably represents the start of filler agglomeration, 
which restricts further mechanical improvement. Recent reports on composites utilizing cellulose microcrystals 
and nanocrystals, where optimal performance and property gains are consistently observed below the threshold 
for noticeable aggregation70–72, strongly support this interpretation.

Through improved interfacial bonding and load transfer mechanisms, these studies demonstrate that cellulose 
micro and nanocrystals function as efficient reinforcements in thermosetting and thermoplastic matrices, 
increasing hardness. In summary, even though the composite system exhibits strong hardness increases up to 9 
wt% µCC, adding more filler after this point may cause agglomeration and less effective reinforcement, which 
would explain the observed plateau in property enhancement.

Applied load, abrading distance and µCC loading on wear loss of H/B F-Ep composites
The wear loss of textile hybrid composites reinforced with different weight percentages of microcrystalline 
cellulose (µCC) filler into H/B F-Ep composites are listed in Table 3. Wear tests were conducted under varying 
abrading distances, applied loads, and µCC loadings according to a Taguchi L16 orthogonal array design. The 
resulting wear losses were measured, and signal-to-noise (S/N) ratios were calculated using the “smaller-the-
better” criterion to assess wear minimization performance. Wear resistance is shown by the SN ratio, where 
reduced wear loss is associated with larger values (Table 3). Under the mildest test conditions of 250 m abrading 
distance and 5 N load, Test Run 1 (H0 composite with 0 wt% µCC) showed the lowest wear loss of any sample, at 
0.0804 g. This implies that the base composite functions effectively under low stress circumstances.

In contrast, the H3 sample with 9 wt% µCC (Test Run 13) showed the least amount of wear loss (0.0976) at 
a short abrading distance of 250 m, and a relatively high load of 20 N when examining the µCC-reinforced H/B 
F-Ep composites. This suggests that µCC can greatly improve wear resistance, particularly in more demanding 
situations. Although H1 and H2 (3 wt% and 6 wt% µCC) demonstrated only modest gains, H3 continuously 
outperformed, indicating that a larger µCC concentration enhances the longevity of the composite. Overall, H3 
performed better in more realistic or demanding testing scenarios, even though the unfilled composite had the 
best wear resistance under light use conditions.

Figure 5a shows the primary impacts of applied load, abrading distance, and µCC loading on the SN 
ratios, which represent the composites’ wear resistance. In line with other research on ceramic and mineral-
filled composites, an upward trend in SN ratios with increasing µCC concentration indicates that greater filler 
levels improve wear resistance by increasing hardness and load-bearing capacity73,74. As the abrading distance 
increases from 250 m to 1000 m, however, SN ratios drastically decrease, suggesting that extended exposure to 
abrasive conditions speeds up surface degradation75. In a similar vein, raising the applied load causes SN ratios 
to decrease, which indicates more material removal because of increased heat generation and frictional forces. 
This phenomenon is frequently seen in polymer matrix composites76.

Figure 5b shows the mean wear loss trend as a function of µCC (wt%). In line with the statistical interpretation 
and ranking discussion, this figure unequivocally demonstrates a constant drop in mean wear loss as µCC 
content (0–9 wt%) increases, indicating that increased µCC loading improves the composite’s wear resistance. 
Although FTIR research demonstrates that µCC greatly improves material hardness and bonding, its lower delta 
and rank indicate a reduced proportional influence on wear performance when compared to the more important 
mechanical parameters like load and abrading distance. Nonetheless, it still plays a significant part in enhancing 
the overall durability of composites.

These findings support earlier research suggesting that a higher filler content (e.g., µCC) improves wear 
resistance by improving surface hardness and load-bearing capacity74. Furthermore, the detrimental effect of 

Test Run µCC (wt%) Abrading Distance (m)
Load
(N)

Wear loss
(g)

SN ratios
(dB)

1. 0 250 5 0.0804 21.8949

2. 0 500 10 0.2188 13.1991

3. 0 750 15 0.5029 5.9704

4. 0 1000 20 1.0253 -0.217

5. 3 250 10 0.0984 20.1401

6. 3 500 5 0.1188 18.5015

7. 3 750 20 0.7254 2.7885

8. 3 1000 15 0.5230 5.6299

9. 6 250 15 0.1062 19.4775

10. 6 500 20 0.3508 9.0988

11. 6 750 5 0.1896 14.4419

12. 6 1000 10 0.3446 9.2537

13. 9 250 20 0.0976 20.2110

14. 9 500 15 0.1366 17.2910

15. 9 750 10 0.2517 11.9823

16. 9 1000 5 0.2024 13.8758

Table 3.  List the wear loss of µCC-modified H/B-F/Ep composites as per L16 orthogonal array.

 

Scientific Reports |        (2025) 15:42216 11| https://doi.org/10.1038/s41598-025-26396-0

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


larger loads and longer abrading distances on SN ratios is in line with tribological principles, which state that 
wear degradation is accelerated by increased mechanical stress75,76.

Table 4 summarizes the average wear loss at different applied load, abrading distance, and µCC content levels. 
It displays the response table for means. Abrading distance has the highest delta value (0.42818) of the three 
control parameters, indicating that it has the most impact on wear performance. Load (Δ = 0.40196) and µCC 
content (Δ = 0.28478) come next.

Although µCC is essential for increasing the composite’s hardness and FTIR properties, its rank = 3 and 
delta = 0.28478 show that its direct statistical impact on wear loss is less significant than that of load and distance 
affecting the mechanical properties. This is because the contact mechanics and frictional energy dissipation 
during wear are directly governed by the abrading distance and load, which results in a greater variation in wear 

Fig. 5.  (a) Main effects plot showing the influence of µCC loading, abrading distance, and applied load on 
SN ratios for the wear performance of H/B F-Ep hybrid composites. (b) Mean wear loss as a function of µCC 
content.
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loss. On the other hand, µCC mainly helps by strengthening the microstructure, which results in a slow but 
consistent increase in wear resistance.

Higher µCC content improves wear resistance, as evidenced by the constant decrease in mean wear loss as 
µCC loading increases from 0% to 9 wt%. Plotting mean wear loss versus µCC percentage shows a monotonic 
drop, which visually validates this tendency. Statistically speaking, the degrees of freedom (DF = 3) represent the 
number of independent comparisons available for evaluating the factor’s impact on wear loss and correspond to 
the four µCC levels (0, 3, 6, 9 wt%) minus one.

Table 5 displays the results of the Analysis of Variance (ANOVA), which statistically quantify the individual 
and comparative effects of applied load, abrading distance, and µCC content on wear loss. With p-values less 
than 0.05, all three factors show statistically significant effects (µCC content: p = 0.018; abrading distance: 
p = 0.002; load: p = 0.004). The dominant factors are abrading distance (F = 18.33), load (F = 14.55), and µCC 
loading (F = 7.66), according to the F-values.

Physically, cumulative material removal during the abrasion process is the main cause of abrading distance; 
the longer the distance, the higher the exposure and resulting wear77. Through increased deformation and 
micro-cutting mechanisms, load accelerates wear by increasing the contact pressure between the abrasive and 
composite surface78. By increasing hardness and load-bearing capacity, the µCC filler content reduces material 
loss and mitigates the abrasive impact, improving the composite’s resistance to wear. These elements work 
together to explain why increasing µCC loading while reducing load and abrading distance can maximize 
abrasion resistance.

The residual distribution for the wear loss data is displayed in the normal probability plot in Fig. 6 to determine 
if it follows a normal distribution. A theoretical normal distribution is represented by a straight reference line, 
which is plotted against the residuals. It is clear from the data points’ close alignment with this line that the 
residuals are approximately normally distributed. The premise of normalcy appears to be met because there are 
no notable outliers or deviations. This validates the use of statistical tools like ANOVA by confirming that the 
model used to evaluate wear loss is reliable and statistically sound.

Wear-out surface morphology
The hemp-bamboo fiber epoxy (H/B F-Ep) composites’ worn surface morphologies exhibit significant distinctions 
based on the testing conditions and the presence of µCC fillers. Figure 7a, b presents the unfilled H/B F-Ep 
composite after 500 m abrasion at 10 N load, revealing severe two-body abrasion characterized by deep grooves, 
cut fibers, matrix debris, and fiber fractures. These characteristics suggest brittle fiber failure, insufficient load 
transfer, and poor fiber-matrix adhesion, all of which contribute to significant material loss. Aggressive abrasive 
interactions that are primarily associated with silica sand particles are confirmed by the deep grooves and fiber 
cuts that are oriented transversely to the abrading direction. Wear is accelerated by micro-cutting and unstable 
debris generation, which is suggested by the dense matrix debris and premature epoxy separation.

On the other hand, under 5 N and 1000 m abrasion, the 9 wt% µCC -filled H/B F-Ep composite, as seen in 
Fig. 8a, b, shows noticeably milder wear patterns. The predominant wear mechanism here shifts from severe 
2-body abrasion to a combination of 3-body abrasion, debris compaction, and crack deflection due to stepped 
fiber wear, shallow grooves, and localized microcracks, all of which indicate improved interfacial bonding. 
Through processes like energy dissipation and crack bridging, the µCC particles function as micro-bearings 
inside a layer of compacted debris, minimizing direct asperity-fiber contact and averting catastrophic fiber 
failures. Better wear resistance and surface integrity are a result of decreased fiber pull-out and improved load-

Source DF Adj SS Adj MS F-Value P-Value % of Contribution

µCC (wt%) 3 0.19054 0.063514 7.66 0.018 18.006

Abrading Distance (m) 3 0.45585 0.151951 18.33 0.002 43.079

Load (N) 3 0.36203 0.120677 14.55 0.004 34.212

Error 6 0.04975 0.008292 4.701

Total 15 1.05818 100

Table 5.  Analysis of Variance. S: 0.0911, R-sq: 95.30%, R-sq (adj): 88.25%, R-sq (pred): 84.32%.

 

Level µCC (wt%)
Abrading distance
(m)

Load
(N)

1 0.45685 0.09565 0.14782

2 0.36641 0.20626 0.22837

3 0.24781 0.41741 0.31718

4 0.17208 0.52383 0.54978

Delta 0.28478 0.42818 0.40196

Rank 3 1 2

Table 4.  Response table for Means.
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sharing between fibers and matrix. These microstructural findings are consistent with the reduced wear loss 
shown in Fig. 5; Table 3.

Figures 7 and 8 demonstrate that the microstructural and mechanical performance of H/B F-Ep composites 
are significantly enhanced by an increase in µCC content. Better chemical bonding at the interfaces was confirmed 
by FTIR analysis, which revealed intensified hydroxyl (O–H) and carbonyl (C = O) peaks with greater µCC 

Fig. 7.  (a, b) Worn surface morphologies of H/B F–Ep composites: (a) At 10 N and 500 m abrasion, SEM 
(100×) reveals pronounced deep grooves along the abrasion direction, highlighting severe two-body wear. (b) 
Higher magnification (1000×) shows multiple fiber fractures and distinct matrix debris, marking poor fiber–
matrix adhesion and brittle failures. All major features are clearly labelled for direct interpretation.

 

Fig. 6.  Normal probability plot of response to the wear loss.
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loading. This is demonstrated by the hardness results, which show improved resistance to surface deformation 
as Shore D values increased steadily with µCC addition. These results are further corroborated by the worn 
surface morphologies. Figure 7 showed that unfilled composites experience severe two-body abrasion, which is 
indicative of weak fiber–matrix adhesion and is characterized by deep grooves, numerous fiber fractures, and 
extensive debris. Conversely, Fig. 8 demonstrates that µCC-filled composites have stronger bonding between 
fiber and matrix, fewer fiber fractures, shallower grooves, and less debris formation. These characteristics align 
with a shift toward improved crack deflection, matrix debris compaction, and softer three-body abrasion.

Wear loss values decreased in tandem with an increase in µCC content, indicating a positive change in 
wear mechanisms and an improvement in composite hardness and interfacial adhesion. Overall, the improved 
abrasion performance seen in the µCC-reinforced composites is made possible by improved chemical bonding 
enhancements identified by FTIR, which are closely associated with increased mechanical properties and wear 
resistance.

Correlation of wear resistance with FTIR, hardness, and the Lancaster-Ratner model
For hemp/bamboo hybrid fabric–epoxy composites, the reinforcing effect of microcrystalline cellulose (µCC) 
causes a quantitative correlation between hardness and FTIR data and the wear mechanism shift from severe 
2-body abrasion to milder 3-body abrasion. Stronger hydroxyl (O–H) and carbonyl (C = O) peaks in FTIR are 
indicative of increased interfacial bonding through hydrogen bonding between µCC, the natural fibers, and 
the epoxy matrix as the µCC content rises. Structural integrity and load transfer are enhanced by this superior 
chemical interaction. In tandem, Shore D hardness increases steadily with µCC loading, indicating a greater 
ability of the surface to withstand deformation. Because abrasion resistance scales inversely with hardness, these 
hardness improvements directly result in lower wear rates. This is corroborated by morphological wear surface 
analysis, which indicates that as µCC increases, the debris compaction, crack deflection, and stepped fiber wear 
typical of 3-body abrasion replace the deep grooves and fiber fracture characteristic of 2-body abrasion.

The Lancaster-Ratner theoretical framework links better interfacial bonding and higher hardness with less 
material removal by showing that the wear rate is inversely related to the product of material strength and strain 
to break. It is confirmed that µCC plays a quantitative role in strengthening the composite and changing the 
wear mechanism from 2-body to 3-body abrasion when the model’s predicted wear resistance trends match 
experimental observations. Thus, the Lancaster-Ratner model quantitatively links wear resistance improvements 
and mechanistic wear shifts to hardness measurements that quantify mechanical robustness and FTIR chemical 
changes that quantify bonding enhancements. This thorough quantitative analysis demonstrates the way µCC 
plays a crucial role in enhancing composite tribological performance and promoting the creation of more robust, 
eco-friendly natural fiber composites.

Machine learning model performance
The abrasive wear loss correlation heatmap in Fig. 9 illustrates distinct relationships between the parameters 
under study. Wear loss is almost positively correlated with both applied load (r = 0.56) and abrading distance 
(r = 0.65), suggesting that longer abrasion distances and greater loads significantly accelerate material removal. 
On the other hand, wear loss and µCC show a slightly negative association (r = – 0.42), indicating that a higher 
µCC loading increases resistance to wear. Correlations between load, abrading distance, and µCC, however, are 
still very weak, indicating that these factors function independently in this dataset.

These findings are consistent with accepted tribo-principles. The wear volume is inversely related to material 
hardness and proportionate to the product of load and abrading distance, as per Archard’s wear law79. As a 
result, the positive relationships between wear loss, load, and abrading distance that were noted in Fig. 9 are in 

Fig. 8.  (a, b) Worn surface morphologies of 9 wt% µCC-filled H/B F–Ep composite: (a) At 5 N load and 
1000 m abrasion, SEM (100×) reveals shallow grooves parallel to the abrasion direction, indicating reduced 
wear severity. (b) Higher magnification (1000×) shows good bonding between fiber and matrix, few fiber 
fractures, less debris formation, and fragmented matrix debris.
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line with theory and commonly seen in abrasive wear research. For instance, studies on polymer composites 
have demonstrated that wear loss increases gradually as normal load and sliding distance increase80,81. Research 
on polymer matrix composites also revealed a direct association amongst load, abrading distance, and specific 
wear rate, demonstrating that higher operational stresses accelerate material removal82. In this case, the negative 
relationship between wear loss and µCC suggests that µCC mitigates wear during abrasion in a way to that of 
hardness or strengthening characteristics.

The feature importance scores obtained by applying our ML model to forecast 3-BAW of µCC-filled H/B F–Ep 
composites are shown in Fig. 10. The most significant factor (F-score = 291) is the µCC loading, which outweighs 
the abrading distance (F-score = 135) and applied load (F-score = 189). This demonstrates unequivocally that 
adding µCC dramatically improves the composite’s ability to withstand wear by strengthening interfacial 
bonding, increasing hardness, and causing microstructural alterations that reduce material loss.

The prominence of µCC is consistent with recent research by Yan et al. who showed that filler loading (sericite 
in epoxy coatings) held the highest feature importance for predicting wear rate and friction coefficient using 
gradient boosting regression. For wear rate, prediction accuracies reached 85.7%83. Similarly, load and speed 
were found to be the main determinants of wear rate in PTFE composites using ML-based tribological modeling 
(R2 = 0.91). Nevertheless, the filler loading still had a substantial impact on performance in this case84. The 
current work model’s significant applied load impact also aligns with more general patterns. By using tree-based 
algorithms with interpretable feature importance outputs, ML-driven analyses of functionally graded eggshell/
magnesium composites revealed that applied load was the primary determinant in predicting wear rate across 
multiple zones, surpassing more intricate deep models85.

Together, the features of importance results show that the composition of the material, especially µCC 
loading, is a key factor in wear, even though operational parameters like load and abrading distance are crucial 
drivers of wear, as supported by tribological ML studies. This highlights the accuracy and usefulness of ML in 
recognising the key variables influencing composite wear. Echoing the growing momentum of ML-augmented 
materials design, such insights are helpful for forecasting performance and optimizing formulations with fewer 
experimentation.

Linear regression
The Linear Regression (LR) model’s predictive capacity for envisaging 3-BAW in µCC-filled H/B F–Ep composites 
are shown in Fig. 11a and b. When comparing actual and expected wear loss, the data points in Fig. 11a’s scatter 
plot closely resemble the diagonal line, suggesting that the LR model is reliable and in good agreement of training 
data and testing data (Test size = 0.2 and Random state = 42). The training and test set predictions are displayed as 
blue and red points, respectively, in each instance. It is evident that, for most individual tests, the predicted values 
deviate significantly with the experimentally measured ones. Even though the LR model effectively captured the 
general wear loss trend, noticeable deviations were observed due to its inability to model nonlinear tribological 
interactions. This limitation has been acknowledged, and LR is retained as a baseline comparison model to 
benchmark the performance of advanced nonlinear algorithms such as GBR, ANN, RF, and XGBoost.

Fig. 9.  The correlation heatmap of abrasive wear loss.
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The comparison of real and predicted values over several trials is further shown in Fig. 11b, which provides 
further evidence that the LR model accurately depicts the overall wear loss pattern with little variation. Despite 
being a straightforward machine learning technique, these findings demonstrate that linear regression can yield 
significant predictive accuracy in tribological modeling of composite materials84,85.

Gradient boosting regression
To ensure robustness and avoid overfitting, the GBR model was trained and evaluated using 10-fold cross-
validation and grid-search hyperparameter optimization (learning rate, n_estimators, and max_depth). The 
averaged R² and RMSE values across all folds confirmed consistent performance and strong generalization 
capability of the GBR model. The effectiveness of the GBR model to predict 3-BAW of µCC-filled H/B F-Ep 
composites are demonstrated in Fig. 12a and b. The scatter plot of actual versus anticipated wear loss in Fig. 12a 
demonstrates that data points closely match the diagonal, demonstrating the GBR model’s superior fitting ability 
and high predictive accuracy. It is evident that, for most individual tests, the predicted values closely align with 
the experimentally measured ones, with only minimal deviations. The robustness of the model is confirmed by 
Fig. 12b, which shows real and expected wear loss over trials. The predicted trend almost coincides with the 
experimental data. These outcomes align with recent research demonstrating GBR’s superior capacity to capture 
nonlinear relationships in composite materials and tribological systems84,86,87. By efficiently managing feature 
interactions and reducing mistakes, GBR outperforms Linear Regression in producing predictions, which makes 
it more appropriate for intricate wear modeling. The parameters considered for GBR’s are Test size = 0.2, Random 
state = 42, n_estimators = 200, learning rate = 0.05 and max_depth = 3.

Artificial neural network regression
The Artificial Neural Network regression (ANNR) model’s predictive ability in predicting the 3-BAW behavior 
of µCC-modified hemp–bamboo/epoxy composites is demonstrated in Fig. 13a and b. The ANNR’s good fitting 
ability is demonstrated in Fig. 13a, where the predicted wear loss values closely match the actual experimental 
values. Trial-wise variations are further compared in Fig. 13b, where the ANN shows good generalization with 
few differences between anticipated and actual wear losses.

The ANN model architecture comprised an input layer (3 neurons) corresponding to µCC content, load, and 
abrading distance; one hidden layer with 10 neurons using the ReLU activation function; and a single output 
neuron representing wear loss. Training was performed using the Adam optimizer with a learning rate of 0.001, 
batch size of 16, and 100 epochs, requiring approximately 3 min for convergence. The model exhibited stable 
learning behavior with continuous reduction in MSE across epochs, confirming convergence without overfitting. 
This configuration improves transparency and reproducibility of the ANN setup. Artificial neural networks 
(ANN) are increasingly being used in tribology. They frequently outperform conventional ML models like 
LR, decision trees, and SVMs in capturing intricate nonlinear wear-friction correlations and providing precise 
predictive performance. To properly describe nonlinear input–output interactions, artificial neural networks 
(ANNs) use a multi-layered design and adaptive learning. Zhu et al.88 highlighted the importance of dataset 
size and showed that ANN predictions of the friction coefficient matched experimental results better than 

Fig. 10.  Feature importance scores for predicting 3-BAW of µCC-modified H/B F-Ep composites.
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volumetric wear loss for carbon fiber and TiO2-reinforced PTFE. Similarly, Ramesh and Suresha89 shown that 
when it comes to estimating the specific wear rate of fiber-reinforced polymer composites, ANN-based models 
perform better than LR. The current study demonstrated the robustness of the ANN model by predicting 3-BAW 
in µCC-modified H/B F-Ep composites with a high coefficient of determination (R2 = 0.8391) and low error 
values (RMSE = 0.07523, MAE = 0.07210). Additionally, ANN outperformed traditional models in abrasive wear 
modeling of rubber composites, achieving up to 96% prediction accuracy90. Test size = 0.2, Random state = 42 
activation=’relu, optimizer=’adam, learning_rate = 0.00, validation split = 20%, epochs = 100.

K-Nearest neighbors (KNN) regression model
Figure 14a shows the scatter plot of actual versus predicted wear loss using the K-Nearest Neighbors (KNN) 
regression model. The model’s predictions and the actual values are reasonably close, as indicated by the fact 
that most of the points are close to the diagonal line. A few points do, however, diverge, illustrating how KNN 
relies on adjacent data points to make predictions. The trial-by-trial comparison of actual and predicted values is 
displayed in Fig. 14b. Despite a few minor variations, the KNN model can track the general wear behavior trend 
across trials. This illustrates how well KNN learns patterns from local similarities in the dataset. To optimize the 

Fig. 11.  Predictive performance of the LR model for forecasting 3-BAW in µCC-filled H/B F-Ep composites: 
(a) actual vs. predicted wear loss, and (b) actual and predicted values are compared trial-by-trial.
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model, the KNN underwent k-value tuning using 10-fold cross-validation to determine the best neighborhood 
size and distance metric. The optimal configuration (k = 5, Euclidean distance) minimized prediction error and 
enhanced generalization, ensuring that the model effectively captured local nonlinear trends while avoiding 
overfitting. The test size was set to 0.2, and the random state was fixed at 42.

These findings are consistent with current advances in tribological modeling. According to Machine learning 
algorithms, specifically XGBoost and Random Forest, have been shown by Sivaraman et al.91 to be able to reliably 
forecast the wear rate (R2 = 0.98) and phase formation (98.5% accuracy) of High Entropy Alloy coatings. Their 

Fig. 12.  Gradient Boosting Regression predictions of 3-BAW in µCC-filled H/B F-Ep composites: (a) actual vs. 
predicted wear loss, (b) actual and predicted values are compared trial-by-trial.
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work shows that machine learning (ML) is an efficient method for speeding up coating design and performance 
enhancement. Test size = 0.2, Random state = 42, No. of Neighbours = 5 and Distance Computation: Euclidean.

The research also emphasizes KNN’s strengths as a distance-based, non-parametric learner that performs very 
well on datasets with local nonlinear structures, particularly when parameter tweaking (e.g., distance weighting, 
“k” value) and dataset size are meticulously adjusted92. The rise of triboinformatics, which combines tribology 
and data science to forecast wear and friction using machine learning-driven correlations, was emphasized by 
Hasan et al.54. Their review focuses on how machine learning (ML) facilitates new surface roughness studies and 
greater understanding of structure–property correlations for advanced materials. Moreover, machine learning 
techniques such as KNN, RF, SVM, and GBR have demonstrated promise in forecasting intricate wear and 

Fig. 13.  ANN Regression predictions of 3-BAW in µCC-filled H/B F-Ep composites: (a) actual vs. predicted 
wear loss, (b) actual and predicted values are compared trial-by-trial.
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friction behavior in larger tribology applications when sufficient data and the appropriate model selection are 
supplied93.

Random forest regression
The efficacy of the Random Forest Regression (RFR) model in forecasting the wear loss of 3-BAW in µCC-
modified hemp–bamboo/epoxy composites is shown in Fig. 15. The projected values closely follow the diagonal 
trend line and show a good alignment with the actual experimental values, as illustrated in Fig. 15a. This indicates 
that the RFR model is resilient and has a high predictive accuracy. This robust association suggests that Random 
Forest’s ensemble learning strategy, which averages several decision trees, successfully reduces overfitting while 

Fig. 14.  KNN Regression predictions of 3-BAW in µCC-filled H/B F-Ep composites: (a) actual vs. predicted 
wear loss, (b) actual and predicted values are compared trial-by-trial.
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capturing the nonlinear relationships between wear loss and the microstructural characteristics of the composite. 
Test size = 0.2, Random state = 42, max_depth = 10, min_samples_split = 5, and min_samples_leaf = 2.

The model’s dependability is further confirmed by the trial-wise comparison in Fig. 15b, whereby the 
expected wear values exhibit the same pattern as the actual experimental results, including peak and trough 
fluctuations. The model accurately depicts both local variations and worldwide trends in wear loss, despite 
occasional small discrepancies. Because Random Forest can manage complicated variable interactions and noise 
in experimental datasets, it outperforms simpler models for tribological predictions in natural fiber-based hybrid 
composites, according to these studies. Recent research in tribology have revealed similar results, with Random 
Forest achieving great accuracy in forecasting alloy and composite system wear behavior94–96. In addition to 
its predictive accuracy, a feature importance analysis was conducted to interpret the relative influence of µCC 
content, abrading distance, and applied load on wear behavior. The results, presented alongside the XGBoost 
model in Fig. 10, indicate that µCC loading contributes most significantly to wear loss reduction, followed 
by load and abrading distance. This insight not only validates the model’s predictive performance but also 
provides guidance for optimizing composite formulation and operational parameters for improved tribological 
performance.

Fig. 15.  Random Forest Regression predictions of 3-BAW in µCC-filled H/B F-Ep composites: (a) actual vs. 
predicted wear loss, (b) actual and predicted values are compared trial-by-trial.
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Extreme gradient boosting regression
The Extreme Gradient Boosting (XGBoost) regression model’s capacity to forecast wear loss in 3-BAW µCC-
modified hemp–bamboo/epoxy composites are shown in Fig.  16. The predicted values nearly exactly match 
the actual experimental data along the diagonal line in Fig.  16a, demonstrating XGBoost’s higher accuracy 
and generalization capabilities over traditional regression methods. This is explained by the gradient boosting 
framework’s capacity to efficiently capture intricate nonlinear interactions between mechanical and tribological 
features and fix weak learners’ errors one step at a time. The model was configured with hyperparameters n_
estimators = 200, learning_rate = 0.1, max_depth = 4, subsample = 0.8, and colsample_bytree = 0.8, optimized 
through grid search to balance model complexity and generalization. Although XGBoost achieved the highest 
predictive accuracy, future studies will integrate SHAP (SHapley Additive exPlanations) analysis to further 
enhance interpretability by quantifying each feature’s contribution to wear behavior.

The model’s resilience is further demonstrated by the trial-by-trial comparison in Fig. 16b, where XGBoost 
effectively monitors both local variances and global wear patterns throughout trials. The model’s ability to handle 
imbalanced datasets and minimize bias–variance trade-offs is demonstrated by the persistent closer agreement it 
maintains with experimental results, even when there are occasional minor discrepancies at specific peaks. These 

Fig. 16.  Extreme Gradient Boosting Regression predictions of 3-BAW in µCC-filled H/B F-Ep composites: (a) 
actual vs. predicted wear loss, (b) actual and predicted values are compared trial-by-trial.
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outcomes are in line with earlier research that indicated XGBoost outperformed alternative ML algorithms in 
predicting the wear, hardness, and mechanical properties of hybrid alloys and composites30,97,98. Remarkably, 
Xu et al.99 found that XGBoost outperformed Random Forest, AdaBoost, and Gradient Boosting in terms of 
prediction accuracy for the abrasion resistance of manufactured sand concrete. Their study highlights the strong 
potential of XGBoost in reliably predicting wear-related behavior in construction materials. The efficiency of 
gradient boosting techniques in tribo-informatics was further emphasized by Hasan et al.54, who demonstrated 
that boosting-based algorithms are more dependable in capturing the extremely nonlinear structure–property–
performance correlations in tribology. In bio-epoxy composites, Hiremath et al.100 showed that the 0.5 wt% 
MWCNT loading greatly enhanced wear resistance and surface quality, with Random Forest models obtaining 
high predictive accuracy (R2 = 0.93). Their combined experimental-ML methodology emphasizes how machine 
learning might improve the prediction of tribological behavior. Thus, the current results demonstrate that 
XGBoost not only offers the best prediction accuracy of all the tested machine learning models, but it also 
supports the use of sophisticated ensemble-based techniques for predicting wear loss in natural fiber-reinforced 
composites, which in turn supports effective material design and optimization. Test size = 0.2, Random state = 
42, n_estimators = 200, learning_rate = 0.1, max_depth = 4, subsample = 0.8 and colsample_bytree = 0.8.

The prediction performance of many ML algorithms for determining 3-BAW of µCC-modified H/B F-Ep 
composites is compiled in Table 6. With an R2 of 0.9222 for training and 0.8827 for testing, Linear Regression 
demonstrated a respectable level of accuracy among the classical models, suggesting that it is a good fit for 
capturing linear dependencies. The KNN model’s lower R2 (0.8674) and marginally better testing MAE (0.0494) 
reflect its shortcomings with regard to local neighbourhood-based prediction. With comparatively lower R2 
values and larger errors (MAE = 0.095 training; 0.0721 testing), the ANN model performed moderately, most 
likely because of under-fitting with a small dataset.

On the other hand, ensemble learning models performed better than the conventional methods. With testing 
R2 = 0.9417 and low RMSE (0.0452), Random Forest provided strong generalization and successfully captured 
non-linear interactions. With the best training accuracy (R2 = 0.9999) and somewhat poor testing performance 
(R2 = 0.6317), gradient boosting may have over fitted. Notably, the XGBoost model outperformed other models 
in balancing bias and variance, demonstrating exceptional predictive performance with a near-perfect training 
accuracy (R2 = 0.9999) and strong testing accuracy (R2 = 0.9387). These results are congruent with those of Xu et 
al.99 and Hiremath et al.100, who found that ensemble machine learning models like RF and XGBoost consistently 
produced better predictions of tribological behavior than either traditional regression or neural models.

To ensure reliable predictions and mitigate overfitting, all models were evaluated using 10-fold cross-
validation during hyperparameter tuning, and regularization techniques (e.g., controlling tree depth, learning 
rate, subsampling, and minimum sample constraints) were applied. Testing metrics were calculated on an 
independent 20% hold-out dataset to provide an unbiased assessment of model performance. Ensemble models, 
such as Gradient Boosting, Random Forest, and XGBoost, exhibited near-perfect training accuracy (R² ≈ 0.9999), 
while testing performance was lower, highlighting the potential for overfitting. Key hyperparameters—including 
max_depth, n_estimators, subsample, colsample_bytree, and minimum samples per leaf—were optimized to 
balance model complexity and generalization. Error distributions and residual plots were also examined to 
confirm unbiased predictions across the observed range of wear values.

For Gradient Boosting, the testing R² was 0.6317, indicating limited generalization. Performance can be 
improved by careful tuning of learning rate, max_depth, and number of estimators, as well as using early 
stopping to prevent overfitting.

Both Random Forest and XGBoost showed strong testing performance (R² ≈ 0.9417 and 0.9387, respectively), 
but the discrepancy with near-perfect training values underscores the overfitting risk. Regularization and cross-
validation ensured that these models maintained robust generalization. The ANN results showed comparatively 
higher error, with testing R² (0.8391) slightly exceeding training R² (0.8216). This behavior can arise from 
limited dataset size and the stochastic nature of ANN training. The network architecture consisted of 3 hidden 
layers with 16, 12, and 8 neurons, using ReLU activation functions, trained for 500 epochs with a learning rate 
of 0.01. These hyperparameters influenced predictive accuracy and demonstrate the importance of architecture 
design and dataset size.

One important strength of the study that deserves greater prominence is its emphasis on sustainable 
materials. An environmentally conscious approach is demonstrated using bio-based µCC and natural fibers 
(bamboo/hemp) as fillers, which help to lessen dependency on synthetic fibers and fillers made from petroleum. 
Significant environmental benefits of these bio-composites include improved resource renewability, reduced 
carbon footprint, and biodegradability. By emphasizing these features, the manuscript becomes more relevant 

MAE MSE RMSE R2

Training Testing Training Testing Training Testing Training Testing

Linear Regression 0.0614 0.0562 0.00575 0.00422 0.0758 0.0649 0.9222 0.8827

KNN 0.0670 0.0494 0.00729 0.00466 0.085424 0.06827 0.8982 0.8674

ANN 0.0950 0.0721 0.0127 0.00566 0.113 0.07523 0.8216 0.8391

Random Forest 0.00616 0.0313 5.25 × 10− 5 0.00204 0.00724 0.0452 0.9992 0.9417

Gradient Boosting 0.00020 0.0626 6.99 × 10− 8 0.01295 0.0002 0.1138 0.9999 0.6317

XGB 0.000423 0.0258 2.84 × 10− 6 0.002152 0.00053 0.0463 0.9999 0.9387

Table 6.  The performance of ML algorithms in predicting abrasive wear loss.
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and in line with worldwide trends toward sustainable materials engineering. Additionally, a clear description 
of the possible range of applications for these environmentally friendly composites should be provided. They 
are promising options for wear-intensive engineering applications due to their increased stiffness and wear 
resistance. In particular, the balance of mechanical performance and environmental sustainability that these 
composites offer can be very advantageous for automotive components like lightweight body parts, protective 
panels in construction, and interior panels and trim. There are also promising application areas in other industries 
that need sustainable yet long-lasting materials, such as consumer goods and athletic gear. By highlighting 
these opportunities, the manuscript’s impact can be increased by demonstrating the useful, industry-relevant 
advantages of the created bio-composite system.

Conclusion and outlook

•	 This study investigated the effect of microcrystalline cellulose (µCC) incorporation on the three-body abrasive 
wear (3-BAW) behavior of hemp/bamboo fiber-reinforced epoxy composites, showing that µCC enhanced 
interfacial bonding (FTIR: intensified hydroxyl and carbonyl peaks), increased hardness, and altered wear 
mechanisms, with µCC-filled composites exhibiting milder three-body abrasion while unfilled composites 
suffered severe two-body abrasion.

•	 Improved wear resistance and reduced wear loss at higher µCC contents are consistent with the Lancas-
ter-Ratner model linking increased hardness and toughness to decreased abrasive wear.

•	 Advanced machine learning (ML) models predicted 3-BAW behavior effectively, with Extreme Gradient 
Boosting (XGBoost) and Random Forest capturing nonlinear interactions between µCC content, load, and 
abrading distance.

•	 XGBoost achieved R² = 0.9999 (training), 0.9387 (testing), MAE = 0.000423 (training), 0.0258 (testing), 
RMSE = 0.00053 (training), and 0.0463 (testing), while Random Forest showed training R² = 0.9992 and test-
ing R² = 0.9417, demonstrating reliable prediction and potential to reduce experimental trials.

•	 Gradient Boosting exhibited lower generalization (testing R² = 0.6317) due to overfitting, and ANN models 
showed moderate performance, highlighting the influence of dataset size and hyperparameter selection; ML 
models can predict trends but cannot yet replace mechanistic understanding from experiments.

•	 The combination of µCC reinforcement and ML-assisted prediction enables accelerated composite design 
with reduced material and time costs, suitable for applications such as automotive lightweight components, 
protective panels in construction, interior trims, and other wear-intensive sectors.

•	 Future work should focus on integrating interpretability techniques (e.g., SHAP analysis) to quantify feature 
contributions, expanding datasets to improve ANN performance, and exploring real-time, in-situ wear pre-
diction for industrial deployment.

Overall, the synergy of µCC reinforcement and ML modeling provides a sustainable, efficient, and predictive 
approach for designing high-performance hybrid epoxy composites for wear-critical applications.

Data availability
The datasets used and/or analysed during the current study available from the corresponding author on reason-
able request.
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