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Abstract  

The accurate prediction of wear rates of WC/Co-based cermets is essential for the 
development of high-performance industrial components. While machine learning (ML) 
offers a transformative approach to material design, the lack of specialized, high-fidelity data 
remains a significant challenge. In this study, an experimental dataset, comprising 116 wear 
tests WC/Co-based cermets materials with the addition elements, serves as the foundation for 
this investigation. A robust ML framework is developed to evaluate the performance transition 
from standard default models to optimized architectures. Specifically, baseline Random Forest 
(RF) and Xtreme Gradient Boosting (XGBoost) models are compared against variants 
optimized via the Particle Swarm Optimization (PSO) algorithm. The PSO algorithm was 
employed for dual-objective optimization, enabling simultaneous feature selection and 
hyperparameters tuning. Starting from an initial set of 12 input variables, the optimization 
process reduced the feature space to four predictors for the Random Forest model and nine 
predictors for the XGBoost model, corresponding to dimensionality reductions of 67% and 
25%, respectively. This reduction improves model interpretability while preserving the most 
informative variables for accurate prediction. Significant performance enhancements were 
observed when comparing the PSO-optimized variants to the default baseline models. For 
instance, the PSO-RF model demonstrated an R2 improvement from 0.8140 to 0.8406, and for 
the PSO-XGBoost model, the coefficient of determination (R2) was increased from 0.8234 to 
0.8886, representing a 7.92% improvement, while the Root Mean Square Error (RMSE) and 
Mean Absolute Error (MAE) were reduced by 20.57% and 21.25%, respectively.  

 
Keywords   WC/Co Cermets, Friction tests, Wear rate, Machine learning (ML), Particle 
Swarm Optimization. 
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1. Introduction  

WC/Co-based composite materials (cermets) produced by conventional powder metallurgy 

techniques are extensively employed in cutting tools, mining equipment, hot forging dies, and 

other industrial components operating under severe tribological conditions [1–6]. To ensure 

reliable service performance, WC/Co cermets must exhibit excellent wear resistance, 

dimensional stability, and thermal stability [7–8]. The combination of tungsten carbide (WC) 

as a hard phase and cobalt (Co) as a metallic binder provides an outstanding balance between 

hardness and toughness, resulting in superior resistance to wear and fracture [9]. Owing to 

their remarkable tribological behavior under high thermo-mechanical stresses, WC/Co-based 

composites have attracted increasing attention and have undergone significant development in 

advanced industrial applications [10]. Their high thermal stability enables efficient 

performance at elevated temperatures with limited material degradation, making them 

indispensable for studying wear mechanisms and extending component lifespan under 

extreme conditions [11]. 

Significant improvements in WC/Co-based composites have been achieved through the 

incorporation of alloying elements such as TiC, Cr, TaC, Ni, and NbC [12–18]. These 

additions aim to optimize tribological operating parameters including normal load, sliding 

speed, and temperature in order to stabilize the coefficient of friction, minimize wear rate, 

enhance surface integrity, and prolong service life. Surface degradation in these materials 

results from complex and interacting wear mechanisms, including abrasive wear, adhesive 

wear, diffusion, oxidation, and thermal fatigue [19–24].  

The literature indicates that experimental variability and material heterogeneity significantly 

hinder the accurate prediction of tribological performance, particularly with respect to surface 

hardness [25–30]. The wear rate of WC/Co-based composite materials is highly sensitive to 

tribological parameters such as the coefficient of friction, hardness, and contact surface 

material, and is strongly dependent on operating conditions, normal load, sliding speed, and 

temperature, [31–34]. These factors make wear rate prediction a high-dimensional, nonlinear 

problem that can greatly benefit from advanced machine learning (ML) and optimization 

strategies [35, 36]. The tribological performance of WC/Co-based composite materials, 

particularly in terms of the coefficient of friction and wear rate, is significantly improved by 

incorporating a percentage of additional elements, resulting in surfaces with enhanced wear 

resistance, reduced friction, and improved hardness. They enable the production of durable 
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cermets capable of operating under extreme mechanical and thermal stresses and various 

operating parameters, particularly in aerospace equipment, hot rolling, and manufacturing 

tools [37–40]. 

In tribology, traditional experimental investigations face several challenges, including high 

costs, time-consuming procedures, and occasional inconsistencies in the obtained results. 

Comprehensive wear testing typically requires advanced equipment and extended testing 

durations. Moreover, variations in environmental conditions and material properties can 

significantly affect the outcomes, thereby limiting reproducibility and reducing the reliability 

of predictive analyses [41–44]. 

In this context, ML has emerged as a powerful approach for predicting tribological behavior 

by integrating experimental observations with numerical datasets [45–49].Traditional 

experimental investigations are often costly, time-consuming, and occasionally inconsistent 

due to variations in testing conditions and material properties. ML techniques overcome these 

limitations by capturing complex nonlinear relationships between material composition, 

processing parameters, and performance indicators such as friction coefficient and wear rate 

[50–52]. Consequently, ML models enable rapid and reliable predictions, reduce the number 

of costly experiments, and facilitate efficient material design and optimization. 

Among available ML algorithms, ensemble learning methods such as Random Forest (RF) 

and Extreme Gradient Boosting (XGBoost) have demonstrated strong predictive capabilities 

in materials science applications [53–58]. Their performance can be further enhanced through 

metaheuristic optimization techniques. Particle Swarm Optimization (PSO), inspired by 

collective behavior observed in nature, is particularly effective for optimizing model 

hyperparameters and improving generalization ability [59–68]. Therefore, PSO-optimized 

variants provides a promising strategy for obtaining highly reliable wear rate predictions [65–
68]. 

In the present work, a comprehensive framework was developed to evaluate the effectiveness 

of PSO for simultaneous feature selection and hyperparameters tuning in wear rate prediction 

models. Two powerful machine learning algorithms, Random Forest (RF) and eXtreme 

Gradient Boosting (XGBoost), were employed and their default configurations were 

systematically compared with PSO-optimized versions. The proposed optimization strategy 

aims to reduce input dimensionality while improving model performance and interpretability. 



4 

 

The results demonstrate the capability of PSO to efficiently identify the most informative 

predictors and optimal hyperparameters, leading to more accurate and robust wear rate 

predictions. The dataset consists of 116 samples with 12 initial features describing material 

properties and testing conditions. It was randomly divided into training (92 samples, 80%) 

and testing (34 samples, 20%) sets using a fixed random seed to ensure reproducibility. The 

PSO optimization aimed to maximize the coefficient of determination (R²) on the training data 

through a 5-fold cross-validation strategy, enabling the identification of the most relevant 

features and the optimal hyperparameters for each algorithm. 

2. Materials and methods 

This section describes the materials used, the experimental setup, and the procedures adopted 

for the cermet fabrication process, friction testing, analysis, and wear rate measurements. It 

also details the modeling techniques applied to predict friction test performance and optimize 

tribological parameters. 

2.1 Experimental setup 

2.1.1 Materials preparation 

       The materials cermets preparation procedure from mixtures manufactured in the 

laboratory by mixing powders of medium grain size Fig. 1. The materials (cermets) of shades 

based on tungsten carbide (WC), cobalt (Co) binder and addition elements of TiC, Ni, Cr, 

TaC, and NbC, which form eight shades. Table 1 illustrates the content range of all 

constituents within all cermets. 

Table 1 Range of contents of the basic composition and the addition elements of the 
elaborated cermets 

 

Eight grades were fabricated with different compositions, each having a cylindrical geometry 
of 35 mm in diameter and 15 mm in thickness Table 2. 

 

 

 

 

Addition 
elements 
 of cermet 

WC Co TiC Cr Ni TaC NbC 

Range of 
contents 

  70%  ̶85%   10%  ̶15%   0%  ̶15%  0%  ̶5%  0%  ̶10%   0%  ̶5%     0%  ̶5% 
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Table 2 The composition of different grades 

 

                       Elements addition  
  Grades 

 
WC 

 
Co 

 
TiC 

 
Cr 

 
Ni 

 
TaC 

 
NbC 

      G1 

      G2 

85% 

80% 

15% 

15% 

0% 

5% 

0% 

0% 

0% 

0% 

0% 

0% 

0% 

0% 

      G3 75% 15% 10% 0% 0% 0% 0% 

      G4 70% 15% 15% 0% 0% 0% 0% 

      G5 75% 15% 5% 5% 0% 0% 0% 

      G6 75% 10% 10% 0% 5% 0% 0% 

      G7 70% 10% 5% 0% 10% 5% 0% 

      G8 70% 10% 5% 0% 10% 0% 5% 

 

Fig.1. Cermet preparation procedure 

The mean hardness and the density tests of different grades, carried out using INDUNO 

OLONA-VA-ITALY device and Archimedes method respectively, have shown that the 

obtained samples comply with ISO standards as reported in Table 3.  
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Table 3 Density and hardness mean values of the height elaborated WC/Co-based cermets  

Grade G1 G2 G3 G4 G5 G6 G7 G8 

 Mean density 
     (g/cm3) 

71.60 74.40 77.70 77.70 57.60 68.00 66.40 68.20 

Mean hardness 
     (HRC) 13.84 11.74 10.70 10.70 10.71 12.74 11.50 11.97 

 

2.1.2 Friction tests method  

The tribological behavior of the samples was evaluated through high-temperature friction 

and rotary sliding tests using a tribometer (CSM Instruments, Switzerland), as shown in     

Fig. 2. Eight cermet grades were investigated using an alumina (Al₂O₃) ball with a diameter of 

6 mm, hardness of 1800 HV, and density of 3.2 g/cm³. A total of 116 friction tests were 

performed at four different radius under various experimental conditions, including normal 

load, temperature, sliding speed, and sliding distance (Table 4). 

 

 

 

 

 

 

Fig. 2 Friction test process between the Al2O3 ball and disc (cermets) 

Table 4 Parameters of friction tests 

                                            Parameters of friction tests 

Levels  of parameters 
Applied load Sliding speed Contact temperature Traveled distance 

P (N) V (m/s) T (°C) D (m) 

Level 1 20 0.5 20 5000 

Level 2 20 0.5 450 5000 

Level 3 20 0.75 450 5000 

Level 4 20 0.5 650 5000 

 

The ball rubs against the surfaces of the test samples in such a way that the wear track is a 

circle of radius (5mm), centered on the test cermet (disc) Fig. 2. The friction force, the 

friction coefficient, the humidity, the track temperature and the furnace temperature are 

regularly recorded throughout with the acquisition time in seconds using the software 

(Tribometer module/Version 4.4.Q). 
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The grades were tested under dry sliding conditions against an Al2O3 ceramic counterface to 

evaluate the coefficient of friction (µ), which exhibited average values ranging from 0.4 to 

0.65. 

2.1.3 Wear rate measurement steps 
 
     The wear rate measurement procedure is illustrated in Fig. 3. Surface profiles were 

acquired along the worn track using a surface profilometer coupled with a three-dimensional 

(3D) optical microscope (Contour GT-I, Bruker Nano Surfaces Division, Tucson, AZ, USA), 

as presented in Fig. 3(a). The analysis procedure consists in using software (vision) to analyse 

the wear track image as illustrated in Fig. 3(b). This analysis gives a geometrical relief of the 

wear track (profile of the worn track) of the test sample Fig. 3(c). The wear track volume is 

characterised by the depth (in μm) measured with respect to the surface of the sample, the 

width (in mm) and the perimeter (in mm) of the wear track given by an optical profiler. Four 

equally spaced measurements were taken on each circle track (90° between two successive 

points), Fig.4. 

 

(a) (b) 

 

(c) 

 

Fig. 3  Wear rate measurement procedure (a) Surface profilometer the three-dimensional (3D) 
optical microscope (b) Trace of the wear track after a friction test (c) Wear track width (mm) 
and depth profile (μm) 
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 (a)                               (b)                             (c)                              (d) 

 

Fig.4 The four sections measured by the optical profile meter of each track, spaced 90° apart, 
to measure the average worn volume 
 
The worn surface area was measured and multiplied by the perimeter of the wear track to 

obtain the worn volume V. The wear rate (K) was then calculated from the worn volume V 

(µm3) for a sliding distance of  D = 5000 m under a normal load of P = 20 N.    

                                         𝐾 = ௏௉.஽         (µm3/N/m)                             (1) 

3. Machine learning methodology 

3.1 Flowchart wear rate prediction  

The flowchart presented in Figure 5 describes an organized and comprehensive research 

structure for the development and measurement of wear rate, using XGBOOST and RF 

machine learning and the PSO optimization method. This structure utilizes composite 

materials and methods, process parameter selection, experimental design, machine learning, 

and evolutionary optimization to improve process understanding and the tribological 

performance of cermet production. 
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Fig. 5 Flowchart wear rate prediction of the optimization process by experimental setup and 
ML Method 
 

3.2 Data set input factors and target  

 The experimentally measured wear volumes and the corresponding wear rates for each 

combination of input parameters, as presented in Table 5, reveal distinct trends.  

8 Cermets Materials Elaborated produced by 
powder metallurgy using WC/Co-based and 

elements (Ni, Cr, TiC, TaC, NbC)  

116 Friction Tests of 
Different Parameters 

Experimental Results of 
Wear rate   

Experimental 

setup 

 

116 Experimental tests Input : P(N),V(m/s),T(C°),D(m),HRC(MPA) and 
friction coefficient(µ), Density ( g/cm3) Output : Wear rate (µm3/mm/N)  

 

XGBoost, RF 

                     

Test Model R2 value 

Model Predicted  

Results Model Evaluation by ML RF, XGBoost Compared by 
Optimisation algorithms PSO  

 

ML 

Methods 

Analysis 

Results 
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Table 5. Summary of mean input and output variables for the eight WC/Co-based cermets 
investigated in this study. 
 

Input parameters             Target 

Cermet 
T  

(°C) 
V 

(m/s) 
Hardness 
(HRC) 

Density 
   (g/cm3) 

µ (mean) 
Wear rate 

(µm3/mm/N) 
G1 450 0.75 69 13.86 0.4 178.85  

G2 450 0.75 71.6 13.84 0.91 181.19  

G3 450 0.75 74.4 11.74 0.63 189.69  

G4 450 0.75 77.7 10.7 0.54 268.47  

G5 450 0.75 57.6 10.71 0.56 269.78  

G6 450 0.75 68 12.74 0.48 301.99  

G7 450 0.75 66.4 11.5 0.52 476.67  

G8 450 0.75 68.2 11.97 0.44 554.69  

 

3.3 Baseline models 

3.3.1 Random forest  

Our goal, then, is to choose a set of hyperparameters that navigates this trade of between bias 

and variance so as to minimize error (or maximize goodness-of-ft) on some new set of data 

(the validation set) that we believe is representative of what the model might encounter when 

solving the real world problem it was designed for (the test set). 

    RF regression is an ensemble model machine learning-based method that improves 

predictive probability by combining models. Using bagging, a number of learner trees are 

created which are then ensembled to work together as an ensemble and obtain the overall 

prediction. Each tree independently makes a prediction or classification, and the final output 

of the Random Forest model is determined by the prediction or classifcation that receives the 

majority vote. The idea behind Random Forest is that a group of independent decision trees, 

acting as a committee, performs better than any single decision tree alone. Although a RF 

model has limited interpretability and relatively high training complexity, it achieves a good 

balance between bias and variance, delivers high accuracy, and minimizes overfitting by 

incorporating regularization techniques like dropout and early stopping [53–58]. It can be 

expressed by Eq. (2):  ݉ ̂(x)= 
1ெ  ∑ ఫ̂݉௃ (x)                                           (2) 

3.3.2  XGBoost 

Extreme gradient boosting XGBoost, one of the most efficient ensemble machine learn-ing 

techniques belonging to the family of GB algorithms, was frst introduced by Chen and 
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Guestrin [53–58]. XGBoost is also an implementation of gradient-boosted decision trees and a 

powerful tool for highly parallelized boosting of trees. For XGBoost, the cost function C is 

composed of a loss function and a regularization term, as expressed by Eq. (3): (ߠ)ܥ = (ߠ)ܮ + Ω (ߠ)                                  (3) 

Here, Ѳ represents the model parameters, L denotes the loss function, and Ω is the 

regularization term. The loss function is typically chosen as the mean squared error (MSE). 

The regularization term helps prevent overfitting by controlling model complexity and 

balancing bias and variance to ensure the model remains both simple and predictive. Although 

less interpretable than simpler models, XGBoost ofers insights into feature importance, 

highlighting the factors that most influence predictions. Additionally, XGBoost effectively 

manages the bias-variance trade of and generalizes well to unseen data, though it may require 

complex hyperparameters tuning [53–58]. 

4. PSO-Based Model Optimization 

The predictive modeling of wear rates in cemented carbides requires a nuanced understanding 

of the intersection between metallurgical composition, environmental stressors, and 

algorithmic logic. This investigation successfully implemented a Particle Swarm Optimization 

(PSO) framework to refine two prominent ensemble learners: Random Forest (RF) and 

Extreme Gradient Boosting (XGBoost). By utilizing a hybrid wrapper approach for feature 

selection and simultaneous hyperparameters tuning, the obtained results indicate that the 

method yields high predictive accuracy while effectively minimizing the feature space. 

4.1 Particle Swarm Optimization overview 
 

  Particle Swarm Optimization (PSO) algorithm, introduced in 1995 by Kennedy and 

Eberhart, is a stochastic search technique inspired from the collective intelligent behavior of 

animal societies such as ant colonies, bird flocks, or fish schools. PSO aims at finding the 

optimal solution for a given multidimensional problem, where each candidate solution, called 

a particle, representing a point in the N- dimensional search space, where N is number of 

variables of the function to be optimized. PSO performs search starting from a random swarm 

of particles, called initial population, that emulate the success of neighboring members to 

achieve their own successes. Alternatively, using shared information amongst the swarm of 

individuals, each particle updates its velocity and position based on its current and past 

trajectories. 
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Originally proposed by Kennedy and Eberhart in 1995 [67–69], Particle Swarm 

Optimization (PSO) is a stochastic, population-based metaheuristic inspired by the 

synchronized social behavior of animal collectives, such as bird flocks or fish schools. Unlike 

evolutionary strategies that rely on "survival of the fittest," PSO is built on the principle of 

cooperative intelligence. 

Consider the optimization problem involving N variables (corresponding to the number of 

features). For a population of size P, each particle ݌௜(݅ = 1,2, … , ܲ)  at iteration t is 

characterized by a position ݌௜(ݐ) ∈  ℛே , velocity  ݒ௜(ݐ) ∈  ℛே, and personnel best position  ௕ܲ௜(ݐ)  ∈  ℛே representing the optimal solution discovered by the particle during its search 

history. 

Let ௚ܲ(ݐ)  ∈  ℛே  denote the global best position discovered across the entire swarm up to 

iteration t. The dynamics governing the motion of each particle during the optimization 

process are described by the following update equations [69,70]: 

+ ݐ)௜ݒ}  1) = (ݐ)௜ݒ ߱ +  ܿ1. ]1ݎ ௕ܲ௜(ݐ) − [(ݐ)௜݌  +  ܿ2. ]2ݎ ௚ܲ(ݐ) − + ݐ)௜݌[(ݐ)௜݌   1) = (ݐ)௜݌ + (ݐ)௜ݒ           (4) 

Where, ߱ represents the inertia weight, which balances local exploitation and global 

exploration, higher values of facilitate ߱ broader exploration of the search space. The 

acceleration coefficients ܿ1, ܿ2 correspond to the cognitive and social components, 

respectively, controlling the influence of the particle personal best and the swarm global best 

on its velocity update. r1 and r2 are random variables taking values from a uniform 

distribution in the interval [0,1]. 

4.2 Feature selection and Hyperparameters optimization  

The optimization process utilized a Particle Swarm Optimization (PSO) algorithm designed to 

navigate a complex, multi-dimensional search space consisting of both discrete (feature 

selection) and continuous (hyperparameters) variables. 

4.2.1 The fitness function  

The optimization process relies on a fitness (cost) function to evaluate the solutions encoded 

by particle positions. This work utilizes a weighted multi-objective function that prioritizes 

predictive accuracy ܴ2 and includes a penalty term for model complexity, based on the 

number of selected features. The cost J is expressed as: 
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ܬ = 1)ߙ − ܴ2) + (1 − (ߙ (ேೞ೐೗೐೎೟೐೏ே೟೚೟ೌ೗ )                                  (5) 

where ߙ is a weighting factor set to 0.95 to prioritize model accuracy over feature parsimony. 

The term ௦ܰ௘௟௘௖௧௘ௗ represents the number of features selected in a given subset, and ௧ܰ௢௧௔௟
 denotes the total number of available features. This formulation ensures that the swarm 

converges on a solution that explains the maximum variance with the minimum number of 

descriptors. 

4.2.2 Algorithm steps and execution: 

The PSO algorithm followed a structured iterative process to evolve the swarm toward the 
global best solution ௚ܲ : 

1) Initialization: A swarm of ܰ particles is generated. Each particle position vector 

includes a binary mask for feature selection and continuous values for the model 

hyperparameters (e.g., ݊_݁ݏݎ݋ݐܽ݉݅ݐݏ, max _݀݁ݐ݌ℎ, etc.). 

2) Binary Mapping: For feature selection, continuous position values are mapped to a 

binary representation (1 or 0) based on a threshold of 0.5. A value of 1 indicates that 

the corresponding feature is included in the current model iteration, while a value of 0 

signifies its exclusion. 

3) Model Training and Evaluation: For each particle, a model is trained using the 

selected features and hyperparameters. The performance is measured on a test set 

using ܴ2, ܴܧܵܯ, and ܧܣܯ. 

4) Fitness Calculation: The cost is calculated using the fitness function described by 

equation (5) 

5) Personal best and global best update: 

- The personal best position ௕ܲ is updated whenever a particle attains a cost value 

lower than its previous best. 

- The global best ௚ܲ is replaced when a particle discovers a position yielding a cost 

value lower than the current swarm optimum. 

6) Velocity and Position Update: Particle velocities and positions are updated using 

equations (4). 

Termination: Steps 2–6 are executed iteratively until either the maximum number of 
iterations is reached or the global best cost ௚ܲ stabilizes, indicating convergence. 
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4.3 Evaluation of ML model Performance  

Performance metrics offer quantitative assessments of the alignment between machine 

learning models and experimental data. The coefficient of determination R2 is indeed a widely 

used metric for evaluating the performance of ML models in regression tasks. A value of R2 in 

the range of 70% to 90% shows that the model is doing well, meaning its predictions closely 

match the actual data. In addition, mean absolute error (MAE), mean squared error (MSE), 

and root mean squared error (RMSE) were used to evaluate model performance [71]. Thus 

indicating the  wear rate’s  experimental value  as Wj and  the  predicted value as Xj,  where j 

= 1, 2, ⋯,  n  is  the  sample size, and  the  four metrics measurements are  specified below: 

Determination coefficient (R2) 

                                                                   ܴ2 = 1 − ∑ (௑௝−ௐ௝)2೙ೕ=1∑ (௑௝−ௐ)2೙ೕ=1     ,                                    (6) 

Root mean squared error (RMSE) 

ܧܵܯܴ           =  √∑ (௑௝−ௐ௝)2೙ೕ=1 ௡  ,                                      (7) 

Mean absolute error (MAE) 

ܧܣܯ                                                                    = ∑ (௑௝−ௐ௝)೙ೕ=1 ௠   ,                                            (8) 

 Relative absolute error (RAE) and where ͞w is the mean sample in the dataset. 

ܧܣܴ                                                                    =  ∑ (௑௝−ௐ௝)೙ೕ=1∑ (௑௝−ௐ)೙ೕ=1     .                                          (9) 

5. Results and Discussion 

5.1 Proposed Setup and Methodology 

 

The experimental framework was designed to evaluate the effectiveness of Particle Swarm 

Optimization (PSO) for simultaneous feature selection and hyperparameters tuning in wear 

rate prediction models. The study employed two powerful machine learning algorithms, 

Random Forest (RF) and eXtreme Gradient Boosting (XGBoost), comparing their default 

configurations against PSO-optimized versions. The dataset comprised 116 samples with 12 

initial features describing material properties and testing conditions. This was randomly split 

into training (92 samples, 80%) and testing (24 samples, 20%) sets using a fixed random seed 

for reproducibility. The PSO process aimed to maximize the model coefficient of 

determination (R² score) on the training data through a 5-fold cross-validation strategy, 
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thereby identifying the most relevant features and optimal hyperparameters for each algorithm 

while guarding against overfitting. 

5.2 Performance Comparison of PSO-Optimized Models against Default Models 

 

The PSO optimization process yielded significant performance improvements for both 

models, with the gains validated on the unseen test set. The results, summarized in Table 6, 

underscore the power of this hybrid approach. 

5.2.1 Random Forest performance analysis 

The PSO-optimized Random Forest model demonstrated a robust improvement over its 

default counterpart. It achieved an R² score of 0.84, a 2.66% increase from the default model 

0.81. More importantly, the model prediction errors were substantially reduced. The RMSE 

decreased by 7.43% from 99.91 to 92.49 µm³/m/N, and the MAE saw a notable improvement 

of 10.84%, dropping from 78.00 to 69.54 µm³/m/N. Table 6 illustrates the performance 

comparison of PSO-Optimized and Random Forest Default Models 

A key achievement of the PSO optimization was the dramatic simplification of the model. It 

identified an optimal feature subset of only 4 out of the 12 original features: TaC (Tantalum 

Carbide), T (Temperature), D (Density), and µ (Mean friction coefficient) . This represents 

a 67% reduction in input dimensionality. This simplification not only enhances model 

interpretability but also significantly reduces the computational burden and data collection 

requirements for future predictions, all while improving predictive accuracy. The selection 

of TaC and T aligns with domain knowledge, highlighting the critical influence of hard 

carbide phases and thermal conditions on wear. The inclusion of Density and the mean 

friction coefficient suggests that the material compactness and the frictional behavior at the 

contact interface are also primary drivers of wear. 

Table 6 Performance Comparison of PSO-Optimized and Random Forest Default Models 

 

 Model PSO- RandomForest      Default-RandomForest     Improvement  

R² 0.81 0.84  +2.66% 

RMSE (µm³/m/N) 99.91 92.49 -7.43% 

MAE (µm³/m/N) 78 69.54 -10.84% 

No. of Features 4 12 -67% 
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5.2.2 XGBoost performance Analysis 

The PSO-optimized XGBoost model achieved even more substantial performance gains. Its 

R² score soared to 0.89, a remarkable 6.52% improvement over the default model 0.82. The 

reduction in error metrics was also more pronounced than for Random Forest. The RMSE was 

slashed by an impressive 20.57%, from 97.36 to 77.33 (µm³/m/N), and the MAE was reduced 

by 21.26%, from 74.14 to 58.38 (µm³/m/N). These substantial reductions in error metrics, 

exceeding 20%, indicate that the PSO-optimized XGBoost model is exceptionally precise and 

its predictions are, on average, much closer to the true values. Table 7 illustrates Performance 

Comparison of PSO-Optimized and XGBoost default models. For XGBoost, PSO identified a 

larger optimal feature subset of 9 features, including Co, TiC, Ni, TaC, NbC, T, V, HRC, 

and µ (Mean Friction Coefficient). This selection provides a more comprehensive view of the 

factors influencing wear, incorporating binder elements (Co, Ni), various carbides 

(TaC, NbC, TiC), mechanical properties (HRC), and interfacial mean friction coefficient (µ). 

While the feature reduction is only 25%, the primary benefit here is the dramatic performance 

gain achieved through both feature selection and, crucially, hyperparameters tuning. 

Table 7 Performance Comparison of PSO-Optimized and XGBoost Default Models  

 Model 
PSO-          
XGBoost 

Default-XGBoost Improvement  

R² 0.82 0.89 +6.52% 

RMSE (µm³/m/N) 97.36 77.33 -20.57% 

MAE (µm³/m/N) 74.14 58.38 -21.26% 

No. of Features 0.82 0.89 -25% 

 

 

Based on the obtained results, the superior performance of the PSO-optimized models, 

particularly XGBoost, is further highlighted by their more consistent and balanced error 

distributions. The optimized XGBoost model, exhibiting substantially lower error metrics 

(RMSE reduced by 20.57% and MAE reduced by 21.26%), shows a much narrower error 

distribution clustered around zero compared to its default counterpart. This indicates a model 

that is not only more accurate on average but also more reliable, with fewer large-magnitude 

prediction errors. The substantial improvement in XGBoost error metrics, over twice that seen 

for Random Forest, indicates that the default XGBoost model was particularly susceptible to 
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overfitting or suboptimal hyperparameters settings, which the PSO optimization effectively 

addressed. 

Fig. 6 provides a comparative analysis of the R2, RMSE and MAE metrics for the baseline 

models and their PSO-optimized versions. The findings indicate that the incorporation of PSO 

substantially improves the predictive performance of both the Random Forest and XGBoost 

algorithms relative to their default parameter settings. For instance, both PSO-optimized 

models exhibit superior performance relative to their default configurations, confirming the 

effectiveness of the integrated feature selection and hyperparameters tuning strategy. For the 

Random Forest model, PSO optimization refines key structural parameters (e.g., number of 

trees, maximum depth, and feature sampling), thereby reducing estimator variance and 

improving ensemble stability. This leads to a more consistent aggregation of decision trees 

and mitigates overfitting caused by suboptimal parameter settings. Besides, in the case of 

XGBoost, PSO tuning adjusts critical boosting parameters (e.g., learning rate, maximum 

depth, regularization coefficients, and number of boosting rounds), enhancing the gradient-

based optimization process. By better controlling shrinkage and regularization, the optimized 

model achieves improved convergence behavior and a more favorable bias–variance balance. 

Quantitatively, for the Random Forest model, PSO-based optimization reduced the RMSE and 

the MAE This reduction indicates a meaningful contraction of the prediction error 

distribution, reflecting improved predictive accuracy. The optimization refines critical 

ensemble parameters such as the number of trees, maximum depth, and feature sampling 

strategy, which reduces estimator variance and mitigates overfitting while maintaining model 

flexibility. 

For the XGBoost model, the improvements are even more pronounced. The RMSE and MAE 

decrease indicate a substantial reduction in prediction errors and enhanced generalization 

capability. PSO tuning adjusts key boosting parameters, including learning rate, maximum 

depth, regularization coefficients, and number of boosting rounds. By controlling shrinkage 

and regularization more effectively, the optimized model achieves better bias–variance 

balance, improved convergence, and reduced overfitting risk. 

PSO-optimized models across both Random Forest (RF) and XGBoost algorithms, the R² 

values demonstrates a substantial improvement achieved through PSO-based joint 

optimization of feature selection and hyperparameters. Notably, the PSO-XGBoost model 

determination coiefficient of 0.89, indicates a strong predictive accuracy on the test set. These 
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gains correspond to a substantial reduction in prediction errors, as reflected in the RMSE and 

MAE values shown in Fig. 6, and demonstrate that the optimized model produces predictions 

that are significantly closer to the experimental values. In addition, PSO-optimized models 

reduced the feature set by 60% for both models, simplifying the models, mitigating 

overfitting, and improving interpretability, while maintaining or enhancing predictive 

accuracy. Fig. 7 illustrates the performance metrics improvement and feature reduction 

percentages for the proposed PSO-optimized models compared to standard default 

configurations. 

 

 

 

Fig. 6. Comparison of R2 scores demonstrating improved predictive accuracy with PSO 
optimization. 
 
 

 

Fig. 7 Performance metrics improvement and feature reduction percentages for the proposed 
PSO-optimized models compared to standard default configurations 
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It is obvious that the proposed PSO-optimized models show a closer agreement with the 

experimental data compared to the default configurations. Fig. 8 and Fig. 9 illustrate the 

comparison between measured (experimental) and predicted wear rates for the PSO-optimized 

models and the corresponding standard baseline models. This improved alignment 

demonstrates that PSO-driven feature selection and hyperparameters tuning enhance 

predictive accuracy, reduce error variance, and improve model generalization,highlighting 

that both ensemble algorithms benefit from PSO optimization, with XGBoost showing the 

most pronounced reduction in prediction error. For the Random Forest model results, the 

predictions generated by the PSO-optimized version cluster more tightly around the 45° line 

compared to those from the standard model. This tighter clustering reflects reduced residual 

variance and enhanced predictive consistency. In contrast, the baseline Random Forest model 

exhibits greater scatter and more pronounced deviations from the ideal line, indicating higher 

prediction errors and less stable generalization performance. 

The PSO-based hybrid optimization effectively identified highly informative feature subsets 

and tuned hyperparameters for both Random Forest (RF) and XGBoost models, improving 

prediction accuracy and model robustness. Notably, Random Forest achieved optimal 

performance with only 4 features, while XGBoost required 9 features to capture more 

complex relationships in the data, highlighting the different sensitivities and learning 

capacities of the two algorithms. Table 8 and Table 9 Summarize the best Feature Subset and 

Hyperparameters for the both PSO-Optimized Random Forest and XGBoost Models.  

These results demonstrate that PSO optimization successfully balances feature reduction and 

parameter tuning. For Random Forest, the moderate tree depth and high 

min_impurity_decrease ensure reliable predictions using only 4 features. In contrast, 

XGBoost requires more trees with lower depth, moderate learning rate, and subsampling 

strategies to efficiently leverage 9 features while controlling overfitting. Overall, the PSO 

process adapts to the specific requirements of each algorithm, resulting in models that are 

both accurate and robust, with improved interpretability and reduced risk of large-magnitude 

prediction errors. 
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Table 8. Best Feature Subset and Hyperparameters for the PSO-Optimized Random Forest 

Model 

Category Parameter / Feature         Value 

Feature Subset 
Count 4/12 
Features TaC, Temperature, Density, µ 

Hyperparameters 

n_estimators 387 
max_depth 6 
Min_samples_split 2 
Min_samples_leaf 1 
Max_features 1 
Min_impurity_decrease 0.1912 
ccp_alpha 0.05 

 

Table 9. Best Feature Subset and Hyperparameters for the PSO-Optimized XGBoost Model 

Category Parameter / Feature                     Value 

Feature Subset 

Count 9/12 

Features Co, TiC, Ni, TaC, NbC, Temperature, V, Hardness, µ 

Hyperparameters 

n_estimators 846 
Max_depth 3 
Learning_rate 0.2904 
Subsample 0.6148 
Colsample_bytree 0.6835 
Gamma 0.0129 
reg_alpha 0.8095 
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Fig. 8 Experimental and predicted wear rates using the standard and PSO-optimized Random 
Forest model: (a) testing set, (b) training set. 
 
 

(a) 

(b) 



22 

 

 
 

 
 

Fig. 9 Experimental and predicted wear rates using the standard and PSO-optimized XGBoost 
model: (a) testing set, (b) training set. 
 
 
In fact, it is very interesting to know that for both algorithms, the PSO-optimized models 

exhibit a tighter clustering of data points around the 45° reference line, indicating improved 

agreement between predicted and experimental values. Despite the substantial reduction in 

input dimensionality (67% and 25% feature reduction for Random Forest and XGBoost  

respectively), the optimized models not only maintain predictive performance but enhance it, 

as evidenced by reduced dispersion and lower residual magnitude. Besides, Figure 10 

(a) 

(b) 
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illustrates the feature importance rankings for both the standard and PSO-optimized models, 

providing insight into how the optimization process identified a compact yet highly predictive 

subset of input variables. The baseline models, trained on all 12 initial features, distribute 

importance across multiple predictors, including several variables with only marginal 

contributions to the predictive function. In contrast, for the Random Forest algorithm, the 

PSO-optimized model retains only four features (T, TaC, WC, and Cr), corresponding to a 

67% reduction in dimensionality. This substantial reduction suggests that Random Forest can 

achieve strong predictive performance using a compact subset of highly informative variables, 

likely due to its ensemble averaging mechanism, which reduces variance even with fewer 

predictors. 

For the XGBoost algorithm, the PSO-optimized model retains six features (TaC, T, NbC, 

HRC, TiC, and Cr), corresponding to a 25% reduction in dimensionality. The retention of a 

slightly larger feature subset may reflect the gradient boosting framework’s sequential 

learning mechanism, which can benefit from additional complementary predictors to 

iteratively minimize residual errors.  

 
 

 
 

 

 

(a) 
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Fig.10 Measured versus Predicted Wear Rate with ideal 45° agreement line (a) Random 
Forest model and (b) XGBoost Model 
 
 
These retained variables consistently rank among the most influential predictors in the 

baseline models, confirming that the PSO algorithm effectively maximizes predictive 

relevance while minimizing redundancy. This reduced model improves interpretability and 

leads to lower prediction errors (RMSE and MAE), as shown in Fig. 9 and Fig. 10. The 

feature importance plots therefore provide visual and quantitative evidence that the dual-

objective PSO framework achieves an effective balance between model simplicity and 

predictive power by implicitly optimizing the bias–variance trade-off. The percentage 

improvements in performance metrics and model complexity are summarized in Fig. 11. For 

the PSO-RF algorithm, the dominant parameters are the temperature, TaC, μ (mean), and 

Density, respectively. For the PSO-XGB algorithm, the dominant parameters are NBC, 

Temperature, μ (mean), Ni, HRC, TaC, Co, TiC, and Velocity, respectively. 

 

 

(b) 
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Fig.11 Summary of percentage improvements in performance metrics and model complexity.  
 

6. Conclusion   

This study investigated the effectiveness of a hybrid optimization framework combining 

Particle Swarm Optimization (PSO) with machine learning models for accurate wear rate 

prediction of WC/Co-based cermets. By simultaneously performing feature selection and 

hyperparameters tuning, the PSO algorithm adapted the Random Forest and XGBoost models 

to the dataset characteristics, improving predictive performance while controlling model 

complexity. Overall, the results demonstrate that PSO-based hybrid optimization is an 

effective strategy for improving machine learning models for wear rate prediction, enabling a 

balance between predictive accuracy, interpretability, and computational efficiency. 

Furthermore, future work should focus on expanding the dataset, applying advanced 

explainability techniques such as SHAP, and validating the models on independent datasets to 

further assess their robustness and generalization capability. The main conclusions are 

summarized as follows: 

• The PSO algorithm successfully identified optimal hyperparameters configurations for both 

Random Forest and XGBoost, enhancing their predictive capability and performance. 

• For the Random Forest model, PSO achieves a 67% reduction in dimensionality while 

maintaining reliable prediction accuracy. 

• The PSO-optimized XGBoost model delivered the best overall performance, reaching an R² 

of 0.89 and reducing prediction errors by 20.57% (RMSE) and 21.26% (MAE) compared with 

the default model. 
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• While XGBoost provided the highest accuracy, the optimized Random Forest model offers a 

simpler and more interpretable solution. 
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