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Abstract: Dual-phase (DP) steels are widely used in the automotive and 

aerospace sectors for their excellent tensile strength, ductility, and wear 

resistance. Experimental determination of wear loss is expensive and 

time-consuming.  These limitations can be eliminated by using data-

driven machine-learning approaches. Wear test experiments were 

conducted to evaluate the volumetric wear loss of DP steels under 

varying conditions of normal pressure, sliding speed, and sliding 

distance; this data was then used as input for machine learning (ML) 

models to forecast wear loss. The primary purpose of this work is to 

develop efficient ensemble machine learning (EML) models to make 

predictions regarding the amount of wear loss experienced by dual-phase 

steel. Random forest (RF), Ada boost (AdaB), and gradient boost (GB) 

were used to predict wear-loss quantities. The dataset collected from the 

wear loss experiment is preprocessed and then split into training and 

testing sets in a 70:30 ratio. The EML models were implemented along 

with adopted optimization techniques like grid search and 10-fold cross-

validation to get the best numerical values for the parameters of 

ensemble algorithms. EML models have achieved their intended 

accuracy through a process of empirical tuning of their parameters using 

k-fold validation and grid search optimization. GB has outperformed 

others with the highest model accuracy and the fewest statistically 

significant errors. As a result, the ELM technique shows great promise 

in aiding the manufacture of wear-resistant components for a wide range 

of applications. 

Keywords: dual-phase steel, ensemble machine learning, 

hyperparameter optimization, wear loss. 
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1. Introduction 

 

Tribology focuses on the study of the frictional and sliding interactions 

that occur between moving and sliding surfaces with the goal of 

understanding and managing these interactions1-2. Significant economic 

losses are incurred in the automotive sector owing to wear and friction on 

mechanically powered machine parts3. The increased demand for light 

weighting in manufacturing motivated more research into improved high-

strength steels. Dual-phase (DP) steels with high strength and great 

formability provide the distinct potential of combining weight reduction with 

better passive safety4. DP steel is commonly used in automobile parts such as 

wheel discs, rims, bumpers, bodywork, and bumpers5. The most typical 

failure mode for such materials is wear6. Consequently, it is essential to 

comprehend the wear rate across various operating parameters. 

Numerous studies have been published on the wear rate of ultrahigh-

carbon steels under various operating parameters. In contrast, surveyed the 

wear behavior of hypereutectoid steels at various working conditions7. Gao8 

looked at how full pearlite wears on bimetallic hypereutectoid steels at 

ambient temperature with and without the application of thermomechanical 

treatments. 

Several experimental studies were carried out to examine the wear 

performance of hypereutectoid steels under different operating 

circumstances. However, this analysis is time-consuming. As a result, 

machine learning algorithms have been adopted to estimate the wear rate of 

materials in order to minimize the expenses associated with experimentation. 

Methods of machine learning (ML) have been the subject of a significant 

amount of research in recent years, and their influence can be observed in a 

wide number of fields. For instance, the amount of wear for coated ferroalloy 

at different operating conditions was predicted based on ML algorithms9. 

Siqi10 looked at how the ML approach can be used in the field of materials 

engineering as well as the functional sector. The linear regression (LR) 

method was utilized so that an estimation of the amount of wear loss could be 

provided11. Furthermore, we uncover numerous common themes related 

to the application of ML techniques, such as material characteristics12, crystal 

structures13 and phase diagram predictions14, which greatly speed the 

discovery of new materials via a data-driven material research approach. 

Taking into account the available data, ML methods typically display 

outstanding performance when tackling the challenging multidimensional 

exponential relationship between input and output variables.  

In this research, we used the machine learning algorithms RF, AdaB, and 

GB to forecast the wear loss of DP steel in dry sliding conditions. 
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2. Materials and Methods 

 

 This section includes the methodology of the work carried out. The 

following procedures form the methodology of this study: data collection, 

dataset pre-processing, ensemble model implementation, evaluation, 

optimization, and model prediction. Figue 1 shows a graphic representation 

of the entire workflow, which is followed by more detailed explanations. 

2.1 Data collection and pre-processing  

The DP steel material sample was prepared with 0.92 percent carbon, and the 

steps taken to achieve this concentration are described in detail15. Gathering 

appropriate data is a critical initial step in developing an effective data-driven 

ML system. Tribological experimentation requires a significant investment of 

both time and finances, which makes it difficult to carry out a large number 

of tests. In order to address this problem, we used the pin-on-disc wear testing 

equipment to conduct tests and gathered a useful dataset of the wear behavior 

of DP steel. Figue 2 shows the wear test experimental setup. The dataset 

contains various input features such as sliding speed, normal pressure, and 

sliding distance, with wear rate serving as the output parameter. 

 Data preprocessing is a major step to be taken before implementing the 

EML models, hence the data was cleaned, separated into training and testing 

sets (70:30), transformed, and standardized. We used Spyder, an open-source 

IDE for Python (version 3.7), to analyze EML algorithm performance. 

2.2 Ensemble Machine learning models 

In supervised ML, regression analysis quantifies the input-output 

relationship16. In this work, the below-mentioned EML algorithms were used 

to forecast DP steel's tribological behaviour based on input and output 

parameters. 

2.2.1 Random Forest 

The supervised learning method known as RF employs a plethora of decision 

trees. The foundational idea behind RF is to combine several decision trees 

into a single one to determine the final output, rather than relying on the 

results of individual trees17. 

2.2.2 AdaBoost 

The adaptive boosting algorithm is an eminent machine learning algorithm 

introduced by Freund and Schapire which works on the concept of boosting. 

It is also identified as an ensemble learning algorithm18 which reduces 

variance and bias under two classifications namely bagging-based and 

boosting-based, respectively. This method is called iteratively until all the 

features are classified correctly. 
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2.2.3 Gradient Boost 

Gradient Boosting Machines was developed by Friedman which trains many 

models in a gradual, additive, and sequential manner. Its goal is to reduce the 

model's loss by employing a gradient descent-like approach to add weak 

learners. To forecast the outcome, it employs several additive functions19. 

2.3 Evaluation metrices 

Three evaluation criteria were used, including R-squared (R2), the mean 

absolute error (MAE), and the root mean square error (RMSE), to estimate 

the performance of EML models which can be calculated as: 

(2.3.1)     MAE = 
1

𝑛
∑ |𝑦𝑖 − 𝑥𝑖|
𝑛
𝑖       

where  𝑛 is number of data points, 𝑦𝑖 is prediction and 𝑥𝑖 is true value. 

(2.3.2)     RMSE = √
1

𝑛
∑ (

𝑦𝑖−𝑌𝑖
𝑌𝑖

)
2

𝑛
𝑖=1        

Where n is the sample points, 𝑦𝑖 is the predictive value and 𝑌𝑖 is the 

experimental value. 

(2.3.3)     𝑅2 = 1 −
∑ (𝑠𝑖−𝑠̂𝑖)𝑖

2

∑ (𝑠𝑖−𝑠̅𝑖)𝑖
2           

where si is  variable to be predicted, 𝑠̂𝑖 is the predicted value and 𝑠̅𝑖 is total 

variability in s. 

2.4 Parameter Optimization  

In practice, the ML models achieve their desired accuracy through a process 

of parameter optimization based on the availability of data and the application 

area. Hyperparameters customize the model training. They influence a 

model's learning and reduce test dataset error20. 

2.4.1 Grid search (GS) 

In this work, we utilize GS optimization technique to tune hyperparameters. 

We start by making a grid of searchable parameters, and then it generates the 

parameters that are most suitable for our data. 

2.4.2 k-Fold Cross-Validation 

An interpolation technique known as cross-validation can be utilized to 

increase the accuracy of the evaluation of EML models based on a limited 

amount of available data. The first fold is a validation set, and indeed the 

remaining k-1 folds are fit. In this work, we performed an optimization on the 

value of k equal to 10. 

The detailed explanation of GS and k-fold cross-validation is discussed in 

previous work21. 
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We investigated EML models with GS in conjunction through ten-fold cross-

validation to determine the individual parameter values that can result in the 

best performance. Table I records the significant parameter values of EML 

models. 

 

3. Results and Discussion 
 

The efficient EML models were developed through the use of grid search 

optimization and 10-fold cross-validation. The performance of these models 

was evaluated through the utilization of R2, MAE, and RMSE. In this part, 

we will present the outcomes of an EML analysis that was conducted in order 

to anticipate the amount of wear loss in dual-phase steel. Table II presents the 

performance of EML models in wear loss prediction. A high level of 

satisfaction is indicated by an R2 value between 0.92 and 0.99. The 

statistically significant minimal error values for both MAE and RMSE range 

from 0.065 all the way up to 0.49 is observed. 

EML regression models are shown in Fig.3, together with their accuracy 

throughout training and testing, for both the experimental and predicted wear 

rates. The training and testing data are represented by red and blue scatter 

points, the predictions for training and testing are represented by red and blue 

dashed lines, and the solid black line indicates the model that provides the 

greatest fit to the training and testing data. Fig.4 compares the two-evaluation 

metrics for three EML models on the training (cyan) and test (blue) dataset. 

The performance of ML models is ranked in ascending order as AdaB, RF, 

and GB. 

In contrast to the three EML models, the GB model has the ability to make 

the most precise forecasts. On the other hand, AdaB provides the least 

accurate predictions, despite the fact that its error values are significantly 

lower. AdaB has a minimal set of hyperparameters that can be changed to 

improve model performance; this could explain its poor accuracy. 

 

4. Conclusion 
 

1. Machine learning has made a significant contribution to predicting the 

wear loss of dual-phase steel. 

2. Ensemble machine learning model has produced some encouraging 

results in terms of the accuracy of its wear loss prediction in dual-phase 

steel. 

3. GB has performed significantly better than the rest of the group in both 

the training and the testing phases, achieving the greatest accuracy and 

a significantly lower error rate than the others. 
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Table I : Optimized parameters  

Model name Selected parameters 

RF n_estimators=150, max_features=3, max_depth=4 

AdB learning_rate=0.25, random_state=21, loss='linear' 

GB criterion='friedman_mse', n_estimators=100, max_depth=4 

 

Table II: Performance of ensemble learning models  

Models Dataset Evaluation criterion 

R2 MAE RMSE 

RF 
Training 0.980 0.311 0.496 

Testing 0.97s9 0.245 0.439 

AdB 
Training 0.922 0.313 0.378 

Testing 0.916 0.253 0.320 

GB 
Training 0.994 0.077 0.108 

Testing 0.978 0.065 0.091 

 

 

 
 

Figure 1: Methodology 



              

Intelligent Prediction of Wear Loss Based on Ensemble Learning     167 

 

 
          

          5*5 pixel                      2*2 Kernel                  Feature Map 
 

Figure 2: Wear test experiment 
 

 
 

            Figure 3: Predicted wear rate by EML models 
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Figure 4: Evaluation metrics by EML models 
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