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Abstract. Belt conveyors, as an essential equipment in the mining industry, requires constant monitoring to maintain 

good reliability. In order to support the belt and the transported material, idlers are components that, constantly, fail 

during operation, in which they present bearing defects as the most common failure modes. These defects can propagate 

more severe failures on the conveyor such as wear or tear on the belt, if idler becomes stuck. Thus, monitoring based on 

predictive maintenance is essential, and machine learning techniques can be used as an alternative for detecting 

equipment failures. In diagnostics using machine learning, the feature selection step is important to avoid overfitting 

and loss of accuracy in the classification of the equipment's condition. The present study analyzes the performance of 
decision tree algorithm as alternative method for dimensionality reduction. Initially, vibration signals were collected on 

the belt conveyor bench idler and the Wavelet Packet Decomposition (WPD) was applied to the signals to obtain the 

energy bands, which were used as features for classification. After the features were determined, three methods were 

analyzed for feature selection: application of no dimensionality reduction method, application of traditional Principal 

Component Analysis (PCA), and application of decision tree. Additionally, different classification algorithms were 

employed: Support Vector Machine (SVM), Linear Discriminant Analysis (LDA), K-Nearest Neighbors (KNN) and 

Artificial Neural Network (ANN). As results, it was found a superior performance of diagnosis accuracy in all techniques 

with a dimensionality reduction of features selected by decision tree. Moreover, SVM, KNN and ANN presented accuracy 

above 98%, indicating high efficiency of the proposed decision tree application as a feature dimensionality reduction 

for classification. 
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1. INTRODUCTION 

 

Belt conveyors are widely used equipment for bulk material transportation and require integrated maintenance 

systems for all components in order to increase asset reliability. Among these components, the idler is one of the main 

targets of study, as it involves the evaluation of operating conditions, reliability estimates, and monitoring data to improve 

decision-making accuracy. Therefore, predictive maintenance is an important tool to ensure the integrity of the conveyor 

system through the monitoring of physical parameters such as vibration and temperature (Liu et al., 2019).  

Vibration analysis is one of the primary fault detection tools using techniques for monitoring signals from rotating 

machinery. Signal patterns are established when the equipment is under normal conditions, and subsequently, changes in 

the time domain, frequency, or time-frequency domain are observed to diagnose possible component failures (Popescu et 
al., 2021). Furthermore, predictive maintenance has become one of the key paradigms of Industry 4.0, enabling greater 

communication between remote monitoring systems with enhanced processing and memory capabilities (Muniz et al., 

2023). 
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Moreover, even with remote monitoring, predictive inspection by workers becomes impractical due to the large 

number of idlers installed along the extensive length of the conveyor belt. Therefore, machine learning emerges as an 

alternative for diagnosing failures through vibration analysis. Machine learning creates models that classify signal 

characteristics and determine component health with high accuracy (Alharbi et al., 2023). Among the main machine 

learning techniques already applied in the literature for idlers, notable examples include Support Vector Machine (SVM) 

(Li et al., 2013), Linear Discriminant Analysis (LDA) (Liu et al., 2021), K-Nearest Neighbors (KNN) (Yang et al., 2020), 

and Artificial Neural Network (ANN) (Ravikumar et al., 2020). 

Furthermore, for model application, it is necessary to select the most significant features to reduce information 

redundancy and improve classification effectiveness. Feature selection aids in reducing the dimensionality of the database 

through various techniques that enhance the discriminatory power of the model while preserving a subset of features with 
greater relevance (Rauber et al., 2014). Ravikumar et al. (2020) applied decision trees to identify statistical features with 

greater capacity to diagnose faults in conveyor belt idlers. Decision trees highlight rules that divide the sample set into 

classes based on certain conditions of a feature. 

However, traditional features extracted from the time or frequency domain, separately, are not very effective in 

diagnosing idlers due to the non-linear and non-stationary nature of vibration signals. It is necessary to resort to time-

frequency domain techniques such as Wavelet Packet Decomposition (WPD). WPD is an extension of the Wavelet 

Transform that extracts the energy of frequency bands from the signal, enabling the identification of disparities between 

healthy and faulty signals (Li et al., 2013). 

Therefore, in this paper, vibration signals from conveyor belt idlers were decomposed into wavelet energy bands, 

from which the most relevant energy bands were identified as feature selection using decision trees. Subsequently, a 

comparison was made between machine learning models with and without feature selection. The selected techniques for 
analysis were SVM, LDA, KNN, and ANN, to identify which technique shows greater improvement in accuracy with the 

decision tree. 

  

2. FEATURE EXTRACTION AND SELECTION 

 

Feature extraction and selection allow input variables to be processed and adapted so that the learning model can 

classify the data with greater accuracy. Therefore, the main concepts of WPD and decision trees will be presented for 

feature extraction and selection, respectively. 

 

2.1 Wavelet Packet Decomposition 

 
Wavelet can be described analytically as a set of functions, as represented below in Eq. (1), simplified to a single 

function that undergoes a series of dilation and translation operations, forming wavelet families. These families are 

selected as mathematical tools in various fields (Daubechies, 1988). Here, n represents the decomposition level, j is the 

scale factor, and k is the translation factor. 

On the other hand, Multiresolution Analysis (MRA) has been used as an alternative to wavelet analysis, allowing the 

creation of functions based on specific chosen conditions according to the characteristics of the signals being analyzed 

(Daubechies, 1988; Rowe and Abbott, 1995). The Daubechies function family was created based on MRA, which does 

not have an analytical expression and is obtained through algorithms designed to meet the required analysis properties 

(Torrence and Compo, 1998). 

 

𝑊𝑗,𝑘
𝑛 (𝑡) = 2

𝑗
2𝑊𝑛(2𝑗𝑡 − 𝑘) (1) 

 

The Wavelet Transform (WT) applies the wavelet basis, analogous to the sinusoidal functions used in the Fourier 

Transform. While sine functions are periodic with constant amplitude beyond the domain, the wavelet basis is a short-

periodic function with zero linear value outside the domain (Torrence and Compo, 1998). Wavelet Packet Decomposition 

(WPD) is an extension of the WT, where the signal is filtered by successive high-pass (HP) and low-pass (LP) filters 

according to the decomposition level of the analysis. Figure 1 represents the operation of WPD for 2 levels of 

decomposition (Wang et al., 2013). 
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Figure 1. Vibration signal decomposition.  

 

Therefore, WPD provides the frequency band coefficients of an idler vibration signal, which can be used as features 

to identify faults through the extraction of wavelet energy bands in an intelligent classification algorithm. Equations (2) 

and (3) below represent the Wavelet Packet coefficients and the band energy, respectively, where f(t) is the time-domain 

signal (Li et al., 2013). 

 

𝑤𝑗,𝑘
𝑛 = ∫ 𝑓(𝑡)

+∞

−∞

𝑊𝑗,𝑘
𝑛 𝑑𝑡 (2) 

 

𝐸(𝐽, 𝑖) = ‖𝑤𝑗,𝑘
𝑛 ‖

2
 (3) 

 

2.2 Decision Tree 

 

For feature selection, decision trees can be applied to identify the most relevant features based on the level of 

individual contribution determined by the decision tree rules. Rules are established in nodes that classify samples into 

branches with leaves dividing the classes (Saravanan et al., 2009). The basic algorithm of decision trees involves 

surveying the features of the data vector x_j, as shown in Eq. (4), to identify the best prediction for the labels y_j (Eq. 

(5)). Then, a comparison of the accuracy of each feature is made, and the feature with the best prediction is selected for 

tree branching. Finally, further branching is performed with the new subgroups in each branch until the final grouping, 

called a leaf (Brunton and Kutz, 2019).  

 

{𝑥𝑗  ∈  ℝ𝑛 , 𝑗 ∈  ℤ ∶= {1, 2, … , 𝑚}} (4) 

 

{𝑦𝑗  ∈ {±1}, 𝑗 ∈  ℤ′ ⊂  ℤ} (5) 

  

By visualizing the tree, features that do not contribute to the model branching can be removed to enhance the 

classification effectiveness of machine learning. 

 
3. MACHINE LEARNING TECHNIQUES 

 

Machine learning is the scientific study of algorithms and statistical models in which a dataset is processed and 

learned to perform a specific task automatically and more efficiently. Among the main types of learning, supervised 

learning stands out. Supervised learning performs a specific function based on labeled training data, requiring external 

assistance. For each label, the algorithm learns to identify patterns in the data characteristics and classify them (Mahesh, 

2018). 

Perspectively, machine learning techniques have been studied for applications in the diagnosis and prognosis of 

mechanical failures in the industrial sector, and literature reviews indicate that 53.3% of published works have applied 

supervised learning (Fernandes et al., 2022). Additionally, techniques for detecting faults in conveyor belt idlers evaluated 

through vibration signals collected from the components have also been presented. 

  
3.1 Support Vector Machine 

 

The basic principle of SVM is to create an optimal data separation plane with linearly separable conditions between 

two classes, where the margin between the closest data points and the class boundary is known as support vectors (Yang 

et al., 2020). However, SVM can also solve non-linear and high-dimensional problems. Given a set of samples xi and yi 
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(for 𝑥𝑖 ∈ 𝑅𝑑; 𝑦𝑖 ∈ {−1, +1}; 𝑖 = 1, 2, . . . 𝑛), an algorithm is obtained through Lagrange's theorem, expressed by Eq. (6), 

where 𝜔 is the weight vector, 𝑏 is the bias, 𝜉 is the damping factor, and 𝐶 is the penalty factor. Additionally, the Lagrange 

coefficients α_i satisfy the conditions shown in Eq. (7), where l is the number of support vectors (Li et al., 2013). 

 

min
1

2
‖𝜔‖2 + 𝐶 ∑ 𝜉𝑖

𝑛

𝑖=1

,  𝑠. 𝑡.  𝑦𝑖[(𝜔. 𝑥𝑖) + 𝑏] ≥ 1 − 𝜉𝑖    (6) 

 

𝑓(𝑥) = 𝑠𝑔𝑛 {∑ 𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 . 𝑥𝑗) + 𝑏

𝑛

𝑖=1

} (7) 

 

For 𝛼𝑖 ≠ 0, the samples that satisfy the above conditions are the support vectors. Therefore, the classification function 

is obtained through Eq. (8). When the samples are not linearly separable, they can be mapped nonlinearly using the Kernel 

function 𝐾(𝑥𝑖 . 𝑥𝑗). The main Kernel functions are linear, polynomial, RBF, and sigmoid (Li et al., 2013). 

 

𝛼𝑖{𝑦𝑖[(𝜔. 𝑥𝑖) + 𝑏] − 1 + 𝜉𝑖} = 0 (8) 

 

3.2 Linear Discriminant Analysis 

 
LDA is a learning and dimensionality reduction technique that creates linear combinations from independent features 

extracted from data samples. These combinations calculate vectors in the underlying space that discriminate the classes 

more effectively (Martínez and Kak, 2001). Consequently, the discrimination aims to maximize the determinant ratio of 

the interclass and intraclass scatter matrices. The main difference between LDA and Principal Components Analysis 

(PCA) is that LDA does not generate pseudo features (Liu et al., 2021). 

Considering the j-th sample and the i-th class forming an input vector 𝑥𝑗
𝑖 applied to the feature extraction vector 𝑓𝑗

𝑖, 

the centroid is calculated as expressed in Eq. (9), where 𝑀𝑖 is the number of samples in the i-th class. Additionally, the 

centroid for all features is calculated as expressed in Eq. (10), for c classes. 

 

𝜇𝑖 =
1

𝑀𝑖

∑ 𝑓𝑗
𝑖

𝑀𝑖

𝑗=1

 (9) 

 

𝜇 =
1

𝑀𝑖

∑ ∑ 𝑓𝑗
𝑖

𝑀𝑖

𝑗=1

𝑐

𝑖=1

 (10) 

 

Thus, the intra-class and inter-class scatter matrices are calculated, represented by 𝑆𝑤  and 𝑆𝑏 in Eqs. (11) and (12), 

respectively. 

 

𝑆𝑤 = ∑ ∑(𝑓𝑗
𝑖 − 𝜇𝑖)(𝑓𝑗

𝑖 − 𝜇𝑖)
𝑇

𝑀𝑖

𝑗=1

𝑐

𝑖=1

 (11) 

 

𝑆𝑏 = ∑ 𝑀𝑖(𝜇𝑖 − 𝜇)(𝜇𝑖 − 𝜇)𝑇

𝑐

𝑖=1

 (12) 

 

Finally, the optimal LDA projection matrix is given by Eq. (13). Therefore, the objective function can be expressed 

by the feature applicability index in Eq. (14). 

 

𝑊𝑜𝑝𝑡 = arg max
𝑊

|𝑊𝑇𝑆𝑏𝑊|

|𝑊𝑇𝑆𝑤𝑊|
= [𝑤1, 𝑤2 , … , 𝑤𝑚] (13) 

 

𝐿𝐷𝐴 = 10 log10

|𝑊𝑇𝑆𝑏𝑊|

|𝑊𝑇𝑆𝑤𝑊|
 (14) 

 

3.3 K-Nearest Neighbors 
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KNN is one of the main unsupervised learning techniques based on the clustering method, where distances between 

the sample data and the created cluster centers are calculated. Initially, initial values of 𝐾 cluster centers𝜇1, … , 𝜇𝑘 , are 

created, which are labeled by 𝐶𝑗 determined in Eq. (15), for the input data 𝑥𝑖 of the 𝑖 sample (Yang et al., 2020). 

 

𝐶𝑗 = arg min
𝑗

‖𝑥(𝑖) − 𝜇𝑗‖
2

  (15) 

 

Thus, the cluster centers 𝜇𝑗 are updated according to Eq. (16), for a database of 𝑚 samples. After calculating the new 

means, the new clusters reclassify the samples. It is important to note the importance of choosing the initial values of the 

cluster centers in order to optimize the machine learning process (Yang et al., 2020). 
 

𝜇𝑗 =
∑ 1{𝑐(𝑖) = 𝑗}𝑥(𝑖)𝑚

𝑖=1

∑ 1{𝑐(𝑖) = 𝑗}𝑚
𝑖=1

 (16) 

 

3.4 Artificial Neural Network 

 

ANN is a learning technique based on modeling the nervous system neurons. The neurons in ANNs are arranged in 

layers and communicate through activation functions. The model is divided into three layer levels: the input layer 

(consisting of initial variables from the database), the output layer (providing a final response from neural 

communication), and the hidden layers (intermediate layers that optimize the communication between input and output). 

One of the main ANN techniques is Multilayer Perceptron (MLP). MLP is applied to create supervised learning models 

with Backpropagation algorithms. Backpropagation involves an iterative process of reducing the error of the output layer, 

where network weights applied in non-linear activation functions are updated based on a gradient descent of the loss 

function to the previous layers (Ravikumar et al., 2020). 
Eq. (17) presents the process at the k-th iteration of updating the vector w denoting the weights of the activation 

functions. ∇E is the gradient of the loss function with respect to the weight function, and δ is the learning rate of the model 

(Brunton and Kutz, 2019). 

 

𝑤𝑘+1 = 𝑤𝑘 + 𝛿∇𝐸 (17) 

 

4. EXPERIMENTAL/COMPUTATIONAL PROCEDURE 

 

The paper was developed in four main stages, as illustrated in Fig. (2). The idlers were installed on the conveyor in a 

sequence of four sets of three rollers each. Two rollers were positioned on the sides under the belt at a 45° angled, and 
one idler was positioned horizontally under the central region of the belt. After the installation and alignment of the idlers 

and belt, a vibration sensor was placed on the lateral region of the idler, as shown in Fig. (3), for signal measurement after 

the conveyor activation. The sensor used was a Teknikao® accelerometer, model NK 30, with an output of 104 mV/g. 

 

 
 

Figure 2. Flow chart for fault diagnosis. 
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Figure 3. Experimental apparatus. 

 

The accelerometer was connected to the Teknikao® signal analyzer, and the signals were processed using the SDAV 

(Digital Vibration Analysis System) software developed by the manufacturer. The initial program settings processed the 

signal in two windows created to display velocity and acceleration vibration signals with a test time of approximately 

6.55 seconds for each window, resulting in a total of 32,000 data points. In addition, the vibration frequency range was 

set between 1 Hz and 2 kHz. 

A defect was introduced in one idler, as illustrated in Fig. (4), where the bearings located at the ends of the inner shell 

of the idler were damaged. For each test, the defective idler was installed in one of the lateral regions of the idler, while 
the other idlers remained in normal condition. A total of 160 tests were performed, with 80 samples having normal idlers 

and 80 samples with one idler having bearing defects. 

 

 
 

Figure 4. Failure mode. 

 

The signals obtained from the tests were collected, and each signal was divided into 4 samples, resulting in a database 

with 480 vibration signal samples, each approximately 1.64 seconds long. The database was acquired and processed by 

creating a Machine Learning algorithm using Python 3.7® language. 

From the creation of a database, the vibration signals were decomposed into wavelet functions at 15 levels of 

decomposition for each sample. The selected wavelet function was the 'db 8' member extracted from the Daubechies 

family. WPD was applied to calculate the coefficients and wavelet energy for each band. Furthermore, the wavelet energy 

bands were preprocessed to adjust the samples to new values within a normalized range. 

With the normalized wavelet energy calculated, a new database was extracted with each energy band representing a 
feature of the sample. Additionally, for each sample, the signal state was identified as 'normal condition' and 'defective 

condition', represented in the database as '0' and '1' for the two states, respectively. 

After properly formatting the new database with normalized wavelet energy, 75% of the data samples were randomly 

used to select features through the decision tree. The objective was for the tree to indicate which features were applied to 

the nodes, while the unused features would not be applied in the learning model. The created model does not have a 

maximum depth, which implies that the tree will branch until the leaves group the samples with the lowest possible 

impurity. Once the selected features were defined for a new database, the data was split into training and testing sets. 

Therefore, the samples were divided in a 75%/25% proportion for training and testing data. 

Finally, the data was trained using four distinct learning models for fault diagnosis. The applied models were SVM, 

LDA, KNN, and ANN. The parameters for each model are highlighted in Table (1). Based on the selected model, a 

comparison graph of accuracies was created to understand the effectiveness of feature selection using the decision tree. 
 

Table 1. Machine learning techniques parameters 

   

Model Parameters 

SVM 
C Kernel Degree 

1.0 RBF 3 

LDA 
Solver Number of components 

SVD None [min (n_classes - 1, n_features)] 

KNN 
Number of neighbors Weights 

5 Uniform 

ANN – MLP 
Solver Alpha Hidden layers sizes 

LBFGS 0,00001 15 

 

5. RESULTS 
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Decision tree, represented in Fig. (5), shows the model formed using the dataset with 16 wavelet energies 𝑥[𝑘] for k 

= {0, 1, ..., 15} for each sample. 

 
 

Figure 5. Decision tree. 

 

As can be observed, the most relevant features in the tree were only 6 out of the 16 energies extracted from the 

samples, corresponding to energies from 𝑥[10]  to 𝑥[15]. It is evident that as the level of decomposition of the vibration 

signal increases using WPD, the identification of defective signals in the idlers becomes more noticeable. Therefore, 

models were created using only the 6 energies and compared to other models using all available energies. Fig. (6) presents 

the comparison of techniques with and without feature selection. 
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Figure 6. Comparative between learned techiniques. 

 

Among the applied techniques, the only one that did not show an improvement in classification performance was 

LDA, with a decrease in accuracies below 80%. This behavior is justified by the nonlinear characteristic of the vibration 

signals from the idlers, which makes it challenging to learn from the linear combinations of LDA. The other techniques 

showed a significant improvement with the implementation of decision trees for feature identification, with all of them 

achieving accuracies above 98% with feature selection. Among the three techniques, MLP-ANN stood out by reaching 

100% accuracy after the application of the decision tree. However, there was only a 1.7% increase in accuracy. KNN 

achieved an accuracy of approximately 99.6% with a 4.8% increase, and SVM achieved an accuracy of 98.75% with a 

7.2% increase, being the technique with the highest improvement. 

 
6. CONCLUSIONS 

 

With feature extraction and selection using WPD and the decision tree, respectively, there is a noticeable 

improvement in fault diagnosis accuracy using different machine learning techniques, especially nonlinear learning 

techniques such as SVM, KNN, and MLP-ANN, with correct classifications in over 98% of the tests. This behavior is 

justified by the nonlinear characteristic of the idler's vibration signal. Therefore, this method supports the effectiveness 

of applying decision trees for the most significant features. 

For future opportunities, experimental vibration data should be collected from belt conveyor systems with materials 

to evaluate the influence of load on idlers under normal and defective conditions. Additionally, measurements should be 

taken from idlers with low-severity bearing defects to assess the detection effectiveness, particularly for incipient faults. 
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