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 Context—Rolling-element bearings are among the most critical components in industrial machinery, 
and their failures may result in unexpected downtime, economic losses, and safety risks. As Industry 4.0 
applications continue to expand, there is an increasing demand for reliable, computationally efficient, 
and real-time fault diagnosis systems capable of operating under varying industrial conditions.  
Objective—This study aims to develop a robust and lightweight bearing fault diagnosis framework by 
integrating multiscale entropy-based feature extraction methods with conventional machine learning 
classifiers. The objective is to systematically evaluate the effectiveness, robustness, and parameter 
sensitivity of different entropy measures for accurate bearing fault classification under diverse 
operating conditions while maintaining suitability for edge-computing and real-time industrial 
monitoring applications. 
Method—The proposed 
framework combines three 
multiscale entropy 
methods—Multiscale 
Sample Entropy, Multiscale 
Fuzzy Entropy, and 
Multiscale Permutation 
Entropy—with six 
lightweight classification 
algorithms: k-Nearest 
Neighbors, Support Vector 
Machine, Logistic 
Regression, 
Backpropagation Neural 
Network, Extreme Learning 
Machine, and Softmax 
Regression. Experimental  
evaluations were conducted using two benchmark datasets: the Case Western Reserve University 
(CWRU) drive-end bearing dataset and the CISAR three-axis industrial vibration dataset collected under 
realistic conditions. Hyperparameter selection was performed through stratified 10-fold cross-
validation to ensure fair model comparison and prevent overfitting. In addition, sensitivity analysis was 
conducted by varying the entropy scale factor between 6 and 18 to investigate its effect on classification 
performance and feature stability. 
Results—Experimental findings demonstrate consistently high classification performance across 
different fault types, fault diameters, and operating conditions. Among the investigated feature 
extraction methods, MFE showed comparatively high classification accuracy and stable performance 
across the experimental settings, frequently exceeding 99% classification accuracy across multiple 
classifier combinations. Several classifier-feature pairs achieved perfect classification performance on 
the CWRU dataset. The sensitivity analysis revealed that the optimal scale-factor range lies between  
𝜏 = 12 and 14. Compared with MSE and MPE, MFE showed descriptively lower sensitivity to scale-factor 
variation, indicating stronger robustness against operational variability and signal noise. 
Conclusion—The proposed framework provides an accurate and lightweight approach for bearing fault 
diagnosis, with potential applicability to resource-constrained monitoring environments. The 
integration of multiscale entropy features with lightweight classifiers enables reliable predictive 
maintenance under varying industrial conditions. The results highlight the empirically higher 
performance of MFE-based feature extraction and provide practical guidance for developing robust 
Industry 4.0 fault monitoring systems. 

Key Words—Bearing fault diagnosis, Extreme learning machine, Feature extraction, Multiscale entropy, 
Scale–factor sensitivity, Vibration analysis. 
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I. INTRODUCTION 

n the digitalization era, industrial machines and cyber-physical 
systems play an essential role in industrial and service 

systems. Consequently, fault diagnosis and maintenance have 
received considerable attention. While corrective maintenance 
after failure can lead to high operating costs, proactive 
maintenance aims to prevent unplanned downtime by predicting 
failures before they occur. Automatic fault detection and 
identification are therefore essential for reliable machine 
operation [1]. Bearings are critical machine components exposed 
to changing loads, speeds, and operating conditions. 
Approximately 50% of common failures in electric motors are 
related to bearing problems [2], which can cause mechanical 
damage, production downtime, and safety risks. Therefore, 
effective bearing fault diagnosis is essential for improving the 
reliability and safety of mechanical equipment [3]. Common 
bearing defects include outer-race, inner-race, ball or roller, and 
cage defects, as well as multiple-component defects, looseness, 
misalignment, and inadequate lubrication. 

Bearing fault diagnosis has attracted increasing research 
attention due to the growing demand for safety and reliability in 
industrial systems. Existing approaches can generally be 
classified as model-based and data-driven methods [4]–[7]. 
Model-based methods depend on analytical models and may be 
sensitive to changes in operating conditions [6]. Data-driven 
techniques, in contrast, use historical data without requiring an 
explicit mathematical model, making them suitable for changing 
environments [8]–[11]. 

Machine learning methods, including artificial neural networks, 
support vector machines, and principal component analysis, have 
been widely applied to bearing fault diagnosis [12], [13]. A typical 
fault classification framework includes data collection, feature 
extraction, and fault identification [14]. However, separate 
feature extraction and classification stages may require manual 
feature engineering, increasing complexity and computational 
time [15]. Statistical approaches may also be sensitive to sensor 
placement and changing operating conditions [16], [17]. With the 
rapid development of artificial intelligence, deep learning 
methods have increasingly been applied to bearing fault 
diagnosis [18]–[21]. Early studies mainly employed vibration 
signals in deep learning frameworks [22], [23]. For example, 
Short-Time Fourier Transform and a Convolutional Neural 
Network have been combined and achieved approximately 97% 
accuracy [24], while a multi-signal fusion approach based on an 
improved deep convolutional generative adversarial network for 
imbalanced data has been proposed, achieving approximately 
98% accuracy [25]. 

Current-signal (CS)-based diagnostic methods have also gained 
attention because CSs are easy to collect, inexpensive, and non-
invasive [26], [27]. However, weak fault characteristics in CSs 
may limit diagnostic performance in practical applications [28]. 
A hybrid fault diagnostics and prognostics system has been 
proposed for motor-bearing health monitoring under multiple 
operating conditions, although it was limited to specific fault 
detection [29]. Several public datasets, including PRONOSTIA 
[30], CWRU [31], IMS [32], and Paderborn [33], are also widely 
used in data-driven bearing fault diagnosis. 

It is important to clarify that the present study does not claim 
methodological novelty in the mathematical formulations of 
Multiscale Sample Entropy (MSE), Multiscale Fuzzy Entropy 
(MFE), or Multiscale Permutation Entropy (MPE). These methods 
are established entropy-based representations that have 
previously been introduced and applied in different signal 
analysis and fault diagnosis problems. The contribution of this 
study instead lies in providing a unified and controlled 
benchmarking framework for their comparative evaluation in 
bearing fault detection. 

In contrast to studies that primarily investigate a single entropy 
representation or evaluate entropy-based features under 
different experimental configurations, the present study 
evaluates MSE, MFE, and MPE under the same signal 
segmentation, feature extraction, sampling, and cross-validation 
procedures. This controlled design enables the relative 
discriminative capability of the three entropy representations to 
be assessed without introducing performance differences arising 
from inconsistent experimental settings. Furthermore, the three 
entropy methods are systematically combined with six 
conventional and computationally lightweight classifiers, 
allowing the interaction between feature representation and 
classifier selection to be examined. 

Another distinguishing aspect of the study is the evaluation of the 
entropy representations on two vibration datasets with different 
acquisition characteristics. The CWRU drive-end bearing dataset 
and the CISAR three-axis vibration dataset provide 
complementary experimental settings for examining the 
consistency of entropy-based representations across different 
signal characteristics. In addition, a scale-factor sensitivity 
analysis is conducted by varying the scale factor from 6 to 18 for 
all three entropy methods. This analysis provides further insight 
into the robustness of each entropy representation with respect 
to parameter variation and identifies an empirically favorable 
range associated with relatively stable classification 
performance. 

Therefore, the novelty of the present study should be understood 
as a systematic comparative and benchmarking contribution 
rather than the introduction of a new entropy formulation. By 
jointly considering three multiscale entropy representations, six 
classifiers, two vibration datasets, and scale-factor sensitivity 
under a common experimental protocol, the study provides 
comparative evidence regarding the accuracy, stability, and 
practical robustness of MSE, MFE, and MPE for bearing fault 
detection. The current study, 

• Established a unified benchmark for comparing three 
established multiscale entropy representations (MSE, MFE, 
and MPE) under the same preprocessing and validation 
conditions. 

• Performed scale-factor sensitivity analysis (𝜏 = 6-18), 
identifying the empirically favorable range (𝜏 = 12-14) for 
stable classification performance. 

• Evaluated the three entropy representations in combination 
with six lightweight classifiers to systematically compare 
their classification effectiveness. 

• Validated the comparative performance of the entropy-based 
representations using both the CWRU drive-end bearing 
dataset and the CISAR three-axis vibration dataset. 

• Provided practical insights into entropy selection, parameter 
sensitivity, and lightweight classifier combinations for 
reliable bearing fault detection. 

The structure of this study is delineated as follows: Section II 
describes the implementation of bearing faults and the data 
collection procedures for the two benchmark datasets. Section III 
details the proposed fault classification framework, including the 
entropy-based feature extraction methods and the six 
classification algorithms. Section IV presents comparative 
benchmarking results together with the scale-factor sensitivity 
analysis. Section V offers a comprehensive discussion of the 
findings and concluding remarks. 

II. IMPLEMENTATION of BEARING FAULTS and DATA 
COLLECTION 

To evaluate the proposed fault classification framework 
comprehensively, this study utilizes two distinct vibration signal 
datasets. The following subsections detail the data acquisition 

I 
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setups, fault implementations, and characteristics of these 
benchmark datasets, providing the necessary context for 
subsequent feature extraction and classification experiments. 

A. The Case Western Reserve University benchmark dataset 

The Case Western Reserve University (CWRU) Bearing Data 
Center [34] has become a standard reference for developing and 
evaluating bearing fault diagnosis methods. Although many 
studies have utilized the CWRU dataset for classification 
purposes [14], most of them are limited in scope—either focusing 
on a narrow set of fault types or reporting overly optimistic 
results that may not reflect real diagnostic challenges. 
Furthermore, certain fault conditions in the dataset—due to 
signal complexity, overlapping characteristics, or measurement 
noise—are inherently difficult to classify. A comprehensive and 
systematic benchmark analysis that reflects these challenges is 
still lacking. While an important attempt is made in [31], their 
study did not focus specifically on classification tasks or include 
a wide range of methods. To address this gap, the present study 
proposes a focused benchmark analysis using only the drive-end 
bearing data from the CWRU dataset. This dataset includes an 
induction motor under loads from 0-hp to 3-hp. The data were 
recorded at 12 kHz and 48 kHz sampling frequencies. In addition, 
fault diameters from 0.007 to 0.028 inches were seeded into the 
balls, inner race, and outer race. The application of CWRU data for 
validation has become a standard reference for testing fault 
classification algorithms. This study focuses exclusively on the 
drive-end bearing data to perform fault diagnosis. For 
experiments involving outer race faults, the defect is located in 
the load zone at the 6 o’clock position. Each signal is segmented 
into 40 non-overlapping samples, with each sample containing 
2048 data points. 

B. The Eskisehir Osmangazi University benchmark dataset 

The three-axis vibration data used in this research were collected 
in Eskisehir Osmangazi University (The Center for Intelligent 
Systems Applications Research-CISAR) by using the testbed 
described in [35] and shown in Fig. 1. 

A six-pole, three-phase, 1.5 kW induction motor was used in 
experimental data collection. The induction motor was loaded 
100% with an electromagnetic powder brake (Merobel Frat 650). 
A National Instrument (NI) data acquisition system (NI cRio 
9056) was used to record the data. Vibration signals were 
collected using a 3-axis vibration sensor (PCB 356a15 triaxial) via 
a NI 9230 module. LabVIEW tool was used for data collection. The 
schematic diagram of the test bed is given in Fig. 2. 

A total of four different test conditions were artificially 
implemented on the motor’s bearing parts by using 
electroplating method. The four test conditions include healthy, 
inner race fault, outer race fault, and ball bearing fault types. The 
faults on bearing parts were implemented by creating holes with 
a diameter of 2.5 mm on the inner-race, outer-race, ball of the 
bearing. In each test condition, the induction motor was loaded 
with 100%, and the three-axis data were collected. Each bearing 
fault was studied independently. The three-axis vibration data of 
the induction motor with healthy and faulty bearings were 
recorded with a duration of 40 seconds and a sampling frequency 
of 6400 Hz. Fig. 3 shows the implemented bearing faults. 

III. THE PROPOSED FAULT CLASSIFICATION 
FRAMEWORK WITH ENTROPY-BASED FEATURES 

The classification framework consists of two main stages: feature 
extraction from raw vibration signals and subsequent 
classification using machine learning algorithms. The next 
sections describe these stages in detail, starting with the entropy-
based methods used to derive discriminative features for bearing 
fault diagnosis. 

A. Entropy-based feature extraction 

This paper examines three entropy methods: MSE, MFE, and MPE. 
These methods extend sample entropy, fuzzy entropy, and 
permutation entropy to a multiscale framework. In the present 
study, these established entropy measures are not modified; 
rather, they are implemented using a common computational and 
experimental protocol to enable a controlled comparison of their 
feature representation capabilities for bearing fault detection. 

• MFE: As an alternative to SamEn, fuzzy entropy (FuzzyEn) is 
introduced recently in [36]. Unlike SamEn, which uses the 
Heaviside function, FuzzyEn applies a fuzzy membership 
function for better continuity. It is used successfully in [37] 
for the detection of rolling bearing faults. Later, MFE was 
developed by combining FuzzyEn with a coarse-graining 
process to assess the self-similarity of the data [38]. However, 
MFEs can produce unreliable results for short-term data, 
highlighting the need for a more effective approach [39]. 

• MSE: Entropy-based complexity measures suggest that 
random sequences have the highest complexity, but in reality, 
neither fully regular nor entirely random sequences are the 

 

Fig. 1. The CISAR testbed. 
 

 

Fig. 2. Schematic diagram of testbed. 
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most complex. Biological and physiological time series often 
have patterns on multiple scales. MSE, introduced in [40], 
captures these patterns, showing a higher complexity for 
correlated data and a lower complexity for predictable or 
random signals. MSE is widely used in time series analysis 
with various entropy measures [41], including Sample 
Entropy in [40]. 

• MPE: MPE was introduced to measure the complexity of 
nonlinear signals. Similar to MSE, its calculation has two 
steps: first, the original time series is transformed into a 
multiscale time series using a nonoverlapping window; then, 
permutation entropy is computed from the multiscale time 
series [42]. 

In this study, EntropyHub [43] in Python was used to implement 
these entropy-based feature extraction methods. One of the key 
advantages of EntropyHub is its ability to specify numerous 
parameters for entropy calculation through optional keyword 
function arguments. Drawing conclusions from entropy values is 
valid only when the chosen parameters accurately capture the 
underlying dynamics of the data.  

B. The classification techniques 

To ensure a fair comparison with the study of Ref. [14], the same 
six classification techniques were used. Each classification 
algorithm was implemented using the scikit-learn library for 
Python [44]. These algorithms are evaluated: k-Nearest 
Neighbors (k-NN), Linear Support Vector Machine (LSVM) with a 
linear kernel, Logistic regression (LR), Back-propagation neural 
network (BPNN), Extreme learning machine (ELM), and Softmax 
regression (SR). 

• k-Nearest Neighbors (k-NN): The k-NN classification 
algorithm represents each training sample in a D-dimensional 
space based on its D features. A new sample is mapped to the 
same space, and its classification is determined by identifying 
its k-nearest neighbors, typically using the Euclidean distance 
[45], [46]. The class of these neighbors is then tallied, and the 
majority vote determines the classification of the new sample. 
In this study, the traditional k-NN rule is adapted for fault 
classification, where a new object is classified by analyzing its 
proximity to the nearest training samples in the feature space. 

• Support vector machine (SVM): SVMs have become a powerful 
tool for solving classification and regression problems. In 
classification tasks, SVMs aim to identify an optimal 
hyperplane that maximizes the separation between different 
classes. Conversely support vector regression seeks to 
approximate a mapping function from an input domain to a 
continuous output space while preserving the key 
characteristics of the maximal margin algorithm. More 
broadly, classification can be viewed as making predictions 
with binary outcomes [47], [48]. SVM classifiers can be 
categorized as either linear or non-linear. Scikit-learn 
provides three options for SVM classification, with the choice 
depending on factors such as the number of classes, the type 
of kernel function, and other model-specific 
hyperparameters. 

• Logistic regression (LR): Logistic regression, also known as 
maximum-entropy classification or a log-linear classifier, is a 
widely used supervised learning algorithm applied in various 
fields, including energy efficiency control and fault 
diagnostics [49]. LR can be implemented using three 
approaches: Binary, One-vs-Rest, or Multinomial. The 
analyzed dataset contained only two possible outcomes: 
faulty or healthy. In Scikit-Learn, Logistic Regression 
supports six solvers: (i) ‘liblinear’, (ii) ‘lbfgs’, (iii) ‘sag’, (iv) 
‘saga’, (v) ‘newton-cg’, and (vi) ‘newton-cholesky’, each 
offering distinct advantages depending on dataset 
characteristics such as dimensionality, scaling, categorical 
features, and memory constraints. 

• Backpropagation neural network (BPNN): Backpropagation 
neural networks [50] are a type of artificial neural network 
that utilize multilayer feedforward architectures for 
computation. When used for classification, they typically 
consist of input, hidden, and output layers. 

• Extreme learning machine (ELM): Extreme learning machine, 
proposed in [51] is a fast and efficient single-layer feed-
forward neural network algorithm [52]. Unlike traditional 
neural networks, ELM does not require iterative learning, 
which helps avoid issues such as initialization of random 
parameters and getting stuck in local minima. It randomly 
assigns input weights and biases to the hidden layer, while 
the output weights are determined using the least square 
solution. This makes ELM computationally efficient and easy 
to train. Because of its speed and simplicity, it has gained 
attention from researchers and has been applied in areas 
such as face recognition, time-series forecasting, and fault 
detection [53]. ELM supports various activation functions, 
including ‘tanh’, ‘sine’, ‘tribas’, ‘inverse tribas’, ‘sigmoid’, ‘hard 
limit’, ‘soft limit‘, ‘Gaussian’, ‘multiquadric’, and ‘inverse 
multiquadric’. 

• Softmax regression (SR): Softmax regression, an extension of 
logistic regression, is generally designed for multi-class 
classification problems where the classes are mutually 
exclusive. Although typically used to handle multiple classes 
efficiently, in this study, the softmax regression framework is 
adapted and applied to our binary diagnostic task (healthy vs. 
faulty). This allows for evaluating its feature mapping and 
probabilistic decision boundary capabilities in a binary 
context. Because of its computational simplicity and 
effectiveness, it has been widely applied in various practical 
domains [54]. 

(a) 

 

(b) 

 

(c) 

 

Fig. 3. Bearing fault classes: (a) Outer race, (b) Inner race, (c) Ball defects. 
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IV. COMPARATIVE EVALUATION OF CLASSIFIERS and 
FEATURE SCALING SENSITIVITY 

To assess the practical effectiveness of the proposed framework, 
a thorough comparative evaluation was performed across 
multiple classifiers and feature extraction methods. The 
following analysis systematically examines classification 
accuracy, robustness under varying conditions, and the impact of 
feature scaling parameters, with detailed insights supported by 
the empirical results presented in Tables 1-3, along with Fig. 4. 

A. Hyperparameter configuration strategy 

To ensure a fair and reproducible comparison across all 
classification models, hyperparameters were selected through an 
empirical validation-based search within predefined and 
algorithm-specific candidate ranges. Rather than performing an 
exhaustive grid search over all possible parameter combinations, 
candidate configurations were evaluated using stratified 10-fold 
cross-validation on the training data. The selection criterion was 
primarily the mean validation accuracy, while consistency across 
folds and model complexity were also considered to avoid 
overfitting. The final configurations were selected based on this 
comparative evaluation and are reported below. The candidate 

settings evaluated for each classifier and the corresponding 
selected configurations are detailed below; the search was 
conducted independently for each classifier rather than as an 
exhaustive Cartesian-product search across all algorithms. 

• k-NN: The number of neighbors (k) was evaluated for values 
[1, 20], and the n_neighbors were determined to be 5. 

• SVM: Multiple kernel functions (linear, polynomial, RBF, and 
sigmoid) were tested. The optimal model was found to use a 
linear kernel. Consequently, these hyperparameters were 
selected based on the dataset, with a random_state value of 40 
to ensure reproducibility. 

• LR: In this study, among the six solver options provided in 
Scikit-Learn, ‘liblinear’ was selected in combination with an 
L1 penalty due to its suitability for small datasets and sparsity 
promotion. To ensure reproducibility, the model was 
implemented with random_state=0. 

• BPNN: In this study, the model is configured with ‘lbfgs’ as the 
solver, 𝛼 = 1e-5 for regularization, and hidden layer sizes of 
(35, 25). The ‘tanh’ activation function is used for the hidden 
layers, while the output layer retains a linear activation 
function. In addition, a random_state of 25 is set to ensure 
reproducibility. 

Table 1. Benchmark comparison of class-wise classification accuracies for 0.007 and 0.014 in. fault width based on the CWRU bearing dataset. 

Fault 

width (in.) 
Method Classifier 

Load/Speed (hp)   

0 1 2 3   

Avg. Acc. (F1 score) Std Avg. Acc. (F1 score) Std Avg. Acc. (F1 score) Std Avg. Acc. (F1 score) Std Mean 

0.007 

MSE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 98.75 (94.67) 3.75 100 (100)  0 100 (100)  0 99.69 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 99.69 0.63 100 0 100 0   

MPE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

MFE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

0.014 

MSE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

MPE 

k-NN 98.75 (98.55) 3.75 100 (100)  0 100 (100)  0 100 (100)  0 99.69 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 98.75 (98.55) 3.75 100 (100)  0 100 (100)  0 100 (100)  0 99.69 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 99.58 1.25 100 0 100 0 100 0   

MFE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   
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• ELM: After evaluating various activation functions, the 
‘sigmoid’ activation function with n_hidden=27 can achieve 
the best approximation results. 

• SR: In this study, the LogisticRegression class from scikit-learn 
is used with the parameter multi_class= ‘multinomial', which 
allows softmax regression. The solver lbfgs is chosen due to 
its efficiency in optimizing the likelihood function for 
multinomial logistic regression. Furthermore, the parameter 
𝐶 = 10 is used as the inverse of regularization strength, 
which means that weaker regularization is applied to prevent 
overfitting. This configuration allows the model to effectively 
learn decision boundaries for multi-class classification tasks 
while maintaining computational efficiency. 

The performance of MSE, MFE, and MPE is influenced by their 
respective parameter settings. In addition to classifier settings, 
the performance of entropy-based feature extraction methods 
was also found to be highly sensitive to the choice of parameter 
values. Although this study does not aim to propose novel 
parameter tuning strategies for these entropy measures, 
consistent parameter settings were adopted to ensure 
comparability and reproducibility. For all three entropy methods, 
the scale factor (𝜏) was fixed at 12 for the main experiments. The 
entropy parameters were selected by considering established 

parameter settings in the literature, consistency with [14], and 
their observed performance in preliminary tests. For MPE, the 
embedding dimension and time delay were set to m=5 and 𝜆=1, 
respectively. For MSE and MFE, the embedding dimension was 
set to m=2, while the tolerance threshold r was defined relative 
to the standard deviation of the signal, as specified in reference 
[14]. These settings were retained to provide a consistent and 
reproducible comparison among the entropy-based feature 
extraction methods rather than introducing method-specific 
parameter optimization. With the scale factor set to 12, each 
entropy method generates a 12-dimensional feature vector, 
where each dimension corresponds to the entropy value 
calculated at one scale. Thus, MSE, MFE, and MPE independently 
produce 12-dimensional feature representations for each signal 
segment. 

To investigate the impact of the scale factor on feature quality and 
model accuracy, a sensitivity analysis was conducted by varying 
𝜏 in the range of 6 to 18. Accordingly, 𝜏 = 12 was retained for the 
main experiments as it lies within the empirically identified 
optimal interval while providing a consistent parameter setting 
across all three entropy methods. The classification performance 
of all algorithms was compared across this range to identify the 
empirically optimal scale interval. The analysis demonstrated 

Table 2. Benchmark comparison of class-wise classification accuracies for 0.021 and 0.028 in. fault width based on the CWRU bearing dataset. 

Fault 

width (in.) 
Method Classifier 

Load/Speed (hp)   

0 1 2 3   

Avg. Acc. (F1 score) Std Avg. Acc. (F1 score) Std Avg. Acc. (F1 score) Std Avg. Acc. (F1 score) Std Mean 

0.021 

MSE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

MPE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

MFE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

0.028 

MSE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

MPE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   

MFE 

k-NN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SVM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

LR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

BPNN 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

ELM 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

SR 100 (100)  0 100 (100)  0 100 (100)  0 100 (100)  0 100 

Mean 100 0 100 0 100 0 100 0   
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that feature quality and classification accuracy were maximized 
when  𝜏 was in the range of 12 to 14. 

B. Classification performance evaluation 

The classification performance of the proposed reliability-
focused framework was rigorously evaluated using two 
benchmark datasets: the drive-end subset of the Case Western 
Reserve University (CWRU) bearing data and the CISAR three-
axis vibration dataset. This evaluation aimed not only to 
benchmark accuracy metrics but also to analyze the robustness 
and generalizability of the proposed entropy-based feature 
extraction approaches combined with six widely used 
classification algorithms systematically as outlined in Algorithm 
1 as given in Table 4. 

For each fault condition, 20 randomly selected non-overlapping 
signal segments were used together with 20 healthy segments, 
resulting in 40 observations for each binary classification task. 
The use of 20 samples per class was retained to maintain 
consistency with the benchmark configuration of [14] and to 

ensure a controlled and computationally manageable 
comparison across all entropy–classifier combinations. A fixed 
random seed was used for sample selection to ensure 
reproducibility. Thus, the classification task was formulated as 
binary classification (healthy vs. faulty) for each fault condition 
rather than as a single multi-class classification problem 
involving all fault types simultaneously. The same sampling 
strategy was applied consistently across all investigated fault 
conditions. Stratified 10-fold cross-validation was then applied to 
the resulting feature matrix to preserve the faulty-to-healthy 
class ratio across all folds. 

For the CWRU dataset, Tables 1–2 report class-wise classification 
accuracies across four distinct fault types and multiple fault 
diameters. To ensure comparability with existing literature, 
particularly the benchmark study in [14], the same drive-end 
bearing data configuration was adopted. The results 
demonstrated consistent and, in many cases, highly competitive 
performance. Specifically, 38.18% (green-highlighted cells) of the 
individual classification results surpassed those reported in [14], 

Table 3. Overall classification accuracy based on the CISAR bearing dataset. 

Method Classifier 

X-axis Y-axis Z-axis  

Ball Inner Outer Ball Inner Outer Ball Inner Outer  

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd 

Avg.  

Acc. 

Std 

Dvd Mean 

MSE 

k-NN 100 0 100 0 100 0 97.5 7.50 100 0 100 0 97.50 7.50 100 0 100 0 99.44 

SVM 100 0 100 0 100 0 97.5 7.50 100 0 100 0 100 0 100 0 100 0 99.72 

LR 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

BPNN 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

ELM 87.5 20.16 95 0 97.50 7.50 85 16.58 100 0 95.00 7.50 92.50 16.01 100 0 100 7.50 94.72 

SR 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

Mean 97.92 3.36 99.17 1.67 99.58 1.25 96.67 5.26 100 0 99.17 1.25 98.33 3.92 100 0 100 1.25   

MPE 

k-NN  100 0 100 0 100 0 100 0 100 0 100 0 87.50 16.77 97.50 7.5 100 0 98.33 

SVM 100 0 100 0 100 0 100 0 100 0 100 0 95.00 10 95.00 10 100 0 98.89 

LR 100 0 100 0 100 0 100 0 100 0 100 0 95.00 10 100 0 100 0 99.44 

BPNN 100 0 100 0 100 0 100 0 100 0 100 0 97.50 7.5 100 0 100 0 99.72 

ELM 100 0 100 0 97.50 7.50 87.5 16.77 92.50 22.50 95.00 7.50 67.50 25.12 95.00 10 92.50 7.5 91.94 

SR 100 0 100 0 100 0 100 0 100 0 100 0 95.00 10 100 0 100 0 99.44 

Mean 100 0 100 0 99.58 1.25 97.92 2.8 98.75 3.75 99.17 1.25 89.58 13.23 97.92 4.58 98.75 1.25   

MFE 

k-NN 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 97.50 0 99.72 

SVM 100  0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

LR 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

BPNN 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

ELM 100 0 100 0 100 0 100 0 100 0 100 0 95 10 100 0 100 0 99.44 

SR 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 0 100 

Mean 100 0 100 0 100 0 100 0 100 0 100 0 99.17 1.67 100 0 99.58 0  

 

 

Fig. 4. Sensitivity analysis of feature extraction scale factors in fault classification performance. 
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while 61.46% (yellow-highlighted cells) matched the benchmark 
results exactly, and only 0.35% (red-highlighted cell) showed 
marginally lower accuracy. 

To minimize data leakage, the original CWRU vibration signals 
were first divided into non-overlapping segments of 2048 data 
points. The resulting independent segments were then used to 
construct the classification dataset, followed by a consistent 10-
fold cross-validation procedure for all entropy–classifier 
combinations. The class distribution was maintained across the 
folds, and each segmented observation was assigned to a single 
fold. Thus, the cross-validation procedure was performed after 
signal segmentation using non-overlapping signal segments, 
preventing the same segmented observation from being 
simultaneously included in the training and test sets. 

The high accuracies obtained for several classifier–entropy 
combinations are also consistent with [14], which used the same 
CWRU benchmark configuration. While MATLAB is employed in 
[14], the present study used Python-based implementations, 
providing an independent implementation of the analysis. 

Among the three entropy-based feature extraction methods, MFE 
descriptively exhibited comparatively higher average 
classification accuracy on the CWRU dataset under the 
experimental settings considered. This comparatively higher 
performance may be related to MFE's ability to preserve fine-
grained signal complexities across multiple scales while 
remaining less sensitive to noise, as also supported by the limited 
variation observed in the scale-factor sensitivity analysis. Overall, 
the average classification accuracies remained very high across 

the investigated classifier–entropy combinations, with the 
minimum mean accuracy exceeding 98%. SVM, BPNN, and SR 
achieved perfect classification (100% accuracy) in multiple fault 
scenarios. For the 0.021-inch fault diameter, all investigated 
classification methods achieved 100% average accuracy, 
whereas the 0.007-inch condition also yielded near-perfect 
performance, with the only notable reduction observed for the 
MSE–ELM combination at 1 hp (98.75%). The corresponding F1-
scores reported in Tables 1 and 2 show similar trends, indicating 
that the high accuracy values were accompanied by consistent 
classification performance across the two classes. Such high 
levels of performance demonstrate the effectiveness of the 
proposed methodology under the controlled benchmark 
conditions considered in this study; further validation using real 
industrial data is required to assess its performance under 
practical operating conditions. 

Results on the CISAR bearing dataset, summarized in Table 3, 
further confirmed these trends across more complex 
experimental measurement conditions. The three-axis vibration 
dataset poses additional challenges due to axis-specific noise 
characteristics and varying fault implementations. Nevertheless, 
the proposed framework maintained high classification 
performance across all entropy methods. Notably, for the X-axis 
measurements, all classifiers except for ELM achieved 100% 
accuracy across all entropy approaches. On the Y-axis, minor 
reductions in accuracy were observed for ELM as well as k-NN 
and SVM (when used with MSE), highlighting the nuanced 
challenges of axis-dependent signal characteristics. 

Under these more challenging conditions, MFE also showed 
comparatively high average accuracy across the evaluated axes 
and fault types. This consistent advantage suggests that MFE may 
be particularly well suited for deployment in industrial 
monitoring systems where robustness to operational variability 
and noise is critical. Although ELM exhibited slightly lower 
average accuracies on certain axes, its computational efficiency 
and lightweight architecture still make it an attractive option for 
real-time, resource-constrained edge-computing scenarios. 

An error analysis of the CISAR dataset also indicates that 
deviations from perfect accuracy tended to concentrate in signals 
with smaller fault diameters or lower signal-to-noise ratios, 
underscoring the inherent difficulty of detecting early-stage or 
subtle fault features. This observation aligns with practical 
diagnostic challenges, where early fault detection remains the 
most critical—and most difficult—aspect of predictive 
maintenance. 

Taken together, the results indicate that the proposed framework 
provides consistent classification performance across the 
investigated datasets, fault conditions, and measurement axes. 
The complementary F1-score results for the CWRU dataset 
further support the high classification performance observed in 
terms of accuracy. However, these findings should be interpreted 
within the controlled benchmark settings and binary healthy-
versus-faulty classification design considered in this study. The 
observed results therefore provide empirical evidence for the 
effectiveness of the investigated entropy–classifier combinations, 
while further validation on larger and heterogeneous industrial 
datasets is required to assess their generalization capability. 

C. Sensitivity analysis of scale factor in feature extraction 

The sensitivity analysis highlights the pivotal importance of 
selecting appropriate parameters during signal preprocessing 
and feature extraction. A critical aspect of the proposed 
framework involves understanding how parameter choices in 
feature extraction influence overall classification performance. In 
particular, the scale factor (𝜏) used in multiscale entropy-based 
feature extraction is known to affect the granularity at which 
temporal signal dynamics are captured. A poorly chosen scale 
factor can obscure important fault signatures or introduce 

Table 4. Bearing fault classification algorithm using entropy features 
(Algorithm 1). 

# Process 
1: Input: Bearing vibration data (0=faulty, 1=healthy) 
2: Output: Classification accuracy for multiple entropy-based features 
3: 1. Initialize Libraries and Modules 
4:  Import pandas, numpy, scipy, sklearn, EntropyHub 
5: 2. Define Dataset Class 

6:  
Constructor (time window, data): initialize dataset and create time-
windowed samples 

7:  Method get random samples (k=20): return k random samples 
8: 3. Define RCalculator Class (Static Methods) 
9:  Method calculate_r_values (samples): r = 0.15 × SD 
10:  Method calculate_MPE (samples, Mobj, scale=12, method=’coarse’) 
11:  Method calculate_MSE (samples, r values, scale=12, method=’coarse’) 
12:  Method calculate_MFE (samples, r values, scale=12, method=’coarse’) 
13: 4. Define ClassifierEvaluator Class 
14:  Constructor (classifiers): initialize classifier dictionary 

15:  
Method fit (X, y): scale features, perform 10-fold cross-validation, return 
accuracy scores 

16: 5. Main Process 
17: Step 5.1 – Initialization: 
18:  Set random seed, define fault types, set sample length t = 2048 
19: Step 5.2 - Process Normal Data: 

20:  
Load healthy bearing data, create Dataset, sample k = 20, compute r, 
MPE, MSE, MFE 

21:  Export results to Excel 
22: Step 5.3 - Process Fault Data: 
23: for each fault type do 
24:  Load fault data, create Dataset, sample k = 20, compute r, MPE, MSE, MFE 
25:  Export results to Excel 
26: end for 
27: Step 5.4 - Prepare Classification Data: 
28: for each entropy ∈ {MPE, MSE, MFE} do 
29:  Combine fault and normal features 
30:  Form feature matrix X, label vector y (0=faulty, 1=healthy) 
31:  Export to Excel 
32: end for 
33: Step 5.5 - Perform Classification: 

34: 
Initialize classifiers: k-NN (k = 5 ), SVM (linear), LR, BPNN (35, 25), ELM (27), 
SR 

35: for each entropy ∈ {MPE, MSE, MFE} do 
36:  for each classifier ∈ classifiers do 
37:   Perform 10-fold cross-validation 
38:   Calculate accuracy, mean, and standard deviation 
39:   Record results 
40:  end for 
41: end for 
42: Step 5.6 - Save Results: 
43: Export all results to Excel 
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artifacts, ultimately degrading classification accuracy. Although 
other entropy parameters, including the embedding dimension, 
time delay, and tolerance threshold, may also affect the extracted 
feature representations and classification performance, these 
parameters were kept fixed in the present study based on 
established settings and the parameterization reported in [14]. 
The sensitivity analysis was therefore specifically designed to 
investigate the effect of the scale factor while maintaining the 
other entropy parameters constant. A systematic sensitivity 
analysis of these remaining parameters was beyond the scope of 
the present study and is considered an important direction for 
future research. 

To systematically investigate this effect, a detailed sensitivity 
analysis was conducted in which 𝜏 was varied from 6 to 18. For 
each value of 𝜏, features were extracted using the three entropy 
methods—MSE, MPE, and MFE—and classification accuracy was 
computed for each of the six classifiers. The analysis was 
designed to quantify how variations in 𝜏 influence the stability 
and robustness of the feature representations under different 
fault types and operating conditions. 

Fig. 4 provides a comprehensive visualization of the sensitivity 
analysis. The y-axis represents the total deviation of average 
classification accuracy from the ideal benchmark of 100%, while 
the x-axis corresponds to the scale factor. Lower deviation values 
indicate that a feature extraction method yields stable and 
reliable representations that generalize well across fault types 
and operating conditions. 

Several important trends emerge from this analysis. For MSE and 
MPE, accuracy deviations increase noticeably as the scale factor 
rises beyond approximately 11. This trend suggests that larger 
scale factors may over-smooth the temporal dynamics of 
vibration signals, effectively filtering out subtle fault signatures 
necessary for accurate classification. Such over-smoothing 
reduces the discriminative power of the extracted features, 
leading to higher classification errors. Conversely, very low scale 
factors risk capturing only fine-grained noise rather than 
meaningful signal structure. 

By contrast, MFE showed comparatively lower variation in the 
deviation values across the investigated scale-factor range. Its 
deviation curve remains relatively flat across the entire range of 
𝜏, with only minor local variations observed at values such as 7, 
9, 11, and 14. This observed pattern may indicate that MFE 
provides greater tolerance to scale-factor variation under the 
experimental conditions considered. In practical terms, this 
property implies that MFE-based features require less aggressive 
parameter tuning, making them especially suitable for 
deployment in real-world monitoring systems where operating 
conditions and signal characteristics can vary unpredictably. 

The results of this sensitivity analysis also carry significant 
implications for predictive maintenance strategies in industrial 
settings. Specifically, they underscore that reliable fault 
classification systems must include careful calibration of feature 
extraction parameters to ensure consistent performance. For 
example, while MSE and MPE can achieve high classification 
accuracy when 𝜏 is optimally selected (e.g., in the 12–14 range 
identified in this study), their sensitivity to parameter changes 
necessitates more careful, potentially adaptive tuning in live 
deployments. The comparatively lower sensitivity observed for 
MFE may be advantageous in settings where extensive parameter 
re-tuning is undesirable; however, this potential practical 
implication requires further validation under real operating 
conditions. 

Moreover, these findings suggest a need for developing adaptive 
or data-driven scale-factor selection techniques as a promising 
future direction. Such methods could dynamically optimize 𝜏 
based on real-time signal statistics, further enhancing system 
robustness and diagnostic reliability. 

In conclusion, the scale-factor sensitivity analysis conducted in 
this work provides essential insights into the interplay between 
feature extraction parameterization and classification 
performance. It emphasizes the critical importance of parameter 
selection in signal preprocessing pipelines and provides 
descriptive comparative insights into the scale-factor sensitivity 
of MFE in industrial fault diagnosis applications. These insights 
not only validate the methodological choices made in this study 
but also offer practical guidelines for deploying robust, real-time 
bearing fault classification systems in challenging operating 
environments. 

V. DISCUSSION and CONCLUSION 

This study presents a comprehensive, reliability-focused 
framework for bearing fault diagnosis that integrates multiscale 
entropy-based feature extraction with six widely used 
classification algorithms. Through systematic benchmarking on 
the Case Western Reserve University (CWRU) and CISAR three-
axis vibration datasets, the proposed framework demonstrated 
high classification accuracy and consistent performance across 
the investigated experimental conditions, while also providing 
insights into the comparative behavior of the entropy-based 
feature extraction methods. 

• Key Findings and Contributions: A central contribution of this 
work is the unified benchmark that evaluates three entropy-
based feature extraction methods—MSE, MPE, and MFE—in 
combination with six classification techniques. The 
experiments descriptively indicated that MFE frequently 
achieved comparatively higher classification accuracy across 
the datasets and classifiers considered. This observed 
performance pattern may be associated with MFE’s ability to 
maintain meaningful signal complexity representations while 
demonstrating resilience to noise and operational variability. 

The high accuracies observed in the CWRU experiments 
should be interpreted in the context of the controlled 
benchmark setting and the binary healthy-versus-faulty 
classification design. The consistency of many results with 
[14] further indicates that these high-performance levels are 
not solely attributable to the implementation used in this 
study. However, the more heterogeneous CISAR 
measurements demonstrate that classification performance 
can vary with signal characteristics and measurement axes. 
The relatively consistent performance of MFE across these 
conditions suggests that it may provide a more robust 
entropy representation under the experimental conditions 
considered. 

The scale-factor analysis also indicates that parameter 
robustness is an important consideration when selecting 
entropy-based representations. The comparatively greater 
sensitivity of MSE and MPE suggests that their discriminative 
capability may depend more strongly on the scale at which 
signal dynamics are represented, whereas the lower 
sensitivity observed for MFE indicates greater tolerance to 
scale-factor variation. This distinction is particularly relevant 
for practical monitoring systems, where operating conditions 
may change and extensive parameter re-tuning may not be 
desirable. The identified 12–14 interval therefore provides an 
empirical reference for similar experimental settings rather 
than a universal optimal range. 

The performance differences observed among MSE, MFE, and 
MPE should be interpreted as descriptive comparative 
findings within the experimental settings considered. The 
reported mean accuracy and standard deviation values 
indicate relative differences in classification performance and 
variability; however, no formal statistical significance 
analysis was conducted. Accordingly, observations referring 
to comparatively higher or more stable performance should 
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not be interpreted as claims of statistically significant 
differences. A dedicated statistical analysis based on repeated 
experimental trials and a larger set of independent 
observations is an important direction for future research. 

• Practical Implications: From an industrial perspective, the 
main value of the proposed framework lies in combining 
entropy-based representations with computationally 
lightweight classifiers within a unified diagnostic workflow. 
The comparatively stable behavior of MFE and the 
performance of lightweight classifiers such as ELM indicate 
the potential for developing monitoring systems that require 
limited feature engineering and can operate under 
constrained computational resources. The identified scale-
factor range may also serve as an initial parameter-selection 
guideline for similar bearing-monitoring applications. 
However, these implications represent potential applicability 
rather than validated real-time industrial deployment, since 
execution time, memory requirements, and performance on 
live industrial data were not evaluated in this study. 

Furthermore, the consistent performance observed across 
the two evaluated datasets indicates the potential 
applicability of the framework to a broader range of rotating 
machinery. However, such applicability should be further 
validated using heterogeneous datasets and operational 
industrial data before broader deployment in sectors such as 
manufacturing, transportation, and energy. 

• Limitations and Future Work: Despite these promising results, 
several limitations warrant discussion. First, while the two 
datasets used in this study offer diversity in terms of 
operating conditions and fault types, they remain controlled 
environments with artificially induced faults. Real-world 
industrial deployments may face additional challenges such 
as evolving fault characteristics, variable loading conditions, 
and non-stationary noise. As such, further validation of 
operational data from live industrial systems is essential. In 
addition, the CWRU and CISAR datasets were evaluated 
independently rather than through direct cross-dataset 
validation. Although consistent performance trends were 
observed across the two datasets, these results do not 
constitute a direct assessment of cross-dataset 
generalization. Future research should therefore evaluate the 
proposed framework using cross-dataset validation and 
additional heterogeneous datasets, particularly 
independently collected industrial data, to further assess its 
generalization capability. Furthermore, the number of 
observations used for each binary classification task was 
relatively limited. Although stratified 10-fold cross-validation 
was employed to preserve class balance, the sample size may 
affect the statistical stability and generalizability of the 
reported performance estimates. Future studies should 
therefore consider larger numbers of independently sampled 
observations and repeated cross-validation procedures. 

A second limitation concerns the sensitivity analysis, which 
was restricted to the scale factor over the predefined range of 
6–18 while the remaining entropy parameters were fixed. 
Future research could explore adaptive and data-driven 
scale-factor selection methods that dynamically optimize 
parameter choices based on real-time signal characteristics, 
potentially further improving the robustness of the proposed 
framework. 

Another limitation is that the study benchmarked six 
classification algorithms without considering advanced deep 
learning architectures. Future investigations could explore 
the integration of entropy-based features with models such 
as convolutional neural networks and transformer-based 
architectures to capture more complex fault patterns, 
particularly under highly non-stationary or noisy operating 
conditions. 

Finally, the computational cost, feature-extraction runtime, 
inference time, and memory requirements of the proposed 
framework were not quantitatively evaluated. Although the 
classification results indicate the potential applicability of the 
proposed framework to practical monitoring applications, 
dedicated runtime and resource analyses are required before 
its suitability for real-time or edge deployment can be 
established. Future studies should therefore investigate 
feature-extraction and inference times, memory usage, and 
computational complexity of the proposed framework under 
representative edge-computing hardware constraints. 

Overall, the findings demonstrate that multiscale entropy-based 
feature extraction combined with conventional classifiers can 
provide reliable bearing fault discrimination under the 
benchmark conditions investigated. MFE showed comparatively 
higher and more stable performance across the evaluated 
settings, while the scale-factor analysis highlighted the 
importance of parameter robustness. The study therefore 
provides a consistent comparative benchmark and practical 
parameter-selection insights, while the identified limitations 
highlight the need for validation on larger, heterogeneous, and 
independently collected industrial datasets and for dedicated 
computational-cost analysis before real-world deployment. 
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