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Abstract: Accurate diagnosis of bearing faults is critical for industrial equipment reliability. However, 

bearings commonly operate under complex conditions, and coupled with data imbalance and noise 

interference, fault diagnosis of them remains extremely challenging. To address these issues, a novel mode 

entropy knowledge machine (MEKM) framework for robust bearing fault diagnosis is proposed in this 

study. For MEKM, the mode entropy space is first constructed to decompose the vibration signal into 

intrinsic mode components, and the noise-resistant feature extraction and dimensionality reduction are 

realized by principal component analysis. Secondly, a fast classifier based on extreme learning machines is 

introduced, and its parameters are automatically adjusted through a particle swarm optimization to establish 

an adaptive extreme learning machine diagnosis model, ensuring optimal generalization under different 

load and speed levels. Then, a collaborative optimization paradigm is developed to coordinate mode 

entropy features and classifier parameters through fully automated learning, in which entropy-driven 

feature characterization guides the iterative refinement of decision boundaries, while classifier feedback 

dynamically improves the selectivity of entropy features. Finally, validation is performed on bearings with 

multiple operating conditions, and the results indicated that the MEKM outperformed conventional deep 

learning methods across both diagnostic accuracy and generalization ability. The work provides a 

theoretical basis and an industrially feasible solution for health monitoring of mechanical equipment. 

Keywords: Rolling bearing; Mode entropy; Mode entropy space; Mode entropy knowledge machine; Fault 

diagnosis.

1. Introduction 

In industrial systems, bearings serve as critical rotational components and are extensively employed in 

motors, pumps, fans, compressors, and steel manufacturing equipment [1-3]. Owing to the function of 

supporting rotating parts, reducing friction, and minimizing energy losses, bearings are critical for 

maintaining the reliable functioning of machinery [4]. However, prolonged operation often leads to wear 
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and degradation due to friction, fatigue, and inadequate lubrication. These factors can ultimately result in 

bearing faults, which, if not detected and mitigated in a timely manner, may cause unexpected equipment 

shutdowns, production disruptions, and even catastrophic mechanical faults, incurring significant economic 

losses [5]. Therefore, early and accurate fault detection of bearings is essential for reliable industrial 

condition monitoring. 

In actual industrial practice, bearing operating conditions are frequently complicated, causing the 

acquired vibration signals to exhibit nonstationary and nonlinear features [6]. These properties hamper the 

accurate extraction of fault features by conventional signal processing techniques [7, 8]. Consequently, the 

development of robust feature extraction approaches capable of effectively analysing complex vibration 

patterns has turned into a key research topic. Traditional vibration analytical methods involve 

frequency-domain, time-domain, and time–frequency techniques [9]. Among them, the common 

time-frequency domain analysis methods, including short-time Fourier transform [10], empirical mode 

decomposition (EMD) [11,12], ensemble empirical mode decomposition [13,14], and variational mode 

decomposition (VMD) [15], aim to extract discriminative signal features that differentiate fault categories. 

However, due to numerous interferences in the actual environment, time-frequency domain technology 

alone cannot fully express the characteristics of the signal. With the advancement of nonlinear dynamics 

and complexity theory, entropy-based measurement methods have emerged, which enable effective 

evaluation of signal complexity and have been utilized in fault diagnosis research [16]. Representative 

entropy metrics, including approximate entropy (AE) [17], sample entropy (SE) [18], permutation entropy 

(PE) [19], fuzzy entropy (FE) [20], and dispersion entropy (DE) [21], have demonstrated promising 

capabilities in capturing the intrinsic complexity of vibration signals. Zhao et al. [22] integrated EMD with 

AE for effective fault feature extraction in bearings. To address the sensitivity of AE to data length and 

parameter settings, SE was introduced. Shang et al. [23] propounded a modified SE-based approach for 

early fault detection in lithium-ion battery packs. Nevertheless, due to its step-function-based similarity 

measure, SE suffers from discontinuities in entropy profiles. FE was thus proposed to improve continuity 

and smoothness through fuzzy similarity metrics. Zheng et al. [24] advanced a framework based on local 

feature scale decomposition and FE, while Qin et al. [25] combined FE with a neural network for UAV 

aileron fault detection. In addition, PE and DE have also been employed for mechanical fault diagnosis. Ye 

et al. [26] designed an adaptive method based on PE and manifold dynamic time regulations. Zhou et al. 

[27] developed an approach employing improved dispersion entropy with machine learning techniques. 

The aforementioned entropy metrics can quantify signal complexity from a signal on a single scale 

and identify fault characteristics. However, feature extraction relying on a single type of entropy is clearly 

not comprehensive enough. Inspired by the concept of knowledge spaces, recent studies have explored 

feature extraction through the fusion of multiple descriptors, aiming to construct a richer and more 

informative feature space. Su et al. [28] proposed a cognitive space method that integrates both entropy and 

frequency features to better address complex signal patterns under diverse operating conditions. Similarly, 

Ma et al. [29] presented a multi-entropy space by extracting multiple types of entropy and integrating them 

with machine learning to achieve fault diagnosis. Although these high-dimensional features can provide 
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more comprehensive information, there may be nonlinear factors and complex relationships among 

different features, which inevitably introduce some redundancy and irrelevant information. Such 

redundancy not only increases computational overhead but may also adversely affect diagnosis accuracy. 

Therefore, it becomes imperative to perform dimensionality reduction to retain the most informative 

features while discarding noise and irrelevant components. 

Common dimensionality reduction techniques involve principal component analysis (PCA) [30,31], 

local linear embedding (LLE) [32], linear discriminant analysis, and locality preserving projections (LPP) 

[33], all of which have demonstrated effectiveness in fault diagnosis applications. Zhao et al. [34] 

employed a deep learning model combined with PCA to extract features for fault diagnosis. Building on 

this, Liu et al. [35] proposed a distributed PCA method for fault diagnosis. In another study, Liu et al. [36] 

utilized LLE in conjunction with wavelet transform and signal decomposition to enhance fault 

identification. Feng et al. [37] further improved the diagnosis performance by integrating an enhanced 

VMD with LLE. Wang et al. [38] adopted LPP for dimensionality reduction and integrated it with a 

multivariate prediction model to achieve accurate bearing fault classification. As the diversity and number 

of extracted features increase, complex nonlinear relationships often emerge among feature dimensions. 

Kernel principal component analysis (KPCA) [39,40], as a nonlinear extension of PCA, has gained wide 

recognition for its capability to uncover nonlinear structures in data and to project them into 

lower-dimensional spaces. Therefore, effectively handling data with nonlinear characteristics and 

preserving local low-dimensional manifolds becomes essential for extracting compact and discriminative 

features during the fault diagnosis process. 

Currently, deep learning methods including CNN [41], CNN-long short-term memory (LSTM) [42], 

Transformer [43], ResNet18 [44], AlexNet [45], LeNet5 [46], and multilayer perceptron (MLP) [47] are 

extensively used for fault diagnosis. Huang et al. [48] presented a CNN model incorporating an attention 

mechanism to evaluate the status of the bearings. Luo et al. [49] achieved cross-condition intelligent 

detection of small modular reactors using CNN-LSTM framework. Zhang et al. [50] applied ResNet18 for 

bearing fault diagnosis. Sinitsin et al. [51] improved the model’s performance by combining hybrid input 

with MLP. However, these methods generally adopt end-to-end diagnosis architecture, which enables direct 

classification but still lacks in controllability and interpretability of feature extraction. In contrast, 

entropy-based feature extraction methods show significant advantages in the process of fault 

characterization by virtue of strong signal evaluation capability. However, traditional entropy feature 

extraction methods typically rely on a single indicator and cannot adequately capture signal complexity. At 

the same time, the lack of fusion of multi-dimensional information makes the extracted features redundant 

and reduces diagnostic accuracy. In addition, under multiple interference conditions and unbalanced 

samples, the feature extraction process becomes more difficult, causing in a substantial decline in 

diagnostic accuracy. To address these challenges, this study proposes a fault diagnosis model termed the 

mode entropy knowledge machine (MEKM). This method firstly constructs a mode entropy feature space, 

performs mode decomposition on the normalized vibration signals, and combines principal component 

analysis to achieve feature extraction and dimensionality reduction, thereby enabling the effective 
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integration of multi-dimensional mode entropy features. Subsequently, an extreme learning machine (ELM) 

[52] is utilized to construct the fault classification model, while particle swarm optimization (PSO) [53] is 

applied for adaptive parameter adjustment, leading to improved model generalization. Finally, a 

collaborative optimization paradigm is designed, in which the feature selection process is dynamically 

adjusted through a classifier feedback mechanism, achieving joint optimization of mode entropy features 

and classifier parameters to strengthen the diagnostic performance for bearing faults. The primary 

contributions presented in the study can be outlined below: 

(1) Construct a modal entropy space to characterize signal complexity through modal decomposition 

and entropy features, and combine principal component analysis to reduce feature redundancy, thereby 

improving the representation ability of fault features. 

(2) A collaborative optimization paradigm is designed to achieve automatic coordination and 

feedback-driven optimization of mode entropy features and classifier parameters. 

(3) The bearing fault diagnosis method utilizing the MEKM is proposed, with its performance is 

verified on multi-condition bearing experiments. 

The remainder of this paper is structured as follows. Section 2 describes the methodology, including 

the construction of the mode entropy space, the architecture of the mode entropy knowledge machine, and 

the collaborative adaptive parameter optimization strategy. Section 3 presents the diagnosis method. 

Section 4 demonstrates the validity of the developed approach, which is validated on three single condition 

bearing datasets and one multi-condition bearing dataset. Section 5 is the conclusion. 

2. Methodology 

2.1. Construction of the mode entropy space 

Entropy serves as a commonly employed metric in assessing the complexity of signal, and it has found 

extensive application in signal detection tasks. It exhibits strong noise resistance and can sensitively capture 

the nonstationary characteristics of signals, thereby revealing the intrinsic patterns of dynamic changes 

within the system. To comprehensively characterize the multidimensional complexity of vibration signals, 

four commonly used entropy features are introduced: SE, FE, PE, and DE. These metrics extract effective 

information from time series from different perspectives, including local predictability, fuzzy similarity, 

symbolic ordering structures, and amplitude distribution trends. By calculating these entropy features for 

each intrinsic mode function under various operating conditions, a high-dimensional set of feature vectors 

is constructed. By extracting the aforementioned entropy features from signal sequences under different 

states and integrating them to constitute the set of high-dimensional feature vectors, a fundamental mode 

entropy feature space is established. 

Firstly, the raw signals acquired from the bearing are normalized to reduce amplitude discrepancies. 

The signal then undergoes decomposition using VMD to produce several intrinsic mode functions (IMFs) 

with bandpass characteristics. For each IMF, the corresponding mode entropy value is computed to 

characterize its dynamic behavior across different complexity scales. Through this process, the original 

time series is effectively transferred into a structured high-dimensional feature dataset consisting of 
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multiple IMF channels and corresponding entropy features, denoted as 4n mQ  , where n and m denote 

the counts of samples and IMF channels. The overall procedure is illustrated in Fig. 1. From each IMF, four 

types of entropy-based indicators are extracted, and these features are fused to build a multi-dimensional 

mode entropy feature matrix. The entropy parameters used are shown in Table 1 [54] [55]. 

The following section provides a detailed introduction to the four entropy methods employed in this 

study. 

Sample Entropy: SE quantifies time series complexity by evaluating the likelihood that similar 

patterns remain consistent as the sequence progresses. A higher probability of novel pattern generation 

corresponds to greater sequence complexity. The calculation formula is as follows: 

1
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 （1） 

where ( )mA r  denotes the proportion of similar vector pairs of length m with tolerance r and 1( )mB r+  

represents the proportion of length m+1 using the same tolerance. 

Fuzzy entropy: FE characterizes the degree of unpredictability in a time series by quantifying the 

fuzzy variation in the similarity of pattern pairs as the sequence is extended. Specifically, fuzzy entropy 

assesses how the fuzzy similarity between pairs of similar patterns evolves with increasing pattern length, 

thereby revealing the intrinsic structural complexity of the sequence. The calculation formula is given by: 
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where ( )m r  denotes the average similarity for an embedding dimension of m, r represents the similarity 

tolerance. 

Permutation entropy: PE quantifies signal complexity by examining the ordinal patterns generated 

from subsequence permutations, thereby capturing both its randomness and regularity. The formula is given 

above: 
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where !m  represents the count of possible permutation types. ( )jp   indicates the likelihood of this 

pattern j  occurring. 

Dispersion entropy: DE measures time series complexity by assessing local trends and the 

probability distribution of discrete patterns. The calculation is defined as: 
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where 
( 1)

jn

N m − −
 denotes the relative frequency (i.e., probability jp ) of pattern j, jn  representing 

the count of occurrences of dispersion pattern j . 
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Table 1 Parameter settings for entropy feature extraction 

Entropy Embedding dimensions Fuzzy coefficient Similar tolerance 

SE 2 / 0.2 

FE 2 2 0.1 

PE 3 / 0.2 

DE  2 / 0.1 

 

The mode entropy space is constructed by extracting four types of entropy to comprehensively 

characterize the signal properties, resulting in the formation of a high-dimensional feature dataset Q. The 

fusion of multiple entropy features enables a more comprehensive quantification of the nonlinear structure 

and dynamic variations of the original signal, which enhances sensitivity to differences in system states. 

The constructed feature matrix Q effectively captures the multidimensional information of the signal. 

However, its high dimensionality and nonlinear characteristics also increase the computational complexity 

and classification difficulty in subsequent fault diagnosis tasks. Thus, the application of dimensionality 

reduction methods is required to compress and optimize the extracted features. 
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 （5） 

 

 

Fig. 1. Schematic diagram of mode entropy 

 

To capture the potential nonlinear correlations among multiple entropy features, KPCA is employed to 

conduct nonlinear dimensionality reduction on the feature matrix 4n mQ  . The principle of constructing 

the mode entropy space is illustrated in Fig. 2. KPCA leverages kernel functions to implicitly project 

original data onto the high-dimensional feature space, where linear separability or improved principal 

component extraction can be achieved, thus enabling more effective extraction of the intrinsic structure 

among complex features. 

The Gaussian radial basis function (RBF) is adopted as the kernel in view of its superior smoothness 
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and global characteristics, which make it highly effective for capturing complex nonlinear relationships. 

The kernel enables the evaluation of the similarity between samples Qi and Qj within the implicit feature 

space and is formally defined as: 
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where 
i jQ Q−‖ ‖ denotes the Euclidean distance between samples.  represents the kernel bandwidth 

setting that determines both the sensitivity in similarity assessment and the function’s smoothness. 

Subsequently, the kernel matrix n nK   is used to construct the kernel function, which is 

centralized to obtain the centralized kernel matrix K , on which eigenvalue decomposition is performed as 

follows: 

K =  （7） 

The top d=4 eigenvectors corresponding to the largest eigenvalues, (1) (2) (3) (4), , ,    , are selected 

as the projection bases. For each sample Qi , its projection onto kernel principal component direction l is 

calculated as follows: 
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Finally, the projection results of all samples onto the first four principal component directions are 

combined to obtain the reduced-dimensional feature matrix: 
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Through this process, the initial high-dimensional mode entropy features are projected into a 

lower-dimensional space with enhanced discriminative power and reduced redundancy, thereby effectively 

retaining key information pertinent to fault states. 

 

 

Fig. 2. Schematic diagram of the construction of mode entropy space 
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2.2. The proposed mode entropy knowledge machine 

2.2.1. Architecture of the mode entropy knowledge machine 

After the extraction and dimensionality reduction of mode entropy features, pattern recognition 

becomes an indispensable step. In this study, the proposed MEKM employs ELM for fault classification. 

Specifically, the dataset derived from the lower-dimensional mode entropy feature space is split into 

training and testing groups. The training group helps build the ELM model's classification structure, and the 

testing group assesses the model's ability to generalize and its accuracy in recognition. The basic 

architecture of ELM is illustrated in Fig. 3. On this basis, ELM is further combined with kernel functions 

by replacing the original hidden layer feature mapping with a kernel-based form, thereby strengthening the 

ability to capture high-dimensional and nonlinear data structures [56]. This integration improves data 

processing capabilities and further enhances classification accuracy. 

 

 

Fig. 3. Architecture of the ELM 

 

In the ELM, the mapping between the input layer and the hidden layer is computed using the 

activation function ( )g  . The hidden layer features are subsequently mapped to the target output space via 

output weights. Let the input samples be denoted as d

iX  . The output matrix is as follows: 
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where  1 2 ,, , n   =  indicates the weight vector linking the input and hidden layers, while 

 1 2 ,, , n   =   corresponds to the bias vector. 

In the standard ELM, the output of the hidden layer is derived by applying the following activation 

function: 

( ), 1,2, , , 1,2, ,ij j i jH g X i n j s =  + =  =   （11） 

The input data are mapped into a higher-dimensional feature space, thereby removing the requirement 
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to explicitly calculate the weight and bias parameters. To avoid the explicit calculation of the hidden layer 

weights and biases, a kernel function is utilized to replace the hidden layer mapping. Let ( , )i jk X X  is the 

kernel function evaluated on iX and jX . The kernel matrix is subsequently constructed as follows: 

1 1 1 2 1

2 1 2 2 2
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The RBF is chosen as the kernel function. The output weight matrix, calculated from the hidden layer 

outputs, is given by: 

1( )T TH H I H T  −= +  （13） 

where   denotes the regularization parameter. I is the identity matrix. Upon introduction of the kernel 

matrix, this expression can be further reformulated as: 

1

ELM( )
I

T
C

 −=  +  （14） 

where 
I

C
 represents the regularization term and C  refers to the regularization coefficient. 

The ultimate prediction outcome is as follows: 
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 （15） 

Although the RBF kernel function enhance the nonlinear model capability of the model to some extent, 

its performance is largely dependent on the choice of kernel parameter   and the regularization 

coefficient C . Moreover, this method struggles to adequately retain the discriminative weight information 

from input samples, which limits the model’s representational capacity and generalization performance. 

Therefore, optimizing the kernel function along with its related parameters is essential. 

 

2.2.2. Collaborative adaptive parameter optimization strategy 

In the proposed MEKM, the model performance depends not only on the effectiveness of 

entropy-based feature extraction but also on the configuration of classifier parameters. To boost the 

generalization and precision in fault identification, a collaborative optimization paradigm is developed to 

achieve joint adaptive optimization of the mode entropy feature space and the parameters of the ELM. 

The core idea of this strategy is to employ PSO to facilitate collaborative evolution at both the feature 

selection and parameter search levels. While maintaining the diversity of entropy features, this approach 

adaptively adjusts the key model parameters, thus enhancing the overall stability of the diagnosis 

framework. Compared with the conventional paradigm where feature extraction and classifier training are 

conducted independently, the proposed collaborative optimization strategy enables an optimization 

paradigm in which feature structures drive classification performance and classification feedback guides 

feature adjustment. 
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PSO is an adaptive search algorithm. The specific implementation is as follows: Assume a group of N 

particles exists within a search space. Each particle i possesses its own velocity ( )1 2, , ,i i i iNP V V V=   and 

position ( )1 2, , ,i i i iNX X X X=  . Each particle iteratively updates its state guided by both Pi and Gi . The 

update equations for particle position and velocity in iteration 1m +  are as follows: 

1n n n

i i iX X V+ = +  （16） 

1

1 1 2 2( ) ( )n n n n

i i i i i iV V c r P X c r G X+ = + − + −  （17） 

where m denotes the inertia weight, 1c  and 2c  represent learning coefficients, and 1r , 2r  are uniformly 

sampled random values in the range [0, 1]. 

The particle swarm optimization uses a population size of 20 and an iteration count of 50. The fitness 

function of every particle is determined by its classification accuracy on the test set. In each iteration, the 

personal best and global best positions are updated until the maximum number of iterations or the 

convergence criterion is reached. Throughout the entire collaborative optimization process, PSO enables 

adaptive regulation across two aspects: 

(1) Feature selection feedback: based on the classifier’s performance with different feature 

combinations, the weights of entropy features are dynamically optimized to enhance the model's capacity 

for filtering out redundancy. 

(2) Classifier parameter adjustment: by searching for the optimal scale parameter of the RBF kernel 

and the regularization coefficient, the learning ability of the classifier for mode entropy features is 

improved. 

This collaborative mechanism introduces classification performance feedback within a unified 

optimization framework, enabling the modal entropy feature space and classifier parameters to interact 

during the iterative process, thereby achieving structural alignment and performance coordination. 

Compared to traditional optimization methods, this mechanism effectively mitigates inconsistencies 

between feature representations and classification decisions, further enhancing the model’s accuracy and 

robustness under various operating conditions. 

3. Fault diagnosis method based on the proposed MEKM 

Firstly, the raw signals from the test bearings are collected and normalized. Then, the signals are 

segmented at fixed intervals to obtain sample data. Next, the mode entropy feature space is constructed for 

feature extraction and dimensionality reduction, resulting in a low-dimensional feature dataset. Lastly, the 

MEKM is employed to diagnose fault types. The flowchart is depicted in Fig. 4, and the following steps are 

involved: 

Step 1: Construct the modal entropy feature space. Decompose the acquired bearing vibration signals 

to extract various modal entropy features and construct a modal entropy space that fully characterizes the 

fault features in the signals. 

Step 2: Perform noise-resistant feature dimensionality reduction using KPCA. Utilize KPCA to map 
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high-dimensional modal entropy features to a high-dimensional feature space, extracting key nonlinear 

features while removing redundant information and noise interference.  

Step 3: Establish a collaborative optimization mechanism. Use the PSO algorithm to simultaneously 

optimize the feature combinations resulting from KPCA dimensionality reduction and the parameters of the 

ELM classifier, thereby achieving a synergistic improvement in both feature representation and 

classification performance. 

Step 4: Construct an adaptive ELM fault diagnosis model. Input the feature matrix optimized by PSO 

into the ELM classifier for training and testing, ultimately outputting the classes for faults. 

 

 
Fig. 4. Flowchart of the proposed fault diagnosis method 

4. Experimental validation 
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4.1. Experimental validation under single operating conditions 

4.1.1. Case I: CWRU bearings dataset 

Case I is based on the CWRU bearings dataset [57]. The drive-end accelerator was used to generate 

drive-end bearing fault data at a rotational speed of 1750 rpm. According to the bearing status, the dataset 

includes normal conditions, inner ring fault, outer ring fault, and ball fault. The damage is classified under 

three types according to the diameter of the damage, resulting in ten different types of faults. Each bearing 

state corresponds to a raw vibration signal, as showed in Fig. 5. The distribution of sample data is presented 

in Table 2.  

 

Table 2 Data details for Case I 

Fault type Abbreviation Label Sample size Fault diameter (inches) 

Normal condition Nor 1 100 / 

Inner ring fault 

IR1 2 100  

IR2 3 100 0.007 

IR3 4 100  

Outer ring fault 

OR1 5 100  

OR2 6 100 0.014 

OR3 7 100  

Ball fault 

B1 8 100  

B2 9 100 0.021 

B3 10 100  

 

Fig. 5. The bearing vibration signal in Case I 

 

To avoid analytical bias caused by large amplitude differences among the signals, all ten bearing 

signals with different fault types from Case I were first normalized. Subsequently, VMD was applied to the 

normalized signals, and the first three IMFs were extracted. The selection of the modal number K and the 

penalty factor α directly impacts the decomposition effectiveness. In [58], an optimization algorithm was 
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employed to select K within the range [3,8] and α within [200,2000]. Multiple experiments were conducted 

using an iterative enumeration method. Through numerous experiments, the penalty factor to be 600 and 

the number of modes was determined to be 6, which effectively preserved the main features of bearing 

faults while suppressing the influence of noise. The extracted IMFs were then input into the MEKM for 

feature extraction, resulting in a high-dimensional feature dataset. Dimensionality reduction was further 

performed to obtain a low-dimensional dataset with the highest contribution ratios. The key parameters 

related to PSO, KPCA, and ELM have been consolidated. The specific parameter settings are shown in 

Table 3. To further evaluate the MEKM’s ability to extract features, comparative experiments were 

conducted with CNN-LSTM, Transformer, and ResNet18. For all methods, the feature dimension was 

reduced to three, and the top three components were visualized by t-SNE, as depicted in Fig. 6. The 

visualization results indicate that MEKM exhibits significant advantages in distinguishing the ten fault 

states, with almost no overlap among different states, which demonstrates its effectiveness in fault feature 

extraction. 

  
(a) (b) 

  
(c) (d) 

Fig. 6. Visualization comparisons of various methods: (a) MEKM; (b) CNN-LSTM; (c) Transformer; (d) 

ResNet18 

 

Secondly, the MEKM is contrasted with several commonly used deep learning methods. The 

normalized data are input into MEKM and other networks for identification. Each bearing condition 

contains 100 samples, with a test ratio of 0.5. To ensure the fairness and reproducibility of the experimental 

results, all deep learning models under comparison were trained using the same data split and training 
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strategy. Specifically, the maximum number of training epochs was set to 50, the batch size was set to 64, 

the Adam optimizer was used for all models, and the initial learning rate was uniformly set to 0.001. In 

terms of model architecture, LeNet-5 consists of two convolutional layers and three fully connected layers. 

The MLP features a three-layer fully connected structure. The CNN comprises three convolutional layers 

combined with pooling layers and a fully connected classifier. The CNN-LSTM consists of three 

one-dimensional convolutional layers and one LSTM layer, with 128 hidden units in the LSTM. ResNet18 

consists of four residual stages, each containing two residual blocks, and uses global average pooling and a 

fully connected classification layer. AlexNet consists of a five-layer convolutional structure and two fully 

connected layers. The Transformer is built on an encoder architecture, comprising two encoder layers with 

an embedding dimension of 128 and a feedforward dimension of 256. As shown in the confusion matrix in 

Fig. 7, MEKM achieves the best performance in fault classification, with only one label incorrectly 

predicted, and its accuracy and stability are superior to those of the other methods. In comparison, although 

the classification results of the Transformer and ResNet18 models are similar to those of MEKM, both 

models exhibit a higher number of misclassifications and slightly lower stability. More severe 

misclassification issues and overall unstable performance are observed for CNN-LSTM and AlexNet. The 

CNN performs the worst, with a large number of incorrect label predictions. Overall, although deep 

learning networks achieve automatic feature extraction through convolutional layers and feature 

dimensionality reduction through pooling layers, which can directly process the data and save the time of 

manual feature engineering, in practical applications it is susceptible to a variety of interferences and has 

poor stability. The proposed MEKM performs better in terms of diagnostic performance. 

 

Table 3 MEKM parameter settings 

Module Parameter Value/Range 

PSO 

Population size 20 

Maximum iterations 50 

Inertia weight w 0.7 

Individual learning factor c1 1.5 

Social learning factor c2 1.7 

KPCA parameter search range [1.1, 10] 

ELM parameter search range [0.01, 10] 

KPCA 

Kernel type RBF kernel 

Kernel parameter σ 1.4943 

Dimensionality reduction 3 

ELM 

Kernel type RBF kernel 

Regularization coefficient C 2.3898 

Kernel parameter S 5.3172 

 

To evaluate the performance of MEKM with a finite amount of training samples, experiments were 



10.37965/jdmd.2026.1435 
 

conducted with different training-to-testing sample ratios. As shown by the heatmap in Fig. 8, all methods 

exhibit a noticeable decrease in diagnosis accuracy as the percentage of the test set increases. With the test 

set ratio exceeding 0.5, the diagnostic accuracy of MEKM remained above 98.5%, outperforming the other 

high performing models such as CNN, CNN-LSTM, Transformer, ResNet18, and AlexNet. In contrast, 

simpler networks such as LeNet5 and MLP demonstrate inferior classification performance. These results 

indicate that MEKM is able to maintain high accuracy even with fewer training samples, exhibiting better 

stability and robustness compared to other deep learning methods. 

   

(a) (b) (c) 

   

(d) (e) (f) 

Fig. 7. Confusion matrices for Case I test set with a ratio of 0.5: (a) MEKM; (b) CNN; (c)CNN-LSTM; (d) 

Transformer; (e) ResNet18; (f) AlexNet 

 

Fig. 8. Heatmap of classification accuracy for Case I at different test set ratios 

 

In addition, three additional metrics are used for further analysis, including recall, precision, and F1- 

score. A total of 30 experiments were conducted, and the average values for these three metrics were 
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calculated for each method. As shown in Table 4, the MEKM achieved scores above 99.5% for all three 

evaluation metrics, with minimal fluctuation, further demonstrating the excellent generalization capability 

of MEKM. 

To assess the interference resistance of the MEKM, white noise with different signal-to-noise ratios 

(SNRs) was injected into the signals, and the specific SNR values were 0, -2, -4, and -6 dB. The mean 

diagnostic accuracy of each method was compared across various SNR conditions. The SNR, which 

quantifies the noise intensity, is defined below: 

1
10

2

10log ( )
P

SNR
P

=  （18） 

where P1 and P2 represent the power of the raw signal and noise. 

 

Table 4 Average values of multiple evaluation metrics for various methods 

Methods Recall Precision F1- score 

MEKM 99.72±0.22 99.82±0.13 99.63±0.11 

CNN 94.24±0.25 93.64±0.63 93.31±0.52 

CNN-LSTM 96.78±0.32 97.22±0.85 97.18±0.62 

Transformer 98.81±0.31 98.78±0.26 98.83±0.34 

ResNet18 97.37±0.16 96.84±0.13 97.42±0.16 

AlexNet 96.29±0.43 95.54±0.23 96.34±0.18 

LeNet5 94.60±0.63 96.05±0.52 94.34±0.23 

MLP 87.65±0.26 88.20±0.63 88.63±0.54 

 

In the experiments, 100 samples were used for each method, with a test ratio of 0.2. In Fig. 9, the 

accuracy of all methods declines significantly as the SNR decreases. Even after adding noise with an SNR 

of -6 dB, the diagnosis accuracy of MEKM remains above 98%, and no significant change in accuracy is 

observed as the SNR decreases further. In contrast, among other methods, Transformer and ResNet18, 

which exhibit better noise resistance, also show a significant decrease in accuracy under noise conditions 

with an SNR of -2 dB. The experimental results indicate that under strong noise interference, MEKM 

demonstrates excellent noise resistance and outperforms other methods. MEKM enhances fault-sensitive 

features through modal entropy space and uses PSO for collaborative optimization of KPCA and ELM, 

thereby achieving adaptive adjustment of feature extraction and classification parameters, which improves 

the model’s generalization ability under complex operating conditions and in noisy environments. 

In the above experiments, all datasets used were balanced. However, in practical applications, the 

training dataset is often imbalanced, particularly due to the relative paucity of fault samples compared to 

normal samples. To simulate the typical imbalance where healthy bearing samples greatly outnumber fault 

samples, this study adopts a positive-to-negative imbalance ratio for dividing the dataset during training. A 

smaller ratio indicates a higher degree of imbalance. To assess MEKM's effectiveness under imbalanced 
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sample conditions, the CWRU dataset was categorized into normal and fault cases. For each fault type, the 

ratio between normal and faulty samples in the training set was kept consistent, and the count of test 

samples was set equal for all classes. The specific data partitioning is shown in Table 5. This data division 

enables further validation of the stability and performance of MEKM under positive-to-negative sample 

imbalance conditions. 

 
Fig. 9. Diagnosis accuracy under noise-free and noisy conditions 

 

For imbalanced samples, using only accuracy cannot fully reflect the quality of the response method. 

Therefore, an imbalanced multi-class indicator, G-means, is further adopted to assess the model’s 

classification effectiveness. In multi-class bearing fault diagnosis tasks, the number of samples across 

different fault classes may be uneven. G-means can comprehensively evaluate the ability to identify each 

class in a balanced manner, thereby preventing evaluation results from being unduly influenced by samples 

from the majority class. Specifically, the original samples are divided into two categories, Gi and Gj , and 

the G-mean (Gi, Gj) index is calculated for each pair. All computed G-means values are then summed with 

weights to obtain the overall evaluation metric G-means as follows: 

ii jj

i j

f f
G mean

f f
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where, if and jf represent the count of samples with true labels i and j. iif denotes the counts of samples 

correctly classified as i, and k represents the total class count. 

The positive-to-negative imbalanced sample dataset was input into the MEKM and various deep 

learning networks. The test accuracy results are depicted in Fig. 10(a). With limited samples of faulty 

bearings, MEKM is still able to maintain high accuracy by training on samples from normal bearings, 

making it applicable to real industrial scenarios where faulty bearing samples are scarce. Compared to the 

other methods, MEKM can achieve 99% accuracy even when the imbalance ratio reaches 20%, and it 
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maintains extremely high accuracy with minimal subsequent fluctuation. Fig. 10(b) illustrates that MEKM 

steadily achieves the top G-means score, reaching above 0.95 when the imbalance ratio is 10% and tending 

to stabilize thereafter. In comparison with other deep learning methods, MEKM demonstrates superior 

diagnosis stability when the number of faulty samples is limited. 

Table 5 Information on the positive-to-negative imbalance of fault samples 

  
Training dataset Testing dataset 

Fault Normal Fault Normal 

1% 1 100 100 100 

10% 10 100 100 100 

20% 20 100 100 100 

40% 40 100 100 100 

60% 60 100 100 100 

100% 100 100 100 100 

 

  
(a) (b) 

Fig. 10. Test results of different methods under positive-to-negative imbalance conditions: (a) accuracy; (b) 

G-means 

 

4.1.2. Case II: XJTU bearing dataset 

Case II utilizes the Xi’an Jiaotong University (XJTU) dataset [59]. The experimental conditions are a 

motor speed of 2100 rpm and a radial load of 12 kN. Under these conditions, five types of bearing 

degradation data were collected, including three types of outer ring faults, a cage fault, and a combined 

inner and outer ring fault. The corresponding raw signals are shown in Fig. 11. This dataset 

comprehensively documents the degradation process of a bearing from normal operation to failure. Since 

fault features are weak and the signal-to-noise ratio is low during the early stages of degradation, using this 

data directly for analysis may introduce uncertainty; therefore, the latter half of the signal, where fault 

features are more pronounced, was selected for analysis. During this phase, all comparison methods were 

tested using the same data interval to ensure consistency in experimental conditions and comparability of 

results. Detailed data descriptions are provided for Table 6. 
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Fig. 11. The bearing vibration signal in Case II 

Table 6 Data details for Case II 

Fault type Abbreviation Label Sample size 

Outer ring fault 

OR1 1 100 

OR2 2 100 

OR3 3 100 

Cage fault CF 4 100 

Outer and Inner ring fault OI 5 100 

The five bearing signals were input into each model for fault diagnosis, with the test set ratio set to 0.5. 

Fig. 12 summarizes the results. From the confusion matrices, MEKM misclassified few samples and 

achieved the highest overall accuracy. Although MEKM achieved perfect classification for only one of the 

five fault types, the number of misclassifications for the remaining four types was relatively low. In 

contrast, the other five deep learning methods exhibited inferior overall performance. 

   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 12. Confusion matrices for the Case II test set with a ratio of 0.5: (a) MEKM; (b) CNN; 
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(c)CNN-LSTM; (d) Transformer; (e) ResNet18; (f) AlexNet 

To further evaluate the effectiveness of MEKM, additional tests were performed to assess its accuracy 

under different test set ratios, specifically 0.2, 0.3, 0.4, 0.5, and 0.6. Fig. 13 displays the results for each 

method across various scenarios. The results indicate that MEKM achieved an accuracy of 97.2% when the 

test set ratio was 0.6, a result that notably surpasses those of the other approaches. Overall, MEKM 

demonstrated better performance and stability across various test set ratios. 

 

Fig. 13. Accuracy of different methods on the Case II under various test set ratios 

 

4.1.3. Case III: BJTU bogie bearing dataset 

Case III utilizes the Beijing Jiaotong University (BJTU) bogie bearing dataset [60]. The experimental 

system is illustrated in Fig. 14. The bogie transmission system primarily consists of a traction motor, drive 

gearbox, and axle box. The motor speed was set to 20 Hz, and the lateral load was 10 kN. Under this 

condition, five types of bearing data were collected, as detailed in Table 7. The test bearing is illustrated in 

Fig. 15. For each type, 200 samples were extracted, each with a length of 2048, and the training set ratios 

were set to 0.2, 0.3, 0.4, 0.5, and 0.6, respectively. The raw signals collected under the five types are 

illustrated in Fig. 16. Observations indicate that the time domain features across various fault types exhibit 

significant resemblance, which makes it challenging to differentiate them. Further processing is required 

for identification. 
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Fig. 14. The experimental system of the train bogie 

 

Fig. 15. Test bearings 

 

 

Fig. 16. The bearing vibration signal in Case III 

 

The BJTU bearings dataset was used to compare MEKM with several other deep learning models in 

fault diagnosis. Each method’s effectiveness was assessed using four metrics: precision, recall, specificity, 

and F1-score. Fig. 17 presents the average diagnosis outcomes for each approach. The results show that 

MEKM consistently outperforms advanced models such as Transformer and ResNet18 across all metrics, 

especially when the available data is limited. Additionally, MEKM’s performance remains stable as the 

number of training samples increases, further validating its strong generalization ability. 

 

Table 7 Data details for Case III 

Fault type Abbreviation Sample size Label 

Normal condition Nor 100 1 

Inner ring fault IR 100 2 

Outer ring fault OR 100 3 

Ball fault BF 100 4 

Cage fault CF 100 5 
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(a) (b) 

  
(c) (d) 

Fig. 17. Comparison of different methods in Case III based on four evaluation metrics: (a) accuracy; (b) 

recall; (c) specificity; (d) F1-score 

 

4.2. Experimental validation under multiple operating conditions 

In Section 4.1, experiments were carried out on three datasets at identical operating conditions, 

demonstrating the feasibility of MEKM in single-condition scenarios. However, in practical applications, 

bearings are often installed in different positions, resulting in varying speeds and loads during operation. 

Therefore, it is necessary to consider bearing faults under different working environments and conditions 

when performing fault diagnosis. To better evaluate and validate MEKM, this section employs the Case II 

to conduct multi-condition fault classification experiments. The specific conditions are summarized in 

Table 8. A comprehensive summary of the multi-condition data is shown in Table 9.  

 

Table 8 Bearing speed and radial load under different operating conditions 

Condition Speed (r/min) Radial load (kN) 

A 2100 12 

B 2250 11 

C 2400 10 
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Table 9 Description of multi-condition data in Case II 

Condition A  Condition B  Condition C 

Fault type Label  Fault type Label  Fault type Label 

Outer ring (123 min) 1  Inner ring (491min) 6  Outer ring (2538 min) 11 

Outer ring (161min) 2  outer ring (161min) 7  Composite (2496 min) 12 

Outer ring (158 min) 3  Cage (533 min) 8  Inner ring (371 min) 13 

Cage (122 min) 4  Outer ring (42 min) 9  Inner ring (1515 min) 14 

Inner and outer ring 

(52 min) 
5  Outer ring (339 min) 10  Outer ring (114 min) 15 

 

To further compare the performance differences between MEKM and mainstream deep learning 

methods under multiple operating conditions, the four best-performing methods were selected for testing. 

As shown in Table 10, there are differences in accuracy and stability among the methods. MEKM 

demonstrated both high accuracy and low standard deviation across repeated experiments, reflecting its 

excellent stability and robustness. Specifically, MEKM attained an average accuracy of 97.93%, reflecting 

highly reliable performance with minimal fluctuation. ResNet18, CNN-LSTM, and Transformer also 

exhibited strong performance, achieving high accuracies and low standard deviations. Notably, ResNet18 

had an average accuracy of 97.29%, reflecting good stability. In contrast, LeNet5 and MLP exhibited lower 

accuracies and greater variability. In addition, Fig. 18 presents the confusion matrices of MEKM, 

CNN-LSTM, Transformer, and ResNet18 for the multi-condition experiments on Case II. The results show 

that MEKM has fewer misclassified labels, whereas the other three methods each exhibit more than two 

classes with a large number of misclassifications. These findings further confirm that MEKM possesses 

stronger generalization ability and robustness under complex multi-condition scenarios. 

 

Table 10 Comparison of average accuracy and standard deviation for each method (%) 

Methods 
Number of experiments Average 

accuracy 

Standard 

deviation 1 2 3 4 5 

MEKM 97.89 97.67 98.2 97.87 98.2 97.93 0. 36 

CNN 92.11 91.78 90.78 92.44 92.67 90.16 0.811 

CNN-LSTM 93.56 92.79 94.78 93.67 94.89 92.94 0.663 

Transformer 96.67 97.78 95.67 97.11 96.89 96.82 0.393 

ResNet18 97.33 96.56 96.45 97.44 96.75 97.29 0.151 

AlexNet 91.58 91.41 90.72 92.67 91.68 91.21 0.349 

LeNet5 67.01 62.78 67.23 64.56 62.4 62.28 4.318 

MLP 59.84 60.47 61.54 63.50 61.26 61.28 1.325 



10.37965/jdmd.2026.1435 
 

  
(a) (b) 

  
(c) (d) 

Fig. 18. Confusion matrices of different methods: (a) MEKM; (b) CNN-LSTM; (c) Transformer; (d) 

ResNet18 

5. Conclusion 

To improve the robustness and precision of fault diagnosis, this study introduces a novel method 

utilizing the MEKM. The method integrates multi-dimensional entropy features within the mode entropy 

space, effectively capturing the complex dynamic information of vibration signals. The performance of 

MEKM was validated through comparative experiments on multiple publicly available bearing datasets and 

multi-condition scenarios. Experimental findings confirm MEKM's superior performance in feature 

extraction and fault diagnosis relative to deep learning models such as CNN, CNN-LSTM, Transformer, 

ResNet18, AlexNet, LeNet5, and MLP. MEKM not only provides a more comprehensive representation of 

the complex dynamic characteristics of vibration signals but also effectively adapts to practical conditions, 

including high noise interference, limited samples, and severe class imbalance. Further analysis shows that 

MEKM maintains the highest diagnosis accuracy with minimal fluctuation and excellent robustness across 

different test set ratios and complex operating conditions. It also excels in various evaluation metrics, 

including recall, precision, and F1-score, showcasing its strong generalization capability. Overall, MEKM 

exhibits superior performance and enhanced robustness under various challenging conditions.  
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In future research, we will further validate the effectiveness of the proposed method in fault diagnosis 

tasks for rotating machinery other than bearings, such as gearboxes, planetary gear systems, and 

multi-component coupled systems under complex operating conditions. At the same time, we will focus on 

improving the computational efficiency and real-time performance of MEKM to enhance its applicability in 

practical online engineering diagnostics. 
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