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Introduction
As the core equipment in industrial production, rotating machinery bearings play a critical role. However, traditional feature extraction algorithms for vibration signals are susceptible to noise interference and inaccurate in extracting complex features. Meanwhile, traditional fault classification algorithms face challenges such as high dependence on feature quality and insufficient generalization ability.
Methods
For vibration signal feature extraction, an improved multi-scale divergence entropy method is proposed. It integrates multi-scale sample entropy and divergence entropy to enhance the discrimination of signal features. For fault classification, a regularized extreme learning machine (ELM) model is developed, where regularization constraints are introduced to avoid pathological matrices.
Results
When using the refined composite multi-scale divergence entropy for feature extraction, setting the scale to 20 minimized the entropy value and achieved the highest classification accuracy of 98.79%. For the regularized ELM model, adopting the Softplus function as the activation function and setting the neuron number to 17 led to the lowest loss rate and the highest average classification accuracy of 93.98% ± 0.94%. Additionally, the model exhibited a relatively short running time of only 400 ms.
Discussion
The results indicate that the improved multi-scale divergence entropy effectively enhances the robustness and accuracy of feature extraction under noise interference. The regularized ELM model improves both classification accuracy and computational efficiency compared to traditional algorithms. This proposed method not only advances the classification accuracy of rotating machinery faults but also provides new technical support for machine fault prevention work, demonstrating potential for practical industrial applications in fault diagnosis systems.
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1 INTRODUCTION
Rotating machinery has become a guarantee for sustainable production in various industries due to its efficient energy conversion and transmission capabilities. However, due to long-term exposure to complex working conditions, it is difficult to avoid faults in various parts of rotating machinery (Liu D. et al., 2023). Among them, bearing failures are more serious. To ensure the normal operation of the machine, fault detection and prevention are extremely important. Traditional methods include time-domain analysis, frequency-domain analysis, and time-frequency analysis (Tao et al., 2023). Time-domain analysis is simple and intuitive, but it is difficult to reveal complex fault characteristics. Frequency-domain analysis displays the frequency components, but cannot reflect the changes in frequency over time. Although time-frequency analysis combines the advantages of both, it has high computational complexity and is susceptible to noise interference. Traditional fault classification methods, involving artificial neural networks, Support Vector Machines (SVM), etc. rely on manually designed features, have high requirements for feature extraction, and lack generalization ability (Gangsar et al., 2021). In recent years, technologies such as deep learning, machine learning, and the Internet of Things have been applied in fault recognition, achieving high-precision classification through automatic feature extraction (Tama et al., 2023; Purohit and Dave, 2023; Jiao et al., 2022). However, these methods still have issues such as requiring much labeled data and limited performance in small sample scenarios. Therefore, there is an urgent need to develop a more comprehensive fault recognition system to accurately extract and classify fault features.
Currently, most scholars have introduced multi-scale entropy into the field of fault recognition. Multi-scale entropy evaluates the complexity of time series by analyzing their entropy values at different time scales, which is commonly used to analyze vibration signals. Li et al. built a refined composite variable step multi-scale model to extract only single time scale information from nonlinear dynamic indices. Compared with other commonly used entropies, this model could detect series nonlinear dynamic changes with high stability and variability (Li Y. et al., 2024). To solve the fault feature extraction in multi-channel vibration signal synchronization, Wang et al. combined mutation embedding multi-scale diversity entropy feature extraction with random forest classifier. Through simulation and experimental verification, the multi-channel feature extraction capability of this method was the best (Wang et al., 2021). Kafantaris et al. introduced a hierarchical entropy framework to address the information loss caused by multiple entropy quantization algorithms. Three algorithm variants of hierarchical multi-scale dispersed entropy were proposed. The results indicated that variants prioritized channel processing and had low computation time, and could also utilize prior knowledge to extract new information (Kafantaris et al., 2022). To address the multi-scale diversity entropy ignoring high-frequency information, Wang et al. combined hierarchical diversity entropy with a random forest classifier. Compared with various existing entropy methods, this model had the best feature extraction ability and could effectively solve the early fault signal feature extraction (Wang et al., 2022).
Extreme Learning Machine (ELM) has fast learning speed, strong generalization ability, and is easy to implement. Many scholars have applied it to fault classification (Liu X. et al., 2023). In response to the electrical fault problem of external short circuits, Yang R et al. used an ELM-based thermal model to obtain the temperature behavior of lithium-ion batteries under external short-circuit conditions. The model had higher computational efficiency and better fitting (Yang et al., 2021). To solve the fault diagnosis for steam turbines, Dhini et al. proposed an ELM-radial basis functional network model. Although the proposed model had lower accuracy, its computational speed far exceeded that of backpropagation neural networks (Dhini et al., 2022). Xie et al. proposed a fusion thermal model that integrated multiple thermal effects and constructed a pseudo distributed model for diagnosing internal short circuits in batteries using thermal behavior. Experiments were conducted on 18,650 lithium-ion batteries. The results showed that this scheme could effectively identify internal short-circuit faults in low-grade batteries, with a state misjudgment rate of only 3.13% (Xie and Yao, 2021). To address the impact of strong noise on acoustic sensor data, Zhou Y et al. built a new method that combined acoustic sensor signal feature parameters with a double-layer angular kernel ELM. This method outperformed other advanced methods based on sound sensor data (Zhou et al., 2022).
To address the problem of unbalanced rolling bearing data and difficulty in fault diagnosis under variable speed conditions, Li S et al. used interference attribute projection to process segmented variable speed data; and proposed an adaptive clustering weighted oversampling method to process unbalanced data. The effectiveness of this method was verified through comparative experiments on two data sets (Li et al., 2024a). To address the problem of unbalanced and uneven distribution of wind turbine blade icing data, Li S et al. proposed a center jump hoist method. This method combines improved clustering-based oversampling and lightweight gradient hoisting to predict blade icing. The results show that the accuracy and running time are significantly improved on two SCADA data sets (Li et al., 2023). To address the problem of abnormal deviation and abnormal accuracy drop in helicopter transmission system vibration data, Fan C et al. proposed a variable scale multilayer perceptron. The results show that this method is superior to the Transformer and MLP models on bearing and gear data sets (Fan et al., 2024). To address the problem of few label samples, data imbalance, complex transfer learning training, and weak interpretation in bearing fault diagnosis, Li S et al. proposed a center jump hoist method for semi-supervised intelligent fault identification of unbalanced data bearings. The results show that the superiority of the proposed method is verified on three bearing data sets with different balancing rates (Li et al., 2024b).
In summary, many scholars have proposed many solutions in feature extraction and fault classification, with certain achievements and progress. However, these methods still have problems such as insufficient model generalization ability and high requirements for features. In response to the above issues, a new classification model is proposed, which is based on the features obtained from the Refined Composite Multi-scale Divergence Entropy (RCMDE) and uses a Regular Extreme Learning Machine (RELM) to classify faults to address the recognition task of rotating machinery faults. The innovation of the research lies in combining multi-scale and Divergence Entropy (DE) to discriminate fault features, and introducing regular constraints into ELM to solve the pathological matrix, which is conducive to improving the recognition accuracy of rotating machinery faults.
2 METHODS AND MATERIALS
The fault signals of rolling bearings are generally vibration signals. Relying on the vibration signals, RCMDE is taken to extract multi-scale features and output the features in vector form. Then, the feature vectors are input into RELM. Based on its fast learning algorithm and good generalization ability, the input fault feature vectors are trained to establish a mapping relationship between fault features and fault types, further accurately classify and diagnose the types of rolling bearing faults.
2.1 Feature extraction of rotating machinery faults based on MDE
The healthy operation of rolling bearings is related to the stability and reliability of mechanical equipment. In actual complex working conditions, rolling bearings are prone to various faults. It is extremely important to detect and repair their faults timely. The detection process for rolling bearing faults is presented in Figure 1.
[image: Diagram of a fault diagnosis process for bearings. It shows the following sequence: Bearing fault, Vibration signal acquisition, Signal preprocessing, RCMDE: Fault Feature Extraction, RELM: Fault Classification, leading to Fault type identification. Fault types include rolling element fault, inner ring fault, outer ring fault, and normal bearing.]FIGURE 1 | Flow chart for detecting faults in rolling bearings.In Figure 1, if a rolling bearing malfunctions, it needs to be detected. The fault type is classified relying on the fault signal, so that targeted repairs can be made. Common rolling bearing failures include outer ring failure, inner ring failure, and rolling element failure. The feature extraction commonly uses traditional entropy methods like Shannon entropy, Sample Entropy (SE), Permutation Entropy (PE), etc. However, these methods have limitations in single scale analysis and low feature discrimination (Wang and Sun, 2021). Therefore, the study proposes the Multi-scale Divergence Entropy (MDE) to extract features of signals from rotating mechanical bearings. This method has the ability to fuse multi-scale features and quantify differences through multi-scale distributions to more comprehensively characterize the hierarchical structure of fault signals. MDE is based on Multi-scale Sample Entropy (MSE) and DE. The calculation of DE is as follows. For any given time series Z=z1,z2,⋯,zM, assuming that the embedding dimension is n, the reconstructed phase space Wn based on the phase space embedding theory is shown in Equation 1.
Wn=w1n,w2n,⋯,wM−n+1n=z1z2⋯znz2z3⋯zn+1⋮⋮⋮zM−n+1zM−n+2⋯zM(1)
In Equation 1, M is the length of the data. win=zi,zi+1,⋯,zi+n is a series of spatial trajectories composed of time series, and i∈1,M−n+1. The Cosine Similarity (CS) set Ene1,⋯,eM−n can be obtained by calculating the CS between adjacent phase trajectories. CS is a physical quantity that measures the similarity between two trajectories, with a value range of [-1,1]. The CS eij is shown in Equation 2.
ewin,wjn=∑k=1nwik×wjk∑k=1nwik2×∑k=1nwjk2(2)
In Equation 2, win and wjn are two trajectories in phase space. The CS set En is presented in Equation 3.
En=e1,⋯,eM−n=ew1n,w2n,ew2n,w3n,⋯,ewM−nn,wM−n+1n(3)
In Equation 3, En can be used to describe the overall similarity relationship between adjacent trajectories in phase space. The distance calculation between spatial trajectories is shown in Figure 2.
[image: (a) A matrix diagram with entries \( e_{1,2}, e_{2,1}, \ldots \) is shaded blue above the main diagonal labeled "Diagonal". Rows and columns are labeled \( z_1 \) to \( z_{M+n+1} \). (b) A matrix with a green diagonal stripe labeled \( e_1, e_2, \ldots, e_{M-n} \), running parallel to the blue "Diagonal". The same axis labels apply.]FIGURE 2 | Calculation method for track distance. (a) Sample entropy and fuzzy entropy; (b) Divergence entropy.In Figure 2a, if M−n+1 trajectories are written in matrix form, SE and Fuzzy Entropy (FE) calculate the distance between trajectories in the upper triangular matrix region without diagonals, which means that the process traverses the distance between multiple pairs of trajectories except for self-matching. From Figure 2b, when calculating the distance between trajectories, DE only calculates the elements in the upper row of the diagonal, indicating that it only calculates the distance between adjacent trajectories, rather than traversing the distance between all trajectories. Subsequently, JJ1,J2,⋯,Js is used to represent the range [-1,1] of s small cells, and the state probability Qq1,q2,⋯,qs of each small cell is calculated. Based on Q, the DE can be obtained, as shown in Equation 4.
DEn,s=−1ln⁡s∑k=1sqk⁡ln⁡qk(4)
In Equation 4, qk is the probability of the CS falling within the k-th interval. MSE divides the time series into several multi-scale sequences through a coarse-grained process. For time series Z=z1,z2,⋯,zM, the multi-scale time series is shown in Equation 5.
cjα=1α∑i=j−1α+1jαzi,1≤j≤M/α(5)
In Equation 5, α is the scale factor, with a positive integer. The SE value corresponding to each multi-scale time series is shown in Equation 6.
MSEZ,α,n,p=SEcjα,n,p(6)
In Equation 6, p represents the tolerance parameter. The study combines MSE with DE to propose MDE, which divides time series into multi-scale time series through coarsening. Multi-scale time series use windows of various lengths to perform sliding average processing on the original time series. The multi-scale time series of MDE for time series Z=z1,z2,⋯,zM is shown in Equation 7.
bjα=1α∑i=jjαzi,1<j<M−α+1(7)
The calculation for MDE obtained from bjα is shown in Equation 8.
MDEZ,α,n,s=DEbjα,n,s(8)
In response to the entropy instability of MDE at high scales, further improvements are made to MDE. The RCMDE is proposed. RCMDE accurately estimates the state probability distribution in phase space, thereby improving the stability and reliability of MDE in large-scale analysis. Equation 9 displays the probability of the CS falling between each small cell J.
qkα=1α∑j=1αqk,jα(9)
In Equation 9, qk,jα represents the probability that the CS falls in the k-th small cell in the j-th multi-scale time series. The entropy value of RCMDE can be obtained from qkα, as shown in Equation 10.
RCMDEZ,n,s=−1ln⁡s∑k=1sqkα⁡ln⁡qkα(10)
Figure 3 displays the RCMDE.
[image: Flowchart depicting a process for calculating RCMDE entropy value. It begins with initializing parameters, followed by a composite multiscale process and phase-space reconstruction. Next is cosine similarity calculation, leading to state probability calculation. The process checks if all scales are completed. If no, it loops back; if yes, it proceeds to MSE plus DE equals MDE, then MDE to RCMDE, and finally calculates the RCMDE entropy value.]FIGURE 3 | Algorithm flowchart of RCMDE.Figure 3 shows the detailed calculation process of RCMDE. Firstly, the original time series is divided and averaged through a composite multi-scale process to obtain a multi-scale time series. Multi-scale time series are reconstructed in phase space. The 1D time series is transformed into phase space to analyze its dynamic characteristics. Next, the CS between adjacent trajectories in phase space is calculated to measure the similarity between trajectories. The state probability is calculated based on the CS calculation results. Finally, the entropy value of RCMDE is calculated through a fine composite multi-scale process to accurately analyze the multi-scale characteristics in rotating machinery.
2.2 Fault recognition of rotating machinery based on ELM
After using the RCMDE algorithm for fault signal feature extraction, the type of fault is identified. ELM is selected to complete the fault identification task. ELM is based on feedforward neural networks. It is extensively applied in regression, clustering, classification, feature learning, etc (Yu et al., 2023). Figure 4 presents the ELM (Mohan and Senthilkumar, 2022).
[image: Diagram of a neural network with three layers: input, hidden, and output. The input layer has nodes labeled \( x_1, x_2, \ldots, x_n \), the hidden layer nodes are labeled \( 1, 2, \ldots, j \), and the output layer nodes are labeled \( y_1, y_2, \ldots, y_n \). Arrows indicate connections between layers, showing the flow of information from the input to the output layer.]FIGURE 4 | Schematic of ELM.In Figure 4, the ELM contains Input Layer (IL), Hidden Layer (HL), and Output Layer (OL). The IL nodes are connected to the HL nodes through weights εij, which determine the influence of the input data on the HL nodes. The HL nodes perform nonlinear transformations on input data, which is a key part of implementing complex mappings in networks. Each node has a bias bj. The HL nodes are linked to the OL nodes through weights ωjk. The OL calculates the final output based on the output of the HL and these weights. Firstly, an ELM network is set with a HL neuron count of l and an activation function of fx. A training set D=ui,vii=1N containing N different samples is input into the network to train. At this point, the ELM is presented in Equation 11.
Aω=V(11)
In Equation 11, A signifies the HL output matrix. ω signifies the weight matrix between the HL and the OL. V signifies the output matrix. The definitions of A, ω, and V are displayed in Equation 12.
A=a1Ta2T⋯aNTT=fω1,b1,u1⋯fωn,bn,u1⋮⋱⋮fω1,b1,uN⋯fωn,bn,uNN×lω=ω1Tω2T⋯ωnTTV=v1Tv2T⋯vNTT(12)
In Equation 12, ai represents the output vector of HL corresponding to the input vector ui. fωj,bj,ui represents the output value obtained by the activation function fx after the i-th input vector ui passes through the j-th HL neuron. ωj signifies the corresponding weight. bj signifies the corresponding bias. Usually, the HL output matrix A and the target output matrix V in Equation 13 are known and fixed. It is only necessary to use generalized inverse theory to solve the minimum norm least squares solution of the weight matrix ω. However, the ELM algorithm needs to solve its generalized inverse when ATA or AAT is non-singular. Otherwise, pathological matrix problems may occur. The study employs RELM to address this issue. The definition of the objective function with regularization constraints is shown in Equation 13.
minωLreg=λ2φi2+12ω2auiTω=viT−φiT,i=1,...,N(13)
In Equation 13, λ is the regularization parameter. φi represents the training error of the i-th sample. According to KKT theory, if the regularization constrained optimization problem is changed into a dual optimization problem, the objective function is shown in Equation 14.
minω,α,φLdual=12ω2+λ2φi2−∑i=1N∑j=1NαijauiTωj−vij+φij(14)
In Equation 14, α is the Lagrange multiplier. Then, based on the optimization conditions of KKT theory, Equation 15 is obtained.
∂Ldual∂ωj=0→ωj=∑i=1NαiauiT→ω=ATα∂Ldual∂φi=0→αi=λφi∂Ldual∂αi=0→auiTωj−vi+φi=0(15)
The expressions for V and ω can be obtained by solving the above equations, as shown in Equation 16.
V=Iλ+ATAαω=ATIλ+ATA−1V(16)
In Equation 16, I represents the identity matrix. The output of RELM is displayed in Equation 17.
gu=auTωT=auTATIλ+ATA−1VT(17)
RELM inherits the advantages of ELM, such as high computational efficiency and fast training speed, and avoids the pathological matrix and over-fitting by introducing regularization constraints. RCMDE extracts features and classifies the types of faults using the RELM. The fault identification flowchart based on RCMDE-RELM is shown in Figure 5.
[image: Flowchart detailing a signal processing and fault classification process. It starts with signal and vibration acquisition, followed by signal preprocessing with denoising and normalization. Steps include multiscale segmentation, dataset partitioning, and RELM model training. Features are extracted, and eigenvectors constructed. The optimized model is validated, saved, then loaded for fault classification and output of bearing status. Arrows indicate process flow.]FIGURE 5 | Fault identification flowchart of RCMDE-RELM.In Figure 5, the vibration signals in different states are collected. RCMDE extracts features from the signals. Next, 80% of the extracted features is to train, 20% to test, and the training set will be trained using RELM. Finally, the test set is input into the trained RELM to achieve fault classification and recognition.
3 RESULTS
The study verifies the influence of different feature extraction algorithms and different fault recognition models on the rolling bearing fault classification through comparative experiments. By determining appropriate scale factors and activation functions, the accuracy of fault identification accuracy can be improved, thereby better identifying faults in rotating machinery.
3.1 Analysis of fault feature extraction results based on RCMDE
In the research on fault recognition in rotating machinery, to fully verify its performance, other advanced methods are compared and validated. The study selected the Paderborn University Bearing Dataset (PU Dataset) to evaluate the classification performance of different feature extraction models (Lessmeier et al., 2016). Four distinct bearing conditions were chosen from the dataset for validation: normal condition, outer race fault, inner race fault, and rolling element fault. These faults were artificially induced through electro-erosion methods such as drilling and pitting. The data specifically originates from bearings of model 6,203, collected under operating conditions of 17,000 rpm and a sampling frequency of 64 kHz. For each condition, 60 samples were randomly selected, with each sample consisting of 2,048 data points. The total sample pool (4 classes × 60 samples = 240 samples) was randomly divided into training and testing sets in an 8:2 ratio using stratified sampling principles, ensuring the proportion of each class in both sets matched the overall distribution. Table 1 presents the detailed data.
TABLE 1 | Detailed parameters for testing bearings.	Bearing model	6,203
	Rotational speed	17000r/min
	Sampling frequency	64k Hz
	Inner diameter/outer diameter	17 mm/40 mm
	Rolling element diameter	6.75 mm
	Number of rolling elements	8
	Weight	0.067 kg


The study first verifies the optimal scale factor value through experiments, and then compares the RCMDE algorithm with other feature extraction algorithms. The scale factor is an important parameter of RCMDE, and different scale factors have multiple impacts on RCMDE. To verify the effect of scale factor on the classification accuracy, the study sets the range of scale factor values from 1 to 20 while keeping the embedding dimension and symbol number unchanged. The RELM is combined for experimental verification on PU Dataset. Figure 6 displays the RCMDE value and classification accuracy.
[image: Graph (a) shows RCMDE vs. scale α, with lines depicting states: normal, outer ring fault, inner circle malfunction, and rolling element malfunction. Graph (b) is a bar chart for classification accuracy at different scales (α = 1, 5, 10, 15, 20), reaching up to nearly 100%.]FIGURE 6 | Comparison of RCMDE values and classification accuracy under different scale factors. (a) RCMDE results at different scales; (b) Classification accuracy under different scale factors.In Figure 6a, when the bearing was in a normal state, the value of the scale factor had little effect on the entropy value of the final RCMDE. When the bearing was in a fault state, its entropy value decreased with the increase of the scale factor value, and ultimately decreased to below 0.5. As the value increased, the entropy value of the bearing signal at the rolling element fault decreased the fastest, and decreased to 0.21 when the scale factor value was 20. In Figure 6b, when the scale factor was set to 1, the classification accuracy for bearing faults was only 71.35%. When the scale factor was set to 5, the accuracy was improved to 85.68%. When the scale factor was set to 10 and 15, the accuracy was 90.41% and 94.33%, respectively. When the scale factor was 20, the model had the highest classification accuracy for fault types, reaching 98.79%. The study considered both entropy and classification accuracy, and ultimately set the scale to 20. Next, the RCMDE algorithm is compared with three commonly used feature extraction algorithms, namely, Daubechies wavelet (DB wavelet), DMeyer wavelet (DM wavelet), and Variational Mode Decomposition (VMD-7), and validated experimentally on the PU dataset using RELM. The average classification accuracy is presented in Figure 7.
[image: Two plots depicting classification accuracy in different scenarios. Plot (a) shows box plots of classification accuracy for different models (DB-RELM, DM-RELM, VMD-7-RELM, RCMDE-RELM) with different fault types (Outer race, Inner race, Rolling ball), ranging between 60% to 100%. Plot (b) displays bar charts comparing VMD-7-RELM and RCMDE-RELM accuracy for various numbers of training samples (10, 20, 30, 40, 50), indicating higher performance for RCMDE-RELM as samples increase.]FIGURE 7 | The fault classification accuracy of models with different feature extraction algorithms. (a) Average classification accuracy under different models; (b) Comparison of RCMDE and VMD-7 under Different Training Sample Sizes.In Figure 7a, the DB-RELM model had low accuracy in classifying various types of faults, only about 68%. The average classification accuracy of DM-RELM for outer ring faults was 73.25%, inner ring faults was 74.47%, and rolling element faults was 75.19%. The VMD-7-RELM for three types of faults exceeded than that of the DM-RELM. Compared with the VMD-7-RELM model, the average classification accuracy of RCMDE-RELM for these three types of faults was 4.57%, 7.37%, and 8.88% higher, respectively, at 85.43%, 87.58%, and 90.07%. In Figure 7b, the average classification accuracy of the RCMDE-RELM added with the increase of training samples. After reaching 40 samples, its classification accuracy stabilized at around 88%. The VMD-7-RELM model had low classification accuracy when the sample size was small, with an average classification accuracy of 77.51% when the sample size was 50, significantly lower than that of the RCMDE-RELM. The designed method has high classification accuracy for faults and low requirements for sample size. The study also validates feature extraction methods on the Ionosphere sample set, Cmc sample set, and Wine sample set. The classification accuracy and feature selection results of the RELM model based on four different feature extraction algorithms on each sample set are compared, as shown in Figure 8.
[image: Three bar graphs labeled (a), (b), and (c) compare feature extraction methods: DB, DM, VMD-7, and RCMDE. Each graph displays accuracy percentages and the number of features, with accuracy marked by lines and features by bars. Accuracy generally increases from DB to VMD-7, with varying feature counts across methods.]FIGURE 8 | Comparison of experimental results of models based on different feature extraction algorithms on various sample sets. (a) Comparison results of Ionosphere sample set experiments; (b) Comparison results of Cmc sample set experiments; (c) Comparison results of Wine sample set experiments.In Figure 8a, on the Ionosphere sample set, the DB-RELM model used 12 features and had a low classification accuracy of 81.84%. The DM-RELM model used 19 features and had a classification accuracy of 86.79%. The VMD-7-RELM model used 15 features and had a classification accuracy of 89.06%. The RCMDE-RELM model took fewer features and had the highest classification accuracy of 93.42%. In Figure 8b, on the Cmc sample set, the DB-RELM model selected 4 features and had a classification accuracy of 68.75%. The DM-RELM model and VMD-7-RELM model selected 7 and 6 features respectively, with classification accuracy of 76.99% and 77.13%, respectively. The RCMDE-RELM selected 5 features and had the highest classification accuracy of 83.83%. In Figure 8c, on the Wine sample set, the classification accuracy was relatively high. The DB-RELM used 4 features and had a classification accuracy of 84.58%. The DM-RELM and VMD-7-RELM used 9 and 7 features respectively, with classification accuracy of 91.17% and 90.02%, respectively. The RCMDE-RELM used 5 features and achieved a classification accuracy of 95.79%. The proposed method requires fewer features for fault identification and has higher accuracy in classifying various faults of rolling bearings.
To more fairly evaluate the performance advantages of RCMDE in the entropy feature family, the study further compared it with several advanced entropy based feature extraction methods, including fine composite multi-scale sample entropy (RCMSE), fine composite multi-scale permutation entropy (RCMPE), and basic multi-scale divergence entropy (MDE). The parameter settings for all entropy methods remain consistent: embedding dimension m = 2, tolerance r = 0.15 × standard deviation, and scale factor τ = 20. The comparison of the results of 10 experiments conducted on the PU dataset using RELM combined with various methods is shown in Table 2.
TABLE 2 | Detailed classification accuracy of different entropy-based methods on PU dataset.	Method/Bearing state	Normal (%)	Outer race fault (%)	Inner race fault (%)	Rolling element fault (%)	Overall accuracy (%)
	RCMSE-RELM	94.50 ± 0.45	80.15 ± 1.85	82.37 ± 1.65	84.26 ± 1.55	85.32 ± 1.50
	RCMPE-RELM	95.80 ± 0.40	81.90 ± 1.70	84.55 ± 1.50	86.18 ± 1.40	87.11 ± 1.25
	MDE-RELM	96.20 ± 0.35	83.95 ± 1.40	86.41 ± 1.25	88.95 ± 1.10	88.88 ± 1.05
	RCMDE-RELM	98.25 ± 0.25	85.43 ± 1.20	87.58 ± 1.05	90.07 ± 0.95	90.33 ± 0.85


According to Table 2, the RCMDE-RELM model proposed in the study has better classification accuracy than the comparative methods in all four bearing states, and achieved the highest overall classification accuracy (90.33% ± 0.85%). Moreover, while achieving optimal accuracy, the model also has the smallest standard deviation among all methods, indicating that RCMDE-RELM has high stability. Specifically, compared to the basic MDE, RCMDE has improved accuracy in various fault types with smaller fluctuations, verifying the improvement of feature stability by the fine composite process. Meanwhile, compared with RCMSE and RCMPE, the superior performance of RCMDE also reflects the advantage of divergence entropy in quantifying fault characteristics. This result fully demonstrates that RCMDE can extract more discriminative and robust features from vibration signals.
3.2 Analysis of fault identification results based on RCMDE-RELM
To verify the effectiveness of the RCMDE-RELM for fault identification, the activation function of the RELM is first determined through experiments. The study selects four different activation functions and conducts experimental verification on PU Dataset in conjunction with RCMDE. The classification accuracy and loss rate results of the RCMDE-RELM model based on four activation functions under different node numbers are shown in Figure 9.
[image: Two line graphs compare activation functions based on the number of hidden layer nodes. Graph (a) shows classification accuracy peaking around 20 nodes, with Softplus and Leaky ReLU slightly outperforming others. Graph (b) depicts loss rate decreasing significantly with more nodes, with Softplus achieving the lowest rate. Activation functions include Softplus, Tanh, Leaky ReLU, and Sigmoid.]FIGURE 9 | Classification accuracy and loss rate of each model under different node numbers. (a) Classification accuracy of each model under different node numbers; (b) Loss rate of each model under different node numbers.In Figure 9a, in multiple experiments, as the node increased, the classification accuracy also added. The classification accuracy of models based on Sigmoid and Leaky ReLU was similar, with 82.51% and 83.48%, respectively. The Tanh-based model had high classification accuracy but significant fluctuations, indicating low model stability. The classification accuracy of the Softplus was 93.53%, with relatively smooth fluctuations. In Figure 9b, the Tanh-based model only converged when the number of nodes increased to 18, with a loss rate of 10.17%. The models based on Leaky ReLU and Sigmoid gradually stabilized after the number of nodes increased to 12, reaching 8.36% and 5.11%, respectively. The model based on Softplus converged to 3.47% after 6 nodes. Therefore, the study selects the Softplus function as the activation function for RELM. After determining the activation function, the quantity of neurons is determined using the five-fold cross test method. The average classification accuracy and loss rate of 10 experiments are taken as evaluation results, as presented in Figure 10.
[image: Two graphs compare accuracy and loss percentages against nodes. Graph (a) shows accuracy rising to around ninety-four percent at ten nodes, while loss decreases. Graph (b) depicts fluctuating accuracy and loss with no clear trend from twenty-two to thirty-eight nodes. Both graphs use red for accuracy, green dashed lines for loss trends, and blue squares for loss values.]FIGURE 10 | Average classification accuracy and loss under different numbers of neurons. (a) Low node count; (b) High node count.From Figure 10a, the average classification accuracy increased with the node when the neuron was 0–20, and reached the highest classification accuracy of 92.31% ± 1.21% when the node was 17. The average loss rate gradually decreased with the increase of the node, and dropped to 74.25% ± 1.43% when the number of nodes was 18. In Figure 10b, the average classification accuracy fluctuated between 20 and 36 nodes, reaching a maximum of 91.89% ± 1.18% at 26 nodes. The average loss rate showed a downward trend in the range of 20–26 and an upward trend in the range of 26–36. Therefore, the study sets the number of neurons to 17. Finally, the study compares RELM with several other commonly used methods for fault classification and conducts experimental verification on the PU Dataset using RCMDE. The selected comparison methods are K-Nearest Neighbors (KNN), SVM, and Random Forest System (RFS), with 10 experiments conducted for each method. Figure 11 presents the classification accuracy and running time.
[image: Two graphs compare performance metrics of RCMDE methods. Graph (a) shows classification accuracy across ten experiments for RCMDE-KNN, RCMDE-SVM, RCMDE-RFS, and RCMDE-RELM, with RCMDE-RELM having the highest accuracy. Graph (b) depicts running time in milliseconds for 140 samples, with RCMDE-RELM consistently having the shortest running time, followed by others.]FIGURE 11 | Classification accuracy and runtime of each model. (a) Classification accuracy of each model; (b) The runtime of each model.In Figure 11a, the average classification accuracy of the RCMDE-KNN was relatively low, only 81.07% ± 2.03%. The RCMDE-SVM was 84.76% ± 1.78%. The RCMDE-RFS slightly exceeded that of the other two categories, at 87.34% ± 1.49%. The RCMDE-RELM had the highest average classification accuracy, reaching 93.98% ± 0.94%. According to Figure 11a, the running time of RCMDE-KNN, RCMDE-SVM, and RCMDE-RFS was 1600 m, 1200 m, and 750 m, respectively. The running time of the RCMDE-RELM was significantly lower than the other three types of models, only 400 m. The designed method has better model performance and higher accuracy in fault classification of rolling bearings. To verify the generalization ability of the proposed method, further experiments were conducted on the bearing dataset of Case Western Reserve University (CWRU) (Smith and Randall, 2015). This dataset contains multiple types of faults (inner ring, outer ring, rolling element faults) and different load conditions (0HP, 1HP, 2HP, 3HP). Similarly, RCMDE is used for feature extraction, RELM is used for classification, and training testing is split into 80%–20%. The experimental results are shown in Table 3.
TABLE 3 | Detailed classification performance of each model on the CWRU bearing dataset.	Method/Bearing state	Normal (%)	Outer race fault (%)	Inner race fault (%)	Rolling element fault (%)	Overall accuracy (%)	Runtime (ms)
	RCMDE-KNN	85.2 ± 1.5	76.3 ± 2.5	75.1 ± 2.8	77.1 ± 2.3	78.45 ± 2.15	520
	RCMDE-SVM	88.5 ± 1.3	80.4 ± 2.2	79.2 ± 2.4	82.2 ± 1.9	82.60 ± 1.90	650
	RCMDE-RFS	90.3 ± 1.1	83.5 ± 1.8	82.4 ± 2.0	85.3 ± 1.6	85.72 ± 1.55	850
	RCMDE-RELM	95.0 ± 0.8	91.2 ± 1.3	90.8 ± 1.5	90.0 ± 1.4	91.50 ± 1.10	420


According to Table 3, the proposed RCMDE-RELM model not only achieved the highest overall classification accuracy (91.50% ± 1.10%) on the CWRU dataset, but also maintained a stable recognition accuracy of over 90% for all single fault categories and normal states, significantly better than other comparative models. At the same time, the standard deviation of the RCMDE-RELM model is minimized, which proves that the method has excellent stability. In terms of operational efficiency, the RCMDE-RELM model only takes 420 m, which is much lower than other models and achieves the best balance between accuracy and speed.
4 CONCLUSION AND DISCUSSION
Aiming at the difficulty in extracting fault features and low recognition accuracy of rolling bearings, the RCMDE and RELM were proposed. In the feature extraction experiment, the RCMDE scale factor was first determined. As the scale factor increased, the entropy value decreased. When the scale was 20, the entropy value dropped below 0.5, and the classification accuracy reached 98.79%. Therefore, the scale was set to 20. Compared with other algorithms, DB-RELM and DM-RELM performed poorly. RCMDE-RELM had an average classification accuracy of 4.57%, 7.37%, and 8.88% higher than VMD-7-RELM for various types of faults, and could still maintain high accuracy even with a small sample size. This result was similar to the conclusion obtained by Wang S et al., which may be due to the relatively simple calculation process of RCMDE, without requiring prior knowledge (Wang et al., 2023). Meanwhile, RCMDE had higher sensitivity to different types of fault characteristics and better noise resistance. When verifying the effectiveness of the RELM model, Softplus was determined as the activation function with 17 neurons. The model had a classification accuracy of 92.31% ± 1.21% and the lowest loss rate. On the PU Dataset, compared with other classification models, RCMDE-KNN, RCMDE-SVM, and RCMDE-RFS have lower average classification accuracy and longer running time. The average classification accuracy of RCMDE-RELM is 93.98% ± 0.94%, running for only 400 m. On the CWRU dataset, this method also achieved a high accuracy of 91.50% ± 1.10%, demonstrating its good generalization ability, which is similar to the conclusion obtained by Liu (2023). The reason for obtaining this result may be that RELM has better processing ability for high-dimensional data, faster training speed, and can flexibly adjust parameters to adapt to different tasks.
In summary, the RCMDE-RELM can effectively achieve the fault recognition and classification of rotating machinery bearings, providing new theoretical and technical support for fault prevention of rotating machinery in the industrial field. However, the study only take a dataset for experimental verification, and the fault signal data in real environments is extremely complex. Therefore, in the future, fault signals can be collected from field scenarios to apply the method from theory to practice.
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