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ABSTRACT To address the problems of fault feature drift, weak information submerged by noise in rotating machinery 

under strongly time-varying conditions, as well as frequency domain rigidity, low-frequency distortion, and high deployment cost of 

traditional CNNs, an explainable lightweight CNN based on adaptive wavelet threshold attention is proposed. The model captures 

full-frequency features through an adaptive wavelet convolution layer, strengthens fault features and suppresses noise via an adaptive 

threshold temporal attention enhancement module, and achieves lightweight design with a single-layer architecture. On bearing 

variable-speed and gearbox variable-speed-variable-load datasets, the average diagnostic accuracy reaches 93.75%, and the F1-score 

exceeds 79% under low signal-to-noise ratio conditions. Its performance stems from the synergistic closed-loop of wavelet 

convolution, adaptive threshold temporal attention enhancement, and gradient feedback. Adaptable to industrial edge devices, the 

model provides a reliable technical solution for strongly time-varying fault diagnosis. 

 

INDEX TERMS rotating machinery, fault diagnosis, strongly time-varying conditions, adaptive wavelet, lightweight 

1. Introduction 

Rotating machinery including gearboxes and motors acts as core power equipment in industrial production, whose stable 

operation directly determines production continuity and equipment operation & maintenance costs [1]. In practical industrial 

scenes, such devices are commonly affected by coupled strongly time-varying operation and heavy environmental noise: 

continuous fluctuations of rotating speed and load lead to drift of fault characteristic frequencies, while electromagnetic 

interference and vibration coupling from adjacent components submerge weak fault impulse features, resulting in highly non-

stationary vibration signals [2]. Traditional diagnostic methods fail to capture stable fault information under such complex 

conditions, which creates urgent demand for targeted intelligent diagnostic solutions. 

Fault diagnosis technology has been evolving around adapting to complex industrial operating conditions, having gone through 

three major stages. 

The first stage corresponds to model-based fault diagnosis methods. This type of method Model-based diagnosis relies on 

equipment physical equations to build the mapping relationship between operating states and faults [3]. This method possesses 

clear physical interpretability, yet it requires massive structural parameters and manual calibration. Repeated parameter tuning is 

inevitable under variable working conditions, limiting its application in time-varying industrial sites [4]. 

The second stage refers to vibration signal-based fault diagnosis methods, which gradually became a research focus with the 

popularization of sensing technology [5]. Signal decomposition algorithms including Fourier Transform (FT) [6], wavelet 

transform (WT) [7], and variational mode decomposition (VMD) [8] are widely adopted to separate fault ingredients from original 

signals. However, fixed wavelet scales and artificial feature screening cannot adapt to dynamically drifted fault frequencies, leading 

to poor self-adaptability for field diagnosis [9]. 

The third stage corresponds to data-driven intelligent fault diagnosis [10]. Shallow models such as support vector machines 

(SVMs) [11] and random forests [12] lack sufficient feature representation ability for multi-fault coupling and strong time-varying 

interference [13]. Recent deep learning methods, including Autoencoders (AEs) [14], Restricted Boltzmann Machines (RBMs) 

[15], Convolutional Neural Networks (CNNs) [16], Graph Neural Networks (GNNs) [17], Recurrent Neural Networks (RNNs) 

[18], Long Short-Term Memory (LSTM) networks [19], Gated Recurrent Units (GRUs) [20], and Transformers [21], have been 

widely applied for fault diagnosis. However, most of them are either insensitive to local signal features or overly focused on global 

temporal dependence, making them less suitable for vibration feature extraction [22]. In contrast, 1-D CNNs excel in capturing 

local fault impulses from one-dimensional vibration signals, achieving superior feature extraction efficiency and diagnostic 

accuracy. Therefore, this study focuses on 1-D CNN-based diagnostic methods, which are uniformly referred to as CNN in the 

following text. 

Despite the automatic feature extraction advantage of CNNs, two inherent defects restrict their application under strongly time-

varying noisy conditions. Randomly initialized convolution kernels lack time-frequency prior knowledge of wavelet transform and 

cannot dynamically track drifting fault frequencies across full frequency bands [23]. Meanwhile, multi-layer stacked topology 



causes cumulative distortion of low-frequency weak fault features, accompanied by excessive model parameters that raise high 

deployment barriers for industrial edge controllers and fail to meet real-time diagnosis demands [16]. 

To remedy the time-frequency rigidity of standard CNNs, researchers integrate wavelet multi-resolution analysis with 

convolutional networks and form two mainstream research routes, both of which have unreachable inherent drawbacks [24]. The 

first route adopts offline WT preprocessing before CNN input: wavelet decomposition is separated from network training, leading 

to decoupled end-to-end optimization and artificial fixed wavelet hyperparameters with poor adaptability [25]. The second route 

embeds wavelet functions as convolution kernels inside networks. W-CNN utilizes fixed-scale wavelet kernels that cannot adapt 

to frequency drift [26]; WKN introduces learnable wavelet layers but lacks gradient dynamic constraints, resulting in degraded 

time-frequency localization performance [27]; the Multi-scale Convolutional Neural Network with Channel Attention (CA-

MCNN) combines multi-scale convolution and static channel attention, yet cannot eliminate low-frequency feature distortion 

brought by multi-layer stacked structures [28]. 

Overall, current wavelet-improved CNN frameworks have coupled defects under noisy time-varying conditions and face a 

unified core bottleneck: few integrated frameworks can synchronously realize learnable wavelet scales for dynamic frequency 

tracking, automatic denoising without artificial thresholds, low-distortion lightweight feature transmission for edge devices, as 

well as bidirectional gradient interaction between wavelet convolution and denoising modules. Existing studies only solve one or 

two of the above problems separately. 

Based on the explainable lightweight CNN (ELCNN) proposed by Pang et al. [29], we propose an adaptive wavelet threshold 

attention ELCNN (AWTA-ELCNN). The model incorporates three core components: adaptive wavelet convolution for full-band 

dynamic feature extraction, the adaptive threshold temporal attention enhancement (ATTAE) module for directional weak fault 

enhancement and noise suppression, and a single-layer lightweight topology that eliminates low-frequency feature distortion to 

support embedded deployment. 

Compared with mainstream wavelet CNN baselines (W-CNN, WKN, CA-MCNN), AWTA-ELCNN has three key innovations 

to solve the above bottlenecks. First, its equidistantly initialized adaptive wavelet convolution learns full-band scales to track 

speed-induced frequency drift, breaking the constraint of fixed wavelet scales in prior works. Second, the ATTAE module 

computes dynamic thresholds from local signal statistics and backpropagates weighted gradients to wavelet kernels, building a 

fault-enhancing positive feedback loop outperforming static channel attention. Third, the single-layer topology shortens feature 

transmission paths to reduce low-frequency feature loss. With only 13.54 K parameters and interpretable inter-module 

coordination, it differs from deep multi-layer wavelet CNNs. 

Unlike most diagnostic studies that merely evaluate classification accuracy, this work balances performance validation and 

internal mechanism analysis. We thoroughly interpret the wavelet scale-frequency mapping rule, ATTAE gradient adjustment 

logic, and their closed-loop synergy, achieving dual advantages of high diagnosis accuracy and good model interpretability. 

The rest of this paper is structured as follows. Section II presents the architecture and mathematical derivation of AWTA-

ELCNN. Section III carries out comparative tests on two time-varying datasets to verify its overall accuracy, anti-noise 

performance and lightweight property. Section IV explores the feature extraction and collaborative optimization mechanism of 

core modules. Section V summarizes this work and prospects future research. 

2. AWTA-ELCNN PROPOSED FOR STRONG TIME-VARYING VIBRATION SIGNALS 

To address the challenge of feature tracking for lightweight models under strongly time-varying operating conditions, an 

AWTA-ELCNN based on ELCNN is proposed. As shown in Fig. 1, the model integrates wavelet multi-resolution analysis and 

temporal attention mechanism, employing an extremely simple single-layer topology comprising an input layer, an adaptive 

wavelet convolutional layer, an ATTAE module, and a classification layer. A data-driven hybrid diagnostic paradigm that fuses 

wavelet prior knowledge, adaptive threshold temporal enhancement, and single-layer convolution is thereby formed, 

simultaneously achieving multi-scale fault feature enhancement, temporal noise suppression, and adaptation to lightweight 

deployment. It provides technical support for the reliable diagnosis of rotating machinery under complex operating conditions. 

2.1 Adaptive wavelet convolutional layer 

The adaptive wavelet convolutional layer serves as a key component for the model to achieve multi-scale feature extraction. Its 

design primarily involves the incorporation of the time-frequency analysis capability of wavelet transform into convolutional 

operations, with fault features of different frequencies in the signal captured through the adaptive learning of scale factors [30]. 

The specific design is as follows. 

1) Structural design and mathematical expression 

WT is primarily performed through time-frequency domain transformation of the mother wavelet ( )t  via scale factors a  and 

translation factors b , enabling multi-scale decomposition of the signal [31], [32], [33]. The expression is given as follows: 

( ), ( ) ( )x
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Fig. 1 AWTA-ELCNN-based Strongly Time-Varying Fault Diagnosis Flowchart for Rotating Machinery. 

The adaptive wavelet convolutional layer is constructed by taking discrete wavelet functions as the convolutional kernels of 

AWTA-ELCNN. 
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Where L   denotes the convolutional kernel size, n   denotes the convolutional sliding scan position, and k   denotes the 
convolutional sliding step index. Since the sliding process of the convolutional kernel enables full-range position scanning of the 
signal, it overlaps with the function of the translation factor; in contrast, the scale factor is used to adjust the scale width of the 
wavelet function to capture features of different frequencies in the signal, complementing the convolutional function. Based on 
this, Equation 2 can be simplified to a form that retains only the scale factor. 
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2) Initialization strategy of scale factor 

To fully cover the main frequency range of the signal and ensure the integrity of multi-scale feature extraction, the scale factors 

are initialized using an equidistant initialization strategy, with C  scale factors generated within the range  min max,a a . The 

expression is given as follows: 

( ) ( )max min

min

1
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−
                                                    (4) 

Where mina  and maxa  are the minimum and maximum scales preset according to the fault characteristic frequency range, and C  
denotes the number of scales. A foundation for subsequent adaptive learning is laid by this strategy through the reasonable 

distribution of initial scales, and the model’s capability to capture full-frequency-band fault features is ensured. 
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Equidistant allocation is merely used for scale initialization. The upper and lower scale limits are determined by the frequency 

range of measured vibration signals, and initial scales are evenly spaced within this bound given the predefined scale number C . 

Scale coefficients are learnable and optimized via backpropagation. Equally spaced initialization ensures full frequency coverage, 

while trained intervals dynamically track frequency drift under time-varying conditions. 

2.2 Adaptive threshold temporal attention enhancement module 

ATTAE is regarded as a key unit in the model for feature enhancement and noise suppression. Through the synergistic effect of 

local statistical feature calculation, dynamic threshold generation, and temporal attention weighting, the output features of the 

wavelet convolutional layer are adaptively optimized. Its internal structure and operational logic are as follows. 

1) Calculation of local statistical features 

To capture the local trends and fluctuations of the feature map, a sliding window is employed to calculate the mean ,c t  and 

standard deviation ,c t . The formulas are listed below. 
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Where ,c ty  is the temporal mapping value of the c-th feature map at time t ,   is a small constant introduced to avoid a zero 

standard deviation, and w  denotes the size of the sliding window. The window is empirically set to 100 sampling points to capture 

local transient fault impulses with affordable computational overhead. 

2) Generation of dynamic threshold and enhancement coefficient 

Based on local statistical features, adaptive threshold ,i c , normalized value ,c tz , and dynamic enhancement factor c,t  are 

designed in the module, thereby enabling the differential enhancement of features. The formulas are listed below. 

, , ,c t c t c tk  = +                                                                          (7) 

,

,

,

c t

c t

c t

y
z

  
=

 +
                                                                          (8) 

2

,c,t c tz =                                                                              (9) 

Where k is a standard deviation weight coefficient, which is used to determine the adaptive range of the threshold;   is a 

threshold scaling coefficient, which is employed to indirectly adjust the stringency of the threshold; ,c tz  is a normalized value, 

which is designed to normalize the signal to the threshold scale;   is an enhancement intensity coefficient, which is responsible 

for reflecting the regulatory effect on the enhancement amplitude; c,t  is a tensor that dynamically changes with the input signal 

(with different values at each position), and its main function is to assign a specific enhancement multiple to each signal point. The 

learnable parameters are initialized empirically to 4.0k = , 2.0 =  and 3.0 = . These coefficients are not fixed values but are 

optimized via gradient backpropagation during training to adjust the threshold constraint and feature enhancement degree 

adaptively for input time-varying vibration signals. 

3) Generation and selection of temporal attention masks 

To further highlight the features of key temporal positions, a temporal attention mask ,c tm  is introduced in the module, and a 

weighted output is generated through a screening mechanism. The relevant equations are given as follows. 

, ,

,

, ,

1;

0;

c t c t

c t

c t c t

y
m

y





 = 


                                                                      (10) 

,

,

sign( ) ; 1

; 0
c,t

c,t c,t c,t c t

c,t c t

y y m
h

y m

   == 
=

                                                            (11) 

Where ,c tm  is used to mark prominent features, c,th  is employed to enhance prominent features, and the original weak features 

are retained. 



2.3 Single layer convolutional architecture 

Considering that the iterative learning of multi-layer convolutional networks is prone to causing distortion in the transmission 

of underlying fault features, an extremely simple single-layer architecture consisting of adaptive wavelet convolution, the ATTAE 

module, and a classification layer is adopted in AWTA-ELCNN, thereby ensuring the accurate retention and adaptive optimization 

of fault features in the time-frequency domain. The expression of its overall architecture is given as follows. 

( )( )( )( )waveletSoftmax Pooling ConvATTENoutput h x = ；                                               (12) 

Where 
wavelet  is the wavelet convolutional kernel, Conv  is the convolutional operation, and 

ATTENh  is the ATTAE module. 

The main advantages of this single-layer architecture are reflected in two aspects. 

First, information loss is reduced by shortening the feature transmission path, thereby ensuring the integrity of multi-scale fault 

features. 

Second, the reduction of parameter scale and computational complexity is achieved through module simplification, thereby 

highlighting the lightweight advantage, which is suitable for the deployment requirements of vehicle-mounted embedded terminals 

for rotating machinery. 

Single-layer topology, adaptive wavelet convolution and the ATTAE module cooperate to form a complete feature learning 

pipeline. Wavelet convolution extracts multi-band fault features, ATTAE enhances effective signals and suppresses noise, and the 

single-layer structure ensures efficient feature propagation. This collaborative framework adapts to dynamically changing fault 

features in strong time-varying environments while maintaining the model’s lightweight characteristics and anti-noise capability 

for accurate fault diagnosis. 

Fig. 2 shows the complete architecture of the proposed AWTA-ELCNN, including the sequential connection of the adaptive 

wavelet convolutional neural network (AWCNN), ATTAE module and lightweight single-layer classification module. The model 

topology and detailed parameter specifications are jointly demonstrated by Fig. 2 and TABLE 1. 

 
Fig. 2 AWTA-ELCNN architecture applied in this paper. 

TABLE 1 

Network structural parameters of AWTA-ELCNN. 

Layer Kernel 

size 
Kernel 

number Input size Output size 
Activation 

function Bias Stride Padding Local  

window size 

Wavelet convolution 256 8 32768×1 32768×8 - - 1 same - 

ATTAE - - 32768×8 32768×8 - - - - 100 

Max Pooling 2 - 32768×8 16384×8 - - - - - 

Global Average Pooling - - 16384×8 1×8 - - - - - 

Fully Connected - - 1×8 1×100 - - - - - 

Fully Connected - - 1×100 1×N SoftMax - - - - 
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3. Experiment 

3.1 Data description  

To verify the diagnostic performance under strongly time-varying working conditions, two types of data covering complex 

working conditions of variable speed and variable load are selected: the bearing vibration dataset from the University of Ottawa 

(Ottawa) [34], and the gearbox vibration dataset from MCC5 Group and Tsinghua University (MCC5-THU) [35]. 

1) Ottawa 

Collected from an ER16K bearing platform under strongly time-varying speeds, with a sampling frequency of 200 kHz and 

32,768 points per sample. Two speed profiles are included: A0 (increasing) and A1 (decreasing). The speed ranges are: A0-IF: 

150–688 rpm, A0-OF: 888–1628 rpm, A1-IF: 1458–594 rpm, A1-OF: 1494–588 rpm. Three health states (Healthy (H), Inner Race 

Fault (IF), Outer Race Fault (OF)) form five classes, with 400 samples split 7:2:1 for training/validation/test (TABLE 2). 

2) MCC5-THU 

Collected from a gearbox platform under variable speed and load, with a sampling frequency of 12.8 kHz and 256,000 points 

per sample. The speed/load curves are shown in Fig. 3. Two working conditions are included: B0 (0→1000→500 rpm, 10 Nm), 
B1 (0→1000→500 rpm, 20 Nm). Three gear faults (Gear Pitting (GP), Missing Teeth (MT), Tooth Break (TB)) form six classes, 

with samples split 7:2:1 (TABLE 3). 

TABLE 2 

Description of the Ottawa dataset. 

No. Working conditions and rotational speed（rpm） Label No. 
Working conditions and rotational 

speed（rpm） 
Label 

H Health 0 A1-IF 
The rotational speed is decreased from 

1458 to 594 rpm 
3 

A0-IF The rotational speed is increased from 150 to 688 rpm 1 A1-OF 
The rotational speed is decreased from 

1494 to 588 rpm 
4 

A0-OF The rotational speed is increased from 888 to 1628 rpm 2    

 
Fig. 3 Speed-time and load-time curve of the MCC5-THU dataset, (a) Speed-time curve, (b) Load-time curve 

TABLE 3 

Description of the MCC5-THU dataset. 

No. Working conditions and rotational speed（rpm） Label No. 
Working conditions and rotational speed

（rpm） 
Label 

B0-GP 

Rotational speed: 0→1000→500 rpm, load: 10 Nm 

0 B1-GP 

Rotational speed: 0→1000→500 rpm, load: 20 

Nm 

3 

B0-MT 1 B1-MT 4 

B0-TB 2 B1-TB 5 

3.2 Baseline and SOTA Methods 

To systematically validate the superiority of AWTA-ELCNN for strongly time-varying fault diagnosis, representative improved 

CNNs and recent SOTA approaches are chosen for comprehensive comparison. 

A vanilla CNN is set as the baseline. Wavelet Kernel-based CNN (W-CNN) [26] and WaveletKernelNet (WKN) [27] extract 

wavelet time–frequency features from vibration signals; Multi-scale CNN with Channel Attention (CA-MCNN) [28] employs 

attention to highlight distinguishable fault characteristics; Dual Path Convolution with Attention and Bidirectional Gated Recurrent 

Unit (DCA-BiGRU) [36] captures temporal variations of signals. 
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Several SOTA models published from 2023 to 2025 are also compared: Mechanism Character Generative Model-based CNN 

(MCGM-CNN) [37] produces GAN-generated virtual samples for few-shot diagnosis; improved Squeeze-and-Excitation CNN 

(SE-CNN) [38] improves feature extraction via SE channel attention; Wavelet-correlation Alignment Deep Canonical Correlation 

Analysis (WaveCORAL-DCCA) [39] conducts unsupervised cross-condition adaptation to mitigate distribution shifts; Attention-

based Temporal Convolutional Network (ATCN) [40], originally proposed for RUL prediction, extracts temporal features under 

variable loads; Enhanced Transformer with Asymmetric Loss Function (ETALF) [41] alleviates label noise using Transformer 

self-attention and asymmetric loss. 

All models are configured identically to guarantee fair evaluation. Four metrics, Accuracy (Acc), Precision (Pre), Recall (Rec) 

and F1 Score (F1) [24], are used to quantitatively evaluate classification performance from multiple dimensions. 

3.3 Analysis of overall and anti-noise performance 

TABLE 4 records the parameter size, computational overhead, inference time and classification accuracy of baseline and SOTA 

models at SNR=10dB. With only 13.54 K parameters and 0.56 M FLOPs, AWTA-ELCNN achieves an average diagnostic 

accuracy of 96.76% together with the shortest average inference latency of 7.72 s, achieving excellent equilibrium between 

prediction accuracy and computational consumption. 

TABLE 4 

Network scale, computational cost, diagnostic accuracy and inference latency of different models under SNR=10dB. 

Model Params (K) FLOPs (M) 
Ottawa Acc 

(%) 
MCC5-THU Acc (%) Avg Acc (%) Avg Inference Time (s) 

CNN 57.92 18.79 79.28±4.45 68.11±5.66 73.69±4.11 13.53±3.21 

W-CNN 43.42 18.71 85.42±2.18 72.45±3.26 79.84±3.23 12.11±2.85 

WKN 169.32 18.98 94.02±1.68 79.17±4.65 86.59±3.89 11.41±2.68 

CA-MCNN 694.25 331.14 94.51±1.32 81.25±2.12 87.88±2.11 10.09±2.22 

DCA-BiGRU 604.57 41.45 87.42±2.46 84.58±2.68 86.01±2.35 24.52±4.25 

MCGM-CNN 751.69 363.24 88.26±3.68 80.78±3.68 84.52±3.17 40.45±4.66 

SE-CNN 162.72 37.99 96.38±1.02 76.71±3.22 86.55±2.78 14.86±3.68 

WaveCORAL-DCCA 123.88 71.15 96.27±1.44 77.45±2.89 86.86±2.22 13.79±3.33 

ATCN 19.47 108.15 92.44±1.89 87.13±2.47 89.79±2.28 9.15±1.89 

ETALF 261.51 19.01 87.44±2.68 78.33±3.58 82.88±2.98 28.09±4.89 

AWTA-ELCNN 13.54 0.56 99.77±0.78 93.75±1.03 96.76±0.99 7.72±1.23 

Fig. 4 and Fig. 5 compare the F1 scores of various methods under SNR=−5dB. The proposed model maintains F1 values higher 
than 79.2% on two datasets and outperforms all competitors considerably, confirming its prominent anti-noise ability and 

generalization against time-varying noisy samples. 

 
Fig. 4 Comparison of anti-noise performance of different representative improved CNNs，(a) Ottawa, (b) MCC5-THU 
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Fig. 5 Comparison of anti-noise performance of different SOTA methods，(a) Ottawa, (b) MCC5-THU 

Two-sample t-test results in TABLE 5 list the p-values, accuracy gaps and Cohen’s d values under clean (SNR=20dB) and noisy 

(SNR=−5dB) cases. Differences are statistically significant at p 0.05  and effect magnitudes are graded as: tiny ( 0.2d  ), small 

( 0.2 0.5d  ), medium ( 0.5 0.8d  ), large ( 0.8d  ). 

Statistical results reveal insignificant marginal gains (small/medium effect, p 0.05 ) in clean environments, whereas large, 

statistically significant improvements emerge under intense noise. This contrast verifies the strong anti-noise robustness of AWTA-

ELCNN in practical industrial settings. 

TABLE 5 

Two-sample t-test results between AWTA-ELCNN and comparative models on Ottawa dataset. 

Model 

Ottawa SNR=20dB Ottawa SNR=-5dB 

p-value Gap (%) Cohen’s d Effect size level p-value Gap (%) Cohen’s d Effect size level 

CNN 0.000120 13.39 4.52 Large effect 0.000001 59.77 22.06 Large effect 

W-CNN 0.000852 9.98 3.32 Large effect 0.000001 51.43 18.56 Large effect 

WKN 0.272596 3.91 0.76 Medium effect 0.000001  59.53 22.16 Large effect 

CA-MCNN 0.413018 2.10 0.54 Medium effect 0.000001 37.10 12.76 Large effect 

DCA-BiGRU 0.000906 9.83 3.30 Large effect 0.001914 8.27 2.86 Large effect 

MCGM-CNN 0.003921 7.64 2.57 Large effect 0.000028 15.54 5.38 Large effect 

SE-CNN 0.473634 1.78 0.47 Small effect 0.000144 12.31 4.27 Large effect 

WaveCORAL-DCCA 0.381245 2.27 0.58 Medium effect 0.002086 8.17 2.82 Large effect 

ATCN 0.274212 3.74 0.76 Medium effect 0.004635 7.09 2.45 Large effect 

ETALF 0.010248 6.31 2.14 Large effect 0.001945 8.26 2.86 Large effect 

3.4 Effectiveness analysis of improvement strategies 

Combining the quantitative metrics in TABLE 6 and the confusion matrices in Fig. 6(a)–(h), the validity of the AWTA-ELCNN 

improvement scheme is clearly reflected. The first five groups of the model parameters lead to low classification accuracy and 

large data deviations in TABLE 6, meanwhile the corresponding confusion matrices (a)–(e) exhibit severe inter-class 

misclassification with many non-diagonal elements. After parameter optimization, the last three experiments achieve gradually 

rising accuracy to 99.51% with stable convergence performance. Their matching confusion matrices (f)–(h) show far fewer 

misclassified samples, with most predictions concentrated on the matrix diagonal. The unified changing trend of numerical results 

and visual confusion distribution verifies that the combination of wavelet initialized convolution kernels, ATTAE module and 

single-layer convolution structure effectively reduce classification errors and improves the overall classification performance of 

AWTA-ELCNN. 
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TABLE 6 

Influence of different improvement strategies of AWTA-ELCNN, among which ABC labeled red has the best performance. A, B 
and C represent different strategies used by the model, where A represents wavelet initialized convolution kernels, B represents 
ATTAE, C represents single-layer architecture. Correspondingly, A stands for randomly initialized convolution kernels, B stands 
for the model without the ATTAE, and C stands for a three-layer convolutional structure. 

No. Strategy Combination 
Parameter 

Numbers 
Convergence Epochs Convergence Times(s) Acc/% 

1 ABC 36220 13±3 137.02±5.26 28.01±12.58 

2 ABC 36221 40±4 191.94±6.87 30.01±19.94 

3 ABC 36224 25±3 127.58±5.43 33.41±22.47 

4 ABC 3453 33±2 338.71±8.98 43.51±24.68 

5 ABC 36225 120±12 162.65±2.58 88.67±2.45 

6 ABC 3454 81±4 114.75±4.25 93.51±2.95 

7 ABC 3456 59±4 410.31±7.68 98.32±1.27 

8 ABC 3457 50±2 341.83±3.68 99.51±0.74 

 
Fig. 6 Confusion matrix comparison of different improvement strategies, (a) ABC, (b) ABC, (c) ABC, (d) ABC, (e) ABC, (f) 
ABC, (g) ABC, (h) ABC 

3.5 Analysis of feature visualization 

To further validate the fault feature extraction capability of each model, Fig. 7 and Fig. 8 present the time-frequency spectra of 

A0-IF samples from the Ottawa dataset, which are obtained via the proposed improved CNN and other SOTA methods under 

strong noise (SNR=−5 dB). In the A0 operating condition, the IF rotating frequency ranges from 12.5 Hz to 27.8 Hz. This 
experiment selects samples corresponding to the initial rotational speed of 12.5 Hz, whose theoretical fault frequencies are definite: 

the fundamental fault frequency equals 67.9 Hz (calculated as 12.5 Hz×5.432, where 5.432 denotes the constant multiplier between 

fault frequency and rotational frequency). The sideband components at 30.4 Hz, 42.9 Hz and 67.9 Hz are the combination 

frequencies of the fundamental fault frequency and shaft rotating frequency. 

As shown in Fig. 7 and Fig. 8, comparative methods are vulnerable to noise. Most cannot extract the 67.9 Hz fundamental 

frequency and its 42.9 Hz sideband, suffering from blurred features, low resolution and heavy high-frequency interference. In 

comparison, AWTA-ELCNN precisely locks the fault frequencies of 30.4 Hz, 42.9 Hz and 67.9 Hz and filters out irrelevant 

frequency disturbances. 
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Fig. 7 Comparison of time-frequency domain features of A0-IF learned by different improved CNNs, (a)Clean Raw, (b)Noisy 
Raw, (c)CNN, (d)W-CNN, (e)WKN, (f)CA-MCNN, (g)DCA-BiGRU, (h)AWTA-ELCNN 

 
Fig. 8 Comparison of time-frequency domain features of A0-IF learned by different SOTA methods, (a)Clean Raw, (b)Noisy 
Raw, (c)MCGM-CNN, (d)SECNN, (e)WaveCORAL, (f)ATCN, (g)ETALF, (h)AWTA-ELCNN

These performance differences originate from structural limitations. Randomly initialized kernels in CNN, CA-MCNN, DCA-

BiGRU, WaveCORAL, ETALF and ATC hardly capture dynamic fault features under varying operating conditions. W-CNN and 

WKN adopt fixed wavelet scales with narrow frequency coverage, incapable of coping with condition-induced frequency drift and 

vulnerable to weak feature loss. SECNN equipped with static attention fails to handle frequency offset and suppress noise 

effectively. MCGM-CNN uses manually designed multi-scale branches, exhibiting weak adaptability and extra noise during feature 

fusion. Both methods struggle to balance full-band feature extraction and noise reduction. 

Instead, AWTA-ELCNN combines adaptive wavelet convolution kernels for full-band sensing, the ATTAE module for dynamic 

feature refinement, and a concise single-layer architecture for noise reduction. The synergy of the three designs enables robust and 

high-quality fault feature representation under complex fluctuating working conditions. 

 
Fig. 9 Envelope spectrum comparison of A0-IF signals under SNR=−5 dB, (a)EFD, (b)FMD, (c)AWTA-ELCNN 

Fig. 9 shows the envelope spectra of A0 inner race fault signals at SNR=−5dB. Two classic signal decomposition algorithms, 
Empirical Fourier Decomposition (EFD) [42] and Feature Mode Decomposition (FMD) [43], are adopted for comparative analysis. 

Obvious spectral dispersion can be seen in the processing results of EFD and FMD, where the characteristic peaks at 30.4 Hz, 42.9 

Hz and 67.9 Hz are faint and covered by random noise. These defects stem from artificially preset decomposition parameters. 

Although internal filters support slight iterative optimization, the fixed filtering bandwidth cannot adapt to noisy signals 

dynamically, which disperses fault energy and generates a large number of false spectral components. In contrast, AWTA-ELCNN 
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produces sharp fault frequency peaks and suppresses noise effectively. Relying on data-driven adaptive wavelet filtering, the model 

concentrates fault energy and mitigates noise interference, delivering stronger anti-noise robustness for fault characteristic 

frequency extraction under noisy conditions. 

4. Analysis of feature extraction mechanism 

The performance advantages of AWTA-ELCNN stem from the closed-loop synergy between multi-scale feature extraction of 

the adaptive wavelet convolution layer and feature purification optimization of the ATTAE module. This section elaborates the 

internal working principle combined with theoretical derivation, visualized results and quantitative measured data. 

4.1 Feature extraction mechanism of adaptive wavelet convolutional layer 

Aiming at frequency drift and non-stationary characteristics of strongly time-varying vibration signals, the adaptive wavelet 

convolution integrates wavelet time-frequency analysis into convolution operation. The network adaptively optimizes scale 

parameters via backpropagation to realize automatic matching with real fault characteristic frequencies. The mechanism is analyzed 

from two aspects: wavelet scale-frequency mapping law and gradient regulation effect of the ATTAE module. 

1) Wavelet scale-frequency mapping correlation 

Scale-frequency mapping is the fundamental theoretical support for the convolutional layer to capture full-band fault features. 

The scaled expression of the mother wavelet is defined as follows. 

1
( ) ( )a

t
t

aa
 =                                                                          (13) 

where 
1

a
 is the normalization coefficient used to maintain energy conservation of wavelets under different scales. After Fourier 

transformation, the frequency-domain expression of the scaled wavelet is obtained. 

ˆ ˆ(2 ) (2 )a f a fa   =                                                                     (14) 
Wavelet scaling presents an inverse time–frequency correspondence: time-domain stretching compresses the response frequency 

band, while time-domain compression broadens the sensitive frequency range. Accordingly, the model can adjust its frequency 

response adaptively without manual kernel configuration to track drifted fault frequencies. 

For discrete sampled vibration signals, the actual physical center frequency of scaled wavelets is calculated combined with 

sampling frequency sf . 

real 0
a

sf f
f

a
=                                                                             (15) 

The inverse formula for solving the scale parameter is written as follows. 

real 0 0
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s sf f f f
f a

a f
=  =                                                                 (16) 

Equations (15) and (16) quantify the physical connotation of scale learning and provide a basis for setting the initial range of 

scale values. As shown in Fig. 10, the learned scales match the measured high-frequency impact component (45570 Hz) and low-

frequency modulation components (67.9 Hz, 80.4 Hz), which verifies the frequency tracking ability of adaptive scales under 

variable working conditions. 

 
Fig. 10 Comparison of time-frequency domain characteristics of faults learned by wavelet convolutional kernels of different 
scales, (a)FM_1 (Feature map 1), (b)FM_2 (Feature map 2), (c)FM_3 (Feature map 3), (d)FM_4 (Feature map 4). 

2) Gradient regulation of ATTAE on scale updating 

The ATTAE module reconstructs the gradient update path of scale factors and forms a positive feedback loop of feature 

enhancement-gradient weighting-scale optimization, suppressing scale learning deviation caused by noise interference. According 

to the chain rule, the gradient formula of the scale factor is expressed as follows. 
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                                                                       (17) 

Where h  is denoted as the weighted output of the ATTAE module, y  as the output features of the adaptive wavelet convolutional 

layer, and 
h

y
 
=


 as the gradient propagation gain term introduced by the ATTAE module. 

For fault-related frequency components, ATTAE strengthens feature responses and amplifies corresponding scale gradients to 

drive scales to the optimal matching position. For noise components, invalid gradients are suppressed close to zero to avoid 

disturbing the updating of scale parameters. Two quantitative indicators quantify its actual regulatory capability. 

First, convergence efficiency. The ATTAE module decreases wavelet scale convergence iterations from 99 to 81, improving 

training efficiency by 18% (Fig. 11). 

Second, feature extraction performance under harsh noise. At SNR=−5 dB noisy condition, the intermediate feature SNR rises 
from 2.1 dB to 5.8 dB, recovering low-frequency fault constituents submerged by background noise (Fig. 12). 

In summary, wavelet convolution breaks the fixed-frequency limitation of traditional convolution kernels and realizes full-band 

adaptive feature capture. The ATTAE module further optimizes the accuracy and convergence speed of scale learning. The 

coordinated work of the two modules builds an internal theoretical foundation for the excellent diagnostic performance reflected 

in TABLE 4 and statistical results in TABLE 5. 

 
Fig. 11 Comparison of wavelet scale training process before and after using ATTAE, (a) No ATTAE, (b) ATTAE. 

 
Fig. 12 Comparison of time-frequency domain characteristics of faults learned before and after using ATTAE, (a) Clean Raw, (b) 
Noisy Raw, (c) No ATTAE, (d) ATTAE. 

4.2 Feature transformation mechanism of the ATTAE 

Multi-scale features extracted by the wavelet convolution layer are inevitably mixed with background noise, resulting in serious 

aliasing between fault pulses and noise. Targeted at noise suppression and weak fault enhancement, the ATTAE module purifies 

features through dynamic threshold segmentation, signal normalization, adaptive enhancement and temporal mask focusing, and 

establishes a bidirectional gradient closed-loop relationship with the front-end wavelet convolution layer. 

1) Theoretical basis of feature transformation 

Vibration background noise follows a Gaussian distribution with amplitudes concentrated near the mean, while fault impulses 

exhibit sharp amplitude surges and concentrated energy. Accordingly, ATTAE employs a dynamic threshold based on local signal 

statistics to enhance fault-related transients and suppress noise, avoiding undesired noise amplification. 

The complete multi-stage feature transformation procedure is illustrated in each subgraph of Fig. 13. The adaptive threshold 

segmentation in Fig. 13 (a) effectively distinguishes fault impulses from noise, achieving a fault recognition accuracy of 96.7% 

(misjudgment rate=3.3%), which substantially outperforms the 21.5% false alarm rate of fixed thresholds. The signal normalization 

in Fig. 13 (b) eliminates amplitude discrepancies caused by varying rotational speeds, yielding normalized amplitudes of 0.43–
0.63 for fault regions and 0.03–0.26 for noise regions. The dynamic enhancement factor in Fig. 13 (c) adaptively assigns higher 

weights to fault peaks, with factors reaching 0.19–0.40 for fault areas and remaining below 0.06 for noise components. The 

optimized high-SNR fault features are finally output in Fig. 13 (d). 

This multi-step workflow effectively enhances fault signatures and suppresses interference, providing high-quality purified 

features for subsequent classification. 

2) Implementation of multi-stage feature optimization 

First, dynamic threshold segmentation (Fig. 13 (a)). Sliding windows compute local statistical features to generate interval-

adaptive thresholds. Low thresholds preserve faint fault signatures, whereas high thresholds filter random noise interference. 
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Dynamic thresholds achieve a fault recognition accuracy of 96.7% and a false alarm rate of only 3.3%, far outperforming fixed 

thresholds with a 21.5% misjudgment rate. 

 
Fig. 13 Comparison of time-domain waveforms of faults in the ATTAE intermediate process, (a)Adaptive Threshold, (b)Signal 
Normalization, (c)Enhancement Factor, (d)Feature Enhancement 

Second, signal normalization (Fig. 13 (b)). This procedure removes amplitude gaps between high-frequency shock pulses and 

low-frequency modulated components. Normalized amplitudes are confined to 0.43–0.63 for fault zones and suppressed to 0.03–
0.26 for noisy regions, eliminating uneven enhancement caused by amplitude discrepancies across frequency bands. 

Third, adaptive enhancement (Fig. 13 (c)). The customized enhancement factor simultaneously magnifies weak fault features 

and suppresses noise, lifting the overall network optimization efficiency by 18.2%. Enhancement factor peaks range from 0.19 to 

0.40 over fault areas, compared with merely 0.06 within noise regions. 

Finally, temporal mask focusing (Fig. 13 (d)). The temporal attention mask identifies effective fault information and blocks 

irrelevant noise components. Benefiting from mask screening, the final feature SNR increases from 2.1 dB to 7.2 dB, and low-

frequency characteristic frequencies (42.9 Hz, 67.9 Hz) as well as their harmonic components can be clearly extracted. 

The above four processing links gradually convert noisy original signals into high-SNR fault features, solving the problem of 

blurred fault characteristics under strong external interference. 

3) Bidirectional collaborative logic between the two modules 

The wavelet convolution layer and ATTAE are not merely cascaded modules but form a gradient closed-loop optimization 

system, and their synergistic effect is presented in Fig. 14. 

 
Fig. 14 Comparison of time-frequency domain characteristics of faults learned by AWTA-ELCNN at different levels, (a)Noisy 
Raw, (b)Convolutional Layer, (c)ATTAE Layer 

First, the wavelet convolution captures full-band features ranging from 42.9 Hz to 45570 Hz through adaptive scale learning, 

whereas effective fault information is still submerged in noise. 

Second, ATTAE screens and amplifies fault features, raising the low-frequency fault SNR to 7.2 dB and highlighting hidden 

harmonic components at 80.4 Hz and 105.4 Hz. 

Last, optimized features feed valid gradients back to the convolution layer. The model adjusts the scale value from 80.8 to 81.0 

to boost the response to the 67.9 Hz fault characteristic frequency, while gradients corresponding to noise bands are suppressed 

synchronously. 

Essentially, wavelet convolution ensures full-range coverage of fault features, and ATTAE improves feature usability through 

denoising and feature enhancement. Benefiting from this gradient feedback loop, the model achieves stable performance in 

frequency drift tracking, noise suppression and weak fault identification. 

The quantitative improvements induced by ATTAE are concluded below: the number of scale convergence iterations is reduced 

by 18%, the intermediate feature SNR increases from 2.1 dB to 5.8 dB, and the final optimized SNR reaches 7.2dB. Moreover, the 

learned wavelet scales can accurately fit the actual fault characteristic frequencies. Such internal feature improvements explain the 

high diagnostic accuracy listed in TABLE 4 and the prominent anti-noise capability validated via t-test and Cohen’s d metrics in 
TABLE 5. 
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5. Conclusion 

To address the main challenges of traditional models under strongly time-varying working conditions, including failure to 

dynamically track time-varying features and difficulty in synergizing lightweight performance, working condition adaptability, 

and anti-noise capability, the AWTA-ELCNN model is proposed based on the lightweight and basic anti-noise architecture of 

ELCNN. Through the addition of an adaptive wavelet convolutional layer, based on the linear correlation between fault 

characteristic frequency and rotational speed, equally spaced initialized wavelets are used to cover a wide frequency range. 

Dynamic learning of scale factors is employed to match frequency drift, enabling accurate capture of high-frequency impact and 

low-frequency periodic features. An ATTAE module is constructed to generate dynamic thresholds based on the mean and standard 

deviation of sliding windows. The threshold is reduced in fault-dense regions to retain details and increased in noise regions to 

suppress interference, thereby directionally enhancing fault features. Meanwhile, the single-layer topological architecture is strictly 

inherited, with only wavelet and attention-related parameters added, effectively controlling the growth of parameter quantity and 

achieving in-depth synergy among strong time-varying feature capture, noise suppression, and lightweight deployment. 

Experiments demonstrate that proposed model has been validated on typical time-varying condition datasets such as variable-

speed bearings and variable-load gearboxes, exhibiting excellent performance. Its diagnostic accuracy and anti-noise performance 

are significantly improved compared with comparative models, and the lightweight advantage continues to be prominent, fully 

meeting the requirements of embedded deployment in rotating machinery. The correlation logic between wavelet scales and fault 

frequencies constructs an interpretable frequency prior mechanism, providing a solid foundation for the optimization of related 

technologies. 

The current model is based on single-sensor vibration signals and does not involve multimodal data fusion. In future work, fault 

scenarios and equipment types can be expanded, and feature extraction methods for multi-sensor fusion such as vibration, 

temperature, and sound pressure can be explored to further improve the model’s generalization ability 
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