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Full Length Article
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A B S T R A C T

Aiming at the problems of missing information and insufficient modelling in the frequency 
domain and time domain for the existing multi-sensor data fusion methods, an intelligent fault 
diagnosis method based on Fourier convolution and Transformer (FCTransformer) is proposed. 
Firstly, the method uses principal component analysis (PCA) to downscale high-dimensional and 
multi-modal sensor data, and converts them into RGB images by continuous wavelet transform 
(CWT). Then, a Fourier convolution (FC) is designed, which can not only effectively extract local 
periodic frequency domain features, but also enhances the nonlinear feature extraction capability 
of the model. Finally, a variational auto-encoding transformer (VAETransformer) is designed to 
achieve global dependency modelling, which enhances the identification for multi-sensor coupled 
features. To verify the effectiveness of the proposed method, experimental validation is carried 
out on the bearing and gearbox datasets. The results show that the average fault diagnosis ac
curacy of FCTransformer is 99.58% under normal sample conditions, and its average fault 
diagnosis accuracy is 96.10% under small sample conditions. This indicates that FCTransformer 
has superior fault diagnosis performance and can meet the requirements of rotating machinery 
fault diagnosis tasks.

1. Introduction

As key components of wind turbine generators, rail transport systems and aircraft engines, intelligent monitoring for rotating 
machinery has been an increasing hotspot [1,2]. However, rotating machinery inevitably suffers from failures such as wear, loosening 
and fatigue during high intensity and long working hours. In addition, the highly integrated character of rotating machinery makes it 
difficult to detect faults from within the machinery. Therefore, it is of practical significance to develop an efficient and accurate 
intelligent diagnosis method for rotating machinery to ensure the safe and stable operation [3–5].

Rotating machinery fault diagnosis methods are divided into model-based fault diagnosis methods and data-driven fault diagnosis 
methods [6]. Model-based fault diagnosis methods can only satisfy simple mechanical equipment fault diagnosis. However, in the face 
of integrated large-scale rotating machinery, it is difficult to achieve effective fault diagnosis. In recent years, with the arrival of sensor 
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technology and the ‘big data’ era, data-driven fault diagnosis methods for rotating machinery have become the research hotspot [7,8]. 
Among them, convolutional neural network (CNN) [9,10], recurrent neural network (RNN) [11,12] and their variants are widely used 
in the field of rotating machinery fault diagnosis, and have significant advantages in feature extraction and fault identification. For 
example, He et al [13] proposed a physically informative wavelet domain adaptive network for rotating machinery transfer learning. 
The network integrated interpretable wavelet knowledge into the convolutional layer, which can capture more domain-invariant 
features and increase the interpretability of the model. Zhao et al [14] proposed a multi-scale residual shrinkage network, which 
constructed a multi-scale residual shrinkage module to mine multi-scale features for the input data. Lu et al [15] designed a single 
source domain generalised fault diagnosis framework that utilised a priori knowledge embedded in the convolutional autoencoder for 
feature extraction. Since CNNs only rely on local receptive fields to extract features, they lack the abilities to capture global features 
and model long-range dependencies. To address these limitations, Transformers utilize self-attention mechanisms to compute the 
relationships between different positions of the input data, making them widely applicable for modeling spatiotemporal dependencies. 
For example, Zhang et al [16] constructed a multi-scale dilated convolution and swin-transformer gearbox fault diagnosis method. 
Xiao et al [17] designed a bayesian transformer for rotating machinery fault diagnosis, which can obtain the attention weights of 
random variables through model training.

The above methods offer new insights for transfer learning and noise-resistant diagnostics in rotating machinery, and have ach
ieved encouraging results in experimental validation. However, there are still two limitations. (1) The computational complexity of 
Transformer increases quadratically with the input sequence length. In small sample fault diagnosis tasks, the model parameters may 
overfit due to insufficient training data. (2) The methods rely solely on vibration signals from a single sensor to extract input features. 
In rotating machinery operating environments, external factors can easily interfere with vibration signals from a single sensor, pre
venting the model from accurately extracting fault information. Therefore, to address the insufficient fault information representation 
capability of single sensor, researchers have begun exploring multi-sensor data fusion techniques.

Currently, multi-sensor data fusion technology is primarily categorized into multi-source information fusion at the data level, 
feature level, and decision level [18,19]. Feature level fusion relies on a model's feature learning and representation capabilities and 
requires hierarchical feature fusion. For example, Yang et al. [20] proposed a multi-sensor local and global feature fusion method that 
extracted local features through convolution and employed sparse Transformers for global feature perception learning. However, 
directly using convolution for feature extraction generates redundant information. Sun et al. [21] proposed a physics-knowledge- 
driven feature fusion and reconstruction network that achieved feature fusion of signals from different sensors through a dual-view 
integrated wavelet feature fusion module. However, the selection of wavelet kernels in the dual-view integrated wavelet feature 
fusion module relies on manual experience. Dong et al. [22] designed a synthetic cliff entropy to fuse signals from different sensors, and 
used a dual-regularized contrastive transformer for feature learning. However, the synthetic cliff entropy is only effective for the data 
collected by acceleration sensors. Decision level fusion utilizes submodels for feature extraction and fault determination, then fuses the 
outputs of these submodels to enhance the robustness of overall decisions. For example, Shao et al. [23] proposed a collaborative fault 
diagnosis method based on multi-sensor fusion, which employed stacked wavelet autoencoders for feature extraction and implemented 
multi-sensor feature fusion through an enhanced voting fusion strategy. However, stacked wavelet autoencoders can only extract local 
feature information and lack modeling of global dependencies. Gong et al. [24] proposed a fast fault diagnosis method based on 
improved CNN for multi-sensor data fusion, which fused fault features from different sensors in the model's fully connected layer. 
However, since fusion occurs at the end of the decision process, the long path leads to the lack of the shallow layer information. Data 
level fusion refers to the direct fusion of multi-sensor data through fusion strategies to maximize the retained feature information. For 
example, Lin et al. [25] utilized principal component analysis (PCA) and image transformation techniques to fuse multi-source sensor 
signals, and used parameter free attention mechanisms to adaptively extract domain-invariant features from input samples. However, 
image transformation techniques lack physical interpretation, which lead to unreliable diagnostic results. Ye et al. [26] proposed a 
deep integrated network based on multi-sensor information fusion for bearing fault diagnosis, which employed a composite expo
nential weighting fusion strategy to fuse multi-sensor information and utilized a cross-scale attention model to extract fault features. 
However, this approach demands high compatibility and dimensional consistency of input data and lacks error correction capabilities.

In summary, the above multi-sensor fusion methods lack the unified frequency-domain and time-domain modeling mechanisms, 
resulting in the failure to balance global feature capture with local detail preservation. Furthermore, when fusing high-dimensional 
and multi-modal data, incorrect fusion location selection leads to information redundancy. To address these issues, this paper pro
poses an intelligent fault diagnosis method based on FCTransformer for multi-sensor information fusion, which combines Fourier 
convolution with VAETransformer for the first time. FCTransformer primarily consists of a multi-sensor data fusion strategy, local 
feature extraction, and global dependency modeling. Firstly, the multi-sensor data fusion strategy is utilized to fuse multi-sensor data 
and generate an input dataset, this dataset provides the model with fault information from different locations. Secondly, Fourier 
convolution is employed for local feature extraction, which extracts local periodic fault features from the input dataset, enhancing the 
model's feature representation capability. Finally, global dependency modeling is performed using VAETransformer, which possesses 
regularization capabilities that prevent model overfitting and improve generalization performance. The contributions of this paper are 
summarised in the following four aspects: 

(1) In order to reduce the missing of fault information and reveal the coupling relationship between different sensors, a data-level 
information fusion strategy is designed. The high-dimensional and multi-modal sensor data are downscaled by PCA, and RGB 
fused images are generated using CWT.
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(2) In order to overcome the limitation of traditional convolution in dealing with frequency domain features, FC is designed for 
local feature extraction. FC not only enhances the nonlinear capability of the model, but also effectively mines the periodic 
frequency fault features.

(3) In order to prevent the model overfitting and eliminate redundant information, VAETransformer is developed for global de
pendency modelling. VAETransformer can capture long-range dependencies between different sensors and extracts global fault 
features.

(4) Experimental validation is performed on bearing and gearbox datasets. The results show that FCTransformer has excellent fault 
diagnosis performance compared to information fusion methods and its fault diagnosis accuracy is higher than that of the state- 
of-the-art methods.

The rest of the paper is summarised below. Section 2 introduces the related theories. Section 3 describes the proposed method. 
Section 4 conducts experimental validation and analysis. Section 5 provides conclusions and outlook.

2. Related theories

2.1. Convolutional neural network (CNN)

CNN is widely used in the field of fault diagnosis, which consists of the convolution layer, pooling layer and fully connected layer 
[13,27]. The convolutional layer uses a convolutional kernel to perform the sliding convolution operation on the input data. The 
convolutional layer has the parameter sharing property thereby reducing the number of parameters for the model, which can be 
described as follows: 

Xl+1
(

wl
k,i, b

l
k,i

)
= Conv(*) =

∑k− 1

k=0

wl
k,i ⋅ bl

k,i (1) 

where l denotes the number of convolutional layers, wl
k,i denotes the weight of the l-th convolutional layer, k denotes the k-th element 

of the l-th convolutional layer, and i denotes the neuron of the k-th element in the l-th convolutional layer. Conv(*) denotes the 
convolutional operation, and bl

k,i denotes the bias of the l-th convolutional layer.

2.2. Kolmogorov-Arnold network (KAN)

KAN is a deep neural network with powerful function approximation capability [28]. Because of its ability to approximate arbitrary 
continuous functions, it shows great advantages when dealing with complex nonlinear data. In addition, since its construction is based 
on rigorous mathematical theorems, it has better interpretability [29].

The superposition theorem of Kolmogorov is used to construct KAN, the structure of which is shown in Fig. 1. The superposition 
theorem of Kolmogorov indicates that a univariate continuous function εp,q of the function f(x1, x2, ..., xv) is required to satisfy the 
following equation: 

Fig. 1. Structure of KAN.
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f(x1, x2, ..., xv) =
∑2v+1

p=0
εp,q

(
∑v

q=1
εp,q
(
xp
)
)

(2) 

where v is the number of independent variables for the multivariate continuous function f( ⋅ ). p and q denote the nodes of the KAN. 
p ∈ {0,1, 2, ..., 2v + 1}, q ∈ {1,2, 3, ..., n}.

2.3. Transformer

Transformer consists of an encoder and a decoder and they have the same structure: multi-head self-attention mechanism (MSA), 
feed-forward neural network, residual connection, and normalization [30]. MSA captures global dependencies between different 
positions for the input sequence by many different attention heads. In addition, MSA can reduce the training time of the model through 
parallel computation. The formula of MSA is described as follows: 

MSA(Q,K,V) = Concat(head1, head2, ..., heads) (3) 

headi = Att
(
QWq,KWk,VWv

)
(4) 

where Q is the query matrix, K is the key matrix, V is the value matrix, Concat( ⋅ ) is the fusion operation. Wq is the query matrix weight, 
Wk is the key matrix weight, and Wv is the value matrix weight. Att( ⋅ ) is the self-attention operation. headi is the i-th self-attention 
head.

3. The proposed fault diagnosis framework

3.1. Multi-sensor data fusion strategy

The signals of sensors at different locations can represent the overall operating conditions of mechanical equipment for rotating 
machinery. Therefore, it is of great significance to conduct multi-sensor fault diagnosis research on rotating machinery. However, 
sensor signals from different locations may introduce redundant information. How to retain important fault information and eliminate 
redundant information is key in the field of rotating machinery fault diagnosis. In this paper, a data level fusion strategy is designed by 
PCA to generate the dataset for multi-sensor data fusion. Specifically, the sensor data from different locations are selected. For 
example, the current signal of the motor, the vibration signal of the test equipment, and the torque signal of the drive shaft. Then, PCA 
is used to downscale the sensor data at different locations and generate three main components. Finally, CWT is applied to the three 
main components to generate R-channel images, G-channel images and B-channel images, and they are fused to generate RGB images. 
The specific process of data processing is described in the experimental section.

3.2. Fourier convolution (FC)

The convolution operation is the linear operation in CNN, which samples the input data by convolution kernel and sums the ob
tained elements. The process of convolution operation is shown in Fig. 2(a). As can be seen from the figure, the convolution operator 
obtained from the convolution operation is linear, which affects the nonlinear feature extraction capability of CNN. Therefore, the 
activation function is used to improve the nonlinear feature learning ability for the convolutional layer. However, in some complex 

Fig. 2. Schematic structure of convolution. (a) Traditional convolution. (b) Fourier convolution.
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fault diagnosis tasks, improving nonlinearity is insufficient by introducing activation functions. Inspired by Kolmogorov-Arnold 
Network (KAN), KAN is integrated into CNN to improve nonlinear feature extraction. In addition, since the input data of the model 
contains time–frequency features, the one-dimensional functions in KAN are replaced by sine and cosine functions to obtain more 
Fourier features. The designed FC structure is shown in Fig. 2(b).

Firstly, the one-dimensional linear base functions in the KAN are replaced with the sine and cosine in Fig. 2(b), which can be 
described as follows: 

x = wc ⋅ cos(x)+ws ⋅ sin(x) (5) 

where wc and ws denote the initialised weights of the sine and cosine for transforming the input features. cos( ⋅ ) and sin( ⋅ ) denote the 
cosine and sine functions, respectively.

Secondly, the neuron activation value can be expressed as the sum of all the activation values from the previous layers, and the 
process can be described as follows: 

ψ l+1 =
∑n

i=1
αl,j
(
wc ⋅ cos

(
xj
)
+ ws ⋅ sin

(
xj
) )

(6) 

where l denotes the number of layers in which the neurons are located, j denotes the j− th base function, and n denotes the total number 
of neurons, and αl,j( ⋅ ) is the basis function for Fourier convolution.

Finally, the weights of FC can be expressed as follows: 

wFConv =
∑2z+1

z
ψz

(
∑n

j=1
az
(
wc ⋅ cos

(
xj
)
+ ws ⋅ sin

(
xj
) )
)

(7) 

where z denotes the total number of layers.
The bias term is introduced after obtaining the FC weights. Thus, the FC can be described as follows: 

FConv
(

wl
k,i, b

l
k,i

)
=
∑k− 1

k=0
wl

k,i ⋅ bl
k,i (8) 

where wl
k,i denotes the weight of the k-th element in layer l, and bl

k,i denotes the bias of the k-th element in layer l.
FC not only enhances the nonlinear capability of the model, but also captures local detail features for the input data. In addition, the 

introducing of sine and cosine functions in KAN can effectively mine the periodic and frequency fault features among the input 
features.

3.3. Variational auto-encoding transformer (VAETransformer)

Transformer is capable of global modelling for input features to obtain global fault features. However, Transformer is prone to 
overfitting under small sample conditions, which leads to the decrease of the diagnostic performance for the model. In order to make 
the model satisfy the different fault diagnosis tasks, VAETransformer is designed, and its structure is shown in Fig. 3. The left section of 
Fig. 3 depicts the input and token processing module. The middle section shows the Transformer layer, which consists of normali
zation, variational autoencoder attention, and multilayer perceptron. The right section provides the detailed description of the 

Fig. 3. Structure of VAETransformer.
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variational autoencoder attention module. VAETransformer not only can provide global feature modeling but also enhances the 
robustness and generalization of feature learning.

The main difference between VAETransformer and Transformer is the attention mechanism. Transformer uses the multi-head self- 
attention mechanism for feature learning at different levels. However, the sparsity of Transformer is further amplified under small 
sample conditions, which limits the ability to capture feature relationships at different levels. In addition, some of the attention heads 
cannot learn critical information, leading to the inefficient use of computational resources. Therefore, the variational auto-encoding 
attention mechanism (VAE) is designed to replace the MSA, which consists of the following five steps.

Step 1: The query and key matrices are ϕq(X) and ϕk(X). The low-rank matrix is used to define the weight matrices Wq and Wk for 
the query and key matrices, respectively. Computing attention scores often involves matrix multiplication, which carries high 
computational complexity. Low-rank matrices not only enable dimensionality reduction of input features and reduce computational 

Fig. 4. The fault diagnosis framework of FCTransformer.

Y. Zhang et al.                                                                                                                                                                                                          Mechanical Systems and Signal Processing 249 (2026) 114061 

6 
10 



load, but also preserve the critical information of input features [31]. The mathematical formulae for Wq and Wk are described as 
follows: 

{
Wq = Uq ⋅ BT

q

Wk = Uk ⋅ BT
k

(9) 

where Uq and Uk are the basis matrices. Bq and Bk are the coefficient matrices, Uq,Uk ∈ Rd×r, Bq,Bk ∈ Rr×r, and d are the lengths of the 
input features, and r is the dimension of the low-rank matrix.

Step 2: Attention score is obtained by the weight matrices of the query and key matrices, which can be described as follows: 
{

Sq = WT
q ⋅ ϕq(X)

Sk = WT
k ⋅ ϕk(X)

(10) 

where WT
q and WT

k denote the transpose matrices of the query matrix and key matrix, respectively.
Step 3: The diagonal matrix Λ is defined, which scales the attention scores of the query matrix and the key matrix to control the 

attention weight distribution.
Step 4: There are two operations for the attention scores of the query matrix and the key matrix. One is to fuse the attention scores 

and then perform dot product with the diagonal matrix. The other is to perform dot product with the diagonal matrices and then 
perform the summing operation. The process can be described as follows: 

Scoreatt = cat
(
Sq, Sk

)
(11) 

Satt
q = Sq⋅Λ2, Satt

k = Sk⋅Λ2 (12) 

Score =

{
Scoreatt⋅Λ2, Ture

Satt
q + Satt

k , Otherwise (13) 

where cat( ⋅ ) denotes the summation operation. Λ2 denotes the square of a diagonal matrix.
Step 5: The encoder in the VAE is used to downscale the attention scores, thus reducing the redundancy of information. The 

attention score is reconstructed using the decoder to enhance the generalization of the model. In addition, the output features of the 
encoder are constrained by calculating the KL scatter to prevent the model overfitting under small sample conditions. The process can 
be described as follows: 

μ = Linearwμ ,bμ (Score) = Score ⋅ wμ + bμ (14) 

logσ2 = Linearwlog ,blog (Score) = Score ⋅ wlog + blog (15) 

KL
(
N
(
μ, σ2)‖N(0,1)

)
= −

1
2
∑D

h=1

(
1 + logσ2

h − μ2
h − σ2

h
)

(16) 

where Linearwμ ,bμ and Linearwlog ,blog are the weight and bias for mean and log variance, respectively, which are obtained from the linear 
layer of the VAE. μ is the mean, logσ2 is the log variance, and D is the number of dimension spaces.

From the above steps, it is obvious that the variational auto-encoding attention mechanism can learn rich feature information from 
the query and key matrices and generate the attention output through the low-rank matrix and VAE. Therefore, there is no value matrix 
in the variational auto-encoding attention mechanism. In addition, using VAE to regularise the model can prevent overfitting and 
improve the generalisation ability.

3.4. Fault diagnosis framework of FCTransformer

The proposed fault diagnosis framework of FCTransformer is shown in Fig. 4, which can include three steps.
Step 1: Data acquisition and processing. Sensor signals from different locations are collected. The different sensor data are 

downscaled by PCA, and CWT is used to generate R-channel, B-channel and G-channel images. The different channel images are fused 
to generate RGB image.

Step 2: Model design and model training. FCTransformer fault diagnosis model is constructed using FC and VAETransformer. 
Specifically, local periodicity and frequency fault features are first extracted by three Fourier convolution layers. Then, global de
pendency modelling and fine-grained feature extraction are performed using VAETransformer. Finally, the extracted high-dimensional 
features are mapped to the classification dimension by average pooling.

Step 3: Test diagnosis and result analysis. The test set is fed into the trained completed model to obtain fault diagnosis results. 
Visualisation techniques are used to analyse the results from multiple perspectives.
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4. Experimental validation and analysis

In this section, the validation of FCTransformer was carried out based on two test rigs: bearing test rig and gearbox test rig. The 
experiment was validated on the Windows 10 operating system. The computer was equipped with a GeForce RTX 4060 video card and 
a 13th – Gen Intel® Core i5 – 13400F processor with a base clock speed of 2.50 GHz. The experimental environment included Python 
with PyTorch version 2.2.2 and MATLAB version R2020a. The CUDA version was 11.3. The code was available at https://github.com/ 
yazhouz584-star/Fusion2.

4.1. Dataset description

Case 1: Paderborn Bearing Dataset (PBD)
The PBD dataset was provided by the University of Paderborn and the test platform was shown in Fig. 5 [32]. The platform consists 

of a drive motor, a measuring shaft, a flywheel, and a load motor. And five sensors were used to collect the current signal, force signal, 
torque signal, and vibration signal. Among them, the sampling frequency was 64 KHz. One healthy state, three outer-ring faults and 
three inner-ring faults were selected for multi-sensor fault diagnosis research in this experiment. The bearing fault damage modes were 
electric discharge and electron etching. Table 1 showed the specific fault classes and dataset division.

Case 2: Southeast University Dataset
The Southeast University (SEU) Gearbox Dataset was derived from the Southeast University Power Drive Simulation test rig [33]. 

The test rig consisted of a motor, a planetary gearbox, a reduction gearbox, and a brake. The multi-sensor data were collected by the 
acceleration sensors installed at the gearbox and motor ends. The sampling frequency was 5120 Hz. The fault classes selected for this 
experiment were from the gearbox including normal gears (Label 0), broken gears (Label 1), tooth wear (Label 2), cracked teeth (Label 
3), and missing teeth (Label 4).

4.2. Data processing

Fig. 6 showed the signals from different sensors in the PBD dataset and the visualisation results after PCA downscaling. Specifically, 
Fig. 6(a) showed the signal figure for an inner ring bearing failure, Fig. 6(c) showed the signal figure for a bearing in normal condition, 
Fig. 6(e) showed the signal figure for an outer ring bearing failure. The differences for various bearing fault types were primarily 
reflected in the vibration signals and torque signals, the pulse amplitude of the vibration signal was used to indicate the extent of 
bearing damage. The current signals showed the current variation of the motor, which exhibited periodic characteristics. The vibration 
signals contained the periodic fault signals and noise information. The force signals showed the force condition of the system, which 
contained low frequency information and sudden change points. The torque signals showed periodic disturbances to represent load 
variations. Fig. 6(b), (d) and (f) showed the main components of PCA after downscaling. From the figure, it could be observed that 
channel 1 retained the periodicity feature, which indicated that the current signals had greater contribution to represent the state of the 
system. Channel 2 exhibited nonlinear trends at low frequencies, which indicated that the force and torque signals also represented the 
system state. Channel 3 showed significant high-frequency perturbations, which indicated that it mainly contains vibration signals.

Fig. 7 showed the greyscale and RGB fusion images of the R, G and B channels for the PBD dataset. From the figure, the R channel 
had smooth luminance changes, which indicated that this channel was the low-frequency component containing smoothly changing 
features, the G channel contained more obvious ripple-like or periodic features, and the B channel was the high-frequency component 
containing transient shocks, impulsive signals, and noise interferences. The RGB image was generated by fusing the greyscale images of 
the R, G and B channels to enhance the representation of time–frequency information.

Fig. 8 showed the signals of different sensors and the visualisation results after PCA downscaling for the SEU dataset. Specifically, 
Fig. 8(a) showed the signal figure for tooth wear, Fig. 8(c) presented the signal figure for missing teeth, as shown in Fig. 8(a) and Fig. 8
(c), the amplitude variations of the motor vibration signals and motor torque signals remained relatively stable. The vibration signals 
of the x, y and z axes for the planetary gearbox and reduction gearbox contained the periodic fault features and noise information. 
Fig. 8(b) and (d) showed the main components after PCA downscaling. As could be seen from the figures, the main components after 
PCA downscaling contained the vibration signals of the planetary gearbox and the reduction gearbox, which indicated that the PCA 
downscaling method could effectively retain the high-frequency information of the vibration signals.

Fig. 9 showed the greyscale and RGB fusion images of the R, G and B channels for the SEU dataset. From the figure, it could be 
observed that the R channel was less bright and the texture details were more blurred, which indicated that there was some noise 

Fig. 5. The test rig for the PBD dataset.
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interference. The texture clarification of the G channel was enhanced, which indicated that the G channel contains more fault in
formation. The details of the B channel were further enhanced and the stripes were clearer, which indicated that this channel could 
capture the high-frequency information. In addition, the RGB image showed obvious coloured stripes, and the respective textures were 
still maintained in the fused image, which indicated that the features of each channel still maintained the certain degree of inde
pendence after fusion, and more fault information could be obtained by generating the RGB image.

4.3. Experimental setup and model parameters

The hyperparameters were set as follows: the batch size was 32, and the number of iterations was 100. The model parameters were 
updated by the Adam algorithm, and the learning rate was set to 0.0003. The random seed was 42. In addition, this paper established 
the normal sample and small sample conditions, and the total number of samples was set to 50, 100, 150, and 200, respectively. The 
normal samples were divided into training set, validation set, and test set according to the ratio of 0.6:0.2:0.2. The small sample 
conditions were divided into training set, validation set and test set according to the ratio of 0.2:0.2:0.6. The experimental results were 
averaged over 10 runs. Accuracy and recall were used to evaluate the fault diagnosis performance. The model parameters of 
FCTransformer were shown in Table 2.

4.4. Comparison methods

In order to investigate the overall performance of FCTransformer for fault diagnosis under normal and small sample conditions, this 
paper compared it with nine state-of-the-art deep learning models. The details of each model were described as follows: 

(1) IF-EDAAN [25]: IF-EDAAN was an unsupervised multi-source information domain adaptive method, which converted multi- 
source information into fused images by PCA, and then used CNN for feature extraction.

(2) MSF-CNN [34]: MSF-CNN was a convolutional neural network intelligent diagnosis method based on multi-sensor fusion. This 
method generated RGB stripe image from multi-sensor data by PCA.

(3) MSAWS [35]: MSAWS was a semi-supervised fault diagnosis method for multi-sensor data fusion, which established a weighted 
multi-sensor fusion strategy by the self-attention mechanism.

(4) MSCNN [36]: MSCNN was a multi-scale convolutional neural network for small sample fault diagnosis, which used Markov 
transfer fields (MTF) to process the input signals.

(5) PE-DCM-ViT [37]: PE-DCM-ViT was a vision transformer fault diagnosis method, which converted the input vibration signal 
into time–frequency image by CWT.

(6) TSSRL [38]: TSSRL was a self-supervised learning method based on Transformer, which captured global features to achieve fault 
diagnosis under limited labelled data.

(7) WD-KANTF [39]: WD-KANTF was a fault diagnosis method based on wavelet denoising and KANTransformer, which introduced 
learnable activation functions in the linear layer of the Transformer to enhance the model's nonlinear feature extraction 
capability.

(8) LiConvFormer [40]: LiConvFormer was a lightweight fault diagnosis method that utilised the broadcast self-attention mech
anism to construct the lightweight global feature extraction module.

(9) TLMW-former [41]: TLMW-former was a trustworthy lightweight multi-expert wavelet Transformer method that designed a 
wavelet linear self-attention module to extract global feature information.

Besides comparing with the above state-of-the-art methods, this paper constructed different input feature images and ablation 
experiments, which were performed under the same benchmark as the proposed method. 

(10) STFT-CNN: Short Time Fourier Transform (STFT) was used to process the vibration signals, and standard convolution was used 
to replace the KAN convolution layer.

(11) STFT-CNNT: STFT was used to process the vibration signals, and standard convolution and transformer was used to perform 
feature extraction.

(12) STFT-FCT: STFT was used to process the vibration signals, and FCTransformer was used for feature extraction.
(13) 1D-FCTransformer: 1D-FCTransformer was the one-dimensional model of the proposed method.

Table 1 
PBD dataset division.

Condition Fault classes Bearing No. Fault damage type Label

1500 rpm/1000 N 
900 rpm/1000 N 
1500 rpm/1000 N 
1500 rpm/400 N

Healthy K001 / 0
Outer ring KA01 Electric discharge 1
Outer ring KA05 Electron etching 2
Outer ring KA07 Drilled hole 3
Inner ring KI01 Electric discharge 4
Inner ring KI05 Electron etching 5
Inner ring KI07 Drilled hole 6
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Fig. 6. Visualisation results of different sensor signals for the PBD dataset.
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(14) MTF-CNNT and MTF- FCT had the same structure as STFT-CNN, STFT-CNNT and STFT- FCT. However, the input feature images 
were Markov transfer fields.

Fig. 10 showed the different input images for the above comparison methods and ablation experiments.

4.5. Fault diagnosis results for PBD dataset

4.5.1. Fault diagnosis results under normal sample conditions
To verify the diagnosis performance of FCTransformer, sample sizes of 50, 100, 150, and 200 were selected for experiments, and the 

results were shown in Table 3.
In Table 3, FCTransformer performed the best in terms of accuracy, recall, Macro-F1, and F1. Specifically, FCTransformer had the 

average diagnostic accuracy of 98.25% at four different sample sizes, which was significantly higher than the other compared methods. 
Compared with IF-EDAAN and MSF-CNN, the average diagnostic accuracies of FCTransformer were improved by 4.28% and 10.64%, 
respectively. This indicated that CWT could obtain more time–frequency information at the data level. The average diagnostic ac
curacy of FCTransformer was improved by 6.51% compared to MSAWS, which indicated that more fault features could be obtained 
from data level fusion than feature level fusion. Compared with MSCNN and PE-DCM-ViT, the average diagnostic accuracy of 
FCTransformer was improved by 6.11% and 3.78%, respectively, which indicated that the diagnostic accuracy of the model could be 
improved by fusing the signals of sensors at different locations. In the ablation experiments, the diagnostic accuracy of FCTransformer 
still had high diagnostic accuracy compared to the STFT and MTF. Specifically, the average diagnostic accuracy of CNNT was 8.49% 
higher than the average diagnostic accuracy of CNN, which indicated that the global fault features were mined by transformer. The 
average diagnostic accuracy of FCTransformer was 15.87% and 7.38% higher than that of CNN and CNNT, which showed that the 
Fourier convolution could focus on more fault features and improve the fault diagnosis accuracy. In addition, to ensure the fair 
comparison, we evaluated the proposed method with one-dimensional inputs against the comparative methods with one-dimensional 
inputs, and the results were shown in Table 3. Compared with TSSRL, the average diagnostic accuracy of 1D-FCTransformer improved 
by 7.92%. Compared to WD-KANTF and TLMW-former, the average diagnostic accuracy of 1D-FCTransformer improved by 1.63% and 
2.70%, respectively. This demonstrated that introducing the Fourier operator effectively improved nonlinear feature extraction 
capability, thereby enhancing fault diagnosis accuracy. Compared to LiConvFormer, the 1D-FCTransformer improved the average 
diagnostic accuracy by 9.46%. This indicated that VAETransformer could extract critical fault features to enhance fault diagnosis 
accuracy.

In order to observe the feature extraction ability of different methods, 150 and 200 samples were chosen to perform 3D visual
isation for output features, as shown in Fig. 11. Different colours in the figure represented different classes (Label 0–6), and the 
clustering on the sphere intuitively reflected the classification ability of the model. As could be seen in Fig. 11, compared with the nine 
advanced fault diagnosis methods (a1-i1 and a2-i2), FCTransformer (p1 and p2) significantly improved the inter-class separability and 
intra-class compactness, which indicated that FCTransformer had more advantages in maintaining the intra-class consistency and 
enhancing the inter-class separability. The Transformer methods (f1-i1 and f2-i2) exhibited the scenarios where different classes were 
mixed, and the inter-class distances within the same classes were larger. In addition, there was significant mixing of classes for j1-n1 
and j2-n2, which showed that these methods had weaker feature extraction capabilities. This further demonstrated that Fourier 
Convolution and VAETransformer could mine more fault features and enhance the fault identification capability.

4.5.2. Fault diagnosis results under small sample conditions
In order to further verify the effectiveness and superiority of FCTransformer under small sample conditions, sample sizes of 50, 100, 

150 and 200 were selected for small sample experiments. The experimental results were shown in Table 4. In Table 4, FCTransformer 
performed the best in terms of accuracy, recall, Macro-F1, and F1, its average accuracy was 90.80%. This indicated that fusing sensor 
signals from different locations could obtain more fault information at the data level and help the model to obtain better fault diagnosis 

Fig. 7. RGB image of data fusion for PBD dataset.
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accuracy under small sample conditions. Compared with nine advanced fault diagnosis methods, the average diagnostic accuracy of 
FCTransformer was improved by 17.69%, 14.47%, 15.62%, 20.39%, 13.99%, 40.33%, 15.04%, 31.10%, and 21.65%, respectively. 
This was due to the small number of samples, which led to the lack of feature learning ability for these models and decreases in 
diagnostic accuracy. However, the designed FC and VAETransformer extracted more fault features from both local and global per
spectives, leading to significant improvement in the accuracy of the FCTransformer. In addition, compared with the one-dimensional 
input model, 1D-FCTransformer showed higher average fault diagnosis accuracy. This indicated that the designed Fourier convolution 
and VAETransformer could extract critical fault features. The average diagnostic accuracy of FCTransformer was improved by 6.36% 
and 9.11% compared with SFFT-FCT and MTF-FCT, respectively. This indicated that CWT had good localization properties in both 
time and frequency domains, and could retain more sudden change signals and transient signals. In conclusion, it could be observed 
from Table 4 that the overfitting phenomenon occured due to the insufficient feature learning ability under the small sample condition, 
resulting in the decrease in the diagnostic accuracy. However, FCTransformer still had the high fault diagnosis accuracy, which was 
due to the designed Fourier Convolution could capture more Fourier features to enhance the feature learning ability of the model.

In order to further demonstrate the feature extraction capability of the model under small sample conditions, 150 and 200 samples 

Fig. 8. Visualisation results of different sensor signals for the SEU dataset.
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were selected for 3D visualisation and the results were shown in Fig. 12. In Fig. 12, compared with nine state-of-the-art fault diagnosis 
methods (a1-i1 and a2-i2), FCTransformer (p1 and p2) could cluster faults of the same classes together and separate faults of different 
classes, which indicated that FCTransformer had great feature extraction capability, and could fully mine fault features under small 
sample conditions. Comparing l1, l2, n1 and n2, it could be observed that different data processing methods had different effects. 
Specifically, more feature information was missing when using the STFT to generate RGB images, resulting in the worst clustering 
effect. MTF missed feature information next, but there was overlapping of fault features under different labels. CWT could retain more 
time–frequency features, so it had the highest fault diagnosis accuracy and the best clustering effect under small sample conditions.

In addition, to visually demonstrate the model's identification capabilities for each fault class, we selected 30/30/90 for plotting the 
ROC curves, as shown in Fig. 13, the horizontal axis represented the false positive rate, while the vertical axis denoted the true positive 
rate. The closer the curve was to the upper-left corner, it meant the method had a lower false detection rate. In Fig. 13, the ROC curves 
of FCTransformer for all fault classes were significantly close to the upper-left corner, which realized the balance between high true 
positive rate and low false positive rate under multi-class conditions. This indicated that the proposed method had good identification 
accuracy for different fault classes, with both missed detection and false detection rates at low levels. The curves of IF-EDAAN, PE- 
DCM-ViT, STFT-FCT, MTF-FCT, and 1D-FCTransformer were next closest to the upper-left corner. These methods maintained high true 
positive rates for most fault classes, but false positive rates increased for some complex faults. This indicated that these methods could 
effectively identify most faults, but there was some risk of misclassification when encountering subtle faults. The curves for TSSRL, 
LiConvFormer, and TLMW-former were far from the top-left corner, and the curves for some classes were close to the diagonal line. 
This indicated that the classification performance of these methods was close to random levels. In small sample scenarios, the rates of 

Fig. 9. RGB image of data fusion for SEU dataset.

Table 2 
Parameters of FCTransformer.

Name of the layer Output size

Fourier convolutional layer Conv 16@ [3 × 3] [32, 16, 15 × 15]
BN, ReLU, Dropout (0.1)

Maxpooling Size = (2, 2), Stride = (2, 2)
Fourier convolutional layer Conv 32@ [3 × 3] [32, 32, 6 × 6]

BN, ReLU, Dropout (0.1)
Size = (2, 2), Stride = (2, 2)

Fourier convolutional layer Conv 128@ [3 × 3] [32, 128, 2 × 2]
BN, ReLU, Dropout (0.1)
Size = (2, 2), Stride = (2, 2)

VAETransformer Number of attention heads 4 [128, classes]
Number of embedded dimensions 128

Fig. 10. The different input images (a) strip image, (b) CWT image, (c) STFT image, (d) MTF image.
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missed detections and false positives were difficult to control.

4.6. Fault diagnosis results for SEU dataset

4.6.1. Fault diagnosis results for normal sample conditions
To further validate the generalization performance of FCTransformer, experimental validation was carried out using the SEU 

dataset. The experimental setup was the same as in Section 4.5, as shown in Table 5.
Table 5 used accuracy, recall, Macro-F1, and F1 scores to evaluate model performance. In Table 5, the fault diagnosis accuracy of 

FCTransformer was the highest, and its average diagnosis accuracy was 99.58%, which indicated that the designed FC could effectively 
extract the periodic fault features, thus helping the model to better identify the fault classes. Compared to IF-EDAAN and MSF-CNN, the 
average diagnostic accuracy of FCTransformer was improved by 21.39% and 24.58%, respectively. This indicated that CWT could 
obtain more time–frequency features, which improved the fault diagnosis accuracy. Compared with MSAWS, MSCNN and PE-DCM- 
ViT, the average diagnostic accuracy of FCTransformer was improved by 12.40%, 27.99% and 14.87%, respectively. Compared 
with directly processing the vibration signals by CWT and MTF, generating RGB images at different locations could obtain more fault 
information. In addition, to ensure the fair comparison, we evaluated the proposed method with the one-dimensional inputs against 
the comparative methods with one-dimensional inputs, and the results were shown in Table 5. Compared with TSSRL, the average 
diagnostic accuracy of 1D-FCTransformer improved by 14.06%. Compared to TLMW-former, the average diagnostic accuracy of 1D- 
FCTransformer increased by 4.65%, which indicated that introducing the Fourier operator effectively enhanced nonlinear feature 
extraction capability. Compared to LiConvFormer, the average diagnostic accuracy of 1D-FCTransformer increased by 9.02%, which 
indicated that VAETransformer could extract key fault features to enhance fault diagnosis accuracy.

Fig. 14 showed the confusion matrix plot for 150 samples, and the difference in fault identification ability of each model could be 
visualised in Fig. 14. The confusion matrix presented the classification results in terms of true and predicted labels. Among them, the 
darker diagonal colour indicates the higher model identification accuracy. As could be seen from the figure, FCTransformer achieved 
100% fault diagnosis accuracy on all classes, which indicated that FC and VAETransformer could significantly improve the model 

Table 3 
Fault diagnosis results of PBD dataset under normal samples.

Methods Training/validation/test

30/10/10 60/20/20 90/30/30 120/40/40

Accuracy Recall Accuracy Recall Accuracy Recall Accuracy Recall

IF-EDAAN 91.50% 91.18% 92.69% 92.01% 93.94% 93.90% 97.75% 97.75%
MSF-CNN 81.03% 80.05% 87.72% 86.85 89.03% 88.05% 92.63% 92.56%
MSAWS 86.77% 86.37% 90.83% 90.67% 93.43% 93.40% 95.91% 95.67%
MSCNN 87.62% 86.28% 91.17% 91.56% 94.61% 93.13% 95.16% 95.41%
PE-DCM-ViT 91.82% 92.09% 94.78% 94.68% 95.11% 94.82% 96.18% 96.01%
TSSRL 60.00% 56.62% 90.51% 90.63% 96.53% 96.50% 96.75% 96.18%
WD-KANTF 85.13% 83.76% 91.68% 89.25% 95.71% 95.63% 96.43% 96.51%
LiConvFormer 75.71% 75.48% 79.29% 81.90% 90.48% 90.46% 92.14% 92.66%
TLMW-former 77.72% 77.27% 90.20% 90.12% 98.48% 98.43% 98.28% 98.21%
STFT-CNN 71.96% 73.53% 82.81% 82.24% 86.67% 86.59% 88.09% 88.04%
STFT-CNNT 88.81% 88.76% 90.02% 89.79% 91.48% 91.43% 93.17% 93.12%
STFT-FCT 87.91% 87.87% 89.27% 89.21% 93.75% 93.67% 95.79% 96.25%
MTF-CNNT 90.88% 90.83% 92.15% 92.18% 94.44% 94.40% 96.14% 96.09%
MTF-FCT 91.71% 91.65% 94.89% 93.41% 96.15% 96.08% 97.37% 97.30%
1D-FCTransformer 88.57% 88.30% 92.16% 92.94% 96.81% 96.14% 97.96% 97.23%
FCTransformer 94.82% 94.80% 98.76% 98.57% 99.80% 99.73% 100.0% 100.0%

​ Macro-F1 F1 Macro-F1 F1 Macro-F1 F1 Macro-F1 F1

IF-EDAAN 89.75% 90.00% 91.32% 91.41% 94.01% 93.72% 96.88% 96.93%
MSF-CNN 80.72% 80.74% 86.04% 86.42% 88.76% 88.77% 91.01% 91.06%
MSAWS 85.76% 85.96% 90.23% 90.47% 93.88% 93.53% 94.73% 94.96%
MSCNN 86.57% 87.01% 90.59% 91.23% 93.04% 93.85% 94.59% 95.04%
PE-DCM-ViT 90.00% 90.12% 93.36% 93.37% 94.18% 94.30% 95.61% 95.39%
TSSRL 56.24% 59.47% 87.53% 88.84% 95.43% 93.71% 95.59% 96.09%
WD-KANTF 83.06% 83.40% 90.00% 90.50% 93.88% 93.76% 95.32% 95.44%
LiConvFormer 74.28% 74.79% 78.20% 77.87% 89.50% 89.00% 91.88% 92.07%
TLMW-former 76.07% 76.20% 89.14% 89.75% 97.58% 97.63% 95.58% 97.47%
STFT-CNN 69.50% 68.67% 80.94% 81.18% 84.25% 86.21% 86.71% 86.68%
STFT-CNNT 86.20% 85.88% 88.09% 87.47% 89.78% 90.78% 93.12% 93.17%
STFT-FCT 85.77% 86.84% 87.38% 88.62% 91.07% 91.46% 94.26% 94.99%
MTF-CNNT 88.79% 89.55% 91.25% 90.56% 91.56% 92.35% 95.13% 94.93%
MTF-FCT 90.55% 89.37% 93.44% 93.33% 93.99% 95.71% 96.50% 94.76%
1D-FCTransformer 86.85% 88.34% 92.03% 92.00% 96.07% 96.21% 97.08% 97.39%
FCTransformer 94.03% 94.19% 97.73% 97.90% 99.48% 99.60% 100.0% 100.0%
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feature extraction ability to obtain the best fault diagnosis accuracy. WD-KANTF and MTF-KACNT diagnostic results were second best, 
which indicated that different data processing methods had different effects on model diagnostic results. STFT-FCT and MTF-FCT 
diagnostic results were the next best, which indicated that different data processing methods had different effects on the model 
diagnosis results. From Fig. 14(h) and (k), it could be observed that the STFT obtained more fault information. MSF-CNN and MSAWS 
had high misclassification in several classes, which showed that their extraction capability was insufficient. In addition, IF-EDAAN and 
PE-DCM-ViT had higher fault identification accuracy, but still had the problem of lower identification for some classes.

4.6.2. Fault diagnosis results under small sample conditions
In order to further validate the fault diagnosis performance of FCTransformer, small sample experiments were conducted on the 

SEU dataset, and the results were shown in Table 6. In Table 6, the fault diagnosis accuracies of all methods were reduced compared to 
the fault diagnosis accuracies under normal sample conditions. This was due to the fact that the small number of training samples led to 
insufficient feature learning ability or overfitting phenomenon for the model, which reduced the fault diagnosis performance of the 
model. However, compared to the comparison methods, the average fault diagnosis accuracy of FCTransformer was 96.10%, which 
was much higher than the comparison methods. This indicated that FC could mine more periodic fault features under small sample 
conditions, thus improving the feature learning capability. In addition, compared with STFT-CNNT, the average fault diagnosis ac
curacy of STFT-FCT was improved by 11.86%, which indicated that VAETransformer could prevent the model overfitting phenom
enon. In addition, compared to the lightweight LiConvFormer, 1D-FCTransformer improved the average fault diagnosis accuracy by 
7.98%, which indicated that the lightweight model's simpler structure resulted in insufficient feature learning. Compared to TLMW- 
former, KACNT increased the average fault diagnosis accuracy by 0.24%.

In order to visualise the classification of fault classes, 150 samples were selected for confusion matrix visualization, and the results 
were shown in Fig. 15. In Fig. 15, CNN had obvious misclassification, but CNNT and FCTransformer performed better in fault iden
tification. Specifically, IF-EDAAN inter-class confusion was more serious, especially label 0, label 2, and label 3 had high misclassi
fication. This indicated that the feature learning ability of the model was insufficient under small sample conditions. There was serious 
confusion between label 0 and label 2 for MSF-CNN, which indicated that the learning ability of the CNN was limited. Although MSF- 
CNN fused sensor information from different locations, there was still misclassification in the face of high similarity classes. The 
identification of label 1 and label 2 was only 9.1% and 48.3% for MSAWS, which was due to the lack of global feature learning 
capability for the model. There were still some misidentifications for label 2 and label 3 in MSCNN, which indicated that MSCNN 
lacked the ability to identify combined fault classes. In PE-DCM-ViT, transformer did not sufficiently decouple the inter-class similarity 
features, which led to low identification for label 2 and label 3. This indicated that PE-DCM-ViT was prone to overfitting when trained 
under small sample conditions. In TSSRL and TLMW-former, labels 0 and 1 had high misclassification rates, which indicated that using 
Transformer for global dependency modelling had overlooked local fault features. In LiConvFormer, label 2 was completely mis
classified, which suggested that lightweight models had limited diagnostic performance under small sample fault diagnosis conditions. 

Fig. 11. Fault diagnosis visualisation results for normal sample conditions. a1-l1 are 150 samples. a2-l2 are 150 samples. (a1) IF-EDAAN, (b1) MSF- 
CNN, (c1) MSAWS, (d1) MSCNN, (e1) PE-DCM-ViT, (f1) TSSRL, (g1) WD-KANTF, (h1) LiConvFormer, (i1) TLMW-former, (j1) SFFT-CNN, (k1) SFFT- 
CNNT, (l1) STFT-FCT, (m1) MTF-CNNT, (n1) MTF-FCT, (o1) 1D-FCTransformer, (p1) FCTransformer.
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In addition, the time–frequency feature extraction of STFT-CNN and STFT-CNNT was insufficient, which led to the decrease of fault 
diagnosis accuracy. MTF-CNNT had an identification of 9.1% for label 3, which indicated that there was the risk of overfitting. The 
fault diagnosis accuracy of FCTransformer was 96.94%, which indicated that FC and VAETransformer had significantly improve the 
fault class identification ability.

In the SEU dataset, we selected the 30/30/90 for ROC curve plotting, as shown in Fig. 16. In Fig. 16, the ROC curves were 
significantly close to the upper-left corner for FCTransformer, this indicated that FCTransformer had excellent identification accuracy 
for the different fault classes, and its missed detection rate and false positive rate were at extremely low levels. In contrast, the ROC 
curves of IF-EDAAN, MSF-CNN, WD-KANTF, TLMW-former, STFT-FCT, MTF-FCT, and 1D-FCTransformer were farther from the upper- 
left corner, this was because they could effectively identify most normal faults, but they had some risks of false positives for subtle 
faults. The ROC curves for TSSRL, STFT-CNN, and STFT-CNNT were the farthest from the top-left corner, they were close to the di
agonal line for some fault classes, this indicated that the classification performance of these methods was close to the level of random 
classification.

4.7. Multi-sensor data fusion analysis

The above analyses convincingly validated the effectiveness of FCTransformer, and the confusion matrix was plotted to further 
elaborate the effect of different sensor signals, as shown in Fig. 17. Fig. 17(a) showed the fault diagnosis results after fusing the signals 
from five different sensors. Fig. 17(b) showed the diagnostic results after fusion of current signals, vibration signals, force signals and 
torque signals. Fig. 17 (c) showed the diagnostic results after fusion of current signals, vibration signals and torque signals. Fig. 17 (d) 
showed the diagnostic results of the current signals. Fig. 17 (e) showed the diagnostic results of the vibration signals. Compared to the 
Fig. 17(b), the fault diagnosis accuracy of FCTransformer increased from 99.52% to 100.0%, this was because Fig. 17(b) lacked current 
signal 1, which made the fused feature image unable to fully retain all fault related information, leading to the decrease of the model's 
fault diagnosis accuracy. Compared to Fig. 17(c), the FCTransformer fault diagnosis accuracy was improved from 96.70% to 100.0% 
after fusing five sensor signals, this was because Fig. 17(c) lacked both the force signal and current signal 2. The force signal was 

Table 4 
Fault diagnosis results of PBD dataset under small sample conditions.

Methods Training/validation/test

10/10/30 20/20/60 30/30/90 40/40/120

Accuracy Recall Accuracy Recall Accuracy Recall Accuracy Recall

IF-EDAAN 57.60% 57.51% 68.17% 67.13% 78.03% 77.93% 88.62% 88.13%
MSF-CNN 54.66% 54.14% 74.93% 74.88% 83.87% 82.11% 91.85% 91.69%
MSAWS 59.51% 59.37% 70.36% 70.17% 82.55% 82.29% 88.27% 88.26%
MSCNN 37.51% 37.45% 77.50% 75.48% 81.98% 81.55% 86.48% 85.47%
PE-DCM-ViT 66.26% 65.58% 74.32% 73.77% 81.30% 81.07% 85.33% 85.28%
TSSRL 36.19% 37.06% 45.48% 45.08% 53.97% 54.68% 65.35% 63.10%
WD-KANTF 64.67% 64.50% 73.61% 73.32% 77.56% 78.04% 84.29% 84.23%
LiConvFormer 42.38% 42.35% 51.67% 51.58% 60.48% 61.02% 81.36% 81.31%
TLMW-former 52.47% 53.09% 62.76% 62.46% 74.13% 73.72% 84.33% 84.05%
STFT-CNN 60.82% 59.96% 66.41% 65.81% 82.67% 82.55% 84.42% 84.33%
STFT-CNNT 64.53% 64.33% 76.01% 75.14% 84.06% 83.83% 87.13% 83.06%
STFT-FCT 72.33% 71.43% 83.42% 81.36% 90.89% 90.32% 93.17% 92.57%
MTF-CNNT 58.08% 57.76% 73.58% 72.64% 85.24% 84.92% 86.13% 86.25%
MTF-FCT 65.04% 65.02% 77.98% 77.78% 89.95% 89.44% 93.80% 93.71%
1D-FCTransformer 64.29% 64.07% 70.00% 71.49% 83.39% 83.54% 88.05% 88.37%
FCTransformer 83.09% 83.12% 87.52% 87.44% 94.82% 94.76% 97.79% 97.66%

​ Macro-F1 F1 Macro-F1 F1 Macro-F1 F1 Macro-F1 F1

IF-EDAAN 56.45% 56.37% 66.91% 67.11% 76.49% 77.74% 88.77% 87.84%
MSF-CNN 53.18% 53.48% 73.08% 73.21% 82.76% 82.71% 92.72% 92.49%
MSAWS 59.17% 59.24% 69.21% 69.59% 83.38% 82.49% 87.23% 86.82%
MSCNN 37.05% 37.38% 75.98% 76.67% 80.92% 80.40% 85.01% 84.61%
PE-DCM-ViT 65.21% 65.42% 73.37% 73.38% 80.77% 80.98% 86.68% 85.72%
TSSRL 36.00% 36.09% 45.95% 46.94% 51.11% 39.66% 65.06% 66.58%
WD-KANTF 64.42% 64.75% 72.12% 72.20% 74.72% 74.87% 83.05% 83.57%
LiConvFormer 42.95% 43.08% 51.31% 51.54% 60.32% 60.97% 80.65% 80.98%
TLMW-former 53.12% 52.66% 62.06% 62.38% 74.60% 71.57% 83.55% 82.93%
STFT-CNN 59.16% 59.34% 64.87% 65.10% 81.38% 80.53% 83.08% 83.37%
STFT-CNNT 64.05% 63.93% 75.04% 75.25% 83.19% 83.36% 86.24% 87.05%
STFT-FCT 71.97% 72.83% 81.98% 82.34% 89.59% 89.32% 92.18% 93.71%
MTF-CNNT 58.00% 58.01% 72.60% 72.88% 84.28% 85.12% 86.48% 85.03%
MTF-FCT 64.22% 64.84% 77.12% 76.96% 88.02% 87.21% 93.47% 93.79%
1D-FCTransformer 63.67% 63.80% 69.49% 70.00% 83.76% 83.39% 86.34% 88.05%
FCTransformer 82.62% 82.90% 86.30% 86.39% 92.30% 92.14% 96.80% 96.20%
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significant important in the entire rotating machinery monitoring system, as it directly reflected the impact of the load on the bearings. 
The model could not fully capture fault characteristics without the force signal, leading to reduced diagnostic accuracy.

In order to show the diagnostic results of different sensors, this paper used solid lines of different colours to connect each of the 
above confusion matrices. As could be seen from the red box and the red solid line in Fig. 17, the current signals provided less fault 
information compared to the vibration signals, resulting in the lower fault diagnosis accuracy. After fusing the vibration signals, 
current signals and torque signals, the fault diagnosis accuracy of the model was significantly improved. Specifically, after adding 
current and torque signals to the vibration signals, the diagnostic accuracies of label 0 and label 2 increased from 78.0% and 92.5% to 
100.0%, respectively, which indicated that fusing different sensor signals helped to improve the fault diagnosis accuracy. After adding 
force signals to the vibration, current and torque signals, the diagnostic accuracies of label 4 and label 5 were improved from 88.4% 
and 92.2% to 100%, respectively, as shown by the orange box and orange solid line in Fig. 17. This indicated that the force signals 
could help the model to obtain more fault information.

Fig. 18 showed the confusion matrix results after fusion of different sensor signals for the SEU dataset. Fig. 18 (d), (e) and (f) 
showed the motor vibration signals, reduction gearbox x-axis vibration signals and planetary gearbox x-axis vibration signals fault 
diagnosis results, respectively. As could be seen from the figure, the motor vibration signals fault diagnosis results are the worst, the 
reduction gearbox x-axis vibration signals fault diagnosis results were the second best, and the planetary gearbox x-axis vibration 
signals fault diagnosis was the best. This indicated that the planetary gearbox x-axis vibration signals could represent more fault 
information, making it easier for the model to capture fault features. Fig. 18(c) showed the fault diagnosis results after fusion of motor 
vibration signals, reduction gearbox and planetary gearbox x-axis signals. As could be seen from the figure, the fusion of three 
differently located sensors resulted in 100% for label 2 and label 3, but there was the decrease in the fault diagnosis accuracy for label 
0 and label 4, as shown by the purple solid line and the green solid line in the figure. This indicated that sensors at different locations 
sometimes bring redundant information, which reduced the fault diagnosis accuracy of the model. Fig. 18(b) showed the fault 
diagnosis results after fusion of motor vibration signals, reduction gearbox and planetary gearbox x-axis, y-axis and z-axis signals. It 
could be observed that the accuracy of fault diagnosis was 100% for both label 0 and 4 after fusing the vibration signals at different 
positions of the gearbox and the motor torque signals. Fig. 18(a) showed the fault diagnosis results after fusing eight different position 
sensors. From the figure, it could be observed that the fault diagnosis accuracy of the model is 100% after fusing eight different sensor 
signals.

4.8. Feature learning visualization

4.8.1. Gradient class activation mapping (Grad-CAM) visualization
In order to reveal the ability of Fourier convolution to capture critical feature information, Grad-CAM was used for visualization, 

and the results were shown in Fig. 19. Grad-CAM allowed for the intuitive observation of differences in weight gradient distributions, 

Fig. 12. Fault diagnosis visualisation results under small sample conditions. a1-l1 are 150 samples. a2-l2 are 150 samples. (a1) IF-EDAAN, (b1) 
MSF-CNN, (c1) MSAWS, (d1) MSCNN, (e1) PE-DCM-ViT, (f1) TSSRL, (g1) WD-KANTF, (h1) LiConvFormer, (i1) TLMW-former, (j1) SFFT-CNN, (k1) 
SFFT-CNNT, (l1) STFT-FCT, (m1) MTF-CNNT, (n1) MTF-FCT, (o1) 1D-FCTransformer, (p1) FCTransformer.
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which provided deeper insight into the internal working mechanisms of the model when processing different samples. In Fig. 19, the 
input image was normalised and the critical regions were marked with brighter colours (yellow). After the normalised image had gone 
through the first Fourier convolution layer, the important regions were marked with brighter colours (orange) in the image, which 
showed that FC could extract critical fault features. In addition, after the second Fourier convolution layer, the important regions were 
further extracted in the image, which further indicated that the designed FC autonomously extracted important features while sup
pressing redundant information. This performance not only helped the model to improve the fault diagnosis accuracy, but also 
enhanced the interpretability of the model, which was important in real-world fault diagnosis.

4.8.2. Feature learning procedure for VAETransformer
To validate the feature learning capability of VAETransformer, the PBD dataset was selected for visualization analysis. The 

training/validation/test splits were 30/30/90. First, we visualised the weight matrices of the query matrix and the key matrix, as 
shown in Fig. 20. In Fig. 20, the horizontal axis was the feature dimension index of the low-rank matrix, and the vertical axis was the 
position index of the token. As could be seen from the figure, there was a significant difference in the distribution of the weights for the 
query and key matrices, which indicated that the variational auto-encoding attention mechanism could assign different weights to the 
features. Specifically, the weight matrix of the query matrix assigned lower weights for most features, which indicated that the query 
matrix could capture local critical fault features. The values of the weight matrix for the key matrix were individually balanced and 
assign higher weights to most features, which indicated that the key matrix was capable of global dependency modelling.

To further validate the effectiveness of the variational autoencoder attention mechanism, the PBD dataset was again selected for 
visualization analysis. The training/validation/test splits were set to 30/30/90. The visualization results were shown in the Fig. 21. 
Heatmap colours indicated attention score values. Bright (yellow) indicated higher score values and dark (purple) indicated lower 
score values. In Fig. 21(a), Head0 and Head3 had balanced distribution of attention score values, which indicated that the attention 
mechanism performed global feature extraction. Head1 and Head2 had higher score values in the projection index1 and 3 regions, 

Fig. 13. The results of ROC curves for different methods on the PBD dataset.
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which indicated that the attention mechanism performed capture local feature extraction. In Fig. 21(b), Head0 and Head3 performed 
global dependency modelling and their attention score values were relatively balanced. Head1 and Head2 assigned higher score values 
to projection index 8 and 1, which showed that the attentional mechanism was extracting critical fault features. In addition, the red box 
in the figure showed the region with the highest score value for the variational auto-coding attention mechanism. As could be seen 
from the figure, the region was not the same, which indicated that the variational auto-coding attention mechanism could successfully 
extract class discriminative features from different input samples.

4.9. Ablation experiment and parameter sensitivity analysis

To verify the impact of each module of FCTransformer in fault diagnosis performance, ablation experiments were conducted. 
Specifically, FCTransformer consisted of data-level multi-sensor data fusion, Fourier Convolution layer, and VAETransformer. 
Therefore, the ablation experiments designed were shown in Table 7 and Fig. 22.

Ablation 1: Impact of multi-sensor data fusion at the data level. After removing multi-sensor data fusion at the data level, the 
identification accuracy rates of the PBD dataset were 65.83%, 70.62%, 77.56%, and 85.54%, respectively. When data-level multi- 
sensor data fusion was introduced, the identification accuracy rates increased by 17.26%, 16.90%, 17.26%, and 12.25%, respectively. 
This indicated that multi-sensor data fusion could provide more fault information to enhance the model's fault diagnosis accuracy. 
Additionally, as shown in the table, data-level multi-sensor data fusion had the greatest impact on the model's diagnostic performance.

Ablation 2: Impact of the Fourier Convolution layer. After removing the Fourier Convolution, the identification accuracy of the PBD 
dataset decreased by 13.59%, 10.14%, 11.21%, and 9.15%, respectively. The identification accuracy rates of the SEU dataset 
decreased by 16.53%, 12.52%, 12.81%, and 7.36%, respectively. This indicated that the Fourier Convolution could extract local 
time–frequency features to enhance the model's fault diagnosis accuracy.

Ablation 3: Impact of VAETransformer. After removing VAETransformer, the identification accuracy of the PBD dataset decreased 
by 8.81%, 7.40%, 7.82% and 5.61% respectively. The identification accuracy rates of the SEU dataset decreased by 13.58%, 9.67%, 
9.98%, and 4.54%, respectively. This indicated that VAETransformer could perform global dependency modelling and fine-grained 

Table 5 
Fault diagnosis results of SEU dataset under normal samples.

Methods Training/validation/test

30/10/10 60/20/20 90/30/30 120/40/40

Accuracy Recall Accuracy Recall Accuracy Recall Accuracy Recall

IF-EDAAN 62.70% 65.08% 72.16% 70.24% 88.32% 87.70% 89.59% 88.31%
MSF-CNN 70.01% 69.45% 72.38% 72.23% 78.46% 76.30% 79.15% 78.89%
MSAWS 79.86% 77.98% 82.16% 82.04% 92.64% 90.00% 94.05% 93.67%
MSCNN 61.51% 60.22% 65.93% 65.64% 72.50% 72.13% 86.39% 86.34%
PE-DCM-ViT 72.72% 70.61% 77.43% 77.21% 93.52% 93.44% 95.15% 95.00%
TSSRL 60.32% 60.00% 60.18% 59.13% 89.74% 89.33% 85.63% 85.00%
WD-KANTF 83.84% 82.00% 89.73% 88.03% 96.67% 96.62% 98.75% 98.33%
LiConvFormer 60.82% 58.00% 72.10% 72.00% 89.33% 89.42% 93.78% 93.19%
TLMW-former 76.93% 76.17% 80.00% 78.86% 87.09% 86.24% 89.50% 89.12%
STFT-CNN 75.62% 75.37% 76.36% 76.26% 78.66% 78.33% 89.06% 88.59%
STFT-CNNT 77.48% 77.43% 87.14% 86.41% 95.82% 95.34% 96.35% 96.37%
STFT-FCT 82.03% 81.49% 89.92% 89.57% 96.36% 96.18% 97.77% 97.65%
MTF-CNNT 70.52% 69.56% 75.83% 75.74% 82.36% 82.07% 90.00% 90.15%
MTF-FCT 75.33% 72.22% 78.06% 77.96% 85.38% 85.09% 91.11% 90.87%
1D-FCTransformer 80.00% 80.45% 86.00% 86.64% 90.64% 90.73% 95.40% 95.50%
FCTransformer 98.33% 97.14% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%

​ Macro-F1 F1 Macro-F1 F1 Macro-F1 F1 Macro-F1 F1

IF-EDAAN 61.54% 61.90% 73.66% 72.56% 86.95% 86.58% 89.73% 90.20%
MSF-CNN 71.45% 70.51% 72.65% 73.17% 76.65% 77.66% 78.05% 79.67%
MSAWS 78.57% 78.15% 81.47% 82.73% 90.66% 91.78% 92.63% 93.48%
MSCNN 58.33% 60.31% 64.44% 62.50% 71.33% 70.41% 84.56% 85.35%
PE-DCM-ViT 71.43% 73.08% 75.57% 78.19% 93.37% 93.18% 95.18% 96.94%
TSSRL 59.60% 62.67% 61.67% 63.33% 89.58% 89.93% 84.94% 85.74%
WD-KANTF 81.57% 82.00% 87.66% 87.65% 96.88% 96.08% 98.08% 97.51%
LiConvFormer 58.20% 59.56% 71.93% 71.57% 87.04% 88.89% 93.56% 93.83%
TLMW-former 75.18% 75.37% 79.58% 81.93% 86.31% 87.62% 88.51% 89.30%
STFT-CNN 74.67% 74.06% 73.33% 75.36% 79.23% 78.02% 87.62% 88.85%
STFT-CNNT 75.21% 78.19% 86.72% 87.66% 95.56% 95.48% 94.34% 96.15%
STFT-FCT 81.30% 82.35% 89.93% 90.32% 95.82% 96.19% 97.62% 96.55%
MTF-CNNT 69.74% 70.79% 75.79% 76.32% 82.42% 84.79% 90.94% 90.05%
MTF-FCT 74.15% 72.48% 78.23% 78.57% 85.05% 85.66% 90.55% 91.79%
1D-FCTransformer 80.30% 80.24% 86.40% 86.00% 90.60% 90.55% 95.44% 95.36%
FCTransformer 97.37% 98.19% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
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feature extraction, enhancing the model's diagnostic performance under small sample conditions.
To further exhibit the advantages of VAETransformer and Fourier convolution, we conducted ablation experiments on the latent 

dimension of VAETransformer and the sine/cosine frequency parameters of Fourier convolution. Specifically, we selected 30/30/90 
from the PBD dataset for experimentation. The impact of latent dimension on model performance was illustrated in Fig. 23, the left y- 
axis showed the impact of different latent dimensions on the model's diagnostic performance, the right y-axis displayed the results for 
Transformer and the proposed method in terms of floating-point operations. In Fig. 23, the model's fault diagnosis accuracy improved 
with increasing latent dimensions, and the model achieved the highest accuracy at latent = 10. However, when latent ≥ 10, the model's 
fault diagnosis accuracy decreased with increasing latent dimension. This was because the growing number of model parameters led to 
overfitting. In addition, the right y-axis indicated that the models of different latent dimensions had much lower floating-point op
erations than Transformer, this was because the proposed method utilized low-rank matrices, effectively reducing the number of model 
parameters.

Fig. 24 presented the impact of frequency parameters for the sine and cosine functions, the left y-axis displayed the model accuracy 
results, and the right y-axis showed the comparison of floating-point operations. Num = 3 represented the specific frequency setting for 

Fig. 14. Fault diagnosis visualization results for normal sample conditions.
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the sine and cosine functions, denoted as π,2π,3π. KANT used KAN to replace Fourier convolution to validate the linear approximation 
capability. The model achieved the highest diagnostic accuracy on both the PBD and SEU datasets at Num = 5, which had values of 
97.79% and 98.79%, respectively. However, the accuracy gradually decreased on both datasets for Num ≥ 5, this indicated that the 
frequency of the sine and cosine functions significantly impacted the model's fault diagnosis performance. Excessively high frequency 
settings resulted in the model learning redundant information, which reduced fault diagnosis accuracy. Furthermore, the diagnostic 
accuracy of the proposed method was comparable to that of KANT at Num = 1. As the frequency parameter of sine and cosine functions 
increased, the model's diagnostic accuracy also improved, which further demonstrated the linear approximation capability of Fourier 
convolution.

The splitting ratio of training/validation/test sets affects the fault diagnosis performance. Therefore, this section sets different 
splitting ratios to validate the performance of the proposed method. Specifically, we selected 100 samples from the PBD and SUE 
datasets for the experiment, and the results were shown in Fig. 25, the horizontal axis indicated the dataset splitting ratio. For example, 
60/10/30 meant that 60% of the data was used for model training, 10% for model validation, and 30% for model testing. Fig. 25
showed that the proposed method achieved the highest fault diagnosis accuracy at the validation set ratio of 0.2 for both PBD and SEU 
datasets. This indicated that the proposed method could fully utilize the training set for learning, while effectively adjusting the 
parameters through the validation set to achieve optimal fault diagnosis performance. The fault diagnosis accuracy of the proposed 
method was increasing with the number of validation samples at normal sample conditions. This was because more validation samples 
provided richer information, helping the model adjust the parameters more accurately. However, when the validation set was 25%, 
information leakage caused the fault diagnosis accuracy to decrease. Especially, it was worth noting that the impact of validation set 
size was more dramatic under small sample conditions. When the validation set was 25%, the fault diagnosis accuracy of the proposed 
method decreased by 5.22% and 3.27%, respectively.

Table 6 
Fault diagnosis results of SEU dataset under small sample conditions.

Methods Training set/ validation set/ test set

10/10/30 20/20/40 30/30/90 40/40/120

Accuracy Recall Accuracy Recall Accuracy Recall Accuracy Recall

IF-EDAAN 43.79% 40.43% 49.06% 47.83% 61.00% 60.99% 68.98% 67.84%
MSF-CNN 51.95% 51.69% 52.63% 53.14% 65.06% 64.95% 71.01% 68.12%
MSAWS 48.52% 48.63% 51.01% 50.67% 60.48% 59.32% 70.28% 69.79%
MSCNN 61.35% 59.60% 72.48% 70.74% 75.77% 75.63% 80.08% 80.34%
PE-DCM-ViT 42.76% 42.44% 52.80% 51.92% 60.24% 59.23% 68.58% 68.04%
TSSRL 51.33% 50.49% 54.00% 53.78% 57.11% 57.61% 71.50% 70.29%
WD-KANTF 59.33% 56.10% 71.24% 70.25% 82.44% 82.49% 85.67% 85.63%
LiConvFormer 54.00% 50.91% 63.00% 59.91% 63.33% 62.87% 75.33% 75.01%
TLMW-former 59.33% 61.39% 72.33% 72.09% 73.78% 73.69% 81.17% 80.73%
STFT-CNN 38.03% 37.31% 45.87% 45.05% 49.14% 49.09% 58.31% 56.23%
STFT-CNNT 38.66% 38.35% 46.39% 46.01% 50.76% 49.09% 80.01% 79.68%
SFFT-FCT 52.60% 52.04% 57.32% 55.88% 72.71% 72.44% 80.61% 80.43%
MTF-CNNT 53.12% 52.71% 64.77% 64.42% 65.66% 65.34% 73.01% 73.07%
MTF-FCT 58.46% 57.63% 74.82% 74.37% 75.06% 74.23% 83.62% 82.86%
1D-FCTransformer 61.33% 59.88% 68.04% 68.57% 74.57% 75.01% 83.67% 83.13%
FCTransformer 93.64% 93.20% 95.06% 94.96% 96.94% 96.64% 98.79% 98.70%

​ Macro-F1 F1 Macro-F1 F1 Macro-F1 F1 Macro-F1 F1

IF-EDAAN 41.55% 43.00% 51.17% 48.42% 61.09% 61.54% 67.43% 66.16%
MSF-CNN 52.50% 48.96% 53.86% 53.36% 65.38% 65.00% 68.81% 67.30%
MSAWS 49.34% 50.00% 49.45% 50.56% 60.88% 59.61% 68.49% 68.61%
MSCNN 63.04% 60.97% 71.14% 72.97% 75.81% 74.68% 79.53% 81.75%
PE-DCM-ViT 50.56% 44.61% 49.45% 50.56% 58.44% 60.12% 69.33% 71.55%
TSSRL 50.92% 52.83% 53.18% 53.78% 56.78% 57.44% 71.66% 70.15%
WD-KANTF 57.06% 58.85% 71.15% 70.87% 80.87% 80.79% 83.48% 85.71%
LiConvFormer 52.31% 53.92% 60.62% 62.60% 58.23% 59.55% 74.51% 74.45%
TLMW-former 59.55% 60.79% 75.19% 73.98% 73.42% 73.82% 81.15% 81.23%
STFT-CNN 39.34% 40.03% 44.68% 43.33% 49.16% 47.21% 59.67% 61.05%
STFT-CNNT 42.23% 41.22% 45.21% 46.64% 48.43% 49.31% 79.19% 78.69%
SFFT-FCT 51.92% 50.00% 58.85% 58.09% 71.05% 70.28% 78.87% 80.95%
MTF-CNNT 52.58% 51.01% 64.02% 64.48% 66.04% 63.60% 71.52% 74.58%
MTF-FCT 57.80% 57.55% 76.19% 75.86% 75.58% 76.40% 84.58% 83.52%
1D-FCTransformer 61.11% 61.33% 67.74% 68.04% 73.05% 74.55% 84.81% 84.24%
FCTransformer 93.33% 92.30% 94.58% 94.09% 96.54% 96.37% 98.52% 98.54%
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4.10. Benchmark experiments based on the CWRU dataset

4.10.1. Dataset description
The CWRU dataset came from the bearing test platform at Case Western Reserve University. The test platform consisted of the 

drive-end motor, drive shaft, load, and variable frequency drive. The bearing status included normal, inner ring failure, outer ring 
failure, and rolling element failure. Each failure category was further divided into three severity levels: 0.007, 0.014, and 0.021. The 
CWRU dataset collected vibration signals at 0HP, 1HP, 2HP, and 3HP. Each vibration signal included data from the x-axis, y-axis, and 
z-axis, making this dataset suitable for multi-sensor data fusion research.

4.10.2. Experimental results
To validate the superiority of FCTransformer, its fault diagnosis results were compared fairly with those of published research 

methods. Specifically, MBSDCN [42] was a multi-branch multi-scale dynamic convolutional network was used for fault diagnosis of 

Fig. 15. Fault diagnosis visualisation results for small sample conditions.
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rotating machinery under small sample conditions; WD-KANTF [39] was a fault diagnosis method based on wavelet denoising and 
KANTransfer; C-ECAFormer [30] was a lightweight model for fault diagnosis of rotating machinery; MSDFM-ASTRSB [43] was a multi- 
sensor data fusion module with asymmetric soft threshold residual shrinkage blocks for rolling bearing fault diagnosis.

Table 8 showed the comparison results with published methods, where the experimental results of the comparison methods were all 
sourced from the corresponding references. In Table 8, SNR (signal-to-noise ratio) referred to the addition of Gaussian white noise. In 
Table 8, the diagnostic accuracy of FCTransformer was lower than that of C-ECAFormer only under the 10/100 condition. In the other 
ten small-sample tasks, the diagnostic accuracy of FCTransformer was higher than that of the comparison methods. Especially under 
the small sample 50/50/100 condition, the diagnostic accuracy of FCTransformer was 100%. Furthermore, the average fault diagnosis 
accuracy of FCTransformer was 95.61%, which indicated that FCTransformer had more stable fault diagnosis performance. Compared 
to WD-KANTF, the average diagnostic accuracy of FCTransformer improved by 3.13%, which indicated that multi-sensor data fusion 
could obtain more fault information and enhance the diagnostic accuracy. Compared to MSDFM-ASTRSB, the average diagnostic 
accuracy of FCTransformer improved by 2.26%, which indicated that using VAETransformer for global dependency modelling could 
capture global fault features and enhance the fault diagnosis performance.

5. Conclusion

In this paper, an intelligent fault diagnosis method based on Fourier convolution and transformer (FCTransformer) is proposed to 
achieve more precise and intelligent diagnostics for rotating machinery. Specifically, a multi-sensor fusion strategy is designed to 
generate a multi-source data fusion dataset through dimensionality reduction and continuous wavelet transform, this dataset contains 
fault information from different locations of rotating machinery, effectively reducing the loss of fault information. Subsequently, a 
Fourier convolution is designed, which focuses on local periodic frequency-domain features through the sine and cosine convolution 
operators. Finally, a regularized VAETransformer module is proposed, which performs global dependency modeling by the variational 

Fig. 16. The results of ROC curves for different methods on the PBD dataset.
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autoencoder attention mechanism. On the PBD dataset, the proposed method achieves an average fault diagnosis accuracy of 99.58%, 
which is superior to the comparison methods. On the SEU dataset, the proposed method achieves diagnostic accuracy exceeding 
90.0%, which indicates the superior fault diagnosis performance.

Fig. 17. Multi-sensor fusion fault diagnosis results for PBD dataset.
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However, this study also presents several points of concern. (1) The multi-fusion strategy designed exhibits strong dependency on 
input data quality. Missing data or sample imbalance in the fused data can affect fault diagnosis results. (2) The data used in the 
experiments are collected under identical operating conditions. However, in real industrial environments, rotating machinery often 
operates under variable conditions and noisy conditions.

To address the above limitations, we will consider to use data augmentation techniques and generative adversarial networks in the 
design of fusion strategies, aiming to resolve information loss caused by data scarcity or sample imbalance. Furthermore, to better 
simulate industrial environments, we will introduce transfer learning strategies and noise-resistant techniques into the proposed 
method.

Fig. 18. Multi-sensor fusion fault diagnosis results of SEU dataset.

Fig. 19. Grad-CAM feature learning visualization result.
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Fig. 20. Visualization of the weight matrix for the query and key matrices.

Fig. 21. Visualization results of the score values for the variational auto-coding attention mechanism.

Table 7 
Ablation analysis of different modules.

A1 A2 A3 Training /validation /test (PBD) Training /validation /test (SEU)

10/10/30 20/20/40 30/30/90 40/40/120 10/10/30 20/20/40 30/30/90 40/40/120

√ √ √ 83.09% 87.52% 94.82% 97.79% 93.64% 95.06% 96.94% 98.79%
× √ √ 65.83% 70.62% 77.56% 85.54% 73.05% 77.27% 81.10% 86.64%
√ × √ 69.50% 77.38% 83.61% 88.64% 77.11% 82.54% 84.13% 91.43%
√ √ × 74.28% 80.12% 87.00% 92.18% 80.06% 85.39% 86.96% 94.25%
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Fig. 22. Ablation experiment results for different modules.

Fig. 23. Ablation experiment results for latent dimensions of VAETransformer.

Fig. 24. Ablation experiment results for the frequency of sine and cosine functions.
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Fig. 25. Fault diagnosis results for different training/validation/test sets.

Table 8 
Comparison results between FCTransformer and other published methods for CWRU dataset.

Condition Training/Validation/Test 
Training/Test

MBSDCN WD-KANTF C-ECAFormer MSDFM-ASTRSB FCTransformer

0HP 
SNR = 2 dB

10/10/30 − 86.67 ± 1.14% − − 91.12 ± 0.14%
20/20/60 − 93.50 ± 0.12% − − 96.64 ± 0.73%
30/30/90 − 96.47 ± 0.22% − − 98.26 ± 0.34%

0HP 
SNR = − 5dB

10/100 − − 87.07% − 85.84 ± 1.02%
50/100 − ​ 97.06% − 97.32 ± 0.08%

1HP 
SNR = 15 dB

5/5/100 − − − 81.67 ± 4.06% 89.88 ± 0.70%
10/10/100 − − − 97.47 ± 2.46% 98.06 ± 0.16%
25/25/100 − − − 99.58 ± 0.42% 99.77 ± 0.23%
50/50/100 − − − 99.92 ± 0.08% 100.0 ± 0.00%

3HP 
SNR = − 3dB

20/40 91.15% − − − 96.62 ± 1.17%
40/80 92.97% − − − 98.23 ± 0.21%
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Appendix 

Proposition: the Kolmogorov-Arnold theorem states that for any function f(x1, x2, ..., xv), there exists a univariate continuous 
function εp,q, which satisfies the following formula: 

f(x1, x2, ..., xv) =
∑2v+1

p=0
εp,q

(
∑v

q=1
εp,q
(
xp
)
)

(1) 

where v is the number of independent variables for the multivariate continuous function f( ⋅ ), p and q denote the nodes of KAN, 
p ∈ {0,1, 2, ..., 2v + 1}, q ∈ {1,2, 3, ..., n}.

To prove that KAN retains approximation after replacing univariate continuous functions with sine and cosine functions, it is 
necessary to demonstrate that for any given ζ > 0, there exists a finite combination of sine and cosine functions ϕp,q

(
xp
)
, which satisfies 

the following formula: 
⃒
⃒
⃒
⃒
⃒
f(x1, x2, ..., xv) −

∑2v+1

p=0
ϕp,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒
< ζ, xp ∈ R (2) 

Formula 2 demonstrates that KAN retains its approximation capability after replacing univariate continuous functions with sine 
and cosine functions. It is necessary to prove that the overall error can be controlled to arbitrarily small values using a finite com
bination of sine and cosine functions for each εp,q.

Certification: the proof process consists of the following two steps.
Step 1: Prove that the Fourier series of a continuous function with one element has approximation capability.
Supposed F(x) is a continuous function defined on the interval [ − π, π]. According to the Fourier series theory, the Fourier series of 

F(x) can be expressed as follows: 

F(x) =
a0

2
+
∑∞

n=1
(ancos(nx) + bnsin(nx) ) (3) 

where an and bn are defined as follows: 
⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

an =
1
π

∫ π

− π
F(x)cos(nx)dx, n = 0, 1,2, ...

bn =
1
π

∫ π

− π
F(x)sin(nx)dx, n = 1, 2, ...

(4) 

According to the Dirichlet-Jordan theorem, if F(x) is continuous and piecewise smooth on [ − π, π], the Fourier series converges 
uniformly to on [ − π, π]. Thus, there exists a positive integer N1 for any given ζ > 0. When N ≥ N1, this satisfies the following formula: 

⃒
⃒
⃒
⃒
⃒
F(x) −

(
a0

2
+
∑N

n=1
(ancos(nx) + bnsin(nx) )

) ⃒
⃒
⃒
⃒
⃒
< ζ, x ∈ [ − π, π] (5) 

From Formula (5), it can be seen that a continuous function of one variable can be approximated with arbitrary precision by a finite 
linear combination of sine and cosine functions.

Step 2: Prove that KAN has approximation capability after replacing a univariate continuous function with sine and cosine 
functions.

Based on the Fourier series approximation proven in Step 1, there exists a finite combination ζ > 0 of sine and cosine functions for 
any given ϕp,q

(
xp
)
, which satisfies the following formula: 

⃒
⃒εp,q

(
xp
)
− ϕp,q

(
xp
) ⃒
⃒ < ζ1, xp ∈ R (6) 

where ϕp,q
(
xp
)
=

a0,p,q
2 +

∑Nq,p
k=1
(
ak,p,qcos

(
kxp
)
+ bk,p,qsin

(
kxp
) )

, ak,p,q and bk,p,q are the Fourier coefficients.
The approximation formula for the sine and cosine functions is obtained by substituting ϕp,q

(
xp
)

in Formula (1) with εp,q, which is as 
follows: 

f̂ (x1, x2, ..., xv) =
∑2v+1

p=0
ϕp,q

(
∑v

q=1
ϕp,q
(
xp
)
)

(7) 

Estimate the error of the inner summation of f(x1, x2, ..., xv) and f̂ (x1, x2, ..., xv). Specifically, we calculate the error between 
∑v

q=1εp,q
(
xp
)

and 
∑v

q=1ϕp,q
(
xp
)
, which is described by: 

⃒
⃒
⃒
⃒
⃒

∑v

q=1
εp,q
(
xp
)
−
∑v

q=1
ϕp,q
(
xp
)
⃒
⃒
⃒
⃒
⃒
=

⃒
⃒
⃒
⃒
⃒

∑v

q=1

(
εp,q
(
xp
)
− ϕp,q

(
xp
) )
⃒
⃒
⃒
⃒
⃒
≤
∑v

q=1

⃒
⃒εp,q

(
xp
)
− ϕp,q

(
xp
) ⃒
⃒ (8) 
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where, 
⃒
⃒εp,q

(
xp
)
− ϕp,q

(
xp
) ⃒
⃒ < ζ1 can be obtained from Formula (6). Thus, Formula (8) can be expressed as 

⃒
⃒
⃒
∑v

q=1εp,q
(
xp
)
−
∑v

q=1ϕp,q
(
xp
) ⃒⃒
⃒ < vζ1.

Estimate the error of the the outer summation of f(x1, x2, ..., xv) and f̂ (x1, x2, ..., xv). Specifically, since εp,q
(
xp
)

is Lipschitz 
continuous, there exists the following description: 

⃒
⃒
⃒
⃒
⃒
ε0,q

(
∑v

q=1
εp,q
(
xp
)
)

− ϕ0,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒
≤

⃒
⃒
⃒
⃒
⃒
ε0,q

(
∑v

q=1
εp,q
(
xp
)
)

− ε0,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒
+

⃒
⃒
⃒
⃒
⃒
ε0,q

(
∑v

q=1
ϕp,q
(
xp
)
)

− ϕ0,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒

(9) 

The Lipschitz property obtains the following formula for 
⃒
⃒
⃒ε0,q

(∑v
q=1εp,q

(
xp
) )

− ε0,q

(∑v
q=1ϕp,q

(
xp
) ) ⃒⃒
⃒. 

⃒
⃒
⃒
⃒
⃒
ε0,q

(
∑v

q=1
εp,q
(
xp
)
)

− ε0,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒
≤ LP

⃒
⃒
⃒
⃒
⃒

∑v

q=1
εp,q
(
xp
)
−
∑v

q=1
ϕp,q
(
xp
)
⃒
⃒
⃒
⃒
⃒
< LPvζ1 (10) 

where Lp is a constant, and Lp > 0.

For 
⃒
⃒
⃒ε0,q

(∑v
q=1ϕp,q

(
xp
) )

− ϕ0,q

(∑v
q=1ϕp,q

(
xp
) ) ⃒⃒
⃒, since ϕ0,q is a Fourier series approximation of ε0,q, when the number of Fourier 

terms N0,p is sufficiently large for any given ζ2 > 0, the following formula is satisfied as follows: 
⃒
⃒
⃒
⃒
⃒
ε0,q

(
∑v

q=1
ϕp,q
(
xp
)
)

− ϕ0,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒
< ζ2 (11) 

From the above derivation, it can be seen that the errors in f(x1, x2, ..., xv) and f̂ (x1, x2, ..., xv) can be described as follows: 

|f(x1, x2, ..., xv) − f̂ (x1, x2, ..., xv) | =

⃒
⃒
⃒
⃒
⃒

∑2v+1

p=1

[

ε0,q

(
∑v

q=1
εp,q
(
xp
)
)

− ϕ0,q

(
∑v

q=1
ϕp,q
(
xp
)
)] ⃒

⃒
⃒
⃒
⃒

≤
∑2v+1

p=1

⃒
⃒
⃒
⃒
⃒
ε0,q

(
∑v

q=1
εp,q
(
xp
)
)

− ϕ0,q

(
∑v

q=1
ϕp,q
(
xp
)
) ⃒
⃒
⃒
⃒
⃒

<
∑2v+1

p=1

(
Lpvζ1 + ζ2

)

(12) 

From Formula (12), it can be seen that 
∑2v+1

p=1
(
Lpvζ1 + ζ2

)
< ζ is satisfied for any given ζ > 0 when ζ1 and ζ2 are sufficiently small.

In conclusion, after replacing the univariate functions in KAN with cosine and sine functions, its universal approximation is still 
valid.
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Data will be made available on request.
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A B S T R A C T

In industrial applications, it is crucial that fault diagnosis is performed on rotating machinery to ensure pro
duction safety and improve efficiency. However, due to insufficient fault data and interference from noise en
vironments, current intelligent diagnostic models face the challenge of decreased diagnostic accuracy in practical 
applications. In addition, the lack of interpretability further undermines the reliability of fault diagnosis. To 
address these challenges, a fault diagnosis framework based on wavelet denoising and KANTransformer (WD- 
KANTF) is proposed to enhance both diagnostic accuracy and interpretability. Firstly, an adaptive wavelet 
denoising layer is designed, it consists of discrete wavelet transform (DWT), smoothed soft threshold and fusion 
strategy. DWT is used to map the time domain features to the wavelet domain, so as to more efficiently capture 
the low-frequency and high-frequency features. Meanwhile, the noise interference is filtered out by using the 
smoothed soft threshold to improve the robustness. Secondly, KANTransformer is developed, which enhances the 
nonlinear extraction capability by introducing a learnable activation function in the linear layer. Finally, to 
verify the effectiveness of WD-KANTF, the experiments are conducted on the bearing dataset and the gearbox 
dataset. The results demonstrate that WD-KANTF has superior diagnostic performance and robustness under 
strong noise environments and small sample conditions. Furthermore, the interpretability analysis of WD-KANTF 
is conducted by time-series gradient activation mapping (TGAM) and weight visualization techniques, which 
confirm that it can accurately extract critical fault features and provide reliable support for practical industrial 
applications.

1. Introduction

Currently, rotating machinery is widely used in the fields of energy, 
transport and aerospace. However, with the increasing complexity and 
automation of rotating machinery, the operating environment of its 
critical components such as rolling bearings and gearboxes has become 
more demanding. Failure types such as cracks, fatigue degradation, 
spalling and deformation are increasingly occurring [1–3]. If these 
failures are not recognised and repaired, they would directly threaten 
the overall reliability of rotating machinery and may even lead to major 
safety accidents. Therefore, health monitoring of critical components 
has become an indispensable condition to ensure the long-term stable 
and reliable operation of rotating machinery [4–6].

Fault diagnosis methods for rotating machinery can be categorised as 
model-based and data-driven methods. Model-based methods require 

the development of accurate mathematical models [7,8], this poses a 
great challenge to the increasingly complex and intelligent rotating 
machinery. In recent years, with the rapid development of sensors and 
storage technologies, data-driven methods are widely popular among 
scholars [9,10]. In particular, the rapid development of deep learning 
has brought great changes for fault diagnosis. For example, Liang et al 
[11] developed a multiscale dynamic adaptive residual network, this 
network utilised multi-scale techniques and attention mechanisms to 
construct convolutional layers, which could dynamically adjust the 
weights and enhance the feature extraction performance. Shi et al [12] 
proposed a transferable siamese network, which extracted fault features 
by 1D-convolutional layers, residual structure and attention mechanism. 
Gong et al [13] proposed an improved convolutional neural network for 
fault diagnosis, which used one-dimensional global average pooling to 
replace the classification layer, thus speeding up the training of the 
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network. Dong et al [14] proposed a framework for multiscale dynam
ically supervised comparison learning, which used multiscale tech
niques and channel space attention mechanism to enhance the feature 
learning capability. Wu et al [15] proposed a deep adversarial model for 
imbalance fault diagnosis of bearings, which used cost-sensitive losses to 
solve the class imbalance problem. Qian et al [16] proposed a new 
discrepancy metric function to achieve fault transfer diagnosis, and 
constructed the maximum mean square discrepancy to reduce the dif
ference between source and target domains. He et al [17] proposed a 
wavelet domain adaptive network based on physical information, which 
increased the interpretability by introducing wavelet knowledge. 
Although the above methods have shown encouraging results of fault 
diagnosis in rotating machinery, it is usually difficult to obtain lots of 
fault samples in practical industries. Meanwhile, harsh environments 
such as strong corrosion and high pressures not only damage the 
equipment itself, but also make data acquisition extremely difficult. 
Therefore, training fault diagnosis models with superior performance 
under small sample conditions is a challenge that needs to be addressed 
urgently.

Currently, small sample fault diagnosis methods can be classified 
into three categories: data augmentation, few-shot learning, and transfer 
learning. Data augmentation generates more training samples to expand 
the small sample dataset by generative adversarial network (GAN). Few- 
shot learning allows a model to extract useful information from a small 
number of samples through meta-training and to satisfy new task re
quirements in the meta-testing phase. Transfer learning is done by 
learning fault information from source tasks and transferring the fault 
information into target tasks. For example, Chen et al [18] embedded a 
channel attention mechanism into GAN to generate higher quality 
missing data, which ultimately achieved fault diagnosis under small 
sample conditions. Liu et al [19] proposed a generalized agnostic meta- 
learning framework, the framework used weight-guided factors to 
optimize the meta-learning training strategy, which improved the 
generalization performance of the model under small sample conditions. 
Sun et al [20] designed a pseudo-label-guided adversarial network for 
dual classifier domains, which efficiently reduced the misclassification 
rate for the target domains under small sample conditions. Although the 
above methods achieve high fault diagnosis accuracy under small sam
ple conditions, they also have the following drawbacks. For example, 
using GAN to generate samples in data augmentation is subject to 
training instability, resulting in the generated samples not accurately 
reflecting the real fault data. Few-shot learning with meta-learning 
would be limited in its generalization ability when facing new tasks, 
making it difficult to meet the requirements of new tasks. Transfer 
learning may suffer from overfitting in the target domain with insuffi
cient samples, thus affecting the diagnostic accuracy in the target 
domain. In addition, since noise can blur fault features, which leads to 
difficulty for the above methods to adequately extract fault features 
under noise environments and small sample conditions.

Based on the above reasons, some scholars have introduced the 
attention mechanism to enhance the feature extraction capability of the 
model. For example, Liang et al [21] designed a multi-branch multi- 
scale dynamic convolutional network based on the feature segmentation 
strategy, this network uses the feature segmentation strategy to obtain 
multiple sub-signal features and enhances the useful fault features 
through the channel reconstruction attention mechanism. Wang et al 
[22] proposed a lightweight model of C-ECAFormer, the model designed 
collaborative self-attention modules using an efficient attention mech
anism, which facilitated the spatial interaction between local and global 
features. Sun et al [23] effectively extracted fault features in noise en
vironments using adaptive hybrid pooling and parallel attention mech
anism. However, the above methods are based on convolutional neural 
networks (CNNs), due to the ‘black box’ characteristic of CNNs, they 
lack interpretability and can hardly reveal the internal reasoning 
process.

In order to improve the interpretability of the model, scholars have 

tried to introduce physics knowledge into deep learning. For example, 
He et al [17] proposed a physically based wavelet domain adaptive 
network, which was updated using Laplace and Mohler weights at the 
initialization layer of the model to enhance the interpretability. Chen et 
al [24] proposed an interpretable time–frequency network, which 
embedded a time–frequency convolutional layer in the preprocessing 
layer to mine the time–frequency features. Dong et al [25] proposed an 
interpretable multi-scale boosted wavelet network, an interactive 
channel-attention mechanism was designed to select important fault 
features. However, the above methods only introduce physical infor
mation at the initialization stage, without further enhancing the inter
pretability at the deep structure of the models. Moreover, although the 
attention mechanism can enhance important features and suppress 
redundant information, its interpretability is still limited due to the lack 
of physical knowledge.

In practical industrial applications, the reliability of intelligent 
diagnostic models is crucial, their interpretability helps to reveal their 
internal working mechanisms and increase the transparency of decision- 
making. However, the interpretability is usually limited to specific 
layers, and the entire model structure is not designed for the interpret
ability. In addition, the feature learning performance of the above 
models is decreased dramatically in noisy environments, affecting the 
fault diagnosis accuracy. Therefore, it is necessary to develop an inter
pretable intelligent fault diagnosis method for rotating machinery under 
noise environments and small sample conditions. Inspired by wavelet 
transform and Kolmogorov-Arnold Network (KAN), this paper proposes 
a fault diagnosis method based on wavelet denoising and KANTrans
former (WD-KANTF) to improve the robustness and interpretability. The 
main contributions of this paper are described as follows:

(1) An adaptive wavelet denoising layer is developed to enhance the 
interpretability of the model. It transforms the input signals from the 
time domain to the wavelet domain by wavelet transform, which 
significantly enhances the interpretability. In addition, this layer has a 
smoothed soft-thresholding and fusion strategy, which can adaptively 
identify and focus on useful features while effectively suppressing 
redundant information, thus enhancing the robustness and noise im
munity of the model.

(2) To address the limitations of the traditional fully connected layer 
in nonlinear feature extraction and to improve the interpretability of the 
deep structure, KANTransformer is designed, which introduces a 
learnable activation function in the linear layer and significantly en
hances the nonlinear feature extraction capability.

(3) An end-to-end intelligent fault diagnosis framework that com
bines the advantages of CNN and Transformer is proposed to achieve 
multi-level features learning from local features to global features. 
Compared with the traditional single CNN or Transformer, this frame
work has better fault identification performance and stronger robustness 
under small sample conditions and noise environments.

The rest of the paper is organised as follows. Section 2 introduces the 
relevant theories. Section 3 describes WD-KANTF in detail. Section 4
performs the experimental validation and analysis. Section 5 concludes 
this paper.

2. Relevant theories

2.1. Discrete wavelet transform (DWT)

Wavelet transform achieves multi-resolution analysis for vibration 
signals by dynamically adjusting the size of the time window. DWT 
decomposes the input signals into high-frequency and low-frequency 
signals by wavelet function and scale function [1,26]. Meanwhile, the 
number of signals is multiplied by continuously re-decomposing the low- 
frequency signals. The DWT decomposition formula is described as 
follows: 
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FDWT(j, k) =
1̅
̅̅̅
2j

√ x(t)⋅ψ((t − k2j)/2j)⋅dt (1) 

where j denotes the scale parameter, which is used to control the scaling 
of the wavelet function. k denotes the translation parameter, which is 
used to control the position of the wavelet function on the time axis. x(t)
is the input signal. The daubechies (db) wavelet is used in this paper, 
whose wavelet function and scale function are defined as follows: 

φdb
j,k =

̅̅̅
2

√ ∑

n
L(n)⋅φ(2t − n) (2) 

ψdb
j,k =

∑

n
H(n)⋅φ(2t − n) (3) 

where φdb
j,k denotes the scale function, ψdb

j,k denotes the wavelet function, 
L(n) denotes the low pass filter, H(n) denotes the high pass filter, n de
notes the index of the filter.

2.2. Multi-head self-attention mechanism (MHSA)

MHSA is a critical part for the Transformer framework, which can 
automatically capture the interdependencies in the data and mine the 
global feature information [27–29]. Furthermore, MHSA consists of 
multiple parallel scale dot-product attention. Specifically, it generates 
attention weights by query matrix, key matrix and value matrix. The 
output is obtained by cascading them to focus on the feature information 
in different dimensions. Its formulae are described as follows: 

Att(q, k, v) = Softmax(
q⋅kT
̅̅̅̅̅
dk

√ )⋅v (4) 

FMHSA(x) = Linear(Concate(Atti)) (5) 

where q denotes the query matrix, k denotes the key matrix, v denotes 
the value matrix, T denotes the transpose operation, Softmax(⋅) denotes 
the Softmax function, Concate(⋅) denotes the cascade operation and 
Linear(⋅) denotes the linear layer.

2.3. Kolmogorov-Arnold network (KAN)

KAN is based on the Kolmogorov-Arnold theorem, which assumes 
that any continuous multivariate function can be expressed with the 
simple univariate function [30,31]. Unlike multi-layer perceptron 
(MLP), KAN uses the learnable activation function for data processing, 
which enhances the nonlinear extraction ability of the model and helps 
the model to be well interpretable. KAN can be described as follows: 

FKAN(x) =
∑2n+1

q=1
φq

(
∑n

p=1
ϕq,p(xp)

)

(6) 

where φq and ϕq,p denote continuous univariate functions, xp denotes the 
input signal.

3. Proposed method

In this section, the fault diagnosis framework of WD-KANTF is 
described in detail. First, the component modules of WD-KANTF are 
theoretically analysed. Then, the overall structure of WD-KANTF is 
introduced. Finally, the diagnosis process of WD-KANTF is presented.

3.1. Adaptive wavelet denoising layer

Deep learning has been successfully applied to the field of fault 
diagnosis and remaining life prediction for rotating machinery due to its 
powerful representational capability. However, the black-box charac
teristic of deep learning makes it difficult to understand the working 
principle. To improve the interpretability of the model, an adaptive 
wavelet denoising layer (AWDL) is designed, as shown in Fig. 1.

In Fig. 1, DWT is used to extract the low-frequency and high- 
frequency components from the input signals. Then, the low-frequency 
and high-frequency components are denoised using smoothed soft 
thresholding to reduce the interference from the noise environments. 
Finally, the low-frequency and high-frequency components are adap
tively fused using the fusion strategy to retain critical fault features and 
suppress redundant information. AWDL enhances the feature represen
tation and improves the interpretability through wavelet transform. In 
addition, the soft thresholding technique is used to improve the 
robustness of the model. AWDL can be divided into three steps.

Step1: The input features are decomposed by one level of DWT to 
obtain the low frequency and high frequency components, which are 
described as follows: 

xJ
L =

̅̅̅
2

√ ∑

n
L(n)⋅x(2t − n) (7) 

xJ
H =

∑

n
H(n)⋅x(2t − n) (8) 

where x(t) denotes the input signal, L(n) denotes the low pass filter, H(n)
denotes the high pass filter and J denotes the number of layers of 
wavelet decomposition. The time-domain signals are converted into 
low-frequency and high-frequency components under wavelet domain 
by DWT, which captures the fault features in different frequency bands.

Step2: The noise in the low-frequency and high-frequency compo

Fig. 1. Structure of adaptive wavelet denoising layer.
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nents is filtered using the smoothed soft-threshold function, which im
proves the noise immunity [32]. Compared with the traditional soft 
threshold function, the smoothed soft threshold function introduces a 
control term, which helps the soft threshold function to be transformed 
from segmented function to curvilinear function, thus preserving the 
fault features around 0. The structure diagram of the smoothed soft 
threshold function is shown in Fig. 2. Its formula is described as follows: 

Fsmooth = X+
1
2

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(X − τ)2
+ ε

√

−

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(X + τ)2
+ ε

√ )
(9) 

where X and Fsmooth are the inputs and outputs of the smoothed soft 
threshold function, τ is the threshold value and ε is the control term. 
Thus, the smoothed soft thresholding operation is performed on the high 
frequency and low frequency components, which can be described as 
follows: 

xL = Fsmooth(xJ
L) (10) 

xH = Fsmooth(xJ
H) (11) 

where Fsmooth is the smoothed soft threshold function.
Step3: The low-frequency and high-frequency components are 

adaptively fused using the fusion strategy. Specifically, an average 
pooling operation is performed on the low-frequency and high- 
frequency components, and the features obtained after the average 
pooling operation are fused. The formula is described as follows: 

Ffusion = favg(xL)+ favg(xH) (12) 

where favg(⋅) is the average pooling and Ffusion is the fused output. Then, 
the average pooling is further performed on Ffusion to generate the 
channel information Zc, and two fully connected layer mappings are 
performed on the channel information to obtain two branch features. 
The important features of different branches are weighted using the 
Softmax function to obtain the soft attention vectors for low frequency 
features and high frequency features. The formulas are described as 
follows: 

Zc = favg(Ffusion) (13) 

Fig. 2. Smoothed soft threshold function and visualization results.

Fig. 3. Schematic structure of the KANT transformer.

Y. Zhang et al.                                                                                                                                                                                                                                   Advanced Engineering Informatics 66 (2025) 103452 

4 39 



FH =
eHi ⋅Zc

eHi ⋅Zc + eLi ⋅Zc
(14) 

FL =
eLi ⋅Zc

eHi ⋅Zc + eLi ⋅Zc
(15) 

where Zc ∈ d× 1, d is the number of channels in the AWDL. H,L ∈ Rd×d, 
Hi and Li are the i− th column elements in the matrix. FH + FL = 1. 
Finally, the soft attention vectors of low-frequency features and high- 
frequency features are multiplied with their inputs to complete the 
recalibration and fusion of the features. The formula is described as 

follows: 

X = xL ⊗ FL + xH ⊗ FH (16) 

where ⊗ denotes the multiplication operation, xL and xH are the inputs 
of the low and high frequency components, respectively, FL and FH are 
the recalibrated low and high frequency components.

3.2. KANTransformer

In recent years, Transformer has been widely used in the field of 

Fig. 4. Fault diagnosis flowchart of the WD-KANTF.

Y. Zhang et al.                                                                                                                                                                                                                                   Advanced Engineering Informatics 66 (2025) 103452 

5 40 



intelligent fault diagnosis due to its powerful scalability and global de
pendency capability. MLP of the transformer usually consists of two 
linear layers and a nonlinear activation function, which leads to the 
insufficient nonlinear learning ability of the model. Furthermore, each 
neuron of each layer needs to connect with all the neurons in the pre
vious layer, leading to the dramatic increase of model parameters. This 
not only increases the computational burden, but also increases the risk 
of overfitting. Therefore, KANLinear is designed to replace MLP. KAN
Linear introduces a paradigm shift by placing learnable activation 
functions on the weights, which not only increases the nonlinear 
learning ability for the model, but also improves the interpretability. In 
KANLinear, the learnable activation function consists of multispline 
functions and basic functions. The specific formulas are described as 
follows: 

ε(x) = λ(spline(x)+ b(x)) (17) 

spline(x) =
∑

i
ciBi(x) (18) 

b(x) =
x

1 + e− x (19) 

where λ is a control term, which is used for controlling the overall size of 
the activation function. Bi is the basic function of the spline. ci is the 
control coefficient of the multispline function, which is obtained from 
the network training. After obtaining a learnable activation function, the 
output of KANLinear can be described as follows: 

KANLinear = (ε1⋅ε2⋅ε3)x (20) 

where ε1, ε2 and ε3 denote spline functions at different levels, x denotes 
the input.

Subsequently, KANTransformer is constructed, whose structure is 
shown in Fig. 3. In Fig. 3, the input features are linearly operated in 
parallel through the parameter matrices ωk, ωq and ωv to generate the 
key matrix k, the query matrix q, and the value matrix v. The formulas 
are described as follows: 

k = ωkx, q = ωqx v = ωvx (21) 

where k,q,v ∈ RN×Ch , x denotes the input features, C denotes the number 
of channels, N denotes the time index, and h denotes the number of 
attention mechanisms.

Then, matrix multiplication operation is performed on the query 
matrix and key matrix, and they are scaled and normalised to obtain the 
attention weights. The formula is described as follows: 

atth = fsoftmax(
q⋅κT
̅̅̅̅̅
Ch

√ ) (22) 

where T denotes the transpose matrix and fsoftmax(⋅) denotes the Softmax 

Table 1 
Division of case A.

Load(hp) Bearing 
state

Fault 
Diameter

Label Train /Valid /Test 
samples

1790 (0hp) 
1772 
(1hp) 
1750 
(2hp) 
1730 
(3hp)

Normal − 0 10/10/30 
20/20/60 
30/30/90 
50/50/150

Ball 0.007 1
0.014 2
0.021 3

Inner 0.007 4
0.014 5
0.021 6

Outer-6 0.007 7
0.014 8
0.021 9

Fig. 5. Test rig for Case B.

Table 2 
Division of case B.

Load(hp) Gear state Label Train /Valid /Test samples

0hp 
1hp 
2hp 
3hp

Normal bevel gear 0 10/10/30 
20/20/60 
30/30/90 
50/50/150

Small-end broken fault 1
Complete tooth fault 2
Big-end broken fault 3
Uniform wear 4

Table 3 
Parameters of WD-KANTF.

Name of the layer operation Output size

Rondom-CNN Conv 16@ [15 × 1]，padding = same [64, 16, 
1024]BN, GELU

AWDL DWT (stage = 1, wavelet =
daubechies)

[64, 16, 
1024]

First convolutional layer Conv 32@ [3 × 1]，padding = same [64, 32, 
1024]BN, GELU, Dropout (0.1)

Second convolutional 
layer

Conv 64@ [3 × 1]，padding = same [64, 64, 510]
BN, GELU, Dropout (0.1)
Maxpooling (size = 2, stride = 2)

Third convolutional layer Conv 128@ [3 × 1]，padding = same [64, 128, 
510]BN, GELU, Dropout (0.1)

AdaptiveMaxPooling (4)
KANTransformer Number of attention heads 2 [64, classes]

Number of embedded dimensions 128
Spline order 3, grid size 5,
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function.
Finally, the attention weights are multiplied with the value matrix 

and the output of KANTransformer is obtained through KANLinear. The 
formula is described as follows: 

Xoutput = Concate(atth⋅v)⋅KANLinear (23) 

where Concate(⋅) denotes multiple attention heads for cascading.

3.3. Overall structure

The flowchart of WD-KANTF is shown in Fig. 4. In Fig. 4, WD-KANTF 
can be summarised into three steps: data acquisition and sample divi
sion, model design and model training, fault diagnosis and result 
analysis.

Step 1: Data acquisition and sample division. Vibration signals are 
collected from the gearbox and bearing test rigs. The vibration signals 
are used to divide the data into training set, validation set and test set 
using sliding window according to 0.2:0.2:0.6.

Step 2: Model design and model training. The input data are passed 
through convolution and adaptive wavelet denoising layer to obtain 
local feature information in the wavelet domain. Then, the fully con
nected layer of CNN is replaced using KANTransformer, which can 
obtain global feature information. Meanwhile, the nonlinear learning 
capability of the model is increased by placing learnable activation 
functions. Finally, the model with the highest accuracy on the valid set is 

selected as the trained model during the iteration process.
Step 3: Fault diagnosis and result analysis. The test set is input into 

the trained completed model to obtain the fault diagnosis results. 
Furthermore, multi-perspective visual analysis is performed using 
confusion matrix, t-SNE and TGAM.

4. Experimental validation and result analysis

In this section, two datasets are used to evaluate the fault diagnosis 
effectiveness of WD-KANTF. The computer configuration is AMD Riptide 
5-4600H processor and the experimental framework is python-torch.

4.1. Dataset description

4.1.1. Case A
The bearing dataset is derived from the Case Western Reserve Uni

versity bearing test rig [33,34]. The test rig consists of a motor, a torque 
transducer, and the tested bearing. The type of the tested bearing is 
SKF6205 and the sampling frequency is 12 KHz. A total of 0HP, 1HP, 
2HP, and 3HP (horsepower) data are collected from the test rig. The 
fault states are rolling, inner ring and outer ring 6o’clock, and the fault 
diameters are 0.007, 0.014 and 0.021 in.. Nine classes of fault data and 
one class of health data are selected. The samples are selected using 
sliding window and its size is 1024. Table 1 shows the detailed division.

Fig. 6. Fault diagnosis results of WD-KANTF for Case A.
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4.1.2. Case B
The gear dataset is collected by ourselves, and the test platform is 

shown in Fig. 5. The platform mainly consists of an asynchronous motor, 
a loading device, a gearbox and an inverter controller. The sensor is the 
shear acceleration sensor and the sampling frequency is 25.6 KHz. The 
test object is the bevel gears, and the loading device is adjusted to obtain 
the data of 0HP, 1HP, 2HP and 3HP at 30 Hz. The fault states are 
complete tooth fault (CT-F), small end breakage fault (SB-F), big end 
breakage fault (BB-F), uniform wear (UW) and normal bevel gear state 
(NB). Table 2 shows the detailed division.

4.1.3. Parameters of the model and experimental setup
Table 3 shows the parameters of WD-KANTF, these parameters are 

mainly determined by cross-validation. In addition, the network pa
rameters are updated using the Adam algorithm. The learning rate is set 

to 0.0005 and the batch size is 64.

4.2. Diagnosis results

4.2.1. Diagnosis results and analysis of Case A
In practical industrial scenarios, rotating machinery is usually sub

jected to noise environments. Noise environments make the fault fea
tures more complex. Therefore, fault diagnosis under noise 
environments and small sample conditions is a challenging task. The 
small sample conditions are set as 50, 100, 150 and 250 samples. The 
noise environments include signal-to-noise ratio (SNR) of − 2dB, 0 dB, 2 
dB and 4 dB. SNR=None indicates that noise is not added. Fig. 6 shows 
the experimental results.

In Fig. 6, the diagnostic accuracy of WD-KANTF has an obvious 
increasing trend by increasing SNR from − 2dB to 4 dB. Specifically, 

Fig. 7. Visualization results of t-SNE for Case A.

Table 4 
Fault diagnosis results of Case B (%).

0HP 1HP
10/10/30 20/20/60 30/30/90 50/50/150 10/10/30 20/20/60 30/30/90 50/50/150

SNR=None 98.33 ± 0.07 99.00 ± 0.05 99.67 ± 0.11 100.0 ± 0.0 98.67 ± 0.11 99.67 ± 0.02 100.0 ± 0.0 100.0 ± 0.0
SNR = − 4dB 84.00 ± 0.38 83.67 ± 0.23 87.56 ± 0.32 88.81 ± 0.12 84.42 ± 0.13 86.89 ± 0.22 88.52 ± 0.10 89.78 ± 0.24
SNR = − 2dB 92.15 ± 0.66 94.00 ± 0.09 93.48 ± 0.26 94.07 ± 0.06 89.33 ± 0.05 92.65 ± 0.30 93.60 ± 0.22 95.65 ± 0.16
SNR = 0 dB 94.67 ± 0.08 96.07 ± 0.14 97.88 ± 0.04 98.40 ± 0.02 90.50 ± 0.10 97.67 ± 0.18 98.84 ± 0.36 98.68 ± 0.24
SNR = 2 dB 95.29 ± 0.27 97.67 ± 0.03 98.95 ± 0.14 99.27 ± 0.03 92.36 ± 0.23 98.41 ± 0.02 99.07 ± 0.12 99.33 ± 0.04
SNR = 4 dB 97.38 ± 0.17 98.93 ± 0.18 99.36 ± 0.04 99.47 ± 0.24 96.43 ± 0.08 99.00 ± 0.05 99.85 ± 0.02 99.91 ± 0.05
​ 2HP 3HP
​ 10/10/30 20/20/60 30/30/90 50/50/150 10/10/30 20/20/60 30/30/90 50/50/150
SNR=None 98.00 ± 0.07 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 98.25 ± 0.04 99.77 ± 0.12 100.0 ± 0.0 100.0 ± 0.0
SNR = − 4dB 86.00 ± 0.19 89.67 ± 0.08 91.06 ± 0.22 93.08 ± 0.22 81.55 ± 0.24 89.00 ± 0.18 88.78 ± 0.70 90.96 ± 0.33
SNR = − 2dB 93.33 ± 0.02 94.33 ± 0.11 95.56 ± 0.45 95.87 ± 0.03 85.03 ± 0.74 93.96 ± 0.04 95.03 ± 0.15 96.93 ± 0.05
SNR = 0 dB 94.00 ± 0.32 96.67 ± 0.03 96.81 ± 0.17 98.53 ± 0.04 92.00 ± 0.20 95.64 ± 0.30 96.56 ± 0.07 98.51 ± 0.16
SNR = 2 dB 95.67 ± 0.34 98.00 ± 0.01 97.11 ± 0.06 99.73 ± 0.12 95.08 ± 0.33 98.48 ± 0.17 98.89 ± 0.22 99.67 ± 0.05
SNR = 4 dB 97.14 ± 0.56 98.98 ± 0.03 99.06 ± 0.02 100.0 ± 0.0 98.00 ± 0.12 99.06 ± 0.07 99.38 ± 0.46 100.0 ± 0.0
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when noise is not added, the diagnostic accuracy of WD-KANTF is above 
93 % in four small samples conditions. The diagnostic accuracy of WD- 
KANTF is 100 % at the sample size of 250. In Fig. 6 (a), the fault diag
nosis accuracy of WD-KANTF is 72.84 % when the number of samples is 
50 and SNR = − 2dB. The diagnostic accuracy of WD-KANTF is 87.13 % 
as SNR = 4 dB is increased, which shows that WD-KANTF can mine fault 
features. This is because the proposed method uses KANTransformer in 
the fully connected layer, which can assign different weights to the deep 
features, thus enhancing the useful features and suppressing the 
redundant information.

In order to explore the diagnostic performance, the last layer of WD- 
KANTF is visualised and analysed by using 1HP and 2HP, the results are 
shown in Fig. 7. The features extracted by the model are uniformly 
scaled to the unit sphere. WD-KANTF exhibits low feature clustering on 
the sphere surface at SNR = − 2dB, which indicates that the strong noise 
environments make the fault features more complex, resulting in 
insufficient feature extraction capability. However, with the increasing 
of SNR, the interference in the noise environments for fault features is 
gradually weakening, and WD-KANTF can extract fault features more 
easily. For example, Fig. 7(b) and Fig. 7(c) show better feature clus
tering. When noise is not added, WD-KANTF can cluster different fault 
features in different regions and the fault features are clearly identifi
able. For example, Fig. 7(d), (h) and (l) show the best clustering results, 
which highlight the excellent fault diagnosis performance for WD- 
KANTF under small sample conditions.

4.2.2. Diagnosis results and analysis of Case B
In order to verify the generalization performance of WD-KANTF, the 

gear dataset is used for validation. The noise environments include 
− 4dB, − 2dB, 0 dB, 2 dB, and 4 dB. The small sample conditions include 
50, 100, 150, and 250 samples. Table 4 shows the fault diagnosis results. 
The following conclusions can be drawn from Table 4: (1) WD-KANTF 
has superior feature extraction capability under noise environments 
and small sample conditions. Specifically, the fault diagnosis accuracy of 
WD-KANTF is above 84 % at SNR = − 4dB and 10/10/30 task. This in
dicates that the adaptive wavelet denoising layer can effectively 
improve the anti-noise performance of the model. (2) The diagnostic 
accuracy of WD-KANTF increases with the increasing of SNR, and its 

diagnostic accuracy exceeds 97 % at SNR = 4 dB. (3) When the number 
of samples is 250, the diagnostic accuracy of WD-KANTF is 100 %. When 
the number of samples is reduced from 250 to 50, its diagnostic accuracy 
is still above 98 %.

In order to observe the classification of each fault for WD-KANTF, the 
confusion matrix is used for visualization and analysis. The results are 
shown in Fig. 8, the horizontal and vertical axes represent the predicted 
labels and true labels, respectively. In Fig. 8(a), all the five fault classes 
are misclassified, and lots of fault samples of label 2 and label 4 are 
incorrectly identified. This is due to the fact that the vibration signals of 
the gears are affected by strong noise, which make the fault features 
more complex. In Fig. 8(b)-Fig. 8(d), the misclassification rates of the 
five fault categories are decreased with the increasing of SNR. WD- 
KANTF misclassifies the three labels 2 as label 0 at SNR=None, while 
all other fault classes are accurately classified. Furthermore, Fig. 8(e)-
Fig. 8(h) show the fault diagnosis results at 2HP. In Fig. 8(e), three fault 
classes for labels 2, 3 and 4 are misclassified. However, the diagnostic 
accuracies of WD-KANTF for the five fault classes improve with the 
increasing of SNR. The five fault classes are correctly classified and its 
fault diagnosis accuracy is 100 % at SNR=None.

4.3. Fault diagnosis results and analysis of comparison methods

In order to completely evaluate the diagnostic performance of WD- 
KANTF, eight state-of-the-art methods are selected for comparison, 
which include EWSNet [35], TFN [24], DLWCB [36], LiConvFormer 
[37], MRSCNN [38], AMARSN [32], DRSwin-ST [39], and CKG [40]. 
EWSNet, TFN and DLWCB utilise wavelet prior knowledge for con
volutional weight initialization. LiConvFormer is a lightweight fault 
diagnosis model. MRSCNN uses soft thresholding for noise immunity 
research. AMARSN is a multi-scale residual shrinkage method with 
global and local denoising. DRSwin-ST is an adaptive thresholding 
denoising model based on Swin Transformer. CKG is a classification- 
based knowledge-guided few-shot fault diagnosis model, which utilises 
an incomplete multi-kernel clustering algorithm for few-shot fault 
diagnosis. The above comparison methods only adjust the input sample 
size and have the same structure as mentioned in the published papers. 
All the methods have been subjected for five experiments to ensure the 

Fig. 8. Confusion matrix results for Case B.
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stability of the methods.

4.3.1. Comparative experimental results for Case A
Samples of 50, 100 and 150 are selected for fault diagnosis research, 

the experimental results are shown in Table 5. In Table 5, the average 
diagnosis accuracy of WD-KANTF is 98.51 % at 0HP, 1HP, 2HP and 3HP. 
The average diagnostic accuracy of WD-KANTF is improved by 15.67 % 
and 11.72 % compared to EWSNet and TFN, which indicates that the 
introducing physical knowledge in the model helps to capture critical 
features. However, the insufficient number of training samples resulted 
in degradation of fault diagnosis performance for EWSNet and TFN. 
Compared with LiConvFormer, the average diagnostic accuracy of WD- 
KANTF is increased by 14.73 %. This is due to the fact that LiConv
Former is a lightweight model and its feature extraction capability is 
insufficient under small sample conditions. Compared with DLWCB, 
MRSCNN, AMARSN and DRSwin-ST, the average diagnostic accuracy of 
WD-KANTF is increased by 12.02 %, 15.80 %, 21.22 % and 15.77 %, 
respectively, which indicates that the KANTransformer can capture 
global fault features and improve fault identification accuracy of WD- 
KANTF under small sample conditions. Compared with CKG, the 
average diagnostic accuracy of WD-KANTF is improved by 5.06 %, 
which indicates that the few-shot learning strategy can improve the fault 
diagnosis performance, but the average diagnosis accuracy of CKG is still 
lower than the proposed method due to the lack of physical knowledge 
guidance and overfitting problem.

To further verify the diagnostic performance of WD-KANTF in noise 
environments, sample conditions of 20/20/60 at 1 HP are selected for 

experimental verification, and the results are shown in Table 6. In 
Table 6, with the increasing of SNR, the fault diagnosis accuracies of all 
methods are gradually improved, which indicate that the interference in 
the noise environments is decreasing. Under different noise environ
ments, the diagnostic accuracy of WD-KANTF is better than that of other 
compared methods. Especially, WD-KANTF still maintains the high 
diagnostic accuracy under strong noise environments. For example, the 
diagnostic accuracy of WD-KANTF is 76.67 % under SNR = − 4dB and 
10/10/30 task, which indicates that WD-KANTF has strong noise im
munity. In addition, the diagnostic performance of CKG and TFN is the 
second best. For example, the diagnostic accuracy of CKG is higher than 
that of TFN at SNR = 0 dB and SNR = 2 dB. TFN has higher diagnostic 
accuracy at SNR = − 4dB and − 2dB. MRSCNN and AMARSN have the 
worst diagnostic results under strong noise environments, which in
dicates that small sample conditions have large influence on the diag
nostic performance of the model. In conclusion, the fault diagnosis 
accuracy of WD-KANTF in different noise environments is significantly 
higher than that of other methods, exhibits superior noise immunity 
under strong noise environments and small sample conditions.

In order to visualise the feature extraction capability of different 
methods, SNR = 2 dB and 20/20/60 are selected for t-SNE visualization. 
Fig. 9 shows the t-SNE visualization results for different methods. In 
Fig. 9, the faults of different classes are fused together without obvious 
boundaries for EWSNet and LiConvFormer, which indicates that the 
feature extraction ability of EWSNet and LiConvFormer is insufficient in 
noise environments, resulting in poor diagnostic accuracy for them. The 
boundaries of most of the different labels can be separated effectively for 

Table 5 
Fault diagnosis results of Case A under small sample conditions.

0HP 1HP
10/10/ 
30

20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 66.67 
± 0.12

86.78 
± 1.24

93.75 
± 0.55

70.00 
± 0.22

88.36 
± 0.14

94.43 
± 0.36

TFN 78.12 
± 0.04

86.86 
± 0.33

92.19 
± 0.55

79.16 
± 1.06

94.64 
± 0.77

95.75 
± 0.14

LiConvFormer 75.00 
± 0.64

88.36 
± 0.76

92.81 
± 0.35

76.56 
± 1.06

90.79 
± 0.12

94.12 
± 0.66

DLWCB 75.78 
± 0.56

89.32 
± 1.04

95.44 
± 0.66

78.12 
± 0.21

89.05 
± 0.75

93.04 
± 0.28

MRSCNN 68.33 
± 1.14

78.00 
± 0.44

83.33 
± 0.61

79.83 
± 0.17

86.83 
± 0.11

92.02 
± 0.88

AMARSN 65.67 
± 0.32

74.35 
± 0.77

80.22 
± 0.45

69.67 
± 0.96

79.17 
± 0.06

86.22 
± 1.42

DRSwin-ST 74.22 
± 0.99

84.93 
± 0.42

95.64 
± 0.22

77.52 
± 0.21

84.09 
± 1.23

92.77 
± 0.36

CKG 86.73 
± 0.22

90.09 
± 0.17

97.31 
± 0.93

92.41 
± 0.52

96.60 
± 0.64

96.74 
± 0.35

WD-KANTF 93.76 
± 0.76

96.67 
± 0.45

99.78 
± 0.01

97.67 
± 0.13

98.33 
± 0.17

99.78 
± 0.01

​ 2HP 3HP
​ 10/10/ 

30
20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 77.89 
± 0.33

84.64 
± 0.21

89.66 
± 1.02

68.67 
± 0.17

85.56 
± 0.44

87.67 
± 0.94

TFN 78.66 
± 0.45

86.39 
± 0.77

93.75 
± 0.22

75.39 
± 0.99

86.13 
± 0.43

94.52 
± 0.87

LiConvFormer 77.34 
± 0.32

81.45 
± 0.66

94.80 
± 0.56

69.71 
± 1.07

77.53 
± 0.43

86.92 
± 0.88

DLWCB 79.02 
± 0.21

84.03 
± 0.95

95.60 
± 0.49

77.66 
± 0.12

87.12 
± 0.23

93.75 
± 0.16

MRSCNN 80.95 
± 0.44

83.86 
± 0.74

90.87 
± 0.12

77.67 
± 0.33

82.32 
± 0.21

88.62 
± 0.75

AMARSN 70.33 
± 0.74

78.14 
± 0.33

88.67 
± 0.55

71.00 
± 0.26

78.33 
± 0.67

85.75 
± 0.04

DRSwin-ST 74.21 
± 0.05

83.72 
± 0.18

86.05 
± 0.10

73.88 
± 0.68

79.41 
± 0.54

86.49 
± 0.14

CKG 90.68 
± 0.10

91.14 
± 0.97

96.09 
± 0.33

91.87 
± 0.32

96.96 
± 0.24

94.81 
± 0.77

WD-KANTF 98.33 
± 0.18

100.0 
± 0.0

100.0 
± 0.0

98.23 
± 0.13

99.67 
± 0.10

100.0 
± 0.0

Table 6 
Fault diagnosis results of Case A in noise environments.

SNR = − 4dB SNR = − 2dB
10/10/ 
30

20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 44.67 
± 0.74

46.50 
± 0.42

50.22 
± 0.13

47.68 
± 0.10

55.33 
± 0.24

59.89 
± 0.55

TFN 66.33 
± 0.42

72.66 
± 0.12

75.56 
± 0.66

69.17 
± 1.02

72.15 
± 0.96

75.58 
± 1.24

LiConvFormer 57.98 
± 0.18

61.00 
± 1.07

66.75 
± 0.35

57.00 
± 1.22

65.17 
± 0.45

68.67 
± 0.72

DLWCB 58.44 
± 0.36

56.32 
± 0.11

61.78 
± 0.12

60.02 
± 0.44

70.07 
± 0.65

78.78 
± 0.18

MRSCNN 56.12 
± 0.08

62.44 
± 0.14

67.05 
± 0.46

60.44 
± 0.31

67.50 
± 0.66

70.27 
± 0.11

AMARSN 52.67 
± 0.92

56.56 
± 0.95

65.22 
± 0.27

55.50 
± 0.13

60.00 
± 0.84

67.80 
± 0.92

DRSwin-ST 59.31 
± 0.13

64.15 
± 0.57

72.07 
± 0.67

62.80 
± 0.45

67.39 
± 0.98

75.05 
± 0.77

CKG 61.13 
± 0.27

74.09 
± 0.13

80.33 
± 0.33

62.41 
± 0.02

74.60 
± 0.04

79.74 
± 0.76

WD-KANTF 76.67 
± 0.59

80.31 
± 1.22

86.32 
± 0.74

74.07 
± 0.05

84.83 
± 0.38

90.18 
± 0.43

​ SNR = 0 dB SNR = 2 dB
​ 10/10/ 

30
20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 60.00 
± 0.34

75.67 
± 1.04

80.78 
± 0.23

64.68 
± 0.64

78.40 
± 0.22

83.38 
± 0.33

TFN 68.67 
± 0.02

79.67 
± 0.20

85.11 
± 0.21

71.43 
± 0.21

82.09 
± 0.32

88.88 
± 0.53

LiConvFormer 62.00 
± 1.77

77.50 
± 0.13

83.56 
± 0.37

65.62 
± 0.11

77.83 
± 0.32

84.92 
± 0.02

DLWCB 65.96 
± 0.11

72.50 
± 0.19

84.40 
± 1.18

68.59 
± 0.25

78.62 
± 0.84

88.75 
± 0.34

MRSCNN 59.67 
± 0.88

72.88 
± 1.76

85.35 
± 0.24

63.00 
± 0.12

74.03 
± 0.16

86.38 
± 0.23

AMARSN 63.33 
± 0.44

66.83 
± 0.76

70.22 
± 0.47

64.11 
± 0.52

70.11 
± 0.55

82.33 
± 0.47

DRSwin-ST 68.70 
± 0.16

78.13 
± 0.94

76.10 
± 0.88

74.65 
± 0.64

81.23 
± 0.79

84.45 
± 0.58

CKG 70.68 
± 0.18

80.14 
± 0.17

85.09 
± 0.43

75.07 
± 0.37

84.06 
± 0.24

89.01 
± 0.07

WD-KANTF 84.63 
± 1.33

91.61 
± 0.54

92.91 
± 0.56

86.67 
± 1.14

93.50 
± 0.12

96.47 
± 0.22
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TFN, DLWCB and MRSCNN, but label 4 and label 6 are mixed and cannot 
be separated. For AMARSN, there is no classification boundary for 
different classes and they are mixed, which indicates that AMARSN has 
poor feature extraction capability and cannot identify different fault 
classes. For DRSwin-ST and CKG, most of the classes can be separated 
effectively, but it is difficult to cluster for labels 0, 5 and 6. This is due to 
the similarity of fault classes for labels 5 and 6, which is difficult to be 
recognised. Ten labels can be completely separated for WD-KANTF, 
which indicates that the same labels are clustered together, and the 
different label classes are effectively separated. This shows that WD- 
KANTF has superior feature extraction capability and good robustness 
under small sample conditions and noise environments.

4.3.2. Comparative experimental results for Case B
In order to verify the generalization performance of WD-KANTF, the 

gearbox dataset is selected for experimental validation and analysis. The 
experimental results are shown in Table 7. In Table 7, the diagnostic 
accuracies of all methods show overall increasing trend as the sample 
numbers increase from 50 to 150, which indicates that the number of 
training samples has the critical impact on the feature extraction ability, 
and the diagnostic accuracy of the methods is improved with the 
increasing number of training samples. In addition, the diagnostic 

accuracy of WD-KANTF is above 98 % under different small sample 
conditions. Especially, the diagnostic accuracy is 100.0 % at 2HP and 
20/20/60 task, which shows that WD-KANTF has strong fault diagnosis 
capability. The diagnostic accuracies of CKG and TFN decrease signifi
cantly at 10/10/30 task, which indicates that their performance and 
stability of fault diagnosis are poor. LiConvFormer, MRSCCNN, DLWCB 
and DRSwin-ST have lower diagnostic accuracies than that of WD- 
KANTF. The diagnostic accuracy of LiConvFormer is 71.88 ± 0.29 % 
at 0HP and 10/10/30 task. The above analysis can be concluded that the 
fault diagnosis ability of WD-KANTF is significantly better than other 
methods under small sample conditions.

Table 8 is the fault diagnosis results of the model for Case B at 1HP 
and 20/20/60 task. In Table 8, the fault diagnosis accuracies of both 
WD-KANTF and comparison methods improves with the increasing SNR. 
This indicates that noise has the large impact on the fault diagnosis 
performance, and the strong noise environments would lead to the 
decrease of the diagnosis performance of the models. In addition, the 
diagnostic accuracy of WD-KANTF is much higher than that of the 
comparison methods in different noise environments. For example, the 
diagnostic accuracy of WD-KANTF is 76.67 % at SNR = − 4dB and 10/ 
10/30 task. Compared with EWSNet, TFN, LiConvFormer, MRSCCNN, 
DLWCB, DRSwin-ST, AMARSN, and CKG, the diagnostic accuracy of 

Fig. 9. Visualisation results of t-SNE for different methods in Case A.
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WD-KANTF is improved by 18.12 %, 10.96 %, 21.34 %, 22.67 %, 21.67 
%, 16.76 %, and 12.07 %, respectively. This indicates that WD-KANTF 
has strong feature extraction capability and can effectively mine fault 
information. However, the performance of EWSNet, TFN, LiConv
Former, and MRSCCNN is significantly degraded under small sample 
conditions. Fig. 10 is the t-SNE visualization results at SNR = 2 dB and 
20/20/60 task. In Fig. 10, the different fault classes of EWSNet, TFN, 
LiConvFormer, DLWCB and AMARSN are mixed, and there is no clear 
separation boundary for each fault class. For DRSwin-ST and CKG, there 
are clear classification boundaries for the different fault classes, but the 
distance between the same fault classes is large. For WD-KANTF, the 
fault classes have obvious separation boundaries and the same faults are 
clustered together, which means that WD-KANTF has good feature 
extraction ability under small sample conditions and noise environ
ments, and can effectively mine fault information.

4.3.3. Timeliness and the number of parameters of WD-KANTF
Computational resources and timeliness are crucial for deep learning 

models. In this section, the computational resources and timeliness of 
WD-KANTF are investigated. The results are shown in Table 9. In 
Table 9, it is observed that LiConvFormer has the shortest training time, 
which is only 84.67 s. DRSwin-ST has the longest training time, which is 
594.75 s. LiConvFormer has the lowest number of parameters for 3.22 ×
105 and DRSwin-ST has the highest number of parameters for 5.24 ×
107. This is due to the fact that LiConvFormer is a lightweight model, 
which has the smallest number of parameters and the shortest training 
time among all the methods. DRSwin-ST is designed based on Swin- 
Transformer, which has the largest number of parameters and the 

longest training time. In addition, EWSNet, TFN, MRSCNN, AMARSN, 
and CKG exhibit longer training time and higher number of parameters. 
However, compared with the other methods, the training time of WD- 
KANTF is 101.25 s and the number of parameters is 6.41 × 105, which 
indicates that WD-KANTF spends less time and computational resources 
to achieve better diagnostic results under small sample conditions and 
noise environments.

4.4. Ablation experiments

In order to better demonstrate the advantages of AWDL and KANT
ransformer, 2HP is selected for ablation experiments in Cases A and B. 
The numbers of training, valid and test samples are 20/20/60. The 
specific comparison methods of the ablation experiments are as follows:

(1) CNN: CNN consists of four basic convolutional blocks and a fully 
connected layer. The convolutional block includes convolutional layer, 
batch normalization layer, activation function and dropout layer. The 
number of channels is set according to 16, 32, 64, and 128.

(2) CNN + AWDL: CNN + AWDL is an adaptive wavelet denoising 
layer added after the first convolutional block to verify the denoising 
effect.

(3) WT-KANTF: The input signals are processed using wavelet 
transform. Then feature extraction is performed using KANTransformer. 
This method is used to verify the effect of wavelet transform.

(4) FFT-KANTF: The input signals are processed by using Fast Fourier 
Transform. Then feature extraction is performed using KANTransformer. 
This method is used to verify the effect of signal processing.

Table 7 
Fault diagnosis results of Case B under small sample conditions.

0HP 1HP
10/10/ 
30

20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 77.60 
± 0.52

85.12 
± 1.14

90.42 
± 0.66

76.00 
± 1.03

90.01 
± 0.77

95.76 
± 0.14

TFN 78.12 
± 0.16

88.41 
± 1.02

92.90 
± 0.44

78.12 
± 0.21

92.44 
± 0.10

97.04 
± 0.84

LiConvFormer 71.88 
± 0.29

89.10 
± 0.77

93.02 
± 0.12

80.67 
± 1.07

94.33 
± 0.22

97.65 
± 0.16

DLWCB 71.33 
± 1.02

86.59 
± 0.66

89.37 
± 0.32

79.52 
± 0.88

89.32 
± 0.14

94.25 
± 0.61

MRSCNN 76.00 
± 1.24

82.77 
± 0.04

90.55 
± 0.21

76.04 
± 0.12

88.54 
± 0.10

94.64 
± 0.08

AMARSN 76.65 
± 0.77

85.39 
± 0.90

92.05 
± 0.08

77.56 
± 0.75

86.24 
± 0.87

93.43 
± 0.66

DRSwin-ST 75.00 
± 0.98

86.03 
± 0.47

93.09 
± 0.88

74.53 
± 0.06

84.92 
± 0.75

90.34 
± 0.76

CKG 80.66 
± 0.18

89.57 
± 0.08

94.33 
± 0.34

81.09 
± 0.17

88.99 
± 0.55

97.45 
± 0.12

WD-KANTF 98.33 
± 0.07

99.00 
± 0.05

99.67 
± 0.11

98.67 
± 0.11

99.67 
± 0.02

100.0 
± 0.0

​ 2HP 3HP
EWSNet 76.67 

± 0.52
88.49 
± 0.96

91.45 
± 0.36

80.67 
± 0.53

83.12 
± 0.26

89.45 
± 0.36

TFN 73.44 
± 0.52

90.31 
± 0.08

91.48 
± 0.18

78.34 
± 0.23

86.26 
± 1.03

93.45 
± 0.13

LiConvFormer 80.00 
± 1.08

88.28 
± 0.54

94.68 
± 0.06

75.50 
± 0.55

92.06 
± 0.10

93.68 
± 0.24

DLWCB 55.09 
± 1.34

86.54 
± 0.22

92.41 
± 0.55

57.47 
± 0.33

77.83 
± 0.78

80.87 
± 0.22

MRSCNN 75.43 
± 0.77

85.09 
± 0.54

91.94 
± 0.33

76.00 
± 0.48

84.88 
± 0.25

89.97 
± 0.76

AMARSN 73.78 
± 0.73

81.30 
± 0.31

87.99 
± 0.81

78.83 
± 0.44

83.08 
± 0.58

87.96 
± 0.09

DRSwin-ST 76.56 
± 0.73

84.38 
± 0.92

90.45 
± 0.25

78.58 
± 0.19

87.09 
± 0.58

90.66 
± 0.76

CKG 84.77 
± 0.42

89.98 
± 0.64

95.33 
± 0.90

81.91 
± 0.17

89.02 
± 0.21

94.42 
± 0.31

WD-KANTF 98.00 
± 0.07

100.0 
± 0.0

100.0 
± 0.0

98.25 
± 0.04

99.77 
± 0.12

100.0 
± 0.0

Table 8 
Fault diagnosis results of Case B in noise environments.

SNR = − 4dB SNR = − 2dB
10/10/ 
30

20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 58.55 
± 1.38

66.77 
± 0.35

75.78 
± 1.57

62.00 
± 1.10

68.67 
± 1.33

79.56 
± 0.31

TFN 65.71 
± 1.02

77.97 
± 0.28

82.22 
± 0.13

72.22 
± 0.32

76.48 
± 0.77

84.53 
± 1.01

LiConvFormer 55.33 
± 1.13

63.33 
± 0.08

64.56 
± 0.17

62.17 
± 0.67

66.77 
± 0.30

71.67 
± 0.11

DLWCB 54.00 
± 1.29

69.67 
± 0.75

75.96 
± 0.88

52.00 
± 0.60

74.33 
± 0.14

77.65 
± 1.02

MRSCNN 50.00 
± 0.73

70.20 
± 0.66

75.56 
± 0.04

67.33 
± 0.46

81.75 
± 1.48

84.67 
± 0.44

AMARSN 55.00 
± 0.05

62.96 
± 0.18

68.05 
± 0.56

60.43 
± 0.90

71.25 
± 0.10

74.55 
± 0.59

DRSwin-ST 59.91 
± 0.65

67.66 
± 0.05

70.34 
± 0.88

62.22 
± 0.64

69.98 
± 0.85

73.39 
± 0.24

CKG 64.60 
± 0.51

68.37 
± 0.57

76.09 
± 0.77

66.09 
± 0.09

73.01 
± 0.99

77.45 
± 0.14

WD-KANTF 84.42 
± 0.13

86.89 
± 0.22

88.52 
± 0.10

89.33 
± 0.05

92.65 
± 0.30

93.60 
± 0.22

​ SNR = 0 dB SNR = 2 dB
​ 10/10/ 

30
20/20/ 
60

30/30/ 
90

10/10/ 
30

20/20/ 
60

30/30/ 
90

EWSNet 64.67 
± 0.17

78.33 
± 1.21

86.25 
± 0.34

67.55 
± 0.44

72.61 
± 0.14

84.89 
± 1.50

TFN 75.15 
± 0.92

82.46 
± 0.12

88.98 
± 0.02

77.62 
± 0.32

85.34 
± 0.23

90.04 
± 0.05

LiConvFormer 71.33 
± 0.90

79.45 
± 0.55

87.36 
± 0.44

69.57 
± 0.42

79.67 
± 0.18

85.56 
± 0.25

DLWCB 64.72 
± 0.22

80.67 
± 0.61

87.02 
± 0.36

70.00 
± 0.34

82.19 
± 0.98

89.96 
± 1.06

MRSCNN 70.67 
± 1.32

81.33 
± 0.04

84.83 
± 0.17

74.00 
± 0.22

82.14 
± 0.27

88.67 
± 0.77

AMARSN 68.73 
± 0.60

78.00 
± 0.12

80.07 
± 0.92

70.03 
± 0.66

81.33 
± 0.11

82.97 
± 0.19

DRSwin-ST 65.55 
± 0.92

74.38 
± 0.75

79.06 
± 0.05

70.04 
± 0.43

78.44 
± 0.44

84.26 
± 0.91

CKG 69.00 
± 0.22

76.12 
± 0.62

81.12 
± 0.27

74.32 
± 0.16

80.39 
± 0.70

86.04 
± 0.74

WD-KANTF 90.50 
± 0.10

97.67 
± 0.18

98.84 
± 0.36

92.36 
± 0.23

98.41 
± 0.02

99.07 
± 0.12
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(5) CNN + KANTransformer: KANTransformer is used to replace the 
fully connected layer of CNN in CNN + KANTransformer, which is used 
to verify the global feature extraction ability and nonlinear feature 
extraction ability for KANTransformer.

(6) CNN + Transformer: Transformer is used to replace the fully 
connected layer of CNN in CNN + Transformer, which is used to verify 
the effect of the designed KANLinear.

(7) WD-KANTF (WDropout): The dropout layer is removed in WD- 
KANTF.

(8) WD-KANTF (WL2): L2 regularization is removed in WD-KANTF.
Table 10 is the results of the ablation experiments. In Table 10, the 

diagnostic accuracy of CNN is the lowest. When the adaptive wavelet 
denoising layer is added into CNN, the diagnostic accuracy of CNN +
AWDL increases significantly, which indicates that AWDL can effec
tively filter out redundant information and improve noise immunity. 
The diagnostic accuracy of CNN + Transformer is also significantly 
improved after adding Transformer into CNN, which indicates that it is 
necessary to perform global feature extraction at the deeper level. 
Compared with CNN + Transformer, CNN + KANTransformer has better 
fault diagnosis, which indicates that KANLinear can effectively improve 
the nonlinear feature extraction ability. Furthermore, the average 
diagnostic accuracy of WD-KANTF is improved by 6.32 % and 10.31 % 
compared to WT-KANTF and FFT-KANTF, respectively, which indicates 
that introducing wavelet knowledge into deep learning model not only 
improves the ability of capturing critical features, but also enhances the 
interpretability of the model. Compared with WD-KANTF (WDropout) 
and WD-KANTF (WL2), the average diagnostic accuracy of WD-KANTF 
is improved by 3.95 % and 7.46 %, respectively, which indicates that 
the Dropout layer and L2 regularization can prevent the model from 
overfitting problem under small sample conditions.

4.5. Model interpretable analysis

4.5.1. Post-hoc explanations of WD-KANTF
Post-hoc explanations can help us further understand the working 

Fig. 10. Visualization results of t-SNE for different methods in Case B.

Table 9 
Training time and the number of parameters at 100 epochs.

Condition Method Training time Parameter

Case B 
3HP 
20/20/60

EWSNet 168.22 s 2.89 × 106

TFN 132.75 s 1.83 × 106

LiConvFormer 84.67 s 3.22 × 105

DLWCB 176.84 s 1.15 × 106

MRSCNN 264.13 s 8.97 × 105

AMARSN 199.72 s 2.43 × 106

DRSwin-ST 594.75 s 5.24 × 107

CKG 129.73 s 1.04 × 106

WD-KANTF 101.25 s 6.41 × 105
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principle of the model. Therefore, TGAM is used to interpret WD- 
KANTF. The detailed explanations of TGAM are provided in literature 
[35]. Fig. 11 and Fig. 12 are the results of the visualizations for Case A 
and Case B, blue colour indicates that the region receives less attention 
and red colour indicates that the region receives more attention. In 

Fig. 11 and Fig. 12, WD-KANTF can focus on shorter pulses, for example, 
in Fig. 11 (b) and (d), the colour of the pulse region is red, in Fig. 12 (a) 
and (c), the colour of the shorter pulse region is also red. This shows that 
TGAM can focus on important pulse features in different datasets. When 
the amplitude of the vibration signals is stable, WD-KANTF pays more 

Table 10 
Fault diagnosis results of ablation experiment (%).

Model CWRU RG
SNR = − 2dB SNR = 0 dB SNR = 2 dB SNR = − 2dB SNR = 0 dB SNR = 2 dB

CNN 64.67 ± 0.43 73.95 ± 1.02 77.73 ± 0.82 71.09 ± 1.63 75.00 ± 0.02 77.34 ± 0.78
CNN + AWDL 86.15 ± 0.11 92.00 ± 0.21 95.64 ± 0.26 91.38 ± 0.22 93.08 ± 0.54 95.24 ± 0.33
WT-KANTF 84.79 ± 0.33 89.23 ± 0.88 92.17 ± 0.21 86.04 ± 0.97 88.63 ± 1.65 92.79 ± 0.21
FFT-KANTF 80.05 ± 0.17 84.62 ± 0.04 87.77 ± 0.82 83.81 ± 0.06 85.52 ± 0.55 87.92 ± 0.74
CNN + KANTransformer 82.67 ± 1.51 88.28 ± 1.28 92.83 ± 0.57 83.87 ± 1.67 87.33 ± 0.40 90.12 ± 1.06
CNN + Transformer 79.42 ± 0.55 86.05 ± 1.05 88.17 ± 0.96 81.67 ± 0.26 85.16 ± 0.62 88.98 ± 0.02
WD-KANTF (WDropout) 86.46 ± 0.76 92.33 ± 0.07 93.01 ± 0.14 90.75 ± 0.12 92.08 ± 0.33 93.22 ± 0.64
WD-KANTF (WL2) 81.88 ± 0.04 87.76 ± 1.12 88.09 ± 0.98 87.22 ± 0.43 89.36 ± 1.21 92.44 ± 0.75
WD-KANTF 89.22 ± 1.45 95.33 ± 0.13 98.00 ± 0.04 94.33 ± 0.11 96.67 ± 0.03 98.00 ± 0.01

Fig. 11. TGAM visualisation results for Case A.

Fig. 12. TGAM visualisation results for Case B.
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attention to the regions where the rise is obvious, for example, in Fig. 11
(e) and Fig. 12(b), the rising significant amplitude region has the higher 
attention value and the colour is red, this indicates that WD-KANTF can 
capture fault features in the input data and gives higher attention values 
to the regions with fault features.

4.5.2. WD-KANTF feature learning process
In order to further explore the feature learning process, the output 

features of each layer for WD-KANTF are visualized. The results are 
shown in Fig. 13, which shows the average values of the feature maps at 
channel index, feature values are represented by the colour mapping, 
red denotes higher feature values and blue denotes lower feature values. 
From Fig. 13, we can conclude the followings: (1) WD-KANTF can focus 
on the impulse region and assign higher feature values, as shown in the 
red boxes, this shows that WD-KANTF can learn fault features effec
tively. (2) AWDL prefers to learn the features in the low-frequency 
components and pays less attention to the features in the high- 
frequency components, as shown in the blue boxes, this shows that the 
input signals are converted from the time domain into the wavelet 
domain, which not only learns more fault features but also enhances the 
interpretability. (3) The convolutional layer can filter irrelevant infor
mation and retain critical fault features, as shown in the third con
volutional layer. (4) KANTransformer uses the self-attention mechanism 
to model the global dependencies in the input signals, the global feature 
representation is generated by calculating the similarity matrix between 
different feature vectors, the feature values of different regions show 
spatial distribution differences in KANTransformer, with the colour 
alternating from red to blue. This indicates that KANTransformer can 
accurately capture global fault features and improve nonlinear feature 
extraction, which helps WD-KANTF to have better robustness under 
small sample conditions and noise environments.

5. Conclusion

In this paper, a fault diagnosis method based on wavelet denoising 
and KANTransformer is proposed. In the proposed method, an adaptive 
wavelet denoising layer is designed, which enhances the interpretability 
by converting the time-domain signal into the wavelet domain. Mean
while, a smoothed soft-thresholding and fusion strategy is designed to 
adaptively focus on the useful features and suppress the redundant 

information, thus enhancing the robustness of the model. Then, the 
KANTransformer is designed to capture global fault features while 
enhancing the nonlinear feature extraction capability. Finally, the WD- 
KANTF is constructed based on adaptive wavelet denoising layer and 
KANTransformer. Experimental validation is carried out with bearing 
and gearbox datasets, and the results show that the average diagnostic 
accuracy of WD-KANTF is 98.51 %, which is 5.06 % higher than the 
state-of-the-art method under small sample conditions. Under small 
sample conditions and noise environments, the average diagnostic ac
curacy of WD-KANTF is 92.68 %, which is 12.78 % higher than the state- 
of-the-art method. This indicates that WD-KANTF can extract critical 
fault features and has good diagnostic performance and robustness.

Future work will investigate cross-domain fault diagnosis to improve 
the performance of the method for fault diagnosis under different ma
chines and different operating conditions.
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Feature and Joint Distribution Migration Alignment
Method for Cross-Domain Fault Diagnosis of

Rotating Machinery
Yazhou Zhang , Xiaoqiang Zhao , and Rongrong Xu

Abstract— Currently, most existing fault diagnosis methods
based on domain adaptive (DA) learning reduce the distribution
difference between two domains from the metric distance
perspective. However, the domain alignment is performed only
from the perspective of metric distance without fully mining the
transferable features of the samples, which also leads to poor
cross-domain fault diagnosis. To address this issue, a domain
adversarial fault diagnosis method based on features and joint
distribution migration alignment (FJDMA) is proposed. First,
a feature aligner is designed to learn more transferable features
from both local and global aspects. Second, a new weighted
maximum mean square discrepancy (WMMSD) is designed to
measure the distribution distance between the samples. The
WMMSD can effectively reduce the distribution distance between
the same classes within the domain. In addition, to increase the
distribution distance between different classes between domains,
we introduce correlation alignment (CORAL). Finally, a dynamic
factor is designed to quantitatively combine WMMSD and
CORAL, thus constructing the joint distribution migration
(JDM). The JDM further enhances domain confusion during
model training. Two bearing datasets and one gear dataset are
used for experimental validation. The results show that the
average diagnostic accuracy of the proposed method between the
two bearing datasets is 3.34% higher than that of the state-of-
the-art method. The average diagnostic accuracy of the proposed
method between the bearing and gear datasets is improved by
2.38% over the state-of-the-art method.

Index Terms— Attention mechanism, domain adaptation, fault
diagnosis, global alignment, joint distribution migration (JDM).

I. INTRODUCTION

ROTATING machinery is widely used in the fields
of energy, transport, and manufacturing. In recent

years, with the continuous progress of technology, the
research on rotating machinery has achieved rich results. For
example, Zhang et al. [1], [2] investigated the application of
rotating machinery in wind turbines. Lu et al. [3] explored
the challenges of rotating machinery in high-speed trains.
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However, there are complex interactions among the various
components of rotating equipment. A partial failure may cause
the whole rotating equipment to stop working and even cause
casualty accidents [4], [5]. Bearings and gears are the key
components of rotating equipment. Since they often work in
harsh environments, this leads to their vulnerability to faults.
Therefore, in order to detect and eliminate faults as early as
possible, it is essential to carry out fault diagnosis for gears
and bearings [6], [7], [8].

Fault diagnosis methods for rotating equipment have
gradually developed from relying on expert experience and
knowledge to using data-driven fault identification. Currently,
with the development of sensors and computer technologies,
data-driven fault diagnosis methods have further received
increasing attention. In particular, deep learning is highly pop-
ular by Zhao and Shen [9] and Wu et al. [10]. Deep learning
can automatically extract the features from input signals, thus
reducing the dependence on professional knowledge and the
influence of human factors on the feature extraction process.
Therefore, deep learning-based fault diagnosis methods are
widely used in the field of fault diagnosis [11], [12], [13].
For example, Yan et al. [14] combined broadcast self-
attention with separable convolution to construct a lightweight
model of LiConvFormer for fault diagnosis. Zhao and
Zhang [15] improved the residual contraction network by
multiscale technique and proposed a multi-scale residual
shrinkage convolutional neural network (MRSCNN) bearing
fault diagnosis method to verify its superiority. The above
methods are based on two premises: 1) sufficient labeled data
and 2) the divided training samples and test samples have
the same distribution. However, in real industry, the working
conditions of rotating equipment are complex and variable.
Replacement of components, speed, and load changes can lead
to the existence of distribution differences in the data, which
would cause serious degradation of the performance of deep
learning-based fault diagnosis methods.

The development of domain adaptive (DA) provides
new ideas to solve the above problems. It performs fault
identification by mining the domain-invariant features between
the source and target domains. Specifically, DA extracts the
fault information through a neural network and inputs the fault
information into the adaptive layer to reduce the distribution
distance between the source and target domains [16], [17], the
process of which is illustrated in Fig. 1(a).
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Fig. 1. Results of minimizing MMD and JDM are shown in (a) and (b), respectively.

For example, Xiao et al. [18] proposed a domain adaptive
method of multiscale convolutional subdomain adaptation
network, which evaluated the difference between the relative
subdomains of two domains by using the local maximum mean
difference. Han et al. [19] proposed a dual classifier correlation
transfer diagnostic method, which achieved global and local
feature alignment by using maximum mean difference and
local maximum mean difference. In addition, to better
reduce domain distributional differences, some scholars
have constructed joint distributional discrepancies to further
reduce the distributional distance between the two domains.
Specifically, the class conditional probabilities are used to
approximate the class posterior probabilities, and the marginal
and conditional distributions of the two domains are aligned
simultaneously. For example, Liu et al. [20] proposed a duplex
adversarial deep discriminative network (DADDN), which
constructed the weighted joint distributions using conditional
maximum mean discrepancy (MMD) measurement functions
to align the differences between the source and target domains.
Sun et al. [21] proposed a joint discriminative adversarial
domain adaptive method, which designed a discriminative
discrepancy module to achieve class alignment and combines
class alignment with domain alignment, which ultimately
achieves fault diagnosis under cross-domain.

The above studies only reduce the domain differences by
measuring the distance between two domain distributions,
without considering whether the extracted fault information
by the neural network is suitable for feature transfer. The
attention mechanism can help models acquire useful features
and suppress redundant features and is widely used in
deep learning models [22], [23], [24]. Therefore, some
scholars have used the attention mechanism to improve
the performance of domain adaptive fault diagnosis. For
example, Chen et al. [25] proposed a joint-attention adversarial
domain adaptive approach, which combined MMD with
an attention mechanism to enhance transferable features
by attentively weighting the maximum mean discrepancy
processed features. Shao and Kim [26] proposed an adaptive
multiscale attention convolutional network for cross-domain
fault detection, which used multiple attention mechanisms to
obtain more domain-invariant features in the feature extraction
module. In addition, to refine the domain-invariant features
and pass them to higher space, Yao et al. [27] proposed a
hierarchical adversarial domain adaptive method, which used
a multistate attention mechanism and a coding network to
reduce the distributional difference between two domains, and

achieved gear fault diagnosis through a variable feature mining
strategy.

In summary, researchers have investigated transfer learning
methods from several aspects and achieved high diagnostic
accuracy in the field of fault diagnosis. However, the
operating environment of rotating equipment is complex and
variable, and it is often subject to strong noise and harmonic
interference, resulting in the swamping of valuable features.
Therefore, considering only domain alignment or feature
alignment leads to insufficient domain adaptivity, which
reduces the diagnosis accuracy. To address this issue, this
article proposes a domain adaptive method based on feature
and joint distribution migration alignment (FJDMA). Existing
domain adaptive methods mostly focus on the aspect of metric
distance to reduce the distribution difference between two
domains. However, the domain alignment is only from metric
distance without fully exploiting the transferable features of
the samples, which also leads to poor cross-domain diagnosis.
The FJDMA performs domain adaptation from both feature
and metric distance aspects. At the feature aspect, the attention
mechanism is used to focus on more domain-invariant features
and suppress redundant features. At the aspect of metric
distance, a joint distribution migration (JDM) loss is designed
to help the model further reduce the two-domain distribution
difference during the training process. Specifically, first the
method utilizes a feature extractor to extract fault features
between the two domains. Then, a feature alignment module
is designed, which focuses on more transferable features
and suppresses nontransferable features at both local and
global aspects. In the feature alignment module, we use
the local alignment module to refine the domain-invariant
features at the channel and spatial level for the low-
dimensional feature space. In the high-dimensional feature
space, we design the fully connected self-attention (FCSA)
mechanism that helps the model acquire useful fault features
and suppresses the effect of redundant features. In addition,
a JDM loss is designed to further reduce the domain
differences during model domain adversarial training. Fig. 1(b)
shows an illustrative example to show the effectiveness
of JDM. The main contributions of this article are as
follows.

1) A feature aligner is designed, which can weigh the
extracted features of the feature extractor both locally
and globally to enhance the transferable features
and provide quality domain-invariant features for the
classifier.
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2) A JDM loss is constructed to reduce domain differ-
ences during model training. Specifically, to measure
the intradomain class distribution distance from the
mean square value perspective, a weighted maximum
mean square discrepancy (WMMSD) loss is designed.
In addition, to measure the interdomain class distribution
distance from the covariance perspective, a correla-
tion alignment (CORAL) loss is introduced. Finally,
a dynamic factor is designed to quantitatively assign the
weights to WMMSD and CORAL.

3) The experimental validation is performed using three
datasets. Specifically, the cross-domain experiments are
conducted by adding noise to the target domain in a
single dataset; the experiments are conducted in multiple
datasets of different subjects. The results exhibit that the
proposed method has excellent diagnostic performance.

The rest of this article is organized as follows. Section II
introduces the theoretical knowledge of domain adversarial
networks. Section III describes the proposed method in detail.
Section IV performs the experimental validation and analysis,
and finally, Section V concludes this article.

II. GUIDELINES FOR MANUSCRIPT PREPARATION

A. Problem Definition

This article investigates the problem of domain adaptation
in fault diagnosis. First, we define some notations and basic
concepts. Assume that a labeled single source domain is
Ds = {Xs, Ys} = {(xi , yi )}

Ns
i=1, where Xs and Ys denote the

data samples and health state labels, respectively. Ns denotes
the number of source domain samples. An unlabelled target
domain denotes Dt = {X t} = {(xi )}

Nt
i=1, and Nt denotes the

number of target domain samples.
The source and target domains share the same label

space in domain adaptation, i.e., Ys = Yt. However, the
marginal probability distributions and conditional probability
distributions of the two domain samples are different in the
working environment. The marginal probability distribution is
Ps(Xs) ̸= Pt(X t) and the conditional probability distribution
is Qs(Ys|Xs) ̸= Qt(Yt|X t). This results that the generalization
performance of transfer learning is degraded between the
source and target domains. Therefore, the goal of this
article is that an intelligent diagnostic model is developed
to effectively reduce the differences in the marginal and
conditional probability distributions between the source and
target domains and to improve the generalization performance
of the model.

B. Domain Adversarial Neural Network (DANN)

DANN and its variants are widely used in transfer learning
tasks, which reduce the data distribution discrepancy between
the source and target domains by adversarial training [28],
[29], [30]. It consists of a feature extractor Gf, domain
discriminator Dd, and classifier Cy . The domain discriminator
is unique to domain adversarial networks. During its
training, a gradient inversion layer is added to the classifier.
The optimization objective of DANN is to minimize the
classification loss and task loss. The classification loss is

achieved by using the domain discriminator, which aims to
reduce the differences in the marginal probability distributions
between the two domains. The task loss is used to minimize
the prediction error by the classifier to achieve the accurate
prediction of the samples. The optimization objective of
network can be defined as follows:

L(ϑf, ϑy, ϑd) =
1
Ns

∑
xi ∈Xs

L y(Cy(Gf(xi )), yi )

−
λ

Ns + Nt

∑
xi ∈Xs∪X t

Ld(Dd(Cy(xi )), di ) (1)

where ϑf, ϑy , and ϑd denote the parameters of Gf, Cy ,
and Dd, respectively; yi and dt denote the data sample
labels and domain labels, respectively; L(·), L y(·), and Ld(·)

denote the total loss, task loss, and domain classification
loss, respectively; and λ denotes the hyperparameter between
losses.

During DANN training, task loss and classification loss are
minimized to improve the predictive power. The adversarial
loss between the feature extractor and domain discriminator
is maximized to reduce the marginal probability distribution
discrepancy. Therefore, the parameters are updated as follows:(

ϑ̂ f, ϑ̂ y
)

= arg min
ϑf,ϑy

L(ϑf, ϑy, ϑ̂d) (2)(
ϑ̂d
)

= arg max
ϑd

L(ϑ̂ f, ϑ̂ y, ϑd) (3)

where ϑ̂f, ϑ̂y , and ϑ̂d denote the optimal parameters. The
domain adversarial network extracts domain-invariant features
by reducing the discrepancy in data distribution between
different domains, which further improves the performance of
the model on the diagnostic task.

III. MATH

The proposed FJDMA aims to address the problem of
poor transfer performance from a single source domain to
a target domain due to inconsistencies in class and domain
features. Its general framework is shown in Fig. 2, and
the specific network parameters are shown in Table I. The
FJDMA consists of a feature extractor, a feature aligner,
a classifier, and a domain discriminator. The specific details
of each component are described as follows. In Table I, the
local alignment module focuses on more domain-invariant
features from the low-dimensional feature space. Specifically,
the local alignment module refines the fault features at channel
and spatial indexes to extract more domain-invariant features.
In addition, we select the domain discriminator with a dropout
rate of 0.5 by cross validation in the experimental section,
which balances the diagnostic tasks between the source and
target domains during the training process, thus effectively
avoiding model overfitting.

A. Network Structure

1) Feature Extractor: The 1-D convolutional neural net-
works can automatically extract deeper and better feature
representations from input samples. Therefore, we take
advantage of its superior feature extraction capability to
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Fig. 2. Overall diagnostic flowchart of the FJDMA.

TABLE I
PARAMETERS OF THE FJDMA

construct the feature extractor. Specifically, the feature
extractor consists of three feature extraction modules. Each
feature extraction module consists of a convolutional layer,
a pooling layer, and a local alignment module.

First, we assume that the sample space formed by the source
and target domain samples is D = {Ds, Dt} ∈ R{Ns,Nt}, and the
convolution operation for the input samples can be expressed
as follows:

Z l
i = Dl−1

i × ωl−1
i + bl−1

i (4)

where Dl−1
i is the input sample, l denotes the number

of convolutional layers, ωl−1
i denotes the weight of the

convolutional layers, and bl−1
i denotes the convolutional layer

bias. To improve the model training speed and mitigate the
vanishing gradient, we use a linear correction unit after the
convolutional layers. The process can be expressed as

Z̄ l
i = frelu

(
0, Z l

i

)
(5)

where frelu(·) denotes the ReLu activation function.
Second, we add the output to the maximum pooling (Max-

pooling) layer. The Maxpooling reduces the dimensionality of
the feature map and optimizes the parameters. The process can
be described as follows:

Z
(
Poolli

)
= max

(
Z̄ l

i , s
)

(6)

where s denotes the parameter that regulates the size of the
output feature.

Finally, we input the output feature maps to the local
alignment module. The local alignment module consists of
channel attention and spatial attention in residual parallelism.
Spatial attention is responsible for extracting the spatial
features of the input samples, while channel attention can
retain the extracted detailed features. Then, the processed
features are fused. The process of spatial attention calculation
can be described as follows:{

Asp(z) = ω(z) × fst[α(ω1(z) × ω2(z))]
Z sp

= Asp(z) ⊗sp z
(7)

where z denotes the input sample, ω denotes the convolution
operation, ω1 and ω2 denote the convolution layers, fst
denotes the softmax function, and ⊗sp denotes the spatial
multiplication operation. The process of channel attention
calculation can be described as follows:{

Ach(z) = z × fst
[
ω(ωmap(z))

]
Z ch

= Ach(z) ⊗ch z
(8)

where ωmap denotes the average pooling operation and ⊗ch
denotes the channel multiplication operation. The output of
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the local attention module is described as

Z =
(
Z sp

⊗ Z ch)
⊕ Z

(
Poolli

)
(9)

where ⊗ denotes the dot product operation and ⊕ denotes the
sum operation.

2) Feature Aligner: Feature extractor can extract the
features from original data. However, not all fault features
are suitable for transfer learning. If the features that are
not applicable to the transfer task are forced to be adapted,
it may lead to the occurrence of negative transfer. Therefore,
a feature aligner is constructed to adaptively enhance
transferable features and suppress nontransferable features in
this article. Specifically, the feature aligner consists of a local
alignment module and a global alignment module. In the
low-dimensional feature space, we use the local alignment
module to refine domain-invariant features at the channel and
spatial levels. The local alignment module is described in
Section III-A. With increasing the number of network layers,
the feature extractor can capture richer feature information
but may also introduce more redundant information. This
may adversely affect the transfer learning performance of the
model. Therefore, in the high-dimensional feature space (FC
layer), we design the FCSA mechanism to help the network
capture useful fault features while suppressing the effect of
redundant features. The FCSA is shown in Fig. 3. In Fig. 3,
the FCSA processing can be divided into three steps. First, the
input features are linearly transformed by the dense layer to
obtain the query matrix Zq, key matrix Zk, and value matrix
Zv, which are described as follows:

Zq = X input
× W Q

i

Zk = X input
× W K

i

Zv = X input
× W V

i

(10)

where W Q
i , W K

i , and W V
i denote the parameter matrices,

which are continuously learned by training the network.
Second, the key matrix is transposed to obtain ZT

k . ZT
k and

the query matrix are multiplied to obtain the correlation score
between the two vectors. This is normalized by the softmax
function to obtain the attention weights for the key and query
matrices. The process is described as follows:

attq,k
i = softmax

(
Zq × ZT

k

/√
d
)

(11)

where d is the dimension of the parameter matrix. Finally,
the value matrix and the attention weights perform a dot
product operation to obtain the output of FCSA. The process
is described as follows:

Xoutput
= Zv ⊗ attq,k

i . (12)

In high-dimensional feature space, domain-invariant fea-
tures are further enhanced and the distribution between source
and target domains is reduced by FCSA.

3) Classifiers: In DA, the classifier aims to map the
fault feature information to the corresponding class labels.
It consists of three FC layers and a dropout. The softmax
function is used to estimate the class probability for the fault
diagnosis in the last FC layer.

4) Domain Discriminator: The domain discriminator is
designed to identify the source of the input data and thus
determine whether the data come from a known source domain
or an unknown target domain. It consists of three FC layers.
In contrast to the classifier, the last layer of the domain
discriminator uses the sigmoid function to determine the
domain type of the samples.

B. Optimized Processing

1) Classifier Loss: The classifier not only classifies the
samples in the target domain but also helps the feature
extractor to learn domain-invariant features during backward
transmission of errors. The loss function of the classifier is the
cross-entropy loss function, which is calculated as follows:

Lc = −
1
ns

ns∑
i=1

yi log
(
Cy
(

f s
i , θc

))
(13)

where ns denotes the number of samples from the source
domain and yi denotes the labeling of the source domain
samples.

2) Domain Discriminator Loss: In adversarial training,
the discriminator and the classifier fight against each other.
The classifier tries to deceive the domain discriminator,
while the domain discriminator endeavors to distinguish the
source of the generated data. Thus, the domain discriminator
is a binary classifier, which is computed as follows:

Ld = ld

ns∑
i=1

log
[
Dd
(

f i
s , θ

)]
+ (1 − ld)

nt∑
i=1

log
[
Dd
(

f i
t , θ

)]
(14)

where ld denotes the domain label 0 or 1, Dd( f i
s , θ) denotes

the predicted label of the source domain, and Dd( f i
t , θ)

denotes the predicted label of the target domain.
3) JDM Loss: In DA, the feature aligner can only

filter domain-invariant features from the extracted features.
However, when facing large differences in working conditions
or different datasets, transfer learning is insufficient by feature
alignment. Therefore, we consider to further reduce the impact
of domain differences from the perspective of model training.
Domain differences are usually represented by the increasing
distance of the same classes within the domain and the
confusion of different classes between domains. Specifically,
we define the differences between the source and target domain
classes as follows:

Ddis(X {s,t}) =

∣∣∣∣∣∣∣∣∣∣

C∑
c=1

ps(ys
= c)ps

(
x i

s

∣∣ys
= c

)
−

C∑
c=1

pt(yt
= c)pt

(
x i

t

∣∣yt
= c

)
∣∣∣∣∣∣∣∣∣∣

(15)

where C denotes the number of classes, Ps(ys
= c) denotes

the probability that the source domain sample x i
s denotes

categorized as c (class weight), and Pt(yt
= c) denotes the

probability that the target domain sample x i
t denotes

categorized as c. It can be seen from (15) that we can
reduce the distance of the same classes in both domains by
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Fig. 3. Schematic of FCSA structure.

minimizing the value of Ddis(·). However, since the label
(pt(yt

= c)) of the target domain is unknown in DA,
it becomes impractical to use the Ddis(·) measure of difference.

Qian et al. [31] proposed a maximum mean square
discrepancy (MMSD) to measure the difference between two
domains. Therefore, we use MMSD to calculate the difference
between two domains. However, this metric assigns different
weights to domain classes, resulting in larger distances
between the same classes. Therefore, we design a WMMSD.
First, MMSD is defined as follows:

MMSD2
=

1
n2

s

ns∑
i=1

ns∑
j=1

[
k
(
x i

s

)
, k
(
x j

s

)]2

+
1
n2

t

nt∑
i=1

nt∑
j=1

[
k
(
x i

t

)
, k
(

x j
t

)]2

−
2

nsnt

ns∑
i=1

nt∑
j=1

[
k
(
x i

s

)
, k
(

x j
t

)]2
(16)

where ns and nt denote the number of samples in the source
and target domains, respectively; k(·) denotes the regeneration
kernel function; x i

s denotes the i th sample in the source
domain; and x j

t denotes the j th sample in the target domain.
Second, to achieve the source and target domains having the
same class weight, we define the class weight factor as follows:

ω =
ωc

s − ωc
t

ωc
s

=
ps(ys

= c) − pt(yt
= c)

ps(ys = c)
(17)

where ωc
s is the probability that the source domain samples are

classified as class c and ωc
t is the probability that the target

domain samples are classified as class c. Since ωc
t obtains from

the pseudo-labeling of the target domain, the WMMSD can be
described as follows:

WMMSD2
=

1(∑ns
i, j ωi, j

)2

ns∑
i=1

ns∑
j=1

ωi, j ·
[
k
(
x i

s

)
, k
(
x j

s

)]2

+
1
n2

t

nt∑
i=1

nt∑
j=1

[
k
(
x i

t

)
, k
(

x j
t

)]2

−
2

nt ·
∑ns

i ωi

ns∑
i=1

nt∑
j=1

ωi ·

[
k
(
x i

s

)
, k
(

x j
t

)]2

(18)

where
∑ns

i, j ωi, j is the average of the class weights of the
source domain samples. It can be seen from (18) that we

can be seen that the class weights are computed by averaging
over all the pseudo-labels, thus ensuring the robustness of the
metric. Finally, the WMMSD loss can be obtained from (18)
as follows:

Lwmmsd =
∥∥E p[k(Xs) ⊗ k(Xs)] − Eq[k(X t) ⊗ k(X t)]

∥∥2
H⊗H

(19)

where H is the regenerated kernel Hilbert space; k(·) is the
regenerated kernel function; Xs and X t are the set of samples
in the source and target domains, respectively; and ⊗ is the
mean square computation procedure.

WMMSD loss enhances the competitiveness between
classes in the intradomain by assigning the same weights
to source and target domain classes. However, it is still
necessary that the distances between different classes in
the interdomain need to deserve attention during domain
adaptation learning. The CORAL loss can solve the problem
well. Therefore, we use CORAL to reduce the differences
in feature distributions between interdomain classes. CORAL
loss is calculated as follows:

Means =
1
ns

ns∑
i=1

x i
s

Meant =
1
nt

nt∑
i=1

x i
t

(20)


Covs =

1
ns − 1

ns∑
i=1

(
x i

s −
1
ns

ns∑
i=1

x i
s

)T(
x i

s −
1
ns

ns∑
i=1

x i
s

))

Covt = −
1

nt − 1

nt∑
i=1

(
x i

t −
1
nt

nt∑
i=1

x i
t

)T(
x i

t −
1
nt

nt∑
i=1

x i
t

))
(21)

Lcoral = ∥Means − Meant∥
2
− ∥Covs − Covt∥

2
F (22)

where Means is the source domain mean, Meant is the target
domain mean, Covs is the source domain covariance matrix,
Covt is the target domain covariance matrix, ∥·∥

2 is the square
of the Euclidean distance, and ∥·∥

2
F is the square of Frobenius.

The WMMSD loss and CORAL loss can address domain
differences in model training. However, how to quantitatively
measure the role of the two losses is crucial to improve
the performance of model transfer learning in model
training. Therefore, we design a dynamic adaptive factor
to quantitatively assign weights to the WMMSD loss and
CORAL loss. This dynamic factor can be viewed, as shown
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Algorithm 1 Training and Test Procedures for FJDMA

Inputs: source domain labeled dataset Ds = {(xi , yi )}
Ns
i=1,

target domain unlabelled dataset Dt = {(xi )}
Nt
i=1

1: Set hyperparameters such as convolution layer, activation
function, pooling layer, learning rate, batch size, epoch

2: To initialize the weights and biases of the model
3: Divide the training and test sets of the source and target

domains
4: For each training epoch do
5: If Phase = train then
6: For each batch do
7: Calculation the output of Cy

8: Solve Lc based on Eq. (13)
9: Calculation the output of Dd and JDM
10: Solve Ld based on Eq. (14)
11: Solve Lwmmsd and Lcoral based on Eq. (19)

and (22)
12: Solve the dynamic factor α f based on Eq. (23)

and (24)
13: Calculate the output of L J DM from Eq. (25)
14: Obtain the optimization objective function L total

from Eq. (26)
15: Update model parameters
16: End for
17: End For
18: Save the trained model
Output: Test sets is loaded into the trained model to obtain
diagnostic results

Fig. 4. Visualization of dynamic factors.

in Fig. 4. In Fig. 4, the X -axis is the WMMSD loss and the
Y -axis is the CORAL loss.

The design of this dynamic factor needs to satisfy two
conditions: 1) it must be adjusted according to the continuous
updating of the model training and 2) when one loss changes,
the other reacts in a timely and reasonable response. Therefore,
we first measure the distance between the WMMSD loss and
the CORAL loss, in which the procedure is described as
follows:

dA = 2 ×

(
1 − 2 ×

√
Lcoral/Lwmmsd

)
. (23)

Then, the value is mapped between [0, 1] by using sigmoid,
which is described as follows:

α = fsigmoid(dA). (24)

Fig. 5. Experimental equipment platform. (a) CWRU. (b) RG. (c) LZUT.

Finally, the JDM loss can be described as follows:

LJDM = α · Lwmmsd + (1 − α) · Lcoral. (25)

4) Total Loss for the FJDMA: The total loss function of
the proposed method consists of three parts: classifier loss Lc,
domain discriminator loss Ld, and JDM loss LJDM, which is
described as follows:

L total = Lc + Ld + LJDM. (26)

The flowchart of the pseudocode describing the training of
the FJDMA is shown in Algorithm 1.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

In order to validate the fault diagnosis performance of the
proposed method in cross-domain scenarios, we use Case
Western Reserve University (CWRU) dataset, the Rolling
Gear Simulation Test Bed (RG) dataset, and our own dataset
(LZUT) for case studies. Specifically, we use CWRU for
rolling bearing fault diagnosis in cross-domain scenarios
and use RG for bevel gear fault diagnosis in cross-domain
scenarios. In addition, we also perform the validation of the
transfer learning performance between different datasets. The
experimental environment is tensorflow 2.0.0-python 3.6.

A. Description of the Datasets

1) CWRU: The CWRU test platform is shown in Fig. 5(a).
The tested objects of the dataset consisted of normal state,
inner ring failure, outer ring failure, and rolling failure. Three
sizes of damage 0.18, 0.36, and 0.54 mm are designed for the
three failure states. In addition, the dataset collects the data
under four operating conditions (0, 1, 2, and 3 HP). In this
section, three fault states under three sizes and the normal state
are selected to construct ten fault types for cross-domain fault
diagnosis. The detailed information of the test data is shown
in Table II. The 2048 sample points are taken as test data for
each sample, where the training is 140 samples and the testing
is 60 samples for each fault.

2) RG: RG is collected by ourselves and the test rig
is shown in Fig. 5(b). The data are acquired by the shear
acceleration sensor that the sequence number is LW65499.
The bevel gear faults include small-end broken half-tooth
failures (SB-F), big-end broken half-tooth failures (BB-F),
uniform wear failures (UW), complete tooth breakage failures
(CT-F), and normal bevel gear (NB). The data are obtained
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TABLE II
DESCRIPTION OF THE DATASET

Fig. 6. Visualization results of vibration signals for different datasets.

for 0, 1, 2, and 3 HP at 20, 30, and 40 Hz by adjusting the
inverter controller. In this section, four working conditions
are selected for experimentation at 30 Hz. Table II shows the
details of the dataset.

3) LZUT: LZUT is collected by ourselves and the test rig
is shown in Fig. 5(c). The object to be tested is deep groove
ball bearing of ER-16k in this test rig. The failure states of
the bearing are rolling fault, inner ring fault, outer ring fault,
combined inner, and outer ring fault. We collect the vibration
signals under the rotational speeds of 1130 r/min (3 HP),
1251 r/min (2 HP), 1378 r/min (1 HP), and 1449 r/min (0 HP).
The sampling frequency is 15.3 kHz and the collecting time
is 8 s. Table II shows the details of the dataset. Fig. 6 shows
the visualization of the collected signals and added noise from
the experimental platform. As can be seen from Fig. 6, there
is a significant difference in the collected vibration signals.

The network parameters are updated by the Adam optimizer
and the learning rate is 0.001. The batch size is 64 and the
epoch is 200.

B. Comparison Methods

To illustrate the superiority of the proposed method, the
following DA methods are selected for comparison.

1) DANN [32]: It consists of feature extractor, predictive
classifier, and domain discriminator. The model learns
domain-invariant features by adversarial training.

2) Deep Discriminative Transfer Learning Network
(DDTLN) [33]: It constructs a joint distribution

adaptive module. The module consists of maximum
mean discrepancy and CORAL.

3) DADDN [20]: It consists of dual domain adversarial
mechanism and weighted joint adaptive distribution.
The model uses balanced central weighting to reduce
negative transfer.

4) Joint Aiscriminative Adversarial Domain Adaptation
(JAADA) [25]: It is a joint-attention adversarial model.
This model fuses local and global attention into DA to
improve feature transferability.

5) Joint Attention Adversarial Domain Adaptation
(JDADA) [21]: It achieves domain and class alignment
by introducing class alignment into DA.

6) Wavelet Information Domain Adaptation Network
(WIDAN) [34]: It is a physically informed wavelet
domain adaptive network. This network integrates
wavelet knowledge into convolutional layers for cross-
domain machine fault diagnosis tasks.

7) Physical Deep Spectral Network (PyDSN) [35]: It
is used for cross-domain fault diagnosis under speed
fluctuations. It utilizes the modulated differentiable
short-time Fourier transform to capture fault frequency
information under speed fluctuations.

8) Sparse Filtering Cross-Domain Adaptation
(SFCDA) [3]: It is a sparse filtered domain adaptive
network. It uses soft reconstruction penalties to
constrain the sparse filtering weights, thus improving
feature independence.

C. Performance Comparison in Noisy Environment

In order to verify that the designed JDM is effective
in reducing the two domain discrepancies and accelerating
the network convergence. Fig. 7 plots the loss profile of
the FJDMA. In Fig. 7, the classification loss is represented
as the classifier loss value. From the figure, it can be
seen that the WMMSD loss value and CORAL loss value
fluctuate at the beginning of model training. As the number of
epochs increases, the two loss values reach full convergence.
In addition, the JDM loss values have the same trend. This
observation suggests that the JDM loss can further reduce the
two domain distribution differences.

In the early stage of rotating machinery, the fault features
are not obvious due to the interference of noise. Therefore, the
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Fig. 7. Loss profile of the FJDMA.

TABLE III
DIAGNOSTIC ACCURACIES OF CWRU

fault diagnosis model should have stable and reliable resistance
to noise interference. In this section, we use the signal-to-noise
ratio (SNR) to measure the strength of vibration signal and
noise, which is defined as follows:

Xsnr = 20 lg(Asignal/Anoise) (27)

where Asignal is the vibration signal amplitude and Anoise is the
noise amplitude. Fig. 6 shows the visualization of the different
datasets after adding noise. It is worth noting that we only add
noise to the target domain in the noise experiment to better
validate the transfer task in an unknown environment.

Fig. 8 and Table III show the transfer diagnosis results
of CWRU in different noise environments. As can be seen
from Fig. 8, when SNR = −2 dB, the diagnostic accuracy
of FJDMA is the lowest in different transfer tasks. This
is because we only add noise signals to the target domain
and do not add noise signals to the source domain. In the
strong noise environment, since the noise signal has a large
interference to the vibration signal, it makes the fault features
more complicated leading to a decrease in the diagnostic
accuracy for the model.

When adding 6-dB noise, the diagnostic accuracy of
FJDMA is above 99.0%. This indicates that with the
weakening of the noise interference, the ability of the model
to capture fault features is increasing. Table III shows that
the overall diagnostic accuracy of the model is above 80%
when we add SNR = −2 dB to SNR = 6 dB to the CWRU
dataset. This indicates that FJDMA has noise resistance and is
able to satisfy transfer learning fault diagnosis in strong noise
environments.

Fig. 9 and Table IV show the transfer diagnosis results
of RG in noisy environments. From Fig. 9, we see that
the accuracy of FJDMA is above 80% under different

Fig. 8. Performance comparison of CWRU under noise environments.

TABLE IV
DIAGNOSTIC ACCURACIES OF RG

Fig. 9. Performance comparison of RG under noise environments.

noise environments. This indicates that FJDMA can meet
the diagnosis requirements under noise environments. The
FJDMA has an average accuracy of 88.55% under nine
different tasks at SNR = −4 dB. This indicates that FJDMA
has good noise immunity. In addition, the error line in Fig. 9
also shows that FJDMA also has good stability. The average
accuracy of FJDMA is 99.74% in nine tasks at SNR = 4 dB.
This indicates that FJDMA has robustness and can satisfy the
fault diagnosis tasks in noisy environments.

D. Cross-Domain Diagnostic Results Under Variable Loads

To visually evaluate the performance of FJDMA and
compare the feature distributions in the source and target
domains, we use the t-SNE technique to visualize and plot the
probability density distributions (PDFs). Specifically, we select
A0–A3 for visualization in the CWRU dataset. In addition,
to better simulate the unknown working conditions, we only
add −2-dB noise to the target domain, and the visualization
results are shown in Fig. 10. From the pdf in Fig. 10(a), we see
that the PDFs of the source and target domains match poorly,
which indicates that the fault features have obvious domain
differences under different operating conditions. DANN cannot
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Fig. 10. Visualization results of CWRU. (a) DANN. (b) DDTLN. (c) DADDN. (d) JAADA. (e) JDADA. (f) Proposed.

effectively classify cross-domain faults, which can also be seen
in the visualization of t-SNE.

However, when we use some domain adaptive techniques,
the overlapping part of source and target domain pdf increases
compared to DANN. At the same time, we can clearly observe
from the visualization of the 2-D features that the classification
of different classes is significantly improved. In Fig. 10(b),
DDTLN focuses on the interdomain differences between
categories using coral distribution. However, when using
MMD to reduce the intradomain differences, it is difficult to
identify the same fault type because MMD uses the mean
as the distribution distance, for example, source and target
domain labels 3 (07OR) and 6 (14OR). In Fig. 10(c), DADDN
balanced central weighting can focus on the differences
between classes in the interdomain, resulting in increased
distances between classes. However, the method does fail to
reduce the intraclass distance, affecting classification accuracy.
In Fig. 10(d), JAADA uses the attention mechanism to focus
more on useful features, resulting in a further reduction in
intraclass distance. However, the method is limited in its
ability to recognize interdomain class differences and cannot

effectively increase the interclass distance. In Fig. 10(f),
different classes are separated and have large interclass
distances, the same classes are aggregated together and have
smaller intraclass distances. This indicates that FJDMA can
pay more attention to useful features and to mine transferable
features.

We select B0–B3 in the RG dataset and add SNR = −4 dB
to the target domain, and the visualization results are shown in
Fig. 11. In Fig. 11, the pdf curves of the comparison methods
are poorly matched, which indicates that the comparison
methods have a lack of ability to capture the differences
between fault features. However, the source and target domain
PDFs of the proposed FJDMA mostly overlap. Specifically,
label 3 (complete tooth breaking faults) and label 4 (large-
end breaking half-tooth faults) are mixed in Fig. 11(a)–(c)
and cannot be classified effectively. This is because the fault
features of labels 3 and 4 are similar, and the limited feature
extraction capability of DANN, DDTLN, and DADDN makes
it difficult to identify their faults. In Fig. 11(d) and (e), the
interdomain class distances are increased, which indicates
that JAADA and JDADA pay more attention to the domain
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Fig. 11. Visualization results of RG. (a) DANN. (b) DDTLN. (c) DADDN. (d) JAADA. (e) JDADA. (f) Proposed.

feature differences. However, JAADA and JDADA cannot
reduce the intraclass distance, and the source and target
domain features cannot be clustered together, which affects the
transfer learning performance. In Fig. 11(f), different classes
are separated and have large interclass distances. The same
classes are aggregated together. This indicates that FJDMA
can focus more on useful features and has better classification
performance.

E. Cross-Domain Diagnostic Results Between Different
Datasets

To rigorously test the experimental conditions and further
verify the generalization performance of FJDMA, we conduct
transfer learning experiments between CWRU, RG, and LZUT.

Among them, the results of CWRU and RG experiments
are shown in Table V and Fig. 12. In Table V, the fault
diagnosis accuracies of the comparison methods are lower
than that of FJDMA in all eight migration tasks. Specifically,

the average diagnostic accuracy of FJDMA is 11.02% higher
than DANN in all transfer tasks, which indicates that the
designed feature alignment module and the joint distributional
migration can capture the transferable features. The average
diagnostic accuracy of FJDMA is improved by 7.18%, 6.51%,
and 12.99% compared to DDTLN, DADDN, and JDADA
in all transfer tasks, respectively. This indicates that only
focusing on interdomain differences is insufficient in cross-
domain fault diagnosis. The average diagnostic accuracy
of FJDMA is improved by 6.56% compared to JAADA,
which indicates that the joint distributional migration improves
the transfer learning performance of the model in cross-
domain. In addition, the average diagnostic accuracy of
the FJDMA is improved by 2.38% and 4.34% compared
to WIDAN and PyDSN, respectively. This suggests that
transferable features can be enhanced by introducing physical
information knowledge. However, WIDAN and PyDSN are
not aligned with features through domain adversarial training,

Authorized licensed use limited to: Lanzhou University of Technology. Downloaded on April 09,2025 at 02:41:00 UTC from IEEE Xplore.  Restrictions apply. 
62 



3525115 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 74, 2025

TABLE V
CROSS-DOMAIN DIAGNOSTIC RESULT FOR CWRU AND RG

Fig. 12. Diagnostic results of FJDMA between CWRU and RG datasets.

which leads to a decrease in the diagnostic accuracy of the
models. The average diagnostic accuracy of the proposed
method is improved by 6.03% compared with SFCDA.
This indicates that the FJDMA performs domain alignment
in terms of features and metrics, which can effectively
reduce the domain discrepancy and enhance diagnostic
accuracy.

Fig. 12 shows the confusion matrix results of FJDMA
between CWRU and RG. In Fig. 12, FJDMA has a high
misclassification rate for BB-F and SB-F in the transfer task of
A–B. This indicates that the fault features of BB-F and SB-F
are more similar, which causes FJDMA to easily misclassify
them as other faults during fault identification. However,
FJDMA has an average accuracy of 89.14% in the four transfer
tasks of A–B, which are all higher than the comparison
methods. In the transfer task of B–A, FJDMA has a higher
misclassification rate for 07OR and 21OR, which indicates that
FJDMA learns insufficient domain-invariant features when the
RG dataset is used as the source domain due to the large data
difference between the source and target domains. However,
FJDMA has an average accuracy of 87.79% in the four transfer
tasks, which is higher than the comparison methods.

Table VI shows the transfer results on different test
platforms where the tested objects are all bearings. From

Table VI, the fault identification accuracy of FJDMA is
above 90% in all eight transfer tasks, and its average
diagnosis accuracy is 95.01%. This further indicates that
FJDMA has good cross-domain diagnosis performance.
Specifically, the average diagnosis accuracy of FJDMA is
improved by 6.03%, 6.37%, and 8.99% compared to DDTLN,
DADDN, and JDADA, respectively. This indicates that it is
necessary to enhance the transferable features and suppress
the redundant features through the attention mechanism.
The average diagnostic accuracy of FJDMA is improved
by 8.77% compared to JAADA, which indicates that the
designed joint distributional migration can effectively identify
domain differences and improve the diagnostic accuracy.
In addition, the average diagnostic accuracy of the FJDMA is
improved by 3.41% and 5.00% compared to the state-of-the-
art WIDAN and PyDSN, respectively. The average diagnostic
accuracy of the FJDMA is improved by 8.16% compared
to SFCDA. Although WIDAN and PyDSN can enhance the
domain adaptive capability by including physical information
in the model. However, the model does not perform domain
adversarial learning resulting in poor diagnostic accuracy. The
SFCDA only uses two layers of FC as a feature extractor,
resulting in insufficient feature extraction capability of the
model.
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TABLE VI
CROSS-DOMAIN DIAGNOSTIC RESULT FOR CWRU AND LZUT

Fig. 13. Diagnostic results of FJDMA between CWRU and LZUT datasets.

Fig. 14. Diagnostic results of ablation experiments. (a) Cross-domain diagnostic results for CWRU and RG. (b) Cross-domain diagnostic results for CWRU
and LZUT.

Fig. 13 shows the confusion matrix results of FJDMA for
cross-domain diagnosis between CWRU and LZUT. From
Fig. 12, we see that FJDMA has a higher misclassification
rate for Comb (combined inner and outer faults) in the
A–C transfer task, this is because this fault type is more
complex, and FJDMA is prone to misclassify it as an inner

or outer ring fault. However, the fault identification accuracy
for other fault types is higher and its average diagnostic
accuracy is 95.01%. This indicates that FJDMA can mine
domain-invariant features and align two domains at the feature
aspect, which improves the fault recognition accuracy under
cross-domain.
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F. Ablation Experiments

In this section, in order to verify the impact of each
component on the model performance, we conduct ablation
experiments. The specific experimental setup is as follows:
removing the local alignment module (R-LAM), removing the
global alignment module (R-GAM), and removing the joint
distributional migration (R-JDM). The experimental results
are shown in Fig. 14. In Fig. 14, R-GAM has the greatest
impact on the diagnostic performance of the model. Its average
diagnostic accuracy is 9.54% and 8.98% lower than the
proposed methods. This indicates that the global alignment
module can pay more attention to the transferable features and
significantly improve the transfer effect of the model. When
there is no global alignment module, the diagnostic accuracy
of the proposed method decreases significantly. In Fig. 14(a),
the average diagnostic accuracy of the proposed method is
improved by 3.63% and 3.93% over R-JDM and R-LAM,
respectively. This indicates that the JDM can reduce the two-
domain distribution difference from the metric distance aspect
during model training, and the local alignment module can
over further focus on more domain-invariant features from the
feature aspect. In addition, the average diagnostic accuracy
of FJDMA is 95.02% in the dataset of bearings when all
modules are activated. The average diagnostic accuracy is
88.47% in the dataset where the tested objects are bearings
and gears.

This further illustrates that the proposed method has
superior performance and better generalization performance
for cross-domain fault diagnosis. In Fig. 14(a), we also notice
that the diagnostic accuracy of the proposed method shows
a significant decrease in the B2–A2 migration task. This is
because the source domain is the gear dataset and the target
domain is the bearing dataset in the B2–A2 migration task.
Thus, there are large differences in the samples of the source
and target domains, and the big-end broken half-tooth faults
have similar fault characteristics to the outer ring faults, which
leads to the insufficient domain-invariant features learned by
the proposed method.

To further visualize the contribution of each module to
feature metastability, we selected the second feature extraction
module of the feature extractor for feature visualization,
as shown in Fig. 15. In Fig. 15, the horizontal axis is
the number of channels and the vertical axis is the time
index. Different colors represent different feature values.
In Fig. 15(a), the higher feature values are shown to be
richer and more homogeneous, which indicates that the
proposed method can focus on more domain-invariant features.
In Fig. 15(b) and (c), we find that the distribution of higher
feature values starts to decrease. This suggests that R-LAM
and the JDM reduce the model’s ability to capture domain-
invariant features, leading to a decrease in the model’s
diagnostic performance. In Fig. 15(d), we find that most of the
feature values are low and the distribution of higher feature
values is rare. This indicates that the global alignment module
has the greatest impact on the model’s performance. The
diagnostic performance of the model is severely degraded after
R-GAM.

Fig. 15. Results of feature visualization. (a) Proposed. (b) R-LAM.
(c) R-JDM. (d) R-GAM.

V. CONCLUSION

In this article, we propose a domain adversarial fault
diagnosis method based on FJDMA. The method performs
domain adaptation at the feature and domain training aspects.
Specifically, the following conditions hold: 1) a feature aligner
is designed at the feature aspect, which learns domain-
invariant features from both local and global perspectives; and
2) a joint distributional migration is designed at the domain
training aspect, which consists of the weighted maximum
mean square discrepancy loss and the CORAL loss to achieve
intradomain and interdomain classes distribution alignment.
Finally, experimental analyses are performed by two bearing
datasets and one gearbox dataset and compared with state-
of-the-art methods. The results show that FJDMA has the
highest diagnostic accuracy in both noisy environments and
cross-domain fault diagnosis.

In this article, we study single-source domain cross-domain
fault diagnosis. In the future, we will extend FJDMA to
multisource domain scenarios.
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A B S T R A C T

Domain Adaptive (DA) is widely used for the cross-domain remaining useful life (RUL) prediction of rolling
bearings. However, most of the existing DA-based RUL methods reduce the distribution discrepancy from dis-
tance metric, ignoring the impact of degraded features on transfer learning. Therefore, this paper proposes a
wavelet decomposition and dynamic calibration domain adaptive network (DCDAN). DCDAN enhances the
domain representation in three dimensions: input samples, feature extraction and distance metric. Specifically,
the data enhancement module is designed for the input samples, which performs multi-resolution analysis by
wavelet transform to obtain different levels of low-frequency and high-frequency signals. Meanwhile, the fre-
quency enhancement channel attention mechanism is used to preserve critical degradation features and reduce
the missing of frequency information. The multi-scale temporal convolution module (MTCM) and the broadcast
multi-head self-attention gated recurrent unit (BMSA-GRU) are designed for the shared feature extractor to
extract more domain invariant features. In addition, when performing domain-adversarial training, a smooth
multi-kernel maximum mean difference is designed to further reduce the difference between the source and
target domains. Finally, the effectiveness of DCDAN is validated on two bearing datasets, the results show that
DCDAN has better RUL prediction accuracy than other methods.

1. Introduction

Rolling bearing is an indispensable part of the rotating machinery,
which is widely used in various industrial fields. Its health state de-
termines the useful life of the whole rotating machinery [1,2]. There-
fore, the remaining useful life (RUL) prediction of rolling bearings can
help to repair mechanical equipment in time, and prolong the life of
mechanical equipment, and avoid major safety accidents [3–5].

In recent years, scholars have proposed a lot of RUL prediction
methods for rolling bearings and have achieved fruitful research results.
These methods can be classified into two categories: model-driven based
methods and data-driven based methods [6–8]. Model-driven based
methods require that the mathematical model be constructed to describe
the degradation process for rolling bearings. However, the complex and
changing working environment makes it difficult to build an accurate
mathematical model and describe the degradation trend of rolling
bearing in practical engineering. With the rapid development of intel-
ligent sensing technology and artificial intelligence, data-driven RUL
prediction methods have been rapidly developed [9–11], main steps of

these method contain: collecting bearing degradation data, building
neural network model, performing feature extraction, and RUL predic-
tion. For example, Wang et al [12] proposed a competitive temporal
convolutional network (CTCN) to predict the RUL of rolling bearings,
which used dual competitive attention and temporal convolutional
networks to extract degradation features. Xu et al [13] proposed a
multiscale temporal convolutional network (MSTCN) for RUL predic-
tion, which combined multiscales with the self-attention mechanism to
focus on the degradation features from both the temporal and spatial
dimensions. Sun et al [14] combined the symmetric dot pattern (SDP)
and composite multiscale permutation entropy (CMPE) to extract the
bearing degradation features, which combined image and entropy to
make the process of extracting degradation features simpler and more
efficient. Qing et al [15] proposed a data-driven prediction method for
bearings based on gated recurrent unit networks, a power spectrum
related health indicator was constructed, and the gated recurrent unit
network was utilised to predict the RUL of the bearings. In addition,
some scholars have introduced physical knowledge into the models to
construct more reliable prediction models. For example, Fu et al [16]
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proposed a wavelet koopman predictor to achieve anomaly detection,
which decomposed the non-stationary input into time-varying and time-
invariant components by wavelet transform. Ma et al [17] proposed a
time series prediction method based on Transformer and Kalman
filtering, which embedded Kalman filtering into Transformer to achieve
noise suppression. The above methods extract degradation features
through neural networks. These features describe the degradation trend
of rolling bearing more comprehensively and accurately. However, the
above methods only carry out the study from the same working condi-
tions. In other words, it is assumed that the training samples and test
samples obey the same distribution. In practical engineering, most
bearings operate under different operating conditions, and the differ-
ence in data distribution would lead to the sharp decrease for the RUL
prediction performance [18–20].

RUL prediction under different operating conditions is the same
concept as RUL prediction under cross domain. Cross domain refers to
the process that a model transfers the learnt knowledge from the source
domain to the target domain. To solve this problem, domain adaptive
(DA) in transfer learning is introduced to the RUL prediction of rolling
bearing. DA applies the learned source domain knowledge to the target
domain by mining the similarity between the source and target domain
features, which ultimately improves the RUL prediction accuracy of
target domain [21,22]. For example, Li et al [23] proposed a knowledge-
enhanced Transformer-based method for RUL prediction of rolling
bearings, which used convolution and transformer to extract shared
features in the source and target domains. Shuang et al [24] constructed
a multi-branch network, multi-kernel maximum mean difference is used
to reduce the distribution difference between the two domains. Zhao et
al [25] constructed a feature extractor using residual network, and
achieved RUL prediction. The above methods have achieved encour-
aging results in cross-domain RUL prediction for bearings. However,
they still have the following shortcomings: (1) The variability of the
distribution for rolling bearings at different stages is not fully consid-
ered. Rolling bearing can be classified into healthy state, slow degra-
dation state and rapid degradation state, and the samples of different
states have different discrepancies. It is difficult to mine the degradation
features of rolling bearings at different stages using single-scale convo-
lution. (2) The influence of critical features on the RUL prediction results
for rolling bearings is not sufficiently considered. Rolling bearings often
operate in noisy environments, and some critical degradation features
can be drowned out by noise.

To address the above challenges, this paper proposes a wavelet
decomposition and dynamic calibration domain adaptive network
(DCDAN) to achieve RUL prediction for rolling bearings. DCDAN can
capture the multi-scale features of rolling bearings at different stages of
degradation and can effectively extract the features from different time
scales by employing convolutional kernels of different scales, thus better
adapting to the feature changes of rolling bearings in healthy, slow
degradation and rapid degradation states. In addition, an attention
mechanism is introduced to capture critical features under different
stages, further improving the RUL prediction performance under cross
domain. Specifically, to reduce the interference of noisy for vibration
signals, the data enhancement module is designed, which consists of
wavelet transform and frequency enhancement channel attention
mechanism. Then, a multi-scale temporal convolution module (MTCM)
and a broadcast multi-head self-attention gated recurrent unit (BMSA-
GRU) are developed. MTCM not only achieves multi-scale feature
extraction, but also enhances the model’s ability to capture critical
features by dynamically calibrating the weights. BMSA-GRU helps to
capture long-term dependencies. Finally, MTCM and BMSA-GRU are
utilized to construct the feature extractor, and the distributional dif-
ferences between the source and target domain samples are mitigated by
a multi-kernel maximum mean difference. The main contributions of
this paper are described as follows:

(1) A data enhancement module is designed which consists of
wavelet transform and frequency enhancement channel attention

mechanism. The vibration signals are analyzed at multiple resolutions
by discrete wavelet transform to obtain different levels of low and high
frequency signals. The frequency channel attention mechanism is used
to retain critical degradation features and reduce the missing frequency
information.

(2) MTCM and BMSA-GRU are designed as the shared feature
extractor. MTCM consists of several temporal channel attention blocks,
each temporal channel attention block contains a dynamic temporal
calibration unit and a multi-kernel efficient channel attention. The dy-
namic temporal calibration unit can adjust the weights of the convolu-
tion to fully exploit degraded features at different scales. BMSA-GRU
further helps to capture the long-term dependencies of the time series.

(3) A smooth multi-kernel maximum mean difference is designed by
introducing regularization, which further mitigates the difference in
distribution between the samples in the source and target domains.
Experimental results show that the proposed method is superior to
existing RUL prediction methods and has good generalization
performance.

The remainder of the paper is structured as follows: Section 2 pre-
sents related works. Section 3 describes the proposed methodology.
Section 4 is case studies and analyses. Section 5 concludes.

2. Related works

2.1. Description of the problem

Transfer learning applies existing knowledge to an unknown domain.
The domain to be transferred is called the source domain and the domain
to be learnt is called the target domain in transfer learning. In this paper,
we define the source domain as

{
xsi , ysi

}ns
i=1, where ns is the total number

of samples in the source domain and ysi is the label corresponding to the
samples. The sample of the source domain is χs that obeys a marginal
probability distribution. We define the target domain as

{
xti
}nt
i=1, where

nt is the total number of samples in the target domain. The sample of the
target domain is χt that obeys the marginal probability distribution.
Since the working environments of rolling bearings change frequently,
there is the big difference between the data distribution of the source
domain and the target domain.

2.2. Separable convolution

Separable convolution consists of depth convolution and point-wise
convolution. Specifically, first, deep convolution provides separate
convolution operations for each channel of the input, its mathematical
formula is described as follows:

Convdepth
(
x,wd) =

∑M

m=0
x(c,l+m)⋅wd

(c,m) (1)

where x denotes the input signal, wd denotes the weight of the deep
convolution, m denotes the convolution kernel, M denotes the total
number of convolution kernels, c denotes the number of channels, and l
denotes the length of the input signal.

Then, the output of the depth convolution is operated using point-
wise convolution to fuse the information from the different channels,
its mathematical formula is described as follows:

Convpoint(xp,wp) =
∑C

c=0
xP(c,l)⋅w

P
(c,C) (2)

where xp denotes the input signal,wp denotes the point-wise convolution
weight, and C denotes the total number of channels.
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2.3. Dilated causal convolution

Dilated causal convolution consists of dilated convolution and causal
convolution. Dilated convolution captures long-term dependencies by
inserting the holes between the convolution kernels, allowing the
convolution kernels to span larger time steps. Causal convolution en-
sures that the output depends only on the current and past inputs,
avoiding leakage of future information. Thus, dilated causal convolution
not only significantly improves the modelling capability, but also
effectively reduces the computational burden.

2.4. Gated recurrent unit (GRU)

Gated Recurrent Unit (GRU) is a variant of recurrent neural network
(RNN), which not only solves the problem of gradient vanishing during
training of RNN, but also captures the long-term dependencies of time
series. GRU consists of an update gate and a reset gate. The update gate
controls the updating of the hidden state and helps the model to retain or
forget the historical information. The reset gate controls how much the
current moment is combined with the previous moment.

3. The proposed methodology

This section describes the main structure of the dynamic calibration
domain adaptive network (DCDAN). In addition, the objective function
is also presented for model training.

3.1. Dynamic calibration domain adaptive network

3.1.1. Data enhancement module
The data enhancement module consists of wavelet transform and

frequency enhancement channel attention mechanism. Wavelet trans-
form can effectively suppress noise interference in non-stationary sig-
nals [26]. The frequency enhancement channel attention mechanism
not only enhances the critical features, but also obtains more frequency
components by the discrete cosine transform (DCT) [27,28], which
enhance useful features and avoid information missing by converting
the signals from the time domain to the frequency domain. In addition,
performing feature extraction in the frequency domain also helps to
more effectively suppress noise in non-stationary signals. The structure
of the data enhancement module is shown in Fig. 1.

In Fig. 1, the Daubechies (db4) wavelet is first chosen as the mother
wavelet for 3-level wavelet transform. Specifically, we define the scale

function and wavelet function in the wavelet transform, which are
described as follows:

κj,k(t) =
̅̅̅
2

√ ∑

n
h(n) × κ(2t − n) (3)

ϕj,k(t) =
∑

n
g(n) × ϕ(2t − n) (4)

where κj,k(t) is the scale function and ϕj,k(t) is the wavelet function, h(n)
is the low-pass filter and g(n) is the high-pass filter. Therefore, the
J− level DWT is described as follows:

x(t) =
∑2N− j − 1

k=0

αj,k2−
j
2 × κ

(
2− jt − k

)
+
∑J

j=1

∑2N− j − 1

k=0

βj,k2
−
j
2 × ϕ

(
2− jt − k

)
(5)

where x(t) denotes the vibration signal and 2n denotes the length of the
vibration signal, αj,k denotes the approximation coefficients sampled on
the low-pass filter and βj,k denotes the approximation coefficients
sampled off the high-pass filter. In order to avoid the duplication of
degenerate information and reduce the computational burden, we select
the wavelet reconstructed signals at Level = 1, Level = 3 and Level = 5
as the input signals for the model.

Then, the input is divided along the channel dimension, i.e.,
[
C0,C1,

...,Cn− 1
]
. For each channel, the frequency of DCT is described as follows:

Freqi = DCTCi
(
xi
)
=
∑L− 1

l=0
xi⋅cos

(
πk
L

(

i+
1
2

))

(6)

where Ci is the index of the channel, Ci ∈ n× L. xi is the input signal,
which is obtained by discrete wavelet transform, i ∈ {0,1, ..., L − 1}. n is
the number of channels and L is the length of the input signal. k is the
frequency component index, k ∈ {0,1, ..., L − 1}.

Finally, each frequency component is fused and the attentional
attention score is obtained by the sigmoid function, which is described
as follows:

Freq = cat
(
Freq0, Freq1, ..., Freqn− 1

)
(7)

attscore = σ(fc(Freq) ) (8)

where cat(⋅) is the fusion function, σ(⋅) is the sigmoid function and fc(⋅) is
the fully connected layer. In the data enhancement module, different
levels of low and high frequency signals are obtained by wavelet

Fig. 1. Data enhancement module.
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transform and the useful degradation features are enhanced using fre-
quency enhancement channel attention mechanism.

3.1.2. Feature extractor
When using domain adaptive for cross-domain RUL prediction of

bearings, the metric function is usually used to reduce the difference
between the source and target domains. However, there are large dif-
ferences between the source and target domain samples. Only using the
metric function to reduce the domain difference would result in poor
cross-domain RUL prediction of bearings. Therefore, a dynamically

calibrated feature extractor is designed to mine more domain-invariant
features, which consists of a multi-scale temporal convolution module
(MTCM) and a broadcast multi-head self-attention gated recurrent unit
(BMSA-GRU). MTCM not only extracts rich information at different time
scales, but also improves the receptive field without increasing param-
eters. BMSA-GRU further helps the feature extractor to capture the long-
term dependencies of the time series. The details of MTCM and BMSA-
GRU are described as follows.

(1) Multi-scale temporal convolution module
MTCM consists of several temporal channel attention blocks

Fig. 2. Schematic structure for MTCM.

Fig. 3. Schematic diagram for DTCU.
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(TCABs), each TCAB is connected to each other with residual connec-
tions for forward propagation of features. The dilation factor of the
dilated convolution between different TCABs is set to d = 1,2,3, which
enhances the receptive field of the feature extractor. The schematic di-
agram of MTCM is shown in Fig. 2. TCAB consists of dynamic temporal
calibration unit (DTCU) and multi-kernel effective channel attention
(MK-ECA). DTCU can assign different weights for different input sam-
ples to dynamically balance the weights, which enables the model to
better learn degraded features. MK-ECA efficiently enhances the
degraded features of the bearings and suppresses the redundant infor-
mation through channel interacting encoding.

The schematic diagram of DTCU is shown in Fig. 3. DTCU is imple-
mented by three steps.

Step1: The input of DTCU is X, X ∈ L× H. The dynamic coefficient
matrix is obtained by a global average pooling, two fully connected
layers, a ReLU layer and a sigmoid layer. where ReLU layer is used to
activate the features and ensure that the network captures important
feature information. The sigmoid layer is used to generate the attention
weights between 0 and 1, which is described as follows:

A = Fsig(FF(FR(FF(FGAP(X) ) ) ) ) , A ∈
[
a1, a2,a3

]
(9)

where A is the matrix of dynamic coefficients, Fsig(⋅) is the sigmoid
function, FF(⋅) is the fully connected layer, FR(⋅) is the ReLU function,
and FGAP(⋅) is the global average pooling layer.

Step2: Separable convolutions of different sizes are used for feature
extraction. Specifically, the static weight coefficients of the input sam-
ples are obtained using separable convolutions of different sizes. The
static weight coefficients are multiplied with the dynamic coefficient
matrix to dynamically adjust the different weights of the input samples,
which is described as follows:

W = FdSconv(X),W ∈ [ω1,ω2,ω3] (10)

B = A×W,B ∈ [B1,B2,B3] (11)

where W is the static weight coefficient, B is the different weight
matrices after adjustment, FdSconv(⋅) is the separable convolution and d is
the dilation factor.

Step3: The obtained different weight matrices are linearly summed.
In addition, the dilated convolution is used to perform the convolution
operation on the input X. The obtained results are fused with the weight
matrices to achieve the output of DTCU, which is described as follows:

Wd = Add(B1,B2,B3) (12)

Y =Wd ⊕ FdDconv(X) (13)

where ⊕ is the fusion operation, FdDconv(⋅) is the dilated convolution, and
d is the dilation factor.

(2) Broadcast multi-head self-attention gated recurrent unit
The multi-scale temporal convolution module can only extract the

local degradation features. However, the feature extracting ability of the
network is often limited under different operating conditions, resulting
in poor prediction performance. GRU is not only capable of capturing
long-term dependencies between different time steps, but also mitigates
the problem of gradient vanishing [29]. Currently, GRU with attention
mechanism only connects the output and input of the network together,
which results in degradation features at different time steps not being
captured. Thus, we use broadcast attention to construct the broadcast
multi-head self-attention gated recurrent unit (BMSA-GRU) between the
reset gate and the update gate, which the structure is shown in Fig. 4.

In Fig. 4, firstly, the reset and update gates of GRU control the
missing of information and the degree of hidden layer information up-
date, respectively. The update process for reset gate and update gate is
described as follows:

zt = σ
(
xtwz

x + ht− 1wh
z + bz

)
(14)

rt = σ
(
xtwr

x + ht− 1whr + br
)

(15)

where σ is the sigmoid function, wzx and wrx are the weight parameters
corresponding to the input variables, whz and whr are the weight param-
eters corresponding to the hidden units. bz and br are the bias parame-
ters. In addition, the auxiliary hidden state of the input h̃ is described as
follows:

hʹ = Ftanh
(
xtwh

x + (rt ⊗ ht− 1)whh + bh
)

(16)

where Ftanh is the tanh function, whx and whh are the weight parameters. bh
is the bias parameter, ⊗ is the elemental product operation.

Secondly, we use broadcast attention to construct the multi-head
self-attention mechanism between the reset gate and the update gate.
Broadcast attention not only can fully mine the global feature infor-
mation, but also can effectively reduce the computational complexity by
using convolution. Specifically, we define the query matrix Q, key ma-
trix K and value matrix V, which are described as follows:

Fig. 4. Schematic diagram of BMSA-GRU.

Y. Zhang et al. Measurement 251 (2025) 117278 

5 71 



⎧
⎨

⎩

Q = Softmax(Wq × ξ)
V = ReLU(Wv × ξ)

K =Wk × ξ
(17)

where Wq, Wv and Wk are the convolution weights. Wq is used to
calculate the contribution value at different time steps. The contribution
value is assigned toWk by broadcasting operation for adaptive selection
of degraded features. The process is described as follows:

δ =
∑N

i=1

(
Wq

i ⊗Wk
i
)

(18)

where⊗ is the broadcast operation. δ is passed to the value matrix by the
broadcast operation. Thus, the bearing degradation information is ob-
tained from the global perspective. The process is described as follows:

Xoutput =
∑C

j=1

(
δbi ⊗Wv

i
)

(19)

where δbi is the result of the broadcast operation performed on the query
matrix and the key matrix, and C is the number of channels.

Finally, reset gate and update gate through multi-head self-attention
mechanism are updated as follows:

źt = multihead
(
σ
(
xtwz

x + ht− 1wh
z + bz

))
(20)

rʹt = multihead
(
σ
(
xtwr

x + ht− 1wh
r + br

))
(21)

where multihead(⋅) denotes the multi-head self-attention mechanism.

3.1.3. Smooth multi-kernel maximum mean difference
We design a smooth multi-kernel maximum mean difference by

introducing regularization. Specifically, the Gaussian kernel is used as
the basic kernel function, which is described as follows:

K(x, y) = exp

(

−
‖x − y‖2

θ2

)

(22)

where θ is the bandwidth parameter of the kernel function. ‖⋅‖2 is the
square of the Euclidean distance. Then, the multicore maximum mean
difference between the source and target domains is calculated, which is
described as follows:

Fig. 5. Flowchart of RUL prediction for the DCDAN.
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MKMMD2(X,Y) =
∑p

j=1
wj

⃦
⃦
⃦
⃦
⃦

1
n
∑n

i=1
ϕ(xi) −

1
m
∑m

j=1
ϕ
(
xj
)
⃦
⃦
⃦
⃦
⃦

2

H

(23)

where X and Y denote the source and target domains, respectively. wj is
the weight of the kernel function, ϕ(⋅) is the feature mapping operation,
n is the total number of samples in the source domain, and m is the total
number of samples in the target domain. ‖⋅‖2H is the L2 paradigm of the

difference between the source and target domains. Finally, the smooth of
the multi-kernel maximum mean difference is achieved by introducing
the regular term in Eq. (23), which is described as follows:

sMKMMD2(X,Y) =
∑p

j=1
wj

⃦
⃦
⃦
⃦
⃦

1
n
∑n

i=1
ϕ(xi) −

1
m
∑m

j=1
ϕ
(
yj
)
⃦
⃦
⃦
⃦
⃦

2

H

+ γ
∑p

j=1
w2
j (24)

where γ is the regularization factor, which is obtained by cross-valida-
tion.

Fig. 6. FEMTO dataset of bearing degradation test rig.

Table 1
Division of the PHM2012 dataset.

Task Condition Training Test bearing
Source domain Target domain

A CS1 → CS2 IEEE1-1, IEEE1-2 IEEE2-2 IEEE2-1
B CS1 → CS2 IEEE1-1, IEEE1-2 IEEE2-1 IEEE2-2
C CS1 → CS2 IEEE1-1, IEEE1-2 IEEE2-1 IEEE2-4
D CS2 → CS1 IEEE2-1, IEEE2-2 IEEE1-2 IEEE1-1
E CS2 → CS1 IEEE2-1, IEEE2-2 IEEE1-1 IEEE1-2
F CS2 → CS1 IEEE2-1, IEEE2-2 IEEE1-1 IEEE1-4

Fig. 7. XJTU-SY dataset of bearing degradation test rig.

Table 2
Division of the XJTU dataset.

Task Condition Training Test bearing
Source domain Target domain

1 CS1 → CS2 XJTU1-1, XJTU 1–2 XJTU 2–2 XJTU 2–5
2 CS1 → CS2 XJTU 1–1, XJTU 1–2 XJTU 2–5 XJTU 2–2
3 CS2 → CS1 XJTU 2–1, XJTU 2–2 XJTU 1–2 XJTU 1–5
4 CS2 → CS1 XJTU 2–1, XJTU 2–2 XJTU 1–5 XJTU 1–2
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3.2. Model optimization function

The optimization function of DCDAN consists of the following
objective functions: the maximizing domain adversarial loss LDA, the
minimizing RUL prediction loss LRUL and the minimizing sMK-MMD loss
LsMK− MMD, which are described as follows:

LDA = −

(
1
ns

∑ns

i=1
log
[
Dd
(
f is , θ

)]
+
1
nt

∑nt

i=1
log
[
Dd
(
f it , θ

)]
)

(25)

where ns is the source domain samples, nt is the target domain samples,

Dd
(
f is , θ

)
is the predicted label for the source domain, and Dd

(
f it , θ

)
is the

predicted label for the target domain.

LRUL =
1
ns

∑ns

i=1

(
ystruei − ysi

)2 (26)

where ystruei is the true RUL and ysi is the predicted RUL.

LsMK− MMD = ‖E[ϕ(xs)] − E[ϕ(xt)]‖2H (27)

where E(⋅) is the mathematical expectation, ϕ(⋅) is the regenerated
Hilbert space mapping and H is the feature kernel. Thus, the overall
optimized loss function of DCDAN is described as follows:

Ltotal = LRUL − μLDA+ λLsMK− MMD (28)

where μ and λ are the weight parameters for domain adversarial loss and
multi-kernel maximum mean loss, respectively. The parameters of
DCDAN are optimized by using Adam, which are described as follows:

θf←θf − η
(

∂LRUL
∂θf

− μ ∂LDA
∂θf

+ λ
∂LsMK− MMD

∂θf

)

θr←θr − η ∂LRUL
∂θr

θd←θd − η ∂LDA
∂θd

(29)

Table 3
Parameters of DCDAN.

Names Layers Kernel/Hidden size Activation Input Output

Feature extractor Input / / / 2560 × 6
Data enhancement module / / 2560 × 6 2560 × 6
Convolution 12 LeakyReLU (0.1) 2560 × 6 2560 × 16
Max-pooling 2 / 1280 × 16 640 × 16
1st TCAB 3 / 640 × 16 320 × 12
2nd TCAB 3 / 320 × 12 160 × 8
3rd TCAB 3 / 160 × 8 160 × 6
BMSA-GRU 6 / 640 × 16 640 × 12
Fusion / / / 18 × 1

Domain discriminator Convolution 3 ReLU 2560 × 6 1280 × 32
Max-pooling 2 / 1280 × 32 640 × 32
Convolution 3 ReLU 640 × 32 320 × 64
Max-pooling 2 / 320 × 64 160 × 64
Dense 128 ReLU 160 × 64 128 × 1
Dense 1 Sigmoid 128 × 1 1

Regressor Dense 64 ReLU 18 × 1 64 × 1
Dense 1 Linear 64 × 1 1

Fig. 8. Reconstruction of low frequency signal after wavelet decomposition.
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where η is the learning rate. Algorithm 1 shows the training and testing
process for DCDAN.
Algorithm 1: Training and Test Procedures for DCDAN

Inputs: source domain
{
xsi , ysi

}ns
i=1, target domain

{
xti
}nt
i=1

1: Set hyperparameters such as convolution layer, activation, learning rate, batch size,
epoch

2: Initialise the weights and biases for DCDAN
3: Divide the training and test of the source and target domains
4: IF DCDAN does not reach convergence do
5: For each training epoch do
6: Calculate the output of RUL regressor
7: Solve LRUL based on Eq. (26)
8: Calculate the outputs for domain classifiers and sMK-MMD
9: Solve LDA based on Eq. (25)
10: Solve LsMK− MMD based on Eq. (27)
11: Update model parameters according to Eq. (29)
12: End for
13: Save the trained model
Outputs: Test data are loaded into the trained DCDAN to obtain prediction results of
the test samples

3.3. The RUL prediction framework for DCDAN

The overall flowchart of DCDAN is shown in Fig. 5, which can be
summarized in three steps:

Step 1: Data acquisition and processing. The vibration signals are
collected under variable working conditions. Then, the vibration signals
are decomposed into multiple levels by discrete wavelet transform to
obtain the reconstructed signals at level= 1, level= 3 and level= 5. The
RUL labels are created for the reconstructed source domain samples.

Step 2: Model design and training. A dynamic calibration domain
adaptive network is built and initialized, which consists of a feature
extractor, a domain classifier and a RUL regressor. The multi-scale
temporal convolution module and broadcast multi-head self-attention
gated recurrent unit are embedded into the feature extractor to mine
more domain-invariant features. In addition, the distribution difference
between the source and target domains is further reduced by multi-
kernel maximum mean difference in the RUL regressor. The network
is trained using some labelled samples at the source domain and unla-
belled samples at the target domain, and the network parameters are
updated by an overall optimized loss function.

Step 3: The test samples at the target domain are fed into the trained

Fig. 9. RUL prediction results for the six tasks of the PHM 2012 dataset. (a) TaskA (b) TaskB (c) TaskC (d) TaskD (e) TaskE (f) TaskF.
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network for RUL prediction.

4. Experiments and analysis

In order to validate the prediction performance of DCDAN, two
datasets are used for case studies in this paper. The computer configu-
ration for the experiments is AMD Riptide 5-4600H processor and the
experimental framework is keras = 2.0.0.

4.1. Introduction to the datasets

4.1.1. IEEE PHM 2012 dataset
The IEEE PHM 2012 dataset is derived from the PRONOSTIA test rig

[30]. The platform consists of an AC motor, the tested rolling bearing,
and an acceleration sensor, as shown in Fig. 6. The dataset contains full
life cycle acceleration data of 17 bearings under three different oper-
ating conditions. The acquisition of the vibration signals is stopped
when the amplitude of the vibration signals exceeds 20 g. The sampling
frequency of the vibration signals is 25.6 KHz, and the data are recorded
once every 10 s. 2560 data samples are collected each time. In the ex-
periments, we select the full life acceleration degradation under working
conditions (1) and (2). The details are shown in Table 1.

4.1.2. XJTU-SY bearing dataset
The XJTU-SY bearing dataset is obtained from Xi’an Jiaotong Uni-

versity, and the experimental platform is shown in Fig. 7 [31]. The
tested bearing of this experimental platform is LDK UER204, and the
acceleration data of 15 bearings under three working conditions are
collected by hydraulic loading system. The sampling frequency is 25.6
KHz and 32,768 data samples are collected each time. In the experi-
ments, we select the bearing data under working conditions (1) and (2)
for cross domain experiments. The details are shown in Table 2.

4.1.3. Evaluation metrics
We use the mean absolute error (MAE), root mean square error

(RMSE) [32,33], and scoring function to evaluate the RUL prediction
performance [34]. The MAE and RMSE formulas are calculated as
follows:

Eri =
(
Preruli − Actruli

)/
Preruli (30)

MAE =
1
N
∑N

i=1

⃒
⃒Preruli − Actruli

⃒
⃒ (31)

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1

(
Preruli − Actruli

)2

√
√
√
√ (32)

where N is the total number of samples, Preruli is the predicted RUL at
time i, and Actruli is the true RUL at time i.

The mathematical formulation of the scoring function is described as
follows:

Score = α1
k
∑k

i=1
Ai + β

1
n − k

∑n

k+1
Ai (33)

where Ai denotes the weighted error between the true RUL and the
predicted RUL at time i, α and β are the weighting factors.

Ai =
{
e− ln(0.6)•(Eri/10), Eri ≤ 0
eln(0.6)•(Eri/40), Eri > 0

(34)

where e is the exponential function.

4.2. Model parameters and data processing

4.2.1. Model parameters
The parameters of DCDAN are shown in Table 3. The feature

extractor consists of MTCM and BMSA-GRU. The domain discriminator
consists of three fully connected layers. The regressor consists of two
fully connected layers. The layer choice of wavelet transform and the

Fig. 10. RUL prediction results for the six tasks of the XJTU dataset. (a) Task1 (b) Task2 (c) Task3 (d) Task4.
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hyperparameters of the model are obtained through cross-validation
experiments. The network parameters are updated by Adam optimizer.
The learning rate is 0.001 and the batch size is 128. The training
network is 200 epoch.

4.2.2. Data processing
The neural network has the strong feature extraction ability, which

can directly extract the degradation features from the vibration signals
of the rolling bearings. However, due to the harsh working environment,
the vibration signals are interfered to become non-stationary by noise.
The wavelet transform can decompose the original vibration signals into
low-frequency signals and high-frequency signals, thus effectively
filtering out the noise interference. Taking bearing 1-1, 1-2 in IEEE 2012
and XJTU as an example, we plot the low-frequency of 3-level

Fig. 11. Result of feature visualisation after t-SNE.
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decomposition in Fig. 8. In Fig. 8, wavelet transform can effectively filter
the noise interference for the non-stationary signals, and the filtering
effect is more obvious with the increase of decomposition layers.

In order to convert vibration signals of different amplitudes under
the same standard, we perform normalization on the vibration signals
after wavelet decomposition. The process is described as follows:

X =
x − φ

ξ
, φ =

1
N
∑N

i=1
xi , ξ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
N
∑N

i=1
(xi − φ)2

√

(35)

where φ is the mean value of the input data and ξ is the standard de-
viation of the input data. The scale differences between the vibration
signals can be eliminated by normalization, which helps to be more
stable and improves the training speed of the model.

4.3. RUL prediction results and visualization analysis

4.3.1. RUL prediction results for rolling bearings
Fig. 9 is the RUL prediction results for the six tasks of the PHM 2012

dataset, which shows the true RUL values in red and the predicted RUL
values in blue. All tasks are repeated ten times to reduce randomness.
We conclude the following by observing the plots: (1) The predicted RUL
values of DCDAN have a good downward trend in the plots, and the
predicted values basically fluctuate at the true RUL. (2) The predicted
values for the remaining tasks are closer to the true values in the later
stages of the prediction, except for the anomaly for TaskE. This is due to
the fact that the data for TaskE are collected during the rapid degrada-
tion failure of the bearing. Therefore, it exhibits stronger nonlinearity in
the later stages of equipment operation, which leads to a larger differ-
ence between the distributions in the source and target domain, and

Fig. 11. (continued).

Table 4
Prediction results of different methods for PHM 2012 dataset.

Methods Metrics TaskA TaskB TaskC TaskD TaskE TaskF Average

DCDAN MAE 8.9269 6.7631 10.610 8.2963 8.0121 7.2457 8.3090
RMSE 12.570 9.4395 12.997 10.740 9.7236 8.7619 10.705

DTM MAE 13.602 16.087 13.277 18.394 14.046 10.711 14.352
RMSE 17.017 19.987 17.261 20.116 18.052 13.633 17.677

MAOR MAE 9.6880 11.327 13.100 12.855 9.1294 11.904 11.334
RMSE 12.752 13.685 17.448 14.710 11.263 13.337 13.865

TCN-RSCB MAE 15.271 17.487 14.546 16.174 13.948 13.576 15.167
RMSE 18.943 21.701 18.109 17.221 15.690 16.116 17.963

BTACN MAE 19.698 17.354 13.425 19.641 16.191 19.458 17.627
RMSE 23.310 19.876 17.378 23.691 20.106 21.467 20.971

MCNN MAE 14.955 17.078 13.542 16.702 14.256 17.443 15.662
RMSE 20.624 22.918 18.511 18.433 17.464 19.908 19.643

SCTA MAE 15.381 22.822 11.944 19.327 16.724 15.399 16.932
RMSE 18.142 25.081 15.558 21.722 18.525 16.944 19.328
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ultimately affects the prediction accuracy of TaskE. (3) The predicted
values of DCDAN have large fluctuations in the initial stage, which are
caused by abnormal vibrations of the bearings during the run-in stage. In
the later stages of prediction, DCDAN can extract and capture more
domain invariant features, which makes the predicted values closer to
the true values.

Fig. 10 shows the RUL prediction results for the four tasks of the
XJTU dataset, the experimental setup is the same as the PHM 2012
dataset, we have the following findings: (1) DCDAN obtains good pre-
diction results in all four tasks, the predicted RUL has a similar
decreasing trend with the true RUL and follows the true RUL values well.
(2) For Task1, the predicted RUL fluctuates around the true RUL in the
early stage. However, the predicted values can follow the true values
well in the later stages, because the samples of the target domain and the
source domain differ greatly, and the multi-kernel maximum mean
difference cannot effectively reduce the distributional difference be-
tween the two domains. However, with the continuous training of the

model, the dynamic temporal calibration unit can dynamically balance
the weights of the model, which effectively reduces the domain differ-
ences and improves the prediction accuracy. (3) In the later stages of
prediction, the prediction accuracy of DCDAN is better than that of the
earlier stages.

4.3.2. Data feature visualization
We observe that DCDAN has good predictive performance from the

previous section. However, due to the black-box character of deep
learning, it is difficult to understand the inner workings of the model. To
further visualise the feature extraction capability, we use the t-SNE
technique to visualise the raw data and extracted high-dimensional
features, as shown in Fig. 11. Each point represents the extracted fea-
tures of DCDAN, and the colour of each point indicates the label of RUL.
The degradation features extracted are mixed at the initial layer by
DCDAN and the degradation trend of the bearings cannot be revealed.
However, with the increase of the feature extraction capability, the
extracted deep features show three different stages of the state: the
healthy state, the slow degradation state, and the rapid degradation
state. This indicates that DCDAN can mine more domain invariant fea-
tures and has good RUL prediction performance.

4.4. Comparison with other methods

We select six state-of-the-art RUL prediction methods to analyse the
cross-domain RUL prediction tasks. The evaluation metrics are
described in Section 4.1.3. The comparison methods include domain-
based adversarial methods [18,35], TCN-based models [36,37] and
CNN/RNN-based models [38,39]. In addition, in order to fully assess the
overall performance of the proposed method, we calculate the average
values of the metrics. The results are shown in Table 4 and Table 5, it can
be observed that DCDAN has the lowest average MAE value and average
RMSE value. Specifically, compared to the second ranked MAOR, the

Table 5
Prediction results of different methods for XJTU dataset.

Methods Metrics Task1 Task2 Task3 Task4 Average

DCDAN MAE 4.6426 4.3146 3.8637 3.9257 4.1866
RMSE 6.6624 5.7107 4.4152 5.0238 5.4530

DTM MAE 7.7290 8.0233 6.4101 6.3877 7.1375
RMSE 9.9411 10.722 7.6077 8.8656 9.2841

MAOR MAE 6.8980 5.4331 6.3870 7.0798 6.4494
RMSE 8.0055 7.4960 8.0454 8.1074 7.9135

TCN-RSCB MAE 13.707 14.950 9.4857 10.307 12.112
RMSE 15.674 16.594 11.417 12.342 14.006

BTACN MAE 12.571 13.091 10.025 11.665 11.838
RMSE 13.910 14.872 12.377 13.291 13.612

MCNN MAE 8.4244 9.4592 7.4266 11.502 9.2030
RMSE 10.059 11.374 9.5114 13.223 11.041

SCTA MAE 11.470 10.865 13.257 9.3107 11.225
RMSE 15.951 12.560 14.955 11.334 13.700

Fig. 12. Score values of different methods. (a) PHM 2012 dataset (b) XJTU dataset.

Table 6
Predicted results of ablation experiments.

Methods Metrics TaskA TaskB TaskC Task1 Task2 Task3

DCDAN MAE 8.9269 6.7631 10.610 4.6426 4.3146 3.8637
RMSE 12.570 9.4395 12.997 6.6624 5.7107 4.4152

WDEM MAE 17.495 12.497 18.714 8.1330 8.5896 10.642
RMSE 19.621 15.603 21.087 10.477 10.727 12.430

WDTCU MAE 15.966 10.933 15.518 7.2975 6.9232 7.8468
RMSE 17.613 12.667 17.277 9.7795 9.0137 9.2964

WMKCA MAE 12.519 9.2973 13.902 8.2738 5.6875 6.9580
RMSE 14.170 11.021 15.412 10.917 8.4765 8.0102

WBMSA MAE 14.004 10.697 14.725 7.0001 16.191 7.6215
RMSE 16.865 11.140 16.208 9.4165 7.9293 9.2941

WMKMMD MAE 10.732 9.4460 13.195 6.3763 6.0497 5.0210
RMSE 12.639 11.017 14.954 8.0593 7.5958 6.4888
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proposed method improves the average MAE and average RMSE by
3.025 and 3.16. Compared to the second ranked MAOR, DCDAN im-
proves the average MAE and average RMSE by 2.2628 and 2.4605. The
above experimental results show that DCDAN has superior performance
in cross-domain RUL prediction. The reason is that the noise interference
in bearing vibration signals can be eliminated by the data enhancement
module. In addition, the designed MTCM and MHSA-GRU have strong
feature learning ability, which can effectively mine the domain-
invariant features between the source and target domains. Finally, the
distribution difference between the source and target domains is

reduced by using the multi-kernel maximum mean difference, which
results in the satisfactory RUL prediction accuracy.

In order to further visualise the score values of the compared
methods, we plot the 3D bar chart as shown in Fig. 12. From Fig. 12, we
have the following findings: (1) In the cross-domain RUL prediction task
across different datasets, the bar heights are the highest and the corre-
sponding score values are also the largest for DCDAN. Based on the
definition of the Score function, this indicates that the RUL prediction
values of DCDAN can follow the rolling bearings degradation trend well
in the later stages of RUL prediction. (2) The overall Score values of DTM

Fig. 13. Adaptation effects of ablation experiments.

Fig. 14. Visualization results of channel weight averages for DCDAN.
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and MAOR are better than that of other comparison experiment for
methods. This is because DTM and MAOR use the domain adaptive,
which can reduce the distribution difference between the source and
target domains and improve the RUL prediction accuracy.

4.5. Ablation experiments and interpretability analysis

4.5.1. Ablation experiments
In order to comprehensively analyse the effectiveness of each

component for DCDAN, this section performs ablation experiments.
Specifically, they contain the following: without data enhancement
module (WDEM), without dynamic temporal calibration unit (WDTCU),
without multi-kernel effective channel attention (WMKCA), without
broadcast multi-head self-attention gated recurrent unit (WBMSA), and
without multi-kernel maximum mean difference (WMKMMD).

The parameter settings of the ablation experiments are the same as
the proposed method and each experiment is repeated ten times, as
shown in Table 6. From Table 6, it can be observed as follows: (1) Data
enhancement module has the greatest impact on the accuracy of cross-
domain RUL prediction. Without data enhancement module, the
average MAE and RMSE values of the six tasks are reduced by 6.1576
and 6.3576 compared with the proposed method, respectively. This
further indicates that the noise interference can be effectively reduced
by the data enhancement module, which enables DCDAN to better learn
the bearing degradation features and improve the RUL prediction ac-
curacy. (2) The effects of DTCU and BMSA-GRU for DCDAN are flagrant.
Without DTCU and BMSA-GRU, the proposed method cannot fully mine
the domain-invariant features, resulting in lower RUL prediction accu-
racy for DCDAN. (3) In cross-domain RUL prediction, the smooth multi-
kernel maximummean difference can reduce the difference between the
source and target domain during the model training process, thus
improving the RUL prediction accuracy.

4.5.2. Feature adaptive visualization
To further visualise the effect of each module in DCDAN, we use

TaskA for probability density figure (PDF) visualization as shown in
Fig. 13. In Fig. 13(a), both the source and target domains of DCDAN
obey the same distribution, and their PDF curves show the largest
overlapping region. However, in Fig. 13(b), the PDF curves of the source
and target domains have different distributions and the overlap region is
also minimum. This indicates that the data enhancement module not
only reduces noise interference but also effectively captures critical
degradation features. In Fig. 13(c) and Fig. (e), the PDF curves of the
source and target domains are similar, which indicates that the temporal
calibration unit and the multi-head self-attention mechanism have the
same effect in the model, which pays more attention to the domain-
invariant features.

4.5.3. Model weights visuzlisation
To visually explore the DCDAN feature learning process, we select

the first sample of IEEE 1–1 data for visual analysis. Fig. 14 shows the
average values of the channel weights for each layer. The weights of

each layer are normalized and different colours represent different
weight values. Brighter colour means higher weight value. In Fig. 14, the
initialization layer (convolutional layer) can assign higher weights for
the regions with higher amplitudes and lower weights for the regions
with lower amplitudes. In addition, the trend of the highlights in the
weight visualization plot is almost consistent with the impulse signals of
the input samples. For example, the red boxes are the higher amplitude
regions and the blue boxes are the lower amplitude regions. This in-
dicates that the initialization layer of DCDAN can effectively focus on
the degraded features andmake the good foundation for extracting more
transferable features. Then, the critical degradation features are high-
lighted after three TCAB layers. For example, there are fewer and fewer
regions that are given higher weights in the 3rd TCAB. This shows that
the TCAM layer can further mine the degraded critical features and filter
out some redundant information. In addition, BMSA-GRU layer has the
same function as the initialization layer. However, BMSA-GRU can
further focus on critical degradation features due to the introduction of
the broadcast multi-head self-attention mechanism. Finally, the critical
degradation features are further highlighted through the dense layer. In
conclusion, DCDAN can extract more transferable features and focus on
critical degraded features by weight visualization.

4.5.4. Attention mechanism visualization
To further illustrate the effects of multi-kernel efficient attention and

broadcast attention, we plot the feature maps of multi-kernel efficient
attention and broadcast attention, as shown in Fig. 15. Fig. 15(a) shows
the feature map of the attention mechanism, and Fig. 15(b) shows the
feature map of multi-kernel efficient attention. In Fig. 15(b), multi-
kernel efficient attention can give different weights to the feature in-
formation of different channels from the channel dimension, thus
highlighting the bearing degradation information. Fig. 15(c) is the
feature map after the action of broadcast attention, we can see the
weight changes are mainly in the beginning and ending regions. This
indicates that broadcast attention can weigh the feature information
from the time dimension, thus focusing on the effect of different time
steps on the RUL prediction.

5. Conclusion

In this paper, a dynamic calibration domain adaptive network
(DCDAN) for rolling bearing RUL prediction is proposed. First, a data
enhancement module is designed, which consists of wavelet transform
and frequency enhancement channel attention mechanism. The original
vibration signals are decomposed by wavelet transform to obtain
different levels of low and high frequency signals. In addition, the crit-
ical features are enhanced by frequency enhancement channel attention
mechanism. Then, a dynamic calibration domain adaptive network is
designed, which the feature extractor consists of MTCM and BMSA-GRU.
MTCM dynamically adjusts the weights to help the network extract fine-
grained features at different degradation stages. BMSA-GRU can estab-
lish long-term dependency and improve the RUL prediction accuracy.
Finally, the low-frequency and high-frequency signals are fed into

Fig. 15. Results of feature visualization after attentional mechanisms.
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DCDAN to achieve RUL prediction for rolling bearings. The experi-
mental results show that DCDAN has stronger generalization and better
prediction accuracy.
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A B S T R A C T

The performance of domain adaptive fault diagnosis methods can be limited under noisy environments and 
variable operating conditions, and existing domain adaptive methods lack interpretability. Therefore, to address 
the above issues, an interpretable frequency-enhanced domain adaptive network (IFEDAN) for cross-domain 
fault diagnosis of rotating machinery is proposed in this paper. First, the time-domain signals are converted 
into the frequency domain using the Fast Fourier Transform (FFT) to enhance the representation of frequency- 
domain fault features. Additionally, the Morlet wavelet is introduced in the initial layer of the model for 
weight initialization, which enhances the model’s ability to capture fault features. Then, a frequency-enhanced 
residual block is designed, which not only helps the model to capture more transferable features, but also further 
enhances the useful features from both local and global perspectives. Finally, Entropy Maximum Mean Difference 
(EMMD) loss is designed. EMMD uses the entropy value to determine the bandwidth of the Gaussian kernel, 
which enhances the stability of the training and decision boundaries. Validation is performed on the public 
dataset, the roller gear (RG) dataset and the Lanzhou University of Technology (LUT) dataset. The results show 
that IFEDAN has excellent cross-domain diagnostic performance. When performing cross-domain diagnosis be
tween different datasets, the average diagnosis accuracy of IFEDAN reaches 93.81 %, which is higher than the 
comparison methods.

1. Introduction

In modern industry, rotating machinery is developing towards high 
precision and intelligence. However, the failure or even accident of 
rotating machinery has become more frequent due to high-intensity 
work, which puts forward higher requirements for reliability and 
safety [1–3]. Gearboxes and bearings, as key components of rotating 
machinery, their health status will affect the normal operation of the 
whole rotating machinery. Therefore, it is of great significance to carry 
out monitoring and fault diagnosis for rotating machinery to ensure its 
safe operation [4–6].

In the past, researchers have done many encouraging studies for fault 
diagnosis, including signal processing, mechanism analysis, and shallow 
network methods [7,8]. However, the vibration signals of rotating ma
chinery are nonlinear and nonstationary, and methods that rely on 
expert knowledge and shallow networks present great challenges. In 

recent years, with the development of sensor technology and artificial 
intelligence, intelligent diagnostic methods based on data-driven have 
become a hot spot for research [9–12]. Particularly, diagnostic methods 
based on the framework of CNN have developed rapidly and catered to 
the problems of diagnosis with small samples, strong noise environ
ments and class imbalance [13,14]. For example, Zhang et al. [15] 
proposed a fault diagnosis method based on wavelet denoising and 
KANTransformer, which achieves fault diagnosis under strong noise 
environments and small sample conditions. Lv et al. [12] proposed a 
rolling bearing fault diagnosis method based on adaptive feature 
decomposition and Transformer. Two conditions must be met for the 
above methods to achieve superior diagnostic performance: (1) The 
training samples and the test samples should be under the same load 
conditions. That is to say that the training and test samples follow the 
same data distribution. (2) A large number of labeled training samples 
are required to complete the model training. However, in real industrial 
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production, rotating machinery usually work under different loads. 
Different distributions exist for the training samples and test samples, 
which leads to the diagnostic results of the model deviating from 
expectations.

To address the above problems, cross-domain diagnosis methods 
based on domain adaptation (DA) have attracted widespread attention 
from researchers [16,17]. Cross-domain diagnosis refers to fault diag
nosis tasks conducted between the data with different feature distribu
tions [18,19]. Cross-domain diagnosis involves source domain and 
target domain. The source domain has the data with sufficient labelled 
information, which is often used to train model. The data in the target 
domain are used to test model and has less labelled information. DA can 
be classified into distance metric-based and adversarial training-based 
methods for fault diagnosis [20,21]. Distance metric-based methods 
map learned features to a shared space, and use statistical methods to 
calculate the distribution distance. For example, Wang et al. [22] pro
posed a federated transfer rolling bearing fault diagnosis method, which 
uses a dynamic filter to filter out poor source domain labels and con
structs better pseudo-labels for the target domain. Pu et al. [23] pro
posed a single-domain incremental generative network for fault 
identification under variable speed. The method generates multiple 
augmented domains from a single source domain dataset, and further 
improves the augmented domains using a generator. Han et al. [24] 
proposed a two-classifier adaptive transfer diagnostic model, which re
duces the negative transfer between the two domains. Furthermore, 
some scholars have also proposed semi-supervised and unsupervised 
domain adaptation methods and achieved encouraging results. For 
example, Yan et al. [25] proposed an unsupervised fault detection 
method based on Transformer and graph convolutional network, which 
utilized Transformer for global modelling and graph convolutional 
network to extract domain-invariant features. Jiang et al. [26] proposed 
a semi-supervised fault diagnosis method based on multi-sensor data 
fusion, which assigned different weights to sensor data through adaptive 
learning and performed feature extraction to achieve mechanical fault 
diagnosis. Song et al. [27] proposed a contrast-assisted domain-speci
ficity removal network for semi-supervised fault diagnosis. Yan et al. 
[28] proposed a fault detection method based on multi-modal imitation 
learning, which achieved unsupervised learning of multi-modal data 
using a transferable imitation learning network.

The above DA performs domain-invariant feature extraction from the 
perspective of parameter transfer. Currently, DA domain adaptation 
methods based on adversarial training are also receiving widespread 
attention from scholars. DA based on adversarial training utilises the 
idea of domain adversarial networks to reduce domain differences. [29]. 
For example, Yu et al. [30] proposed a deep convolutional and self- 
attention network to achieve fault identification for rolling bearing, 
and the domain differences are reduced by multi-kernel maximum mean 
difference. Jiang et al. [31] proposed a correlation-aligned multi- 
adversarial adaptive network based on correlation alignment for fault 
classification of rotating machinery, which uses separable convolution 
and residual concatenation to improve the feature extractor. Coral dis
tance is used to align the subdomain features and global features, which 
ultimately achieves the extraction and identification of transferable 
features. In addition, since the fault information of gearboxes and 
bearings occurs in a periodic form, researchers have tried to incorporate 
the attention mechanism into the feature extractor to capture more 
transferable features. For example, Yao et al. [32] proposed a hierar
chical adversarial multi-objective domain approach for gearbox fault 
diagnosis. The method develops a three-level domain adaptive strategy. 
Each level enhances the domain invariant features using a different 
attention mechanism to improve the cross-domain diagnostic perfor
mance. Shao et al. [33] used self-attention to focus on globally relevant 
features, which improved the diagnostic performance under variable 
speed.

Although the above methods reduce the domain differences from 
adversarial training perspective and achieve the expected results in 

cross-domain diagnosis, the performance of the domain-adaptive diag
nosis methods will still be limited under noisy environments or variable 
working conditions. In addition, the attention mechanisms improve the 
diagnostic performance by giving higher weights, but they are deficient 
in guidance from prior knowledge, resulting in the lack of interpret
ability for the above method. Therefore, some scholars have tried to 
improve the interpretability of methods by embedding physical infor
mation. For example, Cheng et al. [34] proposed a physics and data- 
driven Fourier neural operator network, which enhanced the net
work’s interpretability by directly embedding physical information into 
the neural network. Han et al. [35] proposed an interpretable deep 
feature fusion network, which guided the attention mechanism to focus 
on important features using wavelet knowledge. Cheng et al. [36] pro
posed a rolling bearing fault diagnosis method combining fault feature 
enhancement with blind deconvolution, which integrated empirical 
wavelet transform to identify fault features for rolling bearings.

Inspired by the above interpretability methods, this paper proposes 
an interpretable frequency-enhanced domain adaptive network (IFE
DAN) for cross-domain fault diagnosis of rotating machinery. Unlike the 
above interpretability methods, IFEDAN introduces Morlet wavelet into 
the initial layer of the model for weight initialization, which uses prior 
knowledge-based initial states to improve the interpretability. IFEDAN 
enhances the domain representation in three dimensions: input samples, 
feature extraction, and distance metric. First, the time-domain signal is 
converted to the frequency domain by Fast Fourier Transform (FFT) to 
improve the frequency-domain fault feature representation, and Morlet 
wavelet are introduced at the initial layer of the model for the initial of 
the weights. Then, a frequency-enhanced residual block is designed. 
This block can fully extract the low-frequency and high-frequency fault 
features to more comprehensively handle the input signals and improve 
the accuracy of fault identification. Finally, the improved MMD (EMMD) 
enhances the decision boundary and improves the generalization per
formance. EMMD performs the bandwidth selection of the Gaussian 
kernel through the entropy value, which avoids the problem of insta
bility during training. The main contributions of this paper are as 
follows: 

(1) An interpretable frequency-enhanced domain adaptive network 
is proposed, which uses Morlet wavelet for weight initialization 
in the first layer of the feature extractor. It enhances the learning 
of transferable features by introducing physical knowledge and 
improves the interpretability and robustness.

(2) A frequency-enhanced residual block is designed, which consists 
of group normalization (GN), PReLU, a hierarchical frequency 
attention mechanism and residual connections. GN and PReLU 
reduce the effect of noise and enhance the feature learning ability 
for model. In addition, a hierarchical frequency attention mech
anism is designed to help the model focus on local features and 
global features.

(3) An entropy maximum mean difference (EMMD) is designed. The 
entropy value is used to determine the bandwidth of the 
maximum mean difference Gaussian kernel, which can focus on 
the overall distribution of the samples.

(4) The diagnostic performance of IFEDAN under different loads and 
between different datasets is discussed, and the interpretability of 
the network is further analysed through visualization techniques. 
The results show that IFEDAN has good robustness and general
ization performance.

The remaining part of the paper is organised as follows. Section 2
provides the introduction for the basic theory. Section 3 presents the 
proposed method. Section 4 presents the experimental validation and 
analysis. Section 5 is the conclusion.
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2. Methodologies

2.1. Problem definition

Domain adversarial neural network (DANN) is an adversarial trained 
transfer learning network [37], which consists of the feature extractor, 
domain discriminator and classifier. The feature extractor is shared by 
source and target domain samples to extract domain invariant features. 
In this paper, it is assumed that the condition Zs is the source domain 
Xs =

{
xs

i , ys
i
}ns

i=1, and the condition Zt is the target domain Xt =
{
xt

i
}nt

i=1. 
Where ns and nt denote the number of samples in the source and target 
domains, respectively. The label space of the source and target domains 
is the same. However, the marginal probability distribution and condi
tional probability distribution are different for the source and target 
domains due to different working conditions. Therefore, the goal of 
cross-domain fault diagnosis is to train an intelligent model based on 
labelled source domain samples and unlabelled target domain samples.

2.2. Convolutional neural network (CNN)

2.2.1. Convolutional layer
CNN are commonly used to design feature extractors for DANN. CNN 

generally consist of the convolutional layer, pooling layer, batch 
normalization, activation function and fully connected layer [38]. Fault 
features are captured efficiently in the convolutional layer by using 
convolutional kernel.

2.2.2. Group normalization layer (GN)
Batch normalization (BN) is commonly used in CNN to normalise the 

inputs, thus reducing the bias of covariates internal to the model. 
However, BN is very sensitive to batch size. When the batch size is small, 
the model cannot compute the current mean and variance, and thus 
cannot estimate the covariate bias. To address the above problem, group 
normalization (GN) is used for covariate estimation.

2.2.3. Residual connection
Residual connection preserves feature information to reduce 

Fig. 1. Fault diagnosis flowchart of IFEDAN.

Y. Zhang et al.                                                                                                                                                                                                                                   Applied Acoustics 240 (2025) 110934 

3 85 



information missing during forward propagation [39]. In addition, it 
alleviates the problems of gradient disappearance and gradient explo
sion during model training.

3. Proposed method

An interpretable frequency-enhanced domain adaptive network 
(IFEDAN) is proposed to enhance the interpretability for cross-domain 
fault diagnosis. Fig. 1 shows the cross-domain fault diagnosis flow
chart of IFEDAN, and its critical steps are summarised as follows:

Step1: Data acquisition and sample division. The vibration signals of 
bearings or gearboxes under different loads are collected. The data with 
different loads or different datasets are set as source and target domains, 
and FFT is performed. Then, divide the training set and test set of the 
source and target domains.

Step2: IFEDAN modelling and training. IFEDAN performs parameter 
updates. Specifically, first the classifier is updated with parameters and 
the classifier loss is minimised. Then, the domain discriminator is 
updated with parameters and the domain adversarial loss is maximised. 
Finally, the source and target domain features are updated with pa
rameters and the EMMD and comparison loss is minimised.

Step3: IFEDAN Validation. Obtain the trained IFEDAN model, and 
the test set is input into the trained IFEDAN for fault diagnosis.

Step4: Fault diagnosis. The diagnostic results are obtained and 
analyzed.

The remainder of this section is organised as follows. First, we pro
vide an overview of the overall framework of IFEDAN. Next, we describe 
the feature extractor of IFEDAN in detail. Finally, we describe the loss 
function and parameter update process of IFEDAN.

3.1. Description of IFEDAN

Many existing rolling bearing fault diagnosis methods are designed 
based on frequency domain [40], time domain features [41], or entropy 
[42]. These methods often directly input the extracted frequency 
domain and time domain features into neural networks, or use entropy 
values to measure the complexity of vibration signals. However, they 
overlook the importance of prior knowledge in the feature extraction 
process. The failure of rolling bearings produces periodic pulse charac
teristic, which is often drowned out by noise interference, making it 
difficult to identify. References [43,44] show that converting time- 
domain signals as frequency-domain signals can enhance periodic 

pulse characteristic and suppress noise interference. However, if only 
the frequency-domain signals are used as the model input without 
considering prior knowledge to guide feature extraction, the model 
cannot extract more domain-invariant features. Therefore, the proposed 
IFEDAN introduces prior knowledge (Morlet wavelet) for model weight 
initialization to extract time–frequency local features. In addition, a 
hierarchical frequency attention mechanism is designed to learn critical 
fault features. Fig. 2 shows the general framework of IFEDAN.

In Fig. 2, Fast Fourier Transform (FFT) is performed for the source 
and target domain samples. FFT can transform the time domain signal 
into the frequency domain to help the model better extract the fre
quencies of fault features. Then, a frequency-enhanced residual feature 
extractor is constructed. This feature extractor uses Morlet wavelet in 
the initial layer to enhance the interpretability. In addition, a frequency- 
enhanced residual block is designed, which hierarchically focuses on 
different low-frequency features and high-frequency features through 
the hierarchical frequency attention mechanism to mine more trans
ferable features. Finally, domain adversarial training is implemented 
using classifier and discriminator, and the source and target domain test 
are fed into the trained network to achieve the classification.

3.2. Feature extractor of the model

3.2.1. Morlet convolution layer
CNN has powerful feature extraction capabilities. However, due to its 

‘black box’ property, it lacks interpretability. Morlet is a wavelet func
tion based on sine function modulation, which not only has time
–frequency local characteristic, but also retains the amplitude and phase 
information for the signals. In order to enhance the interpretability for 
the model, a Morlet convolutional layer is constructed to replace the 
initialization layer of the feature extractor, which can perform time
–frequency multi-resolution analysis on input signals in the early stages 
of model training. In addition, introducing Morlet wavelet into IFEDAN 
can improve the initialization of weight distributions and enhance the 
interpretability. The specific implementation of the Morlet convolution 
layer can be divided into two parts. First, the real and imaginary parts of 
the Morlet wavelet are defined as follows: 

Morreal(t, σ, fc) =
1
σ exp(−

t2

2σ2)⋅cos(2πfct) (1) 

Fig. 2. The diagnostic flow of IFEDAN.
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Morimag(t, σ, fc) =
1
σ exp(−

t2

2σ2)⋅sin(2πfct) (2) 

where t is the time index, σ is the bandwidth parameter, and fc is the 
center frequency. Then, the real and imaginary parts of the Morlet 
wavelet are used to perform the convolution operation, which are 
described as follows: 

xreal(t) = Fconv(Morreal(t, σ, fc) ∗ x(t)) (3) 

ximag(t) = Fconv(Morimag(t, σ, fc) ∗ x(t)) (4) 

where Fconv(∗) is the convolution operation, xreal(t) and ximag(t) are the 
real and imaginary parts of the convolution layer, respectively. x(t) is 
the input signal. Finally, the real and imaginary parts of the convolution 
layer are computed to obtain the modulus of the wavelet convolution 
layer, which is described as follows: 

Conv(t) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

x2
real(t) + x2

imag(t)
√

(5) 

where Conv(t) is the output of the wavelet convolution layer.

3.2.2. Hierarchical frequency attention mechanism
The faults of rotating machinery are usually presented in the periodic 

form. FFT converts the time-domain signals of rotating machinery into 
frequency-domain signals, making the frequency of faults more easily 
identifiable. However, the frequency resolution is susceptible to the 
length of the input samples. The length of the input samples is shorter, 
the model is more difficult to identify faults. Thus, in order to overcome 
the shortcomings of FFT, a hierarchical frequency attention mechanism 
is designed. This attention mechanism consists of discrete wavelet 
transform and self-attention mechanism. The hierarchical frequency 
attention mechanism is divided into two stages. In the first stage, the 
low-frequency features and high-frequency features of the input are 
obtained by discrete wavelet transform. In the second stage, the self- 
attention head is decomposed into high-frequency and low-frequency 
groups. The low frequency features and high frequency features are 

further obtained. The structure of the hierarchical frequency attention 
mechanism is shown in Fig. 3.

In Fig. 3, the hierarchical frequency attention mechanism is divided 
into three steps.

Step1: The input feature maps are discretised by discrete wavelet 
decomposition, and high-frequency features and low-frequency features 
are obtained, which are described as follows: 
{

XH = DWT(x)
XL = DWT(x) , x ∈ RC×L, (XL,XH) ∈ RC×L/2 (6) 

where x is the input feature map, DWT(⋅) is the discrete wavelet trans
form, and XH and XL are the high and low frequency features after 
wavelet decomposition.

Step2: the high-frequency features and low-frequency features are 
further processed using the self-attention mechanism. Specifically, the 
local window self-attention mechanism is used for high-frequency fea
tures to further mine the local high-frequency features. The global fea
tures are first obtained by average pooling for low-frequency features, 
and then the correlation between the low-frequency features and the 
global features is obtained using the query matrix, which are described 
as follows: 

AttH(x) = selfatt(XH) (7) 

XG = AP(XL) (8) 

K = XG⋅WK,Q = XG⋅WQ,V = XL⋅WV (9) 

AttL(x) = softmax(
QKT
̅̅̅
d

√ )⋅V (10) 

where AttH(x) is the high frequency feature, selfatt(⋅) is the window self- 
attention mechanism, XG is the global feature obtained after average 
pooling, AP(⋅) is the average pooling operation, K is the key matrix, Q is 
the query matrix, s is the value matrix, and V is the low frequency 
feature.

Fig. 3. Schematic diagram of the hierarchical frequency attention mechanism.

Fig. 4. Frequency-enhanced residual block.
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Step3: the high-frequency and low-frequency features obtained from 
each attention head are fused to obtain the output features, which are 
described as follows: 

MSAH = Concat(Att1
H,Att2

H, ...,Attn
H)⋅w (11) 

MSAL = Concat(Att1
L ,Att2

L , ...,Attn
L)⋅w (12) 

Output = MSAH +MSAL (13) 

where MSAH is the high-frequency feature output of the multi-head 
attention mechanism and MSAL is the low-frequency feature output of 
the multi-head attention mechanism. Concat(⋅) is the fusion operation, 
and Output is the output feature map.

The hierarchical frequency attention mechanism can effectively 
capture the fault features in different frequency ranges. The high- 
frequency part focuses on local features and impulse signals, while the 
low-frequency part focuses on global features and periodic fault fea
tures. By fusing the high-frequency features with the low-frequency 
features, the input signals can be processed more comprehensively 
under different operating conditions and the accuracy of fault identifi
cation can be improved.

3.2.3. Frequency enhanced residual blocks
Residual networks can effectively solve the gradient vanishing 

problem and improve the training speed of the network [39]. However, 
in the cross-domain fault diagnosis task, its lack of screening ability for 
fault features leads to poor fault diagnosis performance. To solve this 
problem, this paper designs the frequency enhanced residual block, 
whose structure is shown in Fig. 4.

The frequency enhanced residual block has the following differences 
from the traditional residual block: 

(1) Use group normalization (GN) to replace the batch normalization 
layer. the GN layer can be used in small batch training scenarios 
to improve the robustness.

(2) Use PReLU to replace ReLU. PReLU can learn features in negative 
regions and enhance the feature learning capability.

(3) Embed the frequency attention mechanism into the residual 
block. The frequency attention mechanism can not only focus on 
local features and impulse signals, but also pay attention to global 
features and periodic fault features.

(4) A residual branch is added to the traditional residual block, which 
avoids the missing for fault features and helps the model to mine 
more domain-invariant features.

3.2.4. Frequency enhanced residual feature extractor
A frequency enhanced residual feature extractor is designed using 

the Morlet convolution layer and frequency enhanced residual blocks, as 
shown in Fig. 5. The frequency enhanced residual feature extractor 
consists of a Morlet convolution layer, three frequency enhanced re
sidual blocks, an average pooling layer and a fully connected layer. Each 
frequency enhanced residual block is passed between them using skip 
connection. The source domain samples and the target domain samples 
share weights in the frequency enhanced residual feature extractor. The 
frequency enhanced residual feature extractor can adequately extract 
low-frequency and high-frequency fault features to more comprehen
sively deal with input signals and improve the accuracy of cross-domain 
fault identification.

3.3. Domain adaptive loss function

3.3.1. EMMD loss function
In transfer learning, maximum mean difference is widely used to 

measure the distribution distance between two domains. However, the 
performance of maximum mean difference is affected by the Gaussian 
kernel. Currently, the Euclidean distance is usually used to determine 
the Gaussian kernel. The Euclidean distance also changes with model 
training, which causes the MMD to become unstable. To solve the above 
problem, this paper uses the entropy value between two domains to 
select the bandwidth for the Gaussian kernel. The entropy value can 
focus on the overall distribution of the samples, thus solving the problem 
that the MMD becomes unstable during the training process. Specif
ically, the Gaussian kernel function is described as follows: 

K(ψ s,ψ t) = exp

(⃦
⃦ψ s(xi) − ψ t(xj)

⃦
⃦2

ξ+ε

)

(14) 

where Kernel(⋅) is the Gaussian kernel function, ψ s is the source domain, 
ψ t is the target domain, ξ is the bandwidth of the Gaussian kernel 
function, and ε is a constant for preventing errors. Then, the bandwidth 
of the Gaussian kernel function is calculated using the entropy value, 
which is described as follows: 

ξ = |ψ s − ψ t |

= −
1
d

⃒
⃒
⃒
⃒
⃒

∑d

i=1
log(σi + ε) −

∑d

i=1
log(σj + ε)

⃒
⃒
⃒
⃒
⃒

(15) 

where d is the total number of features, σi is the source domain sample 

standard deviation σi =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1(xi − μi)
2

√

. σj is the source domain 

sample standard deviation σj =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
m
∑m

i=1(xj − μj)
2

√

.
Finally, the entropy maximum mean difference (EMMD) can be 

described as follows: 

Fig. 5. Structure of feature extractor.
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EMMD(ψ s,ψ t) =
1

n(n − 1)
∑n

i=1

∑n

j∕=1
K(ψ s(xi),ψ s(xi))

+
1

m(m − 1)
∑m

i=1

∑m

j∕=1
K(ψ t(xj),ψ t(xj))

−
1

nm
∑n

i=1

∑m

j∕=1
K(ψ s(xi),ψ t(xj))

(16) 

where n is the total number of samples in the source domain and m is the 
total number of samples in the target domain.

3.3.2. Contrast loss
Contrast loss can help the same samples to be closer and the different 

sample to be farther away in the feature space. The contrast loss can 
effectively learn the similarity and difference between the samples, so as 
to improve the performance for the cross-domain fault diagnosis [45]. 
The contrast loss is described as follows: 

lossc =
1
N
∑N

i=1

[
‖ψ s(xi) − ψ t(xi)‖

2
+ max(0, τ −

⃦
⃦ψ s(xi) − ψ t(xj)

⃦
⃦2
)
]

(17) 

where N is the batch size and τ is the boundary value.

3.4. Overall objective and optimization

The overall optimization objective of IFEDAN can be summarized as 
follows: minimize the loss of the domain classifier, the EMMD loss and 
the contrast loss, and maximize the loss of the domain discriminator. 
Therefore, the overall loss of IFEDAN can be described as follows: 

L
(
θy, θa, θd

)
= min

(
lossy

(
θy
) )

+mina(lossEMMD(θa)

+ lossc(θa) )+maxd(lossd(θd) ) (18) 

where θy, θa and θd are domain classifier, domain adaptive, and domain 
discriminator parameters, respectively. lossy(⋅) is the domain classifier 
loss, lossEMMD(⋅) is the EMMD loss, lossc(⋅) is the contrast loss, and lossd(⋅)
is the domain discriminator loss.

In IFEDAN, we introduce a gradient reversal layer (GRL) to further 
help the feature extractor to learn more domain invariant features, 
which are described as follows: 
(

θ
⌢

y, θ
⌢

a, θ
⌢

d

)

= argminL
(

θy, θa, θ
⌢

d

)

(19) 

θ
⌢

d = argminL
(

θ
⌢

y, θ
⌢

a, θd

)

(20) 

where θ
⌢

y, θ
⌢

a and θ
⌢

d are the estimates of the parameters. The pseudo
code flowchart for IFEDAN is shown in Algorithm 1.

Algorithm 1 Training and testing procedure for IFEDAN

Input: Source domain labelled data Xs =
{
xs

i , ys
i
}ns

i=1, target domain unlabelled data 
Xt =

{
xt

i
}nt

i=1
1: Set hyperparameters, such as: convolution layer, pooling layer, learning rate, 

batch size
2: Divide the training set and test set for source domain and target domain
3: Initialise IFEDAN weights and biases
4: For each training epoch do
5: If IF = Train then
6: Perform the following operations on each epoch
7: Calculate the output of the classifier
8: Calculate the loss of the classifier lossy(⋅)
9: Calculate the outputs of the discriminator and EMMD
10: Calculate the loss of the discriminator lossd(⋅)
11: Calculate lossEMMD(⋅) and lossc(⋅) according to Eqs. (21) and (22)
12: Obtain the optimised objective function L

(
θy, θa, θd

)
according to Eq. (23)

(continued on next column)

(continued )

Algorithm 1 Training and testing procedure for IFEDAN

13: Update model parameters
14: End for
15: Save the trained model
Output: Test data is loaded into the trained model, and the diagnostic results are 

obtained for the test samples.

4. Experimentation and analysis

In this section, one gearbox dataset and two bearing datasets are used 
for experimental validation and analysis. The model is trained on a 
Windows 10 system configured with an AMD Ryzen 5-4600H processor 
and 16 GB RAM. The experimental environment is Python 3.6 and 
TensorFlow 2.0.0.

4.1. Dataset Description and data processing

4.1.1. Dataset Description

(1) The roller gear (RG) failure simulation platform consists of an AC 
asynchronous motor, a stand gearbox, a variable frequency 
controller, and a loading reset. The test platform is shown in 
Fig. 6. The tested gear of this test platform is a bevel gear. The 
gear state is classed into tooth wear, full tooth breakage, half 
tooth breakage and healthy state. A total of 0HP, 1HP, 2HP and 
3HP data under 20 Hz and 30 Hz are collected through the fre
quency controller and loading device. The data of four working 
conditions at 30 Hz are selected in this paper. Table 1 contains the 
information of RG dataset.

(2) Fig. 7 shows the bearing test platform of Lanzhou University of 
Technology (LUT). The platform consists of a three-phase AC 

Fig. 6. The diagram of the RG test rig.

Table 1 
Division of the dataset.

Dataset Condition Fault mode Label

RG(A) 0HP (A0) Health state (HS) 0
1HP (A1) Complete tooth breakage (CT) 1
2HP (A2) Half tooth breakage (HT) 2
3HP (A3) Tooth wear (TW) 3

LUT(B) 1449 r/min (0HP/B0) Rolling body fault (RB) 0
1378 r/min (1HP/B1) Inner ring fault (II) 1
1251 r/min (2HP/B2) Outer ring fault (OI) 2
1130 r/min (3HP/B3) Mixed fault (MF) 3

CWRU(C) 1790 r/min (0HP/C0) Roller fault (RF) 0
1772 r/min (1HP/C1) Inner ring fault (IF) 1
1750 r/min (2HP/C2) Outer ring fault (OF) 2
1730 r/min (3HP/C3) Normal state (NS) 3
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motor, a drive shaft and a tested bearing. In this study, bearing 
vibration signals are collected at four speeds (1130, 1251, 1378 
and 1449 rpm). The bearing states are rolling body fault, inner 
ring fault, outer ring fault and combined fault. Table 1 contains 
information aout the LUT dataset.

(3) The Case Western Reserve University (CWRU) bearing dataset is 
widely used for validation. In this study, vibration signals of 
1730r/min, 1750r/min, 1772r/min and 1790r/min at 12KHz are 
used. The bearing states are categorized as roller fault, inner ring 
fault, outer ring fault and normal state.

Table 1 contains information about the above dataset. The total 
number of samples in the source and target domains is 600. The training 
set and test set are divided according to the ratio of 4:1.

4.1.2. Data processing
FFT is used for data processing. FFT can transform the time domain 

Fig. 8. Visualization of vibration signals for different datasets.

Fig. 7. The diagram of the RG test rig.
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signals into frequency domain, which can easily identify the frequency 
information of the fault features. The equation of FFT is described as 
follows: 

X =
∑T− 1

t=0
x(t)⋅e− j2π

T kt (21) 

where x(t) is the input signal, T is the total length of the input signals, 
and k is the frequency index. Fig. 8 shows the visualization results for the 
different datasets.

4.2. Model parameters and comparison methods

4.2.1. Model parameters
Table 2 shows the network parameters of IFEDAN. The input sample 

length is 1024. Adam is selected as the optimization algorithm for model 
training, and the hyperparameters of the model are determined through 
grid search. The learning rate is 0.001, and the batch size is 64. In 
addition, to demonstrate the reliability and stability of IFEDAN, the 
experimental results are the average of 10 experiments.

4.2.2. Comparison methods
IFEDAN is compared with eight other state-of-the-art cross-domain 

methods, including DDTLN [46], TFN [47], WIDAN [48], DADDN [49], 
MMCLE [50], FJDMA [51], WKWJDAN [52], and DFD [53]. DDTLN is a 
joint distribution adaptive method that reduces domain differences 
through maximum mean difference and coral distribution. TFN is a new 
time–frequency network that uses kernel functions to design time
–frequency convolutions and extract time–frequency information. 
WIDAN is a wavelet domain adaptive network using physical informa
tion to achieve cross-domain machine fault diagnosis. DADDN reduces 
negative transfer of target domain features through a dual-domain 
adversarial mechanism and weighted joint adaptive distribution. 
MMCLE is a multi-channel and multi-scale domain adversarial neural 
network that extracts fault features through multi-scale and LSTM. 
FJDMA is a domain adversarial model that performs the feature and 
joint distribution difference alignment, achieving global alignment 
through an attention mechanism. WKWJDAN is a multi-kernel weighted 
joint domain adaptive network that enhances domain confusion by 
utilising multi-kernel conditional maximum difference. DFD is a neural 
network based on information theory, which extracts domain-related 
knowledge through contrastive learning.

The above comparative methods perform cross-domain fault diag
nosis under variable operating conditions or between different datasets. 
In addition, the above comparative methods perform domain difference 
metrics and attention mechanisms. Therefore, the diagnostic perfor
mance of IFEDAN can be adequately compared.

4.3. Cross-domain diagnostic results under variable loads

4.3.1. RG fault diagnosis results
In real industrial scenarios, the vibration signals of gearboxes usually 

are varied with the load, resulting in the differences of data distribution 
for the vibration signals. In addition, noisy environments cause the 
feature information to become more complex, further increasing the 
data distribution discrepancies. Thus, it is of great significance to 
investigate the cross-domain diagnosis of gearboxes under variable 
loads and noisy environments. In this paper, Gaussian white noise with 
signal-to-noise ratio (SNR) of 0 dB, 2 dB, 4 dB, and 6 dB is added to the 
vibration signals for IFEDAN validation. The results of the fault di
agnostics under different noise environments are shown in Fig. 9.

In Fig. 9, the average diagnostic accuracy of IFEDAN is 99.51 % when 

Table 2 
Model parameters of IFEDAN.

Names Layers Operators Stride/Size Output

Feature extractor ​ Morlet Conv 2/3 × 1 (1024,16)
FERB Conv (Layer) 2/3 × 1 (512,32)

GN/PReLU −

HFAM −

FERB Conv (Layer) 2/3 × 1 (256,64)
GN/PReLU −

HFAM −

FERB Conv (Layer) 2/3 × 1 (128,128)
GN/PReLU −

HFAM −

Discriminator FC1 Dense (ReLU) − 128
FC2 Dense (ReLU) − 64
​ Sigmoid − 1

Classifier FC3 Dense (ReLU) − 128
FC4 Dense (ReLU) − 64
​ Softmax − Class

Fig. 9. Fault diagnosis results of RG.
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SNR=None. When SNR = 6 dB, 4 dB, 2 dB and 0 dB, the average diag
nostic accuracy of IFEDAN is 97.80 %, 95.70 %, 93.41 % and 91.85 %, 
respectively. This indicates that the diagnostic accuracy of IFEDAN is 
reduced as the SNR decreases. This indicates that the noisy environment 
makes the feature information complex, which affects the feature 
extraction performance. However, the diagnostic accuracies of IFEDAN 
are all above 90.0 %, which further indicates that IFEDAN has good 
stability and robustness.

4.3.2. LUT fault diagnosis results
To verify its generalization performance, the LUT bearing dataset is 

chosen for the study. The experimental parameters and noise environ
ment are set the same as in the previous section. The experimental re
sults are shown in Fig. 10. In Fig. 10, when SNR=None, the average 
diagnosis accuracy of IFEDAN is 99.91 %. This indicates that IFEDAN 
can accurately identify bearing faults under variable loads and non- 
noise environments. When SNR = 6 dB, 4 dB, 2 dB and 0 dB, the 
average diagnostic accuracy of IFEDAN is 98.08 %, 95.72 %, 91.23 % 
and 82.85 %, respectively. This indicates that the frequency enhanced 
residual block of IFEDAN can extract more domain-invariant features 
and has good generalization performance in strong noise environments.

4.4. Cross-domain diagnostic results with different datasets

4.4.1. Cross-domain diagnostic results between RG and LUT
Intelligent diagnostic models not only need to be competent in fault 

diagnosis tasks for variable loads, but also need to satisfy cross-domain 
diagnostic tasks between different mechanical devices. Therefore, we 

conduct cross-domain diagnosis studies between different datasets. The 
diagnosis results are shown in Table 3.

In Table 3, IFEDAN shows better cross-domain diagnosis results, and 
its average diagnosis accuracy is 93.81 %. Compared with the other 
eight methods, the diagnosis accuracy of IFEDAN is improved by 10.1 %, 
7.13 %, 5.68 %, 16.1 %, 9.72 %, 5.12 %, 14.58 %, and 17.28 %, 
respectively. At the same time, the diagnostic results of TFN, WIDAN, 
and FJDMA were significantly better than those of DADDN. This shows 
that IFEDAN can help the model to extract more domain-invariant fea
tures to enhance the fault identification accuracy by designing a better 
feature extractor. Secondly, we find that the diagnosis accuracy when 
using LUT as the source domain is significantly higher than that when 
using RG as the source domain. For example, the diagnostic accuracy of 
B0 → A0 is higher than that of A0 → B0. This indicates that different 
datasets contain different fault information, and setting the dataset with 
rich fault information as the source domain helps to improve the cross- 
domain diagnostic accuracy.

In addition, in order to quantify the cross-domain diagnosis perfor
mance for different methods, we visualise the confusion matrix for B0 → 
A0. The results are shown in Fig. 11. In Fig. 11, IFEDAN, DDTLN, TFN, 
WIDAN, DADDN, MMCLE and DFD have high identification accuracies 
for the health state (label 0). For tooth wear, complete tooth breakage 
and half tooth breakage, the identification accuracy of the comparison 
methods is poor. This is due to that the features are similar for tooth face 
wear, complete tooth breakage and half tooth breakage. These methods 
cannot mine more transferable features, resulting in their poor cross- 
domain diagnostic performance. WKWJDAN has a high misclassifica
tion rate for health state (label 0) and complete tooth breakage (label 2). 

Fig. 10. Fault diagnosis results of LUT.

Table 3 
Cross-domain diagnostic results between RG and LUT (%).

Methods A0 → B0 A1 → B1 A2 → B2 A3 → B3 B0 → A0 B1 → A1 B2 → A2 B3 → A3

IFEDAN 88.23 ± 0.33 89.85 ± 0.76 94.70 ± 2.30 92.20 ± 0.94 98.07 ± 0.33 95.14 ± 0.88 95.88 ± 0.23 96.41 ± 0.44
DDTLN 85.83 ± 1.02 86.47 ± 0.44 80.58 ± 0.77 77.53 ± 1.22 84.72 ± 1.22 86.87 ± 0.22 83.91 ± 0.62 83.82 ± 0.88
TFN 81.04 ± 0.12 84.58 ± 0.98 82.50 ± 0.66 86.04 ± 0.42 92.27 ± 0.55 84.58 ± 1.05 91.66 ± 0.45 90.83 ± 0.66
WIDAN 82.92 ± 0.67 85.00 ± 0.17 91.67 ± 0.07 84.16 ± 0.54 91.45 ± 0.05 86.56 ± 1.22 89.79 ± 0.77 93.54 ± 0.28
DADDN 77.50 ± 0.74 83.75 ± 0.25 80.41 ± 0.23 84.58 ± 0.96 68.33 ± 0.44 80.09 ± 0.62 72.08 ± 0.13 75.00 ± 1.02
MMCLE 82.50 ± 0.77 84.37 ± 0.33 81.83 ± 0.84 85.05 ± 0.21 86.91 ± 0.32 85.62 ± 0.76 82.70 ± 1.01 83.75 ± 0.14
FJDMA 80.44 ± 0.16 82.04 ± 1.02 89.67 ± 0.48 87.08 ± 0.50 93.33 ± 0.72 92.50 ± 0.06 91.33 ± 0.33 93.16 ± 0.18
WKWJDAN 76.50 ± 0.55 76.67 ± 0.08 86.83 ± 0.44 80.83 ± 0.67 72.66 ± 0.72 81.67 ± 0.34 75.33 ± 0.84 83.33 ± 0.07
DFD 74.35 ± 0.72 72.08 ± 1.06 76.00 ± 0.50 78.66 ± 0.16 70.37 ± 0.22 80.44 ± 0.21 77.50 ± 0.13 82.83 ± 0.20
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This is because WKWJDAN lacks the guidance from the attention 
mechanism, making it difficult to capture critical fault features. How
ever, the frequency enhanced residual block in IFEDAN can effectively 
capture the fault features in different frequency ranges. The high- 
frequency part focuses on local features and impulse signals, while the 

low-frequency part focuses on global features and periodic fault fea
tures. By fusing the high-frequency features with the low-frequency 
features, the robustness can be improved for cross-domain fault 
diagnosis.

Fig. 11. Cross-domain diagnosis results of different methods. (a) IFEDAN, (b) DDTLN, (c) TFN, (d) WIDAN, (e) DADDN, (f) MMCLE, (g) FJDMA, (h) WKWJDAN, 
(i) DFD.

Table 4 
Cross-domain diagnostic results between LUT and CWRU (%).

Methods B0 → C0 B1 → C1 B2 → C2 B3 → C3 C0 → B0 C1 → B1 C2 → B2 C3 → B3

IFEDAN 90.62 ± 0.42 92.02 ± 0.15 94.37 ± 0.33 98.12 ± 0.42 97.08 ± 0.22 99.16 ± 0.08 99.01 ± 0.03 98.54 ± 0.22
DDTLN 80.09 ± 0.74 84.27 ± 0.24 90.41 ± 0.13 85.58 ± 0.21 92.94 ± 1.36 94.26 ± 0.33 93.23 ± 0.64 92.50 ± 1.02
TFN 81.47 ± 1.54 82.50 ± 0.74 82.20 ± 1.22 86.91 ± 0.57 91.17 ± 0.44 96.47 ± 0.14 86.91 ± 1.12 87.64 ± 0.96
WIDAN 85.00 ± 1.05 89.00 ± 0.50 88.64 ± 0.50 92.50 ± 0.05 94.50 ± 0.05 91.50 ± 0.25 93.50 ± 0.05 94.00 ± 0.55
DADDN 81.90 ± 0.50 83.33 ± 1.05 82.64 ± 0.50 86.12 ± 0.25 83.00 ± 0.55 90.07 ± 1.55 90.00 ± 0.55 87.50 ± 0.25
MMCLE 84.37 ± 0.34 83.41 ± 0.44 84.12 ± 0.17 88.33 ± 0.24 93.12 ± 0.12 85.20 ± 0.83 91.58 ± 0.22 91.04 ± 0.66
FJDMA 86.04 ± 0.18 82.96 ± 0.72 91.00 ± 0.11 90.67 ± 0.62 92.36 ± 0.24 95.50 ± 0.22 92.83 ± 0.13 94.16 ± 0.50
WKWJDAN 82.27 ± 0.34 79.93 ± 0.48 81.80 ± 0.04 83.33 ± 0.26 90.67 ± 0.08 89.53 ± 0.27 90.02 ± 0.68 86.67 ± 0.05
DFD 71.50 ± 1.22 73.33 ± 0.08 72.84 ± 1.06 75.46 ± 0.58 84.36 ± 0.66 85.83 ± 0.74 82.16 ± 0.33 84.02 ± 0.66

Y. Zhang et al.                                                                                                                                                                                                                                   Applied Acoustics 240 (2025) 110934 

11 93 



Fig. 12. Cross-domain diagnosis results of different methods. (a) IFEDAN, (b) DDTLN, (c) TFN, (d) WIDAN, (e) DADDN, (f) MMCLE, (g) FJDMA, (h) WKWJDAN, (i) 
DFD, (a′) IFEDAN, (b′) DDTLN, (c′) TFN, (d′) WIDAN, (e′) DADDN, (f′) MMCLE, (g′) FJDMA, (h′) WKWJDAN, (i′) DFD.
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4.4.2. Cross-domain diagnosis results between LUT and CWRU
In order to further verify the generalization performance of IFEDAN, 

we perform cross-domain diagnosis study between CWRU and LUT. The 
results are shown in Table 4. In Table 4, the diagnosis accuracy of IFE
DAN is higher than the comparison methods, and its average diagnosis 
accuracy is 96.11 %. Compared with the eight comparison methods, the 
diagnosis accuracy of IFEDAN is improved by 6.95 %, 9.21 %, 5.03 %, 
10.54 %, 8.47 %, 5.42 %, 10.58 %, and 17.42 %, respectively. Mean
while, IFEDAN shows more stable diagnostic performance in all the 
transfer learning tasks, and the diagnostic accuracies are above 90 %. 
The results illustrate that IFEDAN has better generalization performance 
in cross-domain diagnosis. Compared with TFN and WIDAN that intro
duce physical knowledge, IFEDAN can further reduce the domain 
discrepancy by entropy maximum mean difference. Compared with 
DDTIL, DADDN and MMCLE, IFEDAN helps to improve the fault diag
nosis accuracy for the model by constructing better feature extractor. 
Compared with WKWJDAN and DFD, IFEDAN can further focus on 
critical features and improve the fault diagnosis accuracy of the model. 
Compared with FJDMA, the wavelet convolution layer can enhance the 
model’s ability to capture fault features.

In order to further visualise the domain adaptive capability of IFE
DAN, we perform t-SNE and probability density profile visualization for 
C0 → B0. The results are shown in Fig. 12. T-SNE can map the high- 
dimensional features to the two-dimensional space to better observe 
the feature extraction capability for the model. The probability density 
profile can show how closely the source and target domains match. In 
Fig. 12(a), IFEDAN can correctly identify the fault classes of different 
domains, and the intra-class distance between the source and target 
domains is smaller and the inter-class distance is larger. In Fig. 12(a′), we 
can also see that there is more overlap between the source domain 
(orange) and the target domain (green). In Fig. 12(b)–(i), although the 
eight methods perform preliminary classification of faults classes across 
different domains, however, the high misclassification rates in different 
classes lead to poor fault diagnosis accuracy. Additionally, the proba
bility density curves in Fig. 12(b′)–(i′) also reveal poor domain matching 
between the source domain and the target domain. This further indicates 
that cross-domain diagnosis between different datasets is a challenging 
task.

4.5. Ablation experiments and interpretable analyses

4.5.1. Ablation experiments
To verify the effect of different components for IFEDAN, we selected 

A0 → C0, A1 → C1, A2 → C2 and A3 → C3 for the ablation experiments. 
The comparison methods are W-Morlet (without Morlet layer), W-FEAM 
(without frequency enhanced attention mechanism), W-FERB (without 
frequency enhanced residual block), and W-EMMD (without entropy 
maximum mean difference). The parameter settings of the comparison 
methods are the same as IFEDAN. The experimental results are shown in 
Fig. 13. First, the frequency enhanced residual block has the greatest 
impact on the performance for IFEDAN by comparing Fig. 13(a)–(d). In 
Fig. 13(a), the diagnostic accuracy of W-FEAM is 14.59 % lower than 
that of IFEDAN. This indicates that the frequency enhanced residual 
block can focus on critical high-frequency and low-frequency fault fea
tures and mine more domain-invariant features to extract the diagnostic 
accuracy for IFEDAN. In Fig. 13(b) and (c), the diagnostic accuracy of 
IFEDAN is improved by 9.17 % and 6.38 % compared to W-Morlet and 
W-EMMD, respectively. This indicates that the domain differences of the 
samples can be effectively captured by adding physical knowledge 
(Morlet wavelet and entropy value).

4.5.2. Interpretability analysis
In order to illustrate the post hoc interpretability for IFEDAN, we 

select the samples of different fault states for RG, LUT and CWRU to 
perform the visualization analysis. The class activation mapping (CAM) 
is used to extract the Morlet convolution layer weight mapping map and 
weight values. The results are shown in Fig. 14. In Fig. 14, the Morlet 
convolution layer can assign different weight values for regions in 
different frequency bands, thus focusing on more important fault fea
tures. Specifically, in Fig. 14(a) and (b), regions with frequencies be
tween 300 and 600 are assigned higher weights. In Fig. 14 (c) and (d), 
regions with frequencies between 400 and 700 are given higher weights. 
In Fig. 14(e) and (f), the frequency of 0–50 is given higher weight. The 
above results show that the Morlet convolution layer can assign different 
weights for different samples in different frequency regions. Higher 
weights are assigned to critical features by the Morlet convolution layer 
to improve the cross-domain diagnostic performance.

Fig. 13. Diagnostic results of ablation experiments. (a) A0 → C0, (b) A1 → C1, (c) A2 → C2, (d) A3 → C3.
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4.6. Discussion

4.6.1. Timeliness and computing resources of IFEDAN
The computational resources and timeliness of IFEDAN are investi

gated, as shown in Fig. 15. In Fig. 15, DDTLN has the shortest training 
time, which is only 6.16 s. MMCLE has the longest training time, which 
is 10.67 s. In terms of the number of parameters, DDTLN has the fewest 
parameters, which is 0.258 MB, MMCLE has the highest number of pa
rameters, which is 0.633 MB. This is because DDTLN has a simple 
structure, so the number of parameters is the lowest among all methods. 
In addition, WKWJDAN, WIDAN, FJDMA, and DFD all exhibit high the 
number of model parameters. However, the training time for the pro
posed IFEDAN is 6.54 s, and the number of parameters is 0.323 MB. 
Compared to other methods, IFEDAN has a shorter training time and a 
moderate number of parameters, demonstrating good training 
efficiency.

4.6.2. Parameter sensitivity analysis
There are adjustable parameters for IFEDAN, which affect the 

model’s fault diagnosis performance. Therefore, parameter sensitivity 
analysis is conducted in this section, as shown in Fig. 16. Fig. 16 (a) 
shows the fault diagnosis results for different numbers of FERB, the 
horizontal axis represents the LUT and CWRU cross-domain diagnosis 
tasks, while the vertical axis represents the fault diagnosis accuracy rates 

Fig. 14. Visualisation results of CAM. (a) CWRU-RF, (b) CWRU-OF, (c) LUT-RB, (d) LUT-OI, (e) RG-CT, (f) RG-HT.

Fig. 15. The number of parameters and training time at 1 epoch.
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for different numbers of FERB. When FERB = 3, the fault diagnosis ac
curacy of IFEDAN is the highest, when FERB ≤ 3, the model’s feature 
learning capability is insufficient, leading to poor fault diagnosis per
formance, when FERB ≥ 3, the performance of IFEDAN decreases 
sharply. This is because the excessive number of model parameters 
causes overfitting.

Fig. 16(b) shows the fault diagnosis results of IFEDAN under 
different learning rates. As can be seen from Fig. 16(b), when a = 1, the 
performance of IFEDAN decreases sharply. This is because the learning 
rate is set too high, causing the model to underfit during training. When 
a ≤ 0.1, the performance of IFEDAN is significantly improved. When a =
0.001, IFEDAN achieves the highest diagnostic accuracy.

4.6.3. Model limitations and failure scenarios
To guide future research, the limitations and failure scenarios of the 

model are investigated. The model is validated under stronger noise 
environments and small sample conditions. SNR values of − 4 dB, − 5 dB, 
and − 6 dB are added. The small samples are 50, 100, and 150, and the 
training and test sets are divided according to 0.2:0.8. Fig. 17 shows the 
experimental results. As shown in Fig. 17, the model’s fault diagnosis 
accuracy significantly decreases under strong noise environments and 
small sample conditions. This indicates the noise interference under 
strong noise environments blurs the fault features, limiting IFEDAN’s 

feature extraction capability. Additionally, under small sample condi
tions, the limited number of training samples results in insufficient 
feature learning capability for IFEDAN. Therefore, in future work, we 
will integrate noise reduction techniques into IFEDAN to enhance the 
model’s diagnostic performance under strong noise environments and 
small sample conditions.

5. Conclusion

In order to improve the cross-domain diagnostic performance of 
transfer learning methods under noisy environments and variable loads, 
we propose an interpretable frequency-enhanced domain adaptive 
network (IFEDAN) for cross-domain fault diagnosis of rotating ma
chinery. Specifically, we construct the frequency enhanced residual 
feature extractor. This extractor introduces Morlet wavelet for weight 
initialization in the initial layer to enhance interpretability. Then, fre
quency enhanced residual block is constructed to help the model capture 
more transferable features and enhance useful features. In addition, 
Entropy Maximum Mean Difference (EMMD) loss is designed to enhance 
the stability and decision boundaries. Finally, validation is performed on 
a public dataset (CWRU) and self-built roller gear (RG) dataset and 
Lanzhou University of Technology (LUT) dataset. The results show that 
IFEDAN has good robustness and generalization performance. When 
diagnosing across domains between CWRU and LUT, the average diag
nosis accuracy of IFEDAN is 96.11 %, which is higher than the com
parison methods.
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Abstract
Mechanical equipment usually operates in noisy and variable load environments, which presents serious challenges for 
existing intelligent diagnostic models. In addition, there are few labelled fault samples in real engineering scenarios, which 
makes it difficult to perform accurate fault identification for mechanical equipment. Thus, to solve the problem of diagnostic 
model performance degradation under small sample, noisy and variable load environments, this paper proposes a Multiscale 
Dilated Convolution and Swin-Transformer (MSDC-Swin-T) method for small sample gearbox fault diagnosis. First, we 
design the Coordinate Reconstruction Attention Mechanism (CRAM), which enhances the capture of impulse information 
by coordinate reconstruction. In addition, a multiscale convolutional token embedding module is constructed to extract local 
features at different scales, and its ability for capturing important features is adaptively enhanced by CRAM. Then, Swin-
Transformer is utilized for modeling global dependencies, thus mining more subtle fault features. Finally, the effectiveness 
and stability of the MSDC-Swin-T is proved on two gearbox datasets. The experiments show that MSDC-Swin-T has superior 
diagnostic performance under small sample with noise and variable load environments. The diagnostic accuracy is better 
than the state-of-the-art methods.

Keywords  Fault diagnosis · Gearbox · Dilated convolution · Swin-Transformer · Small sample

1  Introduction

With the rapid development of the Internet of Things, as 
the core components of various mechanical equipment, the 
mechanical transmission systems have started to develop in 
the direction of intelligence and automation [1–3]. Gearboxes, 
as the key components of the transmission system, tend to har-
bor a variety of failures due to the high intensity of work tasks. 
This would lead to unnecessary routine maintenance, property 
loss, and even serious safety accidents [4–6]. Therefore, intel-
ligent fault diagnosis research for gearboxes is essential to 
ensure productivity and equipment reliability[7].

Conventional gearbox fault diagnosis methods usually rely 
on the priori experiences and signal processing techniques. 
Since these methods require specialized knowledge and ignore 
minor faults during fault detection, they lead to the difficulties 
in meeting the requirements of accurate fault identification and 
large-scale data processing [8, 9]. In recent years, many schol-
ars have begun to utilize vibration data for fault identification, 
which is especially popular for intelligent fault diagnosis based 
on deep learning [10–13]. Deep learning methods can not only 
efficiently process a large amount of data and save a lot of 
manpower; but also automatically learn useful fault features 
without relying on expert knowledge. For example, Xiang et al. 
[14] proposed a fine topology and spatio-temporal GCN based 
fault diagnosis method for gearboxes. Ma et al. [15] developed 
a meta-learning framework based on multiscale dilated convo-
lutional and relational modules. These methods use vibration 
data directly as model inputs, do not require expert knowl-
edge, and achieve good diagnostic results. However, the quality 
and quantity of data are essential for deep learning methods. 
When the data samples are sparse or imbalanced in distribu-
tion, the performance would be degraded for deep learning-
based fault diagnosis methods. In fact, it is very difficult to 
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collect numerous fault samples in real engineering scenarios. 
For example, since the gearboxes of wind turbines usually do 
not fail within a short period of time, it may take months or 
even years for researchers to obtain fault data. Hence, it is still 
a challenging problem to establish an intelligent gearbox diag-
nostic model under small sample.

Currently, the mainstream methods for dealing with small 
sample in fault diagnosis are divided into three types: data aug-
mented methods, transfer learning methods and few-shot learn-
ing methods. Data augmented methods increase the training 
data using techniques such as flipping, panning and cropping. 
For example, Zhang et al. [16] first used resampling technique 
to achieve sample expansion and then proposed an adaptive 
convolutional network to achieve fault diagnosis under small 
sample. Zhang et al. [17] proposed a generative adversarial 
network for small sample fault diagnosis. The method utilized 
data generation to solve the problem with insufficient num-
ber of samples. Transfer learning refers to the use of already 
learned features to improve the problem of insufficient feature 
extraction in new tasks. For example, Liu et al. [18] developed 
an agnostic meta-learning cross-domain diagnosis method, 
which ultimately achieved small sample fault diagnosis by con-
structing a feature extractor using multicore efficient channel 
attention. Ma et al. [19] proposed an adaptive unsupervised 
small sample diagnostic network with enhanced transferability, 
which designed a transferability strategy to enhance feature 
learning on the target domain. The methods of few-shot learn-
ing mean that the model accomplishes feature learning with 
a limited number of training samples to achieve good perfor-
mance in new class or task. It aims to learn effectively in the 
data sparse situation. For example, Zheng et al. [20] proposed 
a few-shot diagnostic network based on improved meta-rela-
tional networks which designed a multiscale feature encoder to 
extract the features in the support and query, and then obtained 
the query samples by scoring between the support and query, 
and ultimately achieved fault classification. Shi et al. [21] pro-
posed a transferable siamese network to obtain the distance 
between different samples, and to evaluate the similarities and 
differences between the samples. Although all these methods 
mentioned above have achieved encouraging results in fault 
diagnosis with small samples, there are still some issues that 
hinder their application. For example, the use of overlapping 
sampling results in redundancy of sample information. In addi-
tion, when the quality of the original data is poor, the per-
formance of data augmentation methods based small sample 
fault diagnosis will be decreased. The performance of transfer 
learning relies on the model's ability to learn samples from the 
source domain. When the similarity is low between the source 
domain and the target domain, the fault diagnosis accuracy is 
poor. The network structure of few-shot learning is complex 
and are susceptible to the number of samples, resulting in slow 
training and poor generalization performance. In addition, the 
above study does not consider the strong noise interference 

in industrial production. Under strong noise, the original data 
would become extremely unstable, and some periodic features 
would be submerged, which lead to the difficulties for extract-
ing fault information. Therefore, there is a need to develop an 
efficient and easily applied fault diagnosis method under small 
sample, which can not only accurately extract fault informa-
tion, but also has stronger resistance to noise interference.

In recent years, Transformer has received great attention 
from scholars in the field of fault diagnosis[22–24]. For exam-
ple, Ding et al. [25] proposed a new time–frequency Trans-
former to achieve fault diagnosis of bearings. Wu et al. [26] 
used the Transformer as a classifier, which not only achieved 
fault detection, but also efficiently identified different types of 
faulty conditions with different levels of severity. In addition, 
since the Transformer's self-attention mechanism can effec-
tively capture the long-range dependence of global contextual 
information, it has been applied to noise immunity research. For 
example, Han et al. [27] proposed a convolutional transformer 
to extract global and local information to enhance fault diag-
nosis performance under strong noise. Li et al. [28] have devel-
oped a denoising convolutional transformer. It can extract local 
and global discriminative features from harsh environments, 
thus improving the network's anti-interference performance.

The above studies show that although the transformer 
has been employed successfully in the field of fault diagno-
sis, the performance of transformer heavily depends on the 
quality of the labelled samples. If the quantity of labelled 
samples is small and there is heterogeneity between the 
data, it would affect the training effect of the transformer 
and thus reduce the accuracy of fault diagnosis. In addi-
tion, using the transformer only as an encoder for feature 
extraction would lose the low-order local features of the 
original data. Especially, these low-order local features have 
a huge impact on the diagnostic performance of the model 
under small sample. Thus, this paper proposes a new gear-
box fault diagnosis method based on multiscale dilated con-
volution and Swin-Transformer (MSDC-Swin-T) to make 
the transformer model have better low-order local feature 
extraction capability. The proposed method is different 
from traditional fault diagnosis methods. It is an end-to-
end intelligent diagnostic model that does not require signal 
processing techniques. Firstly, a multiscale convolutional 
token embedding module is designed to extract the low-
order local features at different scales from the input sam-
ples. This module uses dilated convolution for multiscale 
feature extraction and enhances the ability to capture criti-
cal impulse features by coordinate reconstruction attention 
mechanism. Then, the extracted low-order local features 
are segmented into fixed-size tokens and fed into the Swin-
Transformer for modeling global dependencies. Finally, we 
validate the proposed method by different gearbox datasets, 
and the experimental results indicate that MSDC-Swin-T 
has significant advantages and high diagnostic accuracy 
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compared to existing state-of-the-art methods, especially, 
the problem of fault identification for mixed faults and small 
sample is well solved. The main contributions of this paper 
are summarized as follows:

(1)	 We propose a fault diagnosis method of gearboxes 
based on multiscale dilated convolution and Swin-
Transformer. This method can solve the problem of 
degraded diagnostic performance for gearboxes under 
small sample, noisy and variable load environments.

(2)	 We design a coordinate reconstruction attention mecha-
nism and use it as a basic component to construct a 
multiscale convolutional token embedding module. 
This module can help the Swin-Transformer to per-
form low-order local feature extraction, making it 
more adaptable to small sample fault diagnosis tasks. 
In addition, the Swin-Transformer module is subjected 
to token sparsity operations to overcome the overfitting 
phenomenon in the late stage of training the model.

(3)	 We conducted two case studies using the Southeast Uni-
versity gearbox dataset (spur gears) and the roller gear 
dataset (bevel gears). The results show that MSDC-
Swin-T has good robustness under small sample and 
noisy environments, and has good generalization under 
small sample and variable load environments.

The rest of the paper is organized as follows. Section 2 
briefly introduces the theories related to dilated convolu-
tions and transformers. Section 3 introduces the proposed 
method. Section 4 carries out the experimental valida-
tion and analyze the results about the proposed method. 
Section 5 summarizes the relevant conclusion and looks 
forward to future research directions.

2 � Relevant theoretical background

This section introduces the basic theory of dilated convolu-
tion. In addition, transformers that are applied to the fields of 
natural language processing (NLP) and computer vision are 
also introduced.

2.1 � Dilated convolution

In CNNs, the standard convolution has the same size of 
receptive field as its filter size. Therefore, down-sampling 
operations are used to increase the network depth and 
decrease the number of parameters. However, dilated convo-
lution uses the dilated rate to control the size of the receptive 
field, thus not only ensuring that the number of parameters 
of the network does not grow, but also that the receptive field 
increases with an exponential form [29, 30], and its receptive 
field is computed as:

where ks denotes the size of the dilated convolution, drate 
denotes the dilated rate, and Fsize denotes the receptive 
field size. Figure 1 shows the schematic diagram of dila-
tion convolution. In Fig. 1(b), when the dilated rate is 2, 
the receptive field of the dilated convolution increases sig-
nificantly. However, the dimensions of its output features 
remain unchanged.

2.2 � Transformer

Vaswani et al. [31] proposed Transformer in 2017. Nowa-
days it has become a benchmark for NPL tasks. The self-
attention mechanism in Transformer not only effectively 
characterizes the global dependency between inputs and 
outputs, but also improves the overall learning capability 
by parallelizing the training process. Transformer has an 
encoder-decoder structure that consists of a position encod-
ing, encoder and decoder as shown in Fig. 2. Among them, 
the encoder and decoder consist of multi-head self-attention 
(MSA), feed-forward network (FFN), layer normalization 
and residual connection.

2.2.1 � Position encoding

Transformer uses self-attention to obtain relationships 
between input sequences. This results in sequence position 
information being ignored during parallel computation. 
Therefore, to compensate for this shortcoming, we perform 

(1)Fsize = ks + (ks − 1) × drate

Fig. 1   Schematic diagram of 
dilated convolution. (a) dilated 
rate: 1, (b) dilated rate: 2
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positional encoding before self-attention. The position 
encoding is generally constructed by sine and cosine func-
tions of different frequencies, which is described as:

where X = {xd
1
, xd

2
, ..., xd

n
} , d denote the dimension of each 

vector of the set X . p denotes the input sequence position 
number, i is the dimensioned labeling position, and X̂ is the 
output after position encoding.

2.2.2 � Multihead self‑attention (MSA)

MSA is an important part of Transformer, which obtains impor-
tant information in the input sequence by placing different 
weights at each position. In MSA, first, a linear mapping is per-
formed on the token T of dimension d to generate the key matrix 
K , the query matrix Q and the value matrix V , respectively. Then 
the matrices K , Q and V are mapped to the projection set Qi , Ki , 
Vi ∈ ℝ

d,dh , i = {1,2, ..., h} by using the three sets of parameter 
matrices wq

i
 , wk

i
 and wv

i
 , and where dh × h = d . Thus, the atten-

tion function of the i-th head can be defined as:

(2)EN(p,2i) = sin(p ×
1

100002i∕d
)

(3)EN(p,2i+1) = cos(p ×
1

100002i∕d
)

(4)X̂ = X + EN

(5)Att(T , i) = softmax(
QiK

T
i

√

dh

)Vi

(6)Qi = w
q

i
Q, Ki = wk

i
K, Vi = wv

i
V

The results of the attention computation are fused and lin-
early mapped to obtain the final output, which is described as:

where Linear{⋅} denotes the linear mapping and concat(⋅) is 
the series operation.

2.2.3 � Feed‑forward layer

Each encoder and decoder of Transformer contains a feed-
forward layer, which is obtained by doing two linear trans-
formations of the rectified linear unit (ReLU). The process 
is described as:

where w1 , w2 , b1 , b2 denote the weight matrix and bias 
of the linear projection of the two layers, respectively. 
frelu(0,Xw1 + b1) denotes the linear projection of the first 
layer using Relu function.

2.2.4 � Transformer encoder

Transformer encoder usually consists of multihead self-
attention and feed-forward layers. In addition, the output of 
the encoder is optimized by residual connection and layer 
normalization. In the transformer structure, global percep-
tual features are captured by stacking multiple encoders to 
meet complex task requirements. The process is described 
as:

where X denotes the input of the encoder, XM denotes the 
output of the self-attention, and XFFL denotes the output of 
the encoder.

3 � Proposed MSDC‑Swin‑T

The proposed method consists of multiscale convolutional 
token embedding module, Swin-Transformer with Sparse 
Tokens and classifier. First, the samples are acquired through 
a time-shifted window and fed into the multiscale convolu-
tional token embedding module to extract low-order local 
feature information. Then, to improve the models’ fine-
grained observation capability and modeling global depend-
encies, Swin-Transformer is used to construct mapping 
relationships between mixed faults and features under small 
sample with noise and variable load environments. Finally, 
classifier is used for fault diagnosis.

(7)MSA(T) = Linear{concath
i=1

(Att(T , i))}

(8)F(X) = frelu(0,Xw1 + b1)w2 + b2

(9)XM = Fnorm
layer

(MSA(X) + X)

(10)XFFL = Fnorm
layer

(FFL(XM) + XM)

Fig. 2   Schematic of Transformer principle
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3.1 � Multiscale convolutional token embedding 
module

3.1.1 � Coordinate reconstruction attention mechanism

In practice, the vibration signals of gearboxes are usually 
non-stationary, and the strong noise and varying loads in the 
operating environment further increase the non-linear char-
acteristic of the vibration signals, leading to the difficulty of 
effectively capturing the potential fault information. There-
fore, it is critical to enhance the feature extraction capability 
of the model. Although the coordinate attention mechanism 
can encode positional information and help the model to 
better focus on the features at different locations, the mecha-
nism is mainly applied in target detection and image seg-
mentation [32]. In order to effectively apply the coordinate 
attention mechanism to vibration signal analysis, this paper 
designs a coordinate reconstruction attention mechanism 
that aims to provide position information encoding that is 
more applicable to vibration signal features. It is described 
in detail as shown in Fig. 3.

The coordinate reconstruction attention mechanism can 
be divided into the following steps.

Step1: The dimensionality of the input features is com-
pressed using Global Maximum Pooling (GMP). This is 
because Global Maximum Pooling (GMP) can capture the 
critical impulse information. The process is described as:

where Xgmp
c  is the c-th channel output feature, and Max{⋅} is 

the maximum pooling operation.
Step2: To capture the spatial location information, we use 

the convolution operation to fuse Xc and Xgmp
c  together. The 

process is described as:

where Cat(⋅) is the fusion operation, and fconv(⋅) is the con-
volution operation.

Step3: To make CRAM more applicable to small sample 
and increase its ability to capture critical impulse features, 
we design the adaptive sigmoid activation function. Spe-
cifically, first, we perform linear transformations by 1 × 1 
convolutional layer, and utilize a normalization operation 
for normalizing the convolutional output, then two learnable 
weight matrices P1 and P2  are defined, and multiplied with 
the input features. The learnable weight matrix is optimized 
during model training, making the model more suitable for 
small sample tasks. Finally, sigmoid activation function is 
used to limit the feature values between 0 and 1. The adap-
tive sigmoid activation function optimizes the weights of 
the fused feature information. The process is described as:

(11)Xgmp
c

= Max
0≤j<d

{xc(1, j)}

(12)X̂ = Cat(fconv(Xc,X
gmp
c

))

where �Adp(⋅) is the adaptive sigmoid activation function.
To further increase the expressiveness of F , we perform 

linear transformations by using the sigmoid function and the 
convolution operation. The process is described as:

Step4: F̂ is residually connected to the input feature Xc . 
Thus, the output of CRAM is characterized not only with 
pulse information, but also with the original signal features. 
The process is described as:

where Y  is the CRAM output feature and ⊗ is the residual 
connection.

In the coordinate reconstruction attention mechanism, 
the global maximum pooling is used to capture the impulse 
informations from the input. These impulse informations 

(13)F = 𝛿Adp(
⌢

X)

(14)F̂ = �(fconv(F))

(15)Y = Xc ⊗ �F

Fig. 3   Coordinate reconstruction attention mechanism
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contain periodic fault features of gears, which can improve 
the diagnostic performance of the model under small sample 
and noisy environments. In addition, we design an adaptive 
sigmoid activation function, which can relocate the input 
features and encode the features after global maximal pool-
ing, thus reducing the effect of attentional bias. Compared 
with residual networks, the coordinate reconstruction atten-
tion mechanism can effectively encode the location of fault 
information so that it can better focus on fault information 
at different locations and improve the performance of the 
model. The residual network introduces residual connections 
to help the network learn the constant mapping more easily 
and accelerate the network convergence speed.

3.1.2 � Multiscale convolutional token embedding module

A typical Swin-Transformer splits the input samples into mul-
tiple fixed-size patches and preserves the positional informa-
tion of each patch. Then, each patch is mapped to a token 
by linear projection. However, the tokens via direct linear 
projection cannot capture low-level local features, resulting 
in degradation of the transformer's performance in harsh envi-
ronments. In addition, the vibration signals from gearboxes 
exhibit non-stationary characteristic, and there are differ-
ences in the fault features contained in different time scales. 
Therefore, it is critical to ensure that the model can effec-
tively extract multiscale low-order local features. To address 
the above shortcomings, we design a multiscale convolutional 
token embedding module which aims to extract sufficient low-
order local features from vibration signals to improve the fault 
diagnosis performance of the model. Specifically, the multi-
scale convolutional token embedding module first performs 
multiscale feature extraction using dilated convolutions with 
different dilated rates. Then, the extracted features at different 
scales are positionally encoded using the coordinate recon-
struction attention mechanism to focus on useful features and 
suppress redundant features. Finally, the extracted features at 
different scales are fused and used as inputs for the next mod-
ule. The schematic diagram of the multiscale convolutional 
token embedding module is shown in Fig. 4.

In Fig. 4, first, we resample the vibration signals using 
the moving window of 784. Then, dilated convolution is 
conducted for multi-scale feature extraction, where the num-
ber of channels in the dilated convolution is 96 and dilated 
rates are 1, 2 and 5, respectively. In addition, we optimize 
the feature extraction process using batch normalization and 
the Relu function. Finally, the intrinsic correlation of fea-
tures is learned using the coordinate reconstruction attention 
mechanism and the low-order local features extracted from 
different scale convolutions are fused, which are used as the 
inputs to the Swin-Transformer module.

3.2 � Swin‑transformer with sparse tokens

Fault features of gearboxes exhibit periodic characteristic. In 
noisy and variable load environments, these periodic fault 
features are prone to be disturbed and difficult to be recog-
nized effectively. The Swin-Transformer utilizes the multihead 
self-attention mechanism and positional encoding which can 
capture long-range dependencies, enabling it to better mine 
the periodic fault features of gearboxes. Therefore, after the 
multiscale convolutional token embedding module, we use 
Swin-Transformer for higher-level feature mining to improve 
the fault diagnosis performance of the model. However, from 
our experiments we have found that increasing the number of 
Swin-transformers leads to unstable training process, which 
reduces the classification accuracy. Specifically, although 
increasing the number of layers of Swin-Transformer improves 
feature extraction, it also increases redundant information and 
exacerbates the overfitting problem with small sample. Thus, 
we design the token sparse operation as shown in Fig. 5.

In Fig. 5, first we evaluate all the tokens in each layer, which 
retain the useful token information and discard the redundant 
token information. Specifically, we define the decision mask 
Dn ∈ {0,1} , where n is the number of all tokens. All elements 
of the decision mask have the initial value 1. Second, the deci-
sion mask D and all tokens N = {X ∈ ℝ

H×W×C} are used as 
the inputs, and the local features of the tokens are computed. 
The process is described as follows:

(16)Z
local

= F(X) ∈ ℝ
h×w×c�

Fig. 4   Multiscale convolutional token embedding module

Fig. 5   Schematic diagram of token sparing operation
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where h is the length of the token, w is the width of the 
token, and c� = c∕2 is the half number of channels. In addi-
tion, the global features of the token are computed. The pro-
cess is described as:

Finally, we fuse the local and global features. The calcula-
tion of discarding or retaining the token is performed using 
Softmax function. The process is described as follows:

where, Ai,0 is the i-th discarded token and Ai,1 is the i-th 
retained token. We use A to generate the current decision 
mask and update its value. The process is described as:

where )D is the discarded token.

3.3 � Rectified adam (Radam)

In the early stages of model training, the larger first-order 
moment estimates of the Adam optimizer can help the 
model converge quickly. However, the large first-order 
moment estimate causes the model to oscillate or unsta-
ble in the later stages of training. Radam optimizer uses 
a correction term in the computation of the gradient 

(17)Zglobal = Cat(F(X),D) ∈ ℝ
h×w×c

(18)Cat(x,D) =

∑N

i=1
Dix

∑N

i=1
Di

, x ∈ X

(19)Z = [Zlocal, Zglobal]

(20)A = Softmax(Z)

(21)�D ← (D⊙ )D)

momentum. The adjustment term can readjust the gradi-
ent momentum based on current and past values [33]. The 
initial values of the gradient momentum and the second-
order momentum of the gradient are defined as follows:

Adam optimizer updates the values of the gradient 
momentum and the second-order momentum of the gradi-
ent at time where gt is the value of the gradient at time t  , 
and �1 and �2 are the exponential decay rates of the moment 
estimates, generally �1 = 0.9, �2 = 0.999.

Radam optimizer updates the values of the gradient 
momentum and the second-order momentum of the gradi-
ent at moment t .

(22)
{

m0 = 0

v0 = 0

(23)
{

mt = �1 ⋅ mt−1 +
(

1 − �1
)

⋅ gt
vt = �2 ⋅ vt−1 +

(

1 − �2
)

⋅ g2
t

Fig. 6   Diagnostic flow of the 
proposed method

Fig. 7   Gearbox test rig
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where � is the adjustable hyperparameter. From Eqs. (24) 
and (25), Radam optimizer adds a correction term in the 
process of updating the values, thus suppressing the problem 
of excessive growth of first-order moment estimates. Finally, 
the parameter update process is described as:

where � = 0.0001 is the learning rate and  is the bias.

(24)m̂t =
mt

1 − � t
1

+
(1 − � t

1
) ⋅ �

(1 − � t
1
) ⋅ � + � t

1

(25)v̂t =
vt

1 − � t
2

+
(1 − � t

2
) ⋅ �

(1 − � t
2
) ⋅ � + � t

2

(26)wt+1 = wt − � ∙
m̂t

√

v̂t + �

3.3.1 � Gradient cropping

During model training, Radam constantly calculates the gradi-
ent of the model parameters and then continuously updates the 
parameters based on the gradient. However, the gradient some-
times becomes very large or very small, which leads to unsta-
ble training. Therefore, we use the gradient cropping technique 
to adjust the size of the gradient to ensure the stability of the 
gradient. Specifically, gradient cropping prevents the gradient 
to become too large during the training process by limiting the 
paradigms of the gradient. In this paper, we set the threshold to 
0.5. When the paradigms of the gradient exceed this threshold, 
the gradient is shrunk so that it does not exceed the threshold, 
thus avoiding the gradient explosion problem.

3.4 � MSDC‑Swin‑T diagnostic process

The general architecture of the proposed method is shown 
in Fig. 6, and is described as follows:

(1)	 The signals are collected from different gear health states 
under different operating conditions. In addition, a fixed-size 
moving window is used to divide the model input samples.

(2)	 In the multiscale convolutional token embedding mod-
ule, low-order local features are extracted by dilated 
convolutions with different sizes of dilated rates, and 
the important features is enhanced by CRAM.

(3)	 Swin-Transformer with sparse tokens is used for deeper 
feature learning, and multi-head self-attention mecha-
nism for fine-grained feature extraction.

(4)	 MSDC-Swin-T diagnostic model is trained using a lim-
ited number of labeled samples. Test samples are fed 

Table 1   Description of dataset failure types

Location Type Fault description Label

Bearing Health_1 Normal condition 0
Ball Ball race fault 1
Inner Inner race fault 2
Outer Outer race fault 3
Combination Inner and outer race fault 4

Gearbox Health_2 Normal condition 5
Chipped Chipped tooth in the gear 6
Miss Missing tooth in the gear 7
Root Gear root cracking 8
Surface Gear surface wear 9

Fig. 8   t-SNE visualization of key layer output features. (a) Original layer (b) Dilated convolution layer (c) CRAM layer (d) Swin-T first layer (e) 
Swin-T second layer (f) Output layer
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into the completed trained MSDC-Swin-T to validate 
its performance.

4 � Experimental verification and analysis

To validate the effectiveness of the proposed method under 
small sample, noisy and variable load environments, two 
case studies are conducted using the Southeastern Univer-
sity gearbox dataset (spur gears) and the roller gear dataset 
(bevel gears) in this section.

In two case studies, four state-of-the-art methods and a 
Swin-Transformer (Swin-T) benchmark model are used to 
assess the superiority of the proposed method: Effective 
attention prototype network (EAPN) [34], Residual wide 
kernel deep convolutional autoencoder (RWKDCAE) [35], 
Generalized model agnostic meta-learning (GMAML) [18], 
and Multi-branch multiscale dynamic convolutional network 

(MBSDCN) [36]. For the fair comparison, the comparison 
methods are aligned with the proposed method in terms of 
the number of network layers. Among them, EAPN consists 
of effective lightweight channel attention and dilated convo-
lution. RWKDCAE consists of wide kernel convolutional 
layers, residual learning and convolutional autoencoder. 
GMAML consists of multi-kernel effective channel attention 
and meta-learning strategy. MBSDCN consists of multiscale 
convolution and channel reconstruction attention.

4.1 � Case 1

4.1.1 � Description of the dataset

In this case, the gearbox dataset from Southeast University in 
China is used, and the fault data acquisition test rig is shown in 
Fig. 7. The test rig consists of a motor, two gearboxes and motor 
controller. Type 608A11 vibration sensors were used to collect 

Table 2   Parameters of the 
Swin-Transformer with Sparse 
Tokens

Hyperparameter Value Hyperparameter Value

Patch size 2 Dropout after MLP layer 0.01
Number of attention heads 8 Dropout after Attention 0.01
Number of embedded dimensions 64 Drop path rate 0.1
Number of MLP nodes 256 Number of Swin-T blocks 2

Fig. 9   Confusion matrix classification results. (a) Swin-T (b) EAPN (c) RWKDCAE (d) GMAML (e) MBSDCN (f) MSDC-Swin-T
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vibration data from gearboxes in the X, Y, and Z directions and 
on the Z-axis of the motor. The objects to be tested were spur 
gears and rolling bearings in this test rig. The bearing and gear 
data were obtained by adjusting the motor speed and load for 
both 20 Hz-0 V and 30 Hz-2 V operating conditions. Among 
them, the gear and bearing data contain five fault states respec-
tively. We select the gear and bearing data under the 20 Hz-0 V 
condition to verify the classification performance of the proposed 
method. The description of the dataset is shown in Table 1.

The samples were divided using the sliding window, each 
type of fault samples is 100, and the total number of samples 

is 1000. The numbers of training samples, tests samples and 
validation samples are in the ratio of 7:2:1.

4.1.2 � Parameters and visualization analysis 
of the proposed method

The parameters of the Swin-Transformer with Sparse Tokens 
are shown in Table 2, these parameters are mainly determined 
by cross-validation. In addition, to visualize the feature extrac-
tion capability of the proposed method, we use t-SNE to visu-
alize the features extracted for each key layer, as shown in 
Fig. 8. In Fig. 8(a), most of the features are mixed together 
and only a few features are distributed at the edge positions. In 
Fig. 8(b) and (c), the mixed features start to move towards the 
edge positions after the multiscale convolutional embedding 
module, but this trend is not so obvious. The distance between 
different fault features is further expanded after CRAM layer 
processing, and the tendency of different features to spread 
towards the edge is strengthened. Then, the similar fault 
aggregation effect becomes more obvious with the depth of 
the network, as shown in Fig. 8(d) and (e). Particularly, Swin-
Transformer layer represents the stronger aggregation effect 
than the previous layers, which means that the multi-head 
attention of this layer can pay more attention to the subtle 
features and improve the fault diagnosis accuracy of the pro-
posed method. Finally, similar faults are fully aggregated in 
the output layer, and there is no overlap for different classes of 
faults, which indicates that the proposed method has a strong 
feature extraction capability.
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Fig. 10   Convergence performance of the proposed method

Fig. 11   Different SNR added to the original signal. (a) SNR = -6 dB (b) SNR = 0 dB (c) SNR = 6 dB

Table 3   Accuracy of the six 
methods in noise environments

Algorithms Accuracy (%)

-4 dB 0 dB 4 dB 8 dB

Swin-T 55.92 ± 2.12 64.76 ± 2.67 71.50 ± 1.53 74.54 ± 1.78
EAPN 58.50 ± 1.87 74.00 ± 1.76 82.04 ± 0.23 84.34 ± 2.34
RWKDCAE 64.21 ± 1.01 78.92 ± 2.46 83.67 ± 0.87 86.76 ± 0.74
GMAML 78.00 ± 0.17 77.50 ± 1.83 88.37 ± 1.03 90.12 ± 0.32
MBSDCN 81.24 ± 0.57 88.00 ± 0.31 92.76 ± 0.77 94.00 ± 0.11
MSDC-Swin-T 83.74 ± 0.63 90.50 ± 1.57 94.38 ± 1.13 96.50 ± 0.47
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4.1.3 � Test performance under mixed faults

To analyze the fault diagnosis performance of the proposed 
method under mixed faults, we use confusion matrix to obtain 
the classification results of Swin-T, EAPN, RWKDCAE, 

GMAML, MBSDCN and MSDC-Swin-T, as shown in Fig. 9. 
The horizontal direction represents the predicted label and the 
vertical direction represents the true labels, the diagonal lines 
represent the number of correct classifications for different fault 
types. In Fig. 9, the proposed method has high diagnostic accu-
racy for Ball, Inner, Health_1, Chipped, Surface and Health_2. 
For Outer fault, the fault accuracy is slightly lower than EAPN 
and MBSDCN. However, the proposed method has the highest 
overall test accuracy of 98.1%, and the other five methods have 
test accuracies of 78.67% (Swin-T), 86.49% (EAPN), 88.99% 
(RWKDCAE), 91.52% (GMAML) and 94.61% (MBSDCN). In 
addition, it can be observed from Fig. 9 that the five compared 
methods have misclassification on Chipped classification, due to 
the similarity between the fault types of bearings and gearboxes, 
resulting in a lower identification accuracy. However, the pro-
posed method not only accurately identifies the Chipped fault 
category, but also has the lowest misclassification rate on the 
other fault types, because the designed multiscale convolutional 
token embedding module is able to extract fault information at 
different time scales. The fault information is further positionally 

Fig. 12   Visualization results of the six methods at SNR = 0 dB in Case 1. (a) Swin-T. (b) EAPN. (c) RWKDCAE. (d) GMAML. (e) MBSDCN. 
(f) MSDC-Swin-T

Table 4   Diagnostic accuracy at 
different sample sizes

Algorithms Amount of training samples / Amount of test samples—Accuracy (%)

170 / 50 350 / 100 700 / 200 1400/ 400

Swin-T 51.85 ± 3.71 57.00 ± 2.48 78.67 ± 1.07 89.25 ± 0.75
EAPN 57.41 ± 1.85 76.86 ± 0.96 86.49 ± 1.76 95.52 ± 0.44
RWKDCAE 60.21 ± 1.11 82.28 ± 1.07 88.99 ± 1.44 96.50 ± 0.17
GMAML 68.52 ± 1.14 85.21 ± 0.33 91.42 ± 0.83 95.97 ± 1.02
MBSDCN 74.07 ± 0.63 88.42 ± 0.71 94.61 ± 0.11 96.00 ± 0.31
MSDC-Swin-T 77.78 ± 1.85 96.47 ± 0.53 98.10 ± 0.23 99.61 ± 0.17
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Fig. 13   Fault diagnosis results under different test samples
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encoded in Swin-Transformer, which improves the accuracy of 
fault identification. In summary, the above analyses show that the 
proposed method has significant advantages in mixed faults and 
can effectively diagnose mixed faults.

The diagnostic accuracy and loss of the MSDC-Swin-T are 
shown in Fig. 10. In the experiment, the number of samples per 
small batch is set to 64, and the epochs are 100. In Fig. 10, the 
curve of the loss fluctuates in the early stages of the training 
process due to the randomness of the initialization parameters. 
With the training proceeds, the model tends to converge after 
the 60th epoch. The above analysis shows that the proposed 
method has good generalization performance, which is attrib-
uted to the use of Radam and gradient cropping.

4.1.4 � Test performance with additional noise

In real engineering environments, the collected vibration signals 
are usually affected by noise, which makes their characterization 
information more complicated. Therefore, fault diagnosis in the 
strong noise environments is a huge challenge. In this paper, we 
add signal-to-noise ratio (SNR) to the original vibration signals 
which better simulates the real noise environments. Figure 11 
shows the results of adding different SNR values to the original 
signals. SNR is defined as:

where Psingal  is the power of original signals and Pnoise  is 
the power of noise signals.

(27)SNR = 10log10(Psingal∕Pnoise)

Table 3 shows the diagnostic results of the six methods 
in noisy environment, by analyzing the results, we find 
that the diagnostic accuracy of each method decreases 
accordingly as SNR reduces continuously. When SNR is 
4 and 8 dB, the diagnostic accuracies of MSDC-Swin-T 
are 94.38% and 96.5% respectively, which are higher than 
the other comparison methods. This indicates that normal 
noise has limited influence for the proposed method. In 
contrast, the comparison methods are more susceptible 
to noise disturbances. Especially for the Swin-T method, 
the diagnostic accuracy is only 74.54% at SNR = 8 dB. 
When SNR is -4 dB, the diagnostic accuracy of Swin-T 
is only 55.92%, the diagnostic accuracy of MSDC-Swin-T 
is 83.74%. This is attributed to the fact that the designed 
multiscale convolutional token embedding module per-
forms feature information extraction at different scales, 
which can mine sufficient low-order local feature infor-
mation. In addition, the Swin-Transformer with Sparse 
Tokens module further positionally encodes the low-order 
local features to capture the periodic fault information in 
the vibration signals, which improves the fault identifica-
tion accuracy of the model.

To further observe the feature extraction performance 
of MSDC-Swin-T, we use t-SNE to map high-dimensional 
features into a two-dimensional plane, as shown in Fig. 12. 
In Fig. 12(a) and (b), the features of the original signals are 
mixed together in the low-dimensional space and cannot 
distinguish their fault types after Swin-T and EAPN feature 
extraction. This indicates that the feature extraction capabil-
ity of Swin-T and EAPN is insufficient to extract enough fault 
information, resulting in low fault identification accuracy. In 
Fig. 12(c), (d) and (e), although the faults of different types 
have clear classification boundaries, there are still a consider-
able number of fault samples overlapping after RWKDCAE, 
GMAML and MBSDCN feature extraction. This indicates 
that RWKDCAE, GMAML and MBSDCN have certain 
immunity to noise, but the lack of sufficient training samples 

Fig. 14   Roller Gear Failure Simulation Test Platform

Table 5   Description of fault types in the dataset

Location Type Description Label

Gearbox NB Normal bevel gear 0
SB-T Small-end broken half-tooth 1
CT-F Complete tooth fracture 2
BB-T Big-end broken half-tooth 3
UW Uniform wear 4
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under smalls ample conditions results in that the models are 
unable to capture the complex feature relationships hidden in 
the data, which reduce the diagnostic accuracy. In Fig. 12(f), 
MSDC-Swin-T obtains the best clustering effect, which can 
better identify different types of fault samples. This means 
that MSDC-Swin-T can adequately extract the fault informa-
tion in the data under small sample and noise environment, 
which improves the model's ability to capture complex data 
features, thus improves the accuracy of fault identification 
and robustness to noise interference.

4.1.5 � The performance with different sample sizes

In this section, the small sample conditions include 250, 500, 
1000 and 2000 total sample sizes, the dataset contains 10 
classes of fault types and is divided into the training, testing and 
validation sets according to 7:2:1. The experimental results of 
different methods are shown in Table 4 and Fig. 13. Figure 13 
shows that MSDC-Swin-T achieves the best diagnosis accu-
racy under four sample sizes. When the sample size of the test-
ing is 50, the diagnostic accuracy of MSDC-Swin-T is higher 
than Swin-T, EAPN, RWKDCAE, GMAML, and MBSDCN 
by 25.93%, 20.37%, 17.57%, 9.26%, and 3.71%, respectively. 
When the number of samples in the testing is 100, the diagnos-
tic accuracy of the MSDC-Swin-T is 96.47%. However, when 
the number of samples in the testing is 400, the diagnostic accu-
racies of the compared methods can only reach about 96%. This 
indicates that the diagnostic performance of MSDC-Swin-T is 
better than other methods under small sample.

4.2 � Case 2

4.2.1 � Description of the dataset

This case uses the roller gear fault simulation test plat-
form, which is shown in Fig. 14. The platform mainly 

Fig. 15   Diagnostic results of 
the proposed method under dif-
ferent operating conditions. (a) 
0HP. (b) 1HP. (c) 2HP. (d) 3HP

Table 6   Mixed fault dataset segmentation

Location Type Description Label

0HP CT-F Complete tooth fracture 0
BB-T Big-end broken half-tooth 1

1HP CT-F Complete tooth fracture 2
BB-T Big-end broken half-tooth 3

2HP CT-F Complete tooth fracture 4
BB-T Big-end broken half-tooth 5

3HP CT-F Complete tooth fracture 6
BB-T Big-end broken half-tooth 7
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consists of a three-phase AC asynchronous motor, a load-
ing device, a gearbox, bearings of different fault types, 
sensors and frequency controllers. Among them, the sen-
sors are shear acceleration sensors, the type is 333B30 and 
the sensitivity is 102.7 mV/g. The frequency of the sample 
acquisition is 2.56 kHz. Compared with the test rig in Case 
1, the test object of this test rig is bevel gears, and the data 
are obtained by adjusting the frequency controller and the 
loading device at 20 Hz for 0 HP, 1 HP, 2 HP, and 3 HP, 
respectively. Among them, the failure states of the bevel 
gears are complete tooth fracture faults, small-end broken 

half-tooth faults, big-end broken half-tooth faults, uniform 
wear faults and normal bevel gear as shown in Fig. 14. The 
detailed division of the dataset is shown in Table 5.

4.2.2 � Comparison of performance under different 
operating conditions

According to the optimal network structure and hyperpa-
rameter settings chosen in Case 1, we train the MSDC-
Swin-T model under four different working conditions in 
Case 2 respectively. Among them, the samples of each 
type fault are 100, and the total number of samples is 500. 
The confusion matrix of the diagnosis results is shown 
in Fig. 15, the proposed method has higher recognition 
rates for labels 0, 1 and 4. It has the disadvantage of high 
misclassification rate for both labels 2 and 3. The reason is 
that the fault characteristics of labels 2 and 3 are relatively 
similar, resulting in unsatisfactory results in the recogni-
tion process. However, in terms of total fault identification, 
the proposed method has high diagnostic accuracies for 
the four operating conditions, which are 92.66%, 96.59%, 
95.62% and 95.07%, respectively.

4.2.3 � Comparison of mixed fault performance 
under different operating conditions

Based on the research in the previous section, we select 
fault type label 2 and label 3 with the lowest accuracy 
under four different working conditions to construct a 

Fig. 16   Visualization of mixed fault identification results for different operating conditions. (a) Swin-T. (b) EAPN. (c) RWKDCAE. (d) 
GMAML. (e) MBSDCN. (f) MSDC-Swin-T
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Fig. 17   Fault diagnosis results with different test samples
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Table 7   Diagnostic accuracies 
at different sample sizes

Algorithms Amount of training samples / Amount of test samples—Accuracy (%)

175 / 75 350/ 150 750 / 250 1125/ 375

Swin-T 61.33 ± 2.67 68.67 ± 1.34 75.00 ± 0.33 80.44 ± 0.63
EAPN 74.67 ± 1.33 77.33 ± 0.67 85.67 ± 1.76 93.11 ± 1.12
RWKDCAE 82.62 ± 0.31 86.87 ± 1.13 92.33 ± 0.66 95.78 ± 0.44
GMAML 82.67 ± 1.13 88.33 ± 0.33 93.67 ± 0.13 95.56 ± 0.23
MBSDCN 86.34 ± 0.63 91.42 ± 1.25 95.00 ± 0.67 96.67 ± 0.31
MSDC-Swin-T 90.67 ± 1.35 94.67 ± 1.34 96.81 ± 0.23 98.44 ± 0.26

Table 8   Diagnostic accuracies of different methods in variable load 
environments

Algorithms Different working conditions Average

0HP 1HP 2HP 3HP

Swin-T 64.16% 63.33% 61.66% 62.78% 62.98%
MS-Swin-T 85.55% 90.00% 88.44% 88.15% 88.03%
CNN-Swin-T 82.22% 88.00% 86.60% 85.00% 85.45%
WSwin-T 86.67% 92.74% 92.22% 90.55% 90.54%
MSDC-Swin-T 91.45% 96.11% 95.55% 94.44% 94.39%

Fig. 18   Diagnostic accuracy of 
different methods in variable 
load environment
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distances. For Swin-T, EAPN and RWKDCAE, most of 
the fault types are mixed and the fault identification per-
formance is poor. For GMAML and MBSDCN, although 
there are distinct aggregation boundaries for some fault 
types, a few fault types are mixed. In addition, the prox-
imity between the classes of different fault types leads to 
a higher risk of misclassification.

4.2.4 � Comparison of performance with different sample 
sizes

The diagnostic results under different sample sizes are shown 
in Fig. 17 and Table 7. In Fig. 17, we can more intuitively 
see that the diagnostic accuracies of the proposed method 
are higher than that of the other comparative methods under 
all four small sample conditions. The diagnostic accuracy 
of MSDC-Swin-T remains above 90% as the number of test 
samples decreases from 375 to 75, which indicates that the 
proposed method can accurately identify fault categories 
under more stringent small sample conditions. In Table 7, 
we can see that the accuracies of Swin-T, EAPN, RWKD-
CAE, GMAML, and MBSDCN are 61.33%, 74.67%, 82.62%, 

new dataset, which is shown in Table 6, this dataset is 
used to validate the mixed fault diagnosis performance 
under different operating conditions. Where each fault 
type is 100 samples and the total number of samples 
is 800. To intuitively understand the quality of feature 
extraction, t-SNE is used for downscaling and visual 
features, the results are shown in Fig. 16. In Fig. 16(f), 
the proposed method has more discriminative clustering 
effect for the eight fault types, and the different fault 
types are separated independently with large interclass 
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82.67%, and 86.34% for 75 test samples, while the diagnostic 
accuracy of the MSDC-Swin-T is 90.67%. In addition, the 
diagnostic accuracy of the MSDC-Swin-T gradually increases 
as the number of test samples increases. When the test sam-
ples are 375, the diagnostic accuracy of the proposed method 
reaches the highest of 98.44%. This shows that MSDC-Swin-T 
can effectively mine feature information.

4.2.5 � Ablation experiments

In order to explore the effectiveness of each module of the pro-
posed method, we conduct ablation experiments under differ-
ent working conditions in Case 2. Specifically, the proposed 
method is the improvement of the Swin-Transformer model. 
The improvements include the utilization of multiscale feature 
extraction technique, the design of coordinate reconstruction 
attention mechanism, and token sparse operation. Therefore, we 
establish four comparison methods, namely: without multiscale 
convolutional token embedding module (Swin-T), without.

coordinate reconstruction attention (MS-Swin-T), without 
multiscale feature extraction module (CNN-Swin-T), and with-
out token sparse operation (WSwin-T). The hyperparameters of 
all compared methods are consistent with the proposed method. 
The diagnostic results are shown in Table 8 and Fig. 18.

The following conclusions can be concluded from Table 8 
and Fig. 18. (1) By comparing MS-Swin-T and CNN-Swin-T 
with Swin-T, it is shown that low-order local feature extraction 
can greatly improve the diagnostic accuracy. Specifically, com-
pared with Swin-T, the average diagnostic accuracies of MS-
Swin-T and CNN-Swin-T are improved by 25.05% and 22.47% 
under four working conditions, respectively. (2) The average 
diagnostic accuracy of MS-Swin-T is improved by 2.58% com-
pared with CNN-Swin-T. This indicates that after using the 
multi-scale feature extraction module, the fault features under 
different time scales can be effectively extracted to improve 
the diagnosis accuracy. (3) The average diagnostic accuracy of 
WSwin-T is improved by 2.51% compared with MS-Swin-T. 
This indicates that our designed coordinate reconstruction atten-
tion can focus on more periodic fault.

features and suppress interference information under 
variable load environments. (4) The average diagnosis 
accuracy of MSDC-Swin-T is improved by 3.85% compared 
with WSwin-T. This indicates that the token sparse opera-
tion makes the model training more stable and helps the 
model to improve the diagnosis performance.

5 � Conclusion

In this paper, a multiscale dilated convolution and Swin-
Transformer (MSDC-Swin-T) method is proposed for small 
sample fault diagnosis of gearboxes. MSDC-Swin-T solves 

the problem that the diagnostic model is subject to environ-
mental noise, variable load environments. and insufficient 
fault samples leading to performance degradation. Specifi-
cally, we first design a multiscale convolutional embedding 
module for extracting low-order local features. Then, the fea-
ture map is decomposed into a series of tokens by a segmenta-
tion technique, and the self-attention in Swin-Transformer is 
used for modeling global dependencies. Finally, MSDC-Swin-
T is validated by two gearbox datasets, and the experimental 
results show that MSDC-Swin-T obtains better fault recogni-
tion accuracy than existing state-of-the-art methods.

In future, we will study the applications of unsuper-
vised learning and Swin-Transformer to further reduce the 
dependence on labeled samples, and to improve the per-
formance of gearbox fault diagnosis under small sample.
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Abstract
Remaining useful life (RUL) prediction plays an indispensable role in the reliable operation and
improved maintenance of rolling bearings. Currently, data-driven methods based on deep
learning have made significant progress in RUL prediction. However, most of such methods
only consider the correlation between channels, ignoring the importance of different time steps
for RUL prediction. In addition, it is still challenging to effectively fuse the degradation features
of rolling bearings to improve the model RUL prediction performance. To address the above
issues, this paper proposes a novel data-driven RUL prediction method named dual-stream
temporal convolution network (DSTCN). First, a hybrid attention temporal convolution block
(HATCB) is designed to capture the correlation of degraded features on the channel dimension
and temporal dimension. Second, a one-dimensional attention fusion module is designed. This
module is capable of weight recalibration and assignment to adaptively fuse different degraded
features. Afterward, the Hilbert Marginal spectrum is obtained using the Hilbert–Huang
Transform and used as the input to one stream. Meanwhile, vibration signals are used as the
input of the other stream, thus building a DSTCN to realize RUL prediction. The effectiveness
of the proposed method is validated with two life-cycle datasets, and the results show that the
method has lower prediction error than other methods for RUL prediction and prognostic
analysis.

Keywords: remaining useful life prediction, rolling bearings,
dual-stream temporal convolutional network, hybrid attention, feature fusion

1. Introduction

In recent years, prognostics and health management (PHM),
including fault diagnosis [1], failure monitoring [2], and
remaining useful life (RUL) prediction [3, 4], has become a
hot topic of research in industrial applications [5–8]. Due to the
different working intensity and working time of parts in mech-
anical systems, it leads to difficulties in accurately obtaining

∗
Author to whom any correspondence should be addressed.

equipment degradation characteristics. Therefore, RUL pre-
diction is considered as the most challenging task in PHM.
Rolling bearings are widely used in rotatingmachinery and are
known as ‘industrial joints’, and their operating conditions dir-
ectly affect the safe operation of the whole rotating machinery
[9–12]. Thus, it is of great significance to make accurate RUL
predictions for rolling bearings and ensure stable operation
and safe production of rotating equipment [13–15].

Currently, RUL prediction methods are categorized into
physical model-based prediction methods and data-driven pre-
diction methods [16–18]. Physical model-based prediction

1
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methods require the establishment of a physical models that
accurately describes the degradation of the mechanical sys-
tem, include particle filtering [19], wiener process modeling
[20], and eyrling modeling [21]. However, they require a large
amount of prior knowledge in the construction of RUL pre-
diction models. With the rapid development of sensor tech-
nology and storage technology, data-driven prediction meth-
ods have gradually become the mainstream in the field of
PHM. The data-driven prediction methods are based on a
large amount of historical data to build the models of mech-
anical system degradation characteristics, and their process
consists of degradation indicator establishment and degrada-
tion feature learning. Classical data-driven methods, such as
Support Vector Regression [22] and artificial neural networks
(ANN) [23], have insufficient feature extraction capabilit-
ies, leading to poor prediction accuracies. However, with the
development of deep learning, RUL prediction methods based
on deep learning have received more and more attention by
scholars [24].

Deep learning has powerful feature extraction capability
that automatically establishes nonlinear mapping relationships
between historical data and RUL prediction. In RUL predic-
tion, convolutional neural network (CNN) [25, 26] and recur-
rent neural network (RNN) [27–29] are the most popular and
have achieved encouraging performance. For example, Qiu
et al [30] proposed a temporal convolutional network RUL
prediction method with an adaptive degradation stage seg-
mentation strategy, which was capable of estimating the health
and degradation states in segments. Zhu et al [31] proposed
a dynamically activated convolutional network that mined
the correlations between temporal information of neighbor-
ing samples to improve prediction accuracy. Sun et al [32]
proposed a lightweight Bi-LSTM with automatic pruning for
bearing RUL prediction.

In addition, the attention mechanism can selectively focus
on valuable information and suppress irrelevant information,
which can improve the performance of the model. Therefore,
it is widely used in RUL prediction models. For example,
Zhang et al [33] proposed an improved CNN for high accuracy
prediction, which used deep separable convolutions to con-
struct CNNs and introduced an attention mechanism with soft
thresholding to improve the network’s RUL prediction per-
formance in noisy environments. Shen et al [34] proposed
a multi-head attention bidirectional-long-short-term-memory
(MHA-BiLSTM) network for rolling bearing RUL prediction.
Wang et al [35] proposed a new dual competitive temporal
convolutional network to predict the RUL of rolling bear-
ings, which designed a global competitive attention module
to enhance the feature representation.

The above deep learning-based RUL prediction methods
usevibration signals as model input. Some researchers have
tried to process the vibration signals using signal processing
techniques, and input them into deep learning models for RUL
prediction. For example, Cao et al [36] used signal processing
techniques to obtain marginal spectra and input them to a tem-
poral convolutional network for feature extraction. Shi et al
[37] used multiple stacked sparse self-encoders to learn dif-
ferent degradation features from different feature domains of

the original data. Meanwhile, some scholars have also tried to
use the processed data and vibration signals as model inputs
for RUL prediction. For example, Jiang et al [38] proposed
a convolutional two-channel transformer network with time-
window cascading to extract degradation features from both
time and frequency domain perspectives. Xu et al [39] pro-
posed a dual-stream self-attentive neural network (DS-SANN)
for RUL prediction, which used domain knowledge to obtain
auxiliary data, and used the model to extract the features from
vibration signals and auxiliary data.

In summary, deep learning-based RUL prediction methods
have made outstanding contributions in the field of RUL pre-
diction for rolling bearings. However, they still have some
limitations: (1) RUL prediction methods using the atten-
tion mechanism usually prioritize the improvement of the
model’s ability to capture complex relationships across chan-
nels. However, they ignore the effect of different time steps
of the input sequence on the RUL prediction performance
of mechanical systems. (2) Multi-channel inputs can provide
more degradation features of rolling bearings. However, how
to fuse these degradation features can also significantly affect
the final RUL prediction results. To address the above issues,
this paper proposes a dual-stream temporal convolutional net-
work (DSTCN) for the RUL prediction of rolling bearings.
Specifically, firstly, the designed hybrid attention temporal
convolution block (HATCB) is not only capable of captur-
ing complex relationships across channels, but also pay more
attention to degraded information in the temporal dimen-
sion. Secondly, a one-dimensional attention fusion module is
designed, which can adaptively select important degraded fea-
tures of different streams to be fused, so as to avoid redund-
ant information caused by adding different stream features.
Finally, the Hilbert Marginal spectrum is obtained using the
Hilbert–Huang Transform, which is used as the input of one
stream. Meanwhile, vibration signals are used as the input of
the other stream, thus building a dual-stream temporal convo-
lution network (DSTCN) to realize RUL prediction. The main
contributions of this paper are summarized as:

(1) A HATCB is designed to capture the correlation between
features on the channel dimension and the temporal
dimension. Specifically, a parallel hybrid attention mech-
anism is constructed using channel attention and temporal
attention to achieve the feature weighting on the channel
dimension and the temporal dimension.

(2) A one-dimensional attention fusion module is designed.
The extracted feature information from different streams
is adaptively fused to avoid redundant information caused
by direct addition of feature information.

(3) Hilbert Marginal spectra (HMs) and vibration signals are
used as the inputs to different streams, and HATCB is used
as a basic component to construct the DSTCN to realize
RUL prediction.

The rest of the paper is organized as follows. Section 2
introduces the related basic theories. Section 3 introduces
the proposed prediction method. Section 4 presents the

2
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effectiveness and superiority of the proposed method.
Section 5 provides the conclusion.

2. Preliminaries

2.1. Marginal spectrum calculation

Frequency domain signals are obtained by Fourier trans-
form, which can provide frequency information in the global
range and cannot obtain frequency information at different
time points. Unlike Fourier transform, HMs have a signific-
ant advantage in dealing with non-smooth signals [40]. It
extracts the instantaneous frequency and amplitude inform-
ation at different time points in the signals. Therefore, to
avoid the missing of degradation information, HMs are used
as the input to one of DSTCN. HMs are obtained by Hilbert–
Huang Transform. Specifically, firstly, the vibration signals
are decomposed by EMD into a set of intrinsic modal func-
tions with different time scales. The process is described as
follows:

f(t) =
n∑

i=1

xi (t)+ rn (t) (1)

where n is the number of intrinsic modal functions, xi(t) is the
eth intrinsic modal function, and rn(t) is the final residual term.
Then, Hilbert–Huang Transform is applied to each intrinsic
modal function, and the process is as follows:

xHi (t) =
1
π

+∞ˆ

−∞

xi (τ)
t− τ

dτ. (2)

Secondly, the analytic signal of xi(t) is constructed
as follows:

zi (t) = xi (t)+ jxHi (t) = ai (t)e
jφ i(t) (3)

where ai(t) =
√
xi(t)

2
+ xHi (t)

2 is the instantaneous amp-

litude and φ i(t) = arctan
[
xHi (t)/xi(t)

]
is the instantaneous

phase. Further the instantaneous frequency can be expressed
as follows:

h(ω) =

Tˆ

0

xHi (ω, t)dt ωi (t) =
dφ i (t)
dt

(4)

where T denotes the end time of the time–frequency distribu-
tion function. Finally, HMs h(ω) are obtained by integrating
the time–frequency distribution function ωi(t). The process is
as follows:

h(ω) =

Tˆ

0

xHi (ω, t)dt. (5)

HMs provide the total amplitude contribution of each fre-
quency value. Therefore, it is more suitable for non-smooth
signal analysis.

2.2. Dilated causal convolution

Dilated causal convolution consists of two parts: dilated con-
volution and causal convolution. The output information of
dilated convolution is exponentially related to the number of
network layers. Thus, dilated convolution helps the network
to obtain a larger receptive field. The output of causal convo-
lution at moment t is only associated with the output element
at an earlier moment ({t− 1, t− 2, . . . ,1}), which can ensure
that the historical data is not leaked. Thus, dilated causal con-
volution can be defined as follows:

Fi = (xd ∗ k)i =
c−1∑
f=0

xi+f•d · ki+f+ b (6)

where ∗ denotes a convolution operation, d denotes the dilated
factor, ki+f denotes the convolution kernel, c denotes the num-
ber of convolution kernels, xi+f·d denotes the elements of the
input sequence, and b denotes the convolution kernel bias.
When the dilated factor d= 1, dilated causal convolution is
the standard convolution.

2.3. Kalman filter

Kalman filter is an efficient optimal estimator, which is pro-
posed by R. E. Kalman and R. S. Bucy in 1961. It is widely
used for data noise reduction [41], and its main computational
procedure is as follows.

(1) The optimal result from the previous moment is used to
obtain the predicted value of the current moment, and the
process can be described as follows:

↼
x t = Fx̂t−1 +But−1 (7)

where F is the state transfer matrix, B is the control matrix,
x̂t−1 is the state value at the previous moment, and ut−1 is
the input.

(2) The observed values at the current time are used to cor-
rect the predicted values at the current time and obtain
the optimal results at the current time. The process is
as follows:

↼

Pt = FPt−1F
T+Q (8)

where Pt−1 is the variance of xt−1, Q is the variance of the
noise signal, and FT is the transpose matrix of the state
transfer matrix.

(3) The Kalman Gain is obtained from the predicted value
covariance and hyperparameters at the current moment.
The process is as follows:

Kt =
↼

PtH
T

(
H

↼

PtH
T+R

)−1

(9)

whereH is the observationmatrix,HT is the transposemat-
rix of the observation matrix, and R is the variance of the
observation noise.

3
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(4) The optimal estimate at the current moment is obtained

from the predicted value ↼
x t, the observed value Zt, and the

Kalman Gain Kt. The process is described as follows:

xt =
↼
x t+Kt

(
Zt−H

↼
x t
)

(10)

where Zt is the observed value at the current moment.
(5) The covariance of the predicted value at the current

moment and Kalman Gain get the covariance of the
optimal estimate at the current moment. The process is
described as follows:

Pt = (I−KtH)
↼

Pt (11)

where Kt is the Kalman Gain and I is the unit matrix.

3. The proposed method

3.1. HATCB

TCN can abstract the features of the input sequence into the
feature matrix, but all features in the feature matrix do not con-
tribute equally to the RUL prediction. The attention mechan-
ism can assign the weights to the features through the weight
matrix, which makes the model focus on the features that are
relevant to the current task and suppress the irrelevant features.
Therefore, we embed the attention mechanism into TCN to
construct a HATCB, as shown in figure 1.

In figure 1, HATCB consists of dilated causal convolution,
batch normalization, activation function, and hybrid attention.
Dilated causal convolution not only ensures that historical data
are not forgotten, but also has a large receptive field that can
help the network capture more degraded information. Hybrid
attention consists of channel attention and temporal attention.
It assigns the weights to the features in the feature matrix from
the channel dimension and temporal dimension, respectively.
Thus, the model pays more attention to the features that are
valuable to RUL and suppresses unnecessary features.

The specific process of HATCB is as follows.
Step1: the input feature matrix is firstly extracted by dilated

causal convolution, and the features are processed by batch
normalization function and activation function to improve the
expression performance of the model. The process can be
described as follows:

Z= FDconv (X) =
c=0∑
i,j=0

xci,j · k+ b (12)

Ẑ= BN(LRelu(Z)) (13)

where FDconv(·) is the dilated causal convolutional feature
extraction process, BN(·) is the batch normalization operation,
LRelu(·) is the activation function, X is the feature matrix, xci,j
is the feature element in the feature matrix, k is the convolu-
tional kernel, and b is the bias.

Step2: channel features are weighted and assigned using
channel attention on the channel dimension of the feature mat-
rix. At the same time, weighted assignment of features at dif-
ferent time points is performed using temporal attention on

the temporal dimension of the feature matrix. The process is
described as follows:

F̂c =Mc

(
Ẑ
)
⊗ Ẑ (14)

F̂t =Mt

(
Ẑ
)
⊗ Ẑ (15)

where Mc ∈ {i × c} is the attention weight of the channel
dimension andMt ∈ {i × j} is the attention weight of the tem-
poral dimension. Mc is obtained by channel attention calcula-
tion, the process is described as follows:

Mc = Softmax
(
Conv

(
GAP

(
Ẑ
)))

. (16)

Specifically, the feature matrix is first processed by two
1 × 1 convolution kernels to obtain the feature maps p, q,
where p, q satisfy {p,q} ∈ R1×N. Subsequently, the feature
map q is used by the Softmax function to obtain the positional
importance weights. The process is described as follows:

q ′ =
exp(qi)∑N
i=1 exp(qi)

(17)

where q ′ is the obtained attention feature map, and qi is the ith
feature element of the feature map q.

Finally, a dot product operation is performed between the
feature maps p, q ′. The process is described as follows:

att= {pi · q ′
i, i ∈ [1,N]} (18)

where p ′ is the ith feature element in the feature map p, and q ′
i

is the ith feature element in the feature map q ′.
Step3: the features obtained from the channel dimension

and the temporal dimension are summed to obtain the output
feature matrix of HATCB. The process is as follows:

Ẑ ′ = F̂c+ F̂t. (19)

3.2. Fusion strategies

Generally, the degraded features extracted from different
streams have redundancy and correlation. If the features of
each stream are fused directly at the fully connected layer,
it would not only increase the computational burden of the
network, but also affect the RUL prediction performance of
the model. Li et al [42] studied the attention mechanism
of convolutional kernels, adaptively adjusting the receptive
field size of the network by using convolutional kernel inputs
with different weights. Inspired by their study, this paper
designs a one-dimensional attention fusion module, as shown
in figure 2. This module selects more critical information for
fusion through weight allocation, which not only saves com-
putational resources but also improves RUL prediction per-
formance. In figure 2, assumed that F1, F2 denote two stream
input features, the specific process of one-dimensional atten-
tion fusion module is as follows:

4
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Figure 1. Hybrid attention temporal convolution block.

Figure 2. One-dimensional attention fusion module.

Step1: the feature information of different streams is
compressed using global average pooling, the process of is
described as:

Gc
1 =

1
L

L∑
i=1

Fc1 (i)

Gc
2 =

1
L

L∑
i=1

Fc2 (i)
c= 1,2, . . . ,M (20)

where Gc
1 and G

c
2 are the squeezed features of the cth channel,

L is the spatial dimension of the feature, M is the number of
channels, and Fc1(i) and F

c
2(i) are the ith features of the cth

channel of different streams.
Step2: the compression features of the two streams are

spliced to generate the global feature Fg, and the convolution
operation is performed on the feature information,{

Fg = {Gc
1,G

c
2}

Fc = fReLU (fNorm (w ·Fg+ b))
(21)

where Fc the result of feature downscaling, w is the weight,
and b is the bias. The Softmax function is used to assign the
weights to global features. The process is described as fol-
lows: {

SE1 = fsoftmax (Fc)
SE2 = fsoftmax (Fc)

(22)

where fsoftmax(·) is the Softmax function for weight
assignment.

Step3: the reassigned features and input features are multi-
plied to achieve recalibration and fusion of features. The pro-
cess is described as follows:

F= SE1 ⊗F1 +SE2 ⊗F2 (23)

where F is the feature fusion and ⊗ is the multiply product.

3.3. DSTCN architecture

DSTCN consists of a convolutional layer, three HATCB lay-
ers, a fusion layer, and a fully connected layer, as shown
in figure 3. The convolutional layer contains wide convolu-
tion and maximum pooling for suppressing noise interference
in the input sequence and reducing data dimensionality. The
HATCB is the core component of DSTCN. In each HATCB,
we use a convolutional kernel with a convolutional scale of 3
for feature extraction, and the expansion factors are deployed
according to 1, 2, and 4. In addition, to prevent the model
from gradient vanishing during training, we introduce resid-
ual connectivity between each HATCB, which allows feature
information to be transferred across blocks. The fusion layer
refers to the adaptive weighted fusion of deep features extrac-
ted from different streams using the one-dimensional atten-
tion fusion module in section 3.2. The fully connected layer
refers to the mapping of the high-dimensional features out-
put from the fusion layer to the RUL prediction dimension.
In addition, before outputting the RUL prediction results, we
introduce Kalman filtering to smooth the prediction results.
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Figure 3. DSTCN architecture.

3.4. Application of DSTCN-based RUL

In this paper, a DSTCN is proposed for RUL prediction of
rolling bearings. The specific steps are shown in figure 4. The
process includes three stages: data preprocessing, model train-
ing, and RUL prediction. The first stage is the acquisition of
raw data and data processing. The vibration signals are col-
lected from the mechanical systems by sensors, and HMs are
obtained using Hilbert–Huang Transform. The vibration sig-
nals and HMs are divided into a training set and a test set. The
second stage is model construction and training. DSTCN is
constructed using HATCB as the basic component. The train-
ing set is fed into the model using a moving time window. The
third stage is RUL prediction. RUL prediction is performed on
the test samples using the trained DSTCN.

4. Experimental results and performance analysis

4.1. Dataset description

In order to verify the prediction performance of the proposed
method, two datasets are used for experimental analysis. One
of them is the FEMTO dataset and the other is the XJTU-SY
dataset. Figure 5 shows the experimental platform of the two
datasets.

4.1.1. FEMTO dataset. The FEMTO dataset provided by the
PRONOSTIA experimental platform was used to verify the
effectiveness of DSTCN. The specific layout of each module
of the test platform is shown in figure 5(a). The vibration sig-
nals of bearing degradation were obtained by applying radial
load force. The sampling frequency was 25.6 KHz and the
sampling time lasted 0.1 s. When the vibration signal amp-
litude exceeds 20 g, the bearing failed and the full life bearing
data were obtained. The data were collected for three operat-
ing conditions, two training for each operating condition and
the rest were testing. The data sets are described in detail in
table 1. In this study, the vibration signals in the horizontal
direction under operating conditions 1 and 2 in the FEMTO
dataset are used. The training set and test set are divided as
shown in table 2.

4.1.2. XJTU-SY dataset. The XJTU-SY dataset provided
by Xi’an Jiao tong University was used to further validate
DSTCN. Each specific layout of the test platform is shown in
figure 5(b). The platform consists of a motor, a controller, a
rotating shaft, a support bearing and a test bearing. The accel-
eration sensor type was PCB 352C33, and the vibration signals
of bearing degradation were obtained by applying radial load
force. The sampling frequency was 25.6 KHz, the sampling
interval was 1 min. A total of 15 full-life cycle bearing degrad-
ation data were collected under three operating conditions dur-
ing the test. Table 1 shows the detailed description of the data
set. In this study, the vibration signals in the horizontal dir-
ection under operating conditions 1 and 2 are selected. The
training set and test set are divided as shown in table 2.

4.2. Data processing

4.2.1. Calculation of the marginal spectrum. Deep learning
can extract feature information directly from vibration signals.
However, the degradation process of bearings has the char-
acteristics such as nonlinearity and randomness. It is difficult
to establish a following relationship between monitoring data
and the degradation trend by directly using horizontal vibra-
tion signals. Hilbert Marginal spectrum can reflect the time–
frequency characteristics of the rolling bearings. Therefore,
one stream of the proposed method uses Hilbert Marginal
spectrum as input. Taking bearingA1–1 of the FEMTOdataset
as an example, the original vibration signals, frequency spec-
trum and edge spectrum are plotted in figure 6.

4.2.2. Data normalization. To ensure the consistency of the
input of the deep learning model, the vibration signals are nor-
malized in this paper. The process is as follows:

Xnorm
t =

Xt−Xmean
t

Xstd
t

(24)

where X is the sample set {x1,x2, . . . ,xt,xt+1} of hori-
zontal vibration signals, Xt is the sample at the moment t,
Xmean
t and Xstd

t are the mean and standard deviation of X,
respectively.
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Figure 4. Flowchart of RUL based on DSTCN.

Figure 5. Bearing degradation analysis test rig (a) FEMTO dataset (b) XJTU-SY dataset.
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Table 1. Detailed description of FEMTO dataset and XJTU-SY dataset.

FEMTO dataset XJTU-SY dataset

Condition1 Condition2 Condition3 Condition4 Condition5 Condition6

Load (kN) 4 4.2 5 12 11 10
Speed (rmp) 4000 4200 5000 2100 2250 2400
No. Bearings A1–1–A1–7 A2–1–A2–7 A3–1–A3–3 B1–1–B1–5 B2–1–B2–5 B3–1–B3–5

Table 2. Division of training and test sets for FEMTO dataset and XJTU-SY dataset.

FEMTO dataset

Load (kN) 4,
Speed (rmp) 4000

Training Testing Load (kN) 4.2,
Speed (rmp) 4200

Training Testing

A1–2, 1–3, 1–4, 1-5, 1–6, 1–7 A1–1 A2–2, 2–3, 2–4, 2–5, 2–6, 2–7 A2–1
A1–1, 1–3, 1–4, 1–5, 1–6, 1–7 A1–2 A2–1, 2–3, 2–4, 2–5, 2–6, 2–7 A2–2
A1–1, 1–2, 1–4, 1–5, 1–6, 1–7 A1–3 A2–1, 2–2, 2–4, 2–5, 2-6, 2–7 A2–3
A1–1, 1–2, 1–3, 1–5, 1–6, 1–7 A1–4 A2–1, 2–2, 2–3, 2–5, 2–6, 2–7 A2–4
A1–1, 1–2, 1–3, 1–4, 1–6, 1–7 A1–5 A2–1, 2–2, 2–3, 2–4, 2–6, 2–7 A2–5
A1–1, 1–2, 1–3, 1–4, 1–5, 1–7 A1–6 A2–1, 2–2, 2–3, 2–4, 2–5, 2–7 A2–6
A1–1, 1–2, 1–3, 1–4, 1–5, 1–6 A1–7 A2–1, 2–2, 2–3, 2–4, 2–5, 2–6 A2–7

XJTU-SY dataset

Load (kN) 12,
Speed (rmp) 2100

Training Testing Load (kN) 11,
Speed (rmp) 2250

Training Testing

B1–2, 1–3, 1–4, 1–5 B1–1 B2–2, 2–3, 2–4, 2–5 B2–1
B1–1, 1–3, 1–4, 1–5 B1–2 B2–2, 2–3, 2–4, 2–5 B2–2
B1–1, 1–2, 1–4, 1–5 B1–3 B2–1, 2–2, 2–4, 2–5 B2–3
B1–1, 1–2, 1–3, 1–5 B1–4 B2–1, 2–2, 2–3, 2–5 B2–4
B1–1, 1–2, 1–3, 1–4 B1–5 B2–1, 2–2, 2–3, 2–4 B2–5

Figure 6. Bearing A1–1: (a) original signal; (b) HMs of the original signals; (c) FFT of the first sample; (d) FFT of the last sample; (e) HMs
of the first sample; (f) HMs of the last sample.

Due to the different working environments, the life cycles
of various devices are usually different. To enhance the model
generalization, the real RUL is normalized to the RUL percent-
age, and the process is described as:

RULnorm
t =

Ttotal−life − t
Ttotal−life

(25)

where Ttotal−life is the total time of the device RUL, and t the
time normalized value of RULnorm

t in the interval [0∼ 1].

4.2.3. Embedded time moving window. If the data from a
single sample is used as input, it makes the information in
the later degradation of the device irrelevant to the previous
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feature information, which limits the prediction performance
of the model. To solve this problem, this paper uses a time
window embedding strategy to construct model input samples.
The process can be described as follows:

Xinput
t =

{
xnormt−L+1, . . . ,x

norm
t−1 ,x

norm
t

}
(26)

where L is the size of the time window. The model input
sample Xinput

t consists of the current moment sample xnormt and
the previous L− 1 samples. To reduce the computational cost,
a time window size of 2560 was chosen for the PRONOSTIA
dataset and a time window size of 4096 was chosen for the
XJTU-SY dataset.

4.3. Evaluation metrics

To compare with other advanced methods, root mean square
error (RMSE), mean absolute error (MAE) and scoring func-
tion (Score) are used to evaluate the prediction performance,
and the process is described as follows:

MAE=
1
N

N∑
t=1

{|ȳt− yt|} (27)

RMSE=

√√√√ 1
N

N∑
t=1

(ȳt− yt)
2 (28)

where N is the number of all samples, ȳt is the predicted value
at moment t, and yt is the actual value at moment t.

The scoring function was used to assess the reasonableness
of DSTCN prediction results. The underestimation and over-
estimation of the scoring function were not considered in the
same way. The performance of the scoring function prefers
a conservative RUL estimate [43]. The evaluation function is
defined as:

Score=
1

N− 1

N−1∑
i=1

Ai;Ai =

{
exp− ln(0.5)×(Eri/5),Eri ⩽ 0
expln(0.5)×(Eri/20),Eri > 0

(29)

where N is the total number of samples and Eri denotes the
percentage of error, which can be expressed as:

Eri =
yt− ȳt
yt

× 100%. (30)

Among above evaluation metrics, the smaller the RMSE
and MAE values, the better the prediction performance, and
the higher the Score value, the more reasonable the prediction.

4.4. Model parameters and comparison methods

4.4.1. Model parameters. The structural configuration of
DSTCN and the output size of each layer were determ-
ined through several cross-validation experiments as shown
in table 3. Firstly, 1D wide convolution is used for feature
extraction and a maximum pooling layer is used to reduce the
number of network parameters. Secondly, HATCB consists of

Table 3. Parameter configuration of DSTCN.

Layer Network structure parameter

Conv 1D Kernel: 14, stride: 4, channel: 16
Activation Leaky rate (0.1)
Maxpooling 1D Stride: 4
HATCB1 Kernel: 3, dilated rate: 1, channel: 16, dropout

rate: 0.3, leaky rate (0.1)
HATCB2 Kernel: 3, dilated rate: 2, channel: 32, dropout

rate: 0.3, leaky rate (0.1)
HATCB3 Kernel: 3, dilated rate: 4, channel: 64, dropout

rate: 0.3, leaky rate (0.1)
Fusion layer Channel: 64, Activation: softmax
GAP —
Dense Channel: 1

dilated causal convolution and hybrid attention. Dilated causal
convolution can effectively capture the correlation of feature
information between time series, and hybrid attention can fur-
ther focus on useful information from channel dimension and
temporal dimension to capture the device degradation trend.
Finally, the extracted features are input to the dense layer for
RUL prediction. The parameters of DSTCN are updated by
Adam optimizer. The learning rate is 0.005 and the batch size
is 128. The training network is 200 epoch.

4.4.2. Comparison methods. In order to fully verify the
validity of DSTCN, one baseline model and three advanced
prediction models are selected as comparison methods,
namely TCN, TCN-SA [44], TCN-RSA [36], and CDCT [38].

(1) TCN: Consisting of dilated causal convolution, weight
normalization, activation function and dense layers, the
model parameters are consistent with DSTCN. The model
is used to evaluate the superiority of the prediction per-
formance between DSTCN and baseline TCN.

(2) TCN-SA: The method was proposed by Wang et al [44].
It consists of dilated causal convolution, soft thresholding
and attention mechanism.

(3) TCN-RSA: The method was proposed by Cao et al [36].
It consists of dilated causal convolution and residual
self-attention mechanism. This model is used to evalu-
ate the impact of time domain branching on prediction
performance.

(4) CDCT: This is the state-of-the-art model proposed by
Jiang et al [38]. The model uses time and frequency
domain signals as input and uses causal convolution
for feature extraction, and ultimately lifetime prediction,
to evaluate the effect of HM stream on the prediction
performance.

4.5. Results and analysis

4.5.1. Analysis of smoothing results. Since the vibration sig-
nals of the rolling bearings are affected by noise and work-
ing conditions, they tend to oscillate considerably and are not
favorable for RUL prediction. Therefore, in order to suppress
the influence of noise and outliers and reduce the interference
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Figure 7. Comparison of DSTCN prediction smoothing filtering. (a) A1–1, (b) B1–1.

Table 4. Performance comparison of different methods on the FEMTO dataset.

Methods Metric

Test bearing

A1–1 A1–2 A1–3 A1–4 A1–5 A1–6 A1–7 A2–1 A2–2 A2–3 A2–4 A2–5 A2–6 A2–7

DSTCN RMSE 8.33 9.06 7.24 13.80 10.01 9.69 13.62 15.30 19.07 17.59 24.23 19.33 13.80 11.75
MAE 6.16 7.29 6.54 12.00 8.02 7.90 10.97 12.42 15.69 13.83 21.07 16.14 9.61 10.46
Score 0.78 0.77 0.65 0.58 0.73 0.62 0.66 0.46 0.50 0.57 0.28 0.44 0.49 0.43

TCN RMSE 10.58 9.77 10.54 17.36 12.98 13.56 14.64 20.53 19.12 21.28 22.45 36.23 18.66 21.94
MAE 8.54 9.26 8.88 13.13 10.22 10.29 10.13 16.91 15.88 17.22 17.93 29.07 15.51 19.32
Score 0.63 0.59 0.43 0.49 0.40 0.50 0.64 0.45 0.42 0.40 0.32 0.37 0.44 0.34

TCN-SA [44] RMSE 15.69 14.30 7.61 14.86 20.38 8.70 15.96 23.50 19.75 22.16 20.54 23.31 18.16 21.00
MAE 13.06 11.59 6.45 12.65 16.04 7.91 11.73 19.30 17.08 18.22 17.12 19.62 14.90 17.55
Score 0.59 0.65 0.59 0.51 0.25 0.60 0.63 0.45 0.45 0.40 0.37 0.42 0.47 0.37

TCN-RSA [36] RMSE 13.65 11.75 7.07 15.31 14.49 20.59 13.89 24.80 25.84 24.22 24.88 31.85 22.27 18.32
MAE 11.62 9.08 5.85 13.26 10.05 17.24 9.97 21.59 22.71 21.22 21.58 26.69 18.67 16.13
Score 0.66 0.55 0.63 0.51 0.41 0.53 0.60 0.41 0.38 0.39 0.32 0.39 0.37 0.41

CDCT [38] RMSE 14.43 15.94 11.87 13.99 10.94 11.41 11.42 24.18 23.95 17.78 25.46 25.47 16.7 19.44
MAE 12.72 14.10 10.66 15.64 8.86 9.69 9.20 20.35 21.23 15.60 21.09 22.20 15.11 16.04
Score 0.63 0.64 0.44 0.46 0.68 0.55 0.54 0.46 0.17 0.39 0.32 0.34 0.55 0.28

with the original data, this paper introduces Kalman filtering
for real-time smoothing ofDSTCNprediction results. The spe-
cific process is as follows:

R̂ULt = R̂ULt−1 + k ·
(
RULt− R̂ULt−1

)
(31)

k=
Pt−1 +Q

Pt−1 +Q+R
(32)

where R̂ULt is the Kalman filtered value and RULt is the
unfiltered value. Pt−1 is the error covariance and P0 = 1. Q
is the predicted state covariance, and R is the observed state
covariance.

The filtering results are shown in figure 7. In figure 7, the
DSTCN prediction results can better reflect the deterioration
trend of the bearing during operation, but there are oscilla-
tions. The introduction of Kalman filter can make the DSTCN
prediction smoother and reduce the influence of oscillation on
RUL prediction.

4.5.2. RUL prediction results for the FEMTO dataset. The
experimental results are shown in tables 4 and 5. From table 4,
DSTCN outperforms the other methods in most of the cases,
proving the superiority of the proposed model. The poor per-
formance of TCN and TCN-SA for RUL prediction proves that
the original vibration signals as inputs result in the models that
cannot easily capture the information of bearing degradation.

The prediction results of TCN-RSA can be seen that the
use of Hilbert marginal spectra only as the input would ignore
some degradation information of the vibration signal in the
time domain. CDCT obtains better RUL prediction results by
using both time and frequency domains as inputs. However,
the original vibration signals are non-smooth. Fast Fourier
Transform itself is defective in dealing with non-smooth
signals.

As can be seen from table 5, the mean values of MAE,
RMSE and Score of DSTCN are better than the comparison
methods on the FEMTO dataset. Compared with TCN and
TCN-RSA, the prediction error of DSTCN is much smal-
ler, where MAE decreases by 4.06 and 5.43, respectively.
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Table 5. Comparison of the average results of different methods for the FEMTO dataset.

Methods RMSE Difference MAE Difference Score Difference

DSTCN 13.77 — 11.29 — 0.56 —
TCN 17.83 4.06↑ 14.44 3.15↑ 0.45 0.11↓
TCN-SA [44] 17.56 3.79↑ 14.76 3.47↑ 0.48 0.08↓
TCN-RSA [36] 19.20 5.43↑ 16.11 4.82↑ 0.46 0.10↓
CDCT [38] 17.35 3.58↑ 15.17 3.88↑ 0.46 0.10↓

Figure 8. MAE and Score comparing different methods on the FEMTO dataset.

Figure 9. RUL prediction results for the FEMTO dataset: (a) A1–1; (b) A1–2; (c) A1–3; (d) A2–5; (e) A2–6; (f) A2–7.

Compared with TCN-SA and CDCT, the Score of DSTCN is
improved by 0.08% and 0.10%.

For a more intuitive comparison, the results of MAE and
Score of different methods in table 4 are shown in figure 8,
as can be seen, for MAE, except for A1–3 and A2–4, MAE
of DSTCN is significantly smaller than that of other compar-
ison methods, which indicates that the predicted RUL curve of
the proposed method always fluctuates around the real curve
and the error region is smaller. The average value of MAE of
DSTCN is alsomuch smaller than its comparisonmethods. For
the Score values, except for A2–4 and A2–6, the Score values
of DSTCN are significantly higher than those of the compar-
ison methods, which indicate that the proposed method can
effectively capture the late operating condition of the equip-
ment, which is important for early termination of the equip-
ment. In addition, it can be seen that the values of test bear-
ings in working condition 1 are all higher, which is because the

speed and applied load in working condition 1 are smaller and
the data difference is not too big, andDSTCN is able to capture
the test bearing degradation performance more strongly.

Figure 9 shows the results of RUL prediction for the
FEMTOdataset. In figure 9, the RULvalues of DSTCN always
fluctuate around the actual RUL values, which can well reflect
the degradation trend of the tested bearings. However, DSTCN
prediction results are more accurate in the early stage of the
whole life cycle, and the evaluation errors are mainly distrib-
uted in the late stage of the life cycle. This is because we
assume that the RUL decay process for the test bearings is lin-
ear, and this assumption is reasonable during healthy operation
of the equipment. However, in the real industry, the occurrence
of early equipment failures until complete failure is nonlinear,
especially, the large variation of data from equipment opera-
tion to the late stage, which leads to DSTCN not following real
RUL well.
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Figure 10. Visualization results of different methods for the FEMTO dataset (a) A1–1; (b) A2–7.

Table 6. Performance comparison of different methods on the XJTU-SY dataset.

Methods Metric

Test bearing

B1–1 B1–2 B1–3 B1–4 B1–5 B2–1 B2–2 B2–3 B2–4 B2–5

DSTCN RMSE 12.43 11.71 12.16 23.87 17.49 21.27 12.3 11.42 17.72 14.13
MAE 8.84 9.75 9.77 19.31 13.86 18.78 9.57 8.92 13.94 11.26
Score 0.55 0.38 0.65 0.48 0.43 0.42 0.58 0.59 0.59 0.45

TCN RMSE 15.07 20.57 18.55 39.26 19.82 36.00 19.99 15.47 29.24 21.78
MAE 11.81 16.61 16.15 31.60 16.16 28.85 17.45 12.51 22.8 18.46
Score 0.52 0.34 0.35 0.35 0.39 0.36 0.50 0.51 0.53 0.40

TCN-SA[44] RMSE 14.58 16.08 11.46 36.61 25.66 28.79 12.71 13.98 26.01 17.59
MAE 10.87 13.35 8.09 30.28 19.76 23.73 10.53 11.26 19.63 14.41
Score 0.47 0.37 0.61 0.37 0.36 0.35 0.55 0.54 0.52 0.32

TCN-RSA[36] RMSE 22.75 18.16 23.18 32.09 25.42 29.03 13.28 15.73 22.86 15.68
MAE 17.33 15.7 18.16 27.21 19.89 23.77 11.67 12.88 17.27 12.71
Score 0.48 0.25 0.48 0.41 0.32 0.36 0.47 0.46 0.52 0.47

CDCT[38] RMSE 12.63 13.6 16.25 31.37 18.83 35.33 38.63 18.54 43.19 19.83
MAE 10.14 10.95 12.92 25.83 15.88 28.73 31.43 16.10 35.58 17.05
Score 0.48 0.38 0.54 0.40 0.41 0.40 0.24 0.55 0.31 0.45

Figure 10 shows the comparison of the prediction results
of different methods. From figure 10, the proposed method
has higher prediction accuracy and smaller prediction error.
It is noteworthy that the comparison methods show signific-
ant prediction fluctuations in the late prediction period. From
figure 10(a), the proposed method can follow the real RUL
better in the early stage of equipment life. In the late stage
of the equipment life, although there is a large error, the pre-
diction results are still the best among all the methods. From
figure 10(b), the prediction result of DSTCN is the best among
all the methods, which further validates the effectiveness of
DSTCN for RUL prediction.

4.5.3. RUL prediction results for the XJTU-SY dataset. In
this section, the prediction performance of DSTCN and the
other four comparative methods were evaluated by three met-
rics. The results are shown in tables 6 and 7. As can be seen

from table 6, except for the RMSE and MAE of test bearing
B1–3, all other evaluation metrics of DSTCN are higher than
those of the comparison methods, which further proves the
superiority of the proposed method. From table 7, the average
value of each evaluation index of DSTCN is higher than that
of other comparison methods. Among them, MAE of DSTCN
is 6.84, 3.79, 5.25 and 8.06 lower than that of TCN, TCN-SA,
TCN-RSA and CDCT, respectively. The above results indic-
ate that TCN has a simple structure and does not use optimiza-
tion techniques, resulting in capturing the bearing degradation
performance bad. TCN-SA and TCN-RSA have RUL predic-
tion capability. However, TCN-SA uses time domain inform-
ation as input and TCN-RSA uses Hilbert marginal spectrum
as input, which are single-input models, resulting in limited
input information and poor RUL prediction. CDCT uses time
domain and frequency domain signals after fast Fourier trans-
form (FFT) as input, but FFT itself has some defects in hand-
ling non-stationary signals, resulting in poor prediction of
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Table 7. Comparison of the average results of different methods for the XJTU-SY dataset.

Methods RMSE Difference MAE Difference Score Difference

DSTCN 15.45 — 12.4 — 0.51 —
TCN 23.57 8.12↑ 19.24 6.84↑ 0.42 0.09↓
TCN-SA [44] 20.34 4.89↑ 16.19 3.79↑ 0.45 0.06↓
TCN-RSA [36] 21.81 6.36↑ 17.65 5.25↑ 0.42 0.09↓
CDCT [38] 24.82 9.37↑ 20.46 8.06↑ 0.41 0.10↓

Figure 11. MAE and Score comparing different methods on the XJTU-SY dataset.

Figure 12. RUL prediction results for the XJTU-SY dataset: (a) B1–2; (b) B1–3; (c) B2–3.

CDCT. For a more intuitive comparison, the MAE and Score
values of the different methods in table 7 are visualized, and
the results are shown in figure 11. The average value of MAE
of DSTCN is also much smaller than that of its comparison
methods. DSTCN has a higher score value than the compar-
ison methods, which indicates that the proposed method can
effectively capture the late operating status of the equipment,
which is important for early termination of the equipment.

Figure 12 shows the RUL prediction visualization results
for the XJTU-SY dataset. In figure 12, DSTCN can cap-
ture the degradation trend of different test bearings. RUL
curves of DSTCN have large errors with the true RUL
curves. This is because we assume that the RUL degrada-
tion process of the test bearings is linear, which is reason-
able during the healthy operation period of the equipment.
However, in the real industry, the early failure of the equip-
ment until complete failure is nonlinear. Especially, the large
variation of the data from the equipment operation to the
later period, which leads to DSTCN not following the real
RUL well.

Figure 13 shows the comparison of the prediction results of
different methods, and it can be seen that the proposed method
can follow the real RUL degradation trend better, with higher
prediction accuracy and lower prediction error. In particularly,
it is worth noting that the fluctuation between the prediction

Figure 13. Test bearing B1-2 RUL prediction results of different
methods.

results of DSTCN and the real RUL curve at the late stage of
equipment life is small and the error is low. On the contrary, the
comparative methods have larger fluctuations in the prediction
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Table 8. Detailed description of ablation and classical methods.

Methods Preprocessing module Feature extraction module

Ablation methods Original vibration signal HMs signal Hybrid attention
STCN √ √
HMSTCN √ √
DSTCN-WHAT √ √
DSTCN √ √ √
Classical methods
LSTM √ √ √
BiGRU √ √ √

Figure 14. Radar plot of MAE, RMSE and Score.

results at the late stage of prediction, and the prediction effect
is poorer.

4.5.4. Ablation experiments. To verify the effect of each
module in DSTCN, we selected five types of bearing data from
the above two datasets for ablation experiments. Specifically,
the factors affecting the performance of DSTCN include: (1)
single-stream raw vibration signals (STCN); (2) single-stream
HM (HMSTCN); (3) TCN without hybrid attention (DSTCN-
WHAT). In addition, to further verify the advancement of
the proposed method, we select LSTN and BiGRU for com-
parison. The specific details are shown in table 8. To reduce
the randomness caused by parameter initialization, the exper-
imental results obtained are the average of 10 experimental
results. Figure 14 shows the performance of different ablation
methods and classical methods predicted on the bearing data-
set. By observing the performance of different methods on the
same bearing dataset, we can find that MAE and RMSE of
STCN are higher than those of HMSTCN.

This indicates that the HMs transformation makes the bear-
ing degradation information more obvious, which helps the
model to obtain the degradation features more easily. In addi-
tion, when the model uses dual-stream inputs without hybrid
attention, the Score of DSTCN-WHAT are lower than those
of DSTCN. This indicates that hybrid attention can help the
model to focus on the information between different channels
and increase the relevance of long-distance feature informa-
tion. For the classical methods, the prediction performance
of BiGRU is better than that of LSTM. This is because that
BiGRU can capture the degeneracy information better using
bidirectional recurrent structure.

Figure 15 shows the running time of the ablation and clas-
sical methods for training a batch. We can see that DSTCN
has the longest training time among the three ablation meth-
ods. This is because STCN and HMSTCN are single-stream
models and the number of parameters in the model is small.
However, the training time of DSTCN is much lower than that
of LSTN and BiGRU. This indicates that DSTCN is advant-
ageous in terms of timeliness.
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Figure 15. Training time for different methods.

5. Conclusion

In this paper, a DSTCN is proposed for RUL prediction of
rolling bearings. Firstly, DSTCN takes HM and vibration sig-
nals as network inputs. Secondly, a HATCB is designed by
combining the advantages of dilated causal convolution and
attention mechanisms. Degraded features of different input
signals are captured by multiple stacked HATCB. Thirdly, fea-
ture recalibration and assignment are performed by using one-
dimensional attentional fusion module before the fully con-
nected layer. Finally, the effectiveness of the proposed method
is validated with two life-cycle datasets, and the results show
that the proposed method has better accuracy than other meth-
ods in RUL prediction.

In future, we will consider multiple failure modes and com-
plex operating conditions to researchRULpredictionmethods.
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基于多传感器数据融合的 SA-DACNN齿轮箱故障诊断方法

张亚洲1,2, 赵小强1,2†, 惠永永1,2, 陈 鹏3

(1. 兰州理工大学电气工程与信息工程学院，兰州 730050；2. 甘肃省工业过程先进控制重点实验室,兰州 730050；
3. 兰州石化职业技术大学电子电气工程学院,兰州 730050)

摘 要: 针对单一传感器数据易受自身品质和环境的影响导致难以监控齿轮箱整体运行状况的问题,本文提出
一种基于多传感器数据融合的 SA-DACNN（Self Attention - Dynamic Adaptive Convolutional Neural Network）齿
轮箱故障诊断方法.首先,该方法将采集到的不同位置的传感器信号作为多通道信号,并将多通道信号同时作为
网络输入;然后,设计了一种多通道特征融合模块,该模块通过自适应地加权不同通道的信息,确保不同通道的重
要信息能够有效地融合,解决了特征级多通道数据融合问题;最后,在全连接层之前,使用带残差连接的自注意力
模块,帮助网络自动学习全局信息,增强对原始振动信号的特征学习能力.在两个齿轮箱数据集中进行实验,结果
表明,本文所提方法具有较高的故障诊断准确率,可以满足多传感器数据融合故障诊断的任务.
关键词: 故障诊断；多传感器数据；数据融合；齿轮箱；卷积神经网络；自注意力

中图分类号: TH133.3;TP206.3 文献标志码: A

DOI: 10.13195/j.kzyjc.2023.1367

引用格式 : 张亚洲，赵小强，惠永永，等. 基于多传感器数据融合的 SA-DACNN齿轮箱故障诊断方法 [J].控制
与决策.

SA-DACNN gearbox fault diagnosis method based on multi-sensor data
fusion
Zhang Ya-zhou1,2, Zhao Xiao-qiang1,2†, Hui Yong-yong1,2, Chen Peng3

(1.College of Electrical Engineering and Information Engineering， Lanzhou University of Technology，
Lanzhou 730050， China； 2.Key Laboratory of Advanced Control of Industrial Processes in Gansu Province，
Lanzhou 730050，China；3.College of Electrical and Electronic Engineering, Lanzhou Petrochemical University of
Technology, Lanzhou 730050，China)

Abstract: To address the problem that single sensor data are easily affected by their own quality and environment, which
makes it difficult to monitor the overall operating condition of gearboxes, a SA-DACNN (Self Attention - Dynamic
Adaptive Convolutional Neural Network) gearbox fault diagnosis method based on multi-sensor data fusion is proposed
in this paper. Firstly, the method treats the collected sensor signals from different locations as multi-channel signals and
uses the multi-channel signals as network inputs simultaneously. Secondly, a multi-channel feature fusion module is
designed, which solves the feature-level multi-channel data fusion problem by adaptively weighting the information of
different channels to ensure that the important information of different channels can be effectively fused. Finally, before
the fully connected layer, a self-attentive module with residual connections is used to help the network automatically learn
global information and enhance the feature learning ability of the original vibration signals. Experiments are conducted
on two gearbox datasets, and the results show that the proposed method has a high fault diagnosis accuracy and can meet
the task of multi-sensor data fusion fault diagnosis.
Keywords: Fault diagnosis；Multi-sensor data；Data fusion；Gearbox；Convolutional neural network；Self attention

0 引 言

齿轮箱作为机械传动系统的核心部件, 其可靠
性对于设备的安全运行至关重要.由于重要部位的
齿轮发生故障,可能会阻碍机械系统进行正常生产
并导致经济损失.因此,如何对齿轮箱进行有效故障

检测和诊断, 及时发现设备的故障, 防止出现计划
外停机并减少昂贵的维修费用具有重大的研究意

义[1-2].
随着传感器技术的发展,数据采集变得更加方

便,因此,基于数据驱动的深度学习方法在机械故障

收稿日期: 2023-09-25；录用日期: 2024-01-16.
基金项目: 国家自然科学基金项目(62263021)；甘肃省青年科技基金计划（22JR5RA808）.
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2 控 制 与 决 策

诊断中得到快速发展[3-5].然而, 单一传感器获得的
信息有限且容易受到外界因素的干扰,难以监控齿
轮箱的整体状况.为了全面了解齿轮箱的状况,提升
故障诊断精度对齿轮箱布置多个传感器采集信息,
并通过多源信息融合技术将多个传感器信息进行融

合,最终获得互补信息已成为机械设备故障诊断发
展的研究热点[6].

多传感器信息融合包含三个策略级融合:数据
级融合、特征级融合以及决策级融合[7].数据级融
合是指将多个传感器采集的原始数据在网络输入

层之前直接进行融合.例如:Jing等人[8] 将多个传感

器采集的原始数据直接融合,提出了一种基于深度
卷积神经网络的行星齿轮箱故障诊断方法. Azamfar
等人[9] 将多个电流传感器采集的原始信号进行融

合,然后使用二维卷积神经网络进行齿轮箱故障诊
断.数据级融合可以充分利用原始数据克服特征信
息丢失,但是此类方法需要人为选取原始数据,且缺
乏可解释性.决策级融合是指将每个传感器的特征
信息在网络的输出层进行融合.例如: 杨等人[10] 将

多个传感器数据输入到一维卷积神经进行特征提取,
然后在全连接层将每个传感器的特征信息进行融合,
最终实现航空发动机轴承故障诊断. Gong等人[11]提

出了基于改进卷积神经网络和多传感器数据融合的

快速异常诊断方法,该方法以多传感器数据为输入,
在全连接层进行特征融合.决策级融合拥有较好的
可解释性和实用性,但是此类方法进行特征融合时
信息丢失严重,故障诊断效果不理想.特征级融合是
指使用特征选择方法在特征提取过程中进行信息融

合.例如:Xu等人[12] 提出了一种基于加权软投票规

则的多注意力模块多尺度信息融合的机械维修智能

故障诊断方法,该方法充分考虑了不同尺度的特征
对网络决策层的贡献,解决了多尺度网络在复杂环
境下故障诊断低效的问题. Zhang等人[13] 提出了一

种计算资源较少的多传感器振动信号故障诊断方法,
该方法在特征层进行多层特征融合,并使用多层池
化分类器取代传统卷积网络的全连接层,有效地减
少了网络参数量和过拟合风险.特征级融合可以将
原始高维数据进行压缩降维,但是此类方法需要领
域知识.

综上可知,基于多传感器信息融合的故障诊断
方法取得了令人鼓舞的成果,但是仍然存在一些问
题,例如:数据级融合信息损失小,但该融合方法研
究有限,不同类型的原始数据进行融合缺乏理论解
释; 决策级融合可解释性好, 但是特征信息损失巨

大, 诊断效果不佳; 特征级融合尽管依赖领域知识,
但是特征信息损失较小,易于实现,所以本文采用多
传感器特征级融合策略.此外,考虑到深度学习具有
较强大的特征提取能力,不需要手动提取特征.因此,
本文提出了一种基于多传感器特征级数据融合的

SA-DACNN故障诊断方法,该方法首先设计了一种
高效的多通道特征融合模块,解决了特征层面的多
通道数据融合问题,然后为了更好地学习特征信息
和标签之间的映射关系,使用带残差连接的自注意
力模块进行全局信息建模,帮助网络捕获不同通道
特征信息对输出结果的贡献度.与其它方法相比,本
文方法可以动态自适应地融合不同传感器的特征信

息,对专家知识和人力的依赖性较小.

1 一维卷积神经网络（1DCNN）
CNN是一种前馈深度学习模型,被广泛用于计

算机视觉和模式识别任务中[14-15].近年来,卷积神经
网络也被成功用于机械故障诊断领域 [16-18]. 在工业
现场,传感器采集的信号通常为一维时域信号,因此
本文选用一维卷积神经网络作为基本网络.一维卷
积神经网络由卷积层、池化层、激活层和全连接层

组成. 卷积层能够对上一层输出进行点积操作,提取
局部区域的特征[19],其公式为:

Zj+1
l′×w′ = f

(
W j

l×w ⊗Xj
s×w + bj

)
(1)

式中,W j
l×w 表示第 j层卷积核的权重, l和 w分别表

示卷积核的长度和宽度,Xj
s×w 表示上一层输入, s表

示上一层输入的长度, bj 表示第 j 层卷积核的偏差,
⊗表示点积操作, Zj+1

l′×w′ 表示卷积层输出.
池化层能够进一步压缩卷积层输出特征图的维

度，降低参数量[20]. 池化层不会改变特征图的宽度,
其公式为:

P j+1
l (i) = max

{
ajw(t)

}
t ∈ [(i− 1) • w + 1, i • w]

(2)

式中, w表示池化区域的宽度, ajw(t)表示第 t层的第

P j+1
l (i)个神经元,表示池化层输出值.
全连接层能够将卷积层和池化层输出的特征进

行非线性组合,得到最终的特征向量. 在分类任务中,
使用 Softmax做分类器,其公式为:

Yi =


P (yi = 1|xi)

P (yi = 2|xi)
...

P (yi = n|xi)


T

=
1

n∑
l=1

ex
T
i•wl


ex

T
i•w1

ex
T
i•w2

...
ex

T
i•wn


T

(3)

式中, Yi表示第 i个样本 Softmax归一化输出结果, Yi
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图 1 多通道特征融合模块

输出结果在 [0, 1] 之间, 1
/∑n

l=1 e
xT
i•wl 表示对输出

概率
[
ex

T
1•w1 , ex

T
1•w2 , · · · ex

T
1•wn

]
的归一化结果.

2 基于 SA-DACNN 的多传感器数据融合
故障诊断方法

2.1 多通道特征融合模块

齿轮箱通常被安装多个传感器监测其运行状态,
单一传感器只能采集固定位置的机械故障信息, 无
法捕获齿轮箱的整体运行情况. 为了充分利用不同
方向、不同位置的传感器采集的数据, 本文设计了
一个多通道特征融合模块,如图 1所示,该多通道特
征融合模块通过自适应地加权不同通道的信息, 确
保不同通道的重要信息能够有效地融合.

多通道特征融合模块可分为三个步骤, 第一步
骤中,不同通道的特征信息 x1、x2· · ·xk、xk+1进行

特征融合 (元素相加)获得新的特征信息图,其公式
为:

U = x1 + x2 + ...+ xk + xk+1 (4)

式中, x1、x2· · ·xk 和 xk+1 表示不同通道的输入特

征, 1、2、· · · k和 k + 1分别表示第 1通道、第 2通
道、第 k通道和第 k + 1通道, U 表示特征融合后的
值.

第二步骤中, 首先通过全局平均池化将特征信
息展平为一维特征,实现特征降维,即 Ugap,然后通
过 Softmax 函数加权不同通道的特征信息, 其公式
为:

x̂1 = eU
1
gap

/∑k+1

j=1
eU

j
gap (5)

x̂2 = eU
2
gap

/∑k+1

j=1
eU

j
gap (6)

x̂k = eU
k
gap

/∑k+1

j=1
eU

j
gap (7)

x̂k+1 = eU
k+1
gap

/∑k+1

j=1
eU

j
gap (8)

x̂1 + x̂2+, ...,+x̂k + x̂k+1 = 1 (9)

式中, x̂1、 x̂2· · · x̂k 和 x̂k+1 表示不同通道特征

经过 Softmax 函数归一化后的输出值, eU
1
gap、

eU
2
gap · · · eU

k
gap 和 eU

k+1
gap 分别表示第 1、2· · · k和 k+1

通道的转变为 0∼1之间的概率值,
∑k+1

j=1 e
Uj

gap 表示

对所有通道的概率值求和.
第三步骤中,将 Softmax函数输出值和输入特征

图相乘,生成新的加权特征图,并将新的特征图进行
融合,其公式为:

ui = xi • x̂i (10)

U⃗ =
∑k+1

i=1
ui (11)

式中, ui 表示第 i通道生成的加权特征图, U⃗ 表示多
通道特征融合模块的输出.

2.2 自注意力模块

目前, 注意力机制被广泛使用于自然语言处理
领域, 注意力机制可以帮助网络更加关注对输出有
贡献的特征信息[21,22]. 为了使网络更好地学习特征
信息和标签之间的映射关系, 本文在全连接输出层
前使用带残差连接的自注意力模块 (Residual Self
attention module, RSAM), RSAM能够自动学习特征
之间的相关性,并根据相关性加权处理输入特征,使
其更加关注有用信息,同时抑制无关信息,从而提高
网络的故障诊断准确率, RSAM如图 2所示.
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图 2 残差自注意力模块

在图 2中, RSAM处理过程可以分为三个步骤:
Step1: 输入特征图 X 经过线性变化分别得到查
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图 3 SA-DACNN诊断框架

询矩阵 Qi、键矩阵Ki和值矩阵 Vi,其公式为:

Qi = X •WQ
i (12)

Ki = X •WK
i (13)

Vi = X •W V
i (14)

式中, WQ
i 、WK

i 、W V
i 为线性变化的参数矩阵, 参

数矩阵通过训练网络不断学习.
Step2: 键矩阵 Ki 进行转置得到 KT

i ,将 KT
i 和

查询矩阵 Qi 进行点乘运算得到两个向量之间的相

关性,通过 Softmax函数计算残差自注意力模块的权
重矩阵,其数学描述为:

atti = softmax(QiK
T
i

/√
d) (15)

式中, d表示参数矩阵的维数.
Step3: 值矩阵 Vi 和 atti 进行矩阵乘法运算,并

与输入特征进行残差连接得到自注意力模块的输出,
其数学描述为:

SÂi = Vi • atti (16)

RS
⌢

Ai = S
⌢

Ai + SA (17)

式中, Vi 表示值矩阵, atti 表示残差自注意模块的权
重矩阵, SÂi 表示自注意力输出, SA表示残差自注
意模块的输入.

2.3 多传感器数据融合诊断流程

单一传感器只能获取固定位置的故障信息且容

易受到传感器自身性能的影响, 难以体现整个齿轮
箱的运行状态. 多源传感器数据融合可以获得更多
的故障信息, 为设备运行维护人员提高更加可靠的
维修决策. 因此, 本文提出了一种基于多传感器数
据融合的 SA-DACNN故障诊断方法,该方法无需对
原始数据做任何手工处理, 只需将传感器采集的振
动信号输入 SA-DACNN 网络, 诊断结果自动输出.

SA-DACNN诊断网络主要由输入层、特征提取层、
多通道特征融合模块、带残差连接的自注意力模块

和输出层组成,网络结构如图 3所示. 该网络将传统
1DCNN单输入方式改进为多传感器振动信号的多
通道输入, 然后经过卷积、激活函数和最大池化对
不同通道的传感器数据进行特征提取, 接着通过多
通道特征融合模块对不同通道的特征信息进行加权

融合,最后使用卷积、池化操作提取深层特征信息.
此外在输出层之前, 使用了带残差连接的自注意力
模块,该模块能够关注网络中每一层的全局信息,增
强了对不同传感器振动信号的深层特征学习能力,
有效地提升网络故障识别准确率.
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图 4 SA-DACNN诊断逻辑流程图
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图 4为 SA-DACNN的流程图,其诊断步骤为:
(1)采集齿轮箱不同位置的传感器信号;
(2)对传感器信号进行数据处理,划分数据为训

练样本集、验证样本集和测试样本集, 其中训练样
本集和验证样本集用于训练模型, 测试样本集用于
验证模型;

(3)模型参数初始化,并将训练样本集和验证样
本集输入模型, 通过误差反向传播算法优化模型参
数;

(4)判断模型是否收敛,若收敛则完成训练并保
存模型参数,若不收敛则返回执行步骤 (3);

(5)测试样本集输入已经训练完成的模型,然后
通过模型进行特征提取,最终输出故障诊断结果.

3 实验仿真与结果分析

在本章节中, 使用两个齿轮箱数据评估所提方
法的故障诊断效果. 实验的电脑配置为 AMD锐龙
5-4600H处理器,实验框架为 keras-python.

3.1 案例 1
3.1.1 数据集描述

实验数据由东南大学动力传动系统动态模拟实

验平台提供[23]. 该平台模拟了负载设置在 20Hz-0V
和 30Hz-2V工况下, 5种齿轮类型的实验数据. 5种
齿轮类型分别为齿轮断齿、齿轮缺口、齿面磨损、

齿根裂纹和正常状态. 此外,该平台采集了电机振动
和扭矩、行星齿轮箱三个方向 (X、Y、Z)和平行齿
轮箱三个方向 (X、Y、Z)共 8 个通道的实验数据.
在本案例中,选取 4个通道的实验数据,每种齿轮故
障类型取 600样本,并按照 3:1比例划分训练集和测
试集,具体数据选取和划分表 1所示.

表 1 东南大学数据集划分

工况 类别 训练集 测试集 标签

20Hz-0V

齿轮断齿 450 150 0

齿轮缺口 450 150 1

齿面磨损 450 150 2

齿根裂纹 450 150 3

正常状态 450 150 4

20Hz-0V

齿轮断齿 450 150 5

齿轮缺口 450 150 6

齿面磨损 450 150 7

齿根裂纹 450 150 8

正常状态 450 150 9

3.1.2 SA-DACNN网络参数设计
SA-DACNN网络在训练中采用 Adam自适应优

化算法, 在全连接层使用 Dropout 防止网络出现过
拟合问题,批次大小设置为 96,循环迭代次数为 100,

模型的其它超参数设计见表 2所示. 表 2中 [batch,
2048, 1]×4表示 4个通道输入层的结构参数, 其中,
每个通道具有相同的结构参数, 2048表示每个样本
的采样点长度, 1表示卷积操作的通道数.

表 2 网络结构参数

结构名称 结构参数 输出形状 参数量

输入层 [batch, 2048, 1]×4 [batch, 2048, 1]×4 0

卷积层 1 [32, 1, 16]×4 [batch, 128, 16]×4 528×4

激活层 1 Relu激活函数 [batch, 128, 16]×4 0

池化层 1 [2, 1, 1]×4 [batch, 64, 16]×4 0

多通道特征
- [batch, 64, 16] 0

融合模块

卷积层 2 [3, 1, 32] [batch, 64, 32] 1568

激活层 2 Relu激活函数 [batch, 64, 32] 0

池化层 2 [2, 1, 1] [batch, 32, 32] 0

卷积层 3 [3, 1, 64] [batch, 32, 64] 6208

激活层 3 Relu激活函数 [batch, 32, 64] 0

池化层 3 [2, 1, 1] [batch, 16, 64] 0

自注意力层 [12] [batch, 16, 12] 2304

全连接层 - [batch, 100] 19300

Softmax层 - [batch, 10] 1010

3.1.3 可视化分析

为了更好地理解 SA-DACNN特征提取过程,本
文把 4个通道的实验数据输入到 SA-DACNN中,通
过 t-SNE技术将各层提取的特征降维可视化, 结果
如图 5所示,由图 5可知, 10种原始数据刚开始输入
网络时, 分布散乱无序、难以判别；经过多通道特
征融合模块后,多数样本可以区分,然而仍然存在一
些故障样本误分的情况；最后经过池化层、自注意

力模块、全连接层和 Softmax层处理后, 10种故障
样本被完全分离,不同类型的故障样本不重叠.
3.1.4 多通道数据融合分析

为了分析 SA-DACNN 中多通道特征融合模块
对多通道特征信息融合的效果,本文进行单通道、2
通道和 3通道输入实验, 具体实验设计和实验结果
如表 3所示, 由表 3可知, 当输入为单通道时, 齿轮
箱 X、Y和 Z轴的振动信号的诊断精确率高于电机
端振动信号的诊断精确率, 这是因为电机端振动信
号的幅值变化较大, 导致故障信息难以提取；当输
入为 2通道时, 齿轮箱端的振动信号和电机端振动
信号无论以何种组合, 其诊断精确率均高于单通道
输入的诊断精确率,其中,当输入为齿轮箱 X轴和齿
轮箱 Y轴时,故障诊断精确率为 95.60%；当输入为
3通道时,齿轮箱 X、Y和 Z轴的振动信号的诊断精
确率已高达 99.20%. 通过以上分析可知,随着输入通
道数增加,故障诊断精确率也逐渐增加,这表明本文
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设计的多通道特征融合模块能够有效地加权不同通

道的权重,突出重要通道的权重,抑制其它干扰信息.

表 3 多通道数据融合诊断多指标结果

通道选择 信号类型 精确率 召回率 F1均值

单通道

电机端信号 83.14% 84.34% 81.63%

齿轮箱 X轴 91.73% 91.36% 90.82%

齿轮箱 Y轴 91.40% 91.29% 90.77%

齿轮箱 Z轴 88.80% 90.27% 88.71%

2通道

电机端信号、齿轮箱 X轴 92.80% 93.68% 92.55%

电机端信号、齿轮箱 Y轴 92.77% 93.51% 92.37%

电机端信号、齿轮箱 Z轴 91.59% 91.89% 91.58%

齿轮箱 X轴、齿轮箱 Y轴 95.60% 95.90% 95.60%

齿轮箱 X轴、齿轮箱 Z轴 94.81% 94.59% 94.57%

齿轮箱 Y轴、齿轮箱 Z轴 94.00% 94.59% 94.06%

3通道

电机端信号、齿轮箱 X、Y轴 98.33% 98.27% 98.32%

电机端信号、齿轮箱 X、Z轴 98.31% 98.19% 98.20%

齿轮箱 X轴、齿轮箱 Y、Z轴 99.20% 99.17% 98.99%

3.1.5 不同方法性能比较

为了进一步验证 SA-DACNN 的故障诊断能
力,本文选取 2D-CNN[9]、HMS-MACNN[12]、MLPC-
CNN[13]、P-2DCNN[24]、BP、LSTM、SA-CNN 和
DACNN 与本文所提方法进行比较, 对比方法具体
描述为:(1)MLPC-CNN为多层特征融合卷积神经网
络,该网络使用单传感器单通道卷积 (SSTSC),处理
所有的传感器数据,使用两个卷积层,在旁路分支使
用平均池化,学习率优化方法为 SGDM；(2)2D-CNN
网络由 2个卷积层、2个最大池化层和 2个 FC全

连接层组成；(3)HMS-MACNN 为混合多尺度卷积
神经网络, 该网络采用多尺度技术和自适应加权的
多注意模块进行特征提取和故障识别, 网络由 2个
混合多尺度模块、3个卷积层和 2个注意力模块组
成；(4)P-2DCNN网络将不同位置传感器时域振动
信号构造成二维矩阵,网络由 2个卷积层、2个池化
层组成；(5)BP和 LSTM选取是为了与 CNN网络做
对比；(6)SA-CNN网络的结构参数与本文所提方法
一样,不同之处是网络中没有多通道特征融合模块；
(7)DACNN 网络无自注意力模块, 其结构参数配置
与本文方法一样.

表 4 不同方法的故障诊断结果

不同方法
训练准确率 测试准确率 训练速度

平均值 标准差 平均值 标准差 (s/batch)

BP 95.49% 1.62% 74.93% 4.14% 10.95s

LSTM 96.90% 0.96% 84.33% 3.77% 45.32s

MLPC-CNN 99.27% 0.37% 97.47% 6.01% 4.95s

2D-CNN 99.81% 0.10% 95.96% 3.91% 6.51s

HMS-MACNN 99.52% 0.28% 98.17% 3.93% 19.89s

P-2DCNN 97.39% 0.86% 96.05% 3.46% 3.90s

SA-CNN 99.95% 0.12% 98.10% 4.23% 1.61s

DACNN 99.96% 0.03% 99.41% 1.34% 1.53s

SA-DACNN 100.0% 0.00% 100.0% 0.00% 1.70s

为了消除随机因素引起的干扰,以上实验重复 10次,
并采用 10次实验的诊断准确率的平均值和标准差来
评价各种方法的性能,实验结果如表 4所示. 由 4表
可知, 本文所提方法的训练准确率和测试准确率都
高于对比方法, 本文所提方法的训练准确率和测试
准确率为 100%,并且每批次的训练时间为 1.7s,这表
明所提方法在故障诊断准确率和时效性方面具有一
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定的优势. 相比于 BP和 LSTM的方法,本文所提方
法的测试准确率分别提高了 25.07%和 15.67%,表明
卷积模型在特征提取和分类方面拥有其它网络无法

比拟的优势. 相比于 MLPC-CNN 和 HMS-MACNN
的方法, 本文所提方法的测试集故障诊断精度分别
提高了 2.53%和 1.83%,表明所设计的多通道特征融
合模块能够对不同通道的传感器数据加权, 提升故
障识别准确率. 相比于 2D-CNN 和 P-2DCNN 的方
法,本文所提方法的故障诊断精度分别提高了 4.04%
和 3.95%,表明 1D卷积网络更加适合振动信号的特
征提取. 相比于 SA-CNN和 DACNN,本文所提方法
的故障诊断精度分别提高了 1.90%和 0.59%,表明自
注意力模块和多通道特征融合模块能够增强网络的

故障辨识能力和泛化能力.

3.2 案例 2
3.2.1 数据集描述

实验数据来源于滚轴齿轮故障模拟试验平台.
该平台由三相交流异步电机、加载装置、测试轴承

箱、传动机构、齿轮箱和变频控制器组成. 本案例
被测对象为锥齿轮, 锥齿轮的故障状态分别为全齿
断裂、小端断半齿、大端断半齿、均匀磨损和正常

状态共 5种不同的锥齿轮状态. 实验数据由安装在 9
点方向和 12点方向上的剪切加速度传感器采集,信
号采用频率为 25.6KHz. 本文选取电机运行频率为
20Hz, 锥齿轮加载为 1HP 的实验数据, 每种锥齿故
障样本数为 600,按照 3:1比例划分训练集和测试集,
数据集具体划分如表 5所示.

表 5 滚轴齿轮数据集划分

类别 训练集 测试集 标签

齿轮大端断半齿 450 150 0

齿轮均匀磨损 450 150 1

齿轮全齿断裂 450 150 2

齿轮小端断半齿 450 150 3

齿轮正常 450 150 4

3.2.2 可视化分析

为了验证所提方法特征提取能力,选用 t-SNE技
术将各个模块的特征进行可视化,如图 6所示. 由图
6可以看到, 原始数据随机分布在二维可视化图中,
各个故障样本不能区分; 多通道特征融合模块能够
让特征彼此分离,相同的特征呈现聚集状态; Softmax
层将相同特征完全聚类,不同特征完全分离. 通过可
视化分析, 表明本文所提方法具有较好的故障识别
能力和良好的聚类性能.

3.2.3 多通道数据融合分析

同案例 1一样,对案例 2进行单通道和 2通道输
入实验,实验设计和实验结果如表 6所示,由表 6可
知,当输入为单通道时,齿轮箱 X轴和 Y轴的诊断精
确率分别为 97.86%和 95.46%；当输入为 2通道时,
所提方法的诊断精确率已高达 99.73%,这表明所设
计的多通道特征融合模块能够对不同通道的传感器

数据加权,可以提升故障识别准确率. 此外,为了更
直观的显示诊断效果, 采用混淆矩阵对锥齿轮故障
识别能力进一步分析,结果如图 7所示,由图 7可知,
单通道齿轮箱 X轴输入时,即 SA-DACNN1,标签 2
和标签 3对应故障类型为齿轮全齿断裂和齿轮小端
断半齿,存在 5%的样本被误诊为其他类型故障. 相
比之下,本文所提方法除了将 1%的齿轮小端断半齿
被误诊为正常状态外, 其它样本的故障诊断准确率
为 100%.

表 6 多通道数据融合诊断多指标结果

通道选择 信号类型 精确率 召回率 F1均值

单通道
齿轮箱 X轴 97.86% 97.97% 97.87%

齿轮箱 Y轴 95.46% 95.52% 95.37%

2通道 齿轮箱 X轴、齿轮箱 Y轴 99.73% 99.72% 99.73%

3.2.4 不同方法性能比较

与 案 例 1 相 同, 本 文 仍 然 选 用 BP、
LSTM、MLPC-CNN、2D-CNN、HMS-MACNN、P-
2DCNN、 SA-CNN 和 DACNN 与所提方法 SA-
DACNN作对比,对比结果如表 7所示.

表 7 不同方法的故障诊断结果

不同方法
训练准确率 测试准确率 训练速度

平均值 标准差 平均值 标准差 (s/batch)

BP 96.81% 0.63% 74.53% 1.76% 5.07s

LSTM 97.42% 0.47% 84.42% 2.93% 23.2s

MLPC-CNN 99.90% 0.10% 98.00% 2.85% 1.43s

2D-CNN 99.76% 0.39% 97.86% 2.56% 2.47s

HMS-MACNN 99.32% 0.99% 96.69% 4.43% 3.43s

P-2DCNN 99.60% 0.38% 98.80% 0.62% 1.60s

SA-CNN 99.77% 0.36% 98.63% 2.57% 0.63s

DACNN 99.64% 0.45% 98.77% 2.31% 0.55s

SA-DACNN 99.94% 0.06% 99.64% 0.39% 0.71s

由表 7可以看到, 所有方法的平均训练准确率
均在 95% 以上, 其中 SA-DACNN 的训练准确率为
99.94%,是所有方法中最好的; SA-DACNN的平均测
试准确率为 99.64%,比HMS-MACNN方法高 2.95%,
比 2D-CNN方法高 1.78%. 此外, 基于 CNN模型的
方法测试准确率明显高于 BP 和 LSTM, 这是因为
BP和 LSTM网络结构简单,未采用先进的模块导致
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特征提取能力不足; 与 SA-CNN和 DACNN方法相
比, 去掉多通道特征融合模块后, 测试准确率下降
了 1.01%,去掉自注意力模块后,测试准确率下降了
0.87%. 这表明本文所设计的多通道特征融合模块能
够有效地加权不同通道的特征,提高故障诊断精度；
自注意力模块的引入可以帮助网络提取到深层网络

的重要特征. 通过以上分析可知,本文所提方法的故
障诊断准确率明显高于对比方法, 并且收敛速度更
快.

4 结论

为了解决单一传感器数据下齿轮箱故障诊断效

果差的问题,本文提出了一种基于 SA-DACNN的多
传感器数据融合故障诊断方法,并得到以下结论: (1)
本文设计的多通道特征融合模块可以融合不同通道

的传感器数据,并自适应地增强有用特征信息,抑制
干扰信息；带残差连接的自注意力模块可以帮助网

络更好地学习特征信息和标签之间的映射关系, 提
升齿轮箱的故障诊断准确率. (2)本文使用两个齿轮
箱数据验证方法的有效性, 分析了单个传感器与多
传感器数据对诊断效果的影响, 结果表明多传感器
数据融合可以获得更加全面的故障特征, 有效提高
故障识别精度. (3)虽然本文方法可以解决多传感器
数据融合问题, 但是齿轮箱通常运行在变工况环境
下,不同工况下故障诊断结果有所差异,因此未来将
针对变工况下齿轮箱多传感器数据融合做进一步研

究.
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