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Abstract: To solve the fault diagnosis difficulty of bearings with small data samples, a novel multi-
information fusion vision transformer (ViT) model based on time—frequency representation (TFR)
maps is proposed in this paper. The original vibration signal is decomposed into different scale
sub-signals by the discrete wavelet transforms (DWTs), and the continuous wavelet transforms
(CWTs) are used to transform these different scale sub-signals into time—frequency representation
(TFR) maps, which are concatenated to input to the ViT model to diagnose the bearing fault. Through
the multifaceted experiment analysis on the fault diagnosis of bearings with small data samples, the
diagnosis results demonstrate that the proposed multi-information fusion ViT model can diagnose
the fault of bearings with small data samples, with strong generalization and robustness; its average
diagnosis accuracy achieved 99.85%, and it was superior to the other fault diagnosis methods, such
as the multi-information fusion CNN, ViT model based on one-dimensional vibration signal, and ViT
model based on the TFR of the original vibration signal.

Keywords: information fusion; vision transformer; fault diagnosis; small data samples

1. Introduction

Rolling bearings are the critical components of rotating machinery, and their health
conditions directly affect the performance of entire mechanical equipment. Bearing failure
will lead to the abnormal operation of machinery, resulting in economic losses, and can
even cause significant safety accidents [1,2]. Therefore, the fault diagnosis of rolling bear-
ings have important research significance and practical application value in the industry
scenario [3].

In recent years, with the development of deep learning a variety of deep learning
models have been widely used for bearing fault diagnosis [4,5]. These applications effec-
tively overcome the drawbacks of poor generalisation and robustness of a shallow neural
network with manually extracted features [6,7]. A convolutional neural network (CNN)
that exhibits significant advantages in feature extraction is also proposed, and Fuan et al. [8]
applied the CNN to the fault diagnosis of rolling bearings. Although a CNN has more
efficient parallel operations and can effectively extract features from time sequences with
different scales and retain location information, it cannot capture the valuable features of
long-range sequences or unequal attention to all input information [9].

In order to solve these problems, the transformer model based on an attention mech-
anism which completely discards the traditional cyclic and convolutional structures is
proposed by Vaswani et al. [10]. But its encoder-decoder structure-based seq2seq network
structure has some limitations in its application to computer vision (CV), for which the
attention mechanism must still be used in conjunction with a CNN. Afterwards, the vision
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transformer (ViT) model is proposed [11], which can not only inherit the multiheaded
self-attention mechanism and relative position embedding method of the transformer but
can also be prone to capture the global spatiotemporal information of an image to complete
the classification [12]. Presently, the ViT model has been successfully applied to the field of
computer vision and fault diagnosis [13].

However, the ViT model requires large amounts of training data samples. In practical
fault diagnosis applications, it is often not possible to collect sufficient fault data samples
for each fault class, bearing fault diagnosis with small data samples has always been
a challenging problem in the field of fault diagnosis. To solve the problem, generative
adversarial network (GAN) are often used as the data augmentation method to increase
the number of data samples. For examples, Kai Zhou et al. proposed a deep convolutional
generative adversarial network (DCGAN) to generate data samples [14]. Jia Luo et al.
proposed conditional deep convolutional generative adversarial networks (CDCGANSs)
to generate samples in a given direction and applied a CDCGAN to the field of fault
diagnosis [15]. Arjovsky M. et al. proposed the Wasserstein GAN (WGAN) to solve the
problems of training instability, gradient disappearance, and pattern collapse of traditional
GAN and generate new data samples [16], which solves the problems of training instability
and gradient disappearance but may also have the problem that the generated data samples
are of low quality and sometimes even fail during convergence. The GAN increases the
number of data samples, but it cannot produce sufficient sample diversities [17]. In other
words, the data augmentation method increases the number of data samples, but it cannot
cover the data distribution of all fault data samples. In addition, transfer learning is also
used to diagnose the fault with high accuracy due to the lack of training data samples,
which can use the knowledge learned from the source domain to accomplish new learning
tasks in the target domain. Presently, many transfer learning methods and its variants have
been developed to diagnose the fault of mechanical equipment with small data samples
in the target domain [18-21]. Although the transfer learning methods can alleviate the
overfitting problem under small data samples in some cases and achieve better diagnosis
accuracy, they may yield undesirable diagnosis results because of the negative transfer.

Furthermore, the ViT model cannot capture the fault features concealed in the original
vibration signals, which makes its diagnosis ability decrease. Information fusion methods
are also utilized to solve the small sample problem, which can learn the feature from differ-
ent signals to depict the fault-related information from different viewpoints and achieve
a diagnosis result with higher accuracy and strong generalisation because of the mutual
complementation among different signals, which can make use of all complementary fea-
tures extracted from different signals to solve the diagnosis difficulty of small data samples.
Presently, some information fusion methods based on deep learning models have been
developed for application to the field of fault diagnosis, and they achieved good diagnosis
results on the small data samples [22,23]. Duy used a CNN to fuse features extracted from
time—frequency plot of three sensor signals to obtain a reliable and high diagnosis accuracy,
even though these sensor signals contain strong noise [24]. Xia et al. input multiple vibra-
tion signals to a CNN to achieve a high diagnosis accuracy and robustness [25]. However,
these information fusion methods need more sensor signals for the fault diagnosis. The
single sensor is often used to measure the bearing vibration signal, which can limit the
diagnostic ability of the information fusion method.

The traditional time—domain and frequency-domain analysis methods, which mainly
analyse stationary signals, can extract the features to describe the fault-related informa-
tion from the time domain and frequency domain, respectively, but they cannot depict
the relationship between time and frequency. The time—frequency analysis method can
decompose the original nonstationary signal into multiple sub-signals generally to obtain
more fault-related information. For example, wavelet transforms (WTs) and empirical
mode decomposition (EMD) are often used to denoise the original vibration signal and
decompose it into multiple different scale sub-signals containing different features [26].
However, EMD and its variants are susceptible to mode mixing, which leads to a reduced
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decomposition performance [27]. Wavelet decomposition has the capability of multiresolu-
tion analysis and characterization of local features in dealing with nonlinear, nonsmooth
characteristic signals [28]. In addition, discrete wavelet transform (DWT) can decom-
pose the original vibration signal into the required scale sub-signals without reducing
the amplitude; continuous wavelet transform (CWT) can transform the sub-signals into
time-frequency representation (TFR) maps, which can detect the singularity of the different
scale components. Thus, the DWT over CWT can detect the singularity of the required
scale sub-signals for bearing fault diagnosis.

As mentioned above, in order to solve the problem of fault diagnosis with small
data samples, the information fusion fault diagnosis method based on the ViT model and
different scale sub-signals decomposed by the DWT over CWT is presented in this paper.
The main contributions of the proposed method are summarised into three primary points:

(1) A multi-information fusion ViT model was proposed to diagnose the fault of
bearings with high accuracy and strong robustness on the small data samples;

(2) The vibration signal is decomposed into the sub-signals of different frequency
bands by the DWT method, and the corresponding TFR maps of the different sub-signals
can be obtained by CWTs, which can describe the singularities of the different sub-signals
for the fault-related information;

(3) The proposed information fusion ViT model can fuse multiple TFR maps of different
scale sub-signals to capture more fault-related information for fault diagnosis.

The rest of the paper is organised into four additional sections. Section 2 introduces the
bearing fault diagnosis method that combines wavelet transforms and a multi-information
fusion ViT model. Section 3 presents a fault diagnosis flow chart for the proposed method.
An experimental bearing fault diagnosis study based on the multi-information fusion ViT
model is presented in Section 4. Finally, the conclusions are drawn in Section 5.

2. The Multi-Information Fusion ViT-Based Diagnosis Model

In order to solve the accuracy and generalization of small data sample fault diagnosis,
a novel multi-information fusion ViT model that can capture more fault-related informa-
tion from the concatenated TFR maps of different scale sub-signals is proposed, and the
corresponding diagnosis scheme diagram is shown in Figure 1. The collected vibration
signals are divided into different data samples by a sliding time window firstly, and then
these data samples are decomposed into n different scale sub-signals by DWTs. After, the
different scale sub-signals are transformed into n corresponding TFR maps using CWTs.
Finally, the TFR maps of these n sub-signals are concatenated to input into the ViT model
to diagnose the bearing fault, and the final diagnosis results are obtained.

2.1. DWT-Based Signal Decomposition

As described in Figure 1, to capture more fault-related information from small data
samples to improve the diagnosis accuracy, the TFR maps of multiple different scale sub-
signals are concatenated to input into the ViT model. In order to obtain the different scale
sub-signals, DWT uses a set of base functions formed by wavelet scaling to decompose
the original signal into different scale sub-signals with complete information in the pass
frequency range [29]. Based on the concept of multiresolution analysis, the famous Mallat
algorithm for wavelet decomposition and reconstruction is proposed by Mallat [30], which
is described as follows.

Supposed that X is the time sequence of vibration signal x(t), and the orthogonal
wavelet decomposition can be described by Equation (1):

{Cj,k = Yon Cj—1,nPn—2x

k=0,1,2,---,N—1). 1
djj = L Cj—1,n8n—2k ( ) o

where Cjk represents the scale coefficients, d]-,k represents the wavelet coefficients, i and g
are a pair of orthogonal mirror filter sets (QMF), j is the number of decomposition layers,
and N is the data point number of the time sequence.
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The wavelet reconstruction is the inverse of the wavelet decomposition, and the
corresponding reconstruction equation is presented as Equation (2):

Cjoin = Y, Cinlk—on + Y, djngk—2n- 2)
DWT
J Sub-signal 1 Y Sub-signal 2 Sub-signal n
l CWT

Y

{ Concatenation

)

ViT Network

l

Final diagnosis result >

Figure 1. Fault diagnosis scheme based on the proposed multi-information fusion ViT model.

The multiresolution analysis property of a wavelet can decompose a signal at different
scales with multiple resolutions, which can also decompose mixed signals consisting of
various frequencies intertwined into different scale sub-signals to describe the characteristic
information of the sub-signals of the different frequency bands. Figure 2 shows the results
of a four-layer wavelet decomposition of an original signal to obtain an approximate signal
Ay and a set of detailed signals, Dy, Dy, D3, and Dy. Thus, the relationship between the
decomposed sub-signals and the original signal X can be expressed as:

X=A4+D4sy+ D3+ Dy + Dq 3)



Machines 2023, 11, 277

50f18

Original signal X

Al D]

As Ds

Ay D,

Figure 2. DWT decomposition schematic. A; indicates the ith layer approximate signal and D;
represents the ith layer detailed signals.

2.2. CWT-Based Time—Frequency Representation Maps

The TFR maps of different scale sub-signals obtained by the time-frequency analysis
method can reveal the relationship between the frequency components of the sub-signal
and time, reflecting the vibration characteristic information of the signal. Considering that
CWTs have good time—frequency localization capability and detect the singularity of the
fault vibration signal, the CWT method was used to depict fault-related information from
sub-signals in different frequency bands.

A basic function ¢ (t) was translated and stretched to obtain Equation (4):

vealt) = 2=0(5) @

where T and a are constants, and a > 0. When 7 and a have different values, a cluster
function can be obtained. When y(t) satisfies Equations (5)—(7), 4 (t) is referred to as the
wavelet basis function.

| it =0 ©)
[ 1w()Par < o ©
P(w)]®

1=y
dw <0 7
V27T /700 |(U| ( )
where 1(w) represents the Fourier transform of i (t).
For any square integrable function x(t) € L?(R), its continuous wavelet transform is
defined by Equation (8):

WT(t,a) = \}a/ix(t)zp(t;T)dt ®)

where L2(R) represents the energy finite space, a is the scale factor, representing the
frequency-dependent scaling, and 7 is the translational factor. a2 and T determine the
position of the wavelet window in the frequency and time domains. After the time-domain
signal is transformed to obtain the scale domain, the signal scale received is converted into
a TFR map using Equation (9):

_ fefs

a

fa ©)
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where f, represents the centre frequency of the wavelet, f; is the sampling frequency of the
signal, and f; is the actual frequency corresponding to scale a.

To make the transformed frequency sequence an equal difference sequence, the scale
sequence take the following values:

c/totalscal,c/(totalscal — 1),--- ,c/2,c (10)

where totalscal is the length of the scale sequence, which is set as 256. In addition, the actual
frequency corresponding to the scale c/totalscal is f5/2. The value of the constant ¢ can be
calculated according to Equation (9), which can be obtained by the following equation:

c =2 X f. x totalscal (11)

Accordingly, the required scale sequence is obtained.

Generally, the wavelet basis function waveform selected should be similar to the fault
characteristics of the signal [31]. Since the Morlet wavelet waveform is identical to the
shock characteristics generated by bearing faults [32], the complex Morlet wavelet (cmor
wavelet) has better adaptive performance. Here, the crmor wavelet function is adopted and
given in Equation (12):

() = (- fy) 0% 2Tt e e (12)
where f, is the bandwidth factor, and f. is the centre frequency factor.

2.3. ViT Model

The transformer network uses an acyclic network structure with parallel computation
through an encoder-decoder and a self-attentive mechanism, drastically reducing the
model training time [33]. Its structure is shown in Figure 3, which consists primarily of an
embedding layer and a multilayer encoder—decoder. Each layer of the encoder consists of
two sub-layers: a multiheaded attention layer and a feedforward connection layer. Each
layer of the decoder consists of three sub-layers: a masked multiheaded attention layer, a
multiheaded attention layer, and a feedforward connection layer. Each sub-layer is also
followed by two sub-layers: a residual connection and layer normalisation. The transformer
model is capable of long-range mining dependencies and parallel computation, and the lo-
cal interactions do not limit this entirely self-attention-based mechanism of the transformer
model. However, the transformer uses sequences as inputs, which is not directly applicable
to two-dimensional images, and a transformer based on global information interactions
tends to be computationally intensive and needs sufficient data samples.

Afterwards, the vision transformer (ViT) model for image classification tasks is pro-
posed to solve these problems [11]. The ViT model consists of an embedding layer, an
encoder, and a classifier, and its structure is shown in Figure 4. Firstly, the ViT model
segments the input multilayer image into fixed-size image patches and flattens each image
block into a sequence of image patches, and then performs a linear mapping of each image
patch while adding position encoding to introduce the sequence position information, the
images can retain their positional information. After, the new sequence of image patches
is input into the transformer encoder, which is mainly composed of a multihead atten-
tion layer and a multilayer perceptron (MLP) layer; the multihead attention layer split
the inputs into several heads so that each head can learn different levels of self-attention.
Finally, the outputs of all the heads are concatenated and fed to the MLP head to obtain the
classification results.
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Figure 3. Architecture of the transformer model.
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Figure 4. Framework of the ViT model.
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2.3.1. Embedding Layer

The ViT network firstly segments an image x € RFXW*C of size H x W x C into
N = HW/P? image patches of size P x P x C and then expands each patch into a one-
dimensional vector to obtain x, € RN* (P?xC) If d = N + 1 is the dimension of the ViT input
vector space zg, the ViT model maps x;, linearly and forms it into a d-dimensional vector
space together with the category vectors, which is shown in Equation (13), as the input to
the transformer encoder.

zo = [xclass;x%,E,' x%,E; e ;xyE + Epos (13)

where 28 = X455 1 the learnable category vector, E € R(P*xC)xd ig the matrix for linear
mapping, and Ey,s is the location encoding information.

2.3.2. Position Encoding Module

Since the transformer framework does not contain recursive or convolutional oper-
ations, which is very important in time problems, to take full advantage of the location
information, the ViT model introduces learnable location encoding Ejs that extracts loca-
tion information about image blocks through a learning process. The position encoding
information is added together with the feature vector space and is sent to the encoder
for feature information extraction. Epos € RIN+1)xd j5 4 learnable matrix of dimensions
(N+1) xd[34].

2.3.3. Encoder

Figure 5a shows the internal structure of the ViT encoder, which consists of a stack of L
identical layers for which the output of each layer serves as the input of the next layer. Each
layer consists of two sub-layers: a multihead self-attention (MSA) layer and a multilayer
perceptron (MLP) layer. The data are normalised using layer normalisation (LN) before
entering each sub-layer and then are fused directly with the input for that sub-layer using
residual joining after each sub-layer. Finally, after the L-layer network coding, the category
vector z! is fed to the classifier to predict the image class. The computation process for the
Ith layer is expressed by Equations (14) and (15):

z) = MSA(LN(z;_1)) +z_1,1=1,---,L (14)

zj = MLP(LN(z)) +z,l=1,---,L (15)
e  Multihead self-attention layer

The transformer architecture solves the problem of limited convolutional kernel per-
ceptual fields by introducing a self-attention mechanism to establish spatially long-range
dependencies. The self-attention mechanism used by the ViT model is scaled dot product
attention (SA), and its structure is shown in Figure 6. The scaled dot product attention is
calculated using Equations (16) and (17):

[Q, K, V] =2Zz- UQK\/, UQKV S R34 (16)
kT
SA(z) = softmax(Q\/% ) -V (17)

where z € RN*4 is the input sequence, which is projected through a linear mapping matrix
Upkv to obtain three vectors: Q(Query), K(Key, and V(Value); h denotes the number of
self-attentive heads; d/h is the output dimension of each self-attentive head; and dj, is
generally set to d/h to ensure that the number of model parameters remains unchanged
when / is changed.
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Figure 6. Architecture of the multihead self-attention layer.

In addition, to improve the feature diversity and increase the expressiveness of the
model, the ViT model uses a multihead self-attention mechanism. The multihead self-
attentive layer uses multiple self-attentive heads for parallel computations; finally, the
result is obtained by stitching the outputs of all the self-attentive heads together. The
calculation process for the multihead attention is expressed by Equation (18):

MSA(z) = [SA1(2); SA2(2); - -+ ;SAk(2)] - Upmsa (18)

where Uypsa € RM¥1%4 is the multiple attention weight matrix.
e  MLP layer

The multilayer perceptron (MLP) is an extension of the single-layer perceptron, which
can solve nonlinear problems that cannot be solved by the single-layer perceptron [35].
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An MLP primarily consists of a fully connected layer and an activation function, and its
structure is shown in Figure 5b. It is worth noting that ViT adds a dropout layer behind the
fully connected layer of the MLP to improve the generalization ability of the network model.
To improve the convergence speed of the network and avoid the gradient disappearance
problem, the ViT model uses the Gaussian error linear units (GELU) activation function
instead of the rectified linear unit (ReLU) activation function in the transformer network.
The GELU activation function is calculated using Equation (19):

1 X
GELU(x) =x -z |1+erf| — 19
-2 .
where x represents the input, and erf(e) denotes the Gaussian error function.

2.3.4. Classifier

The classifier serves to nonlinearly map the output of the encoder to obtain the final
fault classification result. The classifier in the standard ViT model consists of a linear layer,
a tanh activation function, and another linear layer. To reduce the computational effort,
only one linear layer was used to form the classifier here. After the transformer encoder
layer, the data are linearly transformed by the classifier to obtain a probability for each fault
class, and the maximum value is taken as the final classified fault class y. The calculation
process for the fault class classification is expressed by Equation (20):

Yy = Max (Linear (zg) ) (20)

2.3.5. Loss Function

The training process for the ViT model uses a general deep learning scheme with
a stochastic gradient descent (SGD) algorithm to minimise the empirical risk. The loss
function used by the ViT model is the cross-entropy (CE) loss function, which can be
calculated using Equations (21) and (22):

tog —EPBD N s 10g (Y exp(pili
L= g(zfjjlexp(pi[j]>> = —pile] +1og (L exp(pili) @

Loss = %Zfi L 22)

where p; represents a sample class probability output sequence, c denotes the true class
label of the sample, C denotes the number of labels of the sample, and N represents the
number of training dataset samples [36].

3. Diagnosis Algorithm of the Multi-Information Fusion ViT Model

Figure 7 illustrates the fault diagnosis flow chart based on the multi-information
fusion ViT model. Bearing vibration signals are divided into different data samples, which
are divided into training dataset and testing dataset. The data samples in the training
dataset are decomposed into sub-signals of different frequency bands by the DWT, and the
corresponding TFR maps of the sub-signals can be obtained by CWTs. Then, these TFR
maps of all the sub-signals are concatenated to train the ViT model. After, the TFR maps of
the data sample in test dataset are concatenated to feed to the trained ViT model to obtain
the diagnosis result.
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Figure 7. Fault diagnosis process of the multi-information fusion ViT model.

4. Fault Diagnosis Analysis of Rolling Bearing

To verify the effectiveness of the multi-information fusion ViT model proposed in this
paper, the Case Western Reserve University (CWRU) bearing vibration signals were used for
the fault diagnosis experimental study [37]. Figure 8 shows the bearing fault test platform,
primarily consisting of a motor, an acceleration sensor, a test bearing, and a dynamometer.
A 6205-2RS JEM deep groove ball bearing was selected as the test bearing. Different bearing
fault categories and damage levels were produced by the electric discharge machining
(EDM) method. In addition, at the load of 0 HP and a spindle speed of 1797 r/min,
drive-end bearing vibration signals were collected at a sampling frequency of 12 kHz.

Drive end
bearing

Electric
motor

Dynamometer

Figure 8. Bearing fault test platform [37].
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4.1. Dataset Description

In order to validate the diagnosis performance of the proposed multi-information
fusion ViT model on small data samples, the fault diagnosis analysis was conducted
using datasets of different sizes. Table 1 shows the detailed statistics for Dataset A, which
contained a total of 10 bearing fault conditions, nine fault classes and one normal condition.
The number of training data samples of each fault class was 100, the number of test data
samples of each fault class was 60, and the total number of data samples for the training
and test were 1000 and 600, respectively. In addition, there were 1024 data points in each
data sample.

Table 1. Detailed statistics of Dataset A.

Fault Class Conditions

Fault Size (mm) Class Label Number of Training Samples =~ Number of Test Samples

Slight rolling element
Medium rolling element
Severe rolling element
Slight inner ring
Medium inner ring
Severe inner ring
Slight outer ring
Medium outer ring
Severe outer ring
Normal

0.18 RE07 100 60
0.36 RE14 100 60
0.53 RE21 100 60
0.18 IR07 100 60
0.36 IR14 100 60
0.53 IR21 100 60
0.18 ORO07 100 60
0.36 OR14 100 60
0.53 OR21 100 60

0 N 100 60

4.2. Diagnosis Analysis

The original data samples were decomposed and transformed by DWT and CWT
methods to obtain the TFRs maps for different scale sub-signals, such as four detailed
signals, D1, D2, D3, and D4, and an approximate signal A4. The resolution of the TFRs
was adjusted to a typical model input size, 224 x 224 x 3, using a dual cubic interpolation
algorithm [38]. Figure 9 shows the one-dimensional detailed and approximate sub-signal
and their corresponding TFRs maps, indicating that these different scale sub-signals exhibit
different vibration characteristics in different frequency bands. Obviously, these detailed
sub-signals and approximate sub-signal changes can be displayed from multiple angles
through these TFRs, which can effectively describe the subtle fault characteristics of a
sub-signal. These also demonstrate that different scale sub-signals can contain the different
fault-related information. Thus, these TRFs of different scale sub-signals can be used as
characteristic diagrams to characterise the fault conditions of bearings for fault diagnosis.
Here, the TFR maps of the detailed signals D1, D2, D3, and D4 and an approximate signal
A4 are concatenated to feed to the ViT model.

To verify the effectiveness and superiority of the proposed multi-information fusion
ViT model in this study, three others fault diagnosis models, such as the ViT model based
on one-dimensional vibration signal (1D-ViT), ViT model based on the TFR of the orig-
inal vibration signal, and a multi-information fusion CNN model based on the TFRs of
different scale sub-signals, are also used for the fault diagnosis of bearings. The detailed
model structures and hyperparameter settings of four fault diagnosis models are shown in
Tables 2 and 3.
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Figure 9. Signal waveform and TFR map: (a) raw signal; (b) detailed signal D1; (c) detailed signal D2;
(d) detailed signal D3; (e) detailed signal D4; (f) approximate signal A4.

Table 2. Structure and hyperparameter selection for the multifeature fusion ViT model and two
benchmark models.

Hyperparameter 1D-ViT ViT Based on TFR Multifeature Fusion ViT
Input size [32,32,1] [224, 224, 3] [224, 224, 15]
Batch size 32 32 16
Maximum epochs 100 100 100
Optimiser SGDM SGDM SGDM
Momentum 0.9 0.9 0.9
Learning rate 5x 1075 1x107% 1x107*
Number of encoder layers 8 6 4
Hidden dimension 1024 768 768
Number of attention heads 8 8 4
Dropout rate 0.1 0.1 0.1

Table 3. Structure and hyperparameter selection for the multifeature fusion CNN model.

Structure (Units and Activation) Hyperparameter

Conv2D ([224, 224, 128], activation = “ReLU")
Conv2D ([224, 224, 128], activation = “ReLU”)
MaxPooling2D ([112, 112, 128]) Batch size = 16
Flatten (112 x 112 x 128) Optimiser = Adam
Dense (128, activation = “ReLLU”) Learning rate = 5 x 10-5
Dense (num_class, activation = “softmax”)

Dropout rate = 0.3
Maximum epochs = 100

To test the stability of the diagnosis model, five-fold cross-validation tests were also
conducted, the diagnosis accuracy statistics for the experimental results are listed in Table 4.
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Table 4 shows that the proposed multi-information fusion ViT model could achieve the
highest diagnosis accuracy with 100%. Its lowest diagnosis accuracy and mean accuracy
were 99.67% and 99.85%, respectively, and its highest diagnosis accuracy and lowest
diagnosis and mean accuracy were the highest among the four diagnosis models. The
highest diagnosis accuracy and lowest diagnosis and mean accuracy of the 1D-ViT model,
at 89.33%, 86.17%, and 87.97%, respectively, were all the lowest among the four diagnosis
models. In addition, the highest diagnosis accuracy and lowest diagnosis and mean
accuracy of the ViT based on TFR was lower than that of the multi-information fusion CNN.
These results indicate that the multi-information fusion ViT based on the TFRs of different
scale sub-signals is superior to the multi-information fusion CNN and the 1D-ViT and ViT
based on TFR. This is mainly because that the multi-information fusion ViT can extract
more fault-related information from the TFRs of different scale sub-signals to improve the
diagnosis accuracy, and the information fusion of all different scale sub-signals can improve
the diagnosis accuracy. In addition, from Table 4 it can be seen that the difference between
the highest diagnosis accuracy and lowest diagnosis accuracy of the multi-information
fusion ViT model was only 0.33%, which was the lowest among all four diagnosis models.
This also demonstrates that the multi-information fusion ViT model based on the TFRs of
different scale sub-signals has strong stability because of the more fault-related information
extraction from the different scale sub-signals.

Table 4. Test results for the bearing dataset produced by the diagnostic models.

Model Mean Accuracy Lowest Accuracy  Highest Accuracy
Multi-information fusion ViT 99.85% 99.67% 100.00%
Multi-information fusion CNN 98.42% 97.83% 99.00%
ViT based on TFR 97.51% 96.16% 98.33%
1D-ViT 87.97% 86.17% 89.33%

In addition, Figure 10 gives the confusion matrix of the highest and lowest diagnosis
results of the proposed multi-information fusion ViT model, with accuracies of 100% and
99.67%, respectively. The columns represent the identified fault class labels, while the
rows represent the true fault class labels for the different fault classes. Figure 10a show
that each fault class of bearings were all identified with 100% accuracy, and Figure 10b
displays that the diagnosis accuracy of each fault class of bearings was 100%, except for
the medium rolling element fault. These experimental results also demonstrate that the
proposed multi-information fusion ViT model can effectively identify all bearing fault
classes further.
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Figure 10. Confusion matrix of (a) the best diagnosis result and (b) the worst diagnosis result for
Dataset A produced by the multi-information fusion ViT model.
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4.3. Diagnosis Generalization Analysis on Different Small Data Samples

In order to verify the diagnosis generalization of the proposed multi-information
fusion ViT model on small data samples, five datasets (A, B, C, D, and E) with different
numbers of training data samples were introduced for the diagnosis analysis. Thereinto,
the total number of training samples for Datasets B, C, D, and E were 500, 240, 150, and
90, respectively, each dataset contained 600 test data samples, and the number of training
data samples and test samples of each fault class in each dataset was the same. Figure 11
provides the diagnosis accuracy produced by the multi-information fusion ViT, the multi-
information fusion CNN, and the 1D-ViT and ViT based on TFR on the Datasets A, B, C, D,
and E. From Figure 11, it can be seen that the diagnosis accuracy of the multi-information
fusion ViT were all the highest on these five datasets among these four diagnosis models.
The diagnosis accuracy of the multi-information fusion ViT on these five datasets was
higher than that of the ViT based on TFR, and the diagnosis accuracy of the 1D-ViT on
these five datasets was the lowest among the four diagnosis models. All these indicate that
the diagnosis generalization of the multi-information fusion ViT was superior to the other
three diagnosis models even though the number of the training data samples was small.
This was mainly because the multi-information fusion ViT can extract more fault-related
information from the TFRs of different frequency band sub-signals.
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80.00%
70.00%
60.00%

50.00% F

Auccracy

40.00%
30.00% F
20.00% F

10.00%

%
Bii0%s Dataset A Dataset B Dataset C Dataset D Dataset E

Multi-information fusion ViT 99.85% 99.83% 99.67% 99.50% 99.17%
Multi-information fusion CNN 99.00% 98.33% 95.50% 91.33% 78.67%
ViT based on TFR 97.51% 96.33% 90.33% 82.83% 73.00%
1D-ViT 87.97% 75.50% 57.17% 48.83% 42.33%

Figure 11. Diagnosis accuracy for Datasets A, B, C, D, and E.

In addition, Figure 11 also shows that the diagnosis accuracy of these four diagnosis
models decreased as the number of training samples decreased, but the diagnosis accuracy
of the multi-information fusion ViT was still relatively high on the five datasets. Even
though the total number of training data samples was 90, the diagnosis accuracy of the
multi-information fusion ViT achieved 99.17%; this also demonstrates that the multi-
information fusion ViT could diagnose the fault of bearings with the small data samples
effectively and had a strong diagnosis generalization on the small data samples.
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4.4. Anti-Noise Diagnosis Ability Analysis

To verify the diagnosis robustness of the proposed multi-information fusion ViT model,
Gaussian white noise with a variety of signal-to-noise ratios (SNRs) was added to the data
samples of Dataset A for fault diagnosis experiments [39]. The diagnosis results are shown
in Figure 12. It can be seen that the proposed multi-information fusion ViT model could
achieve the highest diagnosis accuracy on Dataset A with different SNRs, and the diagnosis
accuracy of the 1D-ViT was the lowest among the four diagnosis models, the diagnosis
accuracy of ViT based on TFR on Dataset A with different SNRs were all lower than that
of the multi-information fusion CNN model. This is mainly because the TFR had a better
noise suppression effect while characterizing more fault-related information compared
with the one-dimensional vibration signal, and the multi-information fusion ViT model
could extract more fault-related information from the TFRs of the different scale sub-signals
and improve the anti-noise ability because of the multi-TRF maps fusion.
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Multi-information fusion ViT 99.85% 80.00% 60.35% 48.99% 33.17%
Multi-information fusion CNN| 98.42% 77.17% 52.17% 39.00% 14.83%
ViT based on TFR 97.51% 64.33% 43.67% 34.16% 19.33%
1D-ViT 87.97% 42.83% 30.16% 20.83% 11.47%

Figure 12. Diagnostic accuracies of the different fault diagnosis methods at different signal-to-
noise ratios.

Figure 12 also displays that the diagnosis accuracy of all these four methods decreased
with the decreasing SNR. When the SNR was two, the diagnosis accuracy of the proposed
multi-information fusion ViT model could achieve 60.35%, but the diagnosis accuracy of
the other three diagnosis models was lower than 52.2%. In addition, when SNR was —8, the
diagnosis accuracy of the proposed multi-information fusion ViT model is only 33.17%, but
the diagnosis accuracy of the other three diagnosis models was lower than 20%. Obviously,
even though the small data samples contained noise, the proposed multi-information
fusion ViT model could diagnose the bearing fault effectively, and its anti-noise diagnosis
ability was superior to the other three diagnosis models. This further demonstrates that the
proposed multi-information fusion ViT model had strong robustness.
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5. Conclusions

In this paper, a novel multi-information fusion ViT model based on the TFRs of
different frequency band sub-signals was proposed to diagnose the bearing fault with
the small data samples. In this method, the bearing vibration signal was decomposed
into different scale sub-signals of s using DWTs firstly, and then the sub-signals were
transformed into the TFRs by CWTs. Finally, the TFRs were concatenated to input to the
ViT model to diagnose the bearing faults.

The effectiveness of the proposed multi-information fusion ViT model for the fault
diagnosis of bearings with small data samples were verified by comparison with the multi-
information fusion CNN and 1D-ViT and ViT based on TFR. At the same time, through a
multifaceted comparison of the four methods on different small data samples and noisy
data samples, the diagnosis results demonstrated that the proposed multi-information
fusion ViT model had stronger generalization and robustness than the multi-information
fusion CNN and 1D-ViT and ViT based on TER for the fault diagnosis of bearings with
small data samples. These results indicate that the multi-information fusion ViT model has
promising prospects in the field of fault diagnosis with small data samples.
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