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Abstract: Traditional bearing fault diagnosis methods struggle to effectively extract distinctive, domain
invariable characterizations from one-dimensional vibration signals of high-speed train (HST) bearings under
variable load conditions. A deep migration fault diagnosis method based on the combination of domain
adversarial network and signal reconstruction unit (CRU) is proposed for this purpose. The feature extraction
module, which includes a one-dimensional convolutional layer, a normalization layer, a ReLU activation
function, and a max-pooling layer, is integrated with the CRU to form a feature extractor capable of learning
key fault-related features. Additionally, the fault identification module and domain discrimination module
utilize a combination of fully connected layers and dropout to reduce model parameters and mitigate the risk
of overfitting. It is experimentally validated on two sets of bearing datasets, and the results show that the
performance of the proposed method is better than other diagnostic methods under cross-load conditions, and
it can be used as an effective cross-load bearing fault diagnosis method.

Keywords: domain adversarial; channel reconstruction; transfer learning; fault diagnosis

1. Introduction

High-speed trains (HST) are often considered one of the best modes of transportation, and the
maximum operating speed of HST can reach up to 380 km/h [1]. At such high speeds, bearings, as
important parts in the transmission system, are subjected to complex alternating loads, which
increase the wear rate of the bearings and reduce their service life [2]. As an important part of the
HST, whose health situation is greatly related to the operation of the whole train.

Majority of the existing research on bearing fault diagnosis is primarily targeted at the vibration
signals generated by bearing impacts, which contain information concerning the healthy situation of
the bearings, and the analysis of the vibration signals and the information concerning the healthy
situation of the bearings is crucial to the diagnosis of bearing faults in high-speed trains. With the
proposition of machine learning methods, more and more academics have studied the correlated
intelligent diagnosis algorithms and have successfully produced a variety of effective fault diagnosis
algorithms on the basis of vibration acceleration signals. Conventional intelligent diagnostic
approaches have often used a mixture of signal processing measures and classification methods,
using signal processing measures that have a well-established theoretical foundation, such as
variational modal decomposition (VMD) [3], empirical modal decomposition (EMD) [4], and
empirical wavelet transform (EWT) [5], to obtain signal features. These features are then input into
classification methods such as support vector machines (SVMs), extreme learning machines (ELM)
[6], and back-propagation networks (BPNN) [7] to recognize the bearing fault state. Although these
methods can classify and identify the bearing fault state, the accuracy of its diagnosis is strongly
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linked to the fault features extracted by the conventional signal processing methods in the previous
period. Feature extraction using traditional signal processing methods mainly relies on personal
experience, it is difficult to sufficiently extract the correlated information in the vibration signal. This
results in low-quality feature extraction, thus affecting the accuracy of the final fault identification.

Zhang et al. [8] combined the spatial discard regularization method with separated convolution
to extract features from the original signals, achieving effective differentiation of the original signals
of bearings in different states. Liu et al. [9] used improved one-dimensional and two-dimensional
convolutional neural networks to achieve intelligent recognition of bearing states, demonstrating
high recognition accuracy. Che et al. [10] combined a deep belief network and convolutional neural
network to extract relevant information from grayscale images and time series signals, and the fault
types are recognized using the deep learning model fused into it. More adaptable intelligent fault
diagnosis approaches based on deep learning [11][12][13] can be used to feature the vibration data
automatically. However, its excellent performance depends on massive amounts of well-labeled
training data and requires that the training data and the test data fulfill the condition of being
identically distributed. In practical engineering work, owing to the effects of the complex working
environment, it is difficult to obtain plenty of data with markers which are of the same distribution,
leading to the fact that all kinds of intelligent fault diagnosis measures on the basis of deep learning
can't be applied effectively.

In an intelligent fault diagnosis approach that is based on migration learning, the data for model
training and testing do not need to have the same probability distribution. This can be accomplished
by exploiting the source domain with the help of technical methods of migration to accomplish the
tasks in the target domain, especially for data samples where there are no or few markers in the target
domain [14]. Currently, on the basis of various deep neural networks, more and more scholars have
proposed several migration learning methods for rotating machinery fault diagnosis, and
experimental validation has been carried out on various types of datasets collected under different
operating conditions [15][16]. Domain adaptation is one of the migration learning methods and can
be used to automatically alignment of feature distributions in the source and target domains for deep
feature extraction by using distribution difference metric functions such as maximum mean
difference (MMD), multinomial kernel maximum mean difference (MK-MMD), and Wassertein
distance, which in turn realizes the migration from the source domain to the target domain to
accomplish the task demands on the target domain. Li et al. [17] added the multiple maximum mean
difference (MK-MMD) to the deep transfer network model to reduce the distributional difference of
the data in the two domains and realize the fault identification of the target domains. Wan et al. [18]
utilized the multiple kernel maximum mean discrepancy to adjust the marginal distribution and the
conditional distribution in the multidomain discriminators of the two domains to achieve the
extraction of domain invariable features and complete cross-domain fault identification. Guo et al.
[19] embedded the maximum mean difference into a fully connected layer in a convolutional neural
network, thus enabling domain invariant feature extraction to achieve pattern recognition of faults.
Wen et al. [20] added an adversarial mechanism in combination with an autoencoder to achieve cross-
domain diagnosis from experimental bearings to the actual wheelset bearings used in the test models.
Wan et al. [21] combined an adversarial mechanism with a multiple kernel maximum mean
discrepancy to achieve cross-domain diagnosis, integrating the adversarial mechanism and multiple
kernel maximum mean discrepancy into a deep convolutional model to achieve cross-domain
bearing fault diagnosis. Zhang et al. [22] presented an improved domain adversarial neural network
with improved multi-feature fusion to achieve the classification of bearing health status. Wu et al.
[23] combined the adversarial mechanism and maximum mean discrepancy with a weight-sharing
convolutional neural network to achieve fault identification under different operating conditions.

In summary, there have been many researchers who have investigated deep migration learning
methods in various perspectives to improve its performance for bearing fault state recognition.
However, compared to conventional bearings, the forces on rolling bearings in high-speed trains are
more complex and variable. Based on the conditions of variable load and existing theories, a
migration model for fault diagnosis, which incorporates an adversarial mechanism and a channel
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reconstruction unit (CRU), is established. In the process of establishing the model, we analyze not
only the influence of each module in the feature extractor on the performance of feature extraction
but also the effect of the structure of the fault recognition module and domain discrimination module
on the diagnosis accuracy. Finally, the method is experimentally analyzed to have good performance
in identifying bearing fault states under different load conditions.

The rest of the paper is organized as follows. Section 2 provides an introduction to the theory of
DANN, Section 3 describes the migration learning fault diagnosis framework, and Section 4 validates
the performance of the method through experiments. Section 5 summarizes the paper.

2. Basic theory

The characterization of the data and its edge distribution are assumed to be represented by X
and P(X). Thus, D = {X, P(X)} represents a domain. Two domains that are not the same indicate
differences about characterization or edge distributions. D° = {X*, P(X®)} denotes the source
domain while Dt = {X*, P(X")} denotes the target domain. These two domains comprise bearing
vibration data under various loads with the same labels but distinct edge distributions, P(X*) #
P(X"). The purpose of transfer learning is to aid in accomplishing tasks in the target domain by
leveraging message from source domain. Domain Adversarial Neural Network (DANN) [24] stands
as one of the classical methods in transfer learning.

Domain Adversarial Neural Network (DANN) mainly include a feature extractor G, a domain
discriminant module G, and a fault recognition module G.. The feature extractor primarily
performs deep feature extraction on the input data, while the fault identification module is
responsible for identifying faults on the target domain test data samples after feature extraction. The
domain discriminant module serves as a binary classifier with an added gradient inversion layer.

X represents input data, and the characterization extractor G learn the features of the data
samples by updating the parameter 6 , which can be denoted as G (X; 8r). The features learned by
the extractor Gp are then inputted to the fault recognition module G, for fault recognition,
represented as G.(Gr(X; 0z); 0. ). The loss function expressed as Equation (1)

Lic(HF, Hc) = Lc(Gc(GF(Xi;HF);Hc),Ci) (1)

Where X! denotes the i sample, C!denotes the fault category of the i** sample,
Orand6 represent the parameters of the feature extractorsGrand the fault recognition moduleG..The
domain discrimination module Gpis utilized to discriminate the from that domain,and its loss

function is given in Equation (2).
L%(HF: Op) = LD(GD(GF(Xi;HF);HD)rDi) ()

Where 0,represents the parameters of the domain discriminative module G, and D‘denotes
the label of the domain. Loss function is shown in Equation (3).

L= LC (Ds' Cs) - ALD (Ds'Dt) (3)

Where D;and Cgdenote the samples and there corresponding true labels, D,denotes the
samples in the target domain, and A is the equilibrium parameter. The total quantity of samples is
assumed to be N. N; and N, represent the quantity of samples in the source and target domains.
The total loss function is shown in Equation (4).

Ny Ny N
1 1 . 1 .
LB, 0c,60) =37 D L85, 6 = 4|3 D 1h (65, 6) +1- > Ly(0,6,) @
$i=1 $i=1 ¢

i=Ng

3. Fault Diagnosis Transfer Model
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To enable bearing fault diagnosis under different loading conditions, this paper proposes a novel
transfer learning method by combining the domain adversarial neural network with the channel
reconstruction unit module (CRU). Initially, the signal undergoes preprocessing, converting the
original signal into a one-dimensional tensor, which is then fed into the feature extractor.
Subsequently, domain invariable features are extracted through adversarial learning to facilitate
modal recognition for unlabeled target domain samples. The model structure depicted in Figure 1,
with further details described below.

Source data
/ Label classifer G¢ \
AL AL / \\ \\\
Feature extractor Gf L
—_— fo—1ll —{ | o—
Raananan
\\ N
Thgetdete » Loss function L
—_—
= — o R R
. N\ \ \
. \ FC layer

Extractor module
bt Dropout layer

CRU module
% Output layer
N

Back propagation Forward propagation \—/

Loss function Lp

Figure 1. Structure of transfer learning fault diagnosis model

3.1 Feature Extractor

The feature extractor comprises five feature extraction modules and five channel reconstruction
modules. Each feature extraction module includes a one-dimensional convolutional layer, a
normalization layer, and a maximum pooling layer, as illustrated in Figure 2. The parameters of each
feature extraction module are detailed in Table 1.

Table 1. Structural parameters of the characterization module

Module Sequence Structural parameters
: . Covld (64x1, 64) +BN (64) +RELU +Maxpool (2,
First feature extraction module 2
. Covld (3x1, 32) +BN (32) +RELU + Maxpool (2,
Second feature extraction module "
Third feature extraction module Covld (3x1, 64) +BN (26)4) +RELU +Maxpool (2
. Covld (3x1, 32) +BN (64) +RELU +Maxpool (2
Fourth feature extraction module 2

Covld (3x1, 64) +BN (64) +RELU +Maxpool (2

Fifth feature extraction module 2
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Figure 2. Structure of feature extractor module

The space formed by the source domain samples and the target domain samples is X} = {X,
Xi} € 9Ws*No) | js the data length for every smple. The convolution operation on the input data is
expressed as Equation 5.

. Xli):)’cov = f(XlL),(y—l)Out * Wycop + b)’cov) ) (5)

Where X}, (,,_1),y¢ Tepresents the output of the last feature extraction module, X}, denotes
the output of the current yth module, {w, b, } denotes the training parameters for the weights
and biases in the convolutional computation, f(-) denotes the linear rectifier unit (RELU) activation
function, the input to the first feature extraction module is a data sample that has undergone signal
preprocessing.

Then the samples after the convolution operation are input into the normalization layer for
normalization operation to prevent the order of magnitude difference of the input variables from
affecting the operation results too much. The normalization operation process is shown in Equation

6.
. X} - X
BN(Xb,yCOI)) = 2 * )?’ycov_ X = - 1 (6)
max min

Where {X0x Xmin} shows the maximum and minimum values in the operational data.
Following normalization, the maximum pooling operation is applied on the normalized BN(X, lilycov)
to reduce the model parameters and the operation cost. The maximum pooling operation is shown
in Equation (7).

p (BN(X),,,,)) = max{BN (X}, )'|st—1)+1<q<sr) @)

Where s represents the length of the segment and r is the starting point of the pooling
position.

3.2. Basic Theory of CRU

Following feature extraction by the yth feature extraction module, the output is then input to the
channel reconstruction unit (CRU). The CRU, as depicted in Figure 3 was proposed by Li et al [25].
Unlike standard convolution, CRU employs splitting, transforming, and reconstruction strategies.
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Figure 3. Structure of CRU

The first is the splitting strategy, which divides the pass into two parts, aC and (1—a)C
channels, as depicted in figure 3. Here 0 < a <1 is the splitting ratio. The channels of feature
mapping are subsequently compressed using 1x 1 convolution to improve the efficiency of
computation. Following splitting, the feature channel is squeezed and the squeezing ratio 7 is 2.
Following splitting and squeezing, the feature X = p(BN(X}, ) from the feature module is
divided into the upper portion X,,, and the lower portion X, then enters into the transformation
stage, with X, is inputted to the upper transformation stage. In the upper transformation stage,
Group-by-Group Convolution (GWC) [26] and Point-by-Point Convolution (PWC) are used instead
of convolution operation to extract deep information. The k x 1IGWC and 1 x 1PWC operations
are performed on the upper part of the output. After that, we sum the outputs to form the merged

feature Y;. The upper transform stage can be expressed by Equation 8 as:
Y, = GX,p + P Xy ®
aC
—XkX1Xc

Where G € R9* , P E RFII% are the relevant parameters of GWC and PWC.

Xiow is input to the lower transform stage to generate features with shallow hidden details using
1 x 1PWC operation. This serves as a complement to the rich features generated earlier. Utilizing
Xiow allows for the generation of additional features without incurring extra costs. Finally, the newly
generated features and the reused features are concatenated to form the feature Y,, and the lower
transformation stage formula is shown in Equation (9):

Ry a Y, = P X100 U Xiow 9

Where P, € R = ~P077)¢ js the relevant parameters of the lower input PWC.

After the transformation, the output features Y;, ¥, of the upper and lower transformation
stages are fused using the simplified Sknet method [27], as depicted in the fusion section in Figure 3.
Applying global average pooling to collect global spatial message for S,,,, which is computed as in

Equation (10).
L
1
Sm = Pooling(¥,,) = ZZ Y.(),m=12 (10)
et esizz1
b= b= hth=1 (11)

The global up-channel descriptions S; and global down-channel descriptions S, are then
stacked together, and a channelized soft attention operation is used to generate the feature
importance vectors f; and pS,. Finally, the up- and down-channel descriptions S; are combined
with S, by combining the upper feature ¥; and lower feature Y,are merged by channel to obtain

the channelized refinement feature Y. As in Equation (11) and Equation (12).
Y =pY,+5Y, (12)

The result of the final processing of the features input from the feature module by the channel
reconstruction unit can be expressed as Equation (13).
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X} oue = CRU [p (BN(Xh,,.))] (13)

3.3. Fault Recognition Module

The output of the feature extractor is X}, fea = X} oue(y = 5), which contains feature information
learned from both domains. Xsi,fea represents features learned from source domains that contain
useful knowledge. The fault identification module consists of two fully connected layers, a Dropout
layer and the output layer. The zth fully connected layer processes X}, ., as in Equation (14).

XII;'C,S,Z = h[Xsi,fea; GFC] = p[wFC * Xsi,fea + bFC] (14)

Where 67¢ = {wF¢,bFC} represents the parameters of the fully connected layer. Dropout's
process for the second fully connected layer Xf. ,(z =2) can be expressed as Equation (15).

Xsi,Dropout = Dropout(XIL:‘C,s,z' ‘U) (15)

Where v is the deactivation rate, which is taken as 0.5 in this paper. The softmax function is
used as the output layer to identify the class of faults, the softmax function can be expressed as
Equation (16)

. . eX.sé,Dropout
Softmax(Cs‘ = j|XsL,Dropout) ==
2;?:1 eXs,Dropout
' (G=01--9) (16)
Where c: denotes the fault label recognized by the output layer. The loss function of the fault
recognition module is expressed as Equation (17).

Ns k xi
1 i e“s,Dropout
LC=_FZZI[CL=I‘]ZOQ—1' 17)
== 2;{:1 eXs,Dropout
Where k is the quantity of fault categories in the data sample and I(-) represents the indicator

function.

3.4. Domain Discriminator Module

The structure of the domain discrimination module G, mirrors that of the fault recognition
module, but the domain discrimination module is used to differentiate the domain labels of the
samples by the features X}, -, output from the feature extractor. The domain class of the sample is
judged after first performing a convolution operation on the feature X}, through two fully-
connected layers as in Equation (14), then processed through a dropout layer as in Equation (15), and
finally through an output layer. The output can be expressed as Equation (18).

1

D (18)

out = P
1 4 ge’ sProvout

When the output layer cannot discriminate the samples from that domain, its learned features
are domain invariant features. Equation (19) is the loss function of the domain discrimination module
GD .

le = tilogDout(Xli)) + (1 - ti) log (1 - Dout(Xli))) (19)
where the domain label “0” or “1” and D,,; (X l‘)) is the prediction label.
3.5.Model Loss Function

In the domain adversarial neural network adversarial training, the total loss function is
expressed as Equation (20).
L(6r, 6¢,6p5) = 0 rrali% Lc(6r,6c) — ALp(6F, 6p) (20)
F.YCcY%D
Where the equilibrium parameter 4 varies dynamically with the number of iterations and the

expression is shown in Equation (20).
2
)lpg = 1+ e—10pg - (21)

Where pg represents the training iteration relative process, and represents the rate of the times
of current iterations to the total times of iterations.

4. Experiments

4.1. Case Western Reserve University (CWRU) Bearing Experiment Data Analysis


https://doi.org/10.20944/preprints202407.0001.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 July 2024

d0i:10.20944/preprints202407.0001.v1

8

The CWRU's bearing dataset has been extensively utilized by researchers to validate various
diagnostic methods. For the purposes of this section, the sampling frequency of the system chosen to
collect the bearing vibration acceleration data is 48 kHz, the motor speed is 1797 r/min, and the load
sizes applied to the bearings in the experimental conditions are 1 hp, 2 hp, and 3 hp. The bearings
exhibit four health states at each load: normal condition (N), inner ring failure (IN), outer ring failure
(OF), and roller failure (RF). Each failure state of the bearing includes three different damage levels
in addition to the healthy state: 0.007 inches, 0.014 inches, and 0.021 inches. Two of the three different
load conditions are chosen as the source domain dataset and the target domain dataset, respectively,
and then 2,000 samples are randomly chosen from the sample data associated with each health state
to serve as the training and testing sample sets for the two domains, and the total quantity of samples
for training and testing is 40,000. The data setup under the experimental operation is summarized in
Table 2, while the dataset under each load condition is presented in Table 3. Figure 4 illustrates the
dataset for the 1 hp load condition under normal conditions, along with the time and frequency
domain images of signals for each fault condition with a damage level of 0.007 inches.

Table 2. Datasets description of different operating conditions

.\ Rotation .

Condition speed/(t/min) Load Sample size Sample length
A 1797 1hp 40000 1024
B 1797 2hp 40000 1024
C 1797 3hp 40000 1024

0.7
>
<
10 1000 2000 3000 4000 5000 0. 00 500 1000 15;00 2000
Data points f/Hz
(a) OF time domain diagram (b) OF frequency domain diagram
0.7
{o J
<<
1 ‘ 0.0 ARINN WA Y ulwlu, |
0 1000 2000 3000 4000 5000 0 500 1000 1500 2000
Data points f/Hz
(c) IF time domain diagram (d) IF frequency domain diagram
1 0.05
> 0 > J‘
< < | | J | |
-1 0. 00 |1.|H Lot Lok,
0 1000 2000 3000 4000 5000 0 500 1000 1500 2000
Data points f/Hz

(e) OF time domain diagram (f) OF frequency domain diagram

1 1.0
of of
<0 2050 J J
- 0.0 allgoall I.‘llnk.u.lﬂ‘} Ll
0 1000 2000 3000 4000 5000 0 500 1000 1500 2000

Data points

(g) N time domain diagram

f/Hz

(h) N frequency domain diagram

Figure 4. Time-domain and frequency-domain images of each health state of the bearing
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Table 3. Dataset settings

Fault type Degree of damage Sample size Fr2s
N None 2000 9
0.007inch 2000 8
IF 0.014inch 2000 7
0.021inch 2000 6
0.007inch 2000 5
OF 0.014inch 2000 4
0.021inch 2000 3
0.007inch 2000 2
RF 0.014inch 2000 1
0.021inch 2000 0

4.1.1. Effect of Individual Modules on Experimental Test Results

In order to demonstrate the performance of this paper's kind of fault diagnostic model, the test
results of methods lacking adversarial mechanisms or channel reconstruction units and this paper's
method are visualized using the t-distributed stochastic neighbor embedding(t-SNE) algorithm. The
visualization results of the migration task from Domain B to Domain A are depicted in Figure 5. In
each category, there is a notable distribution of samples. However, as shown in Figure 5(a), when the
adversarial mechanism is absent, a more severe cross-mixing phenomenon occurs between categories
due to differences in data distribution. The model that lacks the adversarial mechanism is poor for
recognizing the test samples in the target domain. In Figure 5(b), each category of samples has a large
distance between them, and confounding occurs between sample class 7 and sample class 0.
However, when deep features are extracted using the paper’s method, the method is better able to
aggregate samples in each health state compared to the previous two methods.

<> - 8 @

.
-1
e

. -
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N
. . s -
] - o & w @ -

-40 -20 0 20 40 -40 -20 0 2 0 -40 -20 0 20 40

Dimension 1 Olisnaion 1 Dimension 1

Dimension 2
i
o
cavonrom=o

Dimension 2
' 2 ;
e

".

(b) proposed method without

(a) proposed method without DA CRU

(c) proposed method
Figure 5. Visualization of t-SNE for each experimental result

As illustrated in confusion matrix in Figure 6, it can be seen that due to the lack of an adversarial
mechanism, the accuracy of each category shown in Figure 6(a) is relatively low, especially for
category 4, which has an accuracy of only 45%. Figure 6(b) and Figure 6(c) depict that the adversarial
module can effectively extract consistent features from the two domains and improve the accuracy
of bearing fault recognition. Additionally, comparing Figure 6(b) and 6(c), the accuracy of nearly
every category reaches 100% after introducing the channel reconstruction unit in the feature extractor.
This indicates that deeper features associated with faults can be effectively learned after the
introduction of the channel unit, reflecting the model's superiority. The results of other migration
tasks for the three methods are shown in Table 4.

Table 4. Test results for each method under each task

Task No DA No CRU Proposed method



https://doi.org/10.20944/preprints202407.0001.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 1 July 2024 doi:10.20944/preprints202407.0001.v1

10
A-B 82.5% 97.2% 99.1%
A-C 87.1% 97.3% 99.4%
B-A 85.3% 98.3% 99.6%
B-C 81.7% 94.58% 98.6%
C-A 85.4% 96.4% 99.1%
C-B 83.2% 95.8% 99%

3210

True labels
9 8 7 6 5 4 3 2 1 0
True labels
543210
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DA CRU (c) proposed method

Figure 6. Confusion matrix for each experimental result

4.1.2. Impact of FC layers on experimental test results

Throughout the model, besides the feature extractor, the performance of the algorithm is also
affected by the parameters in the fault identification module and the domain discrimination module.
To investigate the effect of fully connected layers on the algorithm's performance, experiments were
conducted to assess the classification accuracy with different quantity of fully connected layers over
a certain number of iterations. According to the results in Table 5, it was found that the classification
accuracy was higher in the structure that used two fully connected (FC) layers, a dropout layer, and
an output layer. This is because a lower number of fully connected layers in the classifier reduces the
model's expressive ability, adversely affecting its performance and failing to achieve the desired
classification effect. On the other hand, a higher number of layers increases the model's
computational cost and can easily lead to overfitting, negatively impacting the classifier's
effectiveness. Based on this, the fault recognition module and domain discrimination module are
structured with two fully connected layers, a dropout layer, and an output layer.

Table 5. Experimental results for different FC layer counts under the A-C migration task

Structure Epoch Accuracy
One FC layers + dropout + output 1000 83.5%
Two EC layers + dropout + output 1000 99.4%
Three FC layers + dropout + output 1000 93.2%

4.1.3. Comparative Experimental Analysis with Other Methods

The proposed method in this paper is analyzed on the Case Western Reserve University bearing
dataset as shown in Table 6, where the number of samples per run condition is 40,000 and there are
2000 training samples and 2000 test samples included in each state. This paper's module is also
compared with three other methods, which are SDAE+JGSA [28], DDC [29], and DACNN [30]. With
the SDAE+JGSA method there are 3000 samples for each operating condition and every health state
contains 300 samples. The algorithm first extracts the deep features of the image using the SDAE
algorithm and then reduces the feature distribution differences using the JGSA algorithm.

Table 6. Testing results of different methods

Average
accuracy

Method A-B A-C B-A B-C C-A C-B
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SDAE+JGSA28  934%  90.1% 90% 93.8%  912%  947%  92.2%
DDC29 984%  95.7%  97.7%  983%  885%  967%  95.9%
DACNN30  97.3%  983%  962%  981%  981%  984%  97.7%
Proposed g9 10, 994%  99.6%  986%  99.1% 99% 99.3%
method

As the results in Table 6 show, the first two methods utilize SAE and CNN to join the relevant
JGSA and domain confusion loss function to align the distribution differences, and the highest
diagnostic accuracy can be up to 98.3%, and both DACNN and the present method introduce the
adversarial mechanism and thus realize the extraction of domain-invariant features; however,
compared with DACNN, the present paper effectively improves the model to extract deeper features,
as expressed from the table, each task of this paper's method has a better performance than the
DACNN method, which shows that the introduction of CRU in domain adversarial network has a
significant effect in increasing the diagnostic performance of bearing faults.

4.2. Analysis of Experimental Data of Bearing Failure Simulation on Bearing Life Prediction Test Bench

In the previous section of CWRU, the bearing data sets A, B, and C have loads corresponding to
l1hp, 2hp, and 3hp, at a speed of 1797 rpm. the above experiments simulate the application
performance for models with various load at the same speed, and for the purpose of further test the
generalization performance of the models, the same simulation conditions are used in this section,
and the four data samples are selected for experimental validation of the model.

4.2.1. LY-GZ-02 Experimental Bench Data Description

Select bearing model LZ-GZ-02 bearing experimental bench to simulate the faulty bearing
working condition under normal working conditions, and use vibration acceleration sensors and data
acquisition devices to collect vibration data under each faulty condition of the bearing. Figure 7
illustrates the relevant parts of the experimental setup, which mainly consists of hydraulic cylinders,
operating table, data collector and other devices.

Four different states of health under the bearing respectively at the same speed of three different
load conditions of operation. The bearing health states include normal (N), outer ring fault (OF), inner
ring fault (IF) and rolling element fault (RF). As shown in Table 7, the loads are 0 N, 1000 N and 2000
N. The sampling frequency of the experimental acquisition device is 20 KHz. For each type of load,
the samples for each bearing state are 1000, and the sample length is 1024. The time frequency images
of the vibration acceleration signals of the bearings at 1000 rpm with the loads of 1000N for the four
states are shown in Figure 8.

Hydraulic cylinder Coupling  Speed and torque sensors

Lubrication oil tank Gear pumps Data Collector High-speed motor

Figure 7. LY-GZ-02 laboratory bench
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Table 7. Descriptions of the dataset

Condition Fault type Label Sample size Load
RF 0 1000
IF 1 1000
A N 2 1000 ON
OF 3 1000
RF 0 1000
IF 1 1000
B N ’ 1000 1000N
OF 3 1000
RF 0 1000
IF 1 1000
C N ’ 1000 2000N
OF 3 1000

4.2.2. Experimental Comparisons

TCA, JDA and DACNN are validated with the performance of the proposed method presented
herein. TCA utilizes kernel functions to map the number of samples into a high-dimensional
regenerative kernel Hibert space, which narrows down the differences in the distribution of the pre-
existing data and preserves the domain invariable features. In TCA, the radial basis function is chosen
as the kernel function of TCA.JDA (Joint Distribution Adaptation) is traditional transfer learning
methods, which extracts domain invariable features and predicts the target domain by maximizing
the difference in the distribution of the categories of the source and target domains for the mapping
of each category. In JDA, radial basis functions are selected. DACNN is also a migration learning
model that learns domain invariant features using CNN and with adversarial mechanisms.

As can be illustrated in Table 8, the diagnostic accuracies of the TCA method and the JDA
method between the three load conditions are 76.1% and 75.4%, respectively, which indicates that
pure kernel space mapping and two domain categories The spatial mapping between them is hard
to obtain valuable features under various loading conditions. Compared to the present method
DACNN method fails to regard the significance and uniqueness of the features of the recognition
process in the feature learning process, and the recognition accuracy is lower. This method further
extracts the deep features in the samples by adding the channel reconstruction unit to the feature
extractor species, and accordingly, the accuracy of the test between condition B and condition C
reaches 100%, and the mean accuracy of the three conditions is 99.4%, which is clearly better than
that of other methods.

0.9
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Figure 8. Time-domain and frequency-domain images of four health states of Skf6007 bearings

Table 8. Testing results of different methods

Method AB AC B-A BC CA C-B Average
accuracy
TCA 76.9% 751% T742% 77.5% 744%  78.3% 76.1%
JDA 75%  74.4% 763% 765% 733%  76.7% 75.4%
DACNN 95.8% 96.7% 945% 97.5% 945%  97.3% 96.1%

A and B for the results shown in Figure 9 are the source and target domains, respectively. As
depicted in Figure 9(a) and Figure 9(b), the feature categories learned by the TCA and JDA methods
do not really perform effective alignment of distributional differences, and there are most of the
samples labeled 3 (outer-ring faults) are incorrectly predicted, which do not allow for effective feature
identification and sample classification. While the method shown in Figure 9(c) has improved in the
overall effect, the adversarial training in a certain sense makes the network effectively learn the
domain invariable features, which positively affects the fault classification module in the prediction
of the test samples, but compared this paper’s model, this model has better capability of feature
learning compared to DACNN, which can more obviously recognize the various health states of the
target domain bearings. The results of the above analysis show that this model is superior to the other
three models, and the combination of the adversarial mechanism and the channel reconstruction unit
can significantly improve the fault diagnosis performance of the bearings under different loading
conditions.

True Labels
True Labels

1 2
Predicted Labels Predicted Labels

(a) TCA (b) JDA
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True Labels
True Labels

0 1 2 3
Predicted Labels Predicted Labels
(c) DACNN (d) Proposed method

Figure 9. Confusion matrix for each experimental method

5. Conclusions

In this paper, a migration learning model combining domain adversarial network and CRU is
proposed for high-speed train bearing fault diagnosis under variable load conditions. The model has
three advantages: Firstly, the normalization is added to the feature extraction module to reduce the
influence of individual difference samples on the network model, and the RELU activation function
is used to improve the speed of the model operation. Secondly the influence of each module in the
feature extractor on the performance of the algorithm is analyzed through experiments, and it is
finally determined that the feature extraction module is combined with the CRU to strengthen the
model's ability to learn domain invariant features. Finally, experimentally analyzing the impact of
the quantity of fully connected layers on the performance of the algorithm, it is determined that the
structure of the fault identification module and the domain discrimination module consists of two
fully connected layers combined with the Dropout function, which reduces the model parameters
and reduces the risk of model overfitting. In addition to this, the present method is compared with
existing intelligent diagnosis methods to verify the good performance of the present method.
However, this method only investigates the fault diagnosis under different load conditions in the
same equipment, so in the next study, we will investigate the migration fault diagnosis method in
different machines and equipment of high-speed trains or different types of bearings in the same
equipment, so as to better monitor the health status of high-speed train bearings.
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