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In recent years, deep learning has become a popular issue in the intelligent fault diagnosis of industrial equipment. Under practical
working conditions, although the collected vibration data are of large capacity, most of the vibration data are not labeled.
Collecting and labeling sufficient fault data for each condition are unrealistic. ,erefore, constructing a reliable fault diagnosis
model with a small amount of labeled vibration data is a significant problem. In this paper, the vibration time-domain signal of the
fault bearing is transformed into a 2-dimensional image by wavelet transform to obtain the time-frequency domain information of
the original data. A deep adversarial convolutional neural network based on semisupervised learning is proposed. A large amount
of fake data generated by the generator and unlabeled true vibration data are used in the discriminator to learn the overall
distribution of data by judging the authenticity of the input. ,ree regular terms for different loss functions are designed to
constrain the parameters of the discriminator to improve the learning ability of the model. ,e proposed method is validated by
two bearing fault diagnosis cases. ,e experiment results show that the proposed method has higher diagnostic accuracy than
traditional deep models on multigroup small datasets of different capacities. ,e proposed method provides a new solution to the
fault diagnosis problem with large vibration data but few labels.

1. Introduction

In complex industrial systems, the study of advanced
methods of mechanical fault diagnosis is an important part
of ensuring the safety of equipment [1, 2]. Deep learning
(DL) theory has become a popular issue in the field of data-
driven intelligent faults diagnosis with its powerful modeling
and characterization capabilities [3, 4]. DL-based fault di-
agnosis method has a strong ability to learn the fault feature
of raw data. However, a large amount of labeled data is
required for the training of DL model [5, 6]. Under practical
working conditions, although the collected vibration data
are of large capacity, most of the vibration data are not
labeled. Collecting and labeling sufficient fault data for each
condition are unrealistic [7, 8].

In order to solve the fault diagnosis problem of insuffi-
cient labeled data, there are some research studies on fault

diagnosis of limited data. Hang et al. proposed principal
component analysis (PCA) and applied it to the field of high-
dimensional imbalance fault diagnosis data [9]. Duan et al.
applied a new support vector data description method for
mechanical fault diagnosis of unbalanced datasets [10]. Many
scholars introduced the Generative Adversarial Networks
(GANs) [11] idea to generate the required enough vibration
data for classifiers. Wang et al. proposed a novel fault di-
agnosis method that combined the GAN and Stacked Au-
tomatic Encoder (SAE) [12]. ,e samples produced by the
generator were used to expand the sample size on the input
along with the original samples. Xie and Zhang proposed a
deep convolutional GAN model that simulated the original
distribution of several fault categories and solved the im-
balance of training data by generating new data [13]. Li et al.
proposed a cross-domain fault diagnosis method based on
deep generation neural network, which provided reliable
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cross-domain diagnosis results by artificially generating fake
samples for domain adaptation [14]. Mao et al. used FFT to
preprocess the original vibration signal to obtain the spectrum
data of fault samples as the input of GAN and generated fake
samples for a few fault classes [15]. ,en, a stacked denoising
auto encoder model for fault diagnosis was established and
verified on a series of comparison experiments.

From the above, GAN is used to generate the required
target data for establishing effective mapping relationships
of fault feature [16, 17]. However, in the practical industrial
environment, the fault features in the raw vibration signal
are complicated [18, 19].,e data generated by the GAN can
only fit the significant features of the fault signal, which finds
difficulty in fully meeting the original signal in actual sit-
uation. Moreover, the fault mode of vibration data is variable
under different working conditions. If we used the vibration
data under one condition to establish the mapping rela-
tionship of the different fault features, the robustness of the
GAN model is unsatisfactory. ,erefore, it is difficult to
obtain high fault classification accuracy under variable
working conditions.

Considering that labeled fault data under variable
working conditions are difficult to collect, this paper pro-
poses a semisupervised learning deep adversarial convolu-
tional neural network model (SACNN). We no longer use
GANs to generate target data but directly train high-pre-
cision diagnostic models with few labeled data and large
amounts of unlabeled data.

,e main insights and contributions of this study are
summarized as follows:

(1) A semisupervised learning deep convolutional net-
work is proposed for fault diagnosis with insufficient
labeled data. ,e semisupervised GAN is composed
of a generator and a variant discriminator, which are
constructed by multiple groups of convolutional
network modules. By respectively defining true and
fake labels for the unlabeled data and the generated
data to train the discriminator, the model can obtain
the fault features of the overall sample distribution.

(2) ,ree regular terms, one-sided label smoothing, L2
weight penalty, and feature-matching regular terms,
are, respectively, defined into the loss function of the
model to constrain the parameters of the discrimi-
nator, which can improve the classification accuracy
and stability of the model.

(3) ,e series experiments are conducted on the CWRU
bearing dataset and lab-built bearing experimental
platform. Compared with three other popular
methods, the advantages of the model in a few la-
beled datasets are verified.

,e rest of the paper is organized as follows. Section 2
introduces preliminaries of SACNN. Section 3 details the
proposed SACNN model, including problem description,
data preprocessing, model structure, and optimization ob-
jectives. In Section 4, experimental verification and corre-
sponding analysis are conducted.,e conclusions are drawn
in Section 5.

2. Preliminaries

2.1. Generative Adversarial Networks. ,e generation
adversarial network (GAN) is a generic model that can
randomly generate observation data. GAN is consisted of
two subnetworks: a generator and a discriminator, as shown
in Figure 1. ,e noise from the prior distribution znoiseas the
input of the generator hopes to generate the data G(znoise),
which is expected to be true. ,e discriminator is used to
determine whether the input data are generated data or a real
sample. If the input is the real data, then the output of the
discriminator is expected to be 1, where D(χ) � 1; otherwise,
D(χ) � 0. ,rough this training process, the discriminator
learns the characteristics of the real data.,e loss function of
the discriminator is expressed as

max
D

V(D) � Ex∼pdata
[logD(x)] + Ez∼pz

[log(1 − D(G(z)))],

(1)

where the first part is used to identify real data and the
second part is used to identify fake data.

,e loss function of generator is

min
G

V(G) � Ez∼pz
[log(1 − D(G(z)))]. (2)

GAN is usually expressed in the form of a zero-sum
game, using the loss function V(D, G) to represent the loss
of the GAN, where G wants to minimize V, while D wants to
maximize V:
min

G
max

D
V(D, G) � Ex∼pdata

[logD(x)] + Ez∼pz
[log(1 − D(G(z)))].

(3)

,e parameters of the two networks are updated by
alternating gradient descent. ,e parameters of the gener-
ator are fixed firstly; the discriminator is trained by using the
generated and the true data. ,en the parameters of dis-
criminator are fixed and the generator’s parameters are
updated. ,e generator can finally generate realistic data by
repeated alternating training.

3. Proposed Method

3.1.ProblemDescription. GAN can realize the expansion of
small samples, but the generated data are difficult to meet
the actual situation. ,e semisupervised learning can add
unlabeled data to the supervised classification algorithm.
Although unlabeled data do not provide labels, it provides
information about the overall distribution of datasets,
which provide a better classification surface for the
model.

,erefore, according to the idea of semisupervised
learning, the intelligent fault diagnosis problem based on
semisupervised learning deep adversarial network is for-
mally defined:

(1) ,ere is a fault bearing dataset, including two parts of
data. One has nL labeled vibration fault dataset
XL � xL

i , yL
i 

nL

i�1, and the other has nU unlabeled
vibration fault dataset XU � xU

i 
nU

i�1 and nL≪ nU.
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(2) XL is used to supervise training and XU is used for
assisted training to improve the fault classification
accuracy of the model.

(3) GAN is used in the semisupervised learning field; it is
still responsible for generating images from the input
noise data. So we define the data generated by the
generator as Xz � xz

i 
z

i�1. Define all data labels in
XU as true and in Xz as fake.

(4) ,e discriminator D is not a simple true-fake clas-
sification (binary classifier). Assuming that the input
data have k classes, D is a classifier of k + 1, and the
k + 1th class is the discriminator of whether the
input is true or fake. ,e overview of the problem
description is shown in Figure 2.

,e output of discriminator network D extracts the
estimated probability of input data from the data generation
distribution. Traditionally, this is a feedforward network,
which ends with a single sigmoid unit. ,e output based on
the sigmoid unit is [True, Fake]. But, in our paper, wemodify
the discriminator network, ending with the Softmax output
layer. ,us, the discriminator network has n + 1 output
units, corresponding to [1-class, 2-class, . . ., k-class, True/
Fake]. In this case, the labeled data can be input into the
discriminator for training. ,e discriminator can not only
distinguish between true and fake but also output fault
category.

3.2. Data Preprocessing. To obtain the time-frequency do-
main information of the original vibration signal, we used
the wavelet transform (WT) [21] to transform the one-di-
mensional time-domain vibration signal into 2-dimensional
image, as shown in Figure 3. ,is transformation enables
localized analysis of the time-frequency domain and pro-
gressive multiscale refinement of the signal. Finally, the time
domain is subdivided at the high frequency of the signal and
the frequency domain is subdivided at the low frequency.
,us, WT can focus on any detail of the signal, so as to
automatically adapt to the analysis requirements of time-
frequency signal. ,e formula of continuous WT is given by

WT(a, t) �
1
��
a

√ 
+∞

− ∞
f(t) ∗ψ

t − τ
a

 dt, (4)

where a is the scaling factor of the wavelet function; τ is the
translation factor of the wavelet function; f(t) is the raw
vibration signal; and ψ(t) is the wavelet basis function used
in this paper, expressed as follows:

ψ(t) � exp− t2/2 cos(5t). (5)

In this paper, we selected 512 time-domain data points of
the original signal for wavelet transformation each time.,e
wavelet function center rate was 0.8125, and the transfor-
mation results were converted into black and white images
with a size of 64∗ 64, which were input into the model.

3.3. Model Structure of SACNN. ,is proposed model
consists of two parts: a generator and a discriminator.
Generator G receives an n-dimensional vector as input,
x ∈ Rn, which is mapped to m-dimensional data space,
G: Rn⟶ Rm. ,e output is Z � G(x; θg), G(·) represents
the data space mapping the noise to real images, θg rep-
resents the parameters of generator, and Z is the output data.

,e network structure of the generator is first a fully
connected layer that maps the original input to 1024 di-
mensional vectors, followed by a Batch Normalization (BN)
layer, a ReLU activation function layer, and finally a decon-
volution layer. A deconvolution module is shown as follows:

h
g

� W
g ⊗ (Relu(BN(x))) + b

g
, (6)

where ⊗ is the deconvolution operation, Wg and bg are the
deconvolution kernel and the bias, and hg is the result of the
deconvolution operation. ,e generator is composed of four
such deconvolution modules. ,e size of the four deconvo-
lution cores is 5 × 5, and the number of deconvolution cores is
8, 16, 32, and 64, successively. ,en, BN layer is used to speed
up convergence and improve generalization performance.

,e structure of the discriminator consists of three
convolution modules. Each convolution module is firstly a
2D convolution operation and then a Max_Pooling layer,
followed by a BN layer and then a Leaky ReLU activation
function layer. ,e form of the convolution block is
expressed as follows:

m
d

� Max_pool W
d ∗x + b

d
 ,

h
d

� LRelu BN m
d

  ,
(7)

where ∗ is the convolution operation, Wd and bd are the
convolution kernel and the bias, and hd is the result of the
convolution operation. ,e sizes of the three convolution
kernels are 5 × 5, 3 × 3, and 3 × 3, respectively, and the
numbers of convolution kernels are 64, 128, and 256,
respectively.

Generator

Discriminator

z~N (0,1)

loss

Data X

θg 1/mΔ m

i = 1
log (1 – D (G (Z)))

θd 1/mΔ m

i = 1
[log D (X) + log (1 – D(G (Z)))]

Figure 1: ,e architecture of GAN.
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Figure 2: Overview of the semisupervised learning GAN.
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For identifying multiple fault classes, we enhanced the
discriminator as a standard classifier based on previous work
proposed by Salimans et al. [22]. We use the Softmax
functions to replace the output of the discriminator. Suppose
that the random vector z has a uniform noise distribution
Pz(z), and G(z) maps it to the data space of the real image.
Assuming that there is a distribution Pdata(x, y) of training
dataset, the input x of the discriminator is a real or fake
image with the label y. Discriminator output is a k + 1
dimensional vector l � l1, l2, . . . , lk+1 . Finally, it is con-
verted into a k + 1 dimensional vector of class probability
P � p1, p2, . . . , pk+1  by Softmax function. ,e probability
pj for the jth class is expressed as

pj �
elj


k+1
i�1 elj

, j ∈ 1, 2, . . . , k + 1{ }. (8)

,en, the real data are divided into one of the former k

classes, and the fake data are divided into the k + 1th class.
,e flow chart of the proposed model is shown is Figure 3.

3.4. Optimization Objective. In the process of training, we
input labeled data and unlabeled data into the model

training at the same time. We divide the input data into two
parts according to semisupervised learning. ,e first part is
labeled data, and the second part is data generated by the
generator and unlabeled data. When the input is labeled
data, it is supervised training and the discriminator needs to
identify the specific fault category. When inputting the true
unlabeled data and the fake data generated by the generator,
it is unsupervised training, and the discriminator only needs
to complete true-fake discrimination.

,e training of the whole model needs to optimize three
kinds of loss function. For the labeled data in the training set,
the model needs to calculate the corresponding probability
of fault classification; the classification loss Llabel is as follows:

Llabel � − Ex,y∼Pdata
logpmodel(y | x, y< k + 1) . (9)

For the unlabeled data in the training set, by calculating
the probability of not being estimated as the k + 1th class, the
loss Lunlabel discriminating the truth and fakeness of the
input data is as follows:

Lunlabel � − Ex∼Pdata
log 1 − pmodel(y | x, y � k + 1) . (10)

For the fake data generated by the generator, by cal-
culating the probability of being estimated as the k + 1th
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Figure 3: Flow chart of the proposed model.
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class, the loss Lfake discriminating the truth and fakeness of
the input data is as follows:

Lfake � − Ex∼G logpmodel(y | x, y � k + 1) , (11)

where Pmodel(y | x) represents the probability that the dis-
criminator output is fake, G represents the probability
distribution of fake data produced by the generator, and
Pdata represents the probability distribution of the real data.

When we calculate all the loss functions, one-sided label
smoothing method is used for each label of the data in order
to encourage the discriminator to estimate a flexible
probability rather than predicting the classification of ex-
treme confidence. If the discriminator relies too heavily on a
certain set of features to detect the real data, the generator
can quickly mimic these features to fool the discriminator in
the GAN.,en the discriminators will be easily exploited by
generators to seriously damage classification accuracy. To
avoid this problem, we optimize the discriminator when the
prediction value of any real data exceed 0.9
(D(real data)> 0.9). ,e target label value is set to 0.9 in-
stead of 1.0.

When the model input is real unlabeled data, it is suf-
ficient to maximize the probability that the output is real
data, without requiring specific classification, that is, max-
imize log(pmodel(y|x, y< k + 1)). As the training data of
generator consist of two parts, generated fake data and
unlabeled real vibration data, the loss function of the dis-
criminator D consists of two parts: one is the supervised
learning loss and the other is the unsupervised learning loss.
,e formula is as follows:

LD � Llabel + Lunlabel + Lfake + Dregular, (12)

where Dregular represents the L2 regularization of all weights
in the discriminator.

For the generator, we hope the output data can fool the
classifier. ,us, the loss function of the generator LG is

LG � − Lfake + 0.01∗ Gfeature_matching, (13)

where Gfeature_matching is a regularization term, which is
proposed by Goodfellow et al. [9] to improve the stability of
the model during the training process.,e fake data and real
data are input to the discriminator to match the fault
characteristics of the middle layer, so that the results of each
layer are as similar as possible. Suppose that f(x) represents
the activation function of the middle layer of discriminator,
and Z is the noise output of the generator. Gfeature_matching is
defined to match the fault feature between the training data
distribution and the generated fake data, expressed as

Gfeature_matching � Ex∼pdata
− Ez∼Pz(Z)f(G(Z))

�����

�����
2

2
. (14)

After the design of the two objective functions, the
backpropagation algorithm can be used to train the model
parameters. In this paper, the adaptive moment estimation
(Adam) algorithm is used to update the parameters. ,e
algorithm of the gradient provides independent adaptive
learning rates for different parameters by calculating the
first-order moment estimation and the second-order

moment estimation of the gradient. Based on the afore-
mentioned equation, the parameters θd and θg are updated
as follows:

L θ∗g , θ∗d  � min
θg,θd

LG θg  + LD θd( ,

θd⟵Adam ∇θd
LD, θd, α, β1, β2 ,

θg⟵Adam ∇θg
LG, θg, α, β1, β2 ,

(15)

where α, β1,  and β2 are the Adam optimizer parameters and
θd and θg are the determiner and generator network pa-
rameters. ,e algorithm pseudocode is shown in
Algorithm 1.

4. Case Study

In this section, the performance of our proposed SACNN
model is evaluated on the CWRU bearing datasets [20] and
datasets of the lab-built experimental platform.

4.1. Case Study I: Fault Diagnosis of CWRU Bearing

4.1.1. Data Description

CWRUBearing Dataset. Fault bearing datasets from the Case
Western Bearing Data Center are one of the most commonly
used benchmark datasets in the field of fault diagnosis. ,e
test bench consists of a 2 HP motor (left), a torque sensor
(middle), a dynamometer (right), and control electronics, as
shown in Figure 4.

Single point pitting fault bearings with EDM have three
fault diameters of 0.007, 0.014, and 0.021 inches, respectively.
,e load is 0 HP and the sampling frequency is 12,000Hz.
Each fault diameter contains three faults: Ball fault (BF),
Inner ring fault (IF), and Outer ring fault (OF), as well as
Normal signals (N) under this condition. Figure 5 shows the
conversion of four different fault vibration signals to 2-di-
mensional image. It can be seen from Figure 5 that the
vibration signals of the different fault types have distinctly
different distribution.

Based on the above fault data, we set the training and
testing datasets with different capacity to verify the proposed
model, as shown in Table 1. Each of the datasets contained
four faults with different fault diameters. ,e training set
contained a small amount of labeled data and a large amount
of unlabeled data. ,e labeled data are randomly selected
from vibration data of different fault types.

4.1.2. Experimental Results and Analysis. ,e fault diagnosis
results of the proposed method on four different training
datasets are shown in Figure 6, compared with three dif-
ferent popular methods, CNN, CNN_SVM, and SAE; the
details of three methods are shown in Table 2. Convolutional
neural network (CNN) is widely used in fault diagnosis due
to its advantages of local perception and parameter sharing.
In this paper, we constructed the CNN model with a three-
layer two-dimensional convolutional network, and Softmax
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is used as the classifier. Support vector machine (SVM)
classifier has good performance and generalization with few
samples. ,us, we chose CNN based on Support Vector

Machine (CNN_SVM) method as another contrast method,
which uses a three-layer two-dimensional convolutional
network as the feature extractor and support vector machine

Algorithm: SACNN Training Algorithm
Demand: Number of total iteration I; ,e number of step to apply to the discriminator t; Batch size m; Adam optimizer parameters

α, β1, β2; Number of fault categories k; Amount of labeled data control parameters flag.
For I epochs do

For t steps do
If t< flag then
Draw m real samples (x(1), y(1)) · · · (xm, y(m))  from Pdata(X)

Else
Draw m real samples x(1) · · · x(m)  from Pdata(X)

Draw m noise samples z(1), . . . , z(m)  from noise Pg(Z)

xnoise⟵G(Z)

End If
,e discriminator is updated by ascending its stochastic gradient:

∇θd
LD⟵∇θd

− (1/m) 
m
i�1[

k
j�1 y log(pj(y | xi, y< k + 1)) + log(1 − pj(y | xi, y< k + 1)) + logpj(y | xi

noise, y< k + 1)]

θd⟵Adam (∇θd
LD, θd, α, β1, β2)

End for
Draw m noise samples z(1), . . . , z(m)  from noise Pg(Z)

xnoise⟵G(Z)

,e generator is updated by descending its stochastic gradient:
∇θg

LG⟵∇θg
(1/m) 

m
i�1[log(pj(y | xi

noise, y< k + 1))]

θg⟵Adam (∇θg
LG, θg, α, β1, β2)

End for

ALGORITHM 1: Algorithm pseudocode.

(a)

Motor Dynamometer

Torque transducer & encoder

(b)

Figure 4: Bearing test bench: (a) picture of bearing test bench; (b) schematic diagram of bearing test bench.
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Figure 5: Transformations of original vibration signal to the 2-dimensional image: (a) Ball; (b) Inner; (c) Outer; (d) Normal.
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as a classifier. Stacked Automatic Encoder (SAE) initializes
the network parameters through unsupervised layer-wise
pretraining, so as to improve the convergence speed of deep
network and slow down the influence of gradient disap-
pearance. We constructed the SAE network with two self-
encoders and uses Softmax as the classifier.,e experimental
results are the average results of multiple experiments. ,e
DL framework TensorFlow is used for the implementation of
each method, and all methods are solved using the Adam
algorithm.

Figure 6 shows the classification accuracy of the four
methods on datasets nos. 1, 2, 3, and 4, where 50 samples
represent 50 labeled data in the training dataset, the same as
50 samples, 150 samples, and 200 samples. ,e CNN model
has the same 3 convolutional layers as the discriminator of
SACNN model. Because only a limited amount of labeled
data is used for supervised training and no unlabeled data is
used for auxiliary training, the accuracy of the CNNmodel is
the lowest in the four models. ,e diagnosis accuracy on 50
labeled samples is only 63.35%, while the diagnosis accuracy
on 200 labeled samples is 88.34%.

Similarly, the CNN_SVM model also contains three
convolutional layers. Due to the enhanced constraints of the
network parameters, the classification accuracy of
CNN_SVM on four datasets is higher than that of CNN
model. ,e diagnosis accuracy of CNN_SVM on 50 labeled
samples was 87.26%, while the diagnosis accuracy on 200
labeled samples was 95.61%.

,e SAE model contains three hidden layers, and each
hidden layer contains 400 neural network cells. ,e SAE
method only uses labeled data for supervised training. ,e
diagnosis accuracy of SAE on four datasets is higher than
that of CNN and CNN_SVM. Because each layer of SAE
network is trained separately, which is equivalent to ini-
tializing a reasonable value, such a network will be easier to
train and have faster convergence and higher accuracy.

As we know that the proposed SACNN model is trained
on not only small labeled samples but also a large number of
unlabeled samples, besides the fact that model parameters
are constrained by the loss of three regularization terms, the
diagnostic accuracy of the proposed model on four datasets
is the highest among the four models. For example, the

Table 1: Four dataset settings.

No. Fault type Fault size Training dataset Testing dataset
Labeled/unlabeled Labeled

1 BF, OF, IF, N 0.007/0.014/0.021 50/4645 2005
2 BF, OF, IF, N 0.007/0.014/0.021 100/4595 2005
3 BF, OF, IF, N 0.007/0.014/0.021 150/4545 2005
4 BF, OF, IF, N 0.007/0.014/0.021 200/4495 2005

50 Samples 100 Samples 150 Samples 200 Samples

63.35% 75.31% 84.06% 88.34%
87.26% 91.76% 92.55% 95.61%
78.51% 96.78% 98.12% 98.23%

CNN
CNN_SVM
SAE
Ours

CNN
CNN_SVM

SAE
Ours

98.49% 99.36% 99.54% 99.90%

Mean accuracy

60.00

70.00

80.00

90.00

(%)

100.00

Figure 6: Comparison of classification accuracy of different methods.

Table 2: Details of comparison methods.

Methods Operator Number of layers Size of kernel/AE Classification Optimizer

CNN Convolution 3 5 × 5,
3 × 3, 3 × 3 Softmax Adam

CNN_SVM Convolution 3 5 × 5
3 × 3, 3 × 3 SVM Adam

SAE AutoEncoder 2 × 2 400 × 100,
400 × 100 Softmax Adam

Mathematical Problems in Engineering 7



accuracy of the SACNNmodel trained on 50 labeled samples
is 98.49%, which is about 20% higher than that of SAE
model. ,erefore, the results prove that the SACNN model
has obvious advantage over the traditional deep model in the
limited dataset.

Since the SACNN method performs well on all four
datasets, we only chose one case to discuss the details of the
model performance on the dataset No. 3, as shown in
Figure 7. Figure 7(a) is the relationship between test accuracy
and number of iterations during training, and Figures 7(b)
and 7(c) are training loss of the generator and discriminator
in the training process. From the three figures, we can see the
fast convergence and high precision of the SACNN model.

Furthermore, in order to observe the impact of different
labeled samples on the SACNN model, the diagnosis ac-
curacy on four datasets with different capacities is shown in
Figure 8. It can be concluded that the fault diagnosis results
will be better with the increase of the numbers of training
labeled samples. ,ese results are reasonable. Even if there
are only 50 labeled samples in the training set, the diagnosis
accuracy of the model can still reach 98.49%, which strongly
proved the effectiveness of the model with large vibration
data but few labels.

4.2. Case Study II: Fault Diagnosis of Lab-Built
Experimental Platform

4.2.1. Data Description

Bearing Dataset of Lab-Built Experimental Platform. In order
to further study the performance of the proposed method in
practice working conditions, we built the experimental
platform in our lab, as shown in Figure 9. ,e three-phase
motor through a flexible coupling controls the speed of
bearing. Radial load is applied to the bearing block to
simulate real working conditions, and vibration signals are
collected by the acceleration sensor on the bearing block.
,e bearing contains four faults: Ball fault (BF), Inner ring
fault (IF), and Outer ring fault (OF), as well as Normal
bearing (N). ,e sampling frequency is 12.8 kHz and the
rotating speed is 1500 r/min. We selected the original vi-
bration signal from four types of fault bearings, as shown in
Figure 10.

Comparing the time-domain vibration signals from
Figures 5 and 10, it can be seen that the data distributions in
the two datasets are quite different. Because the speed, load,
and other conditions we set in the experimental platform are
consistent with the actual working conditions, the collected
vibration data can be considered as close to the actual
working conditions, which can be used to test the perfor-
mance of the method under actual complex working
conditions.

We set up training and testing datasets with different
capacities to validate the proposed model, as shown in
Table 3. ,e training set contains a small amount of labeled
data and a large amount of unlabeled data. ,e labeled data
are randomly selected from vibration data of four different
fault types. Each type of fault sample contains 1400 pieces of

unlabeled training data and 600 pieces of testing data. All
data have been transformed into a 2-dimensional image by
wavelet transform from 512 sample points.

4.2.2. Experimental Results and Analysis. ,e diagnosis
accuracy on the different datasets is shown in Table 4,
compared with the three other models. ,e results are the
average accuracy of ten experiments on each dataset. It can
be seen that the diagnostic accuracy of the proposed model
on four datasets is the highest among the four models. For
instance, the accuracy of our proposed model can achieve
96.91% on 50 labeled samples, while that of CNN model is
57.36%, that of CNN_SVMmodel is 82.33%, and that of SAE
model is 78.39%.

Moreover, we also find that the diagnosis accuracy of the
four models on the datasets of lab-built experimental
platform is lower than that on the CWRU bearing dataset.
We analyze that the reason is that, compared with the
standard data set of CWRU, the operation condition of lab-
built experimental platform is closer to the actual working
condition, so the vibration signals collected from the fault
bearings are more complex, and then the fault characteristics
are more difficult to learn in the model. ,ereby the diag-
nosis accuracy of the model is lower than that of the CWRU
dataset.

In order to illustrate the diagnosis results of each fault
type in detail, we draw a confusion matrix for the test ac-
curacy on the CWRU dataset No. 3. Figure 11 shows the
classification accuracy of the model for each fault at different
training stages.,emodel has different recognition accuracy
for different fault classes. In Figure 11(a), after training 20
epochs, some Inner ring faults are misclassified as Outer ring
faults, and some Outer ring faults are misclassified as
Normal and Inner ring faults. ,erefore, the accuracy of
Outer and Inner ring faults using SACNNmodel is 62% and
64%, respectively.

Besides, as the number of iterations increases, the
classification accuracy of each type of fault is improved. It
can be seen from Figure 11(c) that the diagnosis accuracy of
Outer ring faults is nearly 100% after training 300 epochs,
while it is 88% after training 100 epochs and 62% after
training 20 epochs.

In order to intuitively judge the quality of the features
learned by the proposed method, we visualize the fault
features trained on dataset No. 3, as shown in Figure 12. For
different epochs, we use the T-SNE [23] method to reduce
the high-dimensional fault features obtained from the
previous layer of the classifier to 2 dimensions. Figure 12(a)
is the result of direct dimensionality reduction of the original
signal, and Figures 12(b)–12(f ) are 2-dimensional images
after feature dimensionality reduction after 50 epoch
trainings. ,e colors of the dot indicate the types of fault:
purple indicates Ball fault (BF), yellow indicates Normal
signal (N), blue indicates Inner ring fault (IF), and green
indicates Outer ring fault (OF).

We describe its characteristics qualitatively: the feature
distribution points of different categories should be sep-
arated as much as possible, which indicates that the learned
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Figure 7: SACNN model performance on dataset No. 3: (a) testing accuracy of the classifier; (b) convergence performance of generator
during training; (c) convergence performance of discriminator during training.
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Figure 10: Continued.
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fault features are more separable and the classification
accuracy is higher. As can be seen from Figure 12(a), the
feature points of the original vibration signal are com-
pletely interleaved and cannot be directly used for classi-
fication. After training 50 epochs, Figure 12(b) shows that

different types of fault data can be roughly separated.
However, a small number of fault feature data points are
overlapped between OF, IF, and N fault data. From
Figures 12(c)–12(f ), we can obviously find that as the
number of epochs increases, the overlapping data points
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Figure 10: Time-domain vibration signal collected by the lab-built experimental platform: (a) Ball; (b) Outer; (c) Inner; (d) Normal.

Table 3: Dataset settings of the experimental platform.

No. Fault type Training dataset Testing dataset
Labeled/unlabeled Labeled

5 BF, OF, IF, N 50/5600 2400
6 BF, OF, IF, N 100/5600 2400
7 BF, OF, IF, N 150/5600 2400
8 BF, OF, IF, N 200/5600 2400

Table 4: Verification results of lab-built experimental platform datasets.

Method 50 samples 100 samples 150 samples 200 samples
CNN 0.5736 0.7728 0.7868 0.8139
CNN_SVM 0.8233 0.8879 0.9399 0.9516
SAE 0.7839 0.8433 0.8728 0.8922
Ours 0.9691 0.9776 0.9882 0.9928
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Figure 11: Confusion matrix of SACNNmodel on dataset No. 3: (a) training after 20 epochs; (b) training after 100 epochs; (c) training after
300 epochs.
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are decreasing, and the distinction between different fault
feature data points is becoming increasingly apparent.
,erefore, the features learned during the training process
are highly discriminative, and the model has satisfactory
diagnosis performance.

5. Conclusion

In this study, a fault diagnosis method based on semi-
supervised learning deep adversarial network model is
proposed to solve the problem of insufficient fault label data
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Figure 12: Feature visualization.
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under practical working conditions. Based on semi-
supervised learning, a small amount of labeled data can be
trained in supervised learning. In unsupervised learning
combined with GAN, we added a large amount of unlabeled
data to help model training. ,e network structure and the
optimization loss of the model are designed. We demon-
strate the performance of our proposed method on two
different datasets, compared with three other common
models. ,e change process of the characteristics learned
during the whole training process is further analyzed by
visualization technology to verify the superiority of the
method.

Despite obtaining the promising results, the method in
this paper can effectively identify known faults, but the
algorithm cannot be generalized to new fault categories to
achieve cross-category fault diagnosis. In future work, we
will attempt to combine few-shot learning to study cross-
category fault diagnosis.
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