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Deep learning is widely used in fault diagnosis of mechanical equipment and has achieved good results. However, these deep
learning models require a large number of labeled samples for training, which is difficult to obtain enough labeled samples in
the actual production process. However, it is easier to obtain unlabeled samples in the industrial environment. To overcome
this problem, this paper proposes a novel method to generative enough label samples for training deep learning models. Unlike
the generative adversarial networks, which required complex computing time, the calculation of the proposed novel generative
method is simple and effective. First, we calculate the Euclidean distance between the training sample and the test sample;
then, the weight coefficient between the training sample and the test sample is settled to generate pseudosamples; finally,
combine with the pseudosamples, the deep learning method is training for machine fault diagnosis. In order to verify the
effectiveness of the proposed method, two experiment datasets with planetary gearboxes and wind gearboxes are carried out
with different activation functions. Experimental results show that the proposed method is effective for most activation
function models.

1. Introduction

With the continuous development of industrial intelligence,
people are focusing on equipment health monitoring and
fault diagnosis. Gearboxes are widely used in mechanical
equipment, especially in large and complex equipment, and
gearboxes are the main transmission device. Therefore, con-
dition monitoring and fault diagnosis of gearboxes are very
important [1, 2]. In the manufacturing industry, machine
fault will directly affect machining accuracy and machining
quality, reducing production efficiency [3]. Equipment status
monitoring and fault diagnosis are essential to ensure the
machine’s normal operation, reduce maintenance costs,
and improve production efficiency. Therefore, it is of great
significance to conduct health monitoring and fault diagno-
sis of mechanical engineering equipment.

The data-driven fault diagnosis method usually includes
three stages: (1) using sensors to obtain sample data; (2)
denoising the sample data and extracting features; (3) input-
ting the extracted features into the classification algorithm

for fault identification [4]. Deep learning is an effective
method of fault diagnosis. In order to improve the accuracy
of fault diagnosis, researchers have developed several deep
learning networks. Such as recurrent neural networks
(RNN) [5], autoencoder(AE) [6, 7], long short-term mem-
ory (LSTM) [8], deep belief network (DBN) [9], and convo-
lutional neural network (CNN) [10], the advantage of these
deep learning algorithms is to reduce feature redundancy
and extract more information features for predictive models.
Deep learning technology has shown good performance in
fault detection and diagnosis with its powerful feature
extraction ability and excellent classification performance,
thus, it has become a research hotspot. Guo et al. [11] pro-
posed an intelligent method based on deep belief network
(DBN) and hyperparameter optimization for fault diagnosis
of rolling bearings. Li et al. [12] proposed a deep autoenco-
der network for cross-machine fault diagnosis. Zhou et al.
[13] designed a new generative confrontation network
generator and discriminator, using a global optimization
scheme to generate more discriminable fault samples. Ma
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and Mao [14] developed a novel deep neural network, a
convolution-based long short-term memory (CLSTM) net-
work, to predict the remaining service life (RUL) of rotating
machinery in field vibration data. Wang et al. [15] formed a
new fault diagnosis method by integrating the deformable
convolutional neural network (CNN), deep long short-
term memory (DLSTM), and transfer learning strategies.
Singh et al. [16] proposed a deep learning-based domain
adaptation (DA) method for fault diagnosis of gearboxes
when the speed changes significantly. Xue et al. [17] pro-
posed an enhanced deep sparse autoencoder (ADSAE) for
diagnosing gear pitting faults. He et al. [18] proposed an
improved deep autoencoder (MDAE) driven by multisource
parameters for cross-domain fault prediction.

Deep learning has a good effect on fault diagnosis; how-
ever, it requires a large number of condition samples in the
training process to achieve satisfactory accuracy. The limited
number of samples will directly lead to a reduction in model
performance. Due to different working conditions, it is diffi-
cult and expensive to collect enough fault samples for train-
ing models in actual industrial production. Therefore, it is
important to research the deep learning method for machine
fault diagnosis in small samples situation. Li et al. [19] pro-
posed a fusion framework based on the confidence weight
support matrix machine (CWSMM) for strong interference
and unbalanced data sets. Ti et al. [20] proposed a weighted
extended neural network (W-ENN) model for fault diagno-
sis of a small piece of steam turbine generator sets. He et al.
[21] suggested using depth transfer multiwavelet autoenco-
der to diagnose the gearbox fault with a few training sam-
ples. Zhang et al. [22] used generative adversarial networks
to learn the mapping between noise distribution and actual
mechanical time vibration data and then generate similar
fake samples to expand further the available data set for fault
diagnosis. Xiao et al. [23] proposed a fault diagnosis frame-
work using an improved TrAdaBoost algorithm and a con-
volutional neural network for a small amount of target
data for transfer learning. Meng et al. [24] proposed a data
enhancement method that divides a single sample into mul-
tiple cells and then reorganizes the cells to increase the num-
ber of data samples. Li et al. [25] proposed an enhanced
generative adversarial network (EGAN), which uses a gener-
ator to generate specified samples and automatically enrich
small sample data sets for fault diagnosis of rotating machin-
ery. In order to solve the problem of unbalanced sample
allocation, Zhang et al. [26] designed a weighted minority
oversampling (WMO) comprehensive oversampling method.

Although the deep learning model has high diagnostic
accuracy and prediction accuracy, it requires a large number
of label samples for training. Otherwise, the diagnostic accu-
racy will be greatly reduced. Since several novel deep learn-
ing methods have been proposed to overcome the problem
of the small sample, most of these methods are based on
deep learning network architecture and require a lot of com-
puting time. Therefore, a novel method with litter comput-
ing time has been proposed for the small sample problem.
The main contributions of the paper contains (1) a novel,
low-computing, and effective intelligent diagnosis method
is proposed for small samples problem; (2) the proposed

method calculates the Euclidean distance between a small
label samples and a large number of unlabeled samples and
generates pseudo samples with labels by a weight; (3) the
proposed method is used for fault detection of planetary
gearboxes, and the accuracy has been greatly improved.

The other sections of this paper are arranged as follows.
The second section mainly introduces the theory of the pro-
posed method. Sections 3 and 4 discuss the arrangement of
experiments on planetary gearboxes and industrial robots
and the analysis of the corresponding results. Finally, Sec-
tion 5 introduces the relevant conclusions.

2. Methodology

For the small sample problem of fault diagnosis, we use
unknown as training samples Xtrain and then use a num-
ber of label samples as test samples Xtest. The training
sample matrix is composed of m × n dimensional vectors,
expressed as

Xtrain = x11, x12,⋯,x1n;⋯;xm1, xm2,⋯,xmn½ �Xtrain ∈ R
m×n:

ð1Þ

Similarly, the test sample matrix is composed of f × n
dimensional vectors, expressed as

Xtest = x11, x12,⋯,x1n;⋯;xf 1, xf 2,⋯,xf n
� �

Xtest ∈ R
f×n: ð2Þ

By calculating the Euclidean distance between the test
sample and the training sample and comparing the distance,
find the training sample point closest to the test sample.

2.1. Novel Generative Method. Euclidean distance is the
actual distance between two points in n-dimensional space
or the distance from the point to the origin (that is, the
length of the vector). The Euclidean distance obtained in
two and three dimensions is equal to the actual distance
between two points. It is the simplest and most direct
method to calculate the distance between data sample
points. Suppose two n-dimensional vectors A = ½a1, a2,⋯,
an� and B = ½b1, b2,⋯, bn�, then, the Euclidean distance for-
mula in n-dimensional space is

Dist A,Bð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a1 − b1ð Þ2 + a2 − b2ð Þ2+⋯+ an − bnð Þ2

q
: ð3Þ

The above formula can calculate the Euclidean distance
between the vectors, extended from the Euclidean distance
between the vectors to the Euclidean distance between the
matrices. Let i × n dimensional matrix C as C = ½x11, x12,⋯
, x1n ;⋯ ; xi1, xi2,⋯, xin�, j × n dimensional matrix D as D =
½y11, y12,⋯, y1n ;⋯ ; yj1, yj2,⋯, yjn�. Calculating the Euclid-
ean distance of matrix C and matrix D will get distance
matrix E. The formula for calculating Euclidean distance
between matrices is
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Distci j =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
xi1 − yj1

� �2
+ xi2 − yj2
� �2

+⋯+ xin − yjn
� �2

r
:

ð4Þ

The above formula can be found that each row vector of
matrix C has been calculated j times (the number of rows in
D). Therefore, the calculation of the Euclidean distance
between the matrices relies on the measure of the Euclidean
distance between the vectors, so the dimension of the matrix
E is i × j. After calculating the Euclidean distance of the data
sample points, compare the distance between the sample
points. Find the test sample point Distmin with the smallest
Euclidean distance from the training sample in the test sam-
ple and then generate the label sample by calculating the fol-
lowing formula.

Xnew = distmin, :ð Þ × k + Xtest: ð5Þ

In the formula, Xnew represents a new sample, and k rep-
resents a scale factor. We automatically classify sample points
with sufficiently small distance into one category, generate a
unique sample point at the distance k between the two sam-
ple points with the shortest distance, and expand the data
sample by this method in Figure 1.

2.2. SAE-Based Network Model

2.2.1. Autoencoder (AE). Autoencoders were used for dimen-
sionality reduction processing and feature learning of high-
dimensional complex data, which has a positive effect on the
development of deep learning neural networks. The autoenco-
ders use unsupervised neural network learning methods to
learn unlabeled raw data and extract low-dimensional data
features of high-dimensional complex data. The network
structure of the autoencoder is shown in Figure 2. It is com-
posed of three layers of neural networks, namely, the input
layer, the hidden layer, and the output layer. The hidden layer
means that the high-dimensional data is processed to obtain
the low-dimensional data features. The output layer has the
same number of nodes as the input layer, which means that
the input and output data dimensions are the same. The
autoencoder aims to reconstruct its input; that is, it uses the
backpropagation algorithm to make the output equal to the
input as much as possible. A function that the self-encoding
neural network tries to learn is

yw,b xð Þ ≈ x: ð6Þ

The autoencoder tries to approximate an identity func-
tion so that the output yðiÞ approximates the input xðiÞ. By
minimizing the reconstruction error, the input data can be
reconstructed as much as possible in the output layer, thereby
exerting the unsupervised learning effect and effectively
extracting low-dimensional data features. The autoencoder
method has been widely used in fault diagnosis.

The autoencoders are composed of a three-layer neural
network, which can also be seen as composed of two parts:
encoder and decoder. The encoder consists of an input layer
and a hidden layer. Through training, the input layer data x

is encoded and converted into a deterministic mapping of
the feature form h of the hidden layer. It can perform affine
mapping and nonlinear mapping. The coding network is
defined as

h = f θ w1x + b1ð Þ, ð7Þ

where f θ is the activation function in the coding network, w1
is the weight vector of the coding stage, b1 is the offset vector
of the coding stage, and θ = fw1, b1g is the trainable param-
eter set of the encoder and decoder. Then, in the decoding
stage, the decoder consists of a hidden layer and an output
layer. The decoding network maps the feature h of the hid-
den layer to the input layer, reconstructs the input data x,
and obtains the output layer data with the same dimensions.
Similarly, the decoding process can be defined as

x′ = yw,b xð Þ = f θ′ w2h + b2ð Þ: ð8Þ

The vector of approximate input data is reconstructed by
the output layer, the activation function in the decoding net-
work, w2 is the weight vector of the decoding stage, b2 is the
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Figure 1: Pseudosample generation.
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Figure 3: The structure of the SAE network.
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offset vector of the decoding stage, and θ = fw2, b2g is the
trainable parameter set of the encoder and decoder. The
reconstruction error Jðw, b ; x, x’Þ between the output x’

and the input x is expressed as

J w, b ; x, x′
� �

=
1
2

x − x′
�� ��2: ð9Þ

In the training process, given a training set of m samples,
we define the total cost function as

J w, bð Þ = 1
m
〠
m

i=1
J w, b ; x, x′
� �" #

+ λT , ð10Þ

where Jðw, bÞ represents the total cost function of the entire
data set, the last term is the average sum of square error, λT
is the regularization term (also called the weight penalty
term), and the weight penalty parameter λ is used to limit
the weight in order to achieve the purpose of preventing
overfitting.

2.2.2. SAE-Based Network. The SAE network structure is
composed of multiple autoencoder structure hierarchically,
and there is a classifier in the output layer. The SAE network
structure is shown in Figure 3.

The AE network has the problem of extracting feature
redundancy. In order to solve this problem, regularization
constraints are introduced in the SAE network, and con-
straints are added to the hidden layer neurons. In the encod-
ing and decoding process, in order to make the hidden layer
sparse, we need to add constraints to each hidden layer.

Only a few neuron nodes are active. The average activation
degree of the hidden layer neural unit node j can be
described as

ρj =
1
m
〠
m

i=1
hj x ið Þð Þ� �

: ð11Þ

The average activation degree of the hidden layer neuron
nodes generally approaches 0; that is, most neuron nodes are
disabled. Therefore, in order to ensure that the activation
degree of each node is close to 0, additional penalty terms
need to be added to the cost function, which is described
by the mathematical formula as follows:

KL ρ∥ρj

� �
= ρ log

ρ

ρj
+ 1 − ρð Þ log 1 − ρ

1 − ρj
, ð12Þ

where ρ is the sparsity parameter, and KLð:Þ is the Kulback-
Leibler divergence used as a penalty metric between the
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Figure 5: The drivetrain diagnostics simulator.
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expected distribution and the actual distribution. The pen-
alty term has the property that when ρj=ρ, KLðρ║ρjÞ = 0.
In the SAE network, the sparse penalty is added to the cost
function, which can be expressed by the following formula:

Jsparse w, bð Þ = J w, bð Þ + β〠
s

j=1
KL ρ∥ρj

� �
, ð13Þ

where β is the weight of the sparsity parameter. The param-
eters fw, bg can be updated using a stochastic gradient
descent algorithm.

2.3. Classical Activation Functions. The input datasets of the
neural network are weighted and, applied to the activation
function, which can enhance the nonlinearity of the entire
network model. Since the activation function can introduce
nonlinearity to neurons, the expressive ability of the network
model becomes stronger. The Sigmoid function is a com-
monly used activation function, but it has the problem of
vanishing gradient. In order to solve the problem of vanish-
ing gradient, many activation functions have been devel-
oped. In order to verify the effectiveness of the proposed
method, the following activation functions are used in the
SAE model.

(1) According to the literature [27], the expression of
Tanh function is

Tanh xð Þ = ex − e−x

ex + e−x
, ð14Þ

Tanh′ xð Þ = 4
ex + e‐xð Þ2 : ð15Þ

Tanh is a common activation function, and its value range
is [-1, 1]. Compared with Sigmoid, its output mean value is 0,
and the number of iterations is less. Moreover, the conver-
gence speed is faster. Note that the Tanh has soft saturation
and will cause the problem of gradient disappearance.

(2) According to the literature [28], the expression of
RelTanh function is

RelTanh xð Þ =
Tanh′ λ+

� 	
x − λ+
� 	

+ Tanh λ+
� 	

x ≥ λ+,

Tanh xð Þ λ− < x < λ+,

Tanh′ λ−ð Þ x − λ−ð Þ + Tanh λ−ð Þ x ≤ λ−:

8>><
>>:

ð16Þ

The RelTanh activation function is composed of a linear
function at both ends and a nonlinear Tanh function at the
middle. Therefore, it can solve the problems of the Tanh
function and ReLU function. λ+ and λ− are mainly used to
constrain the learnable range of the slope and avoid the dis-
appearance of the gradient. The initial threshold will be set
to λ+ = 0 and λ− = −1.

(3) According to the literature [29], the expression of
ELU function is

ELU xð Þ =
x x ≥ 0,

α exp xð Þ − 1ð Þ x < 0:

(
ð17Þ

ELU is an improved version of the ReLU function.
Through the parameter α, the output of the negative interval
is no longer to zero. The output has a certain degree of anti-
interference ability and enhances the robustness to noise;
however, it still has gradient disappearance.

2.4. The Proposed Algorithm. This paper proposes a novel
generative method to provide enough label samples for
training deep learning models. By calculating the relation-
ship between the label samples and their nearest unlabeled
samples, the proposed method can generate enough pseudo-
samples with labels. Combine with the pseudosamples, the
deep learning method is training for machine fault diagno-
sis. The structure of proposed in this paper is shown in
Figure 4 and summarized as follows.

Table 1: Faulty patterns set in the experiments.

Faulty pattern Fault type Load condition Faulty pattern Fault type Load condition

F1 Surface wear 0 nm F11 Chipped tooth 2.8 nm

F2 Surface wear 1.4 nm F12 Chipped tooth 5.2 nm

F3 Surface wear 2.8 nm F13 Missing tooth 0 nm

F4 Surface wear 5.2 nm F14 Missing tooth 1.4 nm

F5 Crack tooth 0 nm F15 Missing tooth 2.8 nm

F6 Crack tooth 1.4 nm F16 Missing tooth 5.2 nm

F7 Crack tooth 2.8 nm F17 Normal 0 nm

F8 Crack tooth 5.2 nm F18 Normal 1.4 nm

F9 Chipped tooth 0 nm F19 Normal 2.8 nm

F10 Chipped tooth 1.4 nm F20 Normal 5.2 nm
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(1) Collected the condition data set from machine
experiments

(2) Divide data into training and testing data set

(3) Calculating the Euclidean distance between the test
sample and the training sample, and comparing the
distance

(4) Finding the training sample point closest to the test
sample and generative the pseudosamples with labels

(5) Train SAE model with different activation functions

Fault classification using the trained SAE model and
evaluate the accuracy.

3. Experiments

3.1. Fault Experiment of Planetary Gearbox. Design experi-
ments to verify the validity of the proposed method. The
experimental device used the power transmission fault diag-
nosis experiment platform (DDS) designed by SpectraQuest,
as shown in Figure 5.

The failure of the transmission system is mainly caused
by the wear of the tooth surface in the spur gear and the heli-
cal gear, the crack of the tooth surface, the pitting of the
tooth surface, and the lack of teeth. Therefore, this experi-
ment sets these four types of failures. Since the planetary

gearbox’s secondary sun gear has a relatively high probabil-
ity of failure, this experiment’s focus is to test the secondary
sun gear of the planetary gearbox. In order to obtain a vari-
ety of vibration signals, by controlling the magnetic brake
under four different load conditions (0Nm, 1.4Nm,
2.8Nm, and 5.2Nm), the vibration signals of normal condi-
tions and four fault conditions are collected. A total of 20
groups of vibration signals, as shown in Table 1.

3.2. Fault Experiment of Wind Gearboxes. In order to further
verify the effectiveness and versatility of the method, we use
the wind gearboxes failure data set to test the method again.
The experiment was carried out on the industrial robot
experimental platform, as shown in Figure 6. The test bench
consists of a 3.7 kW electric motor, a two-stage parallel gear-
box with a speed increase ratio of 20, a 3 kW permanent
magnet synchronous motor, and a 3 kW load box. In order
to ensure the rationality of the collected signals, the sensor
is installed on the bearing chock of the gearbox, and the sen-
sor is connected to the computer to store the signal data. In
this case, it can better reflect the advantages of the proposed
method in adapting to different types of data sets under
small sample conditions.

Figure 6: Wind gearboxes test rig.

Table 2: FAULTY PATTERNS SET IN THE EXPERIMENTS.

Faulty pattern Fault location Degree of failure

A Normal Normal

B Planet gear Broken

C Planet gear Moderate

D Ring left Moderate

E Sun gear Broken

Table 3: The average accuracy of 100_train samples.

Samples
100 500 700 900

Function

Reltanh 0.3827 0.3600 0.4984 0.5637

Tanh 0.3535 0.3942 0.3705 0.4228

ELU 0.3476 0.4142 0.3700 0.4561

Table 4: The average accuracy of 200_train samples.

Samples
200 1000 1400 1800

Function

Reltanh 0.4893 0.6313 0.61660 0.6691

Tanh 0.4662 0.6416 0.5314 0.6267

ELU 0.4779 0.4640 0.5371 0.6084

Table 5: THE AVERAGE ACCURACY OF 300_TRAIN SAMPLES.

Samples
Function

300 1500 2100 2700

Reltanh 0.5767 0.7334 0.7435 0.7834

Tanh 0.5082 0.6410 0.7318 0.7547

ELU 0.5671 0.6450 0.6907 0.8212

Table 6: The average accuracy of 400_train samples.

Samples
400 2000 2800 3600

Function

Reltanh 0.7036 0.7355 0.7667 0.8500

Tanh 0.5928 0.5696 0.6685 0.8304

ELU 0.6548 0.5851 0.7455 0.8058

Table 7: THE AVERAGE ACCURACY OF 500_TRAIN SAMPLES.

Samples
500 2500 3500 4500

Function

Reltanh 0.7725 0.8266 0.8674 0.8675

Tanh 0.6695 0.7410 0.7589 0.8276

ELU 0.7809 0.7910 0.8004 0.8776
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The gearbox is a key component to ensure the normal
operation of the wind. The gearbox is mainly composed of
the two-stage parallel gearbox. As the internal gear is prone
to pitting and cracking failures, it will lead to reduced work
efficiency. Therefore, in this experiment, the sun gear and
planetary gears are tested, and a set of normal modes and
four sets of failure modes are set. Table 2 shows the detailed
description of the gear fault location and fault degree of the
gear simulated in this experiment. The experiment is carried
out under the condition that the motor speed is 300 r/min
and no load.

4. Fault Diagnosis and Result Analysis

4.1. Fault Diagnosis and Result Analysis for Planetary
Gearbox. By analyzing the fault diagnosis accuracy of each
activation function in the experiment, the effectiveness of
the method under the condition of small samples is verified.
In order to avoid the problem of the disappearance of the
gradient of the activation function, a 4-layer SAE network
structure was constructed, and different activation functions
were applied when experimenting with the gearbox. In order
to ensure the universality and reliability of the experimental
results of this method under small sample conditions, we
conducted experiments based on five groups of different
sample numbers. In the experiment, the basic numbers of
samples are 100, 200, 300, 400, and 500. To ensure the valid-
ity of the experimental results, in the experiment, each group
of basic samples used the method proposed in this paper to
carry out three generate sample, and four independent
experiments were carried out after each generate. The aver-
age diagnostic accuracy is a key measurable indicator that
reflects the functional differences between activation func-
tions and compares the performance of activation functions.

The proposed method is used to generate the label sam-
ples, and then deep learning models with different activation
functions are used for fault diagnosis. The average accuracy

of each activation function under different sample sizes is
listed in Tables 3 to 7.

In the case of 100 train samples, the activation functions,
as RelTanh, Tanh, and ELU, have improved diagnostic accu-
racy. When the train samples extended to 900, the highest
accuracy of activation function is RelTanh, which exceeds
50% (as shown in Table 3). For the basic samples number
is 200, the classification rate of the activation function is
ranging from 46.62% to 48.93%. When the training samples
are increasing to 1,800 by the proposed method, the accu-
racy of the activation functions is above 60%. As the number
of train samples increases, the accuracy of overall function is
significantly improved. When the train samples is 300 and
without samples generation, the accuracy of the activation
function range between 50.82% and 57.67%. Since the num-
ber of train samples becomes 2700 with generated method,
the average diagnostic accuracy of the ELU function reaches
82.12%. In the case of the original train samples is 400, the
diagnostic accuracy of the activation function is significantly
improved, and the diagnostic accuracy of RelTanh and Tanh
are exceeded 80%. For the original train samples is 500, the
accuracy of the activation function is ranging from 66.95%
to 78.09%. The accuracy of RelTanh, Tanh, and ELU are still
the highest. From Tables 3 to 7, it can be shown that the
average accuracy of RelTanh and Tanh functions is higher
in these cases, since they overcome the vanishing gradient
problem and the diagnostic accuracy will increase as the
number of samples increases.

The average accuracies of each activation function with
the proposed generate method are compared with the origi-
nal method, as shown in Figure 7. Form the Figure 7, it
shows that the fault diagnosis accuracy of activation func-
tion is significantly improved as increasing the training sam-
ples, which proves the effectiveness of the proposed method.

The ELU function has an average diagnostic accuracy
rate of 87.76% when the sample base is expanded from 500
to 4500, which has an absolute advantage over the activation
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Figure 7: Average accuracies of all activation functions.
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function of other functions. The ELU function negative
interval is saturated, allowing negative abnormal input and
avoiding a certain degree of gradient disappearance while
having stronger noise robustness. In summary, the ELU,
RelTanh, and Tanh function of our proposed sample expan-
sion method perform best. It is worthy of further develop-
ment and application in the case of small samples.

4.2. Fault Diagnosis and Result Analysis for Wind Gearboxes.
Like the experiment introduced in Section A, we use the SAE
network model in the wind gearboxes fault diagnosis exper-
iment. In the experiment, this method is used to expand and
train five groups of different numbers of samples. In order to
ensure the validity and rationality of the results, three gener-

ate sample experiments were carried out for each group of
samples, and four independent experiments were carried
out for each group of generated the sample.

In the wind gearboxes fault diagnosis experiment, each
activation function average diagnosis accuracy under differ-
ent sample bases is shown in Figures 8 to 12. Experimental
results show that the proposed method has certain effects
in the case of small samples, and the activation function
(Reltanh) has highest diagnostic accuracy. The diagnostic
accuracy is increasing as generates training samples
increases. For the original train samples is 100 (as shown
in Figure 8), the accuracy of Reltanh is ranging from
0.8743 to 0.9511. When the sample base is 200, the diagnosis
accuracy rates are ranging from 0.9009 to 0.9700, 0.9364 to
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Figure 9: Average accuracies of all activation functions based on 200 train samples.

A
cc

ur
ac

y

Reltanh Tanh ELU

Activation function

Original samples⁎5
Original samples Original samples⁎7

Original samples⁎9

0.2

0

0.4

0.6

0.8

1

Figure 8: Average accuracies of all activation functions based on 100 train samples.
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0.9717, and 0.9438 to 0.9711 for Reltanh, Tanh, and ELU,
respectively. For the original samples is 300 (as shown in
Figure 10), the accuracy rate is ranging between 0.7697
and 0.9626 without samples generated. However, the accu-
racy rates increase to more than 0.9766 under the pro-
posed method.

In the case of the sample base is 400, the diagnosis accu-
racy rate of Reltanh is 97.56~ 98.30%. The Tanh function
accuracy is increased by 2.09%, when the samples are
increased to 2,800. When the basic sample number is 500,
the diagnostic accuracy rate of the Reltanh function reaches
to 98.50% (as shown in Figure 12).

From Figures 8–12, it can be seen that the Reltanh func-
tion has the highest fault diagnosis accuracy. As the sample
size increases, the diagnostic accuracy of all activation func-
tions has raised with different degrees. This result proved the
effectiveness of the proposed method. In general, our
method has strong stability in the case of small samples
and has good results on different data sets with small train-
ing samples.

The average accuracies of each activation function with
the proposed generate method are compared with the origi-
nal method, as shown in Table 8. It should be noted that
nine-time of the original train samples is generated by the
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Figure 11: Average accuracies of all activation functions based on 400 train samples.
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Figure 10: Average accuracies of all activation functions based on 300 train samples.
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proposed method, and the average accuracies are calculated.
The average accuracy of the proposed method is better than
that of the SAE-based DNNs method for different training
samples. The accuracy is increased by 0.88% to 8.59% for
different training samples, when the samples are increased
by the proposed method.

5. Conclusions

Deep learning has been widely used in fault diagnosis of
mechanical equipment and has achieved ideal results. To
overcome the problem of the small sample, this paper pro-
posed a novel generative method to provide enough label
samples for deep learning model. First, the Euclidean dis-
tance between a label sample and unlabeled samples is calcu-
lated, and the nearest samples are selected to generate new
label samples. Then, the pseudosamples with label samples
are altogether for training deep model. The results of fault
diagnosis on planetary gearboxes and wind gearboxes show
that the proposed method can greatly improve accuracy. It
is worth noting that the effect of this method is related to
the activation function. In the gearbox experiment, as the
number of original samples increases, the proposed method
has a good effect on most activation functions, and
“ReLTanh,” “Tanh,” or “ELU” is the best activation function.
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