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ABSTRACT In order to realize the intelligent fault diagnosis of automobile gear box by
image analysis, the signal that simulates the vibration signals in the process of actual impact
fault and mixed fault were created first; secondly, the structure parameters of convolutional
neural network in application are analysed, better network parameters are chosen; finally, to
identify the fault gear box under variable speed by using convolutional neural network with
optimized parameters, the performance of classification and recognition of time-frequency
images of the convolutional neural network, deep belief networks, stacked auto-encoder were
compared. The results show that the top of the three deep learning algorithms is stacked autoencoder, followed by convolution neural network and deep belief network. It shows that the
convolution neural network can be applied to the classification and identification of timefrequency images of vibration signals and the intelligent diagnosis of equipment under complex
conditions.
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1

INTRODUCTION

Gear and rolling bearings are common parts of
automotive transmission, which affected by the
complex and variable operation conditions of
vehicles and working under long time alternating
load, are fault prone parts for automobile. Their
fault vibration signals tend to exhibit strong nonlinear and non-stationary feature (Guo et al., 2016).
The time-frequency images obtained by timefrequency analysis represent the joint distribution
information in both time domain and frequency
domain. It directly reflects the relationship between
the frequency components and time. The time
frequency graph contains rich information of the
equipment state, and the intelligent diagnosis of the
gear box failure can be realized through the analysis
of the image.
Convolution neural network is one of the
algorithms in the field of deep learning. It has good
classification performance for image recognition.
Convolution neural network is applied to the
processing of time-frequency images of vibration
signals to achieve fault classification and
recognition (Tarolli et al., 2017). First, the fault
vibration signal of the gear box is collected, and the
signal is transformed into time-frequency image by
time-frequency
transformation.
Then
the

convolutional neural network is used to classify and
identify time-frequency images, following are
identifying the state of the transmission.

2

RESEARCH ON TIME FREQUENCY
IMAGE RECOGNITION BASED ON
DEEP LEARNING

The transmission gearbox with three axles and
five speeds is chosen for the test. The transmission
gear box has five forward gears and one reverse
gear. In the experiment, the transmission is engaged
with the fifth gear. The fault gear is the driven
wheel in gear five. In order to simulate different
types of mix fault simulation, different faults are
respectively arranged in the inner ring of the
bearing and fifth gear, the bearing is at the end of
output shaft, the model is NPU311EN. The bearing
fault is set in the inner ring of the bearing, including
two fault states, the width of the fault is 0.2mm and
2mm and the depth is 1mm, plus the normal state of
the bearing’s inner ring, there are three states of
bearing.

2.1 Fault diagnosis procedures
The concrete steps of a convolution neural
network in the gearbox failure diagnose is shown in
Figure 1.
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Figure 1. Process of fault diagnosis for gearbox

When the convolution neural network is trained,
a large number of samples are needed. Therefore,
for every vibration signal collected, each signal is
divided into several small segments with a certain
length, and then the time-frequency transformation
of these small segments is made to get multiple
time-frequency maps. The pixels of the time
frequency graph are adjusted to the appropriate size
to fit into the convolution neural network. A large
number of samples are formed with the sizeadjusted time frequency graph. A sample of training
samples is randomly selected from the time
frequency graph corresponding to each kind of
signal, and the remaining one is used as the test
sample (Tarolli et al., 2017). The training samples
are input into the convolution neural network to
train the network, and a trained network model will
be obtained after the training process is finished.
Input test samples to the trained neural network and
use soft-max as classifier to get the classification
results.

2.2 Time-frequency domain and signal
domain analysis
In the actual experiment, 9 kinds of fault state
and a normal state are set up, that is to say, 10 states
need to be identified. In order to facilitate the
analysis of simple time domain, select only the time
domain signal of normal state and of three serious
fault states for analysis. The four states are: normal,
fifth gear teeth broken, fault in the inner ring of the
bearing 0.2mm + fifth gear teeth broken, fault in the
inner ring of the bearing 2mm + fifth gear teeth
broken.

The time domain chart under the condition of the
fifth broken gear teeth is compared with the normal
state of the gear. In the normal state, the vibration
signal has no obvious impact, the vibration
amplitude is smaller, and the gear fault not only
increases the vibration amplitude, also pushes the
impact to a certain extent. In the case of the fifth
broken gear teeth, when the fault is the inner
bearing ring is 0.2mm wide, the impact
phenomenon is more obvious, and the amplitude
continue to increase; increase the inner bearing
width to 2mm, the vibration amplitude is larger and
the impact is more serious.
From the above analysis, we can see that if we
only analyze the signal in time domain, we can only
observe the magnitude of the vibration amplitude
and whether there is any impact phenomenon. For
fault diagnosis, this information is far from enough.
The time frequency graph can clearly reflect the
relationship between the frequency components of
the signal and the time. It contains a large amount
of information, which is more suitable for fault
diagnosis.
In view of a wealth of information contained in
the time-frequency map, and in the study of
convolutional
neural
network
recognition
performance of hybrid transmission failure, the
input of convolutional neural network must be twodimensional shape, therefore, after the acquisition
of the vibration signal of the transmission under
various working conditions, first needs to transform
time-domain signal into time-frequency (Tra et al.,
2017). Considering that the signal after short time
Fourier transform and continuous wavelet
transform, time-frequency presented thereof will be
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affected by the choice of window function or
wavelet function. Therefore, S transform is used in
the time-frequency transform when selecting
structure parameters on the convolutional neural
network.
According to the parameters of the transmission
system, we can calculate the rotating frequency, fr,
and fifth gear meshing frequency, fz, as follows:
26 42
1000 26 42




 21. 77( Hz)
38 22
60
38 22
 f r z  21. 77  22  478. 92( Hz)

fr  n 

(1)

(2)
When the gear fault occurs, the amplitude of the
vibration increases with the degree of the gear fault.
With the increase of the bearing inner ring fault,
with the rotation of the bearing, the surface of the
fault will impact with the roller, and cause the
natural vibration of the bearing system in middle to
high frequency, so there will be a relatively obvious
high frequency band. When the fault width of the
inner ring of the bearing is increased from 0.2mm to
2mm, the fault degree of the inner ring is deepened,
and the amplitude of the vibration becomes larger.
According to the difference of the type of fault and
the degree of failure, the time frequency diagram of
all kinds of faults is different. However, it is
obviously difficult to distinguish all kinds of faults
by experience, especially to distinguish between
these 10 kinds of fault states. At this time, it is
necessary to have a method to identify the common
characteristics of the time frequency diagram of the
same type of fault, and at the same time to
distinguish the different types of faults. In view of
the excellent performance of convolutional neural
network in image recognition, such as face
fz

recognition and handwritten digit recognition,
convolution neural network is selected to carry out
the fault image recognition of transmission.

3

ANALYSIS OF EXPERIMENTAL
RESULTS FOR FAULT
IDENTIFICATION OF GEARBOX
UNDER VARIABLE SPEED

In the course of automobile operation, the speed
of the engine transferred to the gearbox is not
constant in most cases. The speed of the input shaft
of the gearbox varies with time, and the vibration is
more complex than the input axis is at a stable
speed. Convolution neural network is characterized
by its unique structure and invariance to translation,
scaling and torsion. Therefore, this chapter adopts
the combination of time-frequency analysis and
convolutional neural network to diagnose gearbox
faults under variable speed.

3.1 Experiment arrangement
The experiment is carried out in transmission
with three axles and multi speed; experimental
equipments are consistent with these in the last
chapter. The driven wheel in fifth the gear is set as
fault. By way of cutting different degrees of gears,
to simulate gear wear: mild and moderate wear and
broken teeth. The bearing fault is located in the
inner ring of the rolling bearing of the output shaft,
which is a fault of 0.2mm in width. In the failure
state and normal state of the combined gear and
bearing, a total of eight states of the signal need to
be identified, as shown in the following table 1.
Table 1. Fault description

Number of fault
type
1
2
3
4

Fault type
Fifth gear normal
Fifth gear mild
wear
Fifth
gear
moderate wear
Fifth gear teeth
broken

Number of fault
type
5
6
7
8

Signal analysis under rising speed
The variable speed is the speed of the input axis
changes with time, including three kinds of
conditions:
acceleration,
deceleration
and
acceleration and deceleration. The procedures of
acceleration and deceleration are basically the same,
so only the speed of the lift is chosen and analyzed
in the paper. The acceleration means that the speed

Fault type
Inner ring 0.2mm+fifth gear
normal
Inner ring 0.2mm+ fifth gear mild
wear
Inner ring 0.2mm+ fifth gear
moderate wear
Inner ring 0.2mm+ fifth gear teeth
broken

of the input shaft of the gearbox increases with
time.
The sampling frequency is set to 12 kHz, and the
vibration signals of each fault state and normal state
are collected. In order to show the overall trend of
signal with the change of time, the time domain
signal with a fault length of 60s in each type is
selected. At the rising speed, the speed of the input
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shaft gradually increases, and the amplitude of the
vibration of the signal increases gradually. The
degree of vibration can also be affected by the
degree of failure, the greater the degree of failure,
the stronger the vibration, and the greater the
amplitude of the vibration. Since the input shaft in
the experiment is set as rising overall, it cannot
guarantee that every kind of fault state at the same
time will have the same speed. A fixed time in the
eight states time domain diagram, the amplitude of
vibration fault degree may be lower than the
amplitude of small fault (Sobie et al., 2018). The
time domain signal can only reflect the amplitude of
the vibration signal and the occurrence of the
impact phenomenon, and the time domain signal
cannot be relied upon on the identification of fault
state.
The rotation frequency of each axis varies under
variable speed, and the meshing frequency of the
gear that participates in the transmission also
changes, and the corresponding frequency
component is an interval. The formula of the
meshing frequency of constant mesh gear, f m1, and
five output gears, fm2, are as follows:
(3)
f m1  z1  f n1
(4)
f m2  z4  f n3
Among them, z1 is the number of driving gear
tooth on the most meshing gear, z1=26; fn1 is the
input shaft frequency; z4 is the number of the driven
gear, z4 =22; fn3 is the output frequency.
When the speed of the input axis increases
slowly from 0 to 1500rpm, the conversion of the
input shaft, fn1, is gradually increased from 0 to
25Hz. The maximum value of the output
frequencies of constant mesh gear and fifth gear,
fm1max and fm2max are calculated as follows:
(5)
f m1max  z1  f n1max  26  25  650( Hz)
f m2max  z4  f n3max  22  f n1max 

26 42

 718. 42( Hz)
38 22

(6)
The meshing frequency range of a constant
meshing gear is 0~650Hz, fifth gear meshing
frequency range is 0~718.42Hz. If the two in the
transmission gear have a second vibration response,
the range of meshing frequency range of a constant
meshing gear and fifth gear are respectively into
0~1300Hz and 0~1436.84Hz.

3.2 Fault diagnosis under the condition of
rising speed
When identifying the time-frequency images of
different fault signals, the samples of each kind of
signals are fixed in a fixed length, and the amplitude
matrix corresponds to the time-frequency diagram
in a short time interval. Under the condition of

constant speed, the samples of the same kind of
signal should be basically the same without
considering the influence of noise and random
factors (Janssens et al., 2016). Under the condition
of variable speed, the value of gear meshing
frequency, the characteristic frequency of bearing
fault, the frequency of impact and the amplitude of
each frequency component change with time, but in
general, they are similar. Since convolutional neural
network is invariant to translation, scaling and
torsion in image recognition, convolution neural
network is used to identify time-frequency images
under variable speed (Deutsch et al., 2017).
From time zero to t1, input shaft speed is
increased from 0 to n1, draw a demarcation point at
t0 (t0 is a time point between time zero to t1), and the
time-frequency map with signal corresponding with
time (0∼t0) is set as the training samples, a total of
500 training samples is thus created; while timefrequency map corresponding to the signal from
t0∼t1 set as test samples, which is a total of 500 test
samples (Li et al., 2017). The time frequency
conversion method is used to adjust the size of the
time frequency graph to be 32 * 32, so that it can be
used as the input of the convolution neural network.
In the image recognition, there are eight kinds of
time frequency graphs in different states. Each class
has 1000 samples, and the training sample and the
test sample each account for 50%.
Three deep learning algorithms represented by
convolutional neural network, deep belief network
and stacked auto-encoder are used to recognize
time-frequency images under acceleration.
The convolutional neural network parameters are
set as: 6 convolution kernels in the first layer, the
size of which is 5 x 5, and 12 convolution kernels in
the second layer, size 3 * 3; cut pooling area of
sample layer to the size of 2 * 2, with the method
average pooling; batch size=5; iteration 10 times.
The parameters selection of deep belief network
is as follows: the number of nodes in input layer is
1024, the number of nodes in output layer is 8, and
the number of nodes in three hidden layers is: 1000,
800 and 500. The pre-training stage with unlabeled
data were stratified training for each RBM, 100
iterations; fine-tuning stage, classification model
combining a pre-trained neural network and
softmax classifier, use tag data through the backpropagation algorithm to fine tune the entire
network, 50 iterations.
The parameters of stacked auto-encoder are as
follows: the number of nodes in input layer is 1024,
the number of nodes in output layer is 8, and the
number of nodes in three hidden layers is: 400, 200
and 50, respectively. The pre-training phase is
iterated 100 times. Due to the relationship between
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computing time and the operation structure of the
algorithm itself, the number of times of reverse fine
tuning is selected to calculate the correct rate of
classification once every 20 times until the iteration
reaches 200 times.
Each experiment was repeated 5 times, and the
average value of the 5 classification results was

taken as the final classification accuracy rate. Then
the relationship between classification accuracy rate
of the three classes of deep learning algorithm and
the number of iterations can be shown in figure 24.
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Figure 2. Classification accuracy of convolution neural network

Figure 2 is the
training and test
classification accuracy of the convolution neural
network when the time frequency image is
identified at rising speed. When the number of
iterations increased from 1 to 2, the classification
accuracy of the training samples and the test
samples increased significantly. After 4 iterations,
the training accuracy rate is over 99%. After 6
iterations, the training accuracy reaches 99.9%,

indicating that the fitting effect of convolutional
neural network on training samples is very good.
Increasing the number of iterations is no longer
meaningful(Sohaib et al., 2017). For test samples,
after 4 iterations, the correct rate of test is over
90%, but the accuracy does not increase as the
number of iterations increases, but fluctuates
slightly. When the iteration is 7 times, the correct
rate reaches the maximum value of 98%.
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Figure 3. Classification accuracy of deep belief network

The depth belief network underwent two
processes— pre-training and fine tuning, and figure
3 is the change curve of the correct rate of both

training and testing samples as the number of
iterations and fine-tuning increases. As can be seen
from the figure, when the number of iterations is
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increased from 1 to 2, the correct rate of training is
raised from 15.01% to 97.7%, and the correct rate
of test went up from 13.98% to 86.78%. With the
increase of the number of fine-tuning and iterations,
the classification accuracy of training and testing
continues to increase slightly. When the number of

iterations reached 12, the correct rate of training
reached nearly 100%, and the correct rate was
94.2% at this time. After 27 iterations, the test
accuracy is maintained over 96%, and the maximum
value is reached at 40 times, which is 97.11%.
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Figure 4. Classification accuracy of stacked auto-encoder

The stacked auto-encoder is also pre-trained and
fine-tuned, and Figure 4 is the change curve for the
training and testing correct rate with the number of
iteration and fine-tuning. Because all the training
samples are input at one time, the fitting of the
network is for all training samples, so after pretraining, the correct rate of training is 100%. The
value of the transverse coordinates at 0 is the
correct rate of classification without a fine tune. At
this time, the pre-training of 100 iterations has
reached, and the correct rate is 84.52%. After 60
times of fine tuning, the accuracy of the test is
maintained over 98%, and the maximum value is
reached at 120 times, which is 99.53%.
Generally speaking, when the number of
iterations or the number of fine-tuning iterations
reaches a certain degree, the training accuracy of
the three deep learning algorithms can basically
reach 100%, indicating that the three algorithms can
basically match the training samples. Moreover, the
accuracy rates of the highest test classification of
the three algorithms have all reached over 96%,
which indicates that these three kinds of deep
learning algorithms can better classify and identify
time frequency diagram in transmission failure
under the condition of acceleration (Gan et al.,
2016).
The maximum test accuracy of the three
algorithms is compared. The highest accuracy is
stacked auto-encoder, at 99.43%, followed by
convolution neural network, 98%, and the maximal

accuracy of deep belief network, 96.71%. In terms
of the stability of the method, the stability of the
deep belief network and the stacked auto-encoder
are better, while the convolution neural network is
slightly more
fluctuant. Considering the
computation time needed for the three algorithms to
achieve the maximum accuracy, the time for single
operation of convolutional neural network is 88.9s,
which is about 1/5 of that of deep belief network,
and 1/11 that of stacked auto-encoder.
From the above analysis we can know that the
convolution neural network can effectively identify
time-frequency image of gearbox fault under
acceleration, although the test accuracy rate
fluctuates, not as stable as belief network and
stacked auto-encoder, but the time cost is much
lower than the other two algorithms.
The shallow machine learning algorithm
supported vector machine is also used to identify
the time frequency image, the parameters of support
vector machine are: the use of algorithm in libsvm
(Deutsch et al., 2017). first adjust the format of the
input data, with radial basis function as the kernel
function, through cross validation and grid search
select for support vector machine penalty factor C
and kernel function parameter g. The optimal
parameters are trained on the whole training set,
creating support vector machine model (Abid et al.,
2017). Table 2 shows the highest test and training
classification accuracy of support vector machine
and three deep learning algorithms.
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Table 2. The highest training and accuracy rate of the four algorithms

Algorithm type
1
2
3
4

Convolutional Neural Network
Deep Belief Network
Stacked Auto-Encoder
Support Vector Machine

Highest
training
Highest test accuracy rate
accuracy rate (100%)
(100%)
100
98
100
97.11
100
99.53
98.975
45.025

It can be seen from table 2 that the support
vector machine with optimized parameters can
recognize time frequency images with the highest
training classification accuracy rate as 98.975%,
which indicates that the training process is
successful. While the highest test accuracy is only
45.025%, far below the three deep learning
algorithms, not only indicates that deep learning
algorithm is better overall than the shallow
algorithm supported vector machine, also that the
support vector machine is not suitable for timefrequency image recognition against speed rise.

4

CONCLUSION

This paper takes the vehicle transmission as the
research object, and applies the convolution neural
network, which is a kind of deep learning, to the fault
identification in automobile transmission. The timefrequency analysis and convolution neural network are
combined to diagnose the gearbox fault under variable
speed. The continuous wavelet transform is used to get
the time-frequency vibration signals under variable
speed conditions, and then the convolutional neural
network is used to identify these images. The results
show that under the rising speed, the test accuracy
reached 98%, while under lifting speed conditions, the
highest correct rate in the test reached 96%, revealing
that under complex condition, convolutional neural
network can be effectively applied to classification
recognition and intelligent diagnosis of vibration
signal time-frequency image. Comparison of the
performance in time-frequency image recognition
variable speed conditions, using convolutional neural
network under deep belief networks and stacked autoencoder was made. The results show that the
convolution neural network test accuracy is slightly
lower than the stacked auto-encoder, and the
classification results slightly fluctuateds, but the
computation time of convolutional neural network is
much lower than the other two deep learning
algorithms.
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