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Abstract: The times are progressing. Facing the increasing
number of electric vehicles, they use power batteries as
energy storage power sources. As a core component of
electric vehicle, the drive motor is related to the normal
operation of the vehicle. If the driving motor fails, passen-
gers may be irreversibly hurt, so it is very important to
diagnose the driving motor of electric vehicle. This paper
mainly analyzes the faults of electric vehicles, and makes use
of diagnostic signals to diagnose the faults. A novel fault
diagnosis method of automobile drive based on deep neural
network is proposed. In this method, CNN-LSTM model is
constructed. Firstly, the vibration signals are transformed
into time-frequency images by fast Fourier transform, and
then the time-frequency images are input into the proposed
model to obtain the fault classification results. In addition,
CNN, LSTM and BP neural network are introduced to
compare with the methods proposed in this paper. The
results show that CNN-LSTM model is superior to the other
three models in the fault diagnosis of automobile drive,
reaching 99.02 % of the fault accuracy rate, showing excel-
lent fault diagnosis performance. And when the same
learning rate is used for training, the rate of loss reduction is
obviously better than that of the other three types of vehicle
drive fault diagnosis method based on CNN-LSTM.

Keywords: CNN-LSTM; automobile drive fault diagnosis;
deep neural network; attention mechanism

1 Introduction

With the rapid development of the world economy, the
number of cars is also increasing. Conventional fuel vehicles
use diesel and gasoline, which are made from petroleum. Oil
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is a mixture of organic hydrocarbons buried in the earth’s
crust and gradually evolved. It is a non-renewable resource,
and the oil resources on the earth are limited Lei et al. (2020).

Electric vehicle is a kind of new energy vehicle.
Compared with the traditional fuel vehicle, the driving mo-
tor of electric vehicle replaces the internal combustion en-
gine as the power source, and the power battery replaces the
petrochemical fuel as the energy source Zheng et al. (2019).
Electric vehicles (EVs) have the advantages of simple struc-
ture, high energy utilization rate, zero emission and little
environmental pollution in the operation process. The key
components are electric motor, battery pack, power elec-
tronics, onboard charger, thermal management system,
vehicle control unit (VCU), charging port & infrastructure,
etc. It is one of the most ideal “green vehicles” to replace
traditional fuel vehicles. The biggest difference between
electric vehicles and fuel vehicles is the use of different fuels,
different forms of power source, electric vehicles rely on
electric drive motor to make the car run, while traditional
cars use internal combustion engine as the power to drive
the car. The core component of electric vehicles is the driving
motor. When the driving motor fails, it will affect the driving
of electric vehicles and even the safety of drivers and pas-
sengers. Some of the key safety precautions in electric
vehicles include battery safety, crash safety, high voltage
system safety, charging safety, fire, electrical, safety stan-
dards, training and education. At present, the driving motor
used in electric vehicles has various structures and forms.
The structure of the driving motor determines some char-
acteristics of electric vehicles, such as DC motor good speed
performance, good starting performance, simple control
advantages; PMSM has the advantages of high efficiency,
high power density and so on.

An electric car drives a motor to move the wheels for-
ward, and the motor must rely on a power battery to provide
energy. Electric vehicles and fuel vehicles because of the use
of different energy sources, power sources are different, at
the same time, there are also big differences in structure. The
main structural difference between the two lies in their
different driving systems. Electric vehicles use power bat-
teries, fuel cells and so on as energy sources to drive motor
operation. A traditional petrol-powered car uses gasoline or
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diesel as its energy source to power an internal combustion
engine. The structure of electric vehicle is mainly composed
of motor drive system, battery system, control system, car
body and chassis. Figure 1 shows the basic structure of an
electric vehicle.

With the rapid development of modern industry and the
popularity of electrical equipment, human labor is gradually
replaced by artificial intelligence, and the probability of
complex and special faults of motor system is rising sharply
Xiong et al. (2020). In the modern industrial system, fault is
absolute, safety is relative, so the first time to find the fault, is
to ensure the safe operation of modern industrial system, in
the modern industrial system, the power system in the relay
protection direction has been basically perfect, can effec-
tively avoid the occurrence of serious accidents. When the
motor equipment in the power system is abnormal or faulty,
the relay protection system will cut off the connection be-
tween the motor equipment and the whole system, but it will
take effect after the motor equipment is abnormal or faulty,
unable to avoid unnecessary losses and fundamentally
prevent the occurrence of accidents Xu et al. (2020). Motor
fault diagnosis technology can find the fault in the early
stage or even before the fault, for the fault or failure of motor
equipment and other stopped production maintenance, can
save the motor maintenance funds, reduce the motor fault
expenditure and improve economic benefits. Usually by
measuring the motor current, vibration, speed, and radial
magnetic flux of the rotating shaft and other technical
parameters to measure, electrical scientists also study the
characteristics of motor faults, but because the actual situ-
ation is often repeated and random, the technical re-
quirements for motor fault diagnosis are also increasingly
high Tang, Yuan, and Zhu (2020). Which is used to measure
the motor fault characteristics require more professional
knowledge in combination with the actual situation to judge
the characteristics of the fault, and the motor running

Figure 1: Basic structure of electric vehicle.

condition within a large number of uncontrollable factors,
multiple factors combination makes fault diagnosis even
more complicated, constraints of the traditional fault diag-
nosis technology, the need to be further research. With the
rapid development of computer science and computer
learning technology, artificial intelligence and machine
learning have become more and more hot spots in scientific
research. In recent years, artificial intelligence and machine
learning have also emerged in the field of fault diagnosis Wu
(2022).

As used in the fault diagnosis of machine learning and
artificial intelligence technology to gradually reduce the
external reason and the influence of human error, in the
artificial intelligence and machine learning in more complex
situations, the method of using self learning obtain fault
characteristic also received more attention, making the
failure diagnosis technology is also gradually towards in-
telligence aspect of the development. In reality, there are
many fault types of motors with limited number of samples
and complex and changeable conditions. In order to obtain
fault characteristics from data more effectively, machine
learning technology and artificial intelligence can be used to
reflect fault characteristics more comprehensively, thus
improving the accuracy of fault diagnosis. Machine learning
and artificial intelligence in fault diagnosis on the whole
process of self-learning automation. The latest research
achievement in the field of artificial intelligence and ma-
chine learning is deep learning, which has stronger data
processing ability in the face of multi-level data. It can
effectively train corresponding deep networks to extract the
features of data, and express the deep abstract features of
data through complex self-learning ability Xiao, Cao, and
Jolfaei (2020).

This paper analyzes and summarizes the characteristics
of different types of driving motors of electric vehicles, and
classifies and summarizes the faults of different types of
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driving motors of electric vehicles. Introducing neural
network technology in the fault diagnosis of electric vehicle
drive motor, formed a set of electric vehicle drive motor fault
diagnosis based on neural network method, and the study of
fault diagnosis methods, using software to the fault of col-
lecting training, simulation, finally, the electric vehicle drive
motor fault diagnosis. This method improves the efficiency
of fault diagnosis and shortens the time of fault diagnosis for
maintenance technicians.

2 Literature review

Since the 1970s, the Electrical fault Diagnosis Institute has
established a special scientific research field to transform
the traditional equipment repair work into predictive
maintenance, in order to improve the reliability, stability
and level economic benefits of maintenance of generators
and their systems. Language modelling, contextual analysis,
word frequency, N-gram models, user history, neural net-
works, real-time updating, and feedback loop. Part of the
electrical and mechanical equipment fault diagnosis tech-
nology, but because of the complexity of the motor structure,
various breakdowns may be contact each other, and the
motor fault diagnosis should be divided into two parts, me-
chanical equipment failure and electricity failure so the fault
diagnosis technology of the motor is very complex, consid-
ering the category of a broader, more amount of technolo-
giesinvolved. The traditional fault diagnosis method is based
on some actual measured parameters of motor operation,
and the characteristics reflecting the fault are extracted
through signal processing. In the method of fault signal
feature extraction, the most important is to first use signal
processing method to obtain some feature quantities. These
methods mainly include frequency domain method, time-
frequency analysis method and wavelet packet method Wen,
Li, and Gao (2020). Among them, frequency domain method
and wavelet-based analysis technique are more commonly
used, but they both have some problems and cannot obtain
useful information, while Fourier transform technique is
more suitable for studying continuous steady time domain
signal information. When an unstable signal is generated
after a generator failure, its frequency characteristic is
generally band, but the frequency characteristic is local. At
present, the signal processing techniques used to analyze
the current signal of linear synchronous motor mainly
include fast Fourier transform, Wegeneville distribution,
empirical mode decomposition and wavelet transform.
Since the deep learning way is put forward in the field of
machine learning and research, many experts and scholars
to study using machine learning method fully realized motor
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fault diagnosis technology with more confidence, and more
achievements in this respect, has appeared in recent
years, in order to promote the mechanical fault diagnosis
technology of highly automated and large digital laid a
foundation.

In the fault diagnosis of electric vehicle driving motor,
the core idea of deep learning is to use multi-layer neural
network to simulate the processing of internal organization
and external information of human brain. Deep learning
methods used include autoencoder, restricted Boltzmann
machine, convolutional neural network (CNN), sparse cod-
ing, etc. Hinton et al. presented a deep belief network
framework in their 2006 paper, and the greedy layer-by-
layer approach in modeling and unsupervised training
methods has important implications for later deep network
computing Chen et al. (2020). Deep belief networks consist of
stacks organized by finite Boltzmann. The basic structure of
the probabilistic generation model is a two-layer neural
network composed of visible layers and hidden layers of a
single finite Boltzmann machine. This model can apply
complex networks to large-scale data processing and anal-
ysis. In addition, it can further reduce computing resources
by using multi-layer perceptrons for classification and pre-
diction. These advantages have attracted wide attention.
However, this method also has disadvantages. When the
data scale is large, the computational complexity is high, and
the coupling relationship between neurons in the hidden
layer is not considered, so the fitting problem will occur.
With the development of deep computing and artificial in-
telligence technology, CNN, as one of the most popular ma-
chine learning methods, has attracted more and more
scholars’ attention, especially in recent years, it has been
favored by many researchers. CNN is one of the earliest
methods to realize deep structure, which is widely used
in various visual recognition tasks. The various visual
recognition tasks are image classification, object detection,
semantic segmentation, instance segmentation, object
recognition & localization, facial recognition, gesture
recognition, etc. It has great advantages in image recogni-
tion. CNN has a high degree of deformation invariance, such
as movement, compression and graph rotation, and also
contains sparse connection, weight sharing, down sampling
and other structural characteristics, which makes it more
valuable in other application fields of human intelligence
recognition and exploration significance.

Aiming at the fault diagnosis of the driving motor of
electric vehicles, some scholars have conducted research
on the fault diagnosis of electric vehicles. For example,
Chen, Gryllias, and Li (2019) analyzed the working principle
of GRC-BP neural network and GRC-RBF neural network,
established a fault diagnosis method for electric vehicles
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based on GRC-NN, and analyzed the process of fault diag-
nosis method for electric vehicles according to GRC-NN and
DS evidence theory. Qian et al. (2021) used the advantages of
granular computing theory in knowledge representation
and knowledge reduction, combined with the powerful
nonlinear fitting ability and self-learning ability of neural
network, and took the electric vehicle fault as the research
object, established the electric vehicle fault diagnosis
model based on granular computing and neural network.
Using the theory of microphone array, Zhao et al. (2021)
designed a fault diagnosis and testing system for electric
vehicles. Through the system to the electric car fault in low
torque at low speed motor noise tests under typical work-
ing conditions, provided the electric car motor fault diag-
nosis theory and practice basis, at the same time, through to
the electric car motor in the rated speed, rated torque
working condition of noise test and analysis, it is concluded
that failure of noise frequency, determine the fault parts, It
is proved that the fault diagnosis of electric vehicle motor
by noise is feasible. Han, Oh, and Jeong (2021) used wavelet
decomposition to diagnose the alignment uniformity of
permanent magnets by using the Hall sensor output of the
motor as the characteristic signal. The specific frequency
components of phase current waveform are extracted, and
the energy ratio of these frequency components is calcu-
lated by using continuous wavelet transform to judge
whether the magnetic weakness fault occurs when the
motor is running.

Some experts and scholars in electric vehicle drive
motor controller is engaged in the research of fault diag-
nosis, such as: Ye et al. (2022) people adopt the hybrid system
theory analysis method, such as establishing precise motor
driven system switching function model of mixed logic dy-
namic model, based on this model in this paper, a permanent
magnet synchronous motor drive system based on current
residual inverter open circuit fault diagnosis method. On the
basis of analyzing the existing fault diagnosis methods of
electric vehicle motor and controller, Zhao et al. (2022)
developed an electric vehicle motor and controller detector
based on fuzzy fault diagnosis expert system. Most of the
electric vehicle driving motor fault diagnosis has formed the
corresponding fault diagnosis theory and method, mainte-
nance technicians in the actual maintenance of the appli-
cation of such theory and method is very little. For how to
apply in practical maintenance method for fault diagnosis of
the fault diagnosis theory study is less, such as: normally on
the one uses the electric car wheel motor drive, on the road
suddenly power down, acceleration, climbing and so on
power condition: in really need cannot provide enough
power of fault analysis, fault diagnosis and troubleshooting
Xu et al. (2020).
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Based on the fault diagnosis of electric vehicle driving
motor, this paper analyzes the common driving motor of
electric vehicle and the mechanism of common driving
motor faults Cao et al. (2020). This paper analyzes the ad-
vantages of applying neural network in the fault diagnosis of
electric vehicles, and puts forward a fault analysis method of
electric vehicle driving motor system based on neural
network based on the fusion of CNN-LSTM and traditional
automobile diagnosis technology. The basic fault diagnosis
model of electric vehicle driving motor system based on
CNN-LSTM is established, and good results are achieved.

3 The theoretical background of
CNN-LSTM

3.1 CNN

CNN is a nourishing neural network, and the network
structure consists of three parts: a convolution layer, a
pooling layer, and a full connectivity layer. Conventional
neural network structures have the following two disad-
vantages in processing two-dimensional data, such as im-
ages: images need to be processed a lot of data, resulting in
higher cost and lower efficiency. Two-dimensional charac-
teristics are padding, stride, dilated convolution, transposed
convolution, and batch normalization. These supplementary
techniques and characteristics of two-dimensional convo-
lution can be employed to maintain important image prop-
erties, such as size, resolution, spatial information, and
statistical consistency, throughout the convolutional opera-
tions. Some probable ways to tackle these disadvantages and
improve the processing of two-dimensional data are con-
volutional neural network, pooling layers, local connectivity,
weight sharing, hierarchical feature extraction, transfer
learning, data augmentation. In the process of digitizing the
image, it is difficult to maintain the original properties,
resulting in low image processing accuracy. Maintaining the
original properties of an image during digitization is chal-
lenging due to lossy compression, sampling and quantization
limitations, sensor limitations, image processing operations,
variations in display and output devices, and subjective
human perception. While efforts can be made to minimize
these challenges, it is often difficult to fully preserve all the
intricate details and characteristics of the original image.
When digitizing an image, several properties can affect the
quality of the resulting digital representation such as, reso-
lution, color depth, compression, noise, artifacts, dynamic
range, color accuracy, sharpness & detail, and artistic intent.
The emergence of CNN solves this problem very well. The
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emergence of Convolutional Neural Networks (CNNs) has
significantly improved the accuracy of low-level image
processing tasks. Few are local receptive fields, parameter
sharing, hierarchical feature extraction, automatic feature
learning, data augmentation, and transfer learning. The
structure of the convolutional pool allows you to correctly
utilize the two-dimensional structure of the CNN access data,
reduce the size of a large part of the image to a small amount
of information, and effectively maintain image properties.
Currently, CNN is widely used, for example: facial recogni-
tion, automatic driving, security and many other areas.
Classical convolutional neural network training models
include LeNet (as shown in Figure 2), VGGNet and ResNet,
etc. Generally, it includes three parts: convolution, pooling
and full connection Jin, Chen, and Zhao (2021).

3.1.1 Convolution

The most basic operation in CNN is convolution, which is
specifically manifested as the use of a filter to filter each
small area of the image Wang et al. (2020), so as to obtain the
eigenvalues of these small areas. If the feature coordinate of
the original input image in the current channel is (x.y), the
size of the convolution kernel in the convolution layer is p*q,
its weight is w, and the brightness value of the image in the
channel is v, the convolution process can be expressed as
follows:

p*q
CONVyy = D WiV; @
i

The output feature size of the convolutional layer is
determined by the depth, the step size and the value of zero
padding. The depth represents the number of convolution
kernels in the layer, the step size is the number of pixels
sliding on the original image features (the longer the step
size, the smaller the output feature map size), and the zero
filling is the filling with 0 value in the boundary range, so as
to ensure the consistency of input and output sizes. The
number of filters in the convolution kernels used to extract
particular features from an input image can vary depending
on the specific application and network architecture. Typi-
cally, the number of filters is determined based on the
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Figure 2: LeNet network model.

complexity and diversity of the features that need to be
captured. Bias is usually added after convolution operation
and nonlinear activation function is introduced. Bias is
added after the convolution operation in CNNs as alearnable
parameter for each filter. It provides a constant offset or shift
in the activation values and allows the model to introduce
biases towards specific features or patterns. The bias terms
are updated during training to improve the network’s
performance, making it more adaptable and capable of
capturing diverse patterns in the data. The benefits are shift
in activation range, enhanced model flexibility, breaking
symmetry, improved learning, and handling biased inputs.
These benefits contribute to the network’s ability to learn
and represent complex patterns and improve its overall
predictive capabilities. Common activation functions
include Relu, Sigmoid, and tanh. ReLU is an activation
function commonly used in neural networks. It introduces
non-linearity by outputting the input directly if it is positive,
and zero otherwise. Sigmoid is a popular activation function
that squashes the input values between 0 and 1. It provides a
smooth transition from 0 to 1, which can be useful in tasks
requiring probabilistic outputs. The hyperbolic tangent
function, tanh, is similar to the sigmoid function but maps
the input values between -1 and 1.

3.1.2 Pooling

At the end of the convolution operation, the pooling layer is
usually accessed. Pooling is a downsampling operation,
which aims to filter the feature information, that is, to
reduce the dimension of the feature space, so as to reduce
the number of parameters and computation times Qi, Gao,
and Huang (2020). Pooling layer operation can effectively
avoid overfitting. By incorporating pooling layers into the
network architecture, the spatial dimensions are effectively
reduced, translation invariance is introduced, regulariza-
tion is applied, and the parameter count is controlled. These
characteristics collectively contribute to the ability of pool-
ing layers to mitigate overfitting, making them a valuable
component in the design of deep neural networks. Popular
ways in which the pooling layer operations are employed to
successfully avoid overfitting are max pooling, average
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pooling, global pooling, dropout, besides spatial pyramid
pooling. By incorporating these pooling operations into CNN
architectures, models can better handle complex datasets,
generalize well to unseen data, and avoid overfitting. While
pooling can provide some regularization effects, it is
important to note that it has limitations in avoiding over-
fitting. Pooling reduces the spatial resolution of the input,
which may result in some loss of fine-grained details. In
certain cases, pooling can also discard useful information
that may be relevant for the task at hand. The feature is
statistically replaced by pooling function, and the output
result is similar to the convolution layer, and the output
vector depends on the pooling size, step size and filling. The
most commonly used pooling operations include maximum
pooling, average pooling, L2 pooling and so on.

3.2 Recurrent neural networks

The deep learning-based fault diagnosis method for electric
vehicle driving motor also needs to understand some basic
knowledge of RNN. RNNS are used to process serialized
feature data. RNNs are necessary for processing serialized
feature data due to their ability to capture temporal de-
pendencies, handle variable-length sequences, extract rele-
vant features, encode context, facilitate sequence-to-
sequence mapping, and perform time-series analysis and
prediction. These characteristics make RNNs a powerful
choice for tasks involving serialized data with a temporal
structure. Serialized feature data is often processed using
Recurrent Neural Networks (RNNs) because RNNs are
particularly effective in handling sequential or time-
dependent data. The main reasons for utilizing RNNs for
processing serialized feature data are modelling temporal
dependencies, variable-length input sequence, contextual
information processing, sequential data generation, and
backpropagation through time. Some common problems are
vanishing or exploding gradients, long-term dependency,
memory limitations, overfitting, computational efficiency,
and lack of explicit alignment. The special network structure
of RNN can solve the problem of saving and transferring
serialized information, and it has good applicability for text
and audio classification. In the basic neural network Li et al.
(2018), the fully connected layer architecture leads to the
information between nodes in the network is not correlated
with each other, which makes it impossible to predict text
words. RNNs and their variants incorporate recurrent con-
nections that enable information to flow across timesteps,
allowing the model to leverage the sequential structure of
the text. These architectures can capture long-term
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Figure 3: Basic structure of RNN.

dependencies, retain context information, and generate
predictions based on the preceding words.

Text processing problems usually need to synthesize the
semantic information of the context. The semantic data of
the content is essential to synthesize in text processing issues
because it allows for a deeper understanding of the meaning
and context of the text. Certain reasons are contextual un-
derstanding, resolving ambiguity, entity recognition & link-
ing, relationship extraction, sentiment analysis and opinion
mining. There is a correlation between the current output
and the previous state, and there is a certain problem if it is
regarded as an independent node Wan et al. (2018). If a
pooling layer is treated as an independent node in a neural
network, it can lead to several problems such as, loss of
spatial information, limited learning capability, overfitting &
lack of generalization, increased computational complexity,
incompatibility with backpropagation. In recurrent neural
networks (RNNs), the problem of correlation between the
current output and the previous state is often referred to as
the “vanishing gradient” or “exploding gradient” problem.
These problems arise due to the nature of the RNN archi-
tecture and can affect the learning and performance of the
network. Such are vanishing gradient problem and explod-
ing gradient problem. In the RNN network structure, the
output result of the current sequence is related to the output
of the previous node, that is, there are connections between
nodes in the hidden layer. In the application of practical
problems, in order to reduce network complexity, the cur-
rent output state is set to be only related to the first few
nodes, and the RNN structure representation is shown in
Figure 3.

In RNN, the output of a neuron node can continue to act
on itself at the next moment. However, if the time series
interval increases continuously, the basic RNN structure
may lose some distant information, which is called gradient
disappearance. Therefore, the problem of long text sequence
requires a network structure that can learn long-term
dependent information Han, Park, and Hong (2022).

Long short-term memory network (LSTM) adds a spe-
cial gate structure based on RNN to solve the problem of
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long-term dependence. The main types available in LSTM
networks are cell state, input gate, forget gate, output gate,
and hidden state. It makes LSTMs particularly effective
in handling tasks that require modeling long-term
dependencies and dealing with sequential data. LSTM con-
tains three gate structures: input gate, forget gate and output
gate, which are used to determine whether the information
continues to be available. The information that continues to
be available after being judged by the algorithm is retained,
otherwise it will be discarded by forgetting. The gate struc-
ture of the special LSTM is shown in Figure 4.

4 The CNN-LSTM model

The fault diagnosis method of driving motor based on
CNN-LSTM model is described as follows. CNN-LSTM neural
network is a parallel construction of CNN network and LSTM
network, combining the advantages of the two networks to
complement the network structure. The advantages are
complementary features, enhanced performance, robust-
ness & generalization, efficient training, transfer learning
and adaptability. Convolutional neural networks are very
strong in extracting the latent spatial features of fault fea-
tures, which can not only reduce the network parameters,
but also reduce the correlation between filter features Zhang
et al. (2022). For fault classification, long and short memory
neural networks are good at obtaining contextual informa-
tion, which will provide more effective information for the
network. The more effective classification information
extracted, the higher the classification accuracy. The selec-
tion of features to be fused depends on the specific problem,
available data, and domain expertise. The goal is to identify
complementary or discriminative features that capture
different aspects of the data and improve the classification
accuracy when combined. The fusion of diverse features
aims to create a more comprehensive representation of the
data, enabling the classifier to leverage multiple sources of
information and make more informed decisions. Among
them, the convolution network can only extract the

Figure 4: LSTM gate structure.
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Figure 5: Feature extraction of CNN-LSTM network.

correlation between elements in the convolution receptive
field, while the LSTM network can obtain the correlation
between elements of longer distance, so as to provide multi-
angle feature information for classification. When the fault
data has obvious contextual correlation, the hybrid network
can further improve the network classification perfor-
mance. Several reasons are insufficient training data, model
complexity, overfitting, hyperparameter tuning, data pre-
processing, class imbalance, data quality or noise, and un-
derlying data distribution. Some common techniques are
increasing the model complexity, adjust hyperparameters,
augment the training data, pretrain the model, use transfer
learning, regularization techniques, ensemble learning, data
balancing, and increase training data size. The feature
extraction process of fault samples is shown in Figure 5.
Therefore, how to make full use of the information pro-
vided by these two networks is an urgent problem to be
solved. In the experiment, neither the concatenation of two
networks nor the output characteristics from the concatena-
tion of two networks can improve the performance of the
network. By improving the performance of a network
resulting from the concatenation of two networks requires
careful consideration of information compatibility, feature
extraction, parameter optimization, network architecture,
generalization, and computational complexity. By addressing
these challenges effectively, it is possible to achieve improved
performance through the synergy of the two networks. After



8 —— (. Guo: Fault diagnosis of automobile drive

DE GRUYTER

Dense
[TT= 77T T T T T TN 1
| )
! 1 BN
— >
D”D D b
|
X LSTM
preprocessin
pmm——— > Add Yeu
Input .
b The time-frequency Mechanism of
diagram attention
> yf

analysis, it can be found that the cascading of two networks
will lead to the loss of feature information. In addition, the
experiment tries to concatenate the output of LSTM network
with the original data as the input of CNN network. LSTM
networks have several characteristics that make them
more effective in extracting classification information and
achieving higher accuracy compared to simple RNNs. Several
reasons are memory cell, gating mechanisms, long-term de-
pendencies, handling vanishing gradients, robust learning of
sequential patterns. However, the classification performance
of the network is not improved Jiao, Zhao, and Lin (2019).

In the fault diagnosis of driving motor based on
CNN-LSTM, add layer is considered to connect the feature
information of parallel output of two networks. The Add
layer only increases the information under the image
feature description, but the dimension of the image
description feature itself does not increase, only the infor-
mation under each dimension increases, which is obviously
conducive to fault classification. The best approaches are
functional API, concatenation and dense layer, residual
connections, custom layer, lambda layer, and so on. How-
ever, the same fault sample data is used as the input data of
CNN and LSTM networks, but the data in the output layer do
not follow the same distribution, so the Add layer cannot be
directly used to Add. However, with the same input of fault
sample data, the distribution of output data of the two net-
works is different. Therefore, the BN layer is considered to
solve the problem that the distribution is different due to
different networks and cannot be added directly. In addition,
considering the gradient descent, the influence of the fea-
tures contained in the vibration signal is masked. In this
paper, time-frequency graph, deep neural network (DNN)
and attention mechanism are introduced to diagnose
CNN-LSTM network structure as shown in Figure 6.

4.1 Input layer

The model enters the collected vibration signal data and
preprocesses the initial vibration signal to obtain a

Figure 6: Structure diagram of CNN-LSTM
network.

time-frequency scheme. The size of the function of each
frame spectroscopy is normalized to 256*256*3, which rep-
resents the width and height of 256 images, and 3 represents
the number of channels (RGB) of the chromatography. The
convolutions are then contained in the CNN layer for the
next step in pooling.

4.2 Multi-convolutional kernels CNN layer

A multi-scale convolution is used to perform convoluted
operations according to CNN layer input data to process
time frequency function data, followed by a merger
operation to further produce functions. The key charac-
teristics of multi-scale convolution are time-frequency
localization, multi-resolution analysis, feature extraction,
time-frequency analysis, signal compression, scalability,
and efficiency. The release of the network is ultimately
combined into serial representation. The model expansion
scheme is shown in Figure 7. When implementing a model,
the CNN layer consists of two intricate layers and two
union layers. The first layer of convolutional imple-
mentation is the time-frequency scheme of error. The
convolution operation is performed using a 2 x 2 64 con-
volutional line with a step size set to 1. The relu is used as
an activation function for this network model. The
maximum pooling layer is used to combine the results of
the convolution to obtain important properties of emotional
properties, in which the size is 2 x 2 and is determined in
1 size of the gateway. All 64 feature maps are created by a
merge operation of the maximum unifying layer. The second
layer of the return adapts to the size of the 3 x 3, the same
layer of the process. The conditions typically followed in the
merge operation to assist in creating numerous features in a
CNN are dimension compatibility, element-wise operation,
feature combination, intermediate layers, regularization
and information flow.

In the model, the time-frequency graphs of fault samples
are represented by CNN layer. The size of CNN output vector
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Convolution ~ Max pooling

=i

H depends on W, F, P and S Where W is input size. F is
convolution kernel size. P is fill size. S is step size. The
calculation formula is as follows:

H= (W-F+2P)/S+1 @)

When extracting convolution elements, first use a
convolution kernel to calculate the local elements of each
input, as shown in formula (3). Furthermore, as shown in
Equation (4), the calculated characteristics are vertically
connected. Finally, the calculation result adopts the activa-
tion function of nonlinear calculation, and the convolution
finite element is obtained, as shown in formula (5). Convo-
lution finite elements, also known as convolutional finite
elements or FEM-C, are a specialized class of finite element
methods (FEM) that incorporate convolution operations into
the discretization process. These methods have been devel-
oped to solve partial differential equations (PDEs) in do-
mains with complex or heterogeneous material properties.
In the equation, Wy represents convolution kernel with
height F, and H represents the size of output vector.

hir() =f(WpxX(i:i+f-1)+b )]
hie = [har (1); hap (2); ... 5 hap (H)] 4
hrir = relu[hyr] (5)

Finally, different features are fused to improve the
classification accuracy. The formula is as follows:

h; = Concatenate (hrg, hror) (6)

4.3 LSTM layer

LSTM network can effectively capture the context informa-
tion of input sequence, and solve the problem of preservation
and transmission of serialized information. The operation
sequences of various convolution kernels mentioned above
are used as input of LSTM, and each operation can be
extracted from LSTM cells, which is helpful to obtain better

2%

Max pooling
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Figure 7: Multi-scale convolution kernel CNN.

classification model accuracy. The evaluation metrics are
accuracy, precision, recall, F1 score, specificity, confusion
matrix, cross-validation, precision-recall curve, etc. These
evaluation metrics help to assess the performance of a clas-
sification model from different perspectives.

4.4 Attention mechanism layer

The attention mechanism is inspired by the nature of human
vision. When viewing a particular scene, our visual system
focuses only on the part we want to see, and ignores irrelevant
redundant information. In the attention mechanism layer, the
output of CNN + LSTM layer is taken as the input, and the
corresponding output weights of all moments are calculated by
the score function. The specific calculation of the score function
can vary depending on the application and the desired simi-
larity measure as input, comparison, element-wise compari-
son, aggregation, and normalization. It is important to select a
suitable similarity measure that captures the desired charac-
teristics of the weights and aligns with the objectives of the
task. According to the weights, the original output vectors are
weighted and summed to obtain the attention feature vector.
The expansion of the attention mechanism layer model is
shown in Figure 8.

CNN LST™

Figure 8: Attention mechanism layer.
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With the introduction of attention mechanism, the
model can capture important information and make output
representation by weighting the output of all moments
according to the weight. For each vector a; output by
CNN + LSTM, its attention weight r; can be calculated by the
following formula:

a = €xp (f(rl)) )

'Y exp (f(r)

Where f(r)) is the scoring function.

4.5 Output layer

The Softmax output layer mainly solves the multi-classification
problem, and the output of the fully connected layer is used as
the input. The cross-entropy loss is usually chosen as the loss
function for multiple classification problems. Calculation
method of loss function:

K
C=- EY(i)IOg)’mL (1) 8)

Where y(i) and Fly¢,,(i) represent the real output of the
sample and the predicted output of CNN-LSTM network,
respectively. Although the classification accuracy of the
training set is improved, the accuracy of the validation set is
not. Through the analysis of the output of the middle layer, it
can be found that the classification accuracy of a single CNN
and LSTM is around 90 % when only the loss function of the
output classification result of the hybrid network is consid-
ered. To this end, by constraining the output accuracies of
the two networks, we rewrite the overall loss function as:

N k N k
Y Yy (Dlog(ye,, () +aly ¥ y(dlog(y. (i)
1 i=1 1 i=1
N k (9)
+ a2; ;y(i)log(n (1)

Where y(i) is the ideal output of the sample. y¢, (1), yc(i) and
yi(i) respectively represent the predicted output probabili-
ties of the three networks. al, a2 are the regularization
parameters.

In the experiment, Adam algorithm is chosen as the
optimization algorithm of neural network, and its advantage
is that it can design independent adaptive learning rate ac-
cording to different parameters. Adam algorithm is often
chosen as the optimization method for neural networks
as adaptive learning rates, efficient & effective, robust to
different data & architectures, low memory requirements,
handles sparse gradients, and easy implementation.
Depending on the specific problem, dataset, and model ar-
chitecture, other optimization methods such as stochastic

DE GRUYTER

gradient descent (SGD) or its variants may yield better re-
sults. Calculating an independent adaptive learning rate
involves adjusting the learning rate based on different
parameters or conditions during the training process. There
are various methods for determining the adaptive learning
rate, and here are a few commonly used approaches
are learning rate scheduling, momentum-based methods,
adaptive learning rate, learning rate based on loss, learning
rate with validation performance, etc. The traditional sto-
chastic gradient descent method can only use a single vector
to update the ownership value, and it will not change during
the training process, which is easy to cause the local optimal
situation. In addition, due to the high learning rate, the loss
value of the validation set will not decrease, but increase,
and the shock is large. Learning rate decay is a technique
used in machine learning to gradually reduce the learning
rate during the training process. The purpose of learning
rate decay is to achieve better convergence and improve the
performance of the model over time. Instead of using a fixed
learning rate throughout training, a decay function is
applied to adjust the learning rate dynamically. However,
the smaller the learning rate, the slower the convergence
speed and the longer the training time. After experimental
test and analysis, the learning rate decay function is selected
and set. The initial learning rate is 0.001, and the decay
rate is 0.1.

5 The experimental results
5.1 Data description

In order to determine the fault samples of the driving motor
ontology of electric vehicles, 79 driving motor faults of
different brands and different types of electric vehicles were
investigated and statistically analyzed, and the typical fault
types and fault characteristics of the driving motor ontology
of electric vehicles were analyzed. Among the data samples
investigated, 4 cases were not used because they had few
fault phenomena or the fault location was not representa-
tive. Group in the remaining 75 effective samples, a fault
phenomenon corresponds to multiple parts of the samples
have 6 groups, one or more of the fault phenomenon cor-
responds to a part of the 65 groups of data, multiple fault
phenomenon corresponding fault there are four parts of the
sample, one or more of the fault phenomenon corresponds
to a part of the sample account for 86.7 % of the total number
of valid samples. Due to a malfunction phenomenon corre-
sponds to multiple fault location and fault phenomenon
corresponds to multiple parts of the sample is too little, the
number of samples is too little for neural network learning,
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Table 1: Fault category information.

The fault location Abbreviations Number Label
Inverter I 240 0
Stator S 240 1
Overload 0 240 2
Bearing B 240 3
Air gap, AG 240 4
Radiator RA 240 5
Rotor RO 240 6

and learning sample size will directly affect the quality of
the neural network, so this part of the sample after the
follow-up study to collect enough sample size to study again.
Since there are 65 samples corresponding to one fault loca-
tion for one or more fault phenomena, the model selected for
diagnosis using CNN-LSTM is multiple fault phenomena
corresponding to one fault location model. In this paper,
seven types of faults are selected for fault diagnosis,
including inverter, stator, rotor, overload, bearing, air gap
and radiator. Table 1 lists the detailed fault information.

5.2 The experiment

In this group of experiments, different classification
methods are used to verify the classification performance.
Several classification methods are accuracy, precision &
recall, F1 score, confusion matrix, receiver operating char-
acteristics, cross-validation, precision-recall curve, and so
on. The data set is the automobile drive set mentioned in this
paper. In the experiment, the collected vibration signal is
used to diagnose the automobile drive fault, and then fast
Fourier transform is used to transform the vibration signal
into time-frequency diagram, which is used as the input. In
addition, CNN, LSTM and BP neural network are used to
carry out experiments for comparison. Finally, the accuracy
of CNN-LSTM is 99.40 %, the accuracy of CNN is 97.02 %, the
accuracy of LSTM is 96.13 %, and the accuracy of BP neural
network is 94.94 %. In order to make the classification result
easier to observe, the confusion matrix of the four methods
is shown in Figure 9. The abscissa is the true label and the
ordinate is the predicted label.

From the confusion matrix, it can be seen that the
vehicle driving fault diagnosis method proposed in this
paper is significantly stronger than CNN, LSTM and BP
neural network. Although other models also use time-
frequency graph as the input of the network, CNN is good at

Predicted label

Predicted label

Predicted label

Predicted label

AG A

RO 4
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Figure 9: Confusion matrix.
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extracting local features and LSTM has weak feature
extraction ability. The CNN-LSTM model integrates the
advantages of both and further improves the classification
accuracy.

In order to analyze the convergence speed of various
methods, after building the network, the training samples
were set to the same, the learning rate was set to 0.001, and
the Batchsize was set to 32. A total of 200 rounds of itera-
tions were performed. The training results can be shown in
Figure 10. The closer the loss is to 0, the more effective the
network is. Conversely, the closer the loss is to 1, the worse
the classification effect of the network is. The abscess is the
number of training times (epochs). An EPOCH means that
the complete data set has been propagated forward and
back in the CNN respectively. Every time the network
model is trained, the weights in the network will be upda-
ted, and the fit will be better. As can be seen from Figure 10,
the loss of the four methods shows a downward trend on
the whole, and there is no abnormal fluctuation in the
whole training process, and it converges to near 0 when
the epochs reach about 80 times. It can be seen from that
the CNN-LSTM model converges very fast for car drive fault
diagnosis, and there is no fluctuation with the increase of
rounds. It can be seen that the convergence effect of CNN,
LSTM and BP neural networks is not as good as the model
proposed in this paper. The above shows that the fault
diagnosis method of driving motor proposed in this pa-
per can well extract fault features and achieve excellent
fault diagnosis performance, which is greatly improved
compared with the other three methods.

1é0 1%0 1é0 léO 260

Figure 10: Loss curve.

6 Conclusions

The driving motor is the core component of the electric vehicle.
The safe and stable operation of the electric vehicle is the
prerequisite to ensure the safe running of the vehicle. With
the increasing awareness of environmental protection and the
increasing number of electric vehicles, the research on fault
diagnosis of electric vehicles becomes more and more urgent.
Based on the research on the fault diagnosis of electric vehicle
driving motor, this paper analyzes the common faults of elec-
tric vehicle driving motor. The fault diagnosis method of
CNN-LSTM is combined with the fault of driving motor, and
good results are obtained. In this paper, the advantages of using
CNN-LSTM in electric vehicle fault diagnosis are analyzed, and
a fault analysis method of electric vehicle driving motor system
based on CNN-LSTM is proposed based on the fusion of neural
network and traditional automobile diagnosis technology. In
addition, the application effect of CNN, LSTM and BP neural
network on the driving motor fault dataset is analyzed, and it is
found that the fault diagnosis performance of the method
proposed in this paper is superior. In the future research, the
intelligent development of fault diagnosis can be aimed at.
Today’s cars are becoming more and more intelligent, and the
application of electronic pairs on cars in the future is
increasing. With the progress of science and technology, the
intelligent level of automobile will be improved, and the
intelligent level of automobile fault diagnosis will be further
improved. For example, users can identify faults by remote
access to car data, and more advanced signals can be used to
extract fault features so that early faults can be detected.
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