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Abstract: As the core components of electric vehicles, the safety of the electric system, including
motors, batteries, and electronic control systems, has always been of great concern. To provide
early warning of electric-system failure and troubleshoot the problem in time, this study pro-
poses a novel energy-vehicle electric-system failure-classification method, which is named Pearson-
ShuffleDarkNet37-SE-Fully Connected-Net (PSDSEF). Firstly, the raw data were preprocessed and
dimensionality reduction was performed after the Pearson correlation coefficient; then, data features
were extracted utilizing ShuffleNet and an improved DarkNet37-SE network based on DarkNet53;
secondly, the inserted squeeze-and-excitation networks (SE-Net) channel attention were able to
obtain more fault-related target information; finally, the prediction results of the ShuffleNet and
DarkNet37-SE networks were aggregated with a fully connected neural network to output the classi-
fication results. The experimental results showed that the proposed PSDSEF-based electric vehicles
electric-system fault-classification method achieved an accuracy of 97.22%, which is better than other
classical convolutional neural networks with the highest accuracy of 92.19% (ResNet101); the training
time is faster than the average training time of the comparative networks. The proposed PSDSEF has
the advantage of high classification accuracy and small number of parameters.
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1. Introduction

In 2015, to address the post-2020 climate change, 178 parties worldwide signed the
Paris Agreement [1]. In September 2020, China first stated its “zero-carbon” target of hitting
“carbon peak” and “carbon neutrality” [2] and vigorously developed renewable energy
to meet the challenge. As one of the major energy-consuming industries, the automotive
industry has long been on the agenda of various countries and organizations to innovate
its driving methods. Consequently, the utilization of electric vehicles (EVs) can reduce the
consumption and depletion of non-renewable energy sources and has become one of the
effective solutions to the current energy and environmental problems [3].

According to the Ministry of Public Security in China, by the end of June 2023, EVs
have reached 16.2 million, occupying 4.9% of the entire automobile market. Nevertheless,
once an EV is subjected to external impacts or the vehicle is running in a high-temperature
and harsh environment, the electric system including the motor, battery, and electronic
control system will be damaged, resulting in risks including short circuits, overloads,
and battery fires [4], and may even cause accidents like spontaneous combustion of the
vehicle, resulting in economic losses and personal threats [5]. Consequently, the accurate
categorization of EV electric-system failures and timely troubleshooting of the failures are
of great significance to EVs.
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EV electric-system fault-classification methods are mainly categorized into the follow-
ing four types: statistical analysis, physical modeling, machine learning, and synthesis
methods [6]. Statistical analysis methods analyze historical fault data to determine the
classification accuracy of different fault types. Statistical methods are only applicable for
scenarios with statistical or periodic laws, whereas the driving environment of an EV, the
electric-system operating environment, and the material properties of battery packs are not
periodic or similar, and the statistical methods are not applicable to classify electric-system
failures in an EV. The physical-modeling approach models the chemical reaction, heat
conduction, and current distribution inside the electric system to achieve the classification
of different fault types [7]. The physical method requires the establishment of an accurate
internal model of the electric system with precise parameters. However, as far as the battery
system is concerned, it is composed of many groups of individual batteries together, and
the different degree of utilization of each individual battery will cause each individual
battery to produce different deviations; then, the accuracy of the physical method is not
well guaranteed.

The machine learning methods currently mainly include time series [8], image con-
volutional neural [9], and deep neural networks [10]. Time series methods, which include
recurrent neural networks [11], long short-term memory networks [12], bidirectional long
short-term memory networks [13], and gated network methods [14], are mainly applicable
to prediction problems with strong time series characteristics. Deep neural networks are
mainly applicable to classification and prediction problems with few data dimensions that
are not prone to overfitting. Image convolutional neural networks are widely utilized
in the image domain and classification/prediction problems with more data dimensions
because of deep convolution modules [15]. For example, Darknet53 achieved superior
performance metrics with excellent feature extraction capability, lightweight, and efficient
advantages [16]. ResNet50, Inception V3, and the SoftMax activation layer were integrated
to predict the power loss of solar photovoltaic panels [17]. DeepLabv3+ employed the
backbone network of ResNet101 to predict the crack width of irregularly cracked images
of objects containing noise and shadows and to predict cracks in real-life concrete and
asphalt [18]. DenseNet201 was applied to extract features for lumbar anterior slippage and
normal state [19]. The NasNetLarge deep learning method was employed to categorize the
lung infection status of chest X-ray images and discriminate between the healthy state and
virus-infected states [20]. A depth-separable Xception model included residual structure to
accurately recognize and classify finger veins with fewer parameters [21]. EfficientNetB0
was utilized to monitor the structure of bridges and to repair faulty components [22].
GoogLeNet can learn information characteristics of known deposits and accurately classify
the remote sensing images of minerals [23]. Improved ShuffleNet and Kalman filters were
deployed on a UAV to monitor and calculate the distance between people in public areas,
and also to effectively prevent the rampant spread of infectious diseases [24]. A multi-fault
mode detection method of P2 diesel hybrid electric vehicle based on support vector ma-
chine was proposed for diagnosing the coupled faults of the generator, motor, and battery,
which can classify the multi-faults more accurately, but the method can only categorize the
faults into four fault categories: no fault, diesel engine fault, motor fault, and power battery
fault; it cannot further categorize the fault types to the specific types of the subordinates of
these four faults [25]. Deep learning and blockchain-based EV fault detection frameworks
were proposed for detecting tire pressure, temperature, and battery faults, and the study
utilized the CNN and LSTM deep learning models to predict the presence of faults with
70% prediction accuracy [26].

In recent years, attention mechanisms have been widely recognized for classification
and prediction problems [27]. Multiple attention mechanisms have been proposed for
image processing, natural language processing, and data prediction [28]. For example,
attention mechanisms were combined with recurrent neural networks to process specific
portions of an image at high resolution, extracting key features therein while omitting
irrelevant features, and improving accuracy performances [29]. Moreover, based on the
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image characteristics, the channel attention mechanism was applied to improve the accuracy
of image classification and prediction. For example, the squeeze-and-excitation networks
(SENet) channel attention mechanism was added to the YOLOv5 model to predict the
classification of crop disease categories by assigning higher weights to the key features [30].
Moreover, a two-stage spatial pooling method with the SE channel attention module was
proposed to improve the classification effect on ImageNet significantly [31].

An integrated approach aims to combine multiple tools to improve prediction or
classification accuracy. No method exists that can be trained quickly and with high accuracy
for a wide range of datasets. For each different dataset, the network needs to be tested
and matched with numerous specific iterations. In this study, inspired by ShuffleNet
and DarkNet53, the results of both methods were synthesized by employing a deep fully
connected layer to improve the accuracy of fault classification for EV electric system. In
addition, inspired by channel attention, this study applied the channel attention mechanism
to boost the training speed and prediction accuracy of the proposed ShuffleDarkNet37
network. Therefore, the key contributions of this study are summarized as follows:

1. DarkNet53 network has few parameters and high efficiency, with 52 layers of convo-
lution for multi-scale feature extraction, which speeds up the convergence of training
and reduces the gradient loss by backpropagation, and greatly improves the accu-
racy and the generalization of the model. Inspired by the DarkNet53 network, the
proposed Pearson-ShuffleDarkNet37-SE-Fully Connected-Net (PSDSEF) reduces 16
convolutional layers of the DarkNet53 network and improves the classification accu-
racy of the DarkNet53 network. The proposed PSDSEF is lighter in comparison to the
DarkNet53 network and can reduce memory while maintaining accuracy.

2. The ShuffleNet network has a simple structure and few parameters with high ac-
curacy. After many matching experiments, the authors are pleased to find that the
ShuffleNet and lightweight DarkNet53 networks can match the EV electric-system
fault-classification dataset very effectively. Although the structure of the ShuffleNet
network is simple, the results of the ShuffleNet network can fully compensate for the
inaccurate results of the lightweight DarkNet53 network.

3. Compared with the convolutional neural networks (CNNs) without adding the chan-
nel attention mechanism, the proposed PSDSEF takes the channels of the image as the
inputs of the CNNs and pays attention to the locally important information brought
by the channels of the image.

4. To the best knowledge of the authors, this study is the first to integrate complex CNNs,
lightweight CNNs, deep fully connected networks, and channel attention mechanisms
for the EV electric-system fault-classification problem.

5. There is no existing research utilizing CNNs to classify the electric-system faults
of EVs.

The other sections of this study are arranged as follows. Section 2 describes the overall
architecture of the proposed PSDSEF. Section 3 describes relevant parts of the dataset and
experiment. Section 4 briefly summarizes the full work.

2. Proposed PSDSEF

In the field of image recognition, CNNs have achieved excellent results. In this study,
a new network PSDSEF was proposed to obtain high-precision fault score prediction results
for the electric system of EVs. The overall structure of the proposed PSDSEF is shown
in Figure 1. The detailed components of PSDSEF are described and explained in the
next subsections.
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Figure 1. The overall structure of the proposed PSDSEF. 

2.1. DarkNet37‐SE of Proposed PSDSEF 

The improved DarkNet37-SE is the combination of improved DarkNet53 and SENet. 

For this study, which considers EV application scenarios, the light-weighting of the net-

work  is  especially  critical. The DarkNet37 proposed  in  this  study discards part of  the 

structure  in DarkNet53 and  inserts multiple SE channel attention networks  to  improve 

prediction  accuracy  and  speed while  keeping  the  total  network  parameters  from  not 

changing much. The structure of DarkNet37-SE is shown in Figure 2. The detailed parts 

of the improved DarkNet37-SE are illustrated and elaborated in the following subsections. 

CBL res resInput res res res Output

SE
N

et

SE
N

et

SE
N

et

A
ve

ra
ge

 p
oo

li
ng

So
ft

m
ax

CBL = Con2d BN
Leaky
ReLU

×1 ×2 ×5 ×5 ×2

res = Residual Block

Fu
ll 

co
nn

ec
tio

n

 

Figure 2. The architecture of DarkNet37-SE of proposed PSDSEF. 

2.1.1. SENet of DarkNet37-SE 

The SENet, proposed  in 2017, models  the  convolutional  channel  feature maps by 

modeling the interdependence between the feature maps to assign different weight values 

to the channels of the feature maps, allowing CNNs to focus on certain feature channels 

with large weight values and suppressing those that are of little use to the current task, 

thus improving representation ability [32]. The SENet has fewer parameters and less com-

putation; the SENet can be arbitrarily added to arbitrary positions in the neural network, 

which improves the effect more significantly. The schematic of the SENet is shown in Fig-

ure 3. 

The SENet includes squeeze squeezing, excitation motivation, and scale parts. As can 

be seen in the schematic diagram, firstly, the squeeze part compresses the original feature 

map with a dimension H × W × C into a 1 × 1 × C one-dimensional feature vector by global 

average pooling operation, enabling the one-dimensional feature vector to contain global 

information. Then, the excitation part downscales the 1 × 1 × C one-dimensional feature 

vector through the fully connected layer to reduce the computational effort; afterwards, 

the rectified linear unit (ReLU) activation function continues by upscaling and transform-

ing the feature map back to the original 1 × 1 × C dimensions through the fully connected 

layer, and then it utilizes the sigmoid function to obtain the normalized weights of each 

Figure 1. The overall structure of the proposed PSDSEF.

2.1. DarkNet37-SE of Proposed PSDSEF

The improved DarkNet37-SE is the combination of improved DarkNet53 and SENet.
For this study, which considers EV application scenarios, the light-weighting of the network
is especially critical. The DarkNet37 proposed in this study discards part of the structure
in DarkNet53 and inserts multiple SE channel attention networks to improve prediction
accuracy and speed while keeping the total network parameters from not changing much.
The structure of DarkNet37-SE is shown in Figure 2. The detailed parts of the improved
DarkNet37-SE are illustrated and elaborated in the following subsections.
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2.1.1. SENet of DarkNet37-SE

The SENet, proposed in 2017, models the convolutional channel feature maps by
modeling the interdependence between the feature maps to assign different weight values
to the channels of the feature maps, allowing CNNs to focus on certain feature channels
with large weight values and suppressing those that are of little use to the current task,
thus improving representation ability [32]. The SENet has fewer parameters and less
computation; the SENet can be arbitrarily added to arbitrary positions in the neural net-
work, which improves the effect more significantly. The schematic of the SENet is shown
in Figure 3.

The SENet includes squeeze squeezing, excitation motivation, and scale parts. As can
be seen in the schematic diagram, firstly, the squeeze part compresses the original feature
map with a dimension H × W × C into a 1 × 1 × C one-dimensional feature vector by global
average pooling operation, enabling the one-dimensional feature vector to contain global
information. Then, the excitation part downscales the 1 × 1 × C one-dimensional feature
vector through the fully connected layer to reduce the computational effort; afterwards, the
rectified linear unit (ReLU) activation function continues by upscaling and transforming the
feature map back to the original 1 × 1 × C dimensions through the fully connected layer,
and then it utilizes the sigmoid function to obtain the normalized weights of each channel.
Finally, the channel weights are multiplied by the channels corresponding to the original
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feature maps through the scale part to achieve the weighted feature maps, completing the
recalibration of the original features in the channel dimension.
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2.1.2. DarkNet37 of DarkNet37-SE

Darknet53 was proposed in 2018 by Joseph Redmon and others and performs well in
large-scale image classification tasks [33]. Darknet53 consists of 53 convolutional layers,
fully utilizes the stacking of residual structures for the fusion of multiscale features with
strong generalization, has few parameters and layers, and consumes fewer resources. In
this study, Darknet53 is improved to be Darknet37, which is composed of 37 convolutional
layers; the first 36 layers are utilized for feature extraction, and the last is for the final
output. The architecture of Darknet37 is shown in Figure 4, in which the residual block is
constructed as shown in Figure 5. The output tensor of the convolutional layer is fed into
the first “residual block”. The residual block contains a series of convolutional layers and a
batch of normalized layers, which are processed by a Leaky ReLU and added to the input
tensor; finally, the output tensor is sent to the next layer; the classification probability is
obtained through the SoftMax function after stacking multiple residual blocks.
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In summary, combining multiple SENet attentions in Darknet37 for feature extraction
of input images has lightweight characteristics while ensuring classification accuracy, which
is practical and easy to deploy in embedded devices for edge computing.

2.2. ShuffleNet of PSDSEF

ShuffleNet is widely applied owing to its high operational efficiency and small
model [34]. The architecture of ShuffleNet is shown in Figure 6. The specific layered
structure of Stage 2, Stage 3, and Stage 4 is mainly composed of the basic ShuffleNet
unit; the specific structure of (a) and (b) in Figure 6, i.e., the ShuffleNet unit, is shown in
Figure 7. The main idea of ShuffleNet is the pointwise group convolution and channel
shuffle rearrangement.
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The process of the pointwise group convolution: divide the feature map channel into
multiple groups; the convolution algorithm outputs the feature maps through the same
number of groups with the feature map channel 1 × 1 convolution kernel for each group of
feature maps; each group ultimately generates a feature map. The ordinary convolution and
pointwise group convolution are shown in Figures 8 and 9, respectively. Group convolution
is different from the previous ordinary convolution. The ordinary convolution can retain
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most of the original features by traversing the feature map; therefore, the calculation loss
is large. However, in the pointwise group convolution, each convolution only acts on the
corresponding channel and effectively reduces the amount of computation; consequently,
the network has a small number of parameters.
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After the pointwise grouping convolution, the different groups of feature maps do
not produce a connection. Only the corresponding group of inputs have a relationship,
leading to the loss of the original correlation information between the channels, and the
learning features are very limited. Consequently, channel shuffling is applied to establish
the communication between different channels and to achieve the flow of information
between the feature channels. The specific operation of the channel shuffle rearrangement
is as follows: if the channel is divided into mchannel groups, the number of channels in
each group is nchannel, reshape the mchannel × nchannel channels into a matrix with mchannel
rows and nchannel columns; then, transpose the matrix into a matrix with nchannel rows
and mchannel columns; finally, obtain the feature map channel after uniform shuffle by the
flattening effect. The graph of the channel shuffle is shown in Figure 10 where different
colors represent different channel groups.



Appl. Sci. 2023, 13, 13141 8 of 22Appl. Sci. 2023, 13, x FOR PEER REVIEW  8  of  22 
 

Channels

Channel
Shuffle

Input

GConv1

Feature

GConv2

Output

Channels Channels

 

Figure 10. Graph of channel shuffle. 

2.3. Fully Connected Layer of PSDSEF 

A single CNN has limited ability for feature extraction; the extracted features are dif-

ferent  from each other. Therefore,  in  this study, a  fully connected neural network was 

employed to aggregate the prediction results of ShuffleNet and DarkNet37-SE, and absorb 

the advantages of the two networks, obtain a higher classification accuracy of the EV elec-

tric-system faults simultaneously. Firstly, the classification results of ShuffleNet and Dark-

Net37-SE were merged; secondly,  the merged results were  inputted  into  the  fully con-

nected layer with the number of neurons 18, 200, 200, 10, and 9 for training; finally, the 

final  classification probability was obtained  through  the SoftMax  layer. The  fully  con-

nected neural network structure of PSDSEF is shown in Figure 11. The standard SoftMax 

function is 

1

e
softmax( )

e

i

j

x

i n x

j

x





  (1)

where  ix   represents the magnitude of the probability that the predicted outcome category 

belongs to  i ;  n   is the sum of the categories. The SoftMax function maps the output prob-

ability of  n   categorization onto an  n -dimensional vector with a range of [0, 1] and selects 

the node with the largest probability value as the categorization result for final outputs. 

P
1-P

P
1-P

Softmax layer of
ShuffleNet

Softmax layer of
DarkNet37-SE

Input

Full connection layer

18 
neurons

200 
neurons

200 
neurons

10 
neurons

9 neurons

Softmax
layer

Output

 

Figure 11. Structure of fully connected neural network of PSDSEF. 

In summary, to accurately classify the faults of the EV electric system, a novel net-

work, i.e., PSDSEF is proposed in this study. The proposed PSDSEF combines the light-

weight ShuffleNet with the proposed lightweight attention networks (i.e., ShuffleNet and 

DarkNet37-SE). Finally,  the PSDSEF outputs  the classification results  through multiple 

Figure 10. Graph of channel shuffle.

2.3. Fully Connected Layer of PSDSEF

A single CNN has limited ability for feature extraction; the extracted features are
different from each other. Therefore, in this study, a fully connected neural network
was employed to aggregate the prediction results of ShuffleNet and DarkNet37-SE, and
absorb the advantages of the two networks, obtain a higher classification accuracy of the
EV electric-system faults simultaneously. Firstly, the classification results of ShuffleNet
and DarkNet37-SE were merged; secondly, the merged results were inputted into the
fully connected layer with the number of neurons 18, 200, 200, 10, and 9 for training;
finally, the final classification probability was obtained through the SoftMax layer. The fully
connected neural network structure of PSDSEF is shown in Figure 11. The standard SoftMax
function is

softmax(xi) =
exi

∑n
j=1 exj

(1)

where xi represents the magnitude of the probability that the predicted outcome category
belongs to i; n is the sum of the categories. The SoftMax function maps the output probabil-
ity of n categorization onto an n-dimensional vector with a range of [0, 1] and selects the
node with the largest probability value as the categorization result for final outputs.
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In summary, to accurately classify the faults of the EV electric system, a novel network,
i.e., PSDSEF is proposed in this study. The proposed PSDSEF combines the lightweight Shuf-
fleNet with the proposed lightweight attention networks (i.e., ShuffleNet and DarkNet37-
SE). Finally, the PSDSEF outputs the classification results through multiple fully connected
layers, which improves the prediction accuracy while reducing training time and greatly
improves the efficiency of the network.
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The overall steps of the proposed PSDSEF for the EV electric-system fault classification
are given in Figure 12.

Appl. Sci. 2023, 13, x FOR PEER REVIEW  9  of  22 
 

fully connected layers, which improves the prediction accuracy while reducing training 

time and greatly improves the efficiency of the network. 

The overall steps of the proposed PSDSEF for the EV electric-system fault classifica-

tion are given in Figure 12. 

Data acquisition

Data 
preprocessing

Dataset division

Shuffle-Net DarkNet37-SE

Fully connected neural network

Output prediction results

Analysis and discussion of results

ShuffleDarkNet37-SE

Data Cleaning

Data enhancement

Data normalization

Pearson correlation 
coefficient

Data sample generation

 

Figure 12. Process of EV electric-system fault classification for EV based on the proposed PSDSEF. 

3. Case Study 

The experiments  in  this study were  implemented by programming on a personal 

computer with Intel(R) Core (TM) i7-10700 2.90 GHz central processor and 32 GB random 

access memory utilizing MATLAB R2023a.   

The proposed PSDSEF was compared with DarkNet53, ResNet50, ResNet101, Dense-

Net201, NasNetLarge, Xception, EfficientNetb0, Place365GoogLeNet, ShuffleNet, Incep-

tionV3, MobileNetV2. The model parameters of the 11 compared networks are shown in 

Table 1. 

Table 1. Model parameters of the comparison networks. 

Models 
Number of 

Layers 

Number of 

Connections 

Number of Parameters 

(Millions) 

DarkNet53  184  206  41.6 

ResNet50  177  192  25.6 

ResNet101  347  379  44.6 

DenseNet201  708  805  20.0 

NasNetLarge  1243  1462  88.9 

Xception  170  181  22.9 

EfficientNetb0  290  363  5.3 

Place365GoogLeNet  144  170  7.0 

ShuffleNet  172  187  1.4 

InceptionV3  315  349  23.9 

MobileNetV2  154  163  3.5 

PSDSEF  318  350  32.1 

3.1. Dataset 

The dataset adopted  in this study  is from the vehicle operation big data of the EV 

industry provided by government officials [35]. The dataset applied in this study is the 

data of 10 electric passenger cars of a certain brand in the past six months. The dataset 
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3. Case Study

The experiments in this study were implemented by programming on a personal
computer with Intel(R) Core (TM) i7-10700 2.90 GHz central processor and 32 GB random
access memory utilizing MATLAB R2023a.

The proposed PSDSEF was compared with DarkNet53, ResNet50, ResNet101,
DenseNet201, NasNetLarge, Xception, EfficientNetb0, Place365GoogLeNet, ShuffleNet,
InceptionV3, MobileNetV2. The model parameters of the 11 compared networks are shown
in Table 1.

Table 1. Model parameters of the comparison networks.

Models Number of Layers Number of Connections Number of Parameters (Millions)

DarkNet53 184 206 41.6
ResNet50 177 192 25.6
ResNet101 347 379 44.6
DenseNet201 708 805 20.0
NasNetLarge 1243 1462 88.9
Xception 170 181 22.9
EfficientNetb0 290 363 5.3
Place365GoogLeNet 144 170 7.0
ShuffleNet 172 187 1.4
InceptionV3 315 349 23.9
MobileNetV2 154 163 3.5
PSDSEF 318 350 32.1

3.1. Dataset

The dataset adopted in this study is from the vehicle operation big data of the EV
industry provided by government officials [35]. The dataset applied in this study is the
data of 10 electric passenger cars of a certain brand in the past six months. The dataset
contains 10 CSV files; each file contains 32 data field names, i.e., 32 columns of data; the
data field names and field definitions are shown in Table 2 where N/A stands for Not
applicable. The dataset contains a total of 5,458,182 EV operation data. Among them, there
are 28 kinds of fault codes in the fault data; the corresponding numbers of relevant fault
codes are shown in Figure 13.
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Table 2. Data field names, field definitions, and operations.

No. Data Field Name Field Definitions Operation Input/Output

1 vid Vehicle identification number Deleted (Has no numerical
sense.) N/A

2 yr_modahrmn Data acquisition time Deleted (Has no numerical
sense.) N/A

3 vehicle_state Vehicle status Deleted (Is fixed value.) N/A

4 charging_status State of charge Selected and used Input

5 mode Operating mode Deleted (Is fixed value.) N/A

6 speed Vehicle speed Deleted (Is fixed value.) N/A

7 gear Gear level Deleted (Is fixed value.) N/A

8 total_volt Total voltage Deleted (Has a very high
correlation.) N/A

9 total_current Total current Selected and used Input

10 mileage Cumulative mileage Selected and used Input

11 standard_soc State of charge national standard Selected and used Input

12 mode_cell_volt Battery voltage plurality Selected and used Input

13 mean_cell_volt Average battery voltage Deleted (Has a very high
correlation.) N/A

14 max_volt_num Maximum voltage battery number Deleted (Is fixed value.) N/A

15 max_cell_volt Maximum battery voltage Selected and used Input

16 max_volt_cell_id Maximum voltage battery Selected and used Input

17 min_volt_num Minimum voltage battery number Deleted (Is fixed value.) N/A

18 min_cell_volt Minimum battery voltage Selected and used Input

19 min_cell_volt_id Minimum voltage battery Selected and used Input

20 max_temp_num Maximum temperature subsystem number Deleted (Is fixed value.) N/A

21 max_temp Maximum temperature value Selected and used Input

22 max_temp_probe_id Maximum temperature probe Selected and used Input

23 min_temp_num Minimum temperature subsystem number Deleted (Is fixed value.) N/A

24 min_temp Minimum temperature value Selected and used Input

25 min_temp_probe_id Minimum temperature probe Selected and used Input

26 sing_temp_num Total number of single-cell temperature
probes Deleted (Is fixed value.) N/A

27 mode_cell_temp Individual cell temperature plurality Selected and used Input

28 mean_cell_temp Average individual cell temperature Selected and used Input

29 max_cell_temp Maximum individual cell temperature Selected and used Input

30 min_cell_temp Minimum individual cell temperature Selected and used Input

31 max_alarm_lv Maximum alarm level Deleted (Is fixed value.) N/A

32 bat_fault_list List of fault codes for chargeable energy
storage units Deleted (Appears non-numeric.) N/A

33 insulate_r Insulation resistance value Selected and used Input

34 dcdc_stat DC−DC status Deleted (Is fixed value.) N/A

35 sing_volt_num Total number of single cells Deleted (Is fixed value.) N/A

36 alarm_info Universal alarm symbol Selected and used Output
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(b) selected fault codes; (c) expanded fault codes.

The fault data were screened out and more than 200 data volumes of 8 categories of
fault data and 1 category of normal data were selected, totaling 9 categories of data to
form the original dataset of the experiments in this study. The numbers of selected fault
codes are shown in Figure 13b. In this study, the above nine fault codes are regarded as the
classification problem of electric-system failure of EVs.

3.2. Data Preprocessing

The flow diagram of the preprocessing operations adopted in this study is shown in
Figure 14.
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Figure 14. Preprocessing flow diagram.

The processing of each step is described as follows.

1. Data Cleaning. Many problems may occur during data collection, such as malfunc-
tioning of vehicle sensors, poor network transmission when uploading data, etc.
Therefore, the collected data may contain outliers and missing values. Observation of
the dataset reveals that the following special cases occur:

• The vehicle models collected in the dataset are of the same brand and the same
model, and thus the Vehicle ID field and the data collection time field do not
affect this study;

• The vehicle operating states collected in the dataset are all in the purely electric
operating state, and the operating mode data fields are all “1”;

• The total number of individual batteries for the selected models is 95, and the
total number of individual battery temperature probes is 34, and both fields are
fixed values;
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• The maximum voltage battery number, the minimum voltage battery number,
the maximum temperature subsystem number, and the minimum temperature
subsystem number are all “1”;

• The charging and storage device fault code list field is null, with no available data;
• There are several cases with the same value: fault codes “8192”, “32,768”,

“40,960”, “57,344”, and “73,728” in the “speed” column; fault code “4096” in the
“vehicle_state” column; fault codes “8192”, “32,768”, “40,960”, “57,344”, “65,536”,
“73,728” in the “max_alarm_lv” column; fault codes “32,768”, “40,960”, “57,344”,
“65,536”, “73,728” in the “dcdc_stat” column; fault codes “8192”, “32,768”,
“40,960”, “65,536”, “73,728” in the “gear” column.

The above situations do not affect the feature extraction project of this study and are
deleted (Table 2). Therefore, the data dimension has changed from 36 to 21.

2. Data expansion. Since the number of various types of data samples in the training
data have a large gap, i.e., the training samples are unbalanced, this will lead to a large
deviation in the accuracy of the training results. Therefore, oversampling the data
samples with a small number of sample categories and reducing the number of larger
samples constitute two steps that were applied to achieve the purpose of balancing
the samples simultaneously. Data with more than 1250 data volumes were randomly
sampled to 1250 pieces of data. Because most of the data volume of generating
operational fault data was not up to 1250, the linear difference method was utilized
for data expansion; the formula for linear interpolation is:

xnew = xa +
(xb − xa)

σ
× δ (2)

where xnew is the newly generated sample data; xa and xb are the two original sample
data before and after, respectively; σ is the number of new data inserted in the middle
of the original sample; δ is the location of the new data generation (From Figure 10b,c).

3. Data normalization. To remove the magnitude gap present between dimensional data
and retain the relationships that exist in the original data, we normalized the data.
The practice max-min normalization maps the data values to the range of [0, 1], as

xnorm =
x − xmin

xmax − xmin
(3)

where xnorm is the normalized data; x is the original data; xmax is the maximum value
of the column in which the sample data are located; xmin is the minimum value of the
column in which the sample data are located.

4. Correlation analysis. After the above processing steps, the dataset was reduced to
21 columns, including 20 columns of data utilized for feature extraction and the last
column of labeled data. Too many variables can lead to the occurrence of data redun-
dancy, which affects the effectiveness of the model. Correlation analysis is applied
to derive the correlation between the data to extract the principal characteristics of
the data and reduce data dimensionality and redundancy. The Pearson correlation
coefficient is

ρ =
cov(X, Y)

σXσY
(4)

where ρ is the value of the correlation coefficient between columns X and Y; cov(X, Y)
is the covariance between X and Y; σX and σY are the standard deviations of X and
Y, respectively.

The obtained Pearson correlation coefficient plot of the data from the original 20-
dimensional input after removing meaningless numbers and fixed values is shown in
Figure 15a. As can be seen from the heat map, the correlation coefficients of the total
voltage, battery voltage plurality, and the average number of cell unit voltages reach 0.9984
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and 0.9997. Therefore, this study removes the columns of the total voltage and the average
number of cell unit voltages and retains only the columns of the battery voltage plurality
for the subsequent experiments (Table 2). The Pearson correlation coefficient plot of the
final used data is shown in Figure 15b.
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removing meaningless numbers and fixed values; (b) the final used data.

5. Data sample generation. Sliding window operation is performed on the data. Every
40 rows in the same fault code are composed of sample data, such that row 1 to row 40
constitutes the first sample data; row 2 to row 41 constitutes the second sample data;
by analogy, a total of 10,608 sample data are obtained as shown in Figure 12c. The
data samples are converted into pictures of size 40 × 40 × 1 as inputs to the network
to visualize the sample data and form the final training dataset; some of the picture
samples are shown in Figure 16.
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6. Dataset division. After the above preprocessing steps, a total of 10,608 image sample
data are collected. In addition, the ratio of the training dataset to the test dataset is 2:1.

The dataset of this study contains a total of 10,608 samples, the number of training
datasets is 7189. and the number of test datasets is 3419. The dataset contains a total of
9 categories of labels, and the numbers of the training dataset and test dataset corresponding
to each category of labels are shown in Table 3. Fault code “0” indicates that the vehicle is
operating normally; fault code “16” indicates that the vehicle is experiencing a SOC low
alarm fault; fault code “4096” indicates that the vehicle has a DC−DC temperature alarm
fault; fault code “8192” indicates that the vehicle is experiencing a brake system warning
fault; fault code “32,768” indicates that the vehicle is experiencing a drive motor controller
temperature alarm fault; fault code “40,960” indicates that the vehicle has a drive motor
controller temperature alarm fault and a brake system alarm fault; fault code “57,344”
indicates that the vehicle has a drive motor controller temperature alarm fault, a DC−DC
status alarm fault and a brake system alarm fault; fault code “65,536” indicates that the
vehicle is experiencing a high-voltage interlock condition alarm fault; fault code “73,728”
indicates that the vehicle has a brake system alarm fault and a high-voltage interlock status
alarm fault.

Table 3. Number of training datasets and test datasets corresponding to each type of labeling.

Labels Operation Number of the Training Dataset Number of the Test Dataset

“0” Select 1161 from 5,447,841 787 374
“16” Select 1167 from 1386 791 376
“64” Deleted for insufficient number. - -
“66” Deleted for insufficient number. - -
“68” Deleted for insufficient number. - -
“2048” Deleted for insufficient number. - -
“2064” Deleted for insufficient number. - -
“2066” Deleted for insufficient number. - -
“2112” Deleted for insufficient number. - -
“2114” Deleted for insufficient number. - -
“2115” Deleted for insufficient number. - -
“2128” Deleted for insufficient number. - -
“2130” Deleted for insufficient number. - -
“2131” Deleted for insufficient number. - -
“2163” Deleted for insufficient number. - -
“4096” Select 1020 from 3298 693 327
“8192” Select 1158 from 1237 785 373
“16,387” Deleted for insufficient number. - -
“24,596” Deleted for insufficient number. - -
“32,768” Expand 209 to 1170 793 377
“40,960” Expand 666 to 1251 847 404
“49,152” Deleted for insufficient number. - -
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Table 3. Cont.

Labels Operation Number of the Training Dataset Number of the Test Dataset

“57,344” Expand 672 to 1263 855 408
“65,536” Select 1170 from 1835 793 377
“73,728” Expand 222 to 1248 845 403
“98,304” Deleted for insufficient number. - -
“106,496” Deleted for insufficient number. - -
“114,688” Deleted for insufficient number. - -
“122,880” Deleted for insufficient number. - -

The initial parameter settings of all the compared methods including the proposed
PSDSEF are shown in Table 4.

Table 4. Initial parameters of all the compared methods including PSDSEF.

Parameters Value

Execution environment Central processing unit
Optimization algorithm Stochastic gradient descent with momentum
Max epoch 120
Mini-batch size 128
Initial learning rate 0.01
Shuffle Every epoch
L2 regularization 100

The cross-entropy loss function is selected for the evaluation of multi-classification
models,

Loss = − 1
Nsample

Nsample

∑
l=1

i

∑
k=1

yl
k × log(ŷl

k) (5)

where Nsample is the total number of samples; i is the number of categories; yl
k represents

the real labeling category corresponding to the lth sample, which has a value of 1 if it is
the kth category, and 0 otherwise; ŷl

k is the result obtained by the SoftMax function, i.e., the
predicted probability of the sample l belonging to the category k.

3.3. Evaluation Indicators

For the multi-categorization problem, the following results may occur: true positive
(TPi), false positive (FPi), and false negative (FNi). In this study, four evaluation indicators
were selected to evaluate the model comprehensively, including accuracy (A), Macro-
Precision (Pmacro), Macro-Recall (Rmacro), and Macro-F1 score (F1macro). The formulas are
as follows:

A =

Nclass
∑

n=1
TPi

Nclass
∑

n=1
TPi + FPi

(6)

Pmacro =
1

Nclass

Nclass

∑
n=1

TPi
TPi + FPi

(7)

Rmacro =
1

Nclass

Nclass

∑
n=1

TPi
TPi + FNi

(8)

F1macro =
1

Nclass

Nclass

∑
n=1

2 × TPi × TPi
TPi(TPi + FNi) + TPi(TPi + FPi)

(9)
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where Nclass is the total number of categories categorized; TPi is the number of samples
correctly predicted to be categorized i; FPi is the number of samples incorrectly predicting
other categorizations as categorization i; and FNi is the number of samples incorrectly
classified as the true categorization i as other categorizations.

3.4. Experimental Results Analysis

The obtained results of all the compared methods are given in Table 5. The training
losses, training accuracy, and confusion matrix of all the compared methods are given in
Figure 17.

In this study, 11 classical outstanding networks are compared. Figure 17 and Table 5
show that (1) for the EV electric-system failure data, most of the models reach the conver-
gence state with a good trend; among these, the proposed PSDSEF converges faster than the
other networks and has less training loss; (2) the accuracy, Macro-Precision, Macro-Recall,
and Macro-F1 score of the proposed PSDSEF reach 97.22%, 97.59%, 97.38%, and 97.38%,
respectively; the four indicators of the PSDSEF are higher than all the comparison networks;
this is compared to the comparison networks in which the effect belongs to ResNet101,
which has the most significant effect among the comparison networks; the indicators of
the PSDSEF are improved by 5.03%, 3.63%, 4.84%, and 5.23%, respectively; by contrast, the
training time of the model is only 10,680 s, which is faster than the average training time
of the comparison networks by 5014 s; (3) offline learning is utilized for training. When
the deep network framework is trained, it takes only a little time to categorize the faults
on the test set. It can be seen that most of the networks take less than 5 s to test, while
the proposed PSDSEF takes only 1.62 s to test, which is only 0.58 s more than the network
Places365GoogLeNet, which takes the least amount of time; (4) from the confusion matrix,
it can be seen that the overlap between the classification results and the actual values of the
proposed method in this study is the highest among all the networks and the classification
accuracy is the highest.

The experiments show that the classification effect of the proposed PSDSEF with
higher accuracy and less training time is better than that of the comparison networks.

Table 5. Experimental results and evaluation indicators.

Models Accuracy (%) Macro-P (%) Macro-R (%) Macro-F1 (%) Training Time (s) Testing Time (s)

PSDSEF 97.22 97.59 97.38 97.38 10,680 1.62
DarkNet53 91.43 93.26 91.87 91.61 14,234 2.45
ResNet50 91.69 93.25 92.07 91.76 12,316 1.61
ResNet101 92.19 93.96 92.54 92.15 21,048 2.39
DenseNet201 89.21 91.85 89.72 88.41 18,951 6.44
NasNetLarge 88.80 90.40 89.32 89.11 58,613 14.17
Xception 70.96 77.71 72.40 70.59 14,984 2.70
EfficientNetB0 80.55 84.51 81.47 80.34 5978 3.63
Places365GoogLeNet 90.17 93.09 90.53 90.36 3568 1.04
ShuffleNet 86.49 90.19 87.09 86.15 4010 1.61
InceptionV3 65.75 74.44 67.55 65.77 13,216 3.33
MobileNetV2 84.97 88.12 85.47 84.03 5922 1.94
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DenseNet201; (c) training loss of MobileNetV2, Xception, EfficientNetB0, Place365GoogLeNet; (d) training
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accuracy of MobileNetV2, Xception, EfficientNetB0, Place365GoogLeNet; (e) training loss of Dark-
Net53, InceptionV3, NasNetLarge, PSDSEF; (f) training accuracy of DarkNet53, InceptionV3, NasNet-
Large, PSDSEF; (g) confusion matrix of PSDSEF; (h) confusion matrix of DarkNet53; (i) confusion
matrix of ResNet50; (j) confusion matrix of ResNet101; (k) confusion matrix of DenseNet201; (l)
confusion matrix of NasNetLarge; (m) confusion matrix of Xception; (n) confusion matrix of Effi-
cientNetB0; (o) confusion matrix of Places365GoogLeNet; (p) confusion matrix of ShuffleNet; (q)
confusion matrix of InceptionV3; (r) confusion matrix of MobileNetV2.

3.5. Discussions

In this study, the effect of the improved modules was verified by ablation experiments,
and the outcomes of the ablation experiments are shown in Table 6.

Table 6. Outcomes of ablation experiments.

Models Accuracy (%) Training
Time (s)

Testing
Time (s)

DarkNet53 91.43 14,234 2.45
ShuffleNet 86.49 4010 1.61
DarkNet37 (Improvement 1) 88.36 10,479 1.58
ShuffleDarkNet37 95.73 10,499 1.59
DarkNet37-SE (Improvement 2) 90.55 10,666 1.73
PSDSEF (Improvement 3) 97.22 10,680 1.62

Table 6 shows that (1) from Improvement 1, DarkNet37 reduces the training time by
26.38% compared to DarkNet53 with a loss of 3.07% in accuracy; and DarkNet37 is more
lightweight; (2) Improvement 2 adds multiple SENet attention mechanisms to DarkNet37;
the accuracy of DarkNet37-SE is 2.19% higher than that of DarkNet37 without the attention
network; but the training time is only 187 s more than that of DarkNet37, which is an
increase of only 1.78%; meanwhile, compared with the training of the DarkNet53 results,
the accuracy is only reduced by 0.88%; the training time is reduced by 3568 s, which is
25.07%; (3) Improvement 3 aims to aggregate the experimental results of ShuffleNet and
DarkNet37-SE through multiple fully connected layer networks before outputting the
classification results, which achieves an accuracy of 97.22%, with a training duration of
10,680 s; the training accuracy is higher than that of DarkNet53, ShuffleNet, and DarkNet37-
SE by 5.79%, 10.73%, and 6.67%, respectively; the time is only 14 s more than DarkNet37-SE.
Meanwhile, aggregating the outputs of DarkNet37 and ShuffleNet without the added
attention network (i.e., the ShuffleDarkNet37 columns in the table), the accuracy of the
network is 95.73%, which is higher than that of the PSDSEF by 1.49%; the training time
is 10,499 s, which is only 181 s less than that of PSDSEF, with a decrease percentage of
1.72%; (4) the testing time of the networks does not differ much owing to the offline training
approach, and it can be seen that both the original and the improved networks take only
a few seconds to classify the fault categories. From the ablation experiments, after the
introduction of the three improvements, the number of operations is less than the original
DarkNet53 algorithm; the operation speed is faster; the accuracy is greatly improved; the
performance of the improved algorithm is superior to the original algorithm.

It is a competitive task to utilize the original data to classify the faults of the EV electric
system because the original data are nonlinear, which leads to the difficulty of data feature
extraction. To achieve the EV electric-system fault classification accurately and efficiently, a
novel method based on PSDSEF is proposed in this study. The PSDSEF reduces the error
generated by manually extracting data features and does not need to learn the relevant
physical prior knowledge. Experiments show that the proposed PSDSEF performs well in
the EV electric-system fault classification, with improved prediction accuracy and speed,
which validates the feasibility of the PSDSEF. Compared with other networks, this PSDSEF
can predict the specific faults generated by the EV electric system in advance for early
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warning, which greatly reduces the economic losses and personal safety damage caused by
EV electric-system failures.

The proposed PSDSEF is effective but still has some limitations.

1. The samples in this study are the same fault code in 40 rows constituting an input
sample; there may be a large span between rows and rows of data, which leads to a
large difference in the data generating a certain degree of error.

2. The number of samples corresponding to some of the fault codes contained in the
dataset are too few to model the extraction of their features well, such as the fault
codes “2112” and “2128”, both of which have only one fault sample.

4. Conclusions

Accurately and quickly classifying the electric-system failure of EVs before the EVs
fail is essential to troubleshooting the failure promptly and reducing the loss of the owner
of the vehicle and the personal threat. To reduce the uncertainty and error generated by the
manual feature extraction, this study utilizes multiple CNNs with deep characterization
capability to extract and model the features of the data under the premise of big data. An
EV electric-system fault-classification method (i.e., PSDSEF) is proposed in this study; the
features of the method can be summarized as follows.

1. The accuracy, Macro-Precision, Macro-Recall, and Macro-F1 score of the PSDSEF for
classifying electric-system failures in EVs are higher than all comparison networks.

2. In this study, the selected dataset is firstly correlated by the Pearson correlation co-
efficient method, which in turn reduces the dimensionality of the data; then, the
maximum–minimum normalization is employed to eliminate the difference in magni-
tude that exists between the dimensional data and to simplify the parameters of the
data, which allows the features to be extracted more efficiently.

3. PSDSEF integrates DarkNet37-SE and the lightweight network ShuffleNet in order to
automatically extract features utilizing convolution and pooling operations, and then
the classification results of the two networks are aggregated by the fully connected
neural network, which draws on the advantages of the two networks to obtain higher
classification results.

In future work, the PSDSEF method could be generalized to other brands and models
of vehicles. In addition, if enough sample data are collected from the other fault codes,
the dataset could be supplemented to increase the categories of the fault codes in the
dataset. Moreover, better data dimensionality reduction methods could be adopted to
further reduce the data dimensions; then, data lightening could greatly reduce the training
time. Furthermore, the structure of PSDSEF could be optimized by appropriately adjusting
the number of convolutional layers, and the spatial attention mechanism could be added to
improve the model performances in conjunction with the channel attention mechanism.
Meanwhile, the information relating to time dimension could be introduced for the EV
electric-system fault classification; the safety of the EV electric system could be associated
with the usage time of the EV electric system as well as the previous state of the EV
electric system.
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