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Arc fault detection method based on lightweight convolution
and model optimization
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Abstract ; In electric vehicle circuit systems, DC series arc faults frequently occur at loose contact points or damaged line connections,
leading to hazards such as fires and explosions. To study series arc faults in electric vehicles, an experimental platform specifically
designed for electric vehicle arc faults was established. The causes and patterns of changes in the main current waveforms under
various operating conditions were analyzed in detail. Given the stringent real-time requirements for arc fault detection, this study
employed a lightweight convolution operation known as depthwise separable convolution to develop an arc fault detection network. This
network achieved the detection of arc faults and the identification of fault lines in electric vehicles. To address the limitations of
depthwise separable convolution in feature extraction in low-dimensional spaces, this study made improvements and proposed a
convolutional operation with superior feature expression: group separable convolution. Ultimately, a progressive ladder structure was
implemented, where the number of convolutional kernels within each group of the group separable convolution gradually decreases from
the shallow layers to the deeper layers of the network. This approach streamlined and optimized network architecture while ensuring
detection accuracy. Further enhancements involved optimizing the convolution kernel size within the detection model and integrating a
lightweight attention mechanism into the architecture. A dynamic learning rate adjustment strategy was also applied during the model’s
training process. Through these optimization measures, both operational efficiency and detection accuracy were systematically
improved. The model achieved a detection accuracy rate of 96.76% and exhibited good generalization and anti-interference

capabilities.
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Fig. 1 Experimental platform for the fault arc of electric vehicles
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Table 1 Experimental scheme for arc fault in electric vehicles
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air conditioner are in parallel
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Fig. 6  Structural diagram of the detection model based

on depthwise separable convolution
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Table 4 Parameter settings of the detection model based on the group separable convolution
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1 4

GSCony 1x1x(32x2) x64( PWConv) 5006 4.096
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5x1x(64%2) (GConv) 0. 640
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Max pooling4 2x1 62%x96

5%x1x(96x%2) (GConv) 0. 960
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Adaptive Avg pooling 1x128

Flatten 128
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Table 5 Comparison of the step-type adjustment

effects of the number of convolution kernels

R /% BHE/k
e b GEES) 94.29 74.277
ZE TG 94. 18 53.701
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Fig. 11

Comparison of detection model accuracy under

convolution kernel of different sizes

H P L AT P R 48 B AT L v A6
BRI HERR A, SR, B AU R ST B3 T, A5 8 i
REPRTH 2B LB —A LR, N, #E— 22X e 7oA
R RSE (151 BT ) A4 FRAZ G A DA AL F) 52 ), BLAAR 245
RN 6 FiR,

F 6 AERTHSRZIIRE EBEH R NT5 7
Table 6 Analysis of the impact of model performance

by convolution kernels of different sizes

EZAv-IN IR/ % SRk
11 94.63 57.157
13 95.23 58.309
15 95.74 59. 461
17 95. 68 60. 613
19 95.71 61.765

HRZI RSE I, B ) S8R b 2 8271, o
SILLHER R RSB N 1 RS 2 SePebn e, i T
BRI BB RS R 15%1,

3.2 EEAMHIMSRL
FEGREE 2 oh RN T AL PR B A
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Fig. 13 Comparison of detection model accuracy before

and after addition of ECA module
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Table 7 Parameters of the optimized detection model
; s -
EE0 BRWGER T L SHU/k

BRAF
Conv 15x1x1x32 1 000x32 0. 480
ECA 3x1 0. 003

Max poolingl 2x1 500x32
GConv 15x1%x(32x3) 1. 440
ECA 3x1 0. 003

GSConvl 500%64
PWConv  1x1x(32x3)x64 6. 144
ECA 3x1 0. 003

Max pooling2 2x1 250x64
GConv 15X 1x(64%2) 1.920
ECA 5x1 0. 005

GSConv2 250%64
PWConv  1x1x(64x2)x64 8.192
ECA 3x1 0. 003

Max pooling3 2x1 125x64
GConv 15X 1x(64%2) 1.920
ECA 5x1 0. 005

GSConv3 125%96
PWConv  1x1x(64x2)%x96 12.288
ECA 3x1 0. 003

Max pooling4 2x1 62x96
GConv 15x1x(96x1) 1. 440
ECA 3x1 0.003

GSConv4 62%x96
PWConv 1x1x(96x1) %96 9.216
ECA 3x1 0. 003

Max pooling5 2x1 31x96
GConv 15x1x(96x1) 1. 440
GSConv5 ECA 3x1 31x128 0. 003
PWConv  1X1x(96x1)x128 12.288

Adaptive Avg pooling 1x128

Flatten 128

FC(128,5) 128x5 5 0. 645
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Fig. 14 Comparison of the training processes of the

models with different learning rates
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Fig. 15 Comparison of model training process before and

after adding dynamic learning rate adjustment strategy
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Table 8 Analysis of model performance at different load

current and vibration frequencies

/A IRW/He  KelKS BE /% BL/A LIRS/ Hz R iiks 22/ %

10, 10 97.08 15, 10 97.21
10, 20 98. 96 15, 20 99. 13
12, 10 96. 88 17, 10 96. 87
12, 15 98.09 17, 15 98.12
12, 20 99.27 17, 20 99. 42
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Fig. 16 The current changes and model detection results

when other loads are added to the running motor
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Fig. 17 The current changes and model detection results

when the motor continuously increases the power

4.3 AEHMEE R LS8

N AR SO ) B e T R IR A T A T i 44 Ry
LAFNet( lightweight arc fault detection model) o H
DAL ST 10 25 50 A0 v ) 25 FRA5 A8) 4 3R T 4 2y Conv 535
DSConv , A= AR 4351 5 Model-1 FI Model-2, VE#E 7
B 27~ SRR S UA IR R A S . 55 2R Conv 45
ARSI A AR A LE | ASBIF Tt 08 G 00 A5 0 7 (47 A 3
YRS 3 1 ) P, IO 4 RS ASUAR >4 T 100 46 ARG 0 A6 5
1 11. 69% , X FE o AR B 1 iz A AL i s i AR P . AR
M7, #5564 F DSConv R 4 @A R | U] 2% S B0ke: ) o o
R,

®9 ETAESREMHENEE E5EXT L
Table 9 Performance comparison of detection models

based on different convolutional structures

A HEREE HER 2/ % ZHh/k
Model-1 Conv 96. 80 508. 985
Model-2 DSConv 95.78 41. 891

GSConv
LAFNet 96.76 59. 495
DSConv

SCHR[ 16 H2 T F I R A U ABE 8 AveNet, JL Al
KRS A 4 SCHR[ 19 ] R AEEAT T HUR
e P G ASE 7Y ) 2 i AR 5T, 38 A R A EffNet B3R, 44
# T Efficient-ArcNet #7Y . SCHR[ 21 ] % F DSConv #4) #HE
T R B AS TURE 76 Li-DtNet, 45 SCHE A 65 0485 750
LAFNet HHRFESRIUZ S T8 04, B4 Ay b ad Sk v e
el FHA A F A T AG: A5 R 1 £ % L, &5 SR sk 10
JiR.

I8 5 X E, AreNet 1) 2 80 i 8 =5, 4 LAFNet 1)
260. 82% , %t B f) K ) 4L Y Efficient-ArcNet 1 Li-
DitNet FEFRIRIAR /N, (EAG I A4 o B R Ik T LAFNet, #i
5T LAFNet, Efficient-ArcNet Fl Li-DtNet EL A7 AH X} i it
114 IO 45 55 ), (EL I R 20 95 2 oI AA 8 1 Al e, G
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Table 10 Performance comparison of the different

detection models

o DN A 7 HERRZR/ % SR/ k
ArcNet!'] 94. 69 155.173
Efficient-ArcNet[ ] 92. 69 59.301
Li-DtNet "] 90. 12 46. 469
LAFNet 96.76 59. 495
Efficient-ArcNet-1 95.28 61.061
Li-DtNett-1 93.19 74. 661
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