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Arc fault detection model based on multi-convolution and structure search
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Abstract; The series arc fault is mainly caused by poor contact of the electrical contact points in the circuit, which is one of the main
causes of electric vehicle fires, directly threatening the life safety of the occupants. In order to study it, an experimental platform for DC
series arc fault of electric vehicles was established. The voltage signals of the power supply terminal were obtained under various working
conditions, and the impact of arc faults on the power supply terminal voltage was analyzed. When constructing the detection model, the
paper used a convolutional neural network, introduced a lightweight convolution operation, and considered its limitations in practical
applications. Combining conventional convolution and lightweight convolution operations, a preliminary model for arc fault detection was
constructed. Then, with the scale and accuracy of the network as the evaluation index, the genetic algorithm with elite preservation
strategy was used to search for the external structure and internal parameters of the model. Finally, the model AFDNet suitable for arc
fault detection ( AFD) of electric vehicles was established. The detection accuracy of the model is 93. 73% , and the running time on the
embedded device Jetson Nano(JN) is 10. 82 ms. After establishing the model, the paper compared the search results of the algorithm
with other network structures in relation to network size, accuracy, and real-time performance, verified the validity of the results obtained
by the search algorithm. By comparing AFDNet with other detection methods, it was proven that the performance of the electric vehicle
arc fault detection model was superior.
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Fig. 1 Experimental platform
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Table 2 Ratio of the characteristic values

before and after the fault

HLAIL 2 PTC Jm#AZ%
I 1.013 4 0.997 0 0.997 6
E 3.255 3 1.493 5 1.028 3
s i 1.679 5 1.587 1 1.1110

2 HEIRIENE

W fF

ST XTE 2 FEE 2 AT e il AL g i N LR
FRAE Y7 2 T L sl R 4 I B G I LA —

2.1 EMERRE

G RERMZ MR DEAE, HRNE
FUREAIE 4 PR, 6 B o 76 5 A S0 1 3h 7t i
ATIBTCER AR LR AN J5 2, DT 4 B 25l 18 R AR AR
B 740, TGl B BeE A A, SO (S Bk
i,

AR SCHE T 10 2 — 2 1) 4 R 2 ) 24 o — 24 1)+
BRI, K5 Al e s AU W R kA
GRIRIER R 3 5 ), (6 R REASE FH T — 481

f1% 38 18



5 4 3

BT 2B BUMSTHL R (1 B IR A - 121 -

1

BB B
EBBANN)  GEEECN)

K4 w AR

Fig. 4 Operation of the conventional convolution

HWAER
(CEEH3)

Bl
. BB NN
HEAT AU 2 B
’~ﬁ@a
BB N
B [ [ ) mimssmn

K5 BRIRER 4Bk

Fig. 5 One-dimensional modification of the convolution operation

2.2 BIBERMMER

% Bl B %% i 51 4% FL (. mobile inverted bottleneck
convolution , MBConv ) J& — Ff 4 & 7 1) 245 FU 4 | o854
mE 6 .,

BB | REEB SEE A 3%B_Dropout
1x1 Kx1 JIBLiE 1x1 BfE

D-Chin

Kl 6 MBConv Z5ty
Fig. 6 The structural diagram of the MBConv

MBConv T 9HFREAE 245 3 NP EE.

1) B Jefd FHZ S 4B (pointwise convolution, PW) 4~
Fef A B AEE SR, PW A HERAE 5 5 A5 U W]
A BRI 11, ¥ PW R4 o E 505 A
T TEE LU AELE SO K el

2) i E YKk E T E & B ( depthwise
convolution, DW) , HFRAEINIK 7 i, 5K 4 s i
TR T R IR], DW AT 1Y J2 78038 18 45 1, JC ik 3
EHGH TR, — BB N — ANl | 5 s AR
FANEIE Z (BN 2 AT R S A 1 2 ) A DG
H T DW A Bl 38 38 A5 i A e 0, 2 A e B AR
i, DW HBETEAR4E R b AR, & AU B0 =2 3 IR
il , ok T B B AR BRI S TR AL Y R A e
FERTE ., DB 1) WiEE Y SRR T DW B2
REREAE 15 3 7070 M R 4%

3) g 1 kG ) 2% 2548 3k T PE K, 7E MBConv 1Y 2K i

T

aun

WMAER BREME A S
(EEH:3) (BREA ) (HIBHC3)

K7 BREZEREAE

Fig. 7 Operation of the depthwise convolution

T —A> PW EAT RS R 40, 8 v 2 A S 341G 4
23 [H]

T3Hh IR A B 22 I 2% I RRIE SRR BE T, AE DW
MG s PW AN T SE( squeeze-and-excitation ) Day=3
TIHLH B REAS I 2 2] S A AL R A B R B AN (R
TR TP S DTG {6 O 4% T 0% T 4 b DG 1 i BERRAE

MBConv ffi J 1 5% 22 42 B A MG BAERERER
i AR ST RS, (8 1 25 BE % B0 25 B b 2 2] B8
S 1| ol NG £ S N (E s £ I ) PR B V4 % oD
S BRI DAAS SCER HH Y — 2 M 2% 1
SRR AR A5 B B LA B N AR TR )2 W
25 RS BT AR IR, T HL Y A5 B A A R A
BOR—Z] (o 1 5% 2 34 i 75 22 PW R ) 4 3
B X SR HG R 2 R

Dropout 38 1 Fi AL 2 57 0 28 70 14 iyt 2 i 005
By (b 3 R i A B Y A P H R R AR 2 TR
R B YN AR AE A [ (4 5 R 2 F kAT S BB 1Y
) ARG I HLAE A SCSEBR 0 R 251 b ]
Dropout 2% W0 4% B ERG 2R 7= A F2 0

FI& A SCHE ] MBConv S B T 5% 22 3% 4% Fn
Dropout, EHUR i MBConv {1[&l 8 ff s, TERNEZ
JE U BN ( batch normalization) J2 1 ELU #{7% BRI %L,

BRER | | RESBR v | [BRBR
RS S R ST = Sj];ﬁ,fu“ =1
BNELU | | BNELU BN ELU

8 U ¥ MBConv £
Fig. 8 Structural diagram of the modified MBConv

2.3 ETHRERERBALHEEREE

AT N T AT 2 25 A0 8 A S 200 1 4 K
AR AL T B R, T S TN O R T
FIEEUHOA L A IRYE . T8 SCHER 45 ) 15 i
F A T TR R O B SRS 114 T TR X R 45 11 S =
S5k (B2 R0 NES B (B RST J7 R L))
TR,

AR — Bl 2 LR W A R S R AL %



122 LSRR R e o

38 &

8 e ABE UL PR ) S A A S A 7 P 2 5 R, S BTk
R ALAe o IS, et Sy AL 5k, B — AU
PRHR 2> 285 e 52 SURIVAR S 5 48 A2 BRI B9, AR
b REAATE BT R, XA AT R B T
A RBEZE AR, FEARM R A B A T . i bk
X — [, SR AL B P A TR e O B SR e —AX
T DR B YRR RE AR BRI A S S SR
ARSERAE BRI EE — U b AR IR B T R
HEIPE TS A, B R A A e B A, s AL 30k
FEAS S 4 DR Bl R 1) 22 R AN E AR B 7 16, B s A
Jey il LA

VESCHE (2 TS O B SRS 1) A% LR X R 2%
SR, AR B R R AR T LA IR

1) WHRAERIE : 165G, BEBLAE i — LRI iR W 28 2 Fa
IR , X L8 R 28 ZE R A A5 AN ] 1 B B B0 BB
SRR e

2) VEARIE L RE « B X R ) A4S I 25 45 4, R T
Tl AR (R4S R HERR R AN S ) X HAEREEA T PEA 15
B AR 25 45 A8 (3 VL

3) Ko O B SR - AR R ACARIEA T BEAR I, O B
AR B 19— B A 45 A (RIS %), W 110 55 5k P Y
feid

4) AL ERAE SR AL T T (S UML) X R e it
Tt — A, 58 SCEAR AT LAR & SRS M I R 5, 22
SRR G AT B9 AT R

5) LR BGH R 0 2ok g A R AR A 0 1) I 45 45 R
R BT — LRI

6) B NAL AT IPAG EHE S SURIAE S e
LRI A B B A A R SR

SiiBusseE OIS RriE L T SuR e i NN L Son Ll
EME T RILEE YA 12 T R RO AR SR 1, HAR o 14
RER IR — NG LAY 25 254 T R T4 7 1Y 1L
s REB IS AR PERESR B

3 HEMEEEE

3.1 MEINEEHIER

F RIS T MBConv & — i it Ak 1) & LA 1
SER Rz MBCony Hr g DW 3 A R 78 40 A1 T ERAR
HAF(GPU TPU %) , BULTE M IRk )Z 18172218 , A
SUR ()& il I 9 SR 5 G

FIEM KR RGN 4 iR, WL IHT
3R T SR, FEBCRHIE i [F] B R £ 15 8 1 4
& PRIE T JF 52 MBConv HEREMI 200 K 5., H MG R
Je IS B B, BB R4 2 4~ MBConv, 7E
BAGRBREHCE — RS 2 R IHALZ, & G

TR DW BB R 7x 1, MBConv HT 9 & L
B4 3,

TE CNN Hf | O 28 TR B () 36 i mT ) 3 s B 784 1) e 18
T3, AT HR 5 I 5% 4 P i (L T 2 D11 e B o A T 7 1)
Pk TR R G U 2 388 T, A ) G A A 7 e A 215
T E IR BE S BB EE T B T S SR A
PIEERE, RSB RE T ENSERI P 1
ANEFLZE MBConvx-1, i i3 X155 2 A~ 41 )2 MBConvx-2
I A B AN [FI 28540 B I 4 ol FH st AR vk 2R AT 200
YA RS S LR BE SR I, BRSNS A U &R 58 S PEBE
R BRI L S5 R AT R B | 2 40 SR A M R Ay BRAR
H R 26 1 2 254

R4 HEROENREH

Table 4 Convolution structure to be searched

layers Structure of layers Filter Size
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Table 5 Effect comparison for samples of different lengths

FEA HER 2/ %
1 000 93,24
750 93.20
500 93.16
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BN FE N RSB E IR, R T2 REER,
TTEM 16 807 (7)) MEE R HEAT Bk, T2 218 R 15 )2
R 20 7 MR RIUh AT e, g R, R EE
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Table 6 Suitable convolution kernel size

for each convolutional layer

Structure of layers Filter Size
Convl 5x1
Conv2 7x1
Conv3 5x1

MBConvl 15x1
MBConv2 13x1

3.3 HRILFHER
Pk L il J& MBConv Al 3 3% 5 48 B 38 B 50 S

iy A\ 3 TR LU AL, R A 8 a5 A B B A R
TR TS 0 0 2% PR RIS o A R 5 I 4% AL A5 A 0 o fy 5
B , E SCYT SR EE BRI RS IO [ 12 3 4 5] i
FE W45 A 05 B A MBConv H A S A5 5K EE 31 4331
382,

TR SEMUG , AFDNet 5852 (4 9 £ 45 46 R 2405 B 40
PO R 7 Bz o — 4 0 v R 0 20 A IR0 2% 1) 412 B
JEREATRE AR AR SR B, 5 AR £ HUZ o 2 BRUZ A AL 2 41
B, IR A FRIE B U RO A5 R
RJZ M R R R, XA R T I AL B

Conv » MBConv M Flatten
»Max pooling YAdaptive average pooling
AN
M H H STee R B AT
IR AIHE AR AUCID RRAN I €
' ' . o 3 AV eI
o .
HA ; = =
i RS 423

#19 AFDNet M4 2545
Fig.9 The network structure of the AFDNet

&7 AFDNet IS HIZE
Table 7 The parameter setting of the AFDNet

Structure of layers Filter Size Output shape Params
Convl SXIX1x32 500x32 160
Max poolingl 2x1 250x32
Conv2 Tx1x32x48 250x48 10 752
Max poolingl 2x1 125x48
Conv3 S5x1x48x64 125x64 15 360
Max poolingl 2x1 62x64
I1x1x64x192( PW) 12 888
MBConvl 15x1x192(DW) 66x96 2 880
1xX1x192x96( PW) 18 432
Max poolingl 2x1 33x96
1x1x96%x192(PW) 18 432
MBConv2 13x1x192(DW) 37x128 2 496
1x1x192x128( PW) 24 576
AdaptiveAvg pooling 1x128
Flatten 128
FC(128,64) 128x64 64 8 256
FC(64,2) 64x2 2 130

4 BIERFMKIEREIE

4.1 HEERNEEMRIE

W25 B SR S st AR SRS R IR IZ 45
T B T —> MBConv, g T 36 3F Ho & FEME 725
2459 AFDNet 1) 354l WS &4 9 MBConv, 3% 8
i, AFDNet x-2 &/RTES x > MBConv Ji B8 il — 1>
MBConv,
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Table 8 Verification of the rationality of
AFDNet’s outer structure

GES HEWH /% St
AFDNet 93.73 125 250
AFDNet 1-2 93.11 196 578
AFDNet 2-2 93.75 203 586
AFDNet 1-2,2-2 93.96 274 914

i 8 M1 ARSI TR A2 2 S 80 i 4R THIR
K, L8 ARG I HE B 3K WBH R = . ALK AFDNet 2-2
1 AFDNet 1-2,2-2 # AFDNet #E#1 R A HU/NE T, (2 M
BN SBREIEINT 62% 1 119% , HILA] 0L, 248 R
AR RGN SN ER G B R 5 B

FH % 2 25 AT i1, MBConvl H 8 B Y RS R 15
1IR3 TR ZIE IR e R(E, 753 9 1, AFDNet 17 1E
AFDNet &fifi F4% MBConvl H DW 9 85 B 1) RSH B Bl
N 17x1, AFDNet 7 H 5 A BV DW (985 BUZ T
Tx1,

x99 HRBRRTEEMEWIE
Table 9 Verification of the rationality
of convolutional kernel size

RES HER /% St
AFDNet 93.73 125 250
AFDNet 7 93.10 128 770
AFDNet 17 93.23 125 634

H 2 9 AT, S 80m 1, 3 A M4 R 22 58K i
AFDNet HA iz = I HERG R

V8 S i 4 v AR MBCony H B3 B LE 1 Sk R 5%
IR AL A R A L, S
2%, AFDNet J5 3 51> MBConv 1 (3™ J& F 5] 4351 3 Al
2, AFDNet x-y ¥ MBConv x "3 B LLBIME S R v, H
210 A, S AR R H AL A 0 45 H B R
Y JE AT 245 5 AFDNet HoA B = O HERR R

F 10 ¥ RILGISIEMIGE

Table 10 Verification of the rationality of extension scale

] £ W/ % e 6
AFDNet 93.73 125 250
AFDNet 1-4 92.51 140 290
AFDNet 1-2 92.93 111 234
AFDNet 2-3 93.53 154 146

4.2 SEMER TIENSEWIIE

11 ¥ AFDNet J5 % 9 )2 42 5 46 4 X MBConv
Bl R i G A R LS B2 N4 Convnet, K
AFDNet Hij % 925 2 FI2E 3 N H &R Z B RN
MBConv 24 8 M %% MBConvnet, MBConvnet 55 1 24K

IR T A AR S i T 200 A B T (5 R
FFH4E , R J5 22 MBConv FIEH TAE, BlE &2
S ECS BT R — 2

PO 2% 118 B A A A A 0 B 3 o I % 8 28 B N
(Jetson Nano) H1 i 15, IN JE2 5538 (NVIDIA) #E H (1) —
AR AR, AT 58 B e P B8 A0 R 2 25~ HE W AT 5L
P 0

F 11 WEEEEEIGIE

Table 11 Validation of the network performance

BES R/ % SRt IS (] /ms
AFDNet 93.73 125 250 10. 82
Convnet 92.85 287 298 262. 74

MBConvnet 93.16 129 042 15. 64
Convnet-1 91.69 164 418 247.65
MBConvnet-1 92. 62 118 242 15.46

i 11 AT BEEAE T E 240 i) MBConv, H1 T
YR BTZ R0, MBConvnet #H . AFDNet M 45 (1)
SHEIPETE T, H BTN Convnet o AFDNet ¥
EBBEBEINT 129% ., MBConvnet Fl1 Convnet B4 I sk
KL T AFDNet, 38 i 8 SO B R T 808 g Lu 9]
[ 4k T MBConvnet #1 Convnet B9 B #8 A= i B 2%
MBConvnet-1 F Convnet-1 ,/H\:':F' MBConvnet-1 (& 573
/LT AFDNet, {HEHT )G MBConvnet-1 il Convnet-1
I s [ 38 A D 4 AR AR, T 0 DOR) 28% P 8 45 A Al R AR B
S HOs A TR0 IR T8 SOR R LG BUR 1 A6 46
e & H A& P, 35 H i F MBConvnet £l Convnet
PR DR 26 2 B 3l o N T, RS ) v 1 R A T
AFDNet,,

4.3 AEIRETHBERRMEEEEE

HLBVRETEIZ AT I, 25 3l A D 2 AR R B DX 7
B TARDRMATIEE , [WRGHA 3R PTC ks,
SRAE B 1Y B 4 A R B A AT A, 25 SR A 10
FIR

FAEASOLT RGBT LR, Hs A7 4G
S B R Ry 0, 7 AR R A e A 2R 1,
M1 T AR S AR BRI S5 09 28 A v 58 | B A A5 AU e X
HHATA A I E A S5 25 & AR T — kAL,
RAGIEFBITIN AR UORA I IRG, RE 2
RANET R, BE T AT AR 38 O™ A S A R IR F Y 1
DU AT LA 3 8 PG I 76 A 3k B, A0 PG 0 F) 5 4 D A 4
BT s, B kA a 43530 3 5 YO8 B e RS I 2 £
IS AU RGN 3] Fi DI e R B, BRI PR SR 647 3
W, QR 2 R S LA AR AL W Ry SRS A R S5
rh o A IR

HLBIL B BT, % 1 56 B B BV AR Y R 45 HUR
Ui FEL PR A FEL LA A B 2R 8 DD R I Ay — A e 3 i
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Fig. 10 Model test results under the operation of 3 PTC heaters
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Flow chart of the cycle detection

Fig. 11
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Fig. 12 Voltage change during the motor switching
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Table 12 Voltage amplitude and model performance

under different battery pack levels

FH AL L/ % BERES S -VAY WEHI R/ %
100 82. 81 93.20
30 78.53 93. 61
60 75. 41 93.15
40 72. 42 93.98

4.4 AREFENE
1 AFDNet 5 HAMAG I J5 3L #EAT X HE . Xf Fe &S 2R
13 iR,
R13 AR EITEL
Table 13 Comparison of the different detection methods

ik W/ %  SHE KB ms
A BB A i B+
o 57.21 9.13
FEHLERR
Wi#E Mobilenet %) 84. 64 59 842 9.78
AFDNet 93.73 125 250 10. 82

SCHRL 1] T 4% Go 9 R AE S BO) 7, T 3h A 4 B
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