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Fig.1 Charging station feature set

e, Ko A N\ () RS B REAS 2 ], A s 0 A i 25
RREBT IR R I B SLEA S Az A 9 25 B A
LI

x=G(z;0) (1)
2o x AR RREACEE; 2 W55 G AR AR
22 P 2R, B 5T AR SRR AR 5 0,6, 0 A TS
H"EH
) 551 g D] 2 Ko S AR A AR A RSO ARE AR B AL A0
Vet A, G NGR)m, P a8 2 ) o B A
R FLSAEA R A IUREAS o I 85 I 28RS R A T
s = D(x;0,p) (2)
s S REA R LR B BR 2 i s D g A0
AP 22 W 2R, B0 BT A SR A K ELABL 6,0,
Sl 28 S H
R #2000 2 28, F 50 g R A 4 8 U T
P, METE4 o SB— LA ES, F0 &5 1)
NELAEG 2 PR, — Bl SR, 5 — R R ik R
Y Zradk 4 AR LA 2B 0 (BN , IS AR 18 ) Il i
5 FLSCHR AR 22 B, PRLIEG I ol i T LA 3 531
PR EAB . 5 AP R A A, B B AT —E )
AE 7 9 531 85 [ 7, A i g AR AR 0 ) 6% [ 4% ) 580
FIRREE G B A B, 32T A A R BE ) o dlad
RXAE A AR EL XS BT, A s 7 X i ad 72 v A A Bl
S SRR T LSRRI, A 48 o LSS AR
A& ORI AR RS Ny | Ei NPT B 3 STt E AR
7, B, AT AR s A R LSRR,
P8 n g o o BRI AR Y R R, H H AR R
BN
minmax V(D,G) = E._p,,(Ig(D()+

E.»,o(1g(1 = D(2))) (3)



& AH) ALK 52

Ao ESNIAEE; P(x) R BLCEURE 3 A s PL(2) R A
Wk 7 S 05 43 A1 5 1g(D(x)) Sy F4) 350 245 T 4 IR 1) L S 4
it 505 BB 12((1 — D(2))) A 240 531 45 i 1 U A
BB B R BORE R I, 090 2% 1R ok Ak
lg(D(x)) , VAHER X 73 FLSCEOE 5 28 g, 28 ids
W 15K e /M 1g(1 — D(z2)) -, BALEA: BB 3 B 4 5]
o YRt B [ — 07, B — S
B, RN, AT s IR e KAk, K, G g
Aty 00 R AR AR B 1) 0 AT, A T AR R B B

H i, GAN 7ECH G 58 5 i1 € SEPRn H o a0
it GAN Ref% A pi 5 B3 FGOE LA IX 43 1) 3 1A
18, T4 R B0 2 () USSR Z2 R e, 3 2o 194 T
PR ZREVE T AR LR 2 ST O PERERZ fhfig 11
GAN ¥ & H T AR RS, B3GR A R 5 A
R AB A, s G T i, B R U 2R RS, fe 2
PR AU MER R . GAN g i T 4R 77 A
PR TN, 5 D s W B , D1 5 AL I 4 e
Sy AR, PR R A 2] SRRl R T T

Sl GAN HEATEG 96 38 5, K i AT i 2
P S5 AE] GAN H, I 25 2150 L T 546 B0 1
I 43 A Rt , s an &1 2 s .

—————————————————————————————————————

%% VIZGAN |

N N L e
| I !

1
|
|
|
1
L

B2 GAN E&RZEH
Fig.2 Basic architecture of the GAN

2 E TR Bi-LSTM A 3T B8 1 d f& 750
=E

2.1 Bi-LSTM &8
LSTM HII T#E ML 4 il 15 2 i B BT sl 5 5%, 5
ANEATT T Fr ], DA R BR XTSRS i
AT B NS, DT RE AR B PR A IR (R], i A B
P25 ) 28 R BE R K R 2R B IRl R, LSTM Hr 11
iy A X35 R S ET A ) 2D A A — B ) R EUR
BH WA, it b s R %L Sigmoid PR 4
HEZITAA ] H A ERAEZ 5 (4)—N () FF
s, Hrp e (4) M AT, X (5) sl Xd6) . =
(1) A1 HIT, L (8) M.
I=0c(XW;+H_W,+b,) (4)

F, = (X,Wy+H,_ Wy +b;) (5)
C, =tanh(X,W,. + H, \W,. +b.) (6)
C,=F0C,  +10C, (7)
O0,=0cXW,+H,_W,+b,) (8)

A 1o AT TTESS @ BT 20K s s X R 4R
FERFEEAC ¢ /NI A ) i W W AT
AR R B by oM B AT i B2 30 o(+) i Sigmod
PRE; F, oA ast T FE 25 8 B[R] 204K ¢ A s W
Wi oh 353 365 1) B A B 5 b oAy 35t 1) 1Y) A 2 0
CoATELE R ¢ RO T B i
112N ; tanh(+) AR IE V) R EG W . W BTTHE
PATT 1Y B H R B b oA T B TT 0 i B 05 € oR Y
HF A 2K T T4 B RS € b — I R 2P
KT BT RS O K i i 17178 25 78 W [R] 25 K
I s W o Wi R S T TROACEE R b, i 13
YR I s FHAE 3 AE (0,11 19 Sigmod pRELTE N
PO PRER, 3 G 2R AR TR O $E il BB A 1 4F B
sl

iy th 171 O, T2 12 20 B B FROROIR 2 A AR B
), 19 B 2kt H N

H, = 0,6tanh(C,) (9)

Bi-LSTM H i [a] LSTM FllJi5 [i] LSTM 41 4 i
P A R OB AR A I 2 2% 1 30 e e 7 B o
(AR A 2, 3 IE [a) R[] 2 A A BE R A T R AIE 2
B, B85 B 0 T B ) 45 SR Fie B R e T SR AT &
fo HmZihinT.

H, = flem(XtaHt—l) (10)
H,= fLstm(XnHtH) (11)
Y =wyH,+w,H,+b, (12)

R Hy o Ho 28 9t 65 20 0 B s 28 4 s
Sram()2 LSTM BEAY s wy, S ijIa] LSTM J2 BAL H R
F4:5 wio R 1] LSTM J2 AT B 5 b, Ry i 2 11
P $E B4 Y, ¢ %) Bi-LSTM By 5% 2% il . Bi-
LSTM £ T H A4 =2 mir i Z1 i isf 7 A 2ok Tt
20 PR, BEEE AP b A A B G T
i X RRRPE (1S Bi-LSTM 78 Ak 3 i e $ic 4 it
LA g 1) R T AN A

2.2 PSO-Bi-LSTM ###!

PR WEHL P I E Bi-LSTM 48 2%k, 1R M
WAS 2GR S5 5 . S T 4 M w) R Ak Bi-
LSTM [ £ 2%, F 4] PSO %4 3% XF Bi-LSTM ## !
(2 2 5 B E R A& oA B T I 2k, R4k
Bi-LSTM #1715 | PSO 89 & —Fh ik T HEAA 2 ik
AL S, AR I B R Bk T 7R R =S (A vp
(% sh e B AT, % 08 A L R 209 D7 5L et f



53 JHAKBA 4 Z5TF GAN Zdidiam 5 et Bi-LSTM 14 7T H Al e T 7 92

B RURIRRE PN L bR 1) D s e LA, 40 1 BB
F O B AN B, A 3 AR AR, 2 S B )
B AR . R PSO S35k 4 Bi-LSTM KL%
A B LR T .

WL IR FRESEOR E . W E kLT RE
HECE N,=100, =K EL =50, I RYERE D, =2,

AR 2: X PSO Sk 1A A B AT 0] 4R Ak
WHE . BT IRIIR O EREL, FEHLAE B EE i kT
FIDLE N X, = (L h), HoH, 8 Bi-LSTM #E A 2% )
R 2E R PUEN KA BRSPS TR E
HBkid we i, PRI, SCrh ez 2] AT Y [0.000 1,
0.0011, 1Ay g 2 pi 28 e B i, HEEUE I [ R (10,
3007

AR 3: W PSO Bk 13 I e g . R
Bi-LSTM AR ISR AT U1 25, IR SEBRE R 5
FIOMME AT H A, 38 0 @%ﬁz}zu?:

S = Y (13)
y

R f(y) 1l I R y o TIN5 52 PR 2 2R AH
[R]85 E 5 y IR A B 4K
IR 4 AT . X —RERE R BT
A7 B FEAT V1A, I 38 2 R R 1 (L RN R,
PR AN W2 3T e 0 A6, DA T e 23R4S B AL fi o
R R AT AR
Vi =wV, +ar (P, —X,) +en(Py-X,)  (14)

Xi,r+1 =Xi,r+Vi,t+lT (15>
n=1+1Int,, (16)

1
T=— (17)

\n/;

K Vi Vi 200 A5 e 0GB AR NS ¢+ 1 UG AR
KL 013 B 5 X0 Xon 20 0 R 50 ek AR R A
t+ VRAEACETRL T i BB w R BHEARGE; ¢ L o
2 WAy oA [0, 1] ERIREALELG P, P, 430
R S R AR B R i AR A R A SR A LA
Lo N 5 KB A URE TR 18] R -5 A B ) PR
T Fifi 4 i A RUBU R A i 7228 Al R

i ot AR B A5, W B iae > R B
JEMZeE R A Bi-LSTM #5

ABRS: AR IO . R R ISR,
XIS HEAT YN, FFK UL g A B 2R 47 A 7Y
H, i A R B TR 45 2

gt GAN Bl 58, 52 GAN-PSO-Bi-LSTM
DAL g B 0 i AR AN 5] 3 i .

3 EBHISH
SCHR B RO 2 5 T T L T K R Al

D)

| FEREERRS| | | [AkPSOBH
et | |

| ) UL [BERLRIEE TR T

D BEEERS] || pE

s | PSR | L i

! ) Vo RIS

| (B AR A |1t smm et |
| SRR | 1)

GANZHE 1 5

________________

i [#aEBi-LST™
i X 2% 56 44
! v
| |FREBi-LSTM M
. BRI, B
Bi-LSTM | |5 = 2 o4 B

| PSORAL

i ! |
Il Z5Bi- i M g R
LSTMM%|
i .é%
MR LEEPSO-| !

Bi-LSTM® %%

________________

3 GAN-PSO-Bi-LSTM #§ &l 72
Fig.3 GAN-PSO-Bi-LSTM fault prediction process
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Fig.4 Fault prediction results for different data scales
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FRREAEE, I % AT DAL, PRA S R R 1
B
x 1 EREFERITEGER
Generate sample evaluation results
WHlifets  VAE WA ARBIE!  GAN

EMD 0.132 0.117 0.095 0.084

KL-D 0.169 0.141 0.124 0.108

Table 1

f2¢ 1 i %1, GAN ) EMD 5 KL-D {535/,
XKW GAN A= UFEAS 5 HL SRR AR 22 [A] B A ARLE i
1, AR PR AR R 8 B, T DL T SR S Y
M. 5 GAN #tt, VAE T84 70 40 1k & A 2%
pRETH R S R A, AR BB AR AR RO BT, 5
i ey 5040 A 22 e R A AR TR L At AR 4, E b 3
LWy AT e o e A A, T SC R B R — A 22 i
A3 A B, PR I R AR A R A B S R G
GAN; AR 0 A BBCHE e e D3 42 500 b A K 3
MG R, X6 T 1) ] 85 A A 3l 4, C A ik
P B SRR o T GAN il i A RS 5 5 1) 4% 1
FHE XTS5 AL, R8T b-dh2r >J 5 5 50000 1) N FE
O3, FEARTE RS 22 R M 0 SR b, AR IDUERE G Y
FEARA, AR RS LS AR L AR AR, DR A
45 A A B 1 8y R T AT

TERHR HE SR A I vy, o) i 2 B0CHT 4 v S T gk
7, R A A RE T L BB 2 A
J7 20, (H 5| A M7 ] 58 T 20R0E B AR, 2
A SR PERE o PRIk, SR Bt 5 A A v 0 e R
GAN A= BUFEZS 1 B RIS ME FR 52 ), 78 TR LR 4
PR ] AWM AR R R A A 5 5 A MRS J5 1Y
BT GAN BdlEHg i J5 1 B s S i

) B s 4 p e s, ROy R AL RS | 4
P A s R W s 3 Fh 2R, AL 75 — i
b TSI SR | VAN MR S S B A R —
P o S AR RS, WP L T AR SRR,
A W 7R 3 3E L TS AT 55 B R E AR B S
T30 R Bl S i R R AR, HLBOA T SR
HRFIEZE Y, BT DAAE 3 0 M 75 328 456 e ML P o
T TR R BT IR S R A DL LS B rh s g Ak
o R AR HLME . GG B 4R S IR 7S 4R
425, BARINF

AR 1 U IR B4 Lo

AR 2: A B TR A (RS, e T A R AR AR
95 PRVEUIR D 3 0 0 A MR MR S A [
B — AR AT M (MRS IR AR AL . = oA 5 e
Hirhg s Az AR
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1 2202
P(‘P) - 5 e e /2o) (20)
Vino
NGauss = N(O, 0-2) (21>

K plo)hy o) BE 22 %5 B pR B o i IR BEAE s iy
ORI o R eMIAREZE s 02 N QT 255 N N
TR TR AE o SO R TR R Y B IR 0, T 254y
5 0.01, 0.05. 0.10.

AR 3 R TR B AN I 2 R R B T, A
L S ERNEYE/TE S (I

L' = L+ Ngus (22)

Ao L OB 5 5 4

R A QRAF U IR S 5 i B s 4R O &t
GAN HEA B E 5, 15 33 50 J5 10 B B e 4

S W UE 5] AR P X GAN A B REAS 1 5, 43
SR T e B B 55 A I R ) B 4R R AT BN
B, AR 1 000 Z5AEAKRE, IT X LT IEAL, P
g RN 2 iR .

K2 FMRESHERERITEER

Table 2 Generate sample evaluation results
after introducing noise

PEAEFEAR J7220.01 J5220.05 72£0.10  JCMES
EMD 0.116 0.185 0.378 0.084
KL-D 0.127 0.214 0.442 0.108

HH 2% 2 A0, JCME S B 44 48 ) EMD &5 KL-
D {H /)N, H b6 WS T 22 38 0, W s 080 1) 43 1
B R, MR A % B K, EMD 5 KL-D {2
B XU A AR B AR 4 GAN 15 3 0 AR R AR
5 ESREAR Z (R AR ARLEE R, T 5 ) A IR F 4
1 GAN [ BB, B2 1 {5 45 A 5 RE A 1) B S P B
%o 302 R A SO s A T g Al L R B
Ye 3 TR BRI A R, B dE
HAETE— 2 M PSP 5 ACHT MRS, 2 T e A5 5K
P o B, DRI RZ 00 GAN Az REAS (1) LS, i
AR FH AR 500 46 £ 48 2 08 SRR SO P B AR 1 1)1 5
AT

BRI, 280 R fiE R A 5 GAN Xl s B340 2t
s, A3 2] 1 600 4% B sE B, o 5 Ih Bl
600 2%, GAN A A G 1000 5. 85 H Al 43 il 2k
5, HA il 24 1120 4%, M4 480 4%,
S BRI 4l SR v FE P, R A Y 480 S5 YN
JRAA B, AN A GAN Az i 1 i 5 . A
F 3¢ 42 GAN-PSO-Bi-LSTM 45 584 % % %5 s ik
AT53 T, ELAAR I B TR0 AT 5 AR X IO 9 2 A5l 46 3
FIim o

R 3 RN E S FIAE RS R A R
Table 3 Fault prediction task and corresponding
number of items

B TTIAT 55 Ve RS A4
Ay [ EH [543 Ew
e i 0 (672%%) (448%%) (297%%) (183%%)
oL L T4 FEHE O HB T
% (26855%) . B (17655)
TR R TR R
EZ IS T {5 i EH A B EH
Tl e T 0 (1204%). (448%%) (58%%). (183%%)
BMS:ili {75 it BMS3 {7 i [
(102%5). (365%) .
HAbMRE(1824%) HAbS = (275%)

3.2 FHEEHMERN_SRLERSH

B /S FI A PSO Bkl i Il R B 4T Bi-LSTM £
B B2 A T B 2 ) kAT SR, W E R
HFe . o fHR 2, B EwE N 0.9, K750 A
100, e KIERIECH 50, F 2] R EUEE I [0.000 1,
0.001], BEEd = #f 28 o & BUE YL F A [10, 3001, #
FER) 15 53 A RS 5 264058 BUS 1 B LA B A&l 6
7R, 38N AR IR N 7 R .
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Fig.6 Initial distribution state and optimal position of the
population for a binary classification model
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Fig.7 Fitness change curve for a binary
classification model
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1o PRI, B Ry 4 R de A r & (75, 1.56 107,
0.90), iZ A B 1 & B A 6 R e E S8 R
Bi-LSTM [ S %0 Bl )= W 28 08t h=75, % > %
1=1.56x10"*, % JA ALl — 73 S [a] @, T ok 4L
A Sigmoid, i 2% PR %X K binary crossentropy. 57
Yl Zad FE A FR A5 2 A MR R SR R AN 5] 8.
9 FiR .
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Fig.8 Test and training prediction accuracy of the
GAN-PSO-Bi-LSTM binary classification model
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Fig.9 Testing and training prediction loss values of the
GAN-PSO-Bi-LSTM binary classification model

H1 [l 8 F1EL 9 W, EAX 100 YT, R T 4%
RiaTRE, %% LT 95.57% B IE# 2, 7F
MR AE 3R] 94.00% 09 IE 6%, P R AE AR B4R
i R s I R 2t TRRE, BRI RN R 58 A .

SR Bk SC AR IR B IR, A I SO AR AR
5 Bi-LSTM. GAN-Bi-LSTM. PSO-Bi-LSTM # %l
AT B SE Ry . o Bi-LSTM Fl PSO-Bi-LSTM #&
RIS FHBCH 1 5 AT 0 s HE AR, LU IE GAN 444
B 1 8% R s GAN-Bi-LSTM 6 J %504 14 38 ) 1) %%
PEFEA, LA E PSO LRI e SE M ROCR . T
T Frees KR Fopen A 1R Fyoo FUE FAERTE
fhFehR, THEWT

Fi Tﬁ;::;") Fx100%  (23)
Foo = TZF x 100% (24)
Free T +PFH x 100% (25)
F, = % x 100% (26)

e T, 2 TE A 0 A 15 5% 7T FEL A s 5 2 4
0y T, 3% 7 1E B T Sy i B A e s 450 e 4R A
F, 2% 7 5 158 T00I0 A 1E 5 70 F 1 i o 45 4 4 4 i
F, 2R B VR Y0 Sy 00 55 %) 3 e 5 s S B0 i
AR R RS S5 AN 4 BTk . W%, GAN-
PSO-Bi-LSTM ) 4 JIFAL F8 b (B 34 5 5, A5 46 b
AH#E PSO-Bi-LSTM A #Y 43 51| $2 5 T 4.00. 5.64,
4.68. 5.16 ™A 4% &5 . Bi-LSTM. PSO-Bi-LSTM #&
YT FRECHE B Ve 2 o Bis s o, Bs s b, X
PR AR Y1 AS 843, TR IH i 228 A0 il o 05000 45 2R AN
£, X BGIE T GAN 78 5040 34 5 7 T A9 A Rk 5 4
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Table 4 Evaluation indexes for binary

model ablation experiment AL %
K AR W OREE JEE FUE
Bi-LSTM 84.17 80.80 82.14  81.46
GAN-Bi-LSTM 87.08 85.81 84.60 85.20
PSO-Bi-LSTM 90.00 87.56 87.95  87.75

GAN-PSO-Bi-LSTM  94.00 93.20 92.63 9291

Ry i — 25 B UE SRR Y B T SE A, 6 B FNN,
£ FH# 22 X 4% (convolutional neural network, CNN) |
RF . F & $2 F+ P& 56 #4 (gradient boosting decision tree,
GBDT). 4% % M 5 (residual network, ResNet), Xt #H
[F] P B 0 3 5 5 O B AR A T U 2R A B, TPA 8 b
XFHANER 5 iR o

x5 AREERK S RHFETN R

Table 5 Binary fault prediction indicators

of different models ;%
Xof e As A HEAE OREE JRE FUE
FNN 88.75 8471 8571 8521
CNN 90.42 9023 8839  89.30
RF 84.82 8687  81.70 8421
GBDT 88.13 86.36 85.94 86.15
ResNet 88.93 88.02 86.38 87.19

GAN-PSO-Bi-LSTM  94.00 93.20 92.63 92.91
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H1 %% 5 7] 1, GAN-PSO-Bi-LSTM # %l 4 171
AR bR IE R I, SRCR A CNN R H, SC
R AL £ I5 AR B 4 i 4R = T 3.58. 2,97, 4.24,
3.61 PMH AT R, XIS SO BLRLR ] Bi-LSTM
XoF IF B R 4 R AT A B, A A T HA A, 1R A
AT LA 50 Ak RS ) e 270 580 o A IR G &
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rh RS R A S AT R 40 S S0 v Y AT AT 5 ]
SEPE.
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Shy 55 UE S AR R A 2243 25 [R]85 R
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LB IR A D R 3 2 SR s R . R I
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Fig.10 Initial distribution state and optimal position of the
population for a multi classification model
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Fig.11 Fitness change curve for a multi
classification model
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Fig.12 Test and training prediction accuracy of the
GAN-PSO-Bi-LSTM multi classification model
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Fig.13 Testing and training prediction loss values of the
GAN-PSO-Bi-LSTM multi classification model
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Table 6 Evaluation indexes for multi

model ablation experiment AL : %

X LA 2T S E S T S S U]
Bi-LSTM 75.00 70.25 73.24 71.71
GAN-Bi-LSTM 79.17 74.69 77.97 76.29
PSO-Bi-LSTM 83.13 83.84 82.39 83.11

GAN-PSO-Bi-LSTM 88.66 89.79 87.95 88.86

®7 FEERENE S KMERNIER

Table 7 Multi classification fault prediction

indicators of different models HAL: %
Xt HASE W R HmE FUE
FNN 81.25 82.35 80.42 81.37
CNN 84.58 81.29 80.83 81.06
RF 76.79 75.28 78.96 77.08
GBDT 82.86 80.21 79.17 79.69
ResNet 83.13 80.45 80.42 80.43
GAN-PSO-Bi-LSTM 88.66 89.79 87.95 88.86

PET 4.08, 85, 712, 7.8 N EHAT A . H KK
B T AH AL, Bi-LSTM 5 AU 7E b H A 4 Hi 4 1 H
A, SCH AR AR T i B 10 i f
DL v 5 2 5 1) e R S 461 A T 43 B, R
SN RS RU A 22 43 2 B Y000 7 1T 19 2R3, 1% e v
MESAR I ZEd T RE SN 3 2%, W 8 IR .
%8 EXBMAPTHIIR

Table 8 A certain charging pile maintenance
work order record

HA R R A e f it Ia] 5E L A]
Hofh B 3H7H 3A7H
FEHREZ OB TR 5H29H 5A29H
Fo R TAE 8H18H 8H18H

AR SO IR R IR ARG I T 1, S iz
W ETHT 7 K558 4B R 7 RAGITHZR R0 A7 5
FERLEAE ARSI, W3R 9 PR .
x99 WMEMBEITEXBESHERBERRE

Table 9 Distribution of order types before and after repair
and reasons for end of charging

H1Z% 9 AT LA Y, B E] AT 7 K5 5 i 4E e
J& 7 REIT R EBORTE, X Bon TIT R H 12 Ak
SRR A ST . EARIERT IR 7 K, ST AE
T A R, TS TE L TT B R ST R T B L
TESEINHEE )R 7 K, ST MK IE W, 1T 5 A0
W, IEH STHRIT R LS R R A R R
IZIFEHMEY 2 JE BN AE R AN 10 P,

F 10 AEEEZFE BRI TN R

Table 10 Prediction results of different models
on this charging pile

X AR 3H7H  5H29H 8H18H
FNN HoAbllhs  HASORE e O T i e
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GBDT HoAbfge e HAbRR 58 B O B
ResNet FoAbls b JCAbSOE R 1T B
RN
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3H7H 9608 192 200 50 0 1
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A fault prediction method for charging pile based on GAN data enhancement and
improved Bi-LSTM

ZHOU Qiuyang', GAO Hui', LI Weizhuo’, GUI Yaocheng’
(1. College of Automation, Nanjing University of Posts and Telecommunications, Nanjing 210023, China; 2. School of
Modern Posts, School of Intelligent Transportation, Nanjing University of Posts and Telecommunications,
Nanjing 210023, China)

Abstract: In recent years, the rapid development of electric vehicles (EVs) has likewise led to the construction of EV charging
infrastructure, so the research on charging reliability and safety of EV charging facilities has become a focus of attention.
However, most of the data used in existing research are complete and sufficient simulation data, when faced with actual data,
the prediction accuracy is often affected by insufficient or incomplete data. To solve these problems, a data-driven approach is
used to achieve early warning of faults during the charging process of charging equipment. Firstly, feature selection is
performed to select appropriate data features. Secondly, the order data is filtered, the dataset is constructed and normalized.
Secondly, the dataset is divided into a training group and a test group, the training group is used for model training, and the test
group is used to judge the advantages and disadvantages of model training. Then, the divided training group is augmented with
generative adversarial networks (GAN) to expand the data size and form a sufficient amount of new data. Subsequently, the
data are inputted into bi-directional long-short term memory (Bi-LSTM) and the initial parameters are optimized using particle
swarm optimization (PSO). A number of trials are conducted to observe the results of the modeling tests. Finally, in comparison
with other prediction models, it is verified that the GAN-PSO-Bi-LSTM model has higher prediction performance, which
improves the fault prediction accuracy of charging piles.

Keywords: charging pile; fault prediction; data enhancement; generative adversarial network (GAN); particle swarm optimiza-

tion (PSO); bi-directional long short-term memory (Bi-LSTM)
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