B A AES) 20265F H 564 &8 ELECTRIC DRIVE 2026 Vol.56 No.8

RN B [B] PP 81 ZRAIE 1Y 78 R AR % W f 2 W 5 VA

BRI IR BiEE S RRE D, BEH
(1. B R & AP EA NS T % 211106;
2. BU HHE IR AAA NG LR B® 2111065
3. B LR B ) A RS A IR AP s T o B i 2100005
4. RHRF A TSR, LA &R 210096)

TEE Rl R BR R GGk R, T H A %) T S R 8 G A PRI Y 2 e R T s A7 AR 6 114 G A PR
o EEX ORISR W AR B AR A A PR R D REAR RS R SR I 25 (W I R, 25
T I AR T P s i e DA R e AL 6 RS BRI SR R T — A B[R] 3 AT 4 78 H AR
TS Wik . 5 R TR RBE T TR R SCRE HEA T RO A A AR AR R R SR FREE TR
5w A PR L0 Bi-GRU SR 42 U7 H ol A8 v 22 JRACHE (4 DG SERAAE 5 TR F B F S NP R R AE . e
J5 T RALG B FEA SR AP g5 2] BEAT 7 2T N2, 00 78 2 75 5B A S S b B e 257, S 2
FW], AR T B A MBI g% 2] SR B 2 ) RAE 7 I AEMERA R RS0 A R R A B 3R

KR FUALNE ; B A RIS W WL [ T8 FA BT B )P 47 3R A

RESES:TM910.6;U491.8  XEAFRIRAZ:A  DOI:10.19457/1.1001-2095.dqed26616

Complex Fault Diagnosis Method of Charging Piles Integrating

with Time Series Representation
YANG Fengkun"?, LI Jun®, LU Haitao"?, CHEN Liangliang"?,GUO Zhichong®

(1.State Grid Electric Power Research Institute ,Nanjing 211106, Jiangsu , China;
2.NARI-TECH Control System Co., Ltd. ,Nanjing 211106, Jiangsu , China;
3.State Grid Jiangsu Electric Power Company Marketing Service Center ,Nanjing 210000, Jiangsu , China;;
4.School of Electrical Engineering ,Southeast University , Nanjing 210096 , Jiangsu , China)

Abstract: With the rapid development of electric vehicles over the past decade, the reliability and safety of
charging piles have become key factors in ensuring user safety and enhancing the travel experience. Aiming at
existing fault diagnosis methods that model the tasks with single factors and have the poor performances of fault
types with few samples in complex fault detection in charging piles, a complex fault diagnosis method was
proposed for charging piles that incorporates time-series characterization by taking into account the data of charging
pile maintenance work orders, historical operation bills, and charging pile uploaded messages. Firstly, the method
completes and normalizes the values of work order, order and message data of the charging pile.Secondly, feature
engineering and bidirectional gated recurrent unit (Bi-GRU) are employed to extract the important features of
multi-source data and the time series fault representations (temperature, voltage and electricity) during charging.
Finally, with the characterized data samples, the methods of machine learning are utilized for training so as to judge
whether the charging pile is faulty and the types of complex faults. The experimental results show that the method
proposed outperforms the single machine learning and deep learning characterization methods in terms of accuracy ,
precision,recall and F1 value.
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Fig.1  Flow chart of complex fault diagnosis of charging piles
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Tab.1 ~ Table of two types of fault diagnosis tasks and the number
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Tab.2  Assessment results of task 1
TS T 55 X AR A Accuracyl% Precision/% Recall/% F1/%
Decision Tree 84.32 87.87 84.32 86.04
Random Forest 84.32 85.56 84.32 84.94
Neural Net 96.09 96.27 96.09 96.18
AdaBoost 86.27 87.42 86.27 86.86
Naive Bayes 92.16 92.46 92.16 92.32
1155 1 A ) .
Bi-GRU merge+Decision Tree 96.09 1 95.63 1 96.09 1 95.76 1
Bi-GRU merge+Random Fores 92.16 1 92.55 1 92.16 1 92.44 1
Bi-GRU merge+Neural Net 96.09 96.27 96.09 96.18
Bi-GRU merge+AdaBoost 94.12 1 95.23 1 94.12 1 94.68 1
Bi-GRU merge+Naive Bayes 92.16 92.46 92.16 92.32
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Tab.3  Assessment results of task 2

e REIS WHT 55 K LR Accuracyl% Precision/% Recalll% F1/%
Decision Tree 49.02 62.42 49.02 54.92
Random Forest 50.10 29.13 50.10 36.86
Neural Net 54.90 56.32 54.90 55.60
AdaBoost 52.94 55.12 52.94 53.92
Naive Bayes 56.86 43.12 56.86 49.12
155 2 ik s A
Bi-GRU merge+Decision Tree 60.78 1 67.56 1 60.78 1 63.98 1
Bi-GRU merge+Random Fores 52.94 1 29.79 1 52.94 1 38.14 1
Bi-GRU merge+Neural Net 54.90 56.32 54.90 55.60
Bi-GRU merge+AdaBoost 58.82 1 62.14 1 58.82 1 60.54 1
Bi-GRU merge+Naive Bayes 56.86 43.12 56.86 49.12
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Fig.3 Fault diagnosis results of Decision Tree with different
dimensions of Bi-GRU coded time

series data characteristics
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T PERE AR SO I T A [W] B[] S04SR RNN
LSTM, GRU K H: X fi] 728 foft 8 &Y (Bi-LSTM, Bi-
GRU ) 7 A1 7] 1) B 2 4 B2 )2 0FN Dropout 2R 1%
B (324 .6 2 .0.3) X i B A Ak AT I e
A, 454 Decision Tree F5 751 43 51| X 9 288 i B 12 Wip
HERHEATIAL , SCER 4 R R 4 s .

LREAES 1 SR 2 SR g5 AR, i A
At 8] 7 A1 #8 5 Decision Tree 18 8l-S45 5 34 I 2
£t F B feF FH Decision Tree #5571 . Hoi | Bi-GRU
5 Decision Tree 45 & FHE B AE P T 55 I RICR
et AR S 1, HfEwf RS F1E 500 &
b il B 4 Y 1.809%~7.85% 5 1.20%~6.40% ; 75 4T:
55 2 HHERR 25 F 1B 30 e A 5 A A
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Tab.4  Comparison of evaluation results of fault feature fusion pre-training combined with Decision Tree in different time series models

2T 55 X LA TR Accuracyl% Precision/% Recalll% F1
Decision Tree 84.32 87.87 84.32 86.04
RNN merge+Decision Tree 88.24 1 90.48 1 88.24 1 89.36 1
LSTM merge+Decision Tree 88.57 1 90.75 1 88.57 1 89.64 1
FE55 1 A e .
GRU merge+Decision Tree 92.86 1 93.751 92.86 1 93.30 1
Bi-LSTM merge+Decision Tree 94.29 1 94.89 1 94.29 1 94.56 1
Bi-GRU merge+Decision Tree 96.09 1 95.63 1 96.09 1 95.76 1
Decision Tree 49.02 62.42 49.02 54.92
RNN merge+Decision Tree 53571 66.07 1 53.57 1 59.14 1
s LSTM merge+Decision Tree 53571 66.96 1 53.57 T 59.48 T
55 2 el
GRU merge+Decision Tree 53571 68.451 53.571 60.08 T
Bi-LSTM merge+Decision Tree 57.14 1 62.76 1 57.14 1 59.82 1
Bi-GRU merge+Decision Tree 60.78 T 67.56 1 60.78 1 63.98 1

94



MR35 BB ) P 5 R ARG Rl A B A RS o ik

B AR 20265F H 564 % 8

fIF 7 T JEE B0 HH R R A R T o A AT LA L Y
i [R] P B AL, Bi-GRU B XL a] | T4 AL 4540 28k
/D R SRR T AT N AR
S HLA A AR [ S I T AR AR A ) (e St
FE R TE TR TN R R 512 ALRE T .

4 i

AR SO T —Fl A B8] 51 R AE Y T
WEE Z i s Wi i o B4 XP s T8 3T
MR CSCEE AT R R A 2 53— R Ab B . SR
Jei R AR AE TR H AR 5 00 0] [ 45996 24 BT Bi-
GRU > 2 B 70 H o 2 Hp B 4 F 5 Bsf e i i
fiE o feJo , RIHLES 2% 2T 5 106 RAE I 0 e
A AT YN, FIWT 70 FEL 2 75 A7 A R DL
TR A2, SCIG A5 BRI, mil B[R] 5 51 ZRAIE
Je BIHILES 2 > 7 P B — LA 2 ) TEHER 5
Fa% R P A B r 0, A
T AR i 2 ) FAFA RS Bi-GRU 24 2J Ji5 (e i)
JF 5 A Rl DR A 22 S, A A i o L R A2
T BRI WX BT 55 1 B B35

TEA R B 5 AR 22305 | A T 2
TP S AT PR RE [R5 A /INVRE AR 2 2] RE SRR it
— BRI e B B R RIS W AR

S 3Lk

(1] 2, 2B ar , i i, 45 . R I S B O S SR Wi O i
WFFE]. A% 51,2024, 54(10) : 90-96.
LI Wei, LI Yingqi, HOU Leihao, et al. Fault detection method
research of single-phase four-quadrant rectifier[]]. Electric
Drive,2024,54(10) : 90-96.

(2] RESE, T ARES], 5 T KA AR T 24 HE i 0 i Bt A
JRPARTT AL A% ), 2022, 52(22) :51-59.
XU Changbao, DING Jian, SONG Hongjian, et al. Charging fa-
cility distribution optimization method considering power quali-
ty constraints[J]. Electric Drive,2022,52(22):51-59.

[3] O, MBI, 20 L, A BT S A A ST 2 T
EWITELRR]. Ly R G H Bk, 2024,48(7) : 47-61.
GAO Hui, PENG Chengwei, LI Weizhuo, et al. Review on early
warning of charging safety for electric vehicles and charging
equipment[J]. Automation of Electric Power Systems, 2024, 48
(7):47-61.

[4] BXREIEL, Bt . LT LabVIEW [ o 8 75 4% S0 e B S e A
ARG RHEE R, 2015,31(3) : 149-152.
ZHAO Shuen, QU Xian. Design of electric vehicles hydrogen
concentration real-time detection system based on LabVIEW
[J]. Bulletin of Science and Technology, 2015, 31 (3) : 149—
152.

(5]

[6]

(7]

(8]

(9]

[10]

[11]

[12]

(13

—

[14]

[15]

XIONG R, YU Q, SHEN W, et al. A sensor fault diagnosis
method for a lithium-ion battery pack in electric vehicles[J].
IEEE Transactions on Power Electronics,2019,34(10) : 9709-
9718.

JIANG L, DIAO X, ZHANG Y, et al. Review of the charging
safety and charging safety protection of electric vehicles[J].
World Electric Vehicle Journal ,2021,12(4):184.

BROLZE BT 5Kk TR — e BV S L L e U AR
BT RS i AR IR, 2016,32(12) : 114-119.
QIAN Lijun,ZHAO Mingyu, ZHANG Weiguo. A method to de-
sign the security early warning model of EV charging[J]. Power
System and Clean Energy,2016,32(12):114-119.

AR R B SF L IR PR T S A I R S LR A
At 5 S BN R WEFE ). H MR B Sl AR AR, 2022, 20
(7):109-116.

HUANG Tao, PENG Ke, CHENG Xu, et al. Research on com-
prehensive evaluation and prediction method of health status of
charging pile in internet of vehicles environment[]]. Electric
Power Information and Communication Technology, 2022, 20
(7):109-116.

GUPTA A,SARANGI S,SINGH A K. Wavelet based enhanced
fault detection scheme for a distribution system embedded with
electric vehicle charging station[C]//2023 5th International
Conference on Power, Control & Embedded Systems (ICP-
CES), Allahabad, India,2023:1-6.

GE Q,QIAO H, LI C, et al. Real-time charging risk assessment
for electric vehicles based on improved broad BP-AHP[J].
IEEE Transactions on Industrial Electronics, 2021, 69 (9) :
9472-9482.

GOMEZ P 1, MORENO A B, LIN J . Data-driven thermal mod-
elling for anomaly detection in electric vehicle charging stations
[C)//2022 TEEE Transportation Electrification Conference &
Expo (ITEC), Anaheim,CA, USA,2022:1005-1010.

SRR R EAREE A L T S IR B L 1 ST A
BAERGBA)) BRGS0, 2018,46(13) 1134~
140.

GUO Wei, YIN Xintao, WANG Junxia, et al. Design of long-dis-
tance operation and maintenance system of charging pile based
on Manhattan distance method[J]. Power System Protection and
Control ,2018,46(13) : 134-140.

GAO D,WANG Y,ZHENG X, et al. A fault warning method for
electric vehicle charging process based on adaptive deep belief
network[J]. World Electric Vehicle Journal ,2021,12(4) :265.
WANG W,PENG X, YANG Y, et al. Self-training enabled effi-
cient classification algorithm: an application to charging pile
risk assessment[]J]. IEEE Access,2022,10:86953-86961.
SRICE 2, UM , 45 . 6T HR AR 11 P 0075 4 FE LI
R 5 0 5 vk (). LD RGO S R, 2021,49(10)
143-154.

ZHANG Yuanxing, LI Bin, YAN Xiangwu, et al. Monitoring
and early warning method of EV charging failure based on a
battery model[J]. Power System Protection and Control, 2021,

95



wAAES) 20265 F 564 %84

MR35 RRNRT ) P 5 R ARG F b Ak B A I o ik

49(10):143-154.

[16] XUAFsE , 59, X T, 45 FE T ok it BEA RS 2 8 L 3R
T LU FE FAE ST B 2 W k(0. T P TR A
2023,43(5):1831-1843.

LIU Zigiang, JIN Tao, LIU Yulong, et al. Open circuit fault
diagnosis method of electric vehicle DC charging pile based
on tensor reshape fusion diagnostic model[J]. Proceedings of
the CSEE,2023,43(5) :1831-1843.

(17] 22208, RSF, W BE, 45 . T 00 28 00 B0 7E H A e 0
Jrk). Wk 8,2023,53(7)  78-84.

LI Zhijuan, WU Dan, LEI Ting, et al. Fault early warning meth-
od of DC charging pile based on soft classification[]]. Electric
Drive,2023,53(7) : 78-84.

[18] NIE Xiaoyong, LIU Jieyi, XUAN Liang, et al. Online monitor-

ing and integrated analysis system for EV charging station[C]/
2013 IEEE PES Asia-Pacific Power and Energy Engineering
Conference (APPEEC) , Hong Kong, China, IEEE,2013.

[19] GRCIC T, PANDZIC H, SUNDE V. Electric vehicle charging
station fault detection: a machine learning approach[C]//CIRED
Porto Workshop 2022 : E-mobility and power distribution sys-
tems, Hybrid Conference, Porto, Portugal , 2022 : 745-749.

[20] AMINI M H, KARGARIAN A, KARABASOGLU O. ARIMA-

based decoupled time series forecasting of electric vehicle
charging demand for stochastic power system operation[J]. Elec-

tric Power Systems Research,2016,140(11):378-390.

[21] MAJIDPOUR M, QIU C, CHU P, et al. Forecasting the EV

charging load based on customer profile or station measurement
[J]. Applied Energy,2016,163(2) : 134-141.

[22] 2%, ANEAR, i B, 58 SEHAR IS A7 S R B[],
Geit S, 2019,38(1) :87-93.

FU Jun, SUN Zhijie, MENG Shangxiong, et al. Forecasting of
the abnormal rate of EV charging infrastructure[J]. Journal of
Applied Statistics and Management,2019,38(1) :87-93.

(23] PR, W, X, A L BT Rk GRU AT 14 BT I 78 F
BB L T ALAR SR, 2023,32(2) : 356-363.

ZANG Binbin, GAO Hui, LIU Jian, et al. Fault prediction of
DC charging pile based on improved GRU model[J]. Computer
Systems & Applications,2023,32(2):356-363.

[24] R, KBIGERR , 50, 56 sl A e RS I 5 2 %

96

[25]

[26]

[27

—

[28]

[29]

R THRE J L] B TR %4, 2022,37(9) : 2252-2262.

GAO Dexin, ZHENG Xiaoyu, WANG Yi, et al. A State moni-
toring and multi-level safety pre-warning method for electric
vehicle charging process|J]. Transactions of China Electrotech-
nical Society,2022,37(9):2252-2262.

VP, m R, A0 55 AR TR IZ R Bl SR S i
it 70 FL 22 A R R P A3 BT (D). PR S BB BB R L 2022
(3):15-22.

XU Xiao, GAO Xiang, LI Guangxi, et al. Analysis on charging
safety fault characteristics of electric vehicle charging facilities
based on data mining[J]. Electrical & Energy Management
Technology,2022(3) : 15-22.

BRI, SRR, W B L 1 ) LAY Bi-LSTM A AL7E 47
HAE 20 b B R I]. VHEHLAR GERE T, 2020, 29(4)
242-247.

LU Feiya, ZHANG Yingjun, PAN Lihu. Bi-LSTM model of at-
tention mechanism application in reeruitment information clas-
sification[J]. Computer Systems & Applications , 2020,29(4) :
242-247.

TR AR, BRTE , A . BE T LR 22 4 it I 245 1) K D 4 s
HLBREA2 ()] 3 DC TR R A4 CH AR 1) , 2026, 43
(2):133-138.

XU Ming, XU Hang, CHEN Yang, et al. Fault diagnosis of ce-
ment roller press based on convolution residual coding network
[J]. Journal of Chongqing Technology and Business University
(Natural Science Edition),2026,43(2):133-138.

FURRZ B, TR A MO SMOTE B9 AT S 5500 4 i
SFJEEEE. AL, 2019,39(9) : 2591-2596.

WANG Zhongzhen, HUANG Bo, FANG Zhijun, et al. Im-
proved SMOTE unbalanced data integration classification algo-
rithm[J]. Journal of Computer Applications, 2019, 39 (9) :
2591-2596.

5K . 2T SMOTE-SSA-CNN 4 T S E 12 7 5 74 ()],
4% 5y,2024,54(10) : 83-89.

ZHANG Wei. Fault diagnosis method for switchgear based on
SMOTE-SSA-CNN[J]. Electric Drive ,2024,54(10) : 83-89.

Wk H 4:2025-05-07
Bk H 91 2025-07-18





