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A Fast Detection Method for Safety States of Power Receiving Device on
High-Speed Rail Based on Deep Learning

FENG Yong', SONG Tianyuan®, QIAN Xueming®
(1. Electric Business Headquarter, CRRC Qingdao Sifang Rolling Stock Research Institute Co. Ltd. , Qingdao, Shandong
26600, China; 2. School of Electronic and Information Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: A fast and accurate method to detect and locate pantographs is proposed to solve the
safety problem of railways caused by pantograph missing or serious deformation. The deep
learning based method firstly uses 10,000 images captured by the camera in front of the high-
speed rail pantograph as training samples to perform offline training and to generate a CNN
prediction model. Then the model and the improved YOLOv2 are used to implement online
testing to the pantograph through the image captured by the camera. Test results are finally
returned by a program and an early warning of phenomenons of pantograph loss or severe
deformation is provided. Results show that the proposed method detects the pantograph in real
time with a detection speed of 55 frames per second on a CPU platform while the average accurate
rate is 93. 1.

Keywords: high speed railway; pantograph; safety state; deep learning; detection

TE Bk iz i A e BB A R gk AR AL e R sl R PR BN E AR . B

Wk HEA: 2019-01-10, AEHFE A HH Q81— B, TR EFXHCGEFEZ . B . 848 . MELESm., X4£TH.
H R E SRR E AW E (61772407,61732008) ; h £ W4T 3 4 W B0 B (F15-11-1)
% £ BRI 1] . 2019-08-01 W 4% HY B AE « http: // kns. enki. net/kems/detail/61. 1069, T. 20190801, 1117. 006. html



110 [ |

PN

553 8

R » = Bk LF- 4 300 km/h (193 JE A8 2 48 17, 18 17
it B0 I 3% LR AR MU Sl g X R AL A i A
Iz 8 L I 2 TR T e i OB i e B g 2 L S L 2
LS MR AN 1 7 . 32 i 55 IR T AR I 5 TR v
LR AR Ml A 5 AR 3RS T7 L 52 LS SR 52 LR B I
[R5

K1 ZHSIER TESR

2 HL R e R I A 5 | A L A W R 4 (6C
G0 W) — 53 X R AR IR ) PRI IE R B AT
FEAE . ARk A R R R, A2 5 ik
FR G50 I T A R I PR 2008.,2009,2010 44351
H7 BT A A R 28,896, 40. 4% . 29. 6%,
TSR A R 2 FR . B 2a kA2 2 F|
SR R WL, 1] 2b Sk 32 H 5 PR SIAT i e
BRI EmEk Kz . N TR E R A
Xt 2% HL 5 AT PR R R AR, Az i G T i
WR R, T ERRESFTHZES ER
BEAS B ST 2% L S K AR TR 5 SR S A LA T 2 4T H Y
TS AT R A TE AR S AL T IR X, A
TR e (o 2 TR SRy TG 6 A6 T 380 1 5 25 B9 32 FL 55 1 R
B 0, TR N B3 23 4 56 — B 1) 3K 241 52 W 5 il e
=Y=|

F /S o

NS

N RV RO

(b) 3 WL 5 it B i PR 26
B2 52 A S O

http: // zkxb. xjtu. edu. cn

25 I 114 32 HL 5 A AR T A 4 R Ty 5K
FAEHE A A I T 5 o A R 2 o S R A
BTN T8 A ulM 25 5 A T 22 E AT A X e 4
fih RGN 7 92 A Rt i i ARG OR R EL A ik
A e N TG I M) P 345 A6 00 2 TR A 42 Ak A 00
T AR TR W AT 45 ARk ARl R (R
RN AHAT 4240 /0s 3l P G A T 22 2 ol T A0
SR 32 S R DN U R A S R TR T
5 114 2 HL 5 DR 28 M 00 0 3 T D i A
SE5 2N BE R vE o Bk 22 AR R T L AR
I A e AT A I 52 R 5 TR S T 2 W42 fk 44
SR AT IR TR 14 T A B A Oy 1 B
(9 A FIAE 52 5 A AT 55 b (EDR RT3 T R Y
SRR AL T 35 A2 2% 3 55T AR DK JRE A . il S
PSR VPRI S B A e SRS ISR G R IR R
o 1T 58 A0 DI i By SFe % 75 T 47 A 00 L B 3 58 4
JEAIN 19 7 35 5 B A IR B A% R A bk SR A s A
T A5 SR ARG 0 G A A B e e [ R Tk B R
G BRI v AT 32 R S DR I 5 5 X
25 BN GR35 LS
DU 177 5 T DUR B 5 32 r 5 0 467 B RS 45 1
U AL )RR A7 7 A Gt PR B0 1 1 RS R B I 1) AL
7 o 22 T 30 % (R A 0 7 3 AT SR S5 N B A M
NS B G O R T AR L TR S
B A BRI T IR 1 (S 56 R B0 T 52 14
A Kb BRI RCRAS B T IR L 27 ) 1 PR A BT %

T 52 W 5 AR I R 8 22 A AE ) oh SRR
BRI R o B 32 e 4 BR BT L R AR 2R M R AR K
FHTR] £ 52 HL 5 AN [A] Bf 220 2R Y B RSBk VBT @
FHANTE S AR AN — B o A5 7 4% T R B 1 2 T MR
Kl 32 v 5 A8 A5+ 23 IR A

32 RN Sk R BN R AR 2 AR i I A P
52 FEL 5 SR e A M R BT Ok L DRIE 1 18 0 A ) 4
FIEEAS 2 58 BKG JEE A PR A 32 B0 558 A8 A0 B 82 i
TE 52 Pz Fl R PR E Bs AT 52 [ 0F A B A R
AR K  BEAE A SR O6 BRGT f B B AN TR] . E AR A
SIS B R A . H AT A SIS 2
15 L 4 G 00 73k A2 PR T 2 8 PR AR B30 3k i ) 52
P 000 022 4 4 S F) AT 55 v 2 A A ARG DRGSR 1 [1)
M, BUA J5 i TR o) L RERE A L T AR 0T 1k
BTG 10 8 IR 10 0 R 8 A A 7 G 0 PR JRE By L B
P 222 A R

WE AR CHE AR, — RPN ETHRE S
27 B4 AR A 0 5k DR HG R ) 68 A R AG ) 1




5010 1

LA I T IR B 2 ) B e Bk 2 R R AR A R AR T 7 ik 11

C I AR SR IN JT vk . BE TR S ) B H bR A
SR RE A8 B M 58 O Bt A =T 2 W) IR R A
0 LA A 0 3 R O 9 S T ) — R ik
R TR S SR AR SO T B e ) YO-
LO 9053k 095 2 WUVE O SRRl B 05 OF 1 I A
YOLO 5395 19 fify b XoF 4 ik 452 HC R 465 00 A6z 00 10 45
PEAT AR FE e — 20 S L AR G M A R T A ST ik
Xt A AR Yy A S I ] Y 32 S A I A S R Y
I L A DRI AG U AT 58 9 T 92 T i KRR R T T
Rl . A5k AT RLAE CPU B Gk F) 55 Wi/s (Y
G 2R [ SR RE 93,120 1S Bkl R (AP)

1 2 5 PR I 7 32 4t ik

A Sc B R 2 CNN K YOLOv2 23
2 B A T A A R N R B 2k I R R KBRS
BT R A X AE 2 RN B 4R AR G R I SR I AH 56
BT A A
1.1 YOLOV2 BN 4B

YOLO % ¥ &2 Redmon 5 AT 4F & i B9 —
s o H AR A I ), YOLO B —4b 47 7 3
W, XBEFR S YOLOvVL, YOLOv2 Fil YOLOvS,
YOLO #5153 % 5L Faster R-CNNYY SR #4955
— LT IRBE 2 ) 1Y B bR G U 335 R [F] L Faster R-
CNN F 1) 5075 38 3R i MR, 70 AR 22400 358 1) W 2 1R
Wit A AR AT PERE L a0 MPNET 8430 hoxof s
A B AT N #EAT R I . YOLO £ 31 55 36 i 2 38
SRR TS A 8 S i DXl R X A3 2R
(18 R A HE 240 T A2 L o 000 A 1) 37 8 R 2031 2 4K
HEAT [0S 38 3k X 2% L 422 75 3] o 2 17 T 000 245 5 L K i
% YOLO R4 F gk 7E 3 8 L 2B Ry I8 .
5 YOLO B2 Mt 4 SSD H k! H %83
SSD 553 it FHHE B2 4K 8t 22 | B8 Rl ¥ 55 n) A, AR SC e
KT YOLO ¥k,

YOLO 555k 1) B 0 ARk 2 5 i A B R
53 18— A A S R 5 RS T A 9000 — 2L G 0 A

= L FHETII

CNNF#H R
PEEUVRFE

xum |

http: // zkxb. xjtu. edu. cn

Ko FL T (R 2] s g5 2 BUAR 43 de v 1 G 00 AE 0 288 531
VE R B 5, YOLO F 51 53k A6 7w 2 & n &
3 PR, YOLO B A 3 ek i : YOLOv] %43
b A T 2 A T T R 0 S B R T E 1Y
K v K AE Y 7 B DL KR T AE Y A A 28
YOLOv2 B3kt 3 7 4 2 2 i A8 400 2 A
T HHHE (anchorbox) , HAE F & Rl FAS R )R S B9 i HE
FEAA™ RS b 18 3 38 P BT A A% A HE 2 )5 4% )
A543 F 1o (R RE AR Ay o 2 1) G T 25 5 3 — ) 1 W 0
(R T 7 A 8 o L TN 2% I S T 0 A Al A 5 5
B AL 1 O 22 17 AN 2 42 0 2800 1A T ) 2 808
HE A 52 S i 8, Ik YOLOv2 Bk # e
YOLOvI 83k % F $0M0AE /) 0 2 b oA T AR K4
553 YOLOvV3 B35 R 78 YOLOv2 8k (14 3 fil
R T RS 4 I T 2 R R B0 £l
8 YOLOv3 B3:56F /Ny A % 10 000 5 fip 74

AL EBE T YOLOvV2 Bk KRB Z B 5
R AT 4%, 532 Bl YOLO 29180 1k o B B b, Bt
BERET CPU b S A 3 — H A5, R H . YOLOvI
SR 6T A ) R RS o A 22 L T YOLOv3 5395 11
D 28 3ok T 52 A o N T I — T BRL 8 A DU AT 55 O R R
it Z2 WS B 2 43 RN I T ol e 2% K 0 R
1.2 ZHESHERBIRSRERIZE

AR SCT VR TN S 0 T R AR R T AR R 37
HL 55 55 SR L I IE S 10 32 e =5 WE AR AR . SRR R
5 K 10 3005k, Hofr 481 080X 720,1 920X
1 080F12 048 X1 53618 K 3 FhA[F] 43 HE R M 15 %
A, FikZa o B e EZi s Hir
A B —3ef 5 10 300 A~ZH S HbR, #£10 3005k
B i B8 300 5K AR S Il 254 L HoAr 2 000 5K 4 I
WA R T ORIUEAE TG KM T X 32 i =5 17
HERR A T L 52 v 5 R A 7 A B k4 K 2 8K
AT ST S A0 T B R AR 4 SE PRl Bl
RFBRREA LB R HITE 3: 14647, iR 2

SRR H 15
e

STESEES




112 [ . ]

Ko

R

Eird i 53 4

FR I B R IR AS BB 275 1 B 8 = MO 248
A5 Sk i s PR e 1 R R SR R I RE AR TR AL T
RV R A B R 55 R AR Ll s B B T

SRIG T B X REA B R AT AR I o b T A 1S 32
ML 5 TR B O S & AR LI 2R 4k

B 5 X YNGR A HEAT N2 I 2 2 3% AR 40 000
W B IR 24 2] 3.k 0,000 5, b & I 2k 3 4785 90 4R
2 ) BN o
1.3 MRt

H T BT B e g5 rh ks i g A sk 2, B
WA TE A FEAE A5 A8 A O, DRI 56 T R 2 > i H
FRAGEI £ R VGG16'  Resnet' '™ %5 5 2 W 4% >k
HEAT R ARSI, B AR TR 2 I % 104 A 0 1 B 4R 4, (E
A BT GPU s Kt ey, HE g,
e Ah, — B8R 1 g W 4% 4 MobileNet''™ | Shuf-
fleNet" "™ 25 5 oh 2 $i /0 | 7 B i e A A1) 7 — 28
1O E .

R BRI R B bs HAA 2w s 2, Haz il
SAE R R Y R 2 Bl B 18] 7= A= AR Ak [8] B B4
3k 5 32 5 A BE G F MR [ L XA R TR B 3R
)2 ) 48 A AT DAAR B b 58 10 52 HL 5 i A D, PR Ot AR
SCEA R b SO B B 25 i 5 2 I 4% T R R
THEHBC R A 28 R (A5 B ik A DR IR AR T 1 BB
By ik 2N W fo [R] i B8 i n b UK s CPU
0 AT DA SE 8 S8 A DU A 4 55

P 285 Hh R I 2 U2 RN B 2 B R I J 2 A Rl . P 4%
FRAEIRBUZ 25T TINY-YOLO By F 2% 45 ¥ , {H fifi
FH T SEAR B 4 AT R 43 B 258 R0 B /D 9 46 A% B i R
PR TERG DU B L o [ B 7 A I 2 Y i HE R 9 b I
LR THEMEAZ B S BRI 451, JF AR 4
ZH S IE SRS R K A AE R R 5
ANV Ry 1A R A A TE LG R 4 1 A AE
B WA T 2l 0 AR R AT 800 ek 2D ) 2 Y 3
SRR T TR B R

A ST Y 52 H, 5 A 3 A 28 X 4% 25 F 7R R
K& 4 Fros . B G R gs RS B AR B0 5
TR AE SR R i 3, 5 46 B v i 2 850R e 7540 Jin
5 28T 0 1 i 3k 7R 5 b Ak R 0 2 B KR SRR R
MBUR KESRH R R R R, B4 i
PTG Ak 45 VR R R A B R O SR Y 4 AR R A
1) e KABAE It B R SR . B4
B MSECR 3X3 X4, H 3X3 R BIREK
ViS4 TR R S BUR A i B [R B AR 2
IZHCH 3X3X8, B 3 HSEN 3X3X16, B

http: // zkxb. xjtu. edu. cn

LB EN 3X3X 32, 5 5 (BB 3X3X64,
B 6 MSECR 3 X3 X128, B 7T IS 3X3
X256, 8 (IS Hh 3X3X256, FiRTA &M
JZ BT PR Ol Leaky Relu REL. fJa B9
SN 3X3X6, FEH MY LN E Rk 6,
O PRBOR GV BT PR

N\

| {104

N\
@@@@@ 3

i3 T 4 — 8—=16# 325 (4 —128256"256—"6
BRI Wk dib dbik Hbfk itk dbdk BRIS BRL9
B2 B3 ERY BRS B BT

P4 52 5 e I R 2 T 245 45 ) 7R 7 TR

2 LR

2.1 MiKEHEE

T A SO i i 32 S ARG I 7 1k B A AR
P R T YIRS 4 52 W 5 M P 00 T 45 () B i
WIS 2 (32 f1 5 - 2 000 3K A S 05k 48 L 03
AL 3 AL HE R 1 R L IF HLIR IR K IR 2%
KRB HE ol 5 AR AR A RO Z AR F T BT A
2.2 MREEEER

Y WL A2 SRS DU ) R BB L SR P
PR CRPP- S50 O ARG I L O PEfE . P 3T
JEE (R ap) o2 — Bl A I r d 3 20 09 58 348 A S ik
RGN £ A I SRR A 4 R F S PR R L T A 5
LU

Rap = %ya Z

0,0.1,0.2,+,1}

P(r)l

J D

2 R 7 R B 7 R YRI5 P
FER YA A 1A T B E A O T T e BRI 1 i K
HER % P R 76 24 /0 A [0 32 5% B 14 o 1 % )
EREEAR TOU B R 0.5,

EGE B b, 7 % R FUER R P W53ty
AR

PG = m“axP(?)

R = (2)

P = 3

A T, s IEA BN A 2ie s N O il PR 80

Sl




55 10 3]

LA I T IR B 2 ) B e Bk 2 R R AR A R AR T 7 ik 113

BT 8 A A R Ll 2 0005 M K6 I A 4 5 1 15
B AL BT I ARG I R R A I 1 4R

A, 8 3 7E Intel Core 15-4590 CPU F 4§ #0
Ab R R B CF B R /s A Shy G 00 ok 11
JEg . F R, 3R A 35 R R
2.3 ZHESKENMERE

RIMGH TR E . &r) HOG+SVM
K 77 ¥ | Faster R-CNN (VGG-16 [ 2% ) 5 il %
2R A YOLOv2 (tiny-yolov2 W %) ¥ Il 555 1 F11
YOLOv3(tiny-yolov3 X £&) K 53 153X 5 Fp 7 ik 7
2 000 g 2 T A5 b % G 1 e X L

M T HXF AT DL B AR SO TR T 1
T BT B e R 05 | T gy HOG 4 SVM
T A I 5 Faster R-CNN 1 YOLOv3 & ik
L ¥ R AL 20 A4, 5 YOLOv2 5
A EE S 7 24U B 38 FEAS R OF- 5 R B, 3 B 2 Faster
R-CNN & 1 000 %, & YOLOv2 & %
(JE IR tiny-yolov2 B 45) ) 50 &, &2 YOLOv3 & ik
1) 4.3 i,

A1 SAH kY 3w gk b

ik FEIRGRE/ F/Wi« st
HOG+SVM 85.6 3.0
Faster R-CNN 95.2 0. 05
JE R YOLOv2 93.5 1. 10
YOLOv3 95.0 12. 8
VNS 93.1 55.0

2.4 tMMEEES T

B 5 g5 i T A SCHr 4 0 Y 32 H 5 R O VA TR 2
Mo AR 5 5t T Rk ae s . LS Al
VB TEAS R PR EE AT 50T o A SO VA R 16 M ff b
FEA A2 S 1 E
e

ImL

SENR oR1EE TN

AR ET A BARME AR A R AR A A 1R
K st niEl 6 MK 7 frs .
TE 32 L 55 50 AT 28 W O 1 00 R LE I L R &

http: // zkxb. xjtu. edu. cn

B7 Zi5 GRS

S R DN AN B IE 2 S T AR S K] 8a
8b 7K.

(b) 37 H1 5 [ 7% T4
B8 S ol T

3 Bk

ARSCER T — R R Z CNN A YOLOv2 £
I 95532 ok S X H, T WL 2 H, 5 PR RS D 1 A D
o 7 LUK AT I 2 CNIN R 45 oy 2 i 19 2%
FEAH YOLOv2 A6 W0 55 35 0 545 Sk 19 52 I 1 428 1A
QAT AE LA I, E £ TE ARG 0 v B 52 17 ] B R 4




114 (LT 1 R N SO SO 14 %53 %
T TR B R . SCEREE AR IR 1A SO VA A Rk . (8] kM, Whk, £8. % HTHRHELZRENEMZH
SR [T]. FEHR, 2015(3): 190-192.
&%k ZHANG Hui, LUO Lin, WANG Li, et al. Improved
Z :
(1] R7E, B2, RF 422 ) 1 S AL ML % multi-scale wavelet in pantograph slide edge detection
AN ’ . B -J A
RO (1], PE2250 00 K26 230 , 2017, 51(2), [J]. Information Technology, 2015(3): 190-193.
79-83 [9] REDMON J, DIVVALA S, GIRSHICK R, et al. You
YANG Dongjun. QIAN Xueming. An Arc detection only look once: unified, real-time object detection [ C]
approach for pantograph of electric locomotive using // Proceedings of the IEEE Conference on Computer
classification learning [J]. Journal of Xi”an Jiaotong Vision and Pattern Recognition. Piscataway, NJ,
University, 2017, 51(2) . 79-83. USA: IEEE. 2016 779-788.
[2]  fewk, MOERME, ZeHe . S5 (A B S RN [10] REN S, HE K, GIRSHICK R, et al. Faster R-CNN;
HERRE [J]. (5B, 2016, 159(3): 36-37 towards real-time object detection with region proposal
2N . ﬁ R ﬁ b b : - .
YUAN Huan, LIN Jianhui, LI Yanping. Image pro- networks [ J]. IEEE Transactions on Pattern Analysis
. . 11271140
cessing based pantograph arc object extraction [J]. In- and Machine Intelligence, 2016, 39(6): 1137-1149.
formation & Communication, 2016, 159(3): 36-37. [11] WANG H, WANG P, QIAN X. MPNET: an end-to-
(3] DR, TURE. R, A G4 E AL AR 1T D end deep neural network for object detection in surveil-
J ’ s A BE A s SF. -
YRR T o (0. BLZE AL B, 2000(5); 48- lance video [ J]. IEEE Access, 2018, 6. 30296-30308.
59 [12] LIU W, ANGUELOV D, ERHAN D, et al. SSD:
MA Lis WANG Zeyong, GAO Xiaorong, et al. Ap- single shot multibox detector [EB/OL]. [2018-12-
plication of image processing in detecting the panto- 25]. https: // link. springer. com/chapter/10. 1007/
graph sliding [J]. Electric Drive for Locomotives, 978-3-315-46443-0_2.
92009(5) ; 48-52 [13] REDMON J., FARHADI A. YOLO9000: better, fas-
Q) —04.
T4 BEafh, XUAR, R, . st 2 ter, stronger [C] // Proceedings of the IEEE Confer-
R[N ’ R[N ’ ’ . W
W AR TS LA (1], S22 40, 2013, 35(6) 40-47 ence on Computer Vision and Pattern Recognition.
! Rz . HFR s 30 : 40-47.
Piscataway, , USA: IEEE, 2017: 7263-7271.
HAN Zhiwei, LIU Zhigang, ZHANG Guinan. et al. iscataway. NJ. US 63
. . . [14] REDMON ], FARHADI A. Yolov3: an incremental
Overview of non-contact image detection technology for
i t LEB/OL]. (2018-04-02) [2018-12-01].
pantograph-catenary monitoring [J]. Journal of the improvement [ EB/OLJ. ( at ]
https: iv. s/1804. 02767.
China Railway Society, 2013, 35(6): 40-47. s // axxiv. org/abs/1804. 02767
[5] Wk22. Mg, FETHOGM Hough 28352 v 5 R [15] SIMONYAN K., ZISSERMAN A. Very deep convolu-
BRI (1], S22, 2014, 35(5): 58-63 tional networks for large-scale image recognition [ EB/
ok . , , 35(5): 58-63.
OL]J. (2014-09-15)[2018-12-01]. https: iv.
YAO Lan, XIAO Jian. Pantograph slide cracks detec- 1 ¢ oL ] ps: //arxiv. org/
abs/1409. 1556.
tion method based on fuzzy entropy and Hough trans- bs/
. . L. [16] HE K, ZHANG X, REN S, et al. Deep residual
form [J]. Journal of the China Railway Society, 2014,
35(5) . 58-63 learning for image recognition [ C]// Proceedings of the
: 58-63.
067 i R ST T RSN I IEEE Conference on Computer Vision and Pattern Rec-
e} s PRI ’ =S, s SF. 2R = ‘
ST R T 1], IS A 516 22, 2014(7) ognition. Piscataway, NJ, USA. IEEE, 2016. 770-
778.
64-67.
. [17] HOWARD A G, ZHU M, CHEN B, et al. Mobile-
PU Wenxu, CHEN Tanglong, LIU Baoxuan, et al.
Study of . b and cat detect; nets: efficient convolutional neural networks for mobile
Study of pantograph and catenary arc detection system
isio lications [ EB/OL]. (2017-04-04)[2018-12-
based on ultraviolet light [J]. Instrument Technique vision applications LEB/OL ] [
4s 2014(T) . 64-67 02]. https: // arxiv. org/abs/1704. 048619 context =
and Sensor, : 64-67.
3 A N ST A . CS.
[7] W2, TRH, AWM. & ETIHEIMRENZH
[18] ZHANG X, ZHOU X, LIN M, et al. Shufflenet: an

S RBFE RGN IR [J]. B HB R, 2016, 7
(4) . 104-106.
ZENG Pan, WANG Junwei, DENG Jiugiang. et al.
Image recognition of slide abrasion for locomotive pan-
tograph [J]. Wireless Internet Technology, 2016, 7
(4) . 104-106.

http: // zkxb. xjtu. edu. cn

extremely efficient convolutional neural network for
mobile devices [ C] // Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition.

Piscataway, NJ, USA: IEEE, 2018. 6848-6856.
(wiE A #)




