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Detection Method of Catenary Insulator Based on Improved YOLO V3

CHEN Zhiyu ,MIN Feng’
School of Computer Science and Engineering, Wuhan Institute of Technology, Wuhan 430205, China

Abstract: To replace the manual analysis of railway caternary images taken by 4C inspection vehicles and meet
the practical requirements for the time efficiency and accuracy of detection, we proposed a detection algorithm
for catenary insulators based on improved You Only Look Once V3 (YOLO V3). The YOLO V3 network
Darknet-53 was optimized to improve the detection accuracy of small targets by adding an elaborated 4-fold
downsampling residual block that is friendly to small targets between the second and the third residual blocks.
According to the characteristic that catenary insulators may locate at the same positions in similar images, we
divided catenary images into different categories based on the perceptual hash algorithm. Then, for each type of
images, a candidate region scanning strategy was used to speed up the detection of insulators. The experimental
results show that our approach can improve the accuracy of insulator detection from 93.6% to 99.2%, and the
time efficiency is improved by 46%.

Keywords: YOLO V3; railway catenary; insulator detection; residual block

WA R R R, R R AR 2 — BRI e fi o0 8 bR A D) 1 2 (4C) 42k
B A SR —  E BOE M R E 1K 2.9x10° km i SCREATREATIASR , SR G i R N TR gk R
WA RS AR 2/3, MO I A BBk R R T AR TR R HE A . 4C REGUREM KR
Koshd e M B R R aRMER.  BObEageRER & 2N T RGBT 2 K 46
TEX MG O T, B A 2 e P (O T — 0 R AR X REROAR I T7 2032 BR T HOR N B Y
M BB, FERS TR R g g A, D ARRK EE IR R R AR 2 A ]

7 B #1:2019-06-28

ESWA - W& HARQH B R L WHE4S (2019AAA045)

VBB A B, 8L BT 9T 2L, E-mail : 438824368@qq.com

HEIESE X 8L, B2 P2 E-mail : 123018298@qq.com

BICHE S RER , . BT B YOLO V3 A2 i P 4 2% Rl i 78 [ 1], sl TR R 227410, 2020,42(4) : 462-466.



o 43]

W2 3P, 45 B T 0HE YOLO V3 142 fih 9 246 2% K6 7 12 463

R, LA 78 50 B 7 e B ) < O Az XU 72 45 i)
R T R Bk B ) LR Ok U, N TR 7 U2
TCTE Bt e BRI R, PRAIE R B 42 4 1Y

W 5 TR B 2 S R I AN BT A e, & L T IR
B2 20 B E AR A I R0 E A R R R
TR B 5 Bl 22 0 2% AT L) o G B K H AR IR 17
FRAEA, A7 U1 25, 15 2 5 bR 9 14 i 46 DU A5 1
JIT AR 22 I 265 s FHAE A A S, s A
AL 1048 43 504 T RTZ ER H bR
D5 43 S UG E AR A 0 50 12 R 5825 H A A ) 5
PR BOE H AR A I 2 RO AT DAY X
o % B PR 22 B 4% (fast region-based convolutional
neural networks, Fast R-CNN) "' Jill i (1) [X 45 % 1
il 22 W 4% (faster region-based convolutional neural
networks, Faster R-CNN) ™| 43 1] #8485 (1) [X 38 45 fH
22 W 2% (mask region-based convolutional neural
networks, Mask R-CNN) "4 2 288 1k 2 e A
— BRI REA I i He A , 38 5 45 TRl 28 0 2% 78 3%
L fige BB AE Th AT AR 4328, DL 58 BURT H AR 4 £
DURIAR S o TS0 e A 00 B DA T 7 A e i
ME , B H AR HE E A 14 ) B35 Ak Ay [l 05 [ 7
A B DR S G 0 R AR o IR T R R
1.2 &R (single shot multi box detector, SSD)™",
45— 1 SZ B B A A (you only look once: unified,
real-time object detection, YOLO) "™ 4 =4 —m9
SERFH @ﬁ*ﬁ{mﬂﬁ{j&(you only look once: unified, re-
al-time object detection V3, YOLO V3)iss
2 e 1 Bk %422 ik 1) ) R A R, BT L AGH I A A
A B B, e AR I iy D J bR AR I 5
o YOLO 2 dme Sl FH mN Y 75k, B4 M — 5K 5]
A5 v RS0 A0 S 1) 0 A A bR 5 2 SR TR
fif 2 16 (visual geometry group 16, VGG16)E H Fk
fitth ) 26 f1%) , JFL 3 J2 Faster R-CNN 9 3 6%, {H i F
YOLO"™* 2R FHT 1A% 4] 43 1) JEVAEL , Xof 3 A B TC A 1 11
INFG Vb A0 5 W T Y A R B 2R O3 B, 36 A Y O-
LO A 0K 2 D AR , X /N0 1A e 850 5 4R 1) W) A A
MR . YOLO V3 H A7 Bt i 4 ) 52 J3
2 v YRGS 2, BT LAAR SCHE 8 YOLO V3 %42 i
W) 260 2% 1 FEAT ARG

AT X T4 2% 7yt b e 2 iy
o 25 - 08 TR I o I ) e % iR A . T
LA S i v 2 i v 2 2% 1 I BE 5 5 0 L N R I 4
fik o9 v 2 2% ARG AE S o TR A
4C IS 4, BT L) i Fi 2 % 1 O VA 22 R R TR Y
PG I 24 25 F SHEA TR 5, SOk il e o 25 5

R AR ARG T ARG 45 1) L, 8 46 2% F o0 A SR 2 A A7 AL
LRI ] AR BUFE A IF X FLAE TR . AR LRIE T B
P A DUORS B 5 5 R R R4 T, A A5 SRR 2 TR A
3 DR IR R AE S 7 SC R H AT R A I FOf e X,
e R 2 B H bR DO ER . T ERER A 4C
ZE 0 fk X R AT O MR T AL R BRI
[E 3L i o L I D € L i 7S iy
Fir AAECAT 4C EUR IS BL T, BLEZ DL 4C EURAE R
B ST YN S — P T (1

1 i YOLO V3Esy

1.1 YOLO V3 [ £& &5 #3 B idt

T H A fh 90 46 2 TR ST AL AN
HEARE 7 A O HIEEIEEE . 4C ARk k%
il X1 P14 &1 1 B 7, DAL 1 AT LA 390K B 4 fk 1)
53 R BT FURURT: , BT 458 Sk 15 B, 17T BURTAH AT SR 15
BN o BN LT b AR A ORUE:
LR G S FUKESE . T LABELIMG 72
JF % G A ) E R A AT AE JE 428 IR
5 258 5K Bk B 4 ik 19 AR A Ry U1 R B808E 2 5 A ik
500 5K PG AE il i B £ .

283 Wl axen
I =

e

=

B #EMMEGR.: (a) B, (b)WF
Fig. 1 Catenary image: (a)single rod , (b)double rods
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Fig. 2 Detection result image of YOLO V3
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Fig. 4 Flow chart of insulator detection
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Tab. 2 Statistical table of time efficiency analysis
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Fig. 5 Test results of images: (a) insulator blocked image,
(b) clevis end holder for tuble blocked image,
(c)holt hoop iron blocked image
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