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Abstract: High-speed rail monitoring is conducted mainly by adopting image processing and computer
vision technology to detect, identify and track catenary components in image sequences taken by the visible
light high-definition camera. In the entire monitoring system, the detection and recognition of the locator
constitutes the very basis. It is difficult to design the feature descriptor with the characteristics of
versatility, robustness and high-accuracy by using traditional target detection algorithms. The detection of
the high-accuracy locators based on the Faster R-CNN framework has been realized. Meanwhile, the
Hough transform is used to detect the skeleton outline of the locator, and the optimal fitting straight line
of the locator is extracted by the filtering mechanism, which paves the way for the non-contact precision
measurement of the slope of the locators.
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Fig.1 The structure of catenary and locator
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Fig.2 Framework of target detection based on Faster R-CNN model
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Fig.3 Framework of convolution neural networks
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Fig.5 Lines detection based on Hough transform
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Fig.7 Locator framework detection based on Hough transform

2 XBWERSHMH

AT WAE T Faster-RCNN B H 5 6 1) 455 7Y
852 R PR A58 T B A S 1 o AR SOk ) U O'e 1 T AR L
B 2R AR 5 000 K 42 il X o7 #4581 v RE A 4.
WA 2 Bl L4 4 I k4 (3 000 5K A ik 42
(2 0005K) 58 BUE O av H AR A 5 0 28X 56 A 4] 8
JE7R S FEAS SE AL FE 22 7 #7811 K SRR 0 Bk 18 3 355 DA
Kb e R C B 2 R AR S LA 1 0. B AR RS DU AT oA

X R ARG st A B s SR AR AR P & T2 R H
P IS 43 B A5 1 G0 £ 9 Fi 3 S5, A SCE T R R
CNN M %R CalfeNet"™ W 4% 25 an & 9 Frows
5 5B RERFEBI, 1 A%k KR Z
Fl 2 A4t 8 2. CalleNet & — i B ifif & 20 ) 1%
JE 2 S HER iz B ok B PR HL 28 4 7 B0 L BB A8 is 47 A
B R TR R VA i Y B HET 5 CalleNet FLA B He 1L 1)
RE. Y BB AR S A E L, & — e
C+-+/CUDA 4244, n] LI7E CPU Ml GPU Z[H] Jo4%
Y. T W 4555 5, A CH Faster R-CNN B
BITE GPU JH7 V& L5 i, B ELZ 17 3R 58 O Intel
Core 17-4790 #1 NVDIA GeForce GTX 960.

S S S B

4

8 Ak M E L 25 B AR B

Fig.8 Locator object samples

R ReRREEL || BRUR2 FERFER2

96@lix11 [P 96@3x3 || 25@5%5 ) 25@3%3

&35 KA 25| BRES | BHRR4 BRIR3

256@6x6 256@3x3 384@33 384@3x3
\ 4

SIEH)Z 4096 AEHJR 14096 ARSI R

9 Caffenet P £ &5 ¥ & 2"
Fig.9 The network structure of CaffeNet



5 43

TR 36 Bk M 2 AL B A S5 4R 5 325

2.1 E T Faster R-CNN #8497 {iL 25 46 I 45 B
N T BAEIRE T Faster R-CNN [ 52 57 7 K 0] 452 784

YTERE A SCEE ] DPM KRS (T HOG $#AE) 1
N FEERIAY FE TS LG AN TR AT B T] 3 SRk
TR 22 431 DG s L B B 7 SVM-* 43288 Ji 33 52 3
ERAR ORISR N A= o I RS DALY INTUE SR N e
SR FVELAT 5 57 A8 025 LTI 22 70 ¥ 6 Ut vk A A
K REAR 22 5 5 2R ] SVM. 4328 5 v A6 0 G 32 . 22 ik
NTEANZE 1 7R 0 T AN [a] AR R B B0 7 e i T
Faster R-CNN A5 A fty 465 00 £ J52 328 328 % T DPM AR AL,
SE LA NG PR B R L BE B I, BT Faster RRCNN
R RGN AS FE 38 3 99 26 o BV 2 A7 2% B AR B 15 2y e
P s R A BE L B IR B 95 00 LA b S R R T,
DPM #5271 0 DL 52 30 i K 8 () 5 o7 s A 000, i &
Faster R-CNN AU SZ B 1 /5 4 B A

% 1 Faster R-CNN £ & 46 Il 75 FE 3¢ b

Tab.1 The comparison of Faster R-CNN

locator detection precision

T A bl =) TP 1y
SVM 0.42 0.46 0.44
DPM 0.81 0.73 0.77
Faster R-CNN 0.99 0.95 0.97

B3 T AT v R G I A A A R AL A T A S
P 10 2 i K ke 1 22 2 M N ) A . 22 5
K HUE , JE T Faster R-CNN A58 A () 2 {37 5 K5 I 78
GPU FFAT -6 Las B R 0B 05 151 7 9 4 0 o7 4
fF- X 0.2 s 1T U 2 i BR AT 451 X 37 5
s B S I ARG I SR A RE RO SR T L O ELET XS
R RE AT 55 A S B U H AR A I L Sk s AT
I [6) 23 34— 20 B 4+ R LA 2 S IR A 0 ) 755K

B 10 TEREREMLFEN
Fig.10 Locator detection from different scales
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Fig.11 Locator detection precision of different distances
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Fig.14 Locator online detection (night)
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