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Railway Track Detection Method Based on Improved YOLOv5s

JIANG Ke,SHI Jianqiang and CHEN Guangwu
Key Laboratory of Opt-Electonic Technology and Intelligent Control Ministry of Education, Lanzhou 730070, China
School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou Jiaotong University,Lanzhou 730070, China

Gansu Provincial Key Laboratory of Traffic Information Engineering and Control, Lanzhou 730070, China

Abstract Track line detection is helpful to improve the running safety of the train,but the detection effect is easily affected by
the running environment of the train, this paper proposes a method based on image pre-processing and using the improved
YOLOV5s network for track line detection. Firstly.the image pre-processing.using HSV to separate out the redundant informa-
tion of the image and then based on Otsu thresholding.improves the saliency of the image detection target and reduces the com-
plexity of target recognition. Secondly, considering the requirement of light weight of the train on-board system.the YOLOv5s
target recognition network is improved,and the backbone network is improved by adding CBAM attention mechanism module to
enhance the effective feature information, which can improve the detection speed on the basis of ensuring the detection results and
make the detection algorithm model easy to deploy to mobile devices. Experimental results show that the proposed detection algo-
rithm achieves 94. 1% mAP in the dataset test with certain real-time performance and robustness.

Keywords Train front environmental understanding, Railway track line, YOLOv5s,Image processing, CBAM module
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Fig.4 Diagram of YOLOv5s network structure

T P04 i A B PR AT R AT 4R BB, R A AR ) L 45

DI A 45 H (Focus) 45 B HL (Conv) L B2 (C3) F1 25 ] 43 F
P fk (SPP) . £5H X 4 B0 e AR AT Rl G K B TR T R
TR TE SCRRAE RN B R ) b A% Ik 0 LRI #EAT A A A
[ Ay 32 J2 % R [F) A 2 AT R AR LA . FEHEAT DL R BRAE
Jo - A RS RRAE £ ARG 2, T 2o 3R AR R 0 (NMS) X £
H b HE FEAT 01 1 , 55 5 i L A5 R (L e B Y 0 26 ), 33 [
ERZR VAR N R TRy 7

2.2 B EEH YOLOVSs #& U 77 3%

& S WL A (Convolutional Block Attention Module.
CBAMD J& — Fft I - 1ij 153 it 28 I 45 19 17 B0 5000 1 2 0 pL il
P, % E E AR T B Y Nas R AR T B B A AL
CBAM BEHAE F2 0 3 o [ FRAE (5] 22 S5, 23 1 35 8 A2 ]
B A 2l S 2 B AT A 3 o b B S A B A R AE S A
B RR AT AR R DA S5 B0 B 35 Y RRAE AL AL . CBAM & {&
St e 5 R .

A EHER
I 7 Sk

S
—5- il

K5 CBAM BIHEA45HY
Fig. 5 Overall structure of CBAM module
LR 5 0 LU CBAM BESR 19 S R 5 6 5 T 2
Sy Y ¥R B, RIS JE 7 B ) B3 (Channel Attention Mo-
dule, CAM) F125 [a] 11 = J1 #% Bt (Spartial Attention Module,
SAM),
SIBERE- Wk B N IUE 2L L (oR 1 S TP

| >

B\ KFEF Refine AL F>

BN s
e N MLP %% [ 4% A
= A%
ﬁ:ﬁt}* < o0

Pe 6 3 VR R AR A5

Fig. 6 Overall structure of channel attention module

- fn A B FRAE B 43 31 48 5 3 F width A height 19 global
max pooling & K fb. 1 global average pooling F 43t 1k, , 15
FIWA 1XIXC RFAER He B H B0 3R A —A P2
ZE 45 (MLP) 55— 2 0B C/r(r A2 3%
T RRER Relus 28 Z 2 & 0B C X AW )2 B # 4 W
ORI, WA K MLP i 09 FRAE E 17 £ T element-
wise FIATERAE . 52 3 sigmoid BLTE #5245 . A b B 2 1) 18 1B
ERRAE, IIM, (F) . R A= 8 i

M. (F)=6(MLP(AvgPool(F))+MLP(MaxPool(F)))

=c(W, (W, (Fo ) +W, (W, (Fi.)) &

23 [8) 1 R I B I R R S5 A QAT 7 TR .

= 18]

Refined F

[FAHA, F2H]

VA CTRE Y- WAL $28. 2L R4 p )

Fig. 7 Overall structure of spartial attention module

W 30 3V R 0 A T 1 R A TR F A S AR B A

230200101-3



Com puter Science T HLE  Vol. 50,No. 11A, Nov. 2023

FRAFE . 15— A3 T channel A9 8 K ith £k A0S 34 3 £k
1SR FRAE ] SR S5 X 2 A FEAE I BT channel 5038 18
P, 2R — N BRZEAE, K IHLFEYE R 1 4 channel,
FRZead sigmoid Az W% 8] TR B8 D AR BVM, (F) . B f %
feature ANZBEHL 1 5 A feature M T 35 . 15 B fr 28 A= B AY 45
e, I = (9 s .

M, (F)=c( " ([AvgPool(F) ;s MaxPool(F)]))

=o( [T ([Figs Fr 1) €D

TEBAR T YOLOvSs 31 W 2% v, £ ORRAE B 45 1 )2 3
FH R A FRAE A S8 O B A RRAEAE S . B TARAE IR A
T AR A N AR AEAE B, BT DL FRE S 2 u B A B 22 ]
FYAH DG WL . B ZE 3 A 2% TR Ry A 5 B G Al D A ﬁfﬁ
B B 5 B AR AT B A5 3 (8 A X B AIR A5 R BRPE . 38 3
TER PG CBAM J5 , 2 81 £ ROBEFF AR il 5 Jin ik 3 5
B B ERIEAS Bl %k, 51 A CBAM J5 B IRS5 Kl 8 iR,

I BB PUTE 70 B B AN A 0 AT R4y M T O
RHEAT S I IUE (B B . e AR AR L B R DL 3 A
J5 M .

(D IEE ZREAE 2 8 30 9 R e AT 3l A vh R R R BT 1y 2
BEE 76 A FBOHE A2 S IT BB 22 M A [R) f) 03 R Rl PR

(BRI ) AT 90 i i KA AR b R B AL, A
SO A A B S R A T K R R IR R 4R R AR 1
TR G,

(3) Zhn 25 b L . Ay A 0B 41 R A1 3 2 AN TH) i WLl 4R 2
LAY EPGE L RS R A R AR
A 2000 ASFEA, SAL 6000 TR ER B 5K BRI R ST 640 =
480, SRAE M LI BUHR AL Bl an 1l 9 TR .

JR 46
Backbone

[ &3
Backbone

@

B8 FIA CBAM Kbk 454
Fig. 8 Structure of introducing CBAM module

AR BB F . YOLOvSs M 2% 119 backnone H7,
FIA CBAM BB M E] Conv 5 C3 2 W], 1% J7 ¥k RE W6 ¥ 45
FE B R TE) R AT AR ok Ao 3 3 A TR R B s ) R
Mo, 768 T8 2 B R 28 R 4 b A3 G OG TR R AE AR B A
ZEPHCIXER”, SET U CBAM B Heok 32 25 £ AF 6e o, 6
T R AE I 0 B AR AE SEAT I A AU B T 4 N
15 B8l B2 TR 7 vk R .

3 XKBRSH

TR AR SC R Y M BE L £ NVIDIA GeForce
GTX 1660 Ti iy GPU Lt AT YAl ik, 52 50 A {4 i ¥ -

Windows10 R4, iz 17NN 16 GB,64 iR VE RS, 1E Py-
thon Zi 215 7 T #EAT LI .
3.1 BUiREEWMAE

AR ST S B A AR T B I X il A T 1 B 42 A — AL A AL

B9 Bl 2 Bl 4 m

Fig. 9 Example of track line data set

SE R R B B e R 8 s 2 I HE R A VI R 4R 5 0 IE
B0 4800 TR UIZREE B A .1 200 SRIGTFAE I8 Fr . 28 Hdim ()
PRk TAEH 4 ZARCHER N BLHEAT . BRI B F5 b5 4 1 1
) BORE RS YN 25 AR P B R W B T e L O SN B TE AR U
52 FJ5 BT HEAT AR TR 45 R AL IE AR,

3.2 MR

TE X AR 7 M B AT A £ 15 L R FHORS i 3 (Precision) . A ]
K (Recall) 4 R ( Average Precision, AP) | 14 i #f %
{8 (mean Average Precision, mAP) Kl 3 & FPS £ 4 iF
AR . A 38 A A TR X 28 ) T A T 1) et 5 % 2K I T
A LA A R S A TR o) S ] T A S 4 i S
PR TP T A B Y LU B . T X R R CAP) S BB T3
0288 T30 1) vy SR A . 1 249 9 0 R 4 {H (mAP) 24 T A7 (1
B AP SRS 250800 He (B . Ak FE S 2 AL O
Fp i 38 JF e (Mean Intersection over Union, mloU)
ViR 3 E0ORS B BE AT 4 AR . mIoU S B % £ 442649 ToU

(=R R £ N =y (1
Precision= 5 s (10)
Recau:%\] (1D
AP— ZP]rVea'se (12)
mAP:% (13)

230200101-4



£ WL TR YOLOVSs §1l 42 838 2 fan il 7y vk

mIOU=%C(g‘*Gg)

b, TP Sy J2 F0PH M - 1 0 0K B AR 00 R IE bR % FP o
5 BH P < AR K B T Ry I B AR 25 5 PN S BB M o IR
WibR 28 HAR BN 5535 N 9 8HE 4R 181 b 80, NC S HEA %L
B. RQAOH,A ZHAE, B & B SHE, 4> T & W E 19 384,
53 BE R UAE 1 I 4
3.3 ETF YOLOvSs B & R

SCE T FE YOLOvSs W 4% 450 A1 9 3= 1 W 4% o & m A
CBAM & S OLEG . B AT R4 I 25, R T 336 F ook
B YOLOv5s X & Fy b 28 J5 i) 46 0 250 2, 43 50 4 FH D 4 161 1
M Otsu AL IS5 (9 1 7 #F 47 9250, I B 76 52 36 v 4 Y ok g
YOLOvSs W 4% #E47XF b, MR 25 1 an 3% 1 fr 4],

F 1 RIS 55 R

(14)

Table 1 Experimental results of different approaches
Precision Recall mAP
YOLOvVSs 0.917 0. 905 0.916
YOLOv5s+ A k4 # 0. 924 0.918 0.926
YOLOv5s+CBAM 0.931 0.925 0.933
YOLOv5s+CBAM+ [ } 4 2 0.938 0.931 0.941
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Table 2 Comparison of network performance results

mloUGI 4 %)  mloU(KIE %) FPS
YOLOv5s 0.912 0.902 50
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Table 3 Performance comparison with target detection algorithms
ETH% V/FPS mAP Ws/MB
YOLOv3-tiny  TinyDarkNet 30 0.902 16.6
YOLOv4-tiny  TinyDarkNet 35 0.924 12.3
Mobilenet-SSD  Mobilenetv?2 27 0.857 118
AXHA CSPDarkNet 15 0.941 15.9

M 3 T DL H L R A TR P T3 7 & R L 3 Bk
YOLOv5s #4765 I i) 3 BE g 4 F0 45 Wit o 4 A 2% b e
R T SE bR IS AT AR DU SR, 3k T AR SCRE B ) mAP
B 0. 941, T HoAth 3 4~ 190 45 (0 K6 0 &5 21 . b A5 A 4 7
e b 7 T, 2k 3B YOLOvSs W 4% #5 8 fl K /N X H
15. 9MB, 48 & F YOLOv4-tiny /9 12. 3MB, {0 g1 F 4% 3 4
TR (1 A 00 25 R 3K B B O G T I TE R I N o g b
BOE SR R] A6 O T T 46 RS B PR At T A A8 B o 35 F 47)
TEHTEL AR . P10 S YIl 2B B 3ot 509 4 1 ST 56 A ) 4
T Ak

10 udE 2 K 0 T L
Fig. 10 Track line inspection visualization
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