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Abstract: Aiming at deflection or loss of high—speed railway fasteners caused by the loose fasteners in the bal-
lastless track of high—speed railway, this paper proposes a high—speed railway fastener detection algorithm based
on improved Faster R—CNN. Deformable convolution was introduced in the feature extraction network to build
deformable residual convolution block (DRCB), which makes the feature extraction process more focused on the
fastener region and achieves the accurate extraction of fastener state; and Alpha—IoU was used as the target re-
gression loss function to improve the regression accuracy of high—speed railway fasteners. The experimental re-
sults show that the algorithm proposed improves the detection accuracy of high—speed railway fasteners and can
perform fastener localization and state detection more accurately than other algorithms.

Key words: fastener state detection; deformable convolution; Faster R—CNN; Alpha—loU

Citation format:PEI Y L,LUO H,ZHANG S H,et al. High—speed railway fastener detection algorithm based on
improved faster R—CNN[J]. Journal of East China Jiaotong University,2023,40(1) .75-81.

Y5 HH1 :2022-04-27
BE&WH LA AE TRSAHORBEEE S50 H (GJ1200603 ) ; 7LV 4 5 S8 0F & 3% 5 555 H (20202BBEL53001)

2)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



16

76 K b}

b

NI ¢

2023 4

RN TR AN B, B
B AR A A ) 2 R R e kY AR A
B el T R BR s AT R AT A RO e R
A 7K 32 3 7 g 28 A0 R) I A2 30 5% 22 vhily , 5 5
PR A #% X O A TR) R T R R W R RN &
S AT T BR AR S A A D B A g B
B

HBT, R F 2 T L85 4058 /9 E AR s I J7 925 4H He
TARGE I N A, ] AR s R A0 1) T A 32 A0
DRAG 8 (H T 1 5 B X R AN Y A DR AG
Rt N TR BeR AR M AR 54 B AR Kz I, Girshick
AR T R-CNN W%, SR G BRI 22 I 268 Xt H
PRIEATRFAE SR I, IF B2 1 T Fast R-CNNPIR 2% |
K HI Soft—max 1E 43 &5 X HAR AT 7028 $2 1
PR B RGTRS B2 ; Ren 594 HH T Faster R-CNN, 24
T Fast R—=CNN, 5% H X 3 ¢ 1€ % 4% (region pro-
posal network , RPN) &A= i, H b fi S AE | $2 7+ T K2
D3 R ] B v 0 R AR A A E L, L AR
T — ) FE T X3 1Y Faster R—CNN 578 2k X
H AR AT R, 52 7RG RS B FAS DR Sy T
S P I A0 0 A E A, e ARSI T — A
BT Uk Faster R—-CNN (14 58 £ 300, AR 40 A
T 0 Ak D e 38 I 28 S HE AR L, 48 1 A il

H

e

DA b7k B AR AR AT LUK i Rk e AT A I 5
BEXT AR SR A B 5 AR 2 0 R 1 X
BRI B A [FDE SRR AS AL AR SCHR T —Fh BT
Ui Faster R-CNN (1Y /&5 2k #0000 4 00 359, R
ResNet—101 1E A FFAE S IR 45 | [R5 A AT 28 12 4
B, M E Al AR P 5% 22 5 L (deformable residual
convolution block ,DRCB), % /] Alpha-IoU fE
H s [ 45 2% pR 2R, i — 2D 4 T A RS
G0 K

1 Faster R-CNN &%

Faster R—-CNN 1Y [ 45 25 04 40 25 3 N REE, 79 5]
SRR SR OB | DI e A5 HR R 20 2 [ A AR B
Horbr | RRAIE 4t HORE B o 4 B2 X g R AT R
I T i BB, DTG R A5 AH I 79 8 R A2 R A 5 5 Xk
A AT PR T RPN 0 268 2 Jlt K a9 i S AE 432 36 R
FH Soft—max F| Wi g L HE th H AR A9 50, 120 HE 7] U3 45
% BRI BN S AE AT A8 E DT A BI85 A A 1 1) e
BRI A i DI 43 26 [T AR HOR ) Soft—max 7328
i F [ 5 88 7 — 20 X0 g R AT RS A 2R A
HE 0T U9, i J i ) o R AT IR S 0 g A R A
Bo MERERGIE 1 s,

; Feature map j

< | Reshape | | Softmax | | Reshape | | Proposal | |ROI poolingi
RPN | —=[Bhox_pred]
Convolutional Pooling Activation Fully (
layer layer layer connected
e (o]

Bl 1 Faster R-CNN HI M & &5 # &
Fig.1 Network structure diagram of Faster R—-CNN

(€)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

http://www.cnki.net



514

Py 5 I T UG Faster R-CNN AY w7 42k 044 46 I 3 3k 77

2 ETFT AT HERB Y Faster R-CNN
) FE BY

2.1 BUHEFEIRENM 48

TE AT RS R I 3o A | 26 R 25 I 445 1Y
TP R, 8 06 B B2 B £ A R AiF 15 8., (ELRE 25 I
WIZB I L | S il B R R HE R R 3 Ok 4 )
R, AT I AT D) 28 o A DK 2, oA 7 i e sk A [ T
FEAE 2 B B R F T ResNet—101 W25 3 o i 4 4n
PEREATRRAE 4R H, 3 20 R 8K 25 i 1 0 O =X, DLTE
A E X 265 % B 1 ) s, LRI ol i 1) 445 1 i 1) T
1k, W 2 FiR, H e A F(x) N 3x3 B
Je BB H (x0) il B B B AR

ARG IE W WA B RERFEIRE 77
FEARTRN LA | 2R HAR 6 B HRE 3K R 4 4R 1)
T TEAREAE B . N T Pk A ) B, 78 FRAE $2
B 2% ResNet—101 HH 5] A nJ AR B F | ) gt ] AR
TEHE 2GR E 3 FiR , FESR IR 2R R FRAE
(OPOR R I BN T NIUE S AV =S =B A AR S
FE 0 B B, LAY R B, MO 3R B 3 5 1)
R IR A R AR

TERRAE SR BB B | B e P 43 5 22 26 U
SRR A AT AR TR AR 22 G B FE AT AR B A T

1x1,64

ReLU
Y

3x3,64

Flx) | RelU
Y

4

1x1,256

H(x)=F(x)+x l

RelLU

B2 BREERHK

Fig.2 Residual convolution block
AR, G X RAE A b A 8 — A A
i Ap, KX R BRI B RRAESEA T 27 T | [ I SR A Rz
IS ALE Am, SRAFHBRE S AT, BRBCR AR
B R=((~1,-1),(=1,0),---,(0,1), (1, 1) AN

N
y(p)= D w, x(p+p.+Ap,)Am, (1)
n=1

KN & B H A s p, R RAEE R A2
B w, ABCEE,

— =
= <
3 — =
L > O —» = —» -
- f=a) 5}
— &
Xn * =
— =}

ReLU

~D-

3%#3, Conv2
'
Bn2
|
1*1,Conv3
{
Bn3
'

1
/

B3 AERERELSRR
Fig.3 Deformable residual convolution block

/
Conv

Offset field Offsets

Deformable convolution

Input feature map Output feature map

4 AERERPITHE

Fig.4 Computation of deformable convolution

(C)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

22 BUAMKREE

TE T Al A2 JE 46 BB 202 Faster R—-CNN & il
BRL R 4510 s B E AR 23 20k eR B L, A1 H B
[\ 1458 2% BREK L, HE R R, B0

L(P;Ji,):Lcl;"Lreg (2)

2 op, T 5§ Mg e AE B SRR A B R
t; TN ER § A B AE 1 20 FOAE 8] 05 28 o 2R R
PRIER Lo, 58 SURG 02K R 8k, XA i H A AT =
IS

Lvls(pispi*):_log[ (pi,pi")+U=p;) (1-p;” )1 (3)

http://www.cnki.net



ﬂg

xR

i

b

78

Jo

R 2023 4

Krbop, W ELHEAHA,

T R o i3 1Y Faster R —CNN A8 ) 455 780 e
smooth,, YE0 HARIIAH K %, R E T Wi
HE 52 B 0 HE 22 18] 1) R 2, VA =5 18 30 T 3 A A
SR P AE K A e YA O, AN T I 3 HE ) A
WUE O 7 ok b3 ) T, 2% g 380 FT3000 3720 4 11 52 B
THE 22 A AS [R) A8 5 5 B2, A R 900 370 A R SE2 o i HE
Hl SR LR Z [ FE RS, >R Alpha-DIoU 43t
2 R HAR [l 453 2% R 8K L, HI T 08 B 30 FUAE
(VAT UR o NI CIVSE 75

Lrng(tiyti*):ZLQ—DIOU(tivti*) (4)
200

Leniq=1-IoU+ (cbz; ba) (3)
_ANBI

loU=11un (6)

HHF Lo, loU PRI G 0 R loU W21 51
SR i A R AE X R A B SRR AR 19 1 BURE [ ) 2

Hsb by R BUNIAE A FISEPRIDAE B .0 8 p
TR B s e A f/NIMEFEIE XS 2R Y A O
B AHE ; B A SEPRHE

3 SHRINGHES

31 HIEER&E

AR SC A AT 2 3 Al e T i W A
ERESLEENLRGHRET 1 600 K1 =
BAN RS SR L A2 R A 1050 5K, & R
550 ) AT Mgk R G S E . KRl S
Fis
3.2 HiEHESEFEERRE

AR SCR Y TUART A5 8 77 325 o8 b B4 46 aE 47 B s
Kok KR EY FEE 2 616 5K, [ R labellmg
T BE AR A TAR L . BT RS h fe/ N T AE
Frid, 1 xml 48 X ARAE , B AL $E 5 HE b S /N T 1)
A A b R H AR 0925 FE IR R b BEPLEX 70%
YERINZRE BT 30%1F At

B S5 BHMGHESE
Fig.5 High-speed railway fasteners data set

4 XWEERSW
41 XWFEE5SHLE

SR T Pytorch T 27 > HE 264G I 1 4%
AT G EAE , S & S8 1 iR, M4
BERIYIN L5 53 R WA~ B B, VR 25 I 2 B B, 90 1 2 )
FH 0.000 1, fFEHEIIZREEL, W65 REh

0.000 01,
4.2 iFHriEtR

TEXT 5 BRAUAF BRI o e oy RSORS E Py R
G IS TR0 AN () g R A IR 2 B IR R 5 P 2
5 BE S Py SR T ARG DS R 68 BT A e Bk A R 2

(€)1994-2023 China Academic Journal Electronic Publishing House. All rights reserved.

x1 XRTESH
Tab.1 Experimental platform parameters

Lab environment Platform parameters

System 64-bit Windows system
RAM 326G
CPU model 17-7800X
Graphics card RTX2080-8 G
Learning rate adjustment multiplier 0.96
Weight decay 0.000 4

http://www.cnki.net



%1 FE Py A LTI Faster R—CNN 1 5 8k 104445 I 53 3% 79

AP R S s K S P S RS OTR, Sk T g A
Bhoar LA B P R RO, ER R

1
P | p(rdr (M)
N
2P
P ®

Horbp MRG0 r B TR N ORI 2 1,
4.3 XWHERS

T B UE PR SAA B e BEVE AR SO 3 AT T
HEAT T RS0
4.3.1  FEAEFE R 2 52556 o B

N T B E R R U 45 B R, RT3
T A T B4 e AF 2 BRI 265 a0F 47 S 56 X B 2 B,
5l 72 ResNet50, ResNet101 #1 5| A 7] 28 12 45 FH 1)
ResNet101, 7F H 2 By R8s 48 Eak 17l 25
X ) 5 A5 R R AT PEAY L Off Ay e Bk & A= i %
Miss A Bk &R 2k, K25 R a3k 2 s,

MF 2 haf DL iE , AH B T ResNet50 Fl1
ResNet101,ResNet101+DCN 5 K BE % i, F ¥4 1
W R4y R T 2.03% M 034% , % W R H
ResNet101 +DCN 1E y H¢ 1ik £ U ¥ 2% A #1) T 42 F+
Faster R—CNN 54 5 X & 2R 2k R S A

F2 FEASAEHREN N 4 1 B3 b

Tab.2 Performance comparison of different feature
extraction networks

Backbone P.50/%
Py/% Fis
network Off Miss
ResNet50 99.07 72.12 85.09 10.99
ResNet101 99.19 74.38 86.78 10.37

ResNet101+DCN  99.26 74.97 87.12 10.13
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Tab.3 Performance comparison of loss functions

P50/%

Detection

algorithm Off Miss

Puw/% Fs

Faster R-CNN  99.19 74.38 86.78 10.37

Faster R-CNN+  99.23 75.74 87.48 10.29

M3 el PUFIE , A F IR Faster R-
CNN #3k, R Alpha-DIoU 15 2% s B1E Ky H b 9]
A 351 2% pRVEL, S SR D A SR A2 T 0.7% , R IR
JH Alpha—ToU 451 2% R AR S H A 1] U 43 2% pR &L, BE
i $2 T+ Faster R—CNN 5375 X e 2k 44 IR 245 g A
K,

4.3.3 5 H A0 SE g X LA BT

SR FH A A R B 4R S S AR H
A AR = N T S S ML 0 AN S W LI IS] D =
YOLOv4 573 0 B AT AR 19 5 Be H 4w A6 53
7%, Faster R—CNN 5.3 2 #7814 5 By Bt B brs: I
P, 3X 3 M RE A — E AU E AT DL A b 56 TiE
B R, R AR R 4 PR,

N 4 TRl DURIIE 78 i BRI IR 28 i A D ok
e T Faster R-CNN A9 5 2k 30440 46 Il 54
A L T H A A A TORS R e, AT P i B
i, 6 R M Faster R-CNN [ 53445 2] 11
L ERIIAR S AR I 52 ], 181 7RI LU MY AE R
NI R R, AERRNEREREEE
%, PRt Faster R-CNN A8 8032 78 6 & g dn 444k 25
HEAT ARG AT DA AR v 4 A RS B

x4 SHMEZRMEREILL

Tab.4 Performance comparison with other algorithms

Detection Backbone P\50/% Pi75/%
. Pul%
algorithm network Off Miss Off Miss
SSD VCG16 99.10 69.60 97.98 53.95 84.35
YOLOv4 CSPDarknet53 98.87 67.83 87.29 50.20 83.35
Faster R-CNN ResNet101 99.19 74.38 98.56 61.86 86.78
Ours ResNet101+DCN 99.34 76.80 99.12 65.12 88.07
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