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Abstract It is difficult to quickly and accurately identify wheelset tread defects using traditional image processing
algorithms. We propose an algorithm to accomplish this using a dual deep neural network. The dual network is
divided into a tread-extraction network and a defect-identification network. Based on the characteristics of the treads
as a big target, we analyze and test the SSD network, and apply this network to extract the tread area from wheelset
images. To improve the efficiency of tread defect recognition, after the tread image is extracted, we optimize the
YOLOv3 network structure to obtain M-YOLOWvV3 for the characteristics of medium and small tread defect targets.
The experimental results show that when extracting tread areas, the average precision (AP) of the SSD algorithm is
the highest (99. 8% ). When identifying tread defects, the AP of the M-YOLOv3 network reaches 89. 9%.
Compared with the original YOLOv3, the image computing time of the M-YOLOv3 network is reduced by 7.1%,
with the AP showing only a 0.6% loss. The results demonstrate the proposed algorithm’s high detection accuracy.
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Fig. 11 P-R curves of three models when extracting tread
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Table 1 Tread detection performance

Network AP /% Time /ms 10U /%

SSD300 99. 8 31.8 83.2

YOLOv3 96. 9 44,3 80. 1
YOLOv3-tiny 90. 6 13.9 73.6
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Table 2 Defect detection performance

Network M-YOLOv3 YOLOv3 YOLOv3-tiny SSD300 SSD512
AP /% 89.9 90. 5 72.2 19.3 42.0
Time /ms 58.7 63.2 17.5 24.5 46. 4
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Table 3 Defect detection performance of two detection

methods
Network AP /% Time /ms
YOLOv3 73.2 92.7
Experl & Exper2 89.7 92.3
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YOLOv3 43R5 e 19 25 6 M Re PFA, Hirp SSD
P H AR AP 9 99. 8%, M-YOLOwv3 H 1] i
MR B AR APl 89. 9%, T LLZE 4 AP N
89. 7 %6 ; V- 5 FE B Ay W A A L S B3R 1 1) AN RN
R Al AL A 48 IS TAT X R A 7 T 4 3 Y F B

PIRN 7 2 P-R £ an &1 16 R, 4546 3% 3
Bl 0 U2 YOLOv3 2% 78 55 % #1441 31 5]
BB B AP (B T 90 AN 58 280 43 25 450 i B 19 O 1k
I HFEN AT R B n .

0410020-8



HRIEX

$£58% F4H/2021 F2 A/HEREFFHE

1.000
0.975 1
0.950 |
g 0.925
-haad|
O
é—j 0.900 r
0.875

-+ YOLOv 3
-= Experl & Exper2

0 0.2 0.4 0.6 0.8 1.0
Recall

0.850 |

0.825

16 P APKE I 7 ik B P-R il 28

Fig. 16 P-R curve of two detection methods
:|.: N
7 én 1w

B SK o A o SSRGS R T R T S 7 1 (]
JOLL R R T U E B AG I 2% B k. i ik i
Xof b DX OB B {1 S B0 56 6 ] [ AR OE , I s
SRS 1T 2 I 285 (SSD) f 78 A6 %8 %o P4 i B9 1 X 35 1Y
A, B8 EE T DX 8K, R S AR A B T R B R A e
YOLOv3 M4, 15 5] ik fE 3R 5] M 45 (M-YOLOv3)
TE 5 X B 5 bR AT 4 2% B 6 e 926 25 SRAE I,
ST AR A T R AR T A R ORI BE A B A B T
Ar IS, A ST A AF A — S8 0] . 1) AW R ALAE
YIRS Y B B 0 I 25 2 500 6 AT 1 Bl 3G ot L )5 1D
FE vt IR 5 5 T B O BEOR 450 3 B w1 A2
A VR0 2 R AR 1 T R ) s 48 A2 40 D R 3 o ) ek
WESG 5 KBGO, 328 B G 51 S XS B s 2) 78
AR B v, B T REAS B Y BR A, O 32
FAFAE BB R R AT TR, J5 Sk AR BUCE 2 19
IR T At 5k [ 25 500 1) B S R I R I 2% i AT 22 25 5
il B 1) T

Z % x #

[1] Cong T, Han J] M, Zhang G Z, et al. Analysis of
micro damage factors of shattered rim and tread
shelling of railway wheel[J]. China Railway Science,
2017, 38(5): 93-99.

AR, AR, TROCRE, 45, BRBE AR o5 A
0 TR )l B A BROUL 3 5 PR 3R 4 L0 v B
Bhaf, 2017, 38(5): 93-99.

[2] Guo Q, Cui J Y, Zhang Z F. Overview of
measurement method for wheels of railway vehicles
[J]. Chinese Journal of Scientific Instrument, 2006,
27(S2): 1125-1127.

SR, AR, TR0 BRI A XA B AR 5
L] S FE 4, 2006, 27(S2): 1125-1127.

(3]

(4]

(5]

(6]

(8]

(9]

[10]

[11]

0410020-9

Li H B. Research on damaged tread detection of
train wheel set under machine vision[D]. Nanjing:
Nanjing University of Aeronautics and Astronautics,
2017.

B . ML SE R S8 09 AL 4 58 X B TR 450 493 A
WrFE[D]. Mat: MAaAE MR R, 2017,

Wang Y S, Ma Z Q, Song Z B, et al. Wheel tread
area extraction based on image distortion correction
[J]. Journal of Graphics, 2018, 39(3): 432-439.
Fok M, SigiR, R, 55 G T R AR AR 1
R X R A L)]. RS, 2018, 39(3):
432-439.

Pu F P, Zhao J, An Z. Recognition and extraction of
wheel cracks based on machine vision[J]. Journal of
Railway Science and Engineering, 2018, 15 (8):
2113-2122.

WEN, B, ZH. AT UG R 2L arR )
SERBC]. BOBERE S TR %M, 2018, 15(8):
2113-2122.

Ren S Q, He K M, Girshick R, et al. Faster R-
CNN': towards real-time object detection with region
proposal networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39 (6):
1137-1149.

Redmon J, Divvala S, Girshick R, et al. You only
look once: unified, real-time object detection [ EB/
OL]. (2016-05-09)[2020-07-09] . https:/arxiv.org/
abs/1506.02640.

Liu W, Anguelov D, Erhan D, et al. SSD: single
shot MultiBox detector[M] //Leibe B, Matas J, Sebe
N, et al. Computer vision-ECCV 2016. Lecture notes
in computer science. Cham: Springer, 2016, 9905:
21-37.

Fan L L, Zhao H W, Zhao H Y, et al. Survey of
target detection based on deep convolutional neural
networks [ J].
2020, 28(5): 1152-1164.

JLEEE, BOCR M, B, 5F. T IRES RSN
2R AR I B R 4R (0] s K% LA, 2020,
28(5): 1152-1164.

Meng L, Sun X Y, Zhao B, et al. An identification

method of

Optics and Precision Engineering,

high-speed railway sign based on
convolutional neural network [J]. Acta Automatica
Sinica, 2020, 46(3): 518-530.

wik, INVE T, BE, . BT HEM A MK %
MU T[] A sh 2 lit, 2020, 46(3): 518~
530.

Tao L, Hong T, Chao X. UAV recognition and
location tracking based on YOLOv3 [J]. Journal of
Engineering Science, 2020, 42(4): 463-468.

Va7, BhEE, 28, T YOLOv3 It AR B 5 &



E58%5 £ 4H/2021 £2 B/EtERBFEHRE

[12]

[13]

[14]

[15]

[16]

[17]

fiBERT]. TARRREYAR, 2020, 42(4): 463-468.
Redmon J, Farhadi A. YOLOv3:
improvement [ EB/OL]. (2018-04-08) [2020-07-09] .
https: //arxiv. org/abs/1804.02767.
JuM R, Luo H B, Wang Z B,
YOLO V3 algorithm and its application in small
target detection[J]. Acta Optica Sinica, 2019, 39(7):
0715004.

BRERAR, DU, AR, . SEEe YOLO V3 5
2 M HAE /N BARR I o i i LT . Ot2#2 i, 20109,
39(7): 0715004.

Wei X K, Yang Z M, Liu Y X, et al. Railway track

fastener defect detection based on image processing

an incremental

et al. Improved

and deep learning techniques: a comparative study
l. Engineering  Applications  of  Artificial
Intelligence, 2019, 80: 66-81.

Qiang W, He Y Y, Guo Y J, et al. Research on
underwater target detection algorithm based on
improved  SSD[J].
Polytechnical University, 2020, 38(4): 747-754.
SRAE, BB, SBEM, . BT SSD KT H
FRA I Bk A 5 (7). PUdb Tk K= 2% 3, 2020, 38
(4): 747-754.

LiJ H, Lin L J, Tian K, et al. Improved Faster R-
CNN for field balsam pear disease detection [J].
Transactions of the Chinese Society of Agricultural
Engineering, 2020, 36(12): 179-185.

ZRhr, MR, HEL, . Bk Faster R-CNN
FET [0 e T 3 0 3 A [0 ROl TR =2 4, 2020,
36(12): 179-185.

Zhao B, Wang C P, Fu Q, et al. Multi-scale infrared

detection

Journal of Northwestern

deep attention

mechanism [J]. Acta Optica Sinica, 2020, 40 (5):

pedestrian based on

[18]

[19]

[20]

[21]

[22]

0410020-10

0504001.

Bk, EFF, Mo, & RTRERZONHNZ
JUEE LA A7 NA I D). 2 224k, 2020, 40(5):
0504001.

Huang D P, Liao S P, Yu S D, et al. Research on
automatic counting system corrugated paper board
based on machine vision[]J]. Journal of Mechanical
Engineering, 2017, 53(10): 79-86.

WP, BN, TR, &L BT O A AR
WA it RS SE [J]. HLB TR 2= 4z, 2017, 53
(10): 79-86.

Zhao X F, Xu M Y, Wang D P, et al.
camouflage detection method for special vehicles
based on improved SSD []].
Engineering, 2019, 48(11): 1104003.

BRI, B, EOEE, 55, JET ek SSD AR Fh
LA AT T ] . AN 5 EOE AR, 2019,
48(11): 1104003.

Zhong Y Y, Wang J F, Peng J, et al. Anchor box
optimization for object detection[EB/OL]. [2020-07-
09]. https://arxiv.org/pdf/1812.00469. pdf.
Kanungo T, Mount D M, Netanyahu N S, et al. An

efficient k-means clustering algorithm: analysis and

Infrared

Infrared and Laser

implementation [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2002, 24 (7):
881-892.

Shi W X, Tan D L, Bao S L.

SSD algorithm and its application in remote sensing

Feature enhancement

images target detection[J]. Acta Photonica Sinica,
2020, 49(1): 0128002.

OO, WS, IR REAESE IR SSD Bk K HAE
TBEE b I o A [T St T AE R, 2020, 49
(1): 0128002.



