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Research on the improved algorithm of crack detection of sleeper based on YOLOv3
TONG Qiangian, LI Liming, ZHENG Danyang, YANG Yi, WANG Chenxi, ZHENG Shubin
(School of Urban Rail Transit, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In order to solve the problems of low detection efficiency and poor precision of traditional detection method in the
existing crack detection of sleeper, in this paper, a sleeper crack detection model based on the improved YOLOV3 algorithm is
proposed. Firstly, the sleeper area in the original ballast track image is located and segmented by the gray projection method.
Pyramid pooling and activation is introduced into the improved network model, which can effectively inhibit other redundancy in the
sleeper image characteristics of interference. Space pyramid pooling ensures the proportion of the original image.The state of crack of
concrete sleeper after segmentation is further tested. In addition, the loss function of the improved network model is changed to a
new CloU function, which improves the prediction accuracy of the model. The experimental results show that compared with
YOLOV3 which directly locates the sleeper, the detection method in this experiment has an accuracy of 96.3%, a recall rate of 91.
2%, a MAP of 91.5%, and an FPS of 76.6 / s in the detection of concrete sleeper cracks. The overall performance is improved
significantly, which can achieve accurate and rapid detection.
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Fig. 1 Schematic diagram of sleeper location segmentation and crack detection method
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Fig. 2 Grayscale projection experimental results
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Fig. 3 Grayscale projection segmentation effect
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Fig. 4 Improved YOLOV3 structure diagram
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Fig. 5 Principle of extrusion and excitation module
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Fig. 6 Pooling module of spatial pyramid
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Tab. 1 Setting of initial parameter values

28 ol
Input size 128x608
Initial learning rate 0.1
Class 1
Batch size 6
Epochs 200
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R L2 ERBTENZNESL S YN IR BERE 43 81 5 BRI G A
7 % & 29
Precision Recall MAP FPS Precision Recall MAP FPS
YOLOv3 0.444 0.736 0.632 80.5 0.794 0.877 0.856 81.7
Ours 0.469 0.792 0.659 76.1 0.963 0.912 0.915 76.6
4 S5RIE B3 Sk

(D) ASCIRH T —Fh T YOLOV3 B b ki
BRSO I 7 vk . T, 8 A KRB A X T R
SEAE I EE XA HEAT T A 5 R T R Y
YOLOv3 Fik%t 4 #0145 2 i b 15 2E 41 Bk 4 4L
(AR A A

(2) BT X BUpL 2L 80K AT 55, e if T YOLOv3
Bk, I AE B AL b B S O AR
PP S4B T AR AR, (A5 R AE SR U2 4 i
% X U S TG B 8 52 6 5 5 A28 (8] 4 - 3
A, SE A AR [R) RS A REAE 1B, o 460 % R, B
LS YOLOV3 Yootk

(3) SR IRAIE, 45 SRR WA RS0 i A A
HREIAE 96.3% , A M5 F 91.2% ,MAP i£%91.5%,
FPS 53] 76.6 5K/, K IKS i B 43 [ 280 MAP 1645
HERE R SR R IR T 0 2

[1] A JRRIRACEFR. ob [ 5 kB 4 AT R W] 2020 4R 48 1A 4
[N]. AR ,2021-03-01(002).

[2] JFREPR, HSCHE, JUEbk, 4. BT DIC iREE L P E &8k
ZAEAE M T] . BRGERE S T R2A,2021,18( 1) 64-70.

[3] R, B4, BfE L, 45, 75 & STHORTE B R G Al b i WY
FINHILT]. B 4:,2017,36(3) : 189-199.

(4] H28, 1R2600 B/ S5 I TR 45 BBl 22 00 45 119 2 S0 AG: T
J5ikEiR [ EB/OL]. WML T 50 . 1-16[ 2021-04-09].
http . //kns.cnki. net/kems/detail/11.2127. tp. 20210304. 1549.002.
html.

[5] CHA Y, CHOI W, BUYUKOZTURK O. Deep Learning Based
Crack Damage Detection Using Convolutional Neural Networks
[J]. Computer—aided Civil and Infrastructure Engineering, 2017,
32(5): 316-378.

[6] MANDAL V, UONG L, ADU-GYSMFI Y. Automated road
crack detection using deep convolutional neutral networks [ C ]//
2018 IEEE International Conference on Big Data ( Big Data),
December 10-13, 2018, Seattle, USA. New York: IEEE, 2018;
5212-5215.

[7] LI Wenju, SHEN Zihao, LI Peigang. Crack Detection of Track
Plate Based on YOLO [ J].
Computational Intelligence and Design,2019; 15-18.

(FFEEE 115 D)

International Symposium on



