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Study on Detection Method of Bridge Crack Based on YOLOv5

LI Jun',LIU Nian® and ZHANG Shiyi*
1 School of Mechatronics and Vehicle Enginerring.Chongqing Jiaotong University,Chongqing 400074 ,China
2 School of shipping and Naval Architecture,Chongqing JiaotongUniversity , Chongqing 400074, China
Abstract To address the issues of different crack recognition in bridge crack identification,improve the model’s fitting ability,
and enhance crack feature extraction capability, this paper proposes an algorithm called YOLOv5-Crack based on the fusion of
YOLOvV5 and EfficientNet,incorporating the CBAM attention mechanism in bridge crack recognition. Firstly, the feature extrac-
tion network of YOLOVS5 is replaced with the EfficientNet network known for its high accuracy and efficiency,to extract crack
features. Secondly, the convolutional block attention module(CBAM) is used to enhance the model’s ability to capture the feature
information of shallow targets by combining channel and spatial attention modules, thereby improving crack recognition accuracy.
Finally, the model is trained on the bridge crack dataset “concrete crack images for classification”. The research results show that
YOLOv5-Crack demonstrates higher accuracy in detecting large cracks compared to YOLOv5, with improved mAP@0. 5, recall,
and precision. Additionally,it consumes less computing power while meeting the requirements of crack detection.
Keywords YOLOVS5, EfficientNet, Crack detection, CBAM
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Table 2 Comparison of model parameters

%)

Algorithm mAP@0. 5 Recall Precision
YOLOVS5 60. 6 59.1 60.1
YOLOVS5-Efficient 63.9 60.0 63.0
YOLOV5-Crack 66. 6 63.8 66. 1

3 BAIR/N RIS I FER L

Table 3 Comparison of model size and computing power

consumption
R Modelsize GFLPOs GPU_men/
Algorithm -
(params) (forwardpass) GB
YOLOVS 20871318 385.8 6.233
YOLOV5-Efficient 21903799 328.6 4,847
YOLOV5-Crack 22135767 336.8 5.037
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HURE A

#F 4 Large crack L S B 1

Table 4 Comparison of large crack recognition parameters

%)

Algorithm mAP@0. 5 Recall Precision
YOLOV5 69.3 66. 4 68.8
YOLOVS5-Efficient 70.3 63.1 70.1
YOLOV5-Crack 84.6 78.4 83.8

25 Small crack HHIZHO

Table 5 Comparison of small crack recognition parameters

%)

Algorithm mAP@0. 5 Recall Precision
YOLOVS 51.9 51.8 51.4
YOLOV5-Efficient 57.5 56.9 55.9
YOLOV5-Crack 48. 6 49.2 48.4

231200063-5



Computer Science IHHHEISE Vol 51,No. 11A,Nov. 2024

F6FIH T 3F YOLO FRF M 45 iy X b 5250 45 51, Hop
ARICEER) mAP, Recall F1 Precision Y)W 05 T H 4 W fh
6 LA H AR R4 X L

Table 6 Comparison with some target recognition networks

[€79)

Algorithm mAP@0. 5 Recall Precision
YOLOV5-Crack 66.6 63.8 66. 1
YOLOV4 51.3 50.1 48.6
YOLOV3 46. 4 45.8 45.1

4.3 RN RIS

Sy T — 25 IR AR SR R R 2 S R RE ), B L
43 A R R BRI AL fis M 2 L0 B 34T R O
5 YOLOVS R iHBI 175 . & 8 44 Hh T A% S5 1k M i
R YOLOVS B9 355 %F b B, 22 30 S A C8 % YOLOVS-

(o) /N 24 800 0
B8 AR L
Fig. 8 Model recognition comparison

M 8Ca) AT LAE H , YOLOV5-Crack 5 5l 8 — R A 24
SUHIRE 13 T YOLOVS, YOLOVS Hs il 2 3 43 24 40, i
YOLOV5-Crack # ] 2] 7 4 #8 K % 2 &, 8 (b) th
YOLOVS ] W7k 8 24 50 5 /N 81 34 801 BE 1 1% A% 308k
F 8Ce)H YOLOVS 778 K I 1 T 46 ) 81, 1t AR 3C 57 2k $2 B
2T E R P TA AR R 8, BRI SRR .
A3 YOLOVS-Crack S yE 76 R RS B2 W] AR T YOLOVS,

HERIE T HEM YOLOVS 8B 57 Hf 2R B A% K
LSO A A6 T B A, 4 T A R S R R ) L 42
HT YOLOVS-Crack 53k, 8 T #8717 44 W 45 55 1 i [R] B R
T 505 0 ) 4% 149 O 2 B 8 RORS BE L O e 3R s K R R SO g
J AR T —Fh 3 F YOLOVS (9 8k #ERE A, LA Efficient-

Net ) 2 HRAE $2 B 2% 8 4 YOLOVS 1 32 R¢ AF $2 B 2%
IR B2 I 26 51 A i 0 5 7S 18]V 2O ML CBAM, LU 5 %)
KBS ZEECRYITUIBCRE 7 o 902045 B 35 A 0 s 46 1) 1) 280, - L %8 ¢
BE R B RS SUN R B . S AN 45 51 R W] . YOLOVS-
Crack SR ERS B B L& F YOLOVS . mAP@0. 5 4285 T
6% Recall 15 T 4. 7% » Presicion #1517 6% . L5 )7
T R BR I RE JT W] 0 2 5 . mAP @0, 5 &% T 15.3% .
Recall 75T 12% , Presicion $25 T 15% , B36 B REAL T /N
T A T P 2 S0 R AE SR IR 7 AR B D BRI A AR T 5R L B
R F YOLOVS 551 A CBAM & J1 WL 9 YOLOVS-
Efficient #5# ,

& % X W

[1] WANG X Q. Fatigue crack detection and evaluation of steel
structure bridges based on AC electromagnetic field detection
technology[ J]. Industrial Architecture,2023,53(8):102-106.

[2] LIU X,GAO S W,HE Y. Bridge Crack Detection and Recogni-
tion Based on Convolutional Neural Network Transfer Learning
[JJ. Science and Technology Innovation Herald, 2019(4):
24-25.

[3] SHAO Z X. Research and Implementation of Concrete Ultrason-
ic Testing Technology [J]. Vibration, Testing and Diagnosis,
2012,32(3):397-401,513.

[4] DENG Z Y,KANG Y H,ZHANG ] K,et al. Multi-source effect
in magnetizing-based eddy current testing sensor for surface
crack in ferromagnetic materials[J]. Sensors &. Actuators: A.
Physical ,2018,271.

[5] QUANG T L,NAOYA K,KOUICHI S,et al. Eddy current con-
vergence probes with self-differential and self-nulling character-
istics for detecting cracks in conductive materials[ ] ]. Sensors
and Actuators: A. Physical,2023,349.

[6] ZHANG X Y,ZHOU B, LI H,et al. Depth detection of spar cap
defects in large-scale wind turbine blades based on a 3D heat
conduction model using step heating infrared thermography[]].
Measurement Science and Technology,2022,33(5).

[7] DU Y C,ZHANG X M, LI F,et al. Detection of Crack Growth
in Asphalt Pavement Through Use of Infrared Imaging[]].
Transportation Research Record Journal of the Transportation
Research Board,2017,2645:24-31.

[8] TANG L,JIANG J P,GU P Y,et al. Experimental study on ul-
trasonic infrared detection of concrete components[ J]. Journal of
Hydraulic Engineering,2012,43(Z1) :70-75.

[9] XUY,ZHANG H Y.WANG Q Y. Experimental study on micro
crack detection of heat-damaged concrete based on nonlinear ul-
trasonic technology[ J]. Journal of Vibration and Shock, 2021,
40(5):126-135.

[10] NITHIN K,RAVIRAJ V,RENGASWAM Y J. Machine Learn-
ing Based Predictions of Fatigue Crack Growth Rate of Addi-
tively Manufactured Ti6 Al4V[]]. Metals,2021,12(1).

[11] ZHANG L,WANG Z C,WANG L,et al. Machine learning-
based real-time visible fatigue crack growth detection[ ] ]. Digital
Communications and Networks,2021,7(4).

[12] MIR B A,SASAKI T.NAKAO K,et al. Machine learning-based
evaluation of the damage caused by cracks on concrete struc-

tures[ ] . Precision Engineering,2022,76.

231200063-6



25 72 AR T YOLOVS B9RF R 280k 7 e i 5%

[13]

[14]

[16]

[17]

[18]

[19]

[20]

WANG C L,HOU X L.LIU Y B. Three-Dimensional Crack
Recognition by Unsupervised Machine Learning[ J]. Rock Me-
chanics and Rock Engineering,2021:893-903.

LI H F,SONG D Z,LIUY et al. Automatic Pavement Crack De-
tection by Multi-Scale Image Fusion[ J]. IEEE Trans. Intelligent
Transportation Systems,2019,20(6).

ZHANG H C,QIAN Z D, TAN Y F,et al. Investigation of pave-
ment crack detection based on deep learning method using weak-
ly supervised instance segmentation framework[ J]. Construction
and Building Materials,2022,358.

ZHAO C Y,ZHANG H,LIAO D, et al. Rail surface defect de-
tection model based on attention mechanism and mixed super-
vised learning[ J]. Computer Science,2022,49(S2) :488-493.
TENG S,LIU Z,CHEN G, et al. Concrete Crack Detection Based
on Well-Known Feature Extractor Model and the YOLO v2
Network[]J]. Applied Sciences,2021,11(2) :813.

DU Y C,PAN N, XU Z H, et al. Pavement distress detection
and classification based on YOLO network [ ]J]. International
Journal of Pavement Engineering,2020(1) :1-14.,

ZHU X,ZHU M,REN H. Method of plant leaf recognition
based on improved deep convolutional neural network[J]. Cog-
nitive Systems Research,2018,52(DEC. ):223-233.

WANG M,WANG K.,LI S,et al. Pill detection algorithm based
on improved EfficienDet[ ] |. Electronic Measurement Technolo-

gy,2022,45(19) :136-142.

[21]

[22]

[23]

REDMON J,DIVVALA S,GIRSHICKR, et al. You Only Look
Once: Unified, Real-Time Object Detection[ C]// Computer Vi-
sion & Pattern Recognition. IEEE,2016.

TAN M X,LE Q V. EfficientNet: Rethinking Model Scaling for
Convolutional Neural Networks[J]. arXiv:1905. 11946,2019.
ZHANG S,LIU Z,CHEN Y,et al. Selective kernel convolution
deep residual network based on channel-spatial attention mecha-
nism and feature fusion for mechanical fault diagnosis[ C]// ISA

Transactions. 2022.

LI Jun, born in 1964 , Ph.D, professor,
master’ s supervisor. His main research
interests include energy saving and new
energy vehicles and their applications,in-
perception, decision-

telligent  vehicle

making and control, automobile engine

combustion emissions and control, advanced manufacturing

technology and application.

231200063-7

LIU Nian, born in 1999, postgraduate.

His main research interests include
bridge damage crack identification and

detection,and so on.



