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Automatic detection of pavement defects based on deep learning

WANG Xin, LI Qi"
(College of Information Engineering, University of Science and Technology of Inner Mongolia . Baotou, Inner Mong-
dia 014010, China)

Abstract ;: Automatic detection of pavement defects is of great importance for road maintenance and road
condition rating assessment. To this end, a pavement defect detection system was designed using
YOLOv5x combined with perspective transformation and image segmentation. First,a multi-type pave-
ment defect dataset (PDD) was collected and produced to demonstrate the feasibility of the system.
Then, four models single shot multibox detector (SSD), Faster R-CNN, you only look once v5x
(YOLOV5x) and YOLOX, were used to train the PDDs for detection. After training, the mean average
precision (mAP) of all four models exceeded 77 % , with YOLOv5x showing the best results with 91%
mAP, while proving the validity of the created dataset PDDs. Finally, YOLOv5x was used as the main
detection method of the system combined with perspective transformation,image segmentation and skel-
eton extraction to obtain information such as length, width and area of defects,and then calculating the
pavement condition index (PCI) to obtain the pavement damage level and the corresponding repair sug-
gestions,improving the practicality of pavement defect detection.
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Fig. 1 Pavement defect images: (a) Longitudinal crack;
(b) Transverse crack; (c¢) Mesh crack; (d) Pothole;

(e) Manbhole cover; (f) Pothole patch;

(g) Longitudinal patch;
(h) Transverse patch; (i) Mesh patch
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Fig.2 Data collection from different angles:
(a) 55°; (b) 70°
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Tab.1 Pavement defect data

Type Label Num
Longitudinal Doo 1674
Transverse D10 1360
Mesh D20 1418
Pothole D40 728
Manhole cover D50 188
Patch D51 394
Total — 5762




+ 1168 -

Ye BB X - B S 2022%F %¥33%

3 PDD ZF{oERFEEIE: (a) DOO; (b) D10;

Fig.3 Defect images in PDD: (a) D00; (b) D10;
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Fig. 4 Network structure of YOLOVS
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Fig.5 The mAP curves during training
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Tab.2 Comparison of target detection model test results

Methods AP mAP
D00 D10 D20 D40 D50 D51

SSD 0. 810 0. 857 0.908 0.672 0. 840 0.548 0,772

Faster R-CNN 0. 805 0.877 0. 895 0.768 0.948 0.697 0. 831

YOLOX 0.904 0.906 0.905 0.900 0. 900 0. 883 0. 900

YOLOv5x 0.917 0.938 0.961 0. 864 0.966 0.813 0.910
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Fig. 6 Framework of pavement defect detection system
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(d)
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Fig.7 The results of different stages:
(a) Object detection; (b) Perspective transformation;

(b) Image segmentation; (d) Skeleton extraction
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Tab.3 Pavement damage evaluation indicators

and maintenance advicel

Level PCI Maintenance advice

Excellent (80,100 ]
Good (70,80
Middle (50,70
Poor (30,50
Worse [0,30]

No repair, maintenance
Minor repairs
Medium repairs,special maintenance
Medium repairs,special maintenance

Medium repairs. remodeling
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Fig. 8 System detection results: (a) Longitudinal crack; (b) Transverse crack; (c¢) Mesh crack; (d) Pothole

6 4% it

B THD S50 B B 1 B0 RS 0 X B IR B0 PR AG B X
Ko BT 45 B 25 P AL B e AR BT 5 TR
2] W I TR BE H BRI R g RAERIE T 22
BRFE A 4R PDD, S SR UL A AL, ] L SSD, Fas-
ter R-CNN,YOLOv5x Fl YOLOX 7£ PDD I i)l 2%
MR L5 R, 2 B YOLOvSx Fe i, mAP 3k 91%,
B T B0 B PR 1 e 28 38 YOLOvSx 38 BUBR 6 26 51 LA
BV B AR o SR 5 R I R ) BRG ead 37 A0 7R 46
G F0A B & B fa 09 R B E R . IR
A7 488 1 R 4 IBCHR I T B o 1 2 L S R R TET AR
E BT PCI A5 3 1 i i 30 45 9%, I 45 Hh A
I ) B T W, o AR SCIRE T A I T Bl 5 RS I R G A AL
FIE A% XoF [ T R 73 A A7 R I TG L AR B 1 1R A5RT LA
FLHEAS B IR B0 DL KA IR A I, B R T K
T S5Fe 5 G 100 199 S5 FH 42

Sk

[1] LUO Q R.Research on detection and recognition algo-
rithm of pavement crack in complex background[ D ].
Chengdu: Xihua University,2019.1-11.

B BT ST A& S5 IR 5B kMR D]. 6
PR ,2019:1-11.

[2] CHENF C,JAHANSHAHI M R,WU R T.et al. A texture-
based video processing methodology using Bayesian data
fusion for autonomous crack detection on metallic surfaces

[J]. Computer-Aided Civil and Infrastructure Engineering.,

[3]

[4]

(5]

[6]

L7]

[8]

[9]

(d)

2017,32(4) :271-287.

CUBERO-FERNANDEZ A, RODRIGUEZ-LOZANO F, Vil-
latoro R, et al. Efficient pavement crack detection and
classification[ J]. EURASIP Journal on Image and Video
Processing,2017,2017(1) . 1-11.

REN S,HE K,GIRSHICK R, et al. Faster R-CNN: towards
real-time object detection with region proposal networks
[J]. IEEE Transactions on Pattern Analysis & Machine In-
telligence,2017.,39(6) :1137-1149.

LIU W, Anguelov D,Erhan D,et al. SSD: single shot multi-
box detector[ C]//European Conference on Computer Vi-
sion,October 11-14,2016 , Amsterdam, The Netherlands.
Singapore: Springer,2016:21-37.

Redmon J, Divvala S, Girshick R, et al. You only look

once : unified, real-time object detection[C]//IEEE Con-
ference on Computer Vision and Pattern Recognition., June
27-30,2016,Las Vegas,NV,USA.New York:|EEE,2016:
779-788.

GIRSHICK R.Fast R-CNN[C]//IEEE International Confer-
ence on Computer Vision, December 7-13, 2015, NW
Washington, DC, United States. New York: IEEE, 2015
1440-1448.

SUH G,CHA Y J. Deep faster R-CNN-based automated
detection and localization of multiple types of damage
[C]//Sensors and Smart Structures Technologies for
Civil, Mechanical, and Aerospace Systems 2018, March
4-8,2018, Denver, Colorado, United States. Washington:
SPIE.2018,10598:105980T.

CHA' Y J,CHOI W, SUH G et al. Autonomous structural

visual inspection using region-based deep learning for de-



[10]

[11]

[12]

[13]

[14]

1172 -

tecting multiple damage types[ J]. Computer-Aided Civil
and Infrastructure Engineering,2018,33(9) :731-747.
FANG F.LI L,GU Y.et al. A novel hybrid approach for
crack detection [ J]. Pattern Recognition. 2020, 107
107474.

MAEDA H. SEKIMOTO Y, SETO T.et al. Road damage
detection and classification using deep neural networks
with smartphone images[ J]. Computer-Aided Civil and
Infrastructure Engineering,2018,33(12):1127-1141.
MAEDA H, KASHIYAMA T, SEKIMOTO Y, et al. Genera-
tive adversarial network for road damage detection[ J].
Computer-Aided Civil
2021,36(1):47-60.
REDMON J,FARHADI A. YOLO9000: better, faster, stron-
ger[C]//IEEE Conference on Computer Vision and Pat-
tern Recognition, July 21-26, 2017, Hawaii, USA. New
York:IEEE.2017.7263-7271.

REDMON J,FARHADI A. Yolov3:an incremental improve-
ment[ EB/OL J. (2018-04-08) [ 2022-02-12]. http.//arx-
iv.org/abs/1804.02767.

BOCHKOVSKIY A, WANG C Y,LIAO HY M. Yolov4 : opti-
mal speed and accuracy of object detection[ EB/OL J.

and Infrastructure Engineering,

[16]

[17]

[18]

[19]

Ye BB X - B S 2022%F %¥33%

(2020-04-23)[2022-02-12]. http: //arxiv. org/abs/2004.
10934.

GE Z.LIU S.WANG F.et al. Yolox:exceeding yolo series
in 2021 [EB/OL]. (2021-07-18) [2022-02-12]. http://
arxiv. org/abs/2107.08430.

MANDAL V,MUSSAH A R, ADU-GYAMFI Y. Deep learn-
ing frameworks for pavement distress classification: A
comparative analysis[C]//2020 IEEE International Con-
ference on Big Data (Big Data) ,December 10-13,2020,
Atlanta,GA,USA. New York:IEEE,2020:5577-5583.
ZHOU X, WANG D, KRAHENBUHL P. Objects as points
[EB/OL]. (2019-04-16) [ 2022-02-12 ]. http://arxiv.
org/abs/1904.07850.

TAN M, PANG R, LE Q V. Efficientdet: scalable and effi-
cient object detection [ C]//IEEE/CVF Conference on
Computer Vision and Pattern Recognition, June 13-19,
2020, Seattle,USA.New York:IEEE,2020:10781-10790.

EE® A

* B

(1973—) 5 W+ 2 A A S, B NFE 4 Tl ad

AL A 2 5 T B WF S



