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A Development of Road Crack Detection System Using Deep
Learning-based Segmentation and Object Detection
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ABSTRACT

Many recent studies on deep learning-based road crack detection have shown significantly
more improved performances than previous works using algorithm-based conventional
approaches. However, many deep learning-based studies are still focused on classifying
the types of cracks. The classification of crack types is highly anticipated in that it can
improve the crack detection process, which is currently relying on manual intervention.
However, it is essential to calculate the severity of the cracks as well as identifying the
type of cracks in actual pavement maintenance planning, but studies related to road crack
detection have not progressed enough to automated calculation of the severity of cracks.
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In order to calculate the severity of the crack, the type of crack and the area of the crack
in the image must be identified together. This study deals with a method of using Mobilenet-
SSD that is deep learning—based object detection techniques to effectively automate the simul-
taneous detection of crack types and crack areas. To improve the accuracy of object-detection
for road cracks, several experiments were conducted to combine the U-Net for automatic
segmentation of input image and object-detection model, and the results were summarized.
As a result, image masking with U-Net is able to maximize object-detection performance
with 0.9315 mAP value. While referring the results of this study, it is expected that the
automation of the crack detection functionality on pave management system can be further

enhanced.
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(Table 1) Performance of Object-De-
tection Model Using Masked
Binary Input Image

Class AP mAP
Alligator Crack 0.8202
Longitudinal Crack 0.9183
Transverse Crack 0.9719 0.9382
Patching 0.989%
Pothole 0.9906

(d) Pothole

(a) Transverse

(b) Alligator (e) Patching

(c) Longitudinal

(Figure 7) Object-Detection Result
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(Table 3) mAP of Two Object-Detection
Models

Class mAP

N1 | Alligator, Longitudinal, Transverse| 0.6598

N2 Pothole, Patching 0.7414

59 &4 F3S stAM gF3to] H
2~E 39 Configuration-Aol A 42 mAP %t
(06818)3} Hjwe wj NI WEHAL] Z$-ol=

S8y Eslor & w9 Uk = &9

n[o r

ol = mAP gkel ¢F 0.02 A= 7433 ar, N2

UIE9IZ] 3ol 006 = Z7hesc of
2 Eo= Bue 2 HH wRao ¥ 79 49
of Walh AAEA B ol VA= o
e qd oA nhag AYS FalA
= o] wal Ao v Ag o)
@ ¢ 99t

3.4 78 Segmentationz} A EHX]|
odg Hsist M

Configuration-A2] 23S Ea 94 on
A o] mpAol s Fdel AA g =
&3} 1, Configuration-B] A&
= Eﬁu Aol z1 shof e w

m1o
oft o
o
=
>

I

£ rlo

4 to

04
o,

S
A
2
]
oy
i}
e,
ko
N
%0,
S
v
o
 fer fropN lo

ot

E
&
Mr g

i)

Mo
=
{m
o,
u
i
o,

<Figure 10>3} <Table 4>l £ 23 oj A
HEA o8 AMEE RHo] A3 HAE A

Segmentation Object
Detection

U-Net
(N3) =

3 Crack Types 4 Alligator

(Original Image) //v Longitudinal

.~ Transverse
2 Crack Types | \J-Net \
- ~ay |
(Original Image) T
(Binary Image)

Patching
“ Pothole

Mobilenet-SSD

(Figure 10) Configuration-D

(Table 4) Test Result of Combined

Models
Class mloU | mAP
N3 Alligator, Longitudinal, 0.8650
Transverse 09315
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il

R SITE 94 Configuration-Bell A 41
AR 3] 22 2 TN gl 7b
F P UNetS 74 el we} “fﬂ o

N
ox

9_{(1
I

4

2
o
oot
X2
A
of>

= EE], Conﬁguration—Doﬂ
A= 1 U-Nets AHEgF mloU9] ko] 71
9] 042569041 Z+ZF 0.8650% 0.79202.2 =LA

ARE AL 2 5 Ak oA TG FH
wse] And 4 wolt AAYA 23}
9o, 2% mye Yojdoz #9 HY9) v
soll WS ) wRel, AA FIH
A maAzel A5e PPN AE 7
4§30l Sohd Fejrh L] st I
27k 9% ol gtk s



Model-2

Pothole , Patching
Segmentation

Crack
Classification

—>

AC, TC,LC

Segmentation
Model-1

Input Image
(Road Surface)

Er)
T #

=

=

]

3

3|2 A264 Al

o

3t
Configuration-D¢} 2o

-

A e 444 A9 A8 A

i

FRAAAY

ok

7] 9181

102

Object-Detection Model

A&

L
s

th ol g At

%

+
o
ol
w

|

Define Crack Severity

H
ol

(Figure 11) Road Crack Detection

mj

®r

)

i
fi%e)

o

e

A

stel

],

0|

o Aol

System
1529y

3

o

=TE A

El

)

b 9

748l ojn)A

=
T

Aol '

=

] A) 2l

3 9]

[¢]

..
g

)

A Foleh A o AlxEle

=
-

o

0
ofpy
/o

o
g
)

M

=

A A KL o] A

2

gl

=
T

H

A 28 7]

E}

=

73]

i

ke)
T

A <k Akl =2 ¢

1] 9

0|

A=

ZA|2E AF5)

FAt.

o

8 A

A 225 gl A A

S

L

At =
] Qa7 24

]

R

T ATk oldd ERurd FAA2Fe] A
A

T4E <Figure 11> 7HeF

Zo

T

o}
Br

\.m.O

il
Ik

g

- o

o
oF
B
H
)

_—

"o

oF

HH

mt

A -]
o

o
A A= o] A

Gk

)

2 744 Zavt Al

@50

o T4 9

&ol AA 7H=A

d)

A=k
L

7}

b,

9]

Model-12+ Model-

L
L

L

= uprr 9lelA[2, 3, 14],

)

b o B
CEREE

=
= 2



Held 7Inte] Bdn AAEAE 289 t2dd gxA 2 T 103

o
EL
s
R
oL
&
M
e
s
N,
jau!
i)
=2,
ol
rlr
=
o
il

ol Fal 71Ee] Hed BEs g oR
ARTFORA FE3] A8 e AE BR 1Y
FAA Al TRE 4 95E B 5 ARl

AA A Al 2R TS fsidE §
2 om X 9] Ag skl mpaAo] Ths st s AL
Aol 7 it Fgo] stFo] S oA
v Zdo] gasie], o] % Qg R
Wi Bdo] FUHH o R ARt 8 A2
o wAZE AR, o]z 7]Ee] Held &
d& A3eto] g8k Aol 7= 3
2 AAAH, FF £T AAFAE S
o= Ashs b MESA 249 AAE
Fall A=A dE Bark 9T ool
= A7 e 7S] BRed w i RA7HA
= Agste] HFTAHR] A AlnEE TS
staL, aid Alawe] Ao Bk F, i
AAEAE d2d & Y= stad o
oh 2 =] A7 diks Bl dgd 48
o] 7Fe ¥ w2t FA ARl o] v

References

[1] Ashraf, S., Hegazy, L, and Elarif, T. L.,
“Algorithm for Automatic Crack Analysis
and Severity Identification,” 2019 IEEE
Ninth International Conference on Intelli—
gent Computing and Information Sys-
tems, pp. 74-79, 2019.

[2] Cubero-Fernandez, A., Rodriguez-Lozano,
F. J., Villatoro, R., Olivares, J., and Palomares,
J. M., “Efficient pavement crack detection
and classification,” EURASIP Journal on
Image and Video Processing, Vol. 39, pp.
1-11, 2017.

[3] Feng, C., Liu, M. Y., Kao, C. C,, and Lee,
T. Y., “Deep active learning for civil infra-
structure defect detection and classifica—
tion,” Computing in Civil Engineering, pp.
298-306, 2017.

[4] Gopalakrishnan, K., “Deep Learning in
Data-Driven Pavement Image Analysis
and Automated Distress Detection: A Re-
view,” Data, Vol. 3, No. 3, pp. 1-19, 2018.

[5] Howard, A. G., Zhu, M., Chen, B., Kaleni-
chenko, D., Wang, W., Weyand, T., and
Adam, H., “Mobhilenets: Efficient convolu-
tional neural networks for mobile vision
applications,” arXiv preprint arXiv:1704.
04861, 2017.

[6] https://github.com/tensorflow/models/tree/
master/research/object_detection.

[7] Jo, H, Kim, D, Pak, K. W., and Kim, M.,
“Road damage detection over road scanner
images using deep convolutional neural
network,” ICIC Express Letters, Vol. 14,
No. 10, pp. 1001-1008, 2020.

[8] Kim, M., Ryu, J., Cha, D., and Sim, M.
K., “Stock Price Prediction Using Senti-
ment Analysis: from “Stock Discussion
Room in Naver,” The Journal of Society
for e-Business Studies, Vol. 25, No. 4, pp.
61-75, 2020.



104 SARAH TS A A268 AlL

[9] Kirillov, A., Girshick, R, He, K., and Dollar,
P., “Panoptic Feature Pyramid Networks,”
Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recogni—
tion (CVPR), pp. 6399-6408, 2019.

[10] Koch, C. and Brilakis, I, “Pothole detection
in asphalt pavement images,” Advanced
Engineering Informatics, Vol. 25, No. 3,
pp. 507-515, 2011.

[11] Liu, W., Anguelov, D., Erhan, D., Szegedy,
C., Reed, S., Fu, C. Y., and Berg, A. C,,
“Ssd: Single shot multibox detector,” Euro-
pean Conference on Computer Vision,
Springer, Cham, pp. 21-37, 2016.

[12] Naddaf-Sh, M., Hosseini, S., Zhang, J.,
Brake, N. A., and Zargarzadeh, H.,, “Real-
time road crack mapping using an opti—
mized convolutional neural network,” Com-~
plexity, pp. 1-17, 2019.

[13] Pauly, L., Hogg, D., Fuentes, R., and Pesl,
H., “Deeper networks for pavement crack
detection,” Proceedings of the 34th Inter-
national Symposium on Automation and
Robotics in Construction(ISARC), TAARC,
pp. 479-485, 2017.

[14] Rababaah, H., Vrajitoru, D., and Wolfer,
J., “Asphalt pavement crack classifica-
tion: a comparison of GA, MLP, and SOM,”
Proceedings of Genetic and Evolutionary
Computation Conference, Late-Breaking
Paper, 2005.

[15] Ragnoli, A., De Blasiis, M. R, and Benedet-
to, A. D., “Pavement Distress Detection
Methods: A Review,” MDPI Infrastruc—

ture, Vol. 3, No. 58 pp. 1-19, 2018.

[16] Ronneberger, O., Fischer, P., and Brox,
T., “U-net: Convolutional networks for
biomedical image segmentation,” Inter—
national Conference on Medical Image
Computing and Computer-Assisted Inter-
vention, Springer, Cham, pp. 234-241, 2015.

[17] Sandler, M., Howard, A., Zhu, M., Zhmogi-
nov, A., and Chen, L. C., “Mobilenetv2:
Inverted residuals and linear bottlenecks,”
Proceedings of the IEEE conference on
computer vision and pattern recognition,
pp. 4510-4520, 2018,

[18] Sorncharean, S. and Phiphobmongkol, S.,
“Crack detection on asphalt surface image
using enhanced grid cell analysis,” 4th
IEEE International Symposium on Elec—
tronic Design, Test and Applications, pp.
49-54, 2008.

[19] Yang, F., Zhang, L., Yu, S., Prokhorov,
D, Mei, X, and Ling, H, “Feature Pyramid
and Hierarchical Boosting Network for
Pavement Crack Detection,” IEEE Tran-
sactions on Intelligent Transportation Sys-
tems, Vol. 21, No. 4, pp. 1525-1535, 2020.

[20] Yoo, W., Seo, J., Kim, D., and Kim, K,
“Machine Scheduling Models Based on
Reinforcement Learning for Minimizing
Due Date Violation and Setup Chang,”
The Journal of Society for e-Business
Studies, Vol. 24, No. 3, pp. 19-33, 2019.

[21] Yoo, W., Seo, J., Lee, D., Kim, D., and
Kim, K., “Scheduling Generation Model
on Parallel Machines with Due Date and



Held 7Inte] Bdn AAEAE 289 t2dd gAA = T 105

Setup Cost Based on Deep Learning,” The Engineering, Vol. 32, No. 10, pp. 805-819,
Journal of Society for e-Business Studies, 2017.
Vol. 24, No. 3, pp. 99-110, 2019. [23] Zhang, L., Yang, F., Zhang, Y. D., and
[22] Zhang, A., Wang, K. C, Li, B, Yang, E,, Zhu, Y. J., “Road crack detection using
Dai, X, Peng, Y., Fei, Y., Liy, Y., Li, J. deep convolutional neural network,” Pro-
Q., and Chen, C., “Automated pixel-level ceedings of the 2016 IEEE International
pavement crack detection on 3D asphalt Conference on Image Processing(ICIP),
surfaces using a deep learning network,” Phoenix, AZ, USA, 25-28 Septermnber 2016,

Computer-Aided Civil and Infrastructure pp. 3708-3712, 2016.



C

106 AR HF2A 2264 A1
Z A} & 7Y
s (E*mail' hejoyy@pukyong.ac.kr)
0149 ~20183  FAUTL A2 FAR (FAD
20184 ~2020 BAYE R 7)&AdErd (A
20201 ~ & A AWt Ab R E o] B E et (BRAFA)
A EoF Data Engineering, Machine Learning, Deep Learning,
Computer Science ‘s
iRl (E-mail: pkw4425@naver.com)
19994 gt EEgstat (3 AL
2008 University of Rhode Island E&338t3} (3384}
2006 ~20129  dFAA FAIAL ATaH
20121 ~20154 US Army Corps of Engineers, Engineer
20163 ~ A A FAZ|A) S E 7] E dlE oA}
Aok CERAYAN2E R IGEAAGA LY
Ag (E-mail: minsky@pknu.ac.kr)
19964 At AhgE et (FAAL
200213 Mt A E et (F AL
20043 ~201614 SR A 2~s - FEE e
20163 ~ 20183 AU VeR Ay g
2018 ~ A A FAoE L A~ Qg et E ulg
Al Eof e-Business Standards, BPM, Big Data, Computational

Intelligence &



