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ABSTRACT : The deterioration of facilities is an unavoidable phenomenon. For the management of aging facilities, cracks can be
detected and tracked, and the condition of the facilities can be indirectly inferred. Therefore, crack detection plays a crucial role in
the management of aged facilities. Conventional maintenances are conducted using the crack detection results. For example,
maintenance activities to prevent further deterioration can be performed. However, currently, most crack detection relies only on
human judgment, so if the area of the facility is large, cost and time are excessively used, and different judgment results may occur
depending on the expert's competence, it causes reliability problems. This paper proposes a concrete crack detection framework based
on machine learning to overcome these limitations. Fully automated concrete crack detection was possible through the proposed
framework, which showed a high accuracy of 96%. It is expected that effective and efficient management will be possible through
the proposed framework in this paper.
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Table 1. Performance metric

Predicted class
Class=Crack
Class=Crack | True-positive (TP) | False Negative (FN)
Class=Non-crack | False-positive (FP) | True Negative (TN)

Class-Non-crack

A3 O oleisl Blas dolE e Mg, 2
z 4% dolelslo] wele] sjo]s siejule
ol 2gwo] mE Alko] AR A ek,
AEAS ST s RalE dolesle R, ¢1s nd
of 4% HrhE 9l EL). stolmnietu|El BS
Fo) 2287 o, ASAL 17 JReR e g of
S| et sk Aol Agks wlAlch sholn) she}
ulEje] o |2 Batch AFo|%, BH¢+8, Dropout Hl-& 5ol
ik mele] A5 B $lek A5 H7H R Accuracy,
Precision Recall, F-1 &< 50| 9] A8= ) Table 1-&
g AHEE= s 87 Hole= =2
A2 Elo] 22 2IE 8ofsliA ‘/}E‘rlﬁb XIES— LreRdTh
E£4 Class7} €} Classo] v|3l| A 2 £ 7RItk
A Hast Om}. w3, 5
]éukol £ Class®2 HIFE= AL WA617] HaliA=
W ARG RIS Bk 2 ATolaE 54 2eas

™ Precision T Recall-2

‘ﬂléﬂ% Aol tigk Fa/do] HFE A &7] el
AccuracyS B7IRXEZ At
A _ (TP+ TN) |
CCUrAY = TPy TN FP+ FN) M
4.8 #
e 304 AorE ZH YAt & AEsH=A] Folst
ATt 71AE}

&
7] fls eEdlolEAle] Ze|dH2E 485t
Fol T e I A=E F
A5, =y H27FsE HolHE F8l & Akl
Aokt 29 AFHA Bk B Ao A8
A+E 2739 Central Processing Unit(CPU)+= Ryzen 7
5800X, Graphics Processing Unit(GPU)Z+= NVIDIA RTX
3070 Tizh AFEE Q.00 32GB] Wme]S 8gdlo] 423
E ik 32 Python 3.6.9% Tensorflow-gpu 2.4.0& ©]
8317 cuDNN 8.0, CUDA 11.0 3H7ol|A] $ai=] ik

4.1 Hlojg| &F

H Lo A= Mendeley Data % 3}1}<Q] Concrete crack

images for classification version 2(Caglar Firat, 2019)& A}

(b) Crack

Fig. 7. Example of data used for experiments

513k g dlolE AlS Middle East Technical University,
Turkey(METU) ©] 272]= ulgol4 2wz} ujeha e 2
Gk 40,000719] oJu|XER FAPHEL HE oHAES #E
HozRE Im Eojil 7imete FFEon, £ ¢ H
SRt 29 2o G E U tEo] Q= 20,000712]
oln| 2|9} F&o] = 20,000712] o|n|AER, go|Ee] ¥
HO 4032 X 3,024 TAlo] sjAtE 2 2 w]Q) a1, Caglar Firat
(20190l &Jsf 227 X 227 A= FZH olu|X| 5 &-§3}
gt} Fig. 72 Case studyo] 8% ALREQ ofA|o|th
Fig. 7@y #0] gl H4F Aeje] ojul4] ojx]o]xL, Fig,
Tby= #o] kel olujxle] aAjolc). Eul miztoli}
2% 27, FAEY oj&d A oF Fo= o] g

SH w8 gA mdo] dutshd 4

U=A 7Rzl F2 dlolgle] & 4 itk

i mN
ET

4.2 Z=H| £

Zulg dole e 3¢ dlole A, 13 delesl, 62
E goleloR gk 217} s4ulol g} B2 E ol
BIALE 2k A7) ElolE o] 80%St 20%E LR-glat, s

- Entire dataset »
Training Testing
(80%) (20%)
Training Validation | Testing
(64%) (16%) (20%)

Fig. 8. Data split

Journal of the Korean Geo-Environmental Society Vol. 22, Issue 10, October 2021 >> 9



olE]2] 80%= SH5TI0E &, 20%= AFHolE & thA] L
=SIcHFig. 8). 7t tlo|ElAl> 53t vl&o] Se(tE/
BHE THES AAGE e, ojulz]7} ofd dlo]EAld
ddd A= TR A=l
Z|EA 07 ZF 40,000719] Tlo]E =, 25,60071¢] lo]E]
7F 5ol FEE9l o, 6,400712] HlolEl& 5o, U
Z] 8,0007§¢] vlojEl= B AE] EgElct

4.3 stg B

tlolE= A 3.2.1004 AsEAT nx7iA 2 S

= AA #7F 57 3A, HE7, g, AdekEe- wE

d, o5 5ol A&E ek Kears®] tlofE] S o5

&sto dlolg SHE sk, Wl 37 A2 71
%—4 Aoz AU A 3.2.19] AArfofA & 4=
o] gloJelE FHistt]ets, WFHQIA opd Ao thgh et
Aol qlek AA "ol E g ¥ k5 wjujr} Loss
A (Accuracy) S 451491, 1 A3= Fig. 99} Zth Fig.
99] 7}25%2 Epoch® A 8<5 doElE 3 ¥ k55t
1 Epocho]t}. ESE Loss+= Binary cross entropy @ of2jj <}
e A Fo AEsg

ﬁ rlo Y —IN mﬂ'

:——ZyL « log(p(y,))+ )
(1— yl) « log(1—p(y;))

Training and validation loss

—— Taining loss
— Validation loss
08

06

Loss

04

02

%

0 25 50 s 100 125 150 175 200
Epoch

0.0

(a) Loss over epochs

Training and validation accuracy
JRESUUSEBIS.

10

08

06

Accuracy

04

02
— Taining accuracy
= Validation accuracy

00 T T T T T T T T
0 25 50 s 100 125 150 175 200
Epoch

(b) Accuracy over epochs

Fig. 9. Training result

N, y, p(y)Zzt dlolg ZQlE =0} epi, s 2po]
d=% &2 el o7k AA7Ee] xpolvt 4=
Loss7} AR M, o|Z7kar AAzke] 2bo]7} SIthd Losszhe

ol A ek,

e WA U v} Losst Akl A%S F7H5H
L Aoz Hol 7|AEs o] 74 olulX e} 18R] &
Kol - =

o oln|AE EBF3517] 3t FeatureE =& AHIr g =&
SFAAL oo whet 5ol FFEE U
At 45 dlolgAl mEoa] T2 =
Hol, A3t glo] Ao 22 458 BY AL 71d
g 4= It} Validation loss@} Accuracyo]] HA}7} 2HAY5H=
o]+ Batch& ARE31o] HlolE]7} T2 AElE =g Al
ey glojg7} @]UHE] S u) Y =2 [oss, WS Accuracy

£ Kol Aoz FHH

4.4 HAE B

43004 B5E mEY A5 sl AGEA e b
£E dolesle B3l Brlstck HIAE dolee @
dlolel 4,0007R01m, B4 Hlelel 40007 Sk 5
Moz S8 3749 VGG-16mdo] BAE dlojelE #9
El ggor BRI AF Au 349 Bd F o
o] Ax}= Mejsigich. male FAgo|E 4,0007) 3 3,867
NE #E=2 BEsgon, FAF dlolg 4,0007] = 3,783
g o BRsgckFig. 10). 4o 2 Hlol
A%l B 2 A5 Hylo 2 ol gtk ARHO

2 A EAE dolge Hisf 95.6%2] HeteE EIth

2 Aol FAsts meo] @ ofulx|9] ol HE
BRI B5HE e B4 98 AAsks mEe) %
girk A3Hs Fig 113} 2ok opahs
4% o}bu selollA] 28R, 9, 17
2 J2i®l w07} 2} Layer

(o]

m

o

Confusion matrix

04

48.34%

Crack

-03

-02

Actual Class

2.71%

Non-crack

-0l

Crack Non-crack

Fig. 10. Confusion matrix

10 >> Machine Learning-based Concrete Crack Detection Framework for Facility Maintenance



(2nd layer)

(a) Loss over epochs

(9th layer)

—
—
=
=
=

o
Q

—

&

.

(b) Accuracy over epochs

Fig. 11. Visualization of the Extracted Feature from layers

£ AAM 54 Feature5o| HFdo] LWAYSE RS Fx3}
= 2AL 4 5 AT

ol B3l ol shadE VA ndo] +E 44
o] opd KZO] A}o] 5 Feature®= F&3d}o] 250l 285}
e Y 5 Ak
58 EBE

£ =EoAe AsshE 23 E +E AXE Hsl 714
o5 718k w+E A ZEAYEE ARk AlQHE e
UHAE Bl ANLE 7ASE REe w2 FEEE A4
9 #ES Al Wlth 53], 71AIss 2dd) 453
Eo|aA} PFE 71W F ShRI BaggingS 8519101 ol&
Foll 95.6%2] R 4 AA7E 7hs ek HE 71
Qof|= J5S FIAIF717] fl6te] Data S| 7S 285}
of 7|AIgks mdlo] S5EA] 2 HlojHoAE =2

2 Holt ANkAel mdo] B 4 UEE Sgick B A
o] #7Hslo] Blackbox HER Helt 7|5 BEo|
Hg FustA 7 A wHe] ofF FeatureS FE5H:
A F3F Layerd] oF2g A|2ish GO K BT, #
o} Z RS Wstol sl ¥E, o) uhgo R
3L delt 2 BT 4 Ugiek olg 2 A @
A ARl zstol WYl A Hrisha, weldl w
o sk ulg, AR AlEY BA 52 AT 4 e
A0 7thErt. G I Al A§H s meS o
£ £ae|E ojuEe] Hgstel B 7|4 ndo] ol
dolese] 2188 5 9ee AET 4 9L olck. 53,
=22 Fof 28 dlolg] Agsiel 45T AHolrt

10.

. Chun, P. J.,

References

. Abdel-Qader, 1., Abudayyeh, O. and Kelly, M. (2003), Analysis

of edge-detection techniques for crack identification in bridges.
Journal of Computing in Civil Engineering, Vol. 17, No. 4, pp.
255~263.

. Chen, X., Chen, J., Han, X., Zhao, C., Zhang, D., Zhu, K. and

Su, Y. (2020), A light-weighted cnn model for wafer structural
defect detection, IEEE Access, No. 8, pp. 24006~24018.

. Cheong, L. K., Suandi, S. A. and Rahman, S. (2019), Defects

and components recognition in printed circuit boards using
convolutional neural network, In 10th International Conference
on Robotics, Vision, Signal Processing and Power Applications,
pp. 75~81.

. Choudhary, G. K. and Dey, S. (2012), Crack detection in concrete

surfaces using image processing, fuzzy logic, and neural networks,
In 2012 IEEE fifth international conference on advanced
computational intelligence (ICACI), pp. 404~411.

Izumi, S. and Yamane, T. (2021), Automatic
detection method of cracks from concrete surface imagery using
two-step light gradient boosting machine, Computer-Aided Civil
and Infrastructure Engineering, Vol. 36, No. 1, pp. 61~72.

. Caglar Firat, O. (2019), Concrete Crack Images for Classification,

Mendeley Data.

. Hutchinson, T. C. and Chen, Z. (2006), Improved image analysis

for evaluating concrete damage, Journal of Computing in Civil
Engineering, Vol. 20, No. 3, pp. 210~216.

. Ji, B, Lee, S. J.,, Mazumder, M., Lee, M. S. and Kim, H. H.

(2020), Deep Regression Prediction of Rheological Properties
of SIS-Modified Asphalt Binders, Materials, Vol. 13, No. 24,
pp. 5738.

. Kawamura, K. and Miyamoto, A. (2003), Condition state evaluation

of existing reinforced concrete bridges using neuro-fuzzy hybrid
system, Computers & structures, Vol. 81, No. 18~19, pp. 1931~
1940.

Kim, A. R., Kim, D. H., Byun, Y. S. and Lee, S. W. (2018),
Crack detection of concrete structure using deep learning and
image processing method in geotechnical engineering, Journal
of the Korean Geotechnical Society, Vol. 34, No. 12, pp.

Journal of the Korean Geo-Environmental Society Vol. 22, Issue 10, October 2021 11



11.

13.

15.

16.

12

145~154 (In Korean).

Kim, Y. S. (2020), Current status of old buildings and future
tasks, National Assmebly Research Service, pp. 01~13 (In
Korean).

. LeCun, Y., Boser, B., Denker, J. S., Henderson, D., Howard,

R. E., Hubbard, W. and Jackel, L. D. (1989), Backpropagation
applied to handwritten zip code recognition, Neural Computation,
Vol. 1, No. 4, pp. 541~551.

Liu, Y., Yao, J,, Lu, X., Xie, R. and Li, L. (2019), Deepcrack:
A deep hierarchical feature learning architecture for crack
segmentation, Neurocomputing, Vol. 338, pp. 139~153.

. Luxmoore, A. (1973), Holographic detection of cracks in concrete,

Non-Destructive Testing, Vol. 6, No. 5, pp. 258~263.
Prasanna, P., Dana, K. J., Gucunski, N., Basily, B. B., La, H.
M., Lim, R. S. and Parvardeh, H. (2014), Automated crack
detection on concrete bridges, IEEE Transactions on automation
science and engineering, Vol. 13, No. 2, pp. 591~599.
Ministry of Land, Infrastructure, Transport and Tourism. (2019),

17.

19.

20.

21.

Tunnel periodic inspection guideline.

Shi, Y., Cui, L., Qi, Z., Meng, F. and Chen, Z. (2016), Automatic
road crack detection using random structured forests, IEEE
Transactions on Intelligent Transportation Systems, Vol. 17,
No. 12, pp. 3434~3445.

. Simonyan, K. and Zisserman, A. (2014), Very deep convolutional

networks for large-scale image recognition, arXiv preprint
arXiv:1409.1556.

Xie, W., Wei, S., Zheng, Z., Jiang, Y. and Yang, D. (2021),
Recognition of defective carrots based on deep learning and
transfer learning, Food and Bioprocess Technology, Vol. 14,
No. 7, pp. 1~14.

Zhang, W., Zhang, Z., Qi, D. and Liu, Y. (2014), Automatic
crack detection and classification method for subway tunnel
safety monitoring, Sensors, Vol. 14, No. 10, pp. 19307~19328.
Zhao, Z. and Chen, C. (2002), A fuzzy system for concrete
bridge damage diagnosis, Computers & structures, Vol. 80,
No.7~8, pp. 629~641.

Machine Learning-based Concrete Crack Detection Framework for Facility Maintenance





