= 23-48-05-09 The Journal of Korean Institute of Communications and Information Sciences *23-05 Vol.48 No.05
https://doi.org/10.7840/kics.2023.48.5.567

A5E AR 98 94 7] =0 434 7o

Domain Adaptive Deep Learning-Based Crack Detection for
Building Inspection

Ji-Ho Kim®, Gyeong-Yeong Kim", Dong-Ju Kim’

2 okl AR AR} SRk AFEE Al whlels, B3] A% 217

ll T o] WA, Aol 012 2 Sl T US| A AT A 70
917 Sl weh 1 ez} vi- Debx] w3
Aol g3t e SR Fsle] gle] A4

T o
>
O r:‘_]l
o
Q
k3
i)

u rzl> 2

Al
7ol A-galr|al AgAo] FEslr). B Ao AE W 79 Hy @4 FA3F AE A= pdsigich
o]= 93 T FAF AT S olu]A] HolE|Al POCE 11,4667 T=319la, dlolele] A3 Rx 2 w7
gt =3 24 WS F8 S dlolgle] =2 tlekde nAsidch gk ed b AX HE 2dgl

YOLO A49e mREz #9 FE: ASS vuslgdy, #HEHCZ YOLO-Cr 2¥S 7Bsle] mAP(mean
Average Precision) 91.5%2H= & #4 71& Al5S Bk o v}, YOLO-Crs Edl® AlA] A7 o4
AATE 293 UAVE E83h= F Alads AA =R 71 St A A vbgs Ak a7
E &9 vk FREe] A A AREstel 7ledsta Al A 2 2840 SiE 5 A gk

FIYE : 7Y EX|, 2IZX|S, YOLO, HIOIEAM 7=, 7Y M2 A|AH
Key Words : Crack Detection, Artificial Intelligence, YOLO, Dataset Construction, Crack Inspection System

ABSTRACT

In building safety inspection, the inspection of cracks plays a significant role in the process since it
intuitively indicates the dangerousness of the facility. To aid the automation of crack inspection, development
of an artificial intelligence-based model has been ongoing. However, the development of a robust crack

detection model faltered due to the limitations of existing crack datasets. Depending on the type and location
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of the crack on the wall, cracks vary greatly requiring a wide variety of domains in the training dataset. In

this paper, we propose a domain-general crack detection model specializing in building safety inspection

environments along with introducing POC(Pohang Crack), a crack dataset consisting of 11,466 images manually

collected and annotated, ensuring diversity of characteristics and distribution of data through stratified sampling

method. By comparing the detection performance of deep learning-based YOLO models, YOLO-Cr was

developed, showing the highest mAP(mean Average Precision) of 0.915. Moreover, we introduce a detection

system utilizing real-time scanning and UAV to aid the visual inspection. It is expected that this study will

contribute to the automation of safety inspection of various structures and increase the objectivity and

efficiency of inspection.
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Table 2. Dataset acquisition methods

No. Ttem Details

1 Time zone Before sunset

2 Weather Sunny Recommended(No rain/snow)

3 Device type | Smartphone basic camera

Close to the crack and hold the

4 Meth
ethod camera perpendicular to the floor

Focused on crack and shoot

D li
3 ata quality without shaking

6 Defect type |Concrete wall crack

Exterior walls of buildings

Facili
7 actlity type (apartments, villas, and fences)

Sensitive Unidentifiable car plate, human
information | face, location

9 Similarity Less than 50% between images

10 |File format |JPG, 4000 x 3000 < size

Shoot to include various
environments (shadows, crack-like
patterns, electric wires, objects
other than walls, etc.)

11 | Domain

(a)
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Fig. 1. Example of crack data in Pohang
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Table 3. Dataset subgroups

No.,| Subgroup Description

1 | Normal Various cracks of common shape

Small cracks attached to large

2 |Branch
Tane crack

3 | Longitudinal | Vertically split crack

4 | Transverse Horizontally split crack

5 | Alligator The whole wall is cracked

6 |Scatter C.rack.s are disconnfected, but the
direction of crack is connected

T |smating | G the swace of the wal

8 |Fault Cracks in the layered wall

9 | Similar Crack-like wires, door gaps, etc

10 |etc Obstacles obscuring crack
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