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Concrete is a widely used material due to its excellent compressive strength and durability. However,
depending on the surrounding environment and the characteristics of the materials used in the
E-mail : hryu@syu.ac.kr construction, various defects may occur, such as cracks on the surface and subsidence of the structure.
The detects on the surface of the concrete structure occur after completion or over time. Neglecting
these cracks may lead to severe structural damage, necessitating regular safety inspections. Traditional
Received : December 14,2022  visual inspections of concrete walls are labor-intensive and expensive. This research presents a deep
Revised :January 31,2023 learning-based semantic segmentation model designed to detect cracks in concrete walls. The model
Accepted : March 16, 2023 addresses surface defects that arise from aging, and an image augmentation technique is employed to
enhance feature extraction and generalization performance. A dataset for semantic segmentation was
created by combining publicly available and self-generated datasets, and notable semantic segmentation
models were evaluated and tested. The model, specifically trained for concrete wall fracture detection,
achieved an extraction performance of 81.4%. Moreover, a 3% performance improvement was observed
when applying the developed augmentation technique.
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Figure 1. Flowchart depicting the deep learning-based semantic segmentation for concrete crack
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Figure 2. Architecture of DeeplLabV3+ network(Adapted from Chen et al.[28])

3.2 Z32|E #< H|0|E

321 232)E 2% HOJEA
Jeid 242 Fo) DL GAsks ol e oA 5 741 Fe] Qe 788 Fol 2A0) 9Jxu ek
of )] £ Tz 7] B 7|9 HhAI[10,12,13,20]3 WS Bl F 0] FENS BelT rhad 2 255 AlUE A1H
Hlo141 wP[s, 18,30j0] Qlek. EATE FAE A BA) RGL ALg ) 9IS FEoHe AL FastAT, FA| AL
ZABHE A% )9 S0 stc) 2 Aol AlUE ATREleld 71 4ol B @ g ol g8) T E TG PEL 915
71 BN SOl B AT A FE ol e NS @A Held 2 shashuat stk Aol 24 Helet 227

of =
B98lg A7} Q) 2B S Fo) 2L E 7Y o|u|A S Theot FES upAs o] 2 Hlole1 g
I

g, mAaleld AR e Aol ERl Aol 371E - d Al E o] HolH Al S5 om| X Al 75kl 589

X

=
oX i|n
to %@ |m
2=

Journal of The Korea Institute of Building Construction 201



Kang, Kyung-Su - Ryu, Han-Guk

S5}, 2P Hlolell 54074 AL o] 2] TE o1 Hlolels 5 1,1297H 518 9607H B7HE- 1697 T aict ol
Hlo|El= o]u]] 2717} 712 Hlo]ElAlo] 448xadgo] ] A4 HlolEIAS 7 HAF olu] ] 4K, 9 257 olmlAL H4
1%460 =80]q 2]e] 2Kole}. 5333t o]ulA] 718 QWA 0 @ 512x5122 ZAsI A 2 ofeeo]d 2]
oz niZzae A4 Fol2asto] olulx] ABHE Fa FAT FE4 0-255 Fo= nhAgs AT FL, SEc!
S o frge] JEXC)

ol7] g1l HloTE1 A thells 7 wlo]elof vl Hlo]el7} 2ol matelo] ik, 22l WA
§ 52 Hol VA 25191 th e Figure 351 0k

:\904.,
g_l,_“

Figure 3. Dataset used for semantic segmentation
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Figure 5. Visualization obtained from trained semantic segmentation model
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Table 1. Performance comparison to CNN-based state-of-the-art models on the concrete crack dataset(512x512) at a
threshold of 0.5

Model Backbone mloU MSE
ResNet-50 0.558 0.119
FCN
ResNet-101 0.610 0.102
ResNet-50 0.743 0.056
UNet
ResNet-101 0.799 0.043
ResNet-50 0.782 0.041
DeepLabV3+
ResNet-101 0.814 0.031

4.2 235|E 4E& O|0]X[ O{Z1HH[0]E Zut

2
Held 2 ohs TAlOlA LRteh A5t niAlRt 232 E w9 HE A2 =o17] S8l on|#] ol 1iH el 71
oz

H it py lﬂ%
2851 A A= Table 29t 2t} H|o] A2H1-2 ResNet-101-S B0 2 AFESF DeepLabV3+ oot Ho] A HR=
o THllE| o] A& ARE-SHA] QF Al Skt AulkEolw, 7 WA SIEE 71K i, HAte| A o, T1E| Al F th ARES] Hlo] At
¢l Bog& shatt Avfso|th di oln||o) FEA 0 & 7 # A& FUIEAU o & Aok WA BAjo|H o]
e A5 ZH2F Hjo| A2kl HiH] oF 1.35% /350l St "eld egabgolA] & 7HA] 5 ARgR_t 739 oF
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Table 2. Effect of different training strategies on testset: fake crack, remove crack, and mosaic crack augmentation(DeepLabV3+
with ResNet-101 as backbone)

Fake crack Mosaic crack mloU MSE
0.814 0.031

v 0.825 0.025

v 0.829 0.024

v v 0.838 0.019
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