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Abstract: 1t is necessary to detect cracks of infrastructure caused by aging by periodic inspection and make
appropriate repairs, since they become a factor of serious accidents. Currently, manual visual inspection and
hammering tests are mainly used to detect cracks, but it takes time and labor cost. For that reason, auto-
matic detection of cracks by image analysis is necessary. Conventional methods of automatic crack detection
have problems with detection accuracy and computation cost. We propose a novel crack detection method
using Fully Convolutional Network which shows high performance in semantic segmentation of image. We
show that the proposed method is superior to conventional methods by evaluation experiments using dataset
of crack images.
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1 OUEh o6 [10], [16]
Fig. 1 Examples of concrete cracks [10], [16].
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Fig. 2 Structure of FCN (using an image size of 256 x 256,

other sizes are possible).
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Table 1 Learning hyperparameters.
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is the value of gamma correction).
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Table 3 Computational environment.

e 7 A B
CPU Intel Core i5 3.2 GHz Intel Core i5 2.7 GHz
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GPU NVIDIA GeForce GTX 1060 6 GB
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Fig. 3 Error rate during the training process for the CrackFor-

est dataset.
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Fig. 4 Error rate during the training process for the AigleRN

dataset.
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% 4 CrackForest Dataset O %T1: O FFHMTEIE & FATHR

Table 4 Evaluation and execution time of each method for the CrackForest datase.

RS DSC

Pr Re F1 Prregion Reregion Flyegion Time(sec)

SRF  0.525240.14
CNN 0.2614+0.067
FCN 0.7027+0.10

0.5000+0.11  0.3662£0.099  0.4106+0.096 0.6105+0.17  0.6459+0.18  0.5885+0.14 2.133+0.32
0.1559+0.046 0.4663+£0.040 0.2296+£0.052 0.03134+£0.055 0.5503£0.13 0.05274£0.079  392.0+17
0.7447+0.11 0.3998+0.049 0.5178+0.059 0.8413+0.026 0.7042+0.11 0.7586+0.076 5.926+0.53

%+ 5 AigleRN Dataset D& FEOFHMHRE & F4THEH]
Table 5 Evaluation and execution time of each method for the AigleRN dataset.

Fk DSC

Pr Re F1 Prregion Reregion Flyegion Time(sec)

SRF  0.506040.14
CNN 0.153940.11
FCN 0.6886+0.22

0.56944+0.083  0.3180+0.093 0.3987+0.095 0.8613+0.095 0.5802+0.19  0.6743+0.17 2.741+0.66
0.09129+0.07182 0.4097+0.13 0.1377+0.047 0.03208+0.034 0.5443+0.18 0.05729+0.057  537.2+19
0.7893+0.22 0.3770+0.13 0.4996+0.15 0.7063+0.27  0.6347+£0.24 0.6260+0.21 7.8424+0.12

IE M

5 CrackForest Dataset ®7 A b 77— & |2k % & F 00 G5
Fig. 5 Results of each method on test data in the Crackforest dataset (Original Image,
Correct result, SRF, CNN, FCN).
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3L o TWVAHA, HERTE 2120 L TIER 0.015 512 ERAIRDO O E NI DV T L EMEICHRETE TW A,
HoTHBY, CNN EATA T 74 v Rz Hvn o TERFETROVENTIRZWHEEZ 0 U%ERE LT
7eHA L IR L TRIEICE#EIL SN Twab. ONN & AT BHLTLES72bDHE L ALNEH, REFET
L7474y RyERHWESEI LT, FCN T EZD X9 Bito THH L2 R S e v
GEEHROR CEFTCME SR — AV E#Hd 52 L o WERTFETIIHBITETVRVIIVOUENEZIRET
Brwnizdll, EmfbshzeEz 505, FERBHETETWAS,
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7

P

CNN FCN

B 6 AigleRN Dataset O 7 A b 7 — & 1243 2 & Fik 0w HE R
Fig. 6 Results of each method on test data in the AigleRN dataset (Original Image,
Correct result, SRF, CNN, FCN).
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CrackForest Dataset (21 29 MOl 7~V 2 L&A+
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Table 6 Evaluation of each method on images without cracks.

T Acc

SRF 0.98564+0.019
CNN 0.943740.054
FCN 0.9994+0.00083
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Fig. 7 Results of each method on test data in images without cracks (Original Image,

SRF, CNN, FCN).
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