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Abstract

In this paper, we propose a vector-based augmentation technique that can generate data required for crack detection and a Con-
vNet(Convolutional Neural Network) technique that can learn it. Detecting cracks quickly and accurately is an important tech-
nology to prevent building collapse and fall accidents in advance. In order to solve this problem with artificial intelligence, it
is essential to obtain a large amount of data, but it is difficult to obtain a large amount of crack data because the situation for
obtaining an actual crack image is mostly dangerous. This problem of database construction can be alleviated with elastic distor-
tion, which increases the amount of data by applying deformation to a specific artificial part. In this paper, the improved crack
pattern results are modeled using ConvNet. Rather than elastic distortion, our method can obtain results similar to the actual crack
pattern. By designing the crack data augmentation based on a vector, rather than the pixel unit used in general data augmentation,
excellent results can be obtained in terms of the amount of crack change. As a result, in this paper, even though a small number of

crack data were used as input, a crack database can be efficiently constructed by generating various crack directions and patterns.
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(a) Noncrack images

(b) Crack images

Figure 1: Sample noncrack and crack images from the public
dataset.
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Figure 2: Images after data augmentation : (a) original image, (b)
horizontal flip, (c) horizontal shift.
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(a) Input data

(b) Extracted skeleton

Figure 3: Extracted skeleton from crack image.
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(b) Corner detection in skeleton

(a) Extracted skeleton

Figure 4: Skeleton extraction and corner detection from crack im-
age.
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(a) Input data

(b) Extracted crack vector
Figure 5: Crack vector with skeleton and corner set.
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Figure 6: Vector based elastic distortion in crack direction.

Figure 70 4= W¥ 7|¥F A 25 &-83to] mAlH-AAH
B B F He A AA Fee) 79
oA U9 E A T 39 Y
E R o] A7l o] &7,

O*D}‘:P ol 2 3f Olfxﬂ—‘%° ° 4,
Sof B WAL AR FDY HEL Yol u]

pul

z
2~

1_.’ \_. =
o] #do EAE 2A8A H@87 e FEHA F2
ool

Figure 7: Crack data augmentation with our method (inset image :
input data).
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Figure 10: Advanced crack data set with our method.

Figure 8: Crack generation with ConvNet based our method.
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(b) Vector line of crack

(a) Skeleton extraction

Figure 13: Extracting skeleton and vector line from crack image
(inset image : input data).
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(a) (b)

(©) (d)

Figure 15: ConvNet based crack data augmentation.
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