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[Abstract]

In this study, we propose a crack detection method using limited data with a U-Net based image
inpainting technique that is a modified unsupervised anomaly detection method. Concrete cracking occurs
due to a variety of causes and is a factor that can cause serious damage to the structure in the long term.
In general, crack investigation uses an inspector’s visual inspection on the concrete surfaces, which is less
objective in judgment and has a high possibility of human error. Therefore, a method with objective and
accurate image analysis processing is required. In recent years, the methods using deep learning have been
studied to detect cracks quickly and accurately. However, when the amount of crack data on the building
or infrastructure to be inspected is small, existing crack detection models using it often show a limited
performance. Therefore, in this study, an unsupervised anomaly detection method was used to augment the
data on the object to be inspected, and as a result of learning using the data, we confirmed the

performance of 98.78% of accuracy and 82.67% of harmonic average (F1_Score).

» Key words: Deep Learning, Concrete Crack, Crack Detection, Anomaly Detection, U-Net,
Unsupervised Learning

(2 <]

B ATelAE WA R o) B WS MEF UNet 71RH9] o]w]A] H9 7S Faf S A2
HlolHE 283 #E BA oS Akt 2AE dEL gyt Ao s BAysi, 4714
oR FxE AR 48 2T 5 b faoth dNHOR FE FAR: AR fto R
dekohs o AAPEE ARSske, ol sl Aol "o Q14 o5 A4 Ths ol Atk
mebx] A olaL A3t ofwx] £ AE B3 ol avEh HdE FAS Aldsta gt
A AR g s Helds &89 71EE0] AT vk st dubH]l wAAks W
A3 el oigk diolEs dgHolng olf &83 71 w1 BA] K] Ao AFH B9t
Bk w2 el A WA o] A S ARl ARt el tha HlolH S st
T dioE1E ARg-sto] Slret Av) S 98.78%, 3 (F1_Score) 82.67%2] A5 Eelakalth

» ZAOF Toid, 2I2IE 7Y, B HE O A, UNet, BIE 3t

* First Author: Su-Min Kim, Corresponding Author: Jung-Mo Sohn
*Su-Min Kim (ksum_3@epozen.com), Epozen’s research institute
*Jung-Mo Sohn (jmsohn@epozen.com), Epozen’s research institute
*Do-Soo Kim (dskim@epozen.com), Epozen’s research institute

» Received: 2020. 08. 24, Revised: 2020. 09. 17, Accepted: 2020. 09. 17.

Copyright © 2020 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



36 Journal of The Korea Society of Computer and Information

I. Introduction
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II. Preliminaries

1. Related works

1.1 Anomaly Detection
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Table 1. Classification of the Anomaly Detection

Classification Data Label
Supervised

Anomaly Detection o o

Semi-supervised o A

Anomaly Detection (Only Normal)
Unsupervised
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Fig. 1. Architecture of Unsupervised Anomaly
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III. The Proposed Scheme

1. Deep Learning and Generation of the Model
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Fig. 4. Architecture of Model for Crack Image Inpainting

Table 2. Hyperparameters for the Learning Model

Hyperparameter(unit) Value
Kernel size(pixel) 5x5
Filters(count) 16-32-64-128-64-32-16
Layer(count) 4
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2. Detection of Crack
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3. Performance Evaluation of the Model
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{a) Original data

{(b) Crack extraction data (threshold:0.1)

Ao

{c) Noise reduction data

)

{d) Crack label data

Fig. 8. Results of noise reduction

Table 3. Evaluation Indicator of Classification

Performance [12]

Indicator Description

It is the fraction of true positives out of
what the model classifies as true, which
excludes false positives.

Precision

It is the fraction of retrieved positives out

Recall . )
eca of true positives and false negatives.

It is the fraction of the correctly
predicted and can show the performance
of a model most intuitively. But, its value
as a performance indicator decreases
when the portion of the independent
variables is imbalanced.

Accuracy

The harmonic mean of precision and
recall is an indicator that can accurately
assess the performance of a model and
explain how effective the model is when
the data are unbalanced. It evaluates how
well recall and precision are harmonized
and not biased. If the value is skewed to
one side, the harmonic mean comes out
low, and the higher the value, the better
performance model.

F1_Score
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Table 4. Evaluation Result of Performance

Threshold | Precision Recall Accuracy | F1_Score
0.01 0.3593 0.8701 0.9353 0.5085
0.05 0.7788 0.8109 0.9839 0.7945
0.1 0.9104 0.7571 0.9878 0.8267
0.1 0.9243 0.7476 0.9879 0.8266
0.15 0.9604 0.7094 0.9877 0.8160
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E3 7]E U-Netg 53t 48 5£9] 72 Table 59
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Table 5. Evaluation Result of Performance(U-Net)

Threshold | Precision Recall Accuracy | F1_Score
0.1 0.806 0.922 0.988 0.86
0.4 0.949 0.875 0.993 0.91
0.75 0.986 0.807 0.992 0.888
0.9 0.994 0.742 0.989 0.85

IV. Conclusions
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