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[Abstract]

In this study, we propose an improvement method that can create U-Net model which detect fine concrete
cracks by applying a weighted loss function. Because cracks in concrete are a factor that threatens safety,
it is important to periodically check the condition and take prompt initial measures. However, currently, the
visual inspection is mainly used in which the inspector directly inspects and evaluates with naked eyes. This
has limitations not only in terms of accuracy, but also in terms of cost, time and safety. Accordingly, technologies
using deep learning is being researched so that minute cracks generated in concrete structures can be detected
quickly and accurately. As a result of attempting crack detection using U-Net in this study, it was confirmed
that it could not detect minute cracks. Accordingly, as a result of verifying the performance of the model
trained by applying the suggested weighted loss function, a highly reliable value (Accuracy) of 99% or higher
and a harmonic average (F1_Score) of 89% to 92% was derived. The performance of the learning improvement

plan was verified through the results of accurately and clearly detecting cracks.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 U-Net
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Fig. 1. U-Net Architecture[11]

1.2 Loss Function and Weighted Loss Function
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Table 1. Performance Indicator of Mean Square

Error Function

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
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Fig. 2. The Learning Results with Mean Square
Error Function
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Fig. 4. Squared&Balanced Step Function(weight=0.5)
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III. The Proposed Scheme

1. The Learning for the Model
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Fig. 7. U-Net Model and Learning Process
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Table 2. Hyperparameter for the Learning Model

Hyperparameter(unit) Value

Filter(count) 16-32-64-128-64-32-16
Layer(count) 4, 5
Kernel(pixel) 5x5, 7x7

‘45 B71e] A= U= (Precision), A&l-&{Recall),
stz (Accuracy) 28] 23HEHF1_Score)g 7]1&0
Hrlelych 9 X BEELS @ X[3i&(Confusion Matrix)
g os @do] 450 dupy Felstx] Hrleict. &
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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.

It is the fraction of retrieved positives
out 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.

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.

Precision

Recall

Accuracy

F1_Score
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Fig. 8. Learning Results by Kernel and Layer
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1.1 Balanced Step Function

Table 4= g 7x7, 57A150|A Balanced Step &F
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Table 4. Performance Indicator of Balanced Step
Function

Weight | Threshold | Precision | Recall | Accuracy Fl_
Score

0.69 0.9 0.94 0.871 0.992 0.904
0.83 0.9 0.945 0.875 0.993 0.909
0.9 0.9 0.884 0.898 0.991 0.891
0.97 0.9 0.784 0.934 0.987 0.852

Original Image

Weight 0.69

Weight 0.83

Weight 0.9

Weight 0.97

Label Image

Fig. 9. Crack visualization by Weight
(Learning with Balanced Step Function)
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1.2 Squared&Balanced Step Function

Table 5= A2 7x7, 54504 Squared&Balanced
Step B48 0§31 T 7 715AN SR 2k A% A
BS YEPdTh 7% 0.1~0.9 Alo]oflA 7HEATE WA
21, AL 0.750149] Axpglo] 71 =teng ol
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Fig. 102 ¥H, 7}5A] 0.5, 0. 701]/\1 oAl HEe =2t
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Table 5. Performance Indicator of Squared&Balanced
Step Function

Weight | Threshold | Precision | Recall | Accuracy Fl_
Score

0.2 0.75 0.864 0.873 0.989 0.869
0.3 0.75 0.947 0.828 0.991 0.883
0.5 0.75 0.884 0.901 0.991 0.892
0.7 0.75 0.849 0.92 0.99 0.883

Original Image

Weight 0.2

Weight 0.3

Weight 0.5

Weight 0.7

Label Image

Fig. 10. Crack visualization by Weight
(Learning with Squared&Balanced Step Function)
1.3 Step Function
Table 62 714 7x7, 5715014 Step 242 08312
W 7} VSRS Sk Ai s AIE LR
0.1~0.9 AoloflAf 7HSAIS W7deh Aut, AR 0.59]
9] Aupjto] 7} =9fou g o] 7
SAIE Zopga2 89~91%= HIAOWJ
o] 8% AnE A7kl UERd Fig.
Al 0.970| 4= lAlet g Hof &
RS 0.699 1.30.2 2912 O ulAleh 482 SR
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Table 6. Performance Indicator of Step Function

Weight | Threshold | Precision | Recall | Accuracy Fl_

Score

0.5 0.5 0.863 0.916 0.991 0.889
0.69 0.5 0.908 0.892 0.992 0.9

0.97 0.5 0.887 0.907 0.991 0.896

1.3 0.5 0.885 0.906 0.991 0.895

Original Image

Weight 0.5

Weight 0.69

Weight 0.97

Weight 1.3

Label Image

Fig. 11. Crack visualization by Weight
(Learning with Step Function)

1.4 ReLU Function

Table 72 71'd 7x7, 575014 ReLU &5 o] &3l
< o 7} 7FEAN Sk A AS AES Uepdct
2 0.1~0.9 Ato]ofl A 7RIS B er Ayt AARL 0.50
Aol ZAugho] 7P Eeng olF 7jEor it 7t
BRI ZEWRL 88-92%2 BI2SHAIRE A Hrlo]
Nol st ATre AlZiEfsto] UeRd Fig, 122 89, 7}
FA12 0,979 1.302 F912 0 um@ g gL

2 o A% F&3 g & 4 o

Table 7. Performance Indicator of ReLU Function

Weight | Threshold | Precision | Recall | Accuracy Fl_
Score

0.5 0.5 0.898 0.88 0.991 0.889

0.69 0.5 0.929 0.926 0.994 0.927
0.97 0.5 0.936 0.921 0.994 0.928
1.3 0.5 0.926 0.909 0.993 0.917
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Original Image

Weight 0.5

Weight 0.69

Weight 0.97

Weight 1.3

Label Image

Fig. 12. Crack visualization by Weight
(Learning with ReLU Function)

2. The Performance Evaluation of the Model

7k V5A] QA §4 TP Be RolBR 2E VIR0
2 H5e WKt Avfoltt. RelU &47} 71542 0.97
2 FolS ), HUT 93%, AIFE 9%z FeET A
92%°] ez 7MY = 4T Table 82 73
7x7, 5AEOINY] B At s AES UeRdct

Table 8. Performance Indicators by Weight Loss
Function

Weight Loss | Thres | Precis R I Accur F1_
Function hold ion eca acy Score
Mean 04 | 0949 | 0.875 | 0993 | 091
Square Error
Balanced
Step 0.9 0.945 0.875 0.993 0.909
(weight 0.83)
Squared&Bal
anced Step 0.75 0.884 0.901 0.991 0.892
(weight 0.5)
Step
(weight 0.69) 0.5 0.908 0.892 0.992 0.9
RelLU
(weight 0.97) 0.5 0.936 0.921 0.994 0.928

9 4% Wotoluel sk ATkE Fig. 133} o] A2t
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Fig. 13. Crack Visualization by Weighted Loss Function

IV. Conclusions
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