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1. Feature transfer
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Fig. 1. Enhanced detail of crack with CNN,
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Fig. 2. Our neural network architecture,
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2. Elastic distortion
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Fig. 3. variety crack data set with our method,
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3. Adaptive optimization
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4. Crack detection test
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Fig. 5. U-net architecture
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5. Evaluation
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6. Web

FlellA] AAlgt diold 4g B3 42 Ho[HES nfgoR
9 A7= 253k Python FlaskZ#|2l9)3E o] 83l )
(WEB)2 2 313153t} Figl. & #g& %3l sloz 7 onl#|
2 vjko R FEk welS (pk) sz APJEE ¥ Flasks 28310
ol o= A2 A3 wolR] Fso g AR R
FA U5 o] A=, ARgAT 3l deke B3 23
olv|AE YEE & Ut Predict 4 HES Afstd A
oRIE nigke 2 fo] TAE Jog nlolz] omRE ARsfsk
o] g HejEr)

wel

e 1R

i
12l
=

o

Training
(Machine Learning Algorithm)

Crack-Data

Machine Learning

Model (.pki)

Crack-Demo-Page

Prediction

Fig. 7. Flask Web demo

I, Results
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Fig. 8. Test Result,
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Fig. 9. Test Result,
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Fig. 10, Test Result,
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|V, Conclusions
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