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Improvement of automatic detection model of concrete surface deteriorations with Deep Learning
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E Ny F  |Hhey7H4 X |BE dropout
data 128 x128x1

convl 3x3 128 x128 %32 ReLU

conv2 |3X3 128 x128 %32 ReLU 0.2
pool2 2x2 64 x64 %32 0.25
convd |3X3 64 %64 x32 ReLU 0.25
conv4 3x3 32x32x64 RelLU

pool4 2%x2 64 x 64 x 64 0.3
convb 3x3 32x32%x64 RelLU

convé |3X3 32x32x64 ReLU

conv7 3x3 32x32x64 RelLU

conv8 3x3 32%x32x64 RelLU

pool8 1x1x5440 0.4
fc9 1x1x1024 RelLU 0.5
fcl0 1x1x5 softmax
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B Ny F | HWhey 744X (BEE dropout
data 128x128x1

convl 3x3 128 x128 x32 RelLU

conv2 |3x3 128 x128 x 32 RelLU 0.25
pool2 2x2 64 %64 %32 0.3
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convé |3x3 32x32%x64 RelLU

conv7 3x3 32x32x64 RelLU

conv8 3x3 32x32%x64 ReLU

pool8 1x1x5440 0.4
fc9 1x1x1024 RelLU 0.5
fcl0 1x1x5 softmax
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pool8 1x1x5440 0.55
fc9 1x1x1024 ReLU 0.6
fclo 1x1x5 softmax
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convl 3x3 128x128x32 RelLU
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convl0 |3x3 32x32%x64 RelLU
pooll0 1x1x5440 0.4
fcll 1x1x1024 ReLU 0.5
fcl2 1x1x5 softmax
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