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. Cha, Y.J, Choi, W.

Cha

. transfer learning

Feng
structural health monitoring

. object detection
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
217.
28.
29.
30.
31.
32.
33.

semantic segmentation

fully convolutional networks
Yang

encoder - decoder

Liu

edge detection

regressor

real-time

loss function

binary image

data augmentation
compound scaling method
Depth-wise separable convolutions
supervised learning
Back-propagation algorithm
feature extraction

Fl-score

precision

recall

true positive

false positive

false negative

loss function
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