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In bridge maintenance, it is important to inspect condition and to make accurate diagnosis and judge the
urgent repairs. In order to inspect every five years, the use of segmentation algorithms is expected for
monitoring deterioration efficiently.

This paper aime to improve accuracy of crack segmentation algorithms for automatic crack detection on
concrete bridges. We generate synthetic crack images using Conditional GAN and create the augmented
data space of raw images and labels to enhance crack feature of interest. We demonstrate that the
accuracy indices are improved on four architectures.
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26 Training Process of Generator loss : MA(p=300), skip 10 iterations
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3 Training Process of Loss : Connect Synthetic Image Augmentation
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architecture | 2ugmented precision recall Fl-score mean loU
dataset ROI [backgrd| ROI |backgrd [ ROI |[backgrd| ROI |backgrd
FONgS initial | 0.5383 | 0.8031 | 0.6719 | 0.8185 | 0.5897 | 0.8097 | 0.3521 | 0.9563
+ake aug [0.6060(0.8396(0.7141(0.8417(0.6481(0.8396(0.3723(0.9612
UNet initial | 0.7920 | 0.8938 | 0.8975 | 0.9473 | 0.8464 | 0.9264 | 0.4280 | 0.9711
+ake aug [0.8757[0.9530(0.9542(0.9699(0.9104(0.9609 [ 0.4885|0.9782
SegNet- initial | 0.8952 | 0.9415 | 0.9775 | 0.9819 | 0.9327 | 0.9608 | 0.5199 | 0.9807
VGGl16 +akeaug [0.91190.9099 [0.9951{0.9963 [ 0.9468 | 0.9450 [0.6299 [ 0.9884
DeepLabv3+| initial | 0.9348 | 0.9751 | 0.9598 | 0.9725 | 0.9444 | 0.9734 | 0.5215 | 0.9806
ResNetl8 | +fakcaug [0.9570(0.9843]0.9735[0.9785[0.9629(0.9811[0.5395(0.9819
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