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Abstract: A crack detection method based on improved Unet model (A-Unet) is proposed to solve the problems of
complex concrete cracks and many interference factors in bridges, tunnels and other environments. Firstly, Unet-
based network, how the deep of the encoder affects the training time and detection accuracy of the model is studied.
Secondly, in the decoder process, a fusion space and channel attention module is designed to give different weights
to the high-resolution shallow features and the deep feature information obtained from the up-sampling to further
enhance the crack features. At the same time, the dice loss function is added to evaluate the model to reduce the
problem of inaccurate evaluation caused by the large difference between the number of detected objects and the
background. The proposed method was evaluated in the test data set, the Precision, Mlou and Recall rate reached
94.70%, 86.16% and 91.34% respectively. Also, the detection effect of A-Unet model is significantly better than the
other five models. The results show that the accuracy of concrete crack detection by this method is greatly improved,
and the model training time is saved, and the detection efficiency is improved.
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Tab.3 comparison of precision and training time of different network models

Methods Precision/% Recall/% Mlou/% Training Epoch
time(min)

Mask-R-CNN 87.64 83.62 80.56 398 100
Unet-VGG16 92.62 86.53 81.30 403 100
T-M-R-CNN%® 91.31 88.67 83.45 896 100
Deeplabv3+ 78.48 46.58 42.77 15 150
PSPnet 74.27 42.54 38.19 105 150
A-Unet50 94.00 90.31 85.48 331 100
A-Unet101 94.70 90.44 86.16 357 100
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