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in Images with Semantic Segmentation

Jaehyun Shin' and Dong Sop Rhee?*

'Assistant Professor, Department of Civil and Environmental Engineering, Gachon University, Seongnam 13120, Korea
Research Fellow, Department of Hydro Science and Engineering Research, Korea Institute of Civil Engineering and Building
Technology, Goyang 10223, Korea

Received 6 December 2024, revised 17 December 2024, accepted 18 December 2024, published online 31 December 2024

ABSTRACT: To apply damage detection methods through deep learning of crack images that could be used in water
resources facilities, an image processing algorithm that could detect crack damage image data was collected, utilized, and
trained in this study. Using the U-Net structure based on convolution among deep learning techniques, we were able to
classify crack damage areas within the image through classification for each pixel through learning and feature extraction of
structural crack damage images. During this process, the activation map was visualized to check the model's response to
crack features to determine which part of the image the model was focusing on. Crack detection results showed high
accuracy and precision compared to the true value through image mask processing, confirming that this technique could be
used for crack detection. The model learned in this study demonstrated detection capabilities of crack detection in acquired
images as well as application to images of water resources facilities. It is expected to be used for monitoring safety diagnosis
and evaluating water resources structures in the future.
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Fig 1. U-Net deep learning structure (Ronneberger et al. 2015).
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(a) Model Accuracy Over Epochs
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Fig. 2. Accuracy and loss of model according to epochs. (a) Model accuracy over epochs, (b) Model loss over epochs.
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Actual image type

Confusion matrix

Positive crack

Negative crack

Positive crack

True Positive (TP)

False Positive (FP)

Predicted image type -
Negative crack

False Negative (FN)

True Negative (TN)

Table 2. Image detection performance measures using accuracy, precision and sensitivity

Measures Image detection performance (%)
Image a b c d e f g h i j Avg
Accuracy 9758 | 91.77 | 97.86 | 99.27 | 9857 | 9895 | 97.74 | 98.56 | 98.41 98.15 | 97.68
Precision 76.74 | 92.70 | 70.41 81.21 | 49.51 89.05 | 89.01 | 6556 | 77.46 | 93.03 | 78.47
Recall 8119 | 6367 | 9374 | 9403 | 9262 | 9094 | 8313 | 9291 | 8816 | 4217 | 8226
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Fig. 6. Crack detection application to hydraulic facilities.
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