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Table 1. More information on pre-trained models
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Fig. 8. Effect of histogram equalization on clarity and quality of images
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Fig. 9. Samples of image datasets: (a) surface cracking, (b) no-cracking, (c) linear cracking
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Table 2. Collected datasets
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Fig. 10. Sample of the training process

(4l ilizen Jolpo 50 o b oloj . ¥ Jou
Table 3. The Spent time in various stages (second)
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Table 4. Performance of models
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Fig. 17. Performance of models based on the F-score index
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