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Quantitative identification and evaluation of hollowing in exterior wall tiling
system based on deep learning
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Abstract: To achieve automatic identification and quantitative evaluation of hollowing in exterior wall tiling
system, an infrared camera was used to capture hollowing images, with which an image dataset containing 1686
instances was established and labeled based on real geometric relationships. The performance and efficiency of
the Mask R-CNN and YOLACT models in deep learning-based instance segmentation were evaluated for
hollowing and tiles detection, and a Python-based program was developed to calculate and visualize the
hollowing rate of tiles. The results show that Mask R-CNN and YOLACT models perform well on the dataset,
with mAP being 0.855 and 0.771, respectively. The YOLACT model demonstrates superior computational
efficiency and model complexity. The developed program can effectively and intuitively visualize the hollowing
areas and proportions, providing valuable assistance in accurately evaluating the defect severity in exterior wall
tiling system.
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