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Abstract: The cracks developed in the layered rock mass of grotto roofs intersect with each other, which can easily

cause instability and failure of the cave rock mass. Rapid and precise fracture identification is crucial for grotto

protection. To meet the need for non-contact, precise fracture measurement, this study integrates thermal infrared

detection technology with an improved UNet network model to extract binary maps of roof fracture networks.

Clustering algorithms are employed for segmentation and recognition, achieving a Dice coefficients of 71.63%
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and a detection speed of 0.84 frames/s. The method exhibits high extraction efficiency, accuracy, good
applicability of thermal infrared images and resilience against artificial structure influence. Applied to the roof of
Anyue Yuanjue Grotto, this method successfully identified 153 fractures and reveals dominant fracture trends at
NW327° and NE55°, outperforming other measurement techniques.

Keywords: grotto temple; rock mass fracture identification; deep learning; UNet network; partitioning of fracture;

cluster analysis
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Fig. 1 Diseases in rock mass structures of grotto temple
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Fig.2 Thermal infrared detection technique of rock fracture network
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Fig.3 Comparison of three kinds of images produced by infrared thermal imager
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Fig. 4 Improved UNet network model structure
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Fig. 5 ResNet34 extracts feature backbone structure
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Fig.8 Production of thermal infrared image dataset of grotto roof fracture network
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Fig.9 Model training loss curve
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Fig. 10 Comparison of fractures identification performance among different models.
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Fig. 11 Partitioning of grotto roof rock mass fractures
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