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Abstract: The fracture mechanism of overburden strata is usually explored by the combination method of sand-physical model and close-range

photogrammetry. Due to the low signal-to-noise ratio of fracture images from the sand-physical model, the application of this algorithm often

leads to incomplete extraction. To solve this challenge, we proposed a fracture detection algorithm based on image gradient principle of computer

vision, image matching and region screening techniques (GMS algorithm). Firstly, we used a synthetic columnar section of the 15235 working

face of Jiulong coal mine in Fengfeng City to establish a sand-physical model. Then, we took the orthophoto image of model with Nikon digital

camera. Finally, based on the texture characteristics of model images, we used image matching technique and area screening technique to

segment the regular large non-fractured texture and the tiny non-fractured texture. The results show that the GMS algorithm is highly

resistant to interference and can accurately identify and automatically extract the fracture fields of overburden strata in similar simulated materials.
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