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The algorithm of YOLOVS coal gangue detection based on deep attention model
ZU Shaojie

(Shanxi Lu'an Environmental Protection Energy Development Co., LTD.Wangzhuang Coal Mine, Changzhi 046031, China)
Abstract: Aiming at the low accuracy of gangue detection in complicated coal mine environment, this paper proposes a YOLOvS gangue
detection algorithm based on deep attention model.First, preprocessing of the detected target image by a super-resolution reconstruction
algorithm,improve the image contrast, Enhance the image quality. Then, in view of the problem that the conveyor belt is easy to lead to
image blur and it is difficult to accurately detect coal gangue, improve the detection speed by improving the convolution layer of the
network under the framework of the YOLOvVS algorithm, and by optimizing the network NMS to improve the algorithm to the occlusion
target detection accuracy. Next, in view of the problem of the significance of the conveyor belt to be detected by the complex
environment of the mine, to improve the significance of coal gangue in the image by incorporating the convolution block attention model
under the above improved algorithm framework, then improve the detection accuracy of the target. Last, preparation of training samples
and test samples by using surveillance video data of coal mine conveyor belt, the proposed algorithm is also compared with classical
target detection algorithms such as YOLOVS, SSD and Faster-RCNN. The experimental results show that the coal gangue detection
algorithm has high detection accuracy in dealing with the high-speed operation of the conveyor belt, the complex environmental
interference and the occlusion of some targets.
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