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Abstract: In order to solve the problems of low accuracy and difficult deployment of underground large block coal detection model, a large
block coal detection based on ANC=YOLOVS is proposed.Aiming at the problem that dust in the environment seriously interferes with the de-
tection results, the model introduces the ADown module to replace Conv to improve the feature extraction capability.To address the problem
that coal flow obscures large block coal to hinder detection, the model adds the NAM attention to the backbone network to enhance the perfor-
mance ability of significant features, and distinguish large block coal from coal flow.Regarding the problem of excessive amount of model param-
eters and difficulty in deployment, the model uses GhostConv to optimize the C2f structure and design the C2fGC structure to eliminate redun-
dancy and reduce the number of parameters.The experimental results show that compared with YOLOv8, the mAP50 of ANC-YOLOVvS is in-
creased by 3.3% to 97.2%, the amount of parameters is reduced by 31.9% and then reaches 2.05M, the weight file size reduced by 30.6% to
only 4.3MB, and the GFLOPs decreased by 15.9% to 6.9. Meanwhile, the mAP50 of ANC-YOLOvS is higher than that of YOLOvS, YO-
LOv6, and YOLOv10, and the number of parameters, weight files, and GFLOPs are lower than those of other models.The ANC-YOLOv8 im-
proves the accuracy of large block coal detection and reduces the number of model parameters, providing a technical reference for the intelli-
gent detection of large block coal.
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Table 2 Comparison experimental results
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Fig. 6 Comparison of detection results
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