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Abstract; In this study, an improved YOLOvV8 model combining scale adaptive module and feature fusion self-attention mechanism is
proposed for the detection of large slag blocks in industrial scenes. By introducing a depth estimation sub-network, this method uses the
depth information of the target to dynamically adjust the size of the anchor box to improve the detection ability of the model at different
scales. In addition, the self-attention mechanism of feature fusion further enhances the attention to salient target features and reduces the
interference of background noise. This study also used a homemade dataset containing samples of large slag blocks at different depths,
scales, and lighting conditions collected in an industrial slag discharge airport scene to evaluate the performance of the proposed method.
Experimental results show that the improved YOLOVS8 model shows significant performance improvement in complex scenes, and is superior
to other mainstream detection models in terms of average precision, accuracy and recall, reaching 98. 1% mAP. This verifies the
effectiveness and robustness of the proposed method in detecting large slag blocks in complex industrial scenarios.
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Fig.2 Schematic diagram of the dataset
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Fig. 3 Large slag detection diagram of slag discharge machine
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