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[Abstract] To address the issues of missed detections, false detections and low accuracy in detecting small and distant
objects under adverse conditions such as dust and haze, this paper proposes the EPM=YOLOvVS8 object detection algorithm. The
Efficient Channel Attention (ECA) module is integrated into the C2f module of the YOLOv8n algorithm, enabling the backbone
network to focus more effectively on shallow and smaller object features. By adding an additional detection layer and designing
a multi-dimension feature fusion architecture, the model’ s ability to extract target features and its detection accuracy are
significantly improved. Furthermore, a loss function based on the Minimum Point Distance Intersection over Union (MPDIoU) is
employed to enhance the precision of bounding box regression. Experimental results demonstrate that the EPM~YOLOv8 model
achieves a precision ratio of 83.6% and a detection accuracy of 76.8%, exhibiting superior detection performance under
challenging conditions such as haze and dust.
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