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Abstract

To address the problems of small object missed detection, insufficient feature representation, and
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low detection accuracy in remote sensing object detection under complex scenarios, this study pro-
poses an improved YOLOv8 model for remote sensing object detection. First, the PCM pixel context
module is constructed to enhance local context association and improve feature expression for small
and weak objects. Second, the MultiSEAM multi-scale attention mechanism is designed to strengthen
multi-scale feature fusion and key information extraction while suppressing background noise.
Meanwhile, the InnerShape-IoU loss function is adopted to optimize bounding box regression, en-
hancing model convergence and localization accuracy. Experimental results on the UCAS-AOD da-
taset show that the proposed model achieves 96.2% mAP@0.5, which is almost consistent with the
baseline model, and maintains a good balance between parameters and inference speed. It exhibits
stronger robustness for small objects, dense objects, and objects under complex backgrounds. The
improved model achieves significant performance improvement while remaining lightweight, provid-
ing effective technical support for remote sensing monitoring, disaster assessment, land resource
survey, and other fields.
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Figure 1. Overall model architecture of improved YOLOV8
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Figure 2. Structure diagram of PCM pixel relation module
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Figure 3. Structure diagram of MultiSEAM multi-scale attention module
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