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Abstract: In view of easy false detection and missed detection of small objects in unmanned
aerial vehicle (UAV) aerial images, as well as the requirements for real-time performance and
lightweight design in UAV detection tasks, an improved lightweight and efficient model based on
YOLOVS8 was proposed. Firstly, the Neck part of YOLOvV8 was simplified into a feature pyramid
network, enabling the model to effectively utilize the detailed information extracted by shallow
networks. Meanwhile, a feature fusion module was added to provide more favorable features for
small object detection to the Head layer. Secondly, an efficient local attention (ELA ) mechanism
was integrated into the Backbone part to achieve accurate localization of target regions.
Experimental results show that compared with YOLOvS8s, the parameters and model size of the
improved model are reduced by 50%, while the mAP, s and detection speed are improved by 4%.
This improved model provides a new idea for the deployment of UAV detection.
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model; UAV aerial photography
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Fig. 4 Comparison of detection results in test-dev subset before and after model improvement
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Table 6 Comparison of results from different models
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