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Abstract

With the development of economy and science and technology, intelligent transportation is grad-
ually being paid attention to. As the key technology of intelligent transportation, aerial vehicle
detection technology has also gradually come into people’s view. Aiming at the current situation
that aerial vehicle targets are small and the road environment is complex resulting in a high rate
of missed detection, this paper proposes an aerial vehicle detection method based on YOLOvS8. The
attention mechanism module is added to the backbone network of YOLOvS to increase the linkage
of features between networks, and part of the C2f layer of the head network is modified to C3
layer. It is experimentally shown that the improved network achieves a good accuracy of 93.4% on
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the UCAS-AOD dataset.
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Figure 1. YOLOVS8 network diagram
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Figure 3. Backbone network
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