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Research on small target detection algorithm for
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Abstract: With the rapid development of UAVs, their application scenarios have become increasingly extensive and complex.
However, during mission execution, UAVs are prone to collisions with small targets such as birds and power lines, which poses a
threat to flight safety. It is of great significance to improve the detection ability of UAVs for small targets and ensure their stable and
safe operation in various environments. Aiming at the phenomena of missed detection and false detection in UAV small target
detection, this paper takes YOLOVSs as the benchmark model, improvements to the Neck and Head ends of the network. Firstly,
the BiFPN network and the multi-level feature fusion module SDI are introduced at the Neck end to address the issues of semantic
loss and uneven information transmission for small targets. Secondly, the DyHead detection head based on dynamic attention
mechanism is used at the Head end, and the deformable convolutional kernel DCNV4 is introduced to improve feature recognition
ability. Finally, the loss function is replaced with EIoU to speed up model convergence. The improved YOLOvSs-BSDE model is
verified on the VisDrone2019 test set, and the results show that its Precision( P) , Recall(G) , mAP@ 0. 5, and mAP@ 0. 50 : 0. 95
have been improved by 3.52%, 5.02%, 5.29%, and 4. 61% respectively, significantly enhancing the UAV's small-target detection
performance during mission execution.
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Fig.1 Diagram of YOLOVS network structure model
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Fig.2 Structure of multi-scale feature fusion network model
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Fig.4 Structure of the DyHead dynamic detection head
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Fig.5 Structure of the improved YOLOvSs-BSDE network
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