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Abstract

Aiming at the subjectivity and limitations of feature extraction in small target detection of UAV aerial
photography in complex scenarios, this paper proposes three improvement strategies: 1) To enhance
the detection capability of UAVs for targets of different scales, the Multi-Head Self-Attention mechanism
(MHSA) is integrated into the last layer of the YOLOv5s backbone network; 2) To strengthen the utili-
zation of feature information, a Bi-directional Feature Pyramid Network (BiFPN) for feature fusion is
constructed; 3) The SimAM module is incorporated into the YOLOv5s model to improve the matching
of semantic and positional information. By combining the above three improvement strategies in pairs,
three multi-strategy YOLOv5s detection models are built: The first model combines the Multi-Head Self-
Attention mechanism (MHSA) with the BiFPN feature fusion network; The second model combines
the Multi-Head Self-Attention mechanism (MHSA) with the SimAM attention mechanism; The third
model combines the SimAM attention mechanism with the BiFPN feature fusion network. Comparative
experiments on the VisDrone2019 dataset show that the second multi-strategy model outperforms the
other two models in detection performance, which improves the mean Average Precision (mAP) to
38.9%, a 4.8% increase compared to the original model.
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Figure 2. Schematic diagram of the multi-head self-attention mechanism (illustrated with two heads as an example)
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Figure 3. Comparison diagram of spatial convolution structures before and after replacement with MHSA
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Figure 5. Schematic diagram of the final layer of the three detection heads in the YOLOvSs model
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Figure 6. Schematic diagram of the final layer of the detection head after incorporating the SimAM attention mechanism
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Figure 7. Comparison diagram of confusion matrices of the improved model
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