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A drone aerial small target detection model based on improved YOLOv5S
HU Wenhui, LI Zhi

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: The current rapid development of digitalization and intelligence, drones have shown broad application prospects in many
fields with their high mobility, flexibility and cost — effectiveness. To address the issues of low detection performance, false
detections, and missed detections caused by the indistinct features and low resolution of small targets from a UAV perspective, this
paper proposes an improved YOLOVS detection model to enhance the detection accuracy of small targets under UAV view. Firstly,
a small target detection head P2 is added to enable the model to learn more comprehensive and representative features. Secondly,
DySample is used to replace the upsampling in the model, and the GAM attention mechanism is simultaneously embedded, which
improves the model performance while maintaining high efficiency. Finally, an improved InnerSIoU loss function combined with
NWD is designed, making the model more suitable for scenarios requiring symmetric high—precision bounding boxes. Experimental
results on the public RGBT-Tiny dataset show that, in the task of small target detection in UAV aerial photography, the improved
YOLOvV5s model achieves increases of 2.9, 7.2, 7.9, and 5. 0 percentage points in Precision, Recall, mAP50, and mAP50-95
respectively compared with the original model. It effectively improves the recognition effect and has high practical value and
application potential.
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Fig. 1 Improved YOLOVSs network structure diagram
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Table 1 Model training related parameters

SR SHUH
Ief 0.010
Ir0 0.010
momentum 0.937
workers 8
imgsz( pixel Xpixel ) 640640
epochs 60
batch_size 8
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Table 2 Comparison experiment of different loss functions %
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A 91.2 7.6 83.0 49.4
B v 93.6 83.8 89.4 54.0
C v 91.9 77.7 83.3 49.6
D v 91.5 77.8 83.3 49.6
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A3 9.1 84.8 90.9 54.4
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Fig. 4 Visualization of the training process
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Fig. 5 Comparison of detection result visualization
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