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Research on improved YOLOv8n-based avian detection in orchard
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Abstract: Aiming at the problems of large number of parameters in the bird detection model in the orchard, poor detection ability
of small targets, and insufficient accuracy and robustness of the target frame regression, an optimised and improved SA-YOLOv8n
orchard bird detection model based on YOLOVS8n is proposed. The model replaces the SiLU activation function with a smooth and
continuously derivable Mish activation function, and adds the ShuffleAttention module in the Backbone part to reduce the model size.
A fourth output layer is added to the Neck part for detecting targets above 4x4 to optimise small target detection. The SIOU bounding
box regression loss function is used instead of CIOU to further improve the accuracy and robustness of target box regression.
Experiments demonstrate that the improved SA-YOLOv8n model achieves an average precision (AP) of 96.40% on the homemade
bird dataset, while single—image detection takes only 0.7 ms. Compared with the original YOLOv8n model, the improved model
improves the AP by 1.6 percentage points and reduces the model size by 0.21 MB, while maintaining a stable detection speed. this
series of improvements not only improve the performance, but also lighten the model.
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Fig. 1 YOLOVS8n model structure diagram
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Fig. 6 Improve reversal detection effect comparison
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