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A Lemon Fruit Recognition Method Based on Improved YOLOvS
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Abstract: In order to address the challenges of high costs and low efficiency of manual picking lemon
fruits, and achieve swift and precise identification of lemon fruits in intricate environments, a lemon fruit
recognition method based on the improved YOLOv8 model was established. Firstly, the SPDConv module
was introduced into the backbone network to enhance the accuracy of model’s detection for low-resolution
images and small targets. Then, the EMA attention mechanism was added to effectively extract the fea-

tures of obscured fruits. Finally, the CloU bounding box loss function was replaced with Wise-IoU to re-
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duce the dependence on high-quality anchor boxes and improve the generalization ability of the model.
Tested on a self-constructed dataset, the YOLOv8-SEW model exhibited precision, recall and mean aver-
age precision values of 94. 5%, 85.7% and 92.4% separately. Compared with before improvement, the
precision, recall and mean average precision of the model was increased by 1.0%, 4.2% and 2.9%, re-
spectively. The detection time for a single image was 44. 8 ms, enabling rapid and accurate identification of
lemon fruits, thus providing a technological foundation for automatic harvesting lemon fruits.

Key words: recognition of lemon fruits; YOLOv8; SPD convolution module; Wise-IoU loss function; at-

tention mechanism
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