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Lightweight almond fruit recognition method based on YOLOv8n

FANG Guowen, HE Chao, WANG Xinze
(College of Mechanical and Transportation Engineering, Southwest Forestry University, Kunming 650000, China)

Abstract: In the orchard environment, rapid and accurate identification of almond fruits is very important to improve
the operation accuracy and efficiency of almond picking robots. In order to reduce the missed detection of almond fruits
caused by leaf occlusion or fruit overlap in the orchard scene, reduce the amount of calculation and parameters, and im-
prove the performance and accuracy of the fruit recognition model, based on the YOLOv8n model, this study used the Cont-
extGuide module to replace the Bottleneck module in the basic component unit C2f of the Backbone part of the original mod-
el, used the BiFPN module to replace the PANet module in the Neck part of the original model, and introduced the MPDI-
oU loss function to replace the CloU loss function in the original model. An improved lightweight almond fruit detection
model (YOLOv8n-BCG) was proposed. The performance of the optimized model was compared and analyzed by using the
public almond image data set. The results showed that the number of parameters of the improved model was only 1.528 M,
and the mean average precision (mAP, 5. ,o5) was 69. 7% , which was 0.5 percentage points higher than that of the original
YOLOv8n model. Compared with YOLOvSs, YOLOvS5n, YOLOv7-tiny and Faster R-CNN models, YOLOv8n-BCG model

had lower floating-point calculation and higher detection accuracy. The results of this study can provide technical support for

efficient automatic operation of almond picking robots.
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Fig.1 An image from ACFR-Orchard-Fruit-Dataset dataset and the images enhanced by four enhancement methods
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Table 1 Results of ablation test
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Table 2 Comparison results of recognition performance of different

models
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