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Abstract: Effective recognition of bagged citrus fruits is a vital step to achieve yield estimation of digital
agriculture. In this paper, a bagged citrus fruit recognition model based on YOLOv8n framework named
DH-YOLO (YOLOv8n-DySample-HWD) is proposed, in order to solve the problem of poor recognition of
bagged citrus in citrus orchards with the disturbance of fruit overlapping, as well as branch and leaf bloc-
king. The following improvements were made mainly to the YOLOv8n structure. Firstly, the DySample
module was used to substitute the upsampling module in the original model to improve the precision of the

model. Secondly, while ensuring the precision and recall rate of the model, the size of model memory was
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reduced by introducing a lightweight downsampling module named HWD, which made model easier to
deploy compared to the original one. The proposed DH-YOLO model improved precision and mAP ;.. o;
by 0.5%, and reduced the size of model memory by 0.2 MB. It has higher recognition precision and is
easier to deploy. This model can be used for bagged citrus harvesting and yield estimation in natural
environment.

Key words: deep learning; citrus harvesting; target detection
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