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Abstract; With the popularization of smart agriculture, in response to the problems of multi-scale and
complex background of pest and disease targets of litchi in natural environments, a lightweight detection
method for litchi pests and diseases was proposed based on YOLO 11n —ACE. This method was based on
the YOLO 11n algorithm and used the C3k2 — AC module to replace the original C3k2 module to extract
the features of litchi pest and disease images, reducing the number of model parameters and
computational storage load. On this basis, the detection head was further replaced with the lightweight
Detect-Efficient head to optimize feature extraction and parameter quantity, enabling the model to
accurately locate and identify litchi pests and diseases in complex environments, improving detection
accuracy while reducing the number of parameters. Finally, to address the issues of dense and diverse

scales of litchi pest and disease targets, the MPDIoU was adopted as the loss function. The introduction of
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the minimum point distance enabled the loss function to more accurately evaluate the quality of prediction

boxes and improve the detection performance of the model. Experimental results showed that the improved
YOLO 11n — ACE achieved a precision and recall rate of 88.27% and 76.44% on the experimental
dataset, respectively, which were 2.54 and 0.97 percentage points higher than that of the original
model. The mAP reached 83.03% , and the number of parameters was reduced to 2. 186 x 10° while the

floating-point operations were reduced by 1.3 x 10°. Compared with mainstream object detection models,

the improved model reduced missed detections and false detections, and had advantages in precision,

detection accuracy, and parameter quantity, providing a technical reference for litchi pest and disease

detection on mobile devices in modern orchard environments.
Key words: litchi; identification of pests and diseases; C3k2 — AC; YOLO 11n; lightweight model
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