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Research on lightweight disease detection method based on
improved YOLOv8n for rice

LI Zhixin, LI Zhenzhen, NAN Chuhan, CAI Jinhan, LI Longyi

(School of Information Engineering, Nanchang Institute of Technology, Nanchang 330099, China)

Abstract: Aiming at the problems of large number of parameters, high computational complexity and difficult deployment on
mobile devices, a lightweight rice disease target detection algorithm based on YOLOv8n is proposed. Firstly, Adown convolutional
module is used to obtain more effective target task features. Secondly, the DySample ultra-lightweight dynamic up-sampler is
introduced to improve the model generalization ability. Finally, the self—developed task—aligned dynamic detection head TADDH is
used to learn task interaction features from multiple convolution layers through feature extractor to obtain joint features, so that each
detection layer can capture more comprehensive target features. The experimental results show that compared with the original
YOLOV8n model, the MAP of the ADT-YOLOv8n lightweight model in rice disease detection and recognition task is increased by
2.5% , and the parameter complexity of the model is reduced by 40% , which prove that the improved model had certain advantages
in model lightweight and detection accuracy.
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Fig. 2 PGI and related network architectures and methods
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Fig. 3 ADown subsampling convolution block structure diagram
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Fig. 4 Dynamic up—sampling structure diagram based on sampling
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1 v 0. 881 3.01 8.2
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4 v vV 0. 893 2.20 8.6
5 v Vv v 0. 896 2.60 7.4
6 vV v Y 0.903 2.20 8.6
7 v 2 VvV 0.901 1.80 7.8
8 v Vv Vv VvV 0. 906 1.80 7.8
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