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Lightweight Rice Blast Spores Detection Method Based on Improved YOLO v8

LUO Bin'? LI Jiachao'?> ZHOU Ya’nan® PAN Dayu’ HUANG Shuo’
(1. College of Mechanical and Electrical Engineering, Xinjiang Agricultural University, Urumgi 830052, China
2. Intelligent Equipment Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China)

Abstract : Rice blast is one of the most serious diseases of rice. It is caused by blast fungus and occurs in
different growth stages of rice. The spores of blast can be transmitted through air, which seriously affects
food production security. Therefore, the identification of blast spores plays an important role in the early
diagnosis and control of rice blast. Based on the YOLO v8 model, an RBS — YOLO method for the
detection of rice blast spores was proposed. Firstly, the algorithm introduced the PP — LCNet lightweight
network in the backbone network, which used DepthSepConv as the basic block and reduced the
computational effort of the model and the size of the model weight file, but hardly increased the inference
time. Secondly, the efficient multi-scale attention module was introduced into the neck network, which
reshaped some channels into batch dimensions and grouped the channel dimensions into multiple sub-
features, so that the spatial semantic features were evenly distributed in each feature group. The
information of each channel can be effectively preserved and the computational overhead can be reduced.
Finally, the loss function of YOLO v8n was changed to WIOU loss function, which can reduce the impact
of low-quality samples on the model during training. WIOU used dynamic non-monootone focusing
mechanism to evaluate the quality of the anchor frame, and used gradient gain, which ensured the high-
quality effect of the anchor frame and reduced the influence of harmful gradients. The accuracy and mean
accuracy of model identification of rice blast spores were improved. The accuracy and average accuracy of
the improved RBS — YOLO model were 97.3% and 98. 7% , respectively, meeting the demand for the
detection of rice blast spores. The weight file size and computation amount were 3. 46 MB and 5.2 x 10’
respectively, which were 41.8% and 35.8% lower than that of YOLO v8n. In order to verify the
detection performance of RBS — YOLO, under the same training environment and parameter

configuration, the improved model was compared with the YOLO v5s, YOLO v7 and the original
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YOLO v8n model, and the computational load was reduced by 67.3% , 95.1% and 35.8%,
respectively. Model weight file sizes were reduced by 10.14 MB, 67.84 MB, and 2.49 MB,

respectively. The results showed that RBS — YOLO can meet the demand of real-time detection of rice

blast spores,which was conducive to deployment to mobile terminals.

Key words: rice blast spores; target detection; YOLO v8; lightweight; attention mechanism
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Fig. 1 Blast spore image acquisition system
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