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Abstract: Grape leaf diseases pose a severe threat to the sustainable development of the grape industry. Traditional
manual diagnosis is plagued by strong subjectivity, low efficiency and poor timeliness, making it difficult to meet the develop-
ment needs of modern agriculture. In the early stage, intelligent detection of grape leaf diseases was mainly based on tradition-
al machine learning algorithms such as support vector machines, K-nearest neighbors and random forests, with the recognition
accuracy gradually rising from 60% to 85%—90%. Convolutional neural networks have effectively addressed the challenge of

multi-scale feature extraction through architectural innovations including Inception modules, residual connections and dense

connections, enabling the model recognition accuracy to
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In addition, this paper analyzes the shortcomings of public datasets such as PlantVillage and Al Challenger 2018, and puts

forward improvement suggestions for the problems of data standardization and annotation consistency.
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Fig.2 Performance comparison of machine learning methods
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Table 1 Improved methods of YOLO algorithms for grape leaf disease detection
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Table 2 Performance comparison of YOLO-series algorithms in

grape leaf disease detection
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ik L T
(%)
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Table 3 Comparison of convolutional neural network (CNN) and YOLO algorithm
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