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Research on the Diagnosis of Soybean Diseases Based on Naive Bayes Algorithm
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Abstract The basic theory of Naive Bayes algorithm was firstly introduced. Taking the soybean dataset in UCI database as an example, the

applications of Naive Bayes algorithm in soybean disease diagnosis were studied. The research results indicated the prediction accuracy of Na-

ive Bayes algorithm was better than that of decision tree C4.5 algorithm and nearest neighbor INN algorithm.
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Table 1 Cases of the classification for one class by using classifier
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Fig.3 The operation interface of the system
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Fig.1 Comparison of the prediction accuracy on soybean data-

set by different algorithms
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