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Corn leaf disease recognition based on suport vector machine method
Song Kai"?, Sun Xiaoyan®, Ji Jianwei'
(1. College of Information and Electric Engineering, Shenyang A gricultural University, Shenyang 110161, China;
2. College of Information, Shenyang University of Technology. Shenyang 110168, China)

Abstract: In view of corn leaf disease image characteristics, one multi-classification machine is applied in corn leaf
disease recognition. First the algorithm of live-ware segmentation was used to find disease part and the algorithm
of the wavelet feature extraction was used to make the corn disease leaf the characteristic vectors, then the sup-
port vector machine classification method was applied to recognize the disease. The corn leaf disease image recog—
nition experiment indicates that Support Vector M achine classification method suits the small sample situation and
has the better classification ability. The method suits corn leaf disease classification. The different classification
kernel functions are compared, and analysis shows that the radial base function most suits the corn leaf disease
classification recognition.

Key words: support vector machine; characteristic vector; multi-classification machine; disease recognition; corn

leaf disease



