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Abstract; In order to realize the precise identification of the missing elements in the field of rice, an
image recognition system was constructed. The image acquisition, image segmentation and image clas-

sification based on support vector machine are studied in this system. Firstly, image acquisition and
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processing were carried out according to the phenomenon of deficiency of rice in the field. Then the

color features were extracted related to the image of nitrogen elements. On the basis of analyzing and

comparing the SVM algorithm to image segmentation, an improved particle swarm optimization algo-

rithm is proposed to optimize the SVM parameters (i.e. IPSO-SVM). At last, the experiment is set

up, and the algorithm model is tested and compared with other algorithms. The experimental results

show that the accuracy rate of the diagnosis of rice deficiency is 95.45% , which basically meets the re-

quirements of the scientific diagnosis of the deficiency of rice in the field.
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Fig.2 Support vector machine hyperplanes coordinates
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