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corresponding image correlation degree, and the attribute of the image classification to be recognized is
determined by the maximum criterion, which is the correlation degree with a weight. In this paper, to
recognize the image category, the second criterion is characterized by the correlation degree with a cer-
tain degree is that the classification of the image to be recognized is determined with the principle of
minimum distance between clustering centers. In several experiments with three categories of images,
the experimental results which meet one of the two principles in the experiment show that the results
of this method has certain advantages.

Key words: certain degree; image correlation degree; image fuzzy classification
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SVM Classification with Multi-texture Data of ZY-1 02C HR Image

LI Fenling'* CHANG Qingrui®® LIU Jiagi' LIU Jing"'?
1 College of Natural Resources and Environment, Northwest A & F University, Yangling 712100, China

2 Key Laboratory of Plant Nutrition and the Agri-Environment in Northwest China, Ministry of Agriculture, Yangling 712100, China

Abstract: Based on a ZY-1 02C HR Image, three kinds of textures, the variogram texture, gray level
co-occurrence matrix texture, and gradient texture, were extracted. Then, we present a new SVM
classification method with multi-source data by integrating the spectral information and these three
different textures. The classification result was compared with results using Maximum Likelihood
Classification (MLC) and Decision Tree(DT) method. The study shows that: (1) Variogram texture
and gradient texture involved in multi-source data can effectively improve image classification precision
with an overall accuracy from 85.14% to 87.43% and Kappa coefficient from 0. 82 to 0. 85; (2) The
variation function of absolute value form provides a theoretical basis for the optimal texture window a-
nalysis, and textural features based on the average step can significantly improve classification accura-
cy with an overall accuracy from 75. 2% to 87. 14% and Kappa coefficient from 0. 7 to 0. 87; (3) Based
on multi-source data, the SVM classification method for high spatial resolution remote sensing images
can effectively overcome the fragmentation problems associated with traditional image classification
methods. Our results were significantly superior to MLC and DT with an overall accuracy of 89.14%
and Kappa coefficient of 0. 87; (4) The resource satellite data ZY-1 0C has a certain stability and ad-
vantages for the extraction of winter wheat.

Key words: high resolution camera (HR camera); multi-textural feature; accumulative lag distance;

support vector machine (SVM) ; precision agriculture
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