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Classification Methods of Landsat Multi—spectral Images Based on Decision Tree

HUANG Li—xian, SHEN Zhi—xue

(Institute of Fluid Physics, China Academy of Engineering Physics, Mianyang 621900, China )

Abstract: A classification method of decision tree for multi—spectral images, which combines the spectral
features with the texture features is presented. The Landsat—7 images are taken as the experiment data, the inte-
grated thresholds of the various ground objects are determined by analyzing characteristic values of the Land-
sat—7 images spectrum, NDVI, NDWI and NDBI. Meanwhile, the texture information of images including the
contrast, entropy, homogeneity and correlation are acquired by means of using Gray Level Co—occurrence Matri-
ces. On this basis the Landsat—7 images are classified by the decision tree classification method. The results indi-
cate that the accuracy of decision tree classification based on spectral and texture features is higher than that of
the maximum likelihood and traditional decision tree method.
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