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An Improved Random Decision Trees Algorithm with Application to Supervised Classification
XU Hai- wei', HE Kuan?
(1. School of Infophysical and Geometrics Engineering, Central South University, Changsha 410083 ;

2. Dep artment of Surveying and Mapping, Yellow River Conservancy Technical Institute, K aif eng475004, China)
Abstract: An improved Random Decision Trees algorithm with application to land cover remote sensing classification was pro-
posed in this paper. Firstly, an improved Random Decision T rees algorithm was presented by adding tree balance factor, setting
node impurity and distinguishing sam ple types. Secondly, by taking the ALOS images of Longmen City of Guangdong Province
in China as study area, the remote sensing classification was conducted using the improved Random Decision T rees algorithm.
Finally, a comparison study was proceeded to compare the improved Random Decision Trees algorithm with M aximum Likelr
hood Classification method. The results indicate that the classification precision is improved from 81.46% to 92.45% and Kap
pa coefficient is up to 0. 9091. The im proved Random Decision Trees algorithm can improve the efficiency and accuracy of land
cover remote sensing classification.

Key words: remote sensing image; automatic classification; land cover classification; Random Decision T rees; pattern classifica

tion
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