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Water Automatic Detection from SAR Image
Based on Fuzzy Weighted SVM

CHENG Ming-yue!, YE Qin*?, ZHANG Shao-ming!, CHEN Ying-ying?, L1 Wei'
(1. Dept. of Surveing and Geoimformatics, Tongji University, Shanghai 200092;

2. Research Center of Remote Sensing & Saptial Imformation Technology, Tongji University, Shanghai 200092)

Abstract A method of water automatic detection for SAR images is presented, which uses tree wavelet to decompose the SAR images, obtains

the medium-frequency imformation from the sample image and the test image, and analyzes the texture. The texture information of the sample image
is trained by using Fuzzy Weighted Support Vector Machine(FW-SVM), and the water decision function is got, through which the water region can
be detected. This method combines the gray and texture information of the SAR image, reduces the noise effect, and is suitable for the water

automatic detection of large area SAR image.

Key words SAR image; water detection; texture analysis; tree wavelet; Fuzzy Weighted Support Vector Machine(FW-SVM)
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