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Unm ixing Hyperspectral Inagery Based on Support Vector
Nonlinear Approxin ating R egression

WU Bo ZHANG Liang pei LIPing xiang
(State Key Lah of Infomation Engineering in Surveying Mapping & Remote Sensing Wuhan University, Hubei Wuhan 430079, China)

Abstract Spectral M ixture Analysis (SMA) is a straightforward and efficient approach to the spectral
decanposition of hyperspectral ramotely sensed scenes Once a SMA model is developed, land cover proportions
can be estinated fran pixel values through model inversion In this papes we propose o estinate abundances
fram hyperspectral inage using support vector regression (SVR) method. SVR method for abundance estination
can be essentially regarded as function approximation and generalization problem. D iffering fran other nonlinear
regressive approaches which require predefined nonlinear mapping functions this method transferred each
spectral pixel into a high dimension feature space by a kemel function, which will result in a spectral pixel in a
feature space consisting of possibly many nonlinear canbinations of the spectral bands of the original spectral
signature In this way the higher order relationships between themixed pixels are exploited in the feature space
Projection iterative method has been used for endmember abstraction fran the image and then sinulating
nonlinear training and testing data by Hapke s approxination function. Experiment of smulating data and real
hyperspectral inage (Pushbroan Hyperspectral Inages PHD are conducted to validate the procedures The
experinents show that the method can provide better result of abundance estimation for hyperspectral image as
canpared with that of radial basis function neural networks In our simulating test over97% of the total pixels
in the mage lie within the bound of =0 1, and the RMSE are nomore than 3 5% .
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