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Spectral Reflectance Estimation by Support Vector Regression

ZHANG Wei-feng
(Department of Applied Mathematics, South China Agricultural University, Guangzhou 510642, China)

Abstract A spectral reflectance estimation method using support vector regression and framelet kernel was proposed.
Spectral reflectance estimation is an important subject in optical research. The aim is to convert device-dependent RGB
values to device-and illuminant-independent reflectance spectra. Regression methods are widely used to estimate spectral
reflectance of surface colors given their camera responses, such as regularized least squares method with polynomial
models, kernel based regularized least squares method, etc. In this paper, we introduced a novel estimating approach
based on the support vector regression method. The proposed approach utilizes a framelet based kernel, which has the a-

bility to approximate functions with multiscale structure and can reduce the influence of noise in data. Experimental re-

sults show that the technique can improve the recovery accuracy and stability.
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