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Comparisons of Spectral Curves for Two Munsell Samples Which Have Same Spectral Accuracy
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Spectral Dimension Reduction Method by Building Opponent Signals

HE Songhua' CHEN Qiao' LI Bo'

1 Institute of Media and Communication, Shenzhen Polytechnic, Shenzhen 518055, China

Abstract: There are defects in the traditional spectral dimension reduction method based on principal
component analysis; reconstructed spectra curves are only a mathematical approximation compared to
original spectra curves, but visual color reproduction is not optimal. A new method called building op-
posite single for reducing spectral dimension; BORSD,is presented. The new method combines human
visual characteristics and a spectral low dimension linear model. The first three basis functions are
built by opponent theory and used to characterize colorimetric information of reconstructed spectra,
the remaining basis functions are derived by the residual spectra based on principal component analysis
and used to improve spectral accuracy of reconstructed spectra. Experiments show the model built by
BORSD improves colorimetric accuracy of reconstructed spectra and color stability under changing
light sources where the case spectral accuracy of the model has not been lowered.

Key words: spectral dimension reduction; principal component analysis; low dimension linear model;

opponent signal; human visual characteristics
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