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A Novel DSSP ( Double Signal Subspace Projection) Algorithm for
Better VD ( Virtual Dimensionality) Estimation

Mei Shaohui He Mingyi Dai Yuchao

( Department of Electronics Engineering Northwestern Polytechnical University Xi‘an 710072 China)

Abstract: Sections 1 and 2 of the full paper explain and evaluate our DSSP algorithm as mentioned in the title; we
believe it is novel and its VD estimation is better. The core of sections 1 and 2 consists of: (1) . the pixel repre—
sentation and image representation of a hyperspeciral image are utilized to generate respectively two sets of sub—
spaces according to the principal component analysis ( PCA) ; (2). when the dimensionality of these two sets of
subspaces exceeds VD of the image both subspace projections show the same reconstruction performance; there—
fore VD can be estimated by judging the difference between reconstruction performances of these two subspace pro—
jections in DSSP instead of distinguishing signal subspace from noisy subspace; (3) . the results of both synthetic
and real hyperspectral experiments given in Figs. 1 through 9 demonstrate preliminarily that the performance of
traditional signal subspace projection based VD estimation has been improved and that the performance of the pro—
posed DSSP based VD estimation algorithm outperforms those of the noise whitened HFC ( NWHFC) and signal

subspace estimation ( SSE) based VD estimation algorithms.

Key words: algorithms classification ( of information) data processing eigenvalues and eigen functions estima—
tion feature extraction image processing remote sensing signal processing singular value decom—
position spectrum analysis; DSSP ( Double Signal Subspace Projection) hyperspectral spectral

mixture analysis VD ( Virtual Dimensionality) ID ( intrinsic dimensionality)



