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Weighted Rules for Principal Components Extraction Information Criteria
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Abstract The parallel principal component extraction algorithms play an important role in signal feature extrac-
tion. It is very effective and very useful to modify the principal subspace (PS) extraction algorithms into parallel
principal components extraction algorithms by using weighted rules, but so far, few people theoretically analyze the
variation of the state matrix under the extraction algorithm of weighted rules. The analysis of this variation can not
only provide detailed knowledge of the dynamics of the principal component extraction algorithms under weighted
rules, but also give the realization conditions for transferring subspace extraction algorithms into parallel principal
components extraction algorithm. In this paper, by comparing the difference between Oja principal subspace extrac-
tion algorithm and weighted Oja parallel principal components extraction algorithm, the influence of weighted rules
on the extraction direction is analyzed. Firstly, for the case of extracting two principal components, the influence of
the information criterion under the weighted rule on the direction of the state matrix is studied. Furthermore, for
the case of extracting more than two principal components, a discussion is given on the manner where the weighted
rules are applied. Finally, the MATLAB simulation verifies the validity of the proposed theory.
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