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Basis Selection for Compressed Sensing
Based only on Compressed Signals

HIDEKATA HONTANIT! and TAKESHT Asalfl

In this article, we propose a method for improving the performance of com-
preesion/decompression of videos in a framework of the compressed sensing.
For the improvement, our method selects a new basis based only on a set of
compressed videos. The new basis is obtained by decompressing eigenvectors
of a subspace of the compressed videos, and would represent the target video
more sparsely. Hence, the amount of errors included in the decompressed videos
would decrease. We report on some results of simulation experiments.
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