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Abstract

The traditional LBG method for vector
quantization (VQ) codebook design is a pure
iterative optimization procedure, where an
initial codebook is continually refined at each
iteration to reduce the distortion involved in
coding vector and a given training set.
However, such interactive type learning
algorithms will easily converge the final result
to a local minimum while the quality of the
initial codebook is not good. In our research, a
new PSO-based codebook design method is
proposed for building VQ scheme. The
presented method combines the advantages of

gradient descent and PSO, called APSO-VQ
algorithm, can apply the gradient descent part
to improve PSO to quickly achieve a
near-optimal  solutions.  The  proposed
APSO-VQ method provides the higher quality
than conventional LBG methods in the
application of building image compressed
system. Several experimental comparisons of
both discussed methods in image compressed
design for “Lena”, “Airplane”, “Cameraman”
and “peppers” are also presented in our
research.
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