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Analysis and Improvement of Image Coding Algorithm

Based on Sparse Approximation

LYU Yan-lin, TAO Yu-ting, ZHANG Yan
(Jinling Institute of Technology, Nanjing 211169, China)

Abstract: In the field of image representation, matrix decomposition has received more and
more attention in recent years. However, as an unsupervised learning method, it cannot effec-
tively capture the inherent geometric structure of the data. Therefore, this paper proposes a
new method of sparse approximation coding that comprehensively applies matrix decomposition
and sparse representation. A matrix optimization model is constructed by applying matrix de-
composition combined with sparse constraints, and then the corresponding code is written to
verify the proposed model. The experimental results of image clustering show that the new
method can effectively capture the inherent geometric structure of the image space through
sparse representation. It has clear advantages in recognizing semantic structure, and it is more
effective for image representation and coding.
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