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Fig. 1 Exterior contact polygonal of a circle
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Fig.2 A straight line with distance one to the origin
uniquely correspond to a normalized vector

on a 2-Dimensional Plane
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Fig. 3 Geometrical interpretation of algorithm
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Fig.4 The convergence of the algorithm
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Fig. 5 The reconstruction result of the novel algorithm
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Fig. 6 Experimental results of the denoising
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(b)Random ;ampled image
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Fig. 7 Experimental results of the compressive sampling
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Self-adaptive Image Sparse Representation Algorithm
Based on Clustering and Its Application
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(1 School o f Communication and Information Engineering » Xi'an University of Posts & Telecommunications ,
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Abstract: A dictionary training algorithm was proposed for spare representation of images and its
convergence was proved. The geometrical explanation of the algorithm is to approximate the hyperspherical
cap with least hyperplanes. The algorithm clustered the error vectors of each step,and signed the cluster
center as new atoms which made the dictionary more suitable for spare representation of samples.
Compared with the traditional algorithm,the new one has higher adaptability,lower requirement of sample
number and dictionary size, higher convergence rate, and lower complexity. Finally, the experiment of
compressive sensing and denoising demonstrates that dictionary training by this algorithm has good effect.

Key words: Sparse representation;Clustering; compressive sensing; Dictionary ; Atom; Sparseness





