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Abstract: Making use of image structure information is a difficult problem in dictionary learning, the
traditional nonparametric Bayesian algorithms lack the ability to make full use of image structure information,
and faces problem of inefficiency. To this end, a dictionary learning algorithm called Structure Similarity
Clustering-Beta Process Factor Analysis (SSC-BPFA) is proposed in this paper, which completes efficient
learning of the probabilistic model via variational Bayesian inference and ensures the convergence and self-
adaptability of the algorithm. Image denoising and inpainting experiments show that this algorithm has
significant advantages in representation accuracy, structure similarity index and running efficiency compared
with the existing nonparametric Bayesian dictionary learning algorithms.
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