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Image super-resolution reconstruction based on the Beta

process joint dictionary learning

Zhu Fuzhen ™, Zou Danni™ , Wu Hong ", Bai Hongyi"
( " College of Electrical Engineering, Heilongjiang University, Harbin 150080)
( ™ College of Computer Science and Engineering, Northeastern University, Shenyang 110819)
Abstract

Aiming to solve the problem that the learning dictionary can only apply to single feature space, an image su-
per-resolution reconstruction (SRR) method is proposed to improve the image SRR effect, which is based on the
Beta process joint dictionary learning ( BPJDL). Firstly, training sample images are generated according to image
degradation model, and high-low resolution images are respectively divided into image patches size of 7 x7. Gibbs
sampling is used to generate the dictionary training samples. Then, according to the prior model of BP, a double-
parameter joint training dictionary is established to connect the high-low resolution image space. The dictionary
sparse coefficients are expressed as a multiplication of coefficient weights and dictionary atoms. After training and
updating , a learning dictionary is obtained applying to coupled feature spaces. Finally, image SRR is performed.
Experiment results show that the method proposed here can reconstruct the higher quality image with smaller sparse
dictionary. At the same time, compared with the most advanced sparse representation SRR algorithm, the result
images contain more texture details subjectively, and its objective parameters are better. Its PSNR is increased by
about 1.5 dB, SSIM is increased by about 0.02, SRR time is reduced by 50 s.

Key words: image super-resolution reconstruction ( SRR), sparse representation, dictionary learning, Beta

process, Gibbs sampling
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