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Abstract During image super-resolution reconstruction for multi-dictionary learning, common methods such as
K-means clustering, Gauss mixed model clustering and so on can lead to poor quality and instability of image
reconstruction. To solve the problem, we propose a novel image super-resolution reconstruction algorithm based on
hierarchical clustering. Firstly, features are extracted from sample image blocks, and hierarchical clustering is
performed, then K dictionaries are trained with improved principal component analysis method. Secondly, the test
images are cut into a number of image blocks, and the most suitable dictionary is adaptively matched to reconstruct
the image block. Finally, the whole image is optimized to achieve global reconstruction. The results show that the
proposed algorithm in this paper has high feasibility, and can effectively improve the reconstruction quality of
image. Compared with peak signal-to-noise ratio and structural similarity of the images reconstructed by the
traditional algorithms, those of the images reconstructed by the proposed algorithm increase.
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Fig. 1 Flow chart of image super-resolution reconstruction based on hierarchical clustering
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Fig. 6 Standard test images. (a) Parrots; (b) Bike; (¢) Hat; (d) Lena; (e) Peppers; (f) Leaves
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Fig. 7 Reconstruction images of Leaves using different algorithms. (a) Original image; (b) bicubic interpolation algorithm;

(¢) algorithm proposed by Yang et al.™ ; (d) algorithm proposed by Dong et al.™ ;

[10] ,

(e) algorithm proposed by Peleg et al . ; (f) our algorithm
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Fig. 8 Reconstruction images of Lena using different algorithms. (a) Original image; (b) bicubic interpolation algorithm;

(¢) algorithm proposed by Yang et al.™ ; (d) algorithm proposed by Dong et al.™ ;

(e) algorithm proposed by Peleg et al." ; (f) our algorithm
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Fig. 9 Local reconstruction images of Leaves and Lena using different algorithms. (a) Bicubic interpolation algorithm;

(b) algorithm proposed by Yang et al."; (¢) algorithm proposed by Dong et al.™ ;

(d) algorithm proposed by Peleg ez al."™ ; (e) our algorithm
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Table 1

PSNR and SSIM of reconstruction images using different algorithms

Bicubic interpolation ~ Algorithm proposed

Algorithm proposed

Algorithm proposed
Our algorithm

Image algorithm by Yang et al.' by Dong et al.™ by Peleg et al.!"
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR  SSIM
Parrots 26.93 0.7714 27.91 0.8205 29.17 0.8971 29.57 0.9038 30.19 0.9108
Bike 21.03 0.5178 21.68 0.5910 23.75 0.7599 24.05 0.7743 24.60 0.7968
Hat 28.22 0.7386 29.19 0.7773 30.19 0.8552 30.67 0.8661 31.06 0.8734
Lena 30.29 0.7782 31.56 0.8157 32.12 0.8971 32.55 0.8980 32.90 0.9044
Peppers 29.85 0.7169 29.91 0.7548 32.27 0.8784 32.76 0.8795 33.18 0.8878
Leaves 21.16 0.5750 21.90 0.6707 25.24 0.8560 26.64 0.8733 27.12  0.9108
Average value  26.25 0.6830 27.03 0.7383 28.79 0.8573 29.37 0.8659 29.84  0.8807
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Fig. 10 (a) PSNR and (b) SSIM line diagrams of reconstruction images with different algorithms
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