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Abstract: In order to obtain a super-resolution prior model with higher confidence and balance the reconstructed
results between noise and details, this paper establishes a Gauss-Lorenz hybrid prior model based on the mixed
sparse representation framework. This prior model's advantages and specific application schemes are studied.
Firstly, according to the type of prior information, the advantages and problems of some traditional algorithms are
introduced. Next, the statistical characteristics of different components of the image are modeled separately. Then,
based on the analysis of the mixed sparse framework, the Gauss-Gibbs prior and the Lorenz prior, the su-
per-resolution algorithm based on the Gauss-Lorenz hybrid prior under the group sparse framework is illustrated.
Finally, the implementation and the final iteration scheme are introduced. The aim of noise suppression while
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maintaining details in the reconstruction process has been completed, which can be used for in more complex en-

vironments with super-resolution resconstruction.

Keywords: super-resolution algorithm; prior model; Gauss-Lorenz model; mixed sparse representation
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Fig. 2 Image component decomposition.
(a) Smooth component; (b) Edge image;
(c) Transverse second-order edge of NSCT; (d) Longitudinal second-order edge of NSCT
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Table 1 Results of registration

Jeflita R e L RAEH T IO

S X Y il X i Y il
0 0 0 0
1 0.9255 -0.0114 2 0
2 0.0349 -0.4805 0 1
3 1.0520 -0.5131 2 1
4 0.5041 -0.5497 1 1
5 -0.0253 0.3150 0 1
6 0.4791 0.3778 1 1
7 1.0110 0.3719 2 1
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3 Zelda &% X,
(a) #IAB1%; (b) #14; () TV; (d)L1; (e) MAP; (f) GLMSR
Fig. 3 Reconstruction results of Zelda sequence.
(a) Input image; (b) Interpolation; (c) TV; (d) L1; (e) MAP; (f) GLMSR

B4 Man EZL4 R,
(@) B (b) #44; (c)TV; (d)L1; (e) MAP; (f) GLMSR
Fig. 4 Reconstruction results of Man sequence.
(a) Input image; (b) Interpolation; (c) TV; (d) L1; (e) MAP; (f) GLMSR
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B 5 Cameraman &% %,
(a) W AB1%; (b) 461E; (c)TV; (d)L1; (e) MAP; (f) GLMSR

Fig. 5 Reconstruction results of Cameraman sequence.
(a) Input image; (b) Interpolation; (c) TV; (d) L1; (e) MAP; (f) GLMSR

6 cocoEZ@ELR.,
(@) #AB1L; (b) #M4; (c)TV; (d)L1; (e) MAP; (f) GLMSR
Fig. 6 Reconstruction results of coco sequence.
(a) Input image; (b) Interpolation; (c) TV; (d) L1; (e) MAP; (f) GLMSR
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(d

B 7 house TR,
(a) # B (b) #1E; (c)TV; (d)L1; (e) MAP; (f) GLMSR
Fig. 7 Reconstruction results of house sequence.
(a) Input image; (b) Interpolation; (c) TV; (d) L1; (e) MAP; (f) GLMSR

2 SSIM AHarHLR
Table 2 Results of SSIM evaluation

MAP L1 TV GLMSR

Zelda 0.8650 0.8198 0.8311 0.8932
Man 0.6954 0.7126 0.7090 0.7282
Cameraman 0.3959 0.5893 0.5880 0.7004
Coco 0.8217 0.2170 0.2286 0.8273
House 0.6740 0.2283 0.2440 0.6982

%3 MAE 2404 R
Table 3 Results of MAE evaluation

MAP L1 TV GLMSR

Zelda 8.1551 29.2648 29.0016 6.1974
Man 12.7265 12.9196 13.2840 11.2340
Cameraman 18.5889 12.8681 12.8269 9.8238
Coco 7.4278 18.9194 18.2419 7.5007
House 10.2257 20.3483 19.2766 10.1467
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%4 PSNRE#HZE
Table 4 Results of PSNR evaluation

MAP L1 TV GLMSR

Zelda 22.9272 23.9469 24.7402 24.8186
Man 21.6447 22.6163 23.9956 24.0214
Cameraman 19.7764 23.5189 23.5414 23.9116
Coco 20.1809 18.5350 18.8461 21.0835
House 19.6762 18.8256 19.2512 20.5463
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Gauss-Lorenz hybrid prior super resolution
reconstruction with mixed sparse representation
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Gauss-Lorenz hybrid prior SR with mixed sparse representation before and after reconstruction result

Overview: The optimization function of a super-resolution algorithm consists of two parts: a data consistency term that
is dependent on input images and a prior term that is derived from a prior model. The data consistency term introduces
non-redundant information between images, but it also exacerbates the noise and causes overfitting. Therefore, the se-
lection of the prior model is crucial for optimizing the performance of the image reconstruction. In order to obtain a
higher confidence super-resolution prior model and balance the reconstructed results between noise and details, this
paper establishes a Gauss-Lorenz hybrid prior model based on the mixed sparse representation framework. This prior
model's advantages and specific application scheme are studied. Firstly, according to the type of prior information, the
advantages and problems of some traditional algorithms are introduced. Next, the statistical characteristics of different
components of the image are modeled separately. Then, based on the analysis the mixed sparse framework, the
Gauss-Gibbs prior and the Lorenz prior, the super-resolution algorithm based on the Gauss-Lorenz hybrid prior under
the group sparse framework is illustrated. Finally, the implementation and the final iteration scheme are introduced.
The aim of noise suppression while maintaining details in the reconstruction process has been completed, which can be
used for more complex environments with super-resolution reconstruction requirements. This paper has three main
innovations. 1) We use the group sparse framework as the basic framework of the prior model. In this paper, different
components of the natural images are projected into spatial, wavelet, and curved domains respectively. The image is
divided into three components: point, line, and surface. We get constraints that are closer to natural images and im-
prove the prior confidence. 2) Line component, that is, the edge component of an image, is closer to Lorenz distribution
in statistical derivation than Gaussian distribution, so Lorenz model is used to model the edge component in the curved
domain; Gaussian-Gibbs model is used to model the point and area components, which can suppress noise. The three
components are continuously and alternately optimized in iteration to achieve a balance. 3) The pixel residuals thre-
shold in the convex set projection iteration method is used as the iteration termination condition to solve the problem
that the optimization progress and the optimization step are not uniform in different domains. We use four detection
methods: structural similarity, maximum absolute error, noise level detection and peak signal-to-noise ratio to evaluate
the results of the algorithm. Whether it is the evaluation method with or without reference, the algorithm proposed in
this paper obtains better evaluation results than other algorithms.
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