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Sparse and Low-rank Representation with Separable Dictionary for Image Denoising

ZHANG Lei, LIU Cong

(University of Shanghai for Science and Technology, Shanghai 200093, China)

ABSTRACT: The work aims to effectively remove the salt and pepper noise in the image and improve the image quality.
Separable dictionary and low-rank representation were combined to propose a sparse and low-rank representation with
separable dictionary for image denoising (SLRR-SD). Firstly, the traditional overcomplete dictionary was replaced by a
separable dictionary, which could directly represent two-dimensional images. Secondly, the Frobenius norm was used to
separate dictionary constraints to mine the low-rankness inside the dictionary. In addition, in order to mine the sparse
structure inside the image, the effectiveness of the representation was further improved by sparse constraints on the re-
presentation coefficients. The mean values of PSNR and FSIM of the proposed algorithm at 5%, 10%, 20% and 30% noise
intensity were 32.736/0.975, 29.769/0.957, 29.295/0.951 and 26.768/0.921, respectively. The algorithm proposed pre-
serves the correlation between adjacent columns. The optimization process of separable dictionary also reduces the com-
putational burden. The experimental results show that the algorithm can better complete the denoising task while retaining
the original image information.
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Fig.4 Denoising results for 30% noise intensity
*F1 BREEEN 5% PSNR/FSIM &
Tab.1 Values of PSNR/FSIM for 5% noise intensity

Jrik Facade Flower Bear Ostrich Lena Barbara House Parrot

DCT 19.867/0.574 23.218/0.794 19.696/0.827 26.087/0.847 19.265/0.699 19.190/0.661 22.064/0.746 21.300/0.815
KSVD  19.884/0.581 23.263/0.796 19.925/0.828 26.130/0.849 19.366/0.702 19.348/0.661 22.122/0.749 21.356/0.816
Global  20.005/0.576 23.263/0.796 19.925/0.829 26.130/0.849 19.377/0.703 19.348/0.663 22.128/0.749 21.371/0.817
WNNM  24.688/0.825 25.658/0.873 24.040/0.937 23.729/0.859 25.978/0.882 27.455/0.904 29.067/0.872 26.642/0.901
RPCA  33.370/0.979 30.293/0.970 24.391/0.968 33.103/0.976 25.964/0.938 28.260/0.950 33.113/0.968 27.799/0.956
RNLMF 33.362/0.979 31.114/0.972 24.866/0.963 33.561/0.968 27.870/0.947 30.753/0.965 34.487/0.971 30.415/0.945

30.533/0.970
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Tab.2 Values of PSNR/FSIM for 10% noise intensity
Ik Facade Flower Bear Ostrich Lena Barbara House Parrot
DCT  21.888/0.679 22.650/0.792 19.221/0.819 26.020/0.839 21.004/0.757 19.854/0.685 23.892/0.795 23.812/0.851
KSVD  22.310/0.707 22.705/0.794 20.035/0.820 26.392/0.840 21.701/0.777 20.567/0.698 23.848/0.807 23.610/0.859
Global  22.590/0.701 22.707/0.794 19.549/0.820 27.029/0.839 21.623/0.778 20.270/0.689 25.401/0.807 23.835/0.854
WNNM  24.400/0.788 24.459/0.846 20.638/0.829 22.615/0.867 23.956/0.843 25.725/0.873 28.577/0.859 25.997/0.886
RPCA  31.244/0.966 28.828/0.955 19.242/0.910 31.513/0.965 24.220/0.905 25.810/0.921 30.701/0.946 26.149/0.938
RNLMF 31.502/0.968 28.994/0.955 23.423/0.952 31.782/0.966 25.409/0.910 27.446/0.934 30.853/0.943 27.991/0.932
SLRR-SD 31.851/0.969 29.536/0.964 28.287/0.970 31.934/0.967 26.345/0.928 27.927/0.945 33.633/0.963 28.641/0.949
Fx3 IREREAN 20%H PSNR/FSIM &
Tab.3 Values of PSNR/FSIM for 20% noise intensity
T Facade Flower Bear Ostrich Lena Barbara House Parrot
DCT  19.859/0.592 21.763/0.782 20.114/0.802 25.893/0.822 18.887/0.701 19.913/0.663 22.181/0.749 20.980/0.810
KSVD  19.948/0.599 21.782/0.783 20.119/0.802 25.977/0.822 18.979/0.705 19.959/0.666 22.254/0.752 21.071/0.811
Global 19.898/0.596 21.782/0.783 20.113/0.801 25.969/0.822 18.973/0.705 19.959/0.666 22.263/0.753 21.121/0.812
WNNM 22.571/0.722 23.674/0.817 18.716/0.813 23.242/0.848 21.410/0.801 22.675/0.825 25.376/0.830 22.192/0.850
RPCA  26.696/0.937 26.180/0.916 21.346/0.935 28.930/0.941 22.275/0.856 23.601/0.873 26.268/0.887 24.109/0.896
RNLMF 27.446/0.932 26.265/0.911 22.064/0.920 29.066/0.923 22.350/0.851 24.177/0.886 26.693/0.890 22.475/0.844
SLRR-SD 28.637/0.942 27.236/0.933 27.699/0.939 29.979/0.948 23.276/0.876 24.334/0.897 27.677/0.923 25.304/0.914
x4 IBEFEREAN 30%H PSNR/FSIM &
Tab.4 Values of PSNR/FSIM for 30% noise intensity
Tk Facade Flower Bear Ostrich Lena Barbara House Parrot
DCT 19.541/0.600 21.031/0.778 14.932/0.783 24.916/0.795 18.643/0.718 19.449/0.655 21.583/0.749 17.156/0.797
KSVD  19.866/0.607 20.915/0.778 14.284/0.782 24.890/0.792 18.029/0.719 19.213/0.660 21.948/0.750 18.786/0.798
Global  19.900/0.607 20.913/0.778 18.547/0.779 24.849/0.793 19.268/0.733 19.052/0.662 22.234/0.754 18.062/0.801
WNNM  20.400/0.638 20.375/0.778 17.147/0.801 21.411/0.833 20.607/0.788 20.049/0.782 23.691/0.803 21.508/0.829
RPCA  21.021/0.901 22.964/0.862 19.242/0.910 26.706/0.916 19.529/0.789 21.461/0.819 23.261/0.835 21.862/0.861
RNLMF 23.721/0.883 23.285/0.830 23.666/0.694 26.930/0.871 19.788/0.785 21.747/0.824 23.323/0.831 22.475/0.844

SLRR-SD 27.281/0.922

25.109/0.896

26.082/0.929

28.210/0.933

21.431/0.832

22.391/0.851

26.113/0.870

23.011/0.880
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