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Abstract

Based on the improved symmetric successive overrelaxation (MSSOR) method, an alternating di-
rection multiplier (ADMM) method is proposed to solve the signal recovery problem. The method
is a combination of internal and external iterations, in which the internal iteration is MSSOR method
and the external iteration is ADMM method. Under appropriate conditions, the global convergence
of the proposed algorithm is proved. Numerical results show that the proposed method can not
only restore the signal in a short time, but also improve the quality of the reconstructed image.
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Figure 1. From top to bottom: IPBDF, MSOR and ADMM and the original signal, measured signal
and recovered signal of the proposed algorithm
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Figure 2. Comparison results of MSADM, ADMM, and IPBDF, the x-axis represents the number of iterations (top) and the
CPU time in seconds (bottom), and the y-axis represents the MSE value

[E] 2. MSADM, ADMM. IPBDF HIELEEER, x fhFRmiE R E(_E) AR LAFD J9 B LR CPU BHE)(TY), vy $h3R7~ MSE (&

DOI: 10.12677/aam.2021.1011418

3938


https://doi.org/10.12677/aam.2021.1011418

A, TR

HMSORKE

N

/1%
%A

HHADMM % & HiProposedk &

() A

. A
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Figure 4. Columbia original image, blurred image and IPBDF, MSOR (top), ADMM, Proposed (bottom) restored image
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Figure 5. Bridge original image, blurred image and IPBDF, MSOR (top), ADMM, Proposed (bottom) restored image
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DOI: 10.12677/aam.2021.1011418 3939 IR Esid


https://doi.org/10.12677/aam.2021.1011418

wH, TR

1L FHIPBDF% & HMSORKE

Figure 6. Crowd original image, blurred image and IPBDF, MSOR (top), ADMM, Proposed (bottom) restored image
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