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Image restoration via robust alternating direction
method of multipliers

WU Yue, ZENG Xiangrong, ZHOU Dianle, LIU Yan, ZHOU Jiaging, ZHOU Jinglun
(College of Systems Engineering, National University of Defense Technology, Changsha 410073, China)

Abstract: The ADMM ( alternating direction method of multipliers) with appropriate parameters plays a successful role in solving linear
inverse problems (including image restoration). But the results obtained by ADMM are sensitive to the choices of the penalty parameter, and this
bad robustness brought some troubles in its applications. Based on a scheme of choosing the penalty parameter adaptively, a RADMM ( robust
ADMM) was proposed to tackle this shortcoming. Through analyzing optimization conditions and convergence of RADMM, we can conclude that the
adaptive control of the penalty parameter provides good robustness, faster speed of convergence and better solution. And the experiments show that,
in the application of image restoration based on the Parseval tight frame, the RADMM is robust to the choices of the penalty parameter, outperforms
the ADMM, and is far superior to other alternative state-of-the-art methods.
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Tab.1 The comparison among algorithms
s (7] / ISNR/
RN SNR BAKL MSE
s dB

40 15.2 8 38 6.49

RADMM 35 15.3 8 44.8 5.78
30 16.7 9 80.3 3.29

40 30.7 17 45.7 5.68

SALSA 35 30.5 17 97.3 2.41
30 32.1 19 159.3 0.21

40 290 352 43.1 5.94

TwIST 35 313 361 95.8 2.53
30 318 362 154.2  0.25

40 >354  >500  40.3 6.23

SpaRSA 35 >356 >500 92.7 2.86
30 >354  >500 142.2  0.43

40 >259 >500 59.7 4.52

FISTA 35 >259  >500 112.4  1.98
30 >258 >500 173.2 0.11
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