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PR, ARG i R MR RRT Y Y ASURE T B B AR B B A4 U5 7 (gradient projection for
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Fig. 1 Comparison of algorithm reconstruction signals
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Fig. 2 Comparison of algorithm reconstruction errors Fig. 3 Comparison of the convergent graphs

reconstructed by the algorithm
K 3 245t 1A SO O 2 W 5 SR AR A CSIUEN LE AN T RO M M 8 s R
SRS I, BE A A 5 A R[] PR 2K e

4 4k 1w

RSO T €€, Ju R/ MEBIR G5 5 TR AL, B2 1 — b6 T [ I ()86 B A5 5
R, i T BRI AR S N AL IR (6) B AL TCA SR AL IR (10) |, 73 B B
A= EE PR T IR0 (10) RV EAR R F () ™A% ™ eR A UE R T [R) R 12) -7 5 2 1]
FEL(10) By e A5 L SGZEAE Lyapunoy AL B BORRE V. foc i il 1 5236 5 B0 22 M 28 5305
FH PR, 15 AR SCER H 0k A A0 B2 B B,

2% 30 Hk ( References) .

[1] CANDES E J. Compressive sampling[ J]. Proceedings of International Congress of Mathema-
ticians, 2006, 17(2) : 1433-1452.

[2] DONOHO D. Compressed sensing[ J |. IEEE Transactions on Information Theory, 2006, 52
(4) . 1289-1306.

[3] COMBETTES P L. Signal recovery by proximal forward-backward splitting[ J |. Multiscale Mod-
eling & Simulation, 2005, 4(4) . 1168-1200.

(4] ZHU J, ROSSET S, HASTIE T. 1-norm support vector machines| C]//Advances in Neural In-
JSormation Processing Systems. Vancouver, Canada: MIT Press, 2003 . 49-56.

[5] NATARAJAN B K. Sparse approximation solutions to linear systems|[ J]. SIAM Journal on
Computing, 1995, 24(2) . 227-234.

[6] YINP,LOUY, HE Q, et al. Minimization of €, for compressed sensing[ J]. SIAM Journal on
Scientific Computing, 2015, 37(1) : 536-563.

(7] FIGUEIREDO M A T, NOWAK R D, WRIGHT S J. Gradient projection for sparse reconstruc-

tion: application to compressed sensing and other inverse problems| J]. IEEE Journal of Se-



1276

[ 5 B RIS B2 A €, - €, SEC T i i A

(9]

[10]

[11]

[12]

[13]

[17]

[18]

[26]

lected Topics in Signal Processing, 2007, 1(4) . 586-597.

CANDES E, TAO T. Decoding by linear programming| J|. IEEE Transactions on Information
Theory, 2005, 51(12) . 4203-4215.

YANG A, GANESH A, SASTRY S, et al. Fast €, -minimization algorithms and an application in
robust face recognition| C|//Proceedings of the 17th IEEE International Conference on Im-
age Processing (ICIP). Hong Kong, China, 2010.

ANDRES A M, PADOVANI S, TEPPER M, et al. Face recognition on partially occluded ima-
ges using compressed sensing| J |. Pattern Recognition Letters, 2014, 36. 235-242.

MALLAT S. A Wawelet Tour of Signal Processing: the Sparse Way[ M]. Burlington: Academic
Press, 2009.

BRUCKSTEIN A M, DONOHO D L, ELAD M. From sparse solutions of systems of equations
to sparse modeling of signals and images[ J]|. SIAM Review, 2009, 51. 34-81.

WRMGHs , SR BT -, VAR R S A [T ], N HECEA S5, 2017, 38(8) ¢ 932-942.
( CHEN Pengqing, HUANG Wei. Block-sparse signal recovery based on [, -1, norm minimization
[J]. Applied Mathematice and Mechanics, 2017, 38(8) : 932-942.(in Chinese) )

CHEN S S, DONOHO D L, SAUNDERS M A. Atomic decomposition by basis pursuit[ J ]. SI-
AM Review, 2001, 43(1) . 129-159.

KIM S J, KOH K, LUSTIG M, et al. An interior-point method for large-scale ¢, - regularized
least squares| J |. IEEE Journal on Selected Topics in Signal Processing, 2007, 51; 606-617.
TANK D W, HOPFIELD J J. Simple neural optimization network: an A/D converter, signal
decision circuit and a linear programming circuit[ J|. IEEE Transactions on Circuits and
Systems, 1986, 33(5) . 533-541.

BALAVOINE A, ROMBERG J, ROZELL C J. Convergence and rate analysis of neural networks
for sparse approximation [ J]. IEEE Transactions on Neural Networks and Learning Sys-
tems, 2012, 23(9) . 1377-1389.

LIU Q, WANG J. L,-minimization algorithms for sparse signal reconstruction based on a pro-
jection neural network[ J]. IEEE Transactions on Neural Networks and Learning Systems,
2016, 27(3) . 698-707.

LIU Y W, HU J F. A neural network for €,-€, minimization based on scaled gradient projec-
tion; application to compressed sensing[ J . Neurocomputing, 2016, 173(3) . 988-993.
GARG K, PANAGOU D. A new scheme of gradient flow and saddle-point dynamics with fixed-
time convergence guarantees| R/OL]. [ 2019-07-02]. https:/arxiv.org/abs/1808.10474v]1.
FUCHS J J. Multipath time-delay detection and estimation| J ]. IEEE Transactions on Signal
Processing, 1999, 47(1) . 237-243.

POLYAKOV A. Nonlinear feedback design for fixed-time stabilization of linear control systems
[J]. IEEE Transactions on Automatic Control, 2012, 57(8) : 2106-2110.

BHAT S P, BERNSTEIN D S. Finite-time stability of continuous autonomous systems|[ J]. SI-
AM Journal of Control and Optimization, 2000, 38(3) . 751-766.

ORLOV Y. Finite time stability and robust control synthesis of uncertain switched systems|[ J].
SIAM Journal of Control and Optimization, 2005, 43(4) . 1253-1271.

LOPEZ-RAMIREZ F, EFIMOV D, POLYAKOV A, et al. On necessary and sufficient conditions
for fixed-time stability of continuous autonomous systems| C|//17th European Control Con-
ference (ECC). Cyprus, 2018.

LI C, YU X, HUANG T, et al. Distributed optimal consensus over resource allocation network



[ii} M (@ A 1277

and its application to dynamical economic dispatch|[ J]. IEEE Transactions on Neural Net-
works and Learning Systems, 2018, 29(6) . 2407-2417.

Sparse Reconstruction of Fixed-Time Gradient
Flow in the ¢ -{, Norm

HU Dengzhou, HE Xing
( College of Electronic and Information Engineering, Southwest University,
Chongqing 400700, P.R.China)

Abstract: The compressed sensing (CS) is a new signal sampling technology, which can re-
construct signals at sampling points far smaller than those in the traditional Nyquist sampling
theorem for sparse signals. For the compressed sensing, a dynamic continuous system was used
to study the sparse signal reconstruction of the ¢,-{, norm. A sparse signal reconstruction algo-
rithm based on the fixed time gradient flow was proposed, and was proved to be stable in the
sense of Lyapunov and to converge to the optimal solution of the problem. Finally, the feasibili-
ty and advantages in the convergence speed of this algorithm were demonstrated through com-

parison between the proposed algorithm and existing projection neural network algorithms.

Key words: compressed sensing; ¢,-¢, norm; fixed-time gradient flow; sparse signal recon-
struction
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