55 35 45 7 ) WA
2014457 H

Journal on Communications

¥ Vol.35 No.7

July 2014

do0i:10.3969/j.issn.1000-436x.2014.07.021

SIANBE ST p SERARMBERIEEMG TR X

1Bk =, BE, T
(JETTRY: AKEAE SIS R HEAREE W E AL =, MmiE E] 361005)

OE: i b R 1 SEEEIR I R N TT SEEAE AN IR TE AR BRI 0 A LA 0 At o o e B PR e S AL IR
REFGR L, Pt —BE A p WEL AR e N HE, TR A /N T3 A P S I p (TR L p
LR LIS AR TE A IR E, IFAERAEACHT e PRI RERE - p (BRI S5 0. S)adh 7 305K
Ko R ILTTE, LIS R TR Sk Rt .

KA W p LR F NI SR WisiEIE

hE S %S TNIIL7 XEAFRIRES: A XEHS: 1000-436X(2014)07-0172-06

Estimation algorithm for sparse channels with
gradient guided p-norm like constraints
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Abstract: The /y and /; norm constrained least mean square (LMS) algorithm can effectively improve the performance of
the sparse channel estimation, but the convergence performance of such algorithms will considerably vary when the
channel exhibits different sparisity. A novel p-norm like constraint LMS algorithm to accommodate the various sparisity

of the channels through the introducing of the variable p-value was presented. Furthermore, the gradient guided optimiza-

tion of the p-value was derived. Numerical simulation results are given to demonstrate the superiority of the new algorithm.
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