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Abstract: Under a-stable distribution noise environment, the basic variable step-size reweighted zero-attracting least
mean p-norm algorithm (BVSS—RZA—LMP) and the improved variable step-size reweighted zero-attracting least mean
p-norm algorithm (IVSS—RZA —-LMP) algorithm are proposed to improve the steady state performance of adaptive iden-
tification algorithm for a sparse system. The step size in the algorithms are calculated according to noise-free prior error
power and weighted noise-free prior error power respectively. And it decreases with the reduction of the noise-free pri-
or error power. When the IVSS—RZA—LMP algorithm reaches steady state, its weight vector is no longer adjusted to
improved steady-state performance of the BVSS—RZA—-LMP algorithm. The simulation results of system identification
under a-stable distribution noise show that when the system is sparse, the IVSS—RZA—LMP algorithm can obtain very
small steady-state error at a fast convergence rate.
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Table 1 Computational complexity of the three algorithms
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Fig. 2 Performance comparison of the four algorithms
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Fig. 5 Performance comparison of the five algorithms

i & 5 Al %1, LMP, ZA—LMP, RZA—LMP, IVSS
—RZA-LMP 5 7% ) 8 45 4% 25 43 51 v —12.76 dB,

—13.94dB, —15.38dB Al —30.18 dB, BVSS—RZA—
LMP B3k [ 52 245 1 22 3 3 K, HAE AN 2. LMP,
ZA—LMP, RZA—LMPH V%15 2 Fa 75 BT 75 1 0 18] 7
5] 4 0.0094 s, 0.0097s, 0.0101's; IVSS—RZA—LMP
4 [INMSDi% F|LMP, ZA—LMP, RZA—LMP#4 2
NMSD 18 i 75 1 18] 43531 90.0085 s, 0.0089 s, 0.0094 s,
55 H A 3 0 BV R IS TR) AH 45 DRIt AE S R R VR R,
IVSS—RZA —LMPHEIELE B SK 1) [R5 R % 3145
BN R ZE, MERERLF, BVSS—RZA—-LMPH %
PRI AR A 1t e 22 T AN I .

SIS ofENMMEE T RN, NERMEE T
LMP, ZA-LMP, RZA-LMP, IVSS-RZA-LMP% i P
RELLIR. S HESHR S04, i IR A, 4FP 5
VRIS 53 Al E 6 (a) Fl6(b) .



1108 w5 MM H31%
0 T T T T [2] JINJ,GU Y T, MEI S L. A stochastic gradient approach on compres-
sive sensing signal reconstruction based on adaptive filtering frame-
-Sr LMP ) work. IEEE Journal of Selected Topics in Signal Processing, 2010,
. / ZA-LMP RZA-LMP | 4(2): 409 — 420.
E b / / [3] JIN Jian, GU Yuantao, Mei Shunliang. Adaptive algorithm for sparse
% 15 N e 7 system identification: zero-attracting LMS. Journal of Tsinghua Uni-
= versity (Natural Science Edition), 2010, 50(10): 1656 — 1659.
“ 20r I (22, R, W EL. P TR RGCHR 5| M7 S0,
sl IVSS-RZA-LMP ] THHERF AR (BRI, 2010, S0(10): 1656 — 1659.)
[4] CHENYL,GU Y T, Il A O H. Sparse LMS for system identifica-
*38 00 0 62 0 64 0 66 0 I()8 0.10 tion. IEEE International Conference on Acoustics, Speech and Signal
: : : ’ ’ : Processing. Taipei, China: IEEE, 2009, 4: 3125 - 3128.
tls [5] FANT, LIN Y. A variable step-size strategy based on error function
(a) ﬁl‘ﬂf}ﬁ Fx;jﬂ 4 for sparse system identification. Circuits, Systems, and Signal Pro-
55 cessing, 2017, 36(3): 1301 - 1310.
[6] YAN Z H, YANG F R, YANG J. Block sparse reweighted zero-
0 ! T y T attracting normalised least mean square algorithm for system iden-
| | tification. Electronics Letters, 2017, 53(14): 899 —900.
[71 YAN Zhenhai, YANG Feiran, YANG Jun. Improved multi-
% -10 + e band —structured subband adaptive filter for sparse system identifi-
~ LMP ‘ cation. Audio Engineering,2017, 41(4/5): 107 — 110.
g -15r ZA-LMp RZA-LMP 1 (EIEEHE, B9 AR, H5 7. — RO B RSO T4 BRI,
= HAHAR, 2017, 41(4/5): 107 - 110.)
Z w0k _ / / , 2017, 41645 ~
E = =C i [8] QIU Tianshuang, ZHANG Xuxiu, LI Xiaojun. Statistical Signal Pro-
25 \ IVSS:7MA7LMP - cessing: Non-gaussian Signal Processing and Its Applications. Bei-
jing: China Water and Power Preee, 2004: 139 — 171.

30 1 1 1 1
0.00 0.02 0.04 0.06 0.08 0.10
t/s

- )
(b) BBLEN 7

K6 AFFBUE N4 EREEREELEL
Fig. 6 Performance comparison of the four algorithms with

different sparsity

K6 RT LAE H, BEE R Sk i 138 in, IVSS —
RZA—-LMPHE—BHIRFFE RIKMFRSIRE. YRS

X L 4 .
B W B I (O 8 A 55)’ IVSS—RZA—LMP % 7% 1

NMSD iAF|LMP, ZA-LMPHIRZA —~LMPF ANMSD
BRI e i) (8] LA [R]; 24 2R G b i 5 38 KT, 15 B
IS 1E) A s .
5 Wik
X of g s e T, M R B &N EE TG
TEAEWS SO B PRI SRAF /I RS A R 22 1 ) B, A
AR AR D KINALE W 5] g /N 3 p B AR
(BVSS—RZA —LMP) 52 A1 25 K A Z W 51 ¢/
- B B AVSS—RZA—LMP) 2. & 48 31
I A5 SRR, 7E o B8 A S T, BVSS—RZA
—~LMPHE LA MR R Z M AN EH; IVSS—RZA—
LMPHEIEAE R G0 B /NS, BERE RIS A3 55 /N
AR ZE AR IR USSR B, H AR IS ERE.

SE3Hk:

[1] FU W J, WANG M, ZHAO J. Penalized regressions: The bridge ver-
sus the lasso. Graphical Statistics, 1998, 7(3): 397 — 461.

(ERRFE, 5RN0T5, Z/NF. Giits S A8 JEm i 55 A28 Je Ho R
H. b5t s EKAK B AR, 2004: 139 - 171.)

[91 SHAO M, NIKIAS C L. Signal processing with fractional lower or-
der moments: stable processes and their applications. Proceedings of
the IEEE, 1993, 81(7): 986 — 1010.

[10] LUL,ZHAO H Q, WANG W Y, et al. Performance analysis of the ro-
bust diffusion normalized least mean p-power algorithm. /EEE Trans-
actions on Circuits and Systems Il Express Briefs, 2018, 65(12): 2047
—-2051.

[11] ZHOU Lin. Research on sparse adaptive filtering algorithm in implu-
sive noise environments. Shenyang: Shenyang University of Technol-

ogy, 2015.
CRI. ppakie A TR FRORGIE I RLIE I ST . TERHA: PLBH TR
2%, 2015.)

[12] FARHANG-BOROUIJENY B. Adaptive Filters: Theory and Appli-
cations. Second Edition. USA: John Wiley and Sons, 2013: 177 —
179.

[13] HUANG H C, LEE J. A new variable step-size NLMS algorithm and
its performance analysis. IEEE Transactions on Signal Processing,
2012, 60(4): 2055 — 2060.

[14] MOHAMMAD A I, GRANT S L. Novel variable step size¢ NLMS
algorithms for echo cancellation. IEEE International Conference on
Acoustics. Las Vegas, USA: IEEE, 2008, 3: 241 — 244.

[15] GELFAND S B, WEI'Y B, KROGMEIER J V. The stability of vari-
able step-size LMS algorithms. IEEE Transactions on Signal Pro-
cessing, 1999, 47(12): 3277 — 3288.

[16] FENG Yong. Research on sparse adaptive filtering alogorithms. Nan-

jing: Southeast University, 2015.
(57K, TR G RIER EETT. R KRR, 2015.)

& R A
MR8 BB, BRIRT T8 GRS 5 AL, B-mail:
843081943 @qq.com;

BAEIFY R, HATHTAT 198 BE MR S A lME 5iEEE
S AL, E-mail: zhaozj03 @hdu.edu.cn.



