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Sparse Signal Reconstruction Algorithm Based on Non-convex Composite Function
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Abstract Based on the idea of deep composition of functionals, this paper constructs a new sparse signal recon-
struction model by combining two non-convex sparse functionals to achieve the depth of 0 norm approaching. Us-
ing the MM (Majorize minimization) technology, the exterior penalty function method and the conjugate gradient
method, an algorithm for solving the model is proposed, which is called the NCCS (Non-convex composite
sparse) algorithm. In order to reduce the possibility of the reconstructed signal falling into a local extreme value, it
is proposed to use the solution of the BP (Basis pursuit) model as the initial iterative value in each iteration of the
algorithm. To verify the effectiveness of the model and the proposed algorithm, a number of numerical experiments
have been carried out in this paper. The experimental results show that compared with classic algorithms such as
the SLO (Smoothed Lg ) algorithm, IRLS (Iterative reweighed least squares) algorithm, SCSA (Successive concave
sparsity approximation) algorithm and BP algorithm, the algorithm proposed in this paper has better performance
in reconstruction error, signal-to-noise ratio, normalized mean square error, and support set recovery success rate.
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(2| + o)* WHE R SHGH LB 5K (o] + o)~ BIIRTT
HOAMETF 37, W £(0) (n > 2) BF B8 o IR
FEAMET 3 k. A5

lim 0295 (x) =0 (36)
FAISN (35)- (36), A
lim 0”F,(z) = lim_ i [lzi| + 02 g0 ()] =
tim () = Jal =

13 2 KW, £ 0 — oo I, J/ME F,(x) 38
TaME |||, (2|, B AR SRR R N R A
(R a] Be PRk NI H S B E B AR B2, S5 Tk, A
SCAE T VA BT UG AE 9 LA 1) @

min ||z||; s.t. Az=0b
T

(I
FEEEEA b 2 a0 Sk
SB1HIN: A, b, 1, eg, e3.
S 2. Wkt
1) EW—HTETH o, op 41 =c-ox, c€(0, 0.5).
2) W\ ANETEAR ML IEBIE &1, 2, €3 > 0.
3) WHIUHE

xo = argmin{ ||x||; |[Axz =b}
€T

z0 = [(o™)", (mo7)']"
LI 3. FikEA:
1) i=0, o=o0o.
2) while di >e1 do
a) {20==2x, =0, k=k+1
b) while dy > 2 do
c) {Il=1+1
d) z =argmin{ G;_1(2) | [A, —AJz=b, >0}

) d2:: ”21"21—1”2 }

211l

@

f) ZL :21

o) di — 2k —2k—1ll,

sz—1|2
h) o=c-0}
i) @ = z1(1: m) — z;,(m + 1 : end)
U= diag{(zk71)11 +e3’ (Zkfl)lm +€3}
K) @, = argmin{| U, | Az = b}
FR 4. LR © =
Horp, OBBR 3 BRI A AP R
M. AMEH AR a) ~ b) BLK f) ~ h), fEH
MM ZH o LI E 5 RBON Lo JEEHBUGELT. N
TEARIER ¢) ~ e), i Ah w3 B AL AL HEss
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FEEIEACR MY (14), B AR A I A £051 b0 £
FINIEN S E PR (14) ICL R, it
SCHERR BE R LR AL IR . e JAE P 3R ) ~
k), Bt SEHERS B SRAF AR R R, A AL Ly
TR MEPT BT R B AL ALEE. b, dy AT dy 23]
IR AMIEFR AN P A8 PR % B A R 22 8] R A NS R
%, JFH T AR S 1L R RERNE, B4
HER O RUE IR d), 2 H RASTHA (14)
IDNEEYREA N (SURENESRLN/ 2 3/
TR A Y A 51 B B0 51N IE S M, A SO
M =1, IR RBORN 5, KX (15) HANEL T TG
2R ] 7t
204 = argmziang (z, M) (37)

L
Lag(z, M) =(VF,(2]), z)+ Az - 275 +
Iz = 27|l + M[I"-U(z) + I" - H(2)]
(38)
3 (38) 1, TRAN 2m x 1 {1 L R
U(z) = (min(0, 27), ---, min(0, 23,,))"
H(z) = diag{([A, —A]z —b) - ([4, —A]z—b)}
SAeh, M Lo (2, M) HRz —Fr. B
UCBEFE 23 | BUR
VL (z, M)=VF;(z5)+ A2(z — 27) +

\

sgn(z — z7)] +
2M{V(z) + [AT, —A"]T- H(z)}
(39)
VZL.o(z, M)=2X + [A", —AT]T[A, —A]T
(40)
HAr, V(z) = (min(0, z1), ---, min(0, z9,))".
PR SEHERR B R B AOR M X (37) B9 27, 4,
HAEAEFHE AN
Ziy1 =2+ ¢y (41)
Hr, BKEF
VL M
o= ;DtT : V2ng(ztv M) - p

(42)

pt=—VLg(ze, M) + pr—1-pt-1 (43)
Hrp, % 27 = 2z

VLo (z, M|
po— [V Laz (20, M|, g1 — o zzZ M1,
HVng(Zt—h M)

I
(4)

gL, AR AR TR A R B M A
TR % (Non-convex composite sparse,
NCCS) Z7% 1 3k [23] 1) SCSA &k, TEA
=Ny, — REVERWIR R, BUE N L U
B /MU R R, 226 30k [29], HiFHER
O(m®). —FETCLI I BRI SR, G Ab ri 3 R B0k
AILHORR s AR i . 15K (39) ~ 3K (44)
A LUE B8 80 0 B OGR AR T B AR 2 N IR
AT S 20 e afeds, YD

2M{V (2) +[AT, —AT]"- H(z)}
OM[AT, —AT|T[A, —A]T

52 2 5 5N O(4m + 2mn) A1 O(4m? +
4m?n), WIEE 0 B EEN O(l(4m + 2mn +
Am? +4m?n)), HP 1 RO NIEH B, =
Fe ik R EE R B AL, FIRINEL Ly 880 /ME T
XF A g AT BAGAREEL, Hot 5 & o(m?).

5 SWMESERD

SRR IE AR SCHE H PR B VE A EE AL A D R
P, AT T LA 5% SLO BER BP 5031, IRLS
BEIO SCSA By FIA A4 NCCS iX 5 Fh
FVEAEE MR LT IR SLIG . R BRI R, K
ESERE A R EAS 5 o I B ARBUE A: JEFE A 1
K/NECH 250 x 500, HARiRE G &R RN EME . 3
BT Z W A, FERE R BB BT Ly Y03
BEE S o 4R 500, FEF 2 TR M IEZS 7
. SEEKE TR AS 5 M B FE LR X R [20, 110] 76 Bl
FELEMEME . W TEXRAR Az = b, 1ECAH
RGN A R & A8 b BT DLR, 4 A Bk
5 B RV M R A 5 3EAT 100 IR E SRR, BT ig
FRRP Y E AR, AR IR AR SCHTHE H AR R A
X 5B SCHR 23] BT Bk Se ik i, A SO0 5 Fl
SRR T 53CHR 23] MRS Hg i, B
. é) XF SLO B mu = 2, opin = 1074, ¢=0.8,
2) X} IRLS #3%: 4 p = 0.5.
3) X BP Bk &l = 1.

4) X SCSA 5k % 61 =1073, 69 =1072, ¢ =
0.1.

5) AL NCCS Hik: £ e =103, e, =1072,
e3=10"", ¢=0.1, 0gp =min { 2||zo ||y, @}, H
o RFFER P H SIS 4n RIS, LIRS i
FESRI A

S5 v ) E R R R LA

1) HEA{FHELL (Signal noise ratio):
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T
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2) E R 2 (Mean square error):
MSE =z — &3

3) H—4# 7 % (Normalized mean square
error):

4) CHEEME I %E (Recovery success rate

of the support set):
T
RSS = T,

Hep, 2 BRMHIEGS, & BRFIEIKERSS,
Ty AR RS 5 S, T IR E S5 76X B
LT FSCHER . BAREUE S A

Ty ={i|# #£0, i=1,---, m}

Tp ={jllsgn(z;)| =1, jeT1 }

B —. FF 85 o ML E.

T Jext NCCS Bk £5 52 3 o AT AL 5256
SR AN[F KNI U o 3 SR 4T I R sz, BA
R HEARM LR SE. ATEITERNK, HEa X
/N 0.1 F]0.9, AR A0.1, 45 BIEET 100 Y47 3552
5. MWK 3 AT LA, %% o (85 EEIB AT A 1 5
Wi ZEBER K, A A 34 8 BB AT TR B o 38 0
Mk D; 7F o =08 K, BIEAEMGE E <100 K&
REMRIE BT I IR . 15 5 MRS & 2481 5 W
EHIEFIORMAE, NE T L, 7658
B EB o ik E N8,

15 . :
""" 0202 aZod
2] -=a= 0.2 a=0.
; a=03 —a=0.8
JECA | P N/ — = 0.9
=
= 1.0
1§
&
C
0.5E

20 30 40 50 60 70 8 90 100 110

Bl 3 R ot NCCS HILIZ AT A H R0
Fig.3  The influence of undetermined number « on the

running time of NCCS algorithm

PiESER —. NCCS Fidox M i [ A5 5 H A 1
S

K 4 M g 5SS BLU i NCCS BB ER13 10
WEAS S0 B A R K 4 MR B BUE A k = 65.

HE 470, BG5S ARG EE S A S, 5
50 gk BB R BRI E IR ZE N 2.6933 x 10717, H
BERTDAE ) ASCEE I BE R R IR R S 1R
BRI G

3
2 L
1 L
Y
= 0
-1
-2 |= 1K E1E T
3 — Wi RS 5 ! ! !
0 100 200 300 400 500
fFeKRE

K 4 NCCS HiEM—4ESEMGHE, [F5 KN
500 x 1, FbifEH 65

Fig.4 One-dimensional signal reconstruction simulation

diagram of NCCS algorithm, the signal size is 500 x 1,
the sparsity is 65

PRSI =, 505 R F AP B FNRG 5 1 AR
XA,

58 5 IR HE N EAR ZE (MSE) FH
B kAo R P TRLS S0 A 8 MR 22
far; T f il T BRI E AR R A <R UG RN,
SeEG R SLO BVAM E MR ZWIR R, H SLO 5 BP.
SCSA X 3 Ft 5y 30047 7 H b4 iR 22 B o5 L 2 11 184
IR K R T NCCS 92 1) 3 4 15 22 A A e
N, BEARAR IR E .

10
10 ==5csa - -BP TRLS
--SL0  —¢-NCCS
10°F
i 7
:% /_’/0,_—9—'—‘
oK 4
;E 10 10 _ - - 7
= B R DU S P - A
U e e s e S A
r—-"‘o/
1073() L
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B k

K 5 SLO. IRLS. BP. SCSA. NCCS 5 f &1 E iR
FIFR G A b2 R

Fig.5 The relationship between the reconstruction

error and sparsity of the five algorithms of SLO, IRLS,
BP, SCSA, and NCCS

Kl 6 Fon Bl & M A X (8] [20, 110] 155 &4
hn, 5 FENEMEM G (SNR) A g . H
o SLO. BP 1 IRLS 3 5032 i i i P bk vy, EL A
M LU ; NCCS 5vk5 SCSA Bk 1) H i {5
ELE#R 8 E [X A] [20, 110] LRI AR E . FE LI
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BHMHE N, NCCS S HE i) (51 tiz i T SLO.
BP Fl IRLS iX 3 F&%, 0% & T SCSA &k, Frbd
ffiF NCCS HiEAHE S IR R E R — e it m.

250 T T T T T T T T
S gt CEED SN SIS S G G
m 200 e SRS G S _ f—\_?—}‘—'ﬁ
s ——SCSA T~
——SL0 N
R 1507 IRLS N
e - -BP N
41 100F —-NCCS \
2 ——— —9__ \
B 50t S
~
0 1 1 1 1 1 1
20 30 40 50 60 70 80 90 100 110
bR EE k

Kl 6 SLO.IRLS. BP. SCSA. NCCS 5 L[
TR {5 M ORI 0 P2 PR AR A 5% 2R
Fig.6  The relationship between the reconstructed signal-
to-noise ratio and sparsity of the five algorithms of SLO,
IRLS, BP, SCSA, and NCCS

7 RETR 5 PP 1) E RIS AT B[R] AN B
ARk 56 FR . S0 4 SR 0 R 3 VL I I8 4T I [RT BE #
B B P 36 KT 39, B B X [A)AE [20, 90] B, %5
ER SIS AT I A e R FFAE 2 s LA TEFG BT
k> 90 J5, SCSA 5y EH M iz 17 i [a] 1V 38 i ;
YFRBE k> 120 J5, ZE AR Y E A AT I 1]
AMETF 20s. AT NCCS Hiki T2 8o 8
(1) 22 R 3 Ik T BTV AT 2 UOSEAR, R iE Bk T
AT I TR AH B T3 R ) 3 AR B L B
SCHR [23] 9 SCSA 5%, NCCS Sk A 58 4 i SL e
B

I

~

w

—

SEFAIBATI ) /s

o

20 30 40 50 60 70 80 90 100 110
TR k

—

Kl 7 SLO. IRLS. BP. SCSA. NCCS 5 BB (#1328 17 B )
AR L ALK 2
Fig.7  The relationship between the running time and
sparsity of the five algorithms of SLO, IRLS, BP, SCSA,
and NCCS

Kl 8 J& & HIE I SO R L) % (RS S) R
BB k ARG R, SRER S5 R R SLO. BP AT IRLS
X 3 AR AR 1) B S A AR T AT R B A L
BTN R %, SCSA BYEIERBE k = 100, &k = 110
i, SRR R 537N RSS = 0.9980. RSS =

0.9886, 5 R N SILIG OB HIAS 2 T A I 22 . AH B
Z N, £ NCCS FiEmE M 7 JLekiarh, RSSH IR
FERSE, 159 I A AR A0 A 525G X [R) Py 523 56 42

1.2
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o
<
L
L
€

©[==SCSA
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IRLS
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100 110

e
=

SCPEIRE PR

A4 1 1
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Fig.8 The relationship between the recovery success
rate of the support set and sparsity of the five algorithms
of SLO, IRLS, BP, SCSA, and NCCS

B9 LA 1 5Rsessd 5 K E H &
(H— 4k 05 2 (NMSE) MR GE & 28455 &
44 it 2R FLEAR BB 0 3%, (B 9 FiFe 1 /T, NCCS
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HIEF IRLS SERI L5614,
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Fig.9  The relationship between the normalized mean

square error and sparsity of the five algorithms of SLO,
IRLS, BP, SCSA, and NCCS
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Table 1  Numerical records of the normalized mean square error of five algorithms
. IH—¥Ji % (NMSE)
i
k=20 k=30 k=40 k=50 k=60 k=170 k=80 k=90 k=100 k=110
SLO 411x10™"  2.86x10™"  2.06x10™"  1.55x10™  1.16x10™  9.38x10™" 1.46x10™ 1.28x107° 9.22x107 3.13x10*
IRLS 2.02x10™* 4.08x10™* 1.15x107° 4.23x107 1.07x107* 2.79%x10* 5.04x107* 7.20x107* 1.14x10™" 1.38x10™"
BP 1.65x10™  4.49x10™  5.68x10™  4.95x10™*  4.19x10™>  4.38x107" 1.18x107° 9.52x10™" 1.03x107 3.57x107
SCSA  2.05x10%  1.94x10* 1.94x10* 245x10*  2.50x10*  2.96x10*  3.18x10™*  1.27x10" 1.27x10™"  3.57x10™"
NCCS  5.36x10™  2.10x10™*  4.81x10™ 4.98x10* 58710  1.85x107""  3.35x107"°  2.62x10™""  3.58x107°  1.00x107'
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