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Abstract

The sparse signal reconstruction algorithm is the key to compressive sensing. The sparse signal
reconstruction based on approximate Ip norm can be achieved by choosing a smooth function to
approximate Iy norm, thus the minimization problem of I, norm is transformed into an optimiza-
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tion problem of a smooth function. To improve the accuracy of the sparse signal reconstruction in
compressive sensing, a sparse signal reconstruction algorithm based on an improved approximate
Io norm is proposed in this paper. Firstly, a smooth function is proposed to approximate Io norm.
Then, the sparse solution of this optimization problem that based on the smooth function is solved
by exterior point penalty function method and conjugate gradient method. Finally, a number of
experiments are carried out to verify the performance of the proposed algorithm. The experi-
mental results show that the proposed algorithm is more superior in reconstruction error, sig-
nal-to-noise ratio and recovery success rate compared with smoothed [, algorithm, the basis pur-
suit algorithm and the non-convex composite sparse bases algorithm.
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RSB R T B S R ENRERFEEH, AT AREIWERES, REELIKTE SR
T v AT o (HAEX —BIRHR T N TSR G B2 LRI, BRI 15 B AURI KR . R 40850
(Compressive Sensing, CS) [1]2& — i M 15 5 K5 HMEIL, & A s w8 T 58 2 Wk bn i v o7 =ik
ITHARRFE, FEIRR ARSI SR (G 5 . 1ZEIRIR NG, EMEAIE S AAFE[2]. BRFA% 3] A1 AR
D415 B e B ORVE, BRI T BRI A - IR0 E Z A =57 B9 MM LR
DEAE R )BTt M 5 5 B . Hodh, WS 5 EA R IEABD I EE PSR B R E S, 2
CS Hig i B — 7 o 5 SR EMRS IR T EMRRYERE, Bt = U B R R S
BifE S EME R R CHE . I, MRS S EA R RA BN AR L.

MBI A R, 38 H BUT S MG T V0 W 45 5 B ) @R AT AR (5]

m[i{1”1||x||0 st. Ax=b (1)

Hrft AeR™ (m<n) ZIEHHERE, beR" ZMERE, xeR" ZARAFME M E,

SR, EH T LTS BRI AN SR, AF 15 HE T 1 Va5 1) S A B ) B H2 3R i /NP (Non-deterministic Poly-
nomial)ME)[6], FitH B2 BEM G A E4EE TR, HAR P Re J1E ZE . AR T
IR Z T 155 e /MU LB B AT I ADSR A, W on 2073, (A st 7 VRN A ot VR SR . DR SRR I ik R
559 HEMERILE IR FHATE S EN, RSN REREA EAQILEBEEEE[7]. T ) ERILALE
EREVE[8IFI T2 [AIB BF HVE (915, XREVAEM L R, THEE R, (HEMREERK, TEEL
AR o A 5t 7 V20 e IMA Lo Y B A R B /MG Va3, AR S () SRR BRIB BRIV [10] . IEAR R
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T8I Iy (Smoothed ynorm, SLO)HZE[13], 1ZBVEFIH bRk BT R BT 0L 1) a3k, HHes G mis ML
SRR Bl S ARDEAE S NS T X TE ) 6 S TE A0 K - 0% [, (Newton Smoothed [
norm, NSLO)VA[14]; K& 55 Nl 5] AUz BOul i 1EU) s EORE A 04k 738 1 1 BB e 2o i 4
(Almost- Hybird Newton Smoothed /ynorm, A-HNSLO)5HA[15]; 2020 4, FERSE AN AEME A
FE£(Non-convex Composite Sparse bases, NCCS)5i%[ 16179 KA E & Tk Hur il [, a8, I45E4 51
BOEAILHERR BEVESRAF IR AR . IX S TTVERS M A5 5 R P B2 11 e vy P A5 FH P R 800 1, S 2800100 38 0 R 52 DA
J 1% R SRAETT I BT U 5E

SLO SRk HEA BEMEED, FUERRAEM A, (EXER 0 S SR B BEUE AN K, AN e B U Hb
B L vk, HAHBGE N RETRE S A RN IR T, DRERE SRR, Wi SEERE
FREREA T o B RLEAN R, AR — PP BEUE 1 B s (0 9RO R EOE T 1) Yk, FFid@id b s ek 2L
TEFISLHORR A SRAG MR B AR, $RH T — Mo raa el o VRIS S EA AL, Bl INCS (Improved
non-convex sparse bases) 1% . 5l IS B ALIGIE A EIAEEM R ZE . ERE VK E %% T
[T SLO Bk, HHBEREVEM NCCS HiE f ik .

2. SLO 8%
FRZR B AT B (5 5 A FE R R L B ), RERE x e R [, W7 o], = 38(x)

ﬁqﬂé(xi)z{o x, =0

1 x#0"

2

Xi

FIF I BHUR AR IESE N, SLO SL3%H Mohimani % A\ 3 R I RIFESL R £, (x,) = 1—¢ 27 SIEIE
5(x). Hho(0<o <)) MEHIZH, BRA:

. B 0 x,=0 )
alir(l)f"(xi)_ 1 x,#0 @
S F,(x)=3/, (x) AHEEM xR, A limF, (x) =2, HORME 1 TS

DL e Ak 1a) @
minF, (x) st Ax=b 3)

SLOGLVEF FH B s By R B 4 5 Ji BEOR A2 0 A0 10 801 12 BR0v LA B P R R, 9 T B A A
ER &S R B BEIPE A K, 1S I VE R A TE AR, Hoal R Rk Bl “9Rims” , A
AeRA 2 R Ui, S EBEVER B EAE .
3. E TR0l L BB RE S EMEE
3.1. BusaviEl 1, e

AT BRI AR BT [ VOB BT RS, A SCRA — Mo AR N e BB A 1 Y

el

£, (x)=1-¢ (4)

e AR TETIREEL o(0<o<1) AR S5,
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Figure 1. Comparison chart of the three functions at o =0.1,c =1
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JTEL £ (x)= A, (x) -

IR BOAREE, x < O I ATt it . BRRLATLAE p, (x) <A, (x)< £, (x)» B2 x 0N, E%E
(o) 520 5 S A0 B 5 K L0 B8 S I 1, Rk 308 7, (o) EL LA B 4
LJ& lo/Eﬁ

3.2. BEiEscy

NIEEET TR R AL £ (x) X G)RBEAT KA. S x=u-v, HhuveR", uhx PHIAERIET,
HR7TEANE: v B x T FT4HE, HRoRta®, FH zz[uT,vT]T e R ErPtiEH &,
S B, W

F(2)=F, (x)= 22(1 oo J ©)

i=1

VLR 2R AT Ax = b b [A,-A)z=b, LG N:
minF, (z) st [4,-A4]z=b,220 (10)

N T ITERMEA0)Z, AR KA F, (2) BB 2% K AL/ M (Majorize-Minorize, MM)J7
VETI0 BFRRELF, (2) BEAT AR, W45

F,(2)<F,(2)+(z~2VF, (2)) < F, (2)+(z~ 2 VF, (5)>+Z("z g +||z—§||1) (11)
i
H,(2,2)=F, (2)+(z = 2,VE, (2))+ A(|z - 2], + [ - 2] (12)

S 2,2 AT AL A (4> 1/0”) NHAE, W H, (2,2) B F, (2) A ESRE S
AR, M(0)RIORR R AR

20, =arg min{<VFa (z:),z>+l("z e N | )‘[A,—A]z =b,z> o} (13)

Horb 27 (k=1,2,3,--) AAMATECP S, BUES o K.

(VE, (27).2)+ a(lz = 2L + [z~ 2], )= G (=)

[4,-A)z—b=H(z)=(h(z),h,(z))

z=W(z)=(w(2). . m, (z))T
(13 AT iE

mzinG(z) s.t. H(z)zO,W(z)ZO (14)

Bk, Qs Ak R A 9 (14) ZR AL 17
AR A s 51 B BOR 1 8 AIIEHIBE B AR (14) 2, BRI
MRS s T R BOE TSI N IERM, AT M =1, OREECNS, #(14) WA LR To4 )
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z;, =argminL , (z,M) (15)
z “k

y
=

L, (zM)=(VF, (z;j),z>+/1(||z—z,f i +||z—z,§’||1)+M(1T U(z)+1" H(z)) (16)

AL 2nx LI AL R B U(z):(min(O,zlz),m,min(O,z;,,))T, H(z)=diag([4,-A)z-b)-([4,-A4]z-b),
WAL L, (2,M) KB BB 1915 519

VL, (z,M)=VF, (z;j)Jr/l(z(z—z;j)+sgn(z—z;j))+2M{V(Z)Jr[/1,—A]T -([A,—A]z—b)} (17)

(ed
%k
o

VL, (2,M)=2A1+2M [4,-A] [4,-A]I (18)

Hr1y(z)=(min(0,z), -+, min (0, z,, ))T o
P SEHERA B kAR AR(15) 201 27, » Hak AR R

Za=zt0 - p (19)
HAp K14
2
HVL . (z,,M)
z 5
= (20)
t pzT 'VZLZ;Z (Zt’M)'pt
TEETT 1A
P = _VLz,‘;’ (Zt’M)+pt—l P (21)

2

HVLZ;, (z.M)

2
5 ©

%z =z, py=-VL,(z,M)s p_ =
' HVL (2. M)
z 5

LR PR, AR I INCS HIERIRAL I T

Step 1 #A: FEFEA. WEFED, ¢,6,,6>0;

Step2 Hlufith:

) WEEHFI o, o, =p0,, HT0<p<l, pRNoHEMHT, XXKEL=05,
2max(|x0|):

Q
Il

D) WEMAE: 5, =argmin {f+] [ 4v=5} 2 =| (%)) (x )TT;
Step 3 HikiE:

1) k=0, o=0,;

2) while d, > ¢, do

i {2,=2,,0=0,k=k+1,

2: while d, >¢&, do

3: {I=1+1,
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4: %, = argmin{GH (z)|[A,—A]z =bz> 0} ,

& -2

! I-1][2

5i dy =l
2.1,

6: z, =2,

_ ”Zk "%k "2

70 d =1k
Z/H”z
8: O':,BO'}’
9: x,=z,(l:n)—z,(n+1:end),
1

10: W=——,
x|+ &

’

11: x, = argmin{||Wx||l|Ax :b} ;

Step 4 HFRERIAIE: x=x .

ForpStep 3t AMPEE DI F . AMEIS P IR 1~2 K 6~8 LB, TEIE S o SKBLEREL £, (x) %] 4,
TEEHBEGEIT; WIR NP ER3~5, RSP ST R BOEMILHORE BE kAR D BR4 s IR SRAT 1A A
RIARBL L Ya B MU 20 AT AL AL B . d) M d, 70 RS Ah . TR SRIRARH A 2 18] B AR XHR 22,
I T HIEIA R S 5 1k

4. HEXBWSESRSh

DNEIE AR SR H I INCS BETE EAPERE LI, AR BE T LA JGSLOSA: . HEIE FR (Basis
Pursuit, BP)& %, NCCSHIEMINCSHILRIXS ELast. X FRA L, RATERIIT100KM, 4 H-F
B, FFH e =10 o i FELIRLE B2 7EMatlabR2014aff) 56 A4 T IR 1)

TEGFELSEIG T, FEREARIR /N A 128%256 , HraERE G R IR I5ME . S 7 22 (0T 0 A, HE R
HIBABALLIEG Wb A5 Sx i 4ERCA256, EZTURMIER 220 15 5 Wb BEAUE X 1] 24 [10,80]

SR R TS K B P RE R A LA -

1) FEHJi% % (mean squared error):

MSE =|-3],’

2) {7 ML (signal noise ratio):

SNR = 10o10g10{

3) HIkigATIt (A
4) P HLI) % (recovery success rate): 24 %, # 0 I, |- £| <107 P W FVATE % S AL E A AL
RE R R 1) RS
FHEAEE S

Hp s R RG-S, I RRFEENKERES;

K2 N & SR I A IR EMSERNRG B FE (AR G R, SRER S R LR 1R . E2 AR 1R L, BP
HE . NCCSEIEMINCS B L ARAE 78 b A6 M i B2 R MG I B A4 R 2 K% . R — s E T, MtT
oA =Fp 5%, INCSHIEM H AR ZIS /N

RSS =
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Figure 2. The relationship between the reconstruction error and sparsity of
the SLO algorithm, BP algorithm, NCCS algorithm and INCS algorithm

E2. SLOB A, BPHEE. NCCSEIA, INCSEAMBEMIREMBIRER
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>

Table 1. The numerical record of the reconstruction error of each algorithm changing with the sparsity &

1. BEEANEMREMERRE L LHBEILR

Bk k=10
BP 1.12E-18
SLO 2.47E-08

NCCS 5.54E-20
INCS 2.83E-20

k=20 k=30 k=40 k=50 k=60 k=170 k=80
5.48E-18 5.81E-17 3.06E-16 0.45357 3.57556 10.01417 18.29708
2.29E-08 2.09E-08 1.94E-08 1.70E-08 1.24461 14.78881 23.99578
5.79E-19 1.93E-18 7.17E-18 9.38E—-18 0.79264 7.34229 17.68958
1.31E-19 2.45E-19 9.53E-19 2.45E-18 7.60E-17 3.04638 14.10025

3 NSRRI BRI EWE L SNR RIRGER L AR R 2R, SEIREE RN 3 ek 2 for. ATLVE M, f£
M FZIX A1 [10,50] L, INCS SEM NCCS HL 5 MR LA AN K HARZAR /DN, EB]E =T SLO 5k
BP SRR b FERRER L X 7] [50,80] b, - SV KI5 M L Bl 25 M B2 (U085 G s/, (HL INCS B3 14
Ly i T o = 53k

o
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Figure 3. The relationship between the signal-to-noise ratio and
sparsity of the SLO algorithm, BP algorithm, NCCS algorithm
and INCS algorithm
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Table 2. The numerical record of the signal-to-noise ratio of each algorithm changing with the sparsity &

2. RERNENERIEEERRE A CHREIRRR

Hik k=10 k=20 k=30 k=40 k=50 k=60 k=70 k=80
BP 2.11E+02 2.05E+02 2.05E+02 1.94E+02 1.12E+02 19.71136 6.68644 447774
SLO 70.98122 77.35896 81.58295 84.80094 87.50702 83.92584 26.56156 6.28709

NCCS 2.32E+02 2.26E+02 2.23E+02 2.21E+02 2.16E+02 1.94E+02 1.16E+02 18.32044
INCS 2.32E+02 2.23E+02 2.22E+02 2.18E+02 2.12E+02 2.11E+02 1.57E+02 35.03469

4 B FLERNSAT I AR B AR R, SCInsh RN 4 J2 4% 3 fos. AILVAEH, SLO &ik
A BP FEIL & AT N R B I F RES DR 42 0.5 FP LA » FERGEREE X [H] [10,50] |, INCS 53 Al NCCS 5%
(K132 A7 BN} ) RE CRAFAE 1 AP LAPY, ZERRBT S X 1] [50,80] bisk i S5032: (32 A7 I 5 i 36 m , {EDGF b NCCS
ik, INCS Sk I AT I [ 46 24 0% Ji

25 :
—e— INCS
o NCCS
21| —a-st0
—+—BP
= 15}
E
&
1
=17
o
I &
05 - .
0 20 30 40 50 60 70 80

i FE
Figure 4. The relationship between the running time and sparsity
of the SLO algorithm, BP algorithm, NCCS algorithm and INCS
algorithm
4. SLOE A, BPHEE. NCCSEE. INCSEEREITHIEIF
WIRENTLXR

Table 3. The numerical record of the running time of each algorithm changing with the sparsity &

3. REZNEBITHEMERREZ LHBEILR

Bk k=10 k=20 k=30 k=40 k=50 k=60 k=70 k=80
BP 0.11539 0.12327 0.13205 0.15259 0.16604 0.16831 0.18520 0.18352
SLO 0.00010 0.00009 0.00011 0.00009 0.00012 0.00012 0.00010 0.00009
NCCS 0.58932 0.58826 0.60202 0.57496 0.66814 1.07208 2.03705 241634
INCS 0.46711 0.48871 0.48493 0.50970 0.60926 0.71415 1.40504 2.34221

5N SE IR R R ) R RSSTIM R FE AR S 2R, SEIRAS RANIA]S SRR . ATLAE M
JEE 1 T 38— 5 R L IR 3 DY b B0 R P R RSB 3R BT SR B  INCS S VR B B P R AE R 7 5 [X 1] [10, 60]
EHERREORFF L, R BRI AN X TR 2 SR AR RE NS S S RS R . AERER L X TR [60,80] I,
INCSEIE MV D A£G w5 T HA =R 5%, P AR HINCSFIA R E A5 SR A — €3 &

DOI: 10.12677/csa.2021.118223 2187 MR 5 R


https://doi.org/10.12677/csa.2021.118223

1 -+ *
09}
¥ 08}t
EN
=
g
X 07f
—6— INCS
0.6 L]+ Nces
—&-SL0
——BP
0.5

10 20 30 40 50 60 70 80
M

Figure 5. The relationship between the recovery success rate and
sparsity of the SLO algorithm, BP algorithm, NCCS algorithm and
INCS algorithm

E5. SLOBE . BPEIE. NCCSEIL. INCSEIARIRE RINE
MBRERNELRR

Table 4. The numerical record of the recovery success rate of each algorithm changing with the sparsity &

4. BEAENRERNRMEERREE LR REILR

Rk k=10 k=20 k=30 k=40 k=50 k=60 k=70 k=80
BP 1 1 1 1 0.79640 0.54050 0.50729 0.50075
SLO 1 1 1 1 1 0.96700 0.62271 0.52200

NCCS 1 1 1 1 1 0.97750 0.77829 0.53650

INCS 1 1 1 1 1 1 0.87512 0.57163

R FRTR, ASCHEHINCSHEIE M 25 G EMPEREIL T 9238 A (% bh By, Ui BRI VL Re 8 5 4F
FIK MRS
5. &t

AR T —FhI3E T MO L JER RIS 5 EM AL, B INCS k. 1ZEERH—FHEiL
PERE AR AR 6 B B IU [ VOB RE T, FRE I A s 5 e B AN LR B R SR R T R B
Biff. SCIGLE K. XTEL SLO Bk, BP BRI NCCS EiE, INCS BiEfEEMRZE., (MK E K
D)5y TH R B AL R A MR

& H
Kz R e m A B AR 5% 9 T G BT BT H (5 310812163504) .
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