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Abstract

As a novel sampling, coding and decoding theory, compressed sensing has been a powerful tool
which was widely used to the fields of image processing, pattern recognition, automatic control,
biological sensors and so on. Based on the Barzilai-Borwein (B-B) gradient projection for sparse
reconstruction (GPSR-BB), this paper proposed a new algorithm by using predictor-corrector
technique for solving compressed sensing problem fast. In the new algorithm, a predicted point
was first generated by traditional gradient projection and then a new iteration point was obtained
with B-B method according to the predicted point. In our algorithm, the calculation of a single ite-
ration is also simple, and by using predictor-corrector technique, the iteration point may be closer
to the solution of the problem, thereby the number of the iteration would be reduced. Numerical
results show that the running time of the new algorithm is less than GPSR-BB for some randomly
generated test problems.
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BRI REHER, HRAUBROANE. ATEREMRBES RS HE, ERRGESEEKR
Barzilai-Borwein (B-B)## E #% (Barzilai-Borwein Gradient Projection for Sparse Reconstruction,
GPSR-BB)FLiEH)E:A b, RATMKIER YT, R T —MEBtRsEREEE. SR ESHEIus
KRB BB A — TR, FRETN A &B-BA AT HS KA RIFMIEA R . HEERSERT
HEFEEE, B RABRBIER TS A AR S E B R R RIAR, AT AT > Sk S AR S *t
BEALA BRE I R R AT BB SE R,  BUE SRR I AR Z AT i 15 22D T GPSR-BBH. %
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1. 5|8

EE ST, N T REHEFIEM EGE S, HEZE TR Nyquist) RAFEE B AL, RS0 RGE R
B /D OGS MG . RS S SRR SR, AMIEEEM RS HEY, HmES0
TR EOR, XL GG R Rl AERAE R T Bk 2006 4F, Donoho 1 Candés 55
JUF A S Sr MR 7 — P 438 1945 5 A BE R R —— R 4 21 (Compressed  Sensing, CS)Ei[1] [2]. CS
IR 545G 5B ARAERFKAE . BEKETOEER, WERZEIEERAE, ZXHME SN E
JE4E, T CS HARNZ NS 5 BERE FR A R 46 R 347, Amidem 7%, CS BRI A AR 2
£ VR UEAE TR, AR — AN R, 8 2 AR e S 1 R UG 1 T R e R — MR 4R I
59, BHEXMUERNNERSS, RHEMERMEMEDE, 7TUREBRENIKE RIGES . ih, &
JRUGE S RAEM B, WIFEEL— AR, [FHAA R RGN N EAMmER R, HAiLTE 5
27 BRI 98 77 V6 A B o A L /N B A 22 ROBE T LT 43 #3158 - CS — &4, it 3112 R0E,
FAEEUR e (4] ANRIRA[S] Bl BUR 6] AZMEILHR AR [ 7] 5 U EAS 1 R R H

B CS BR AT A, Mibifs 5 B 0 S HAE T I 550 P i A dd PN EE A B K it B A Candes (8]
[9] [1OTRIERH T 2430 5% P46 X PR 1) 2% 5P 57 (Restricted Isometry Property, RIP)4& 4, ] 3 i b 55 #4) 55
EIRERIGE S, FEUEM] T &8 IEACAEREW 2 RIP S50, TMBEATL v a e . B ATL AR 55 00 e 4 S e DA
MR e sk R B, SC[11] [12) X SR AT 1 Sedh, 4 3 A 4 2 B AR 0 Bl gk — 2D

HAT,  He 4 i i) B8 B 2 0] 4p R s AR B BRI A AR A RS . AR IB BR A AR UL G
1B 7 5% (Matching Pursuit, MP) [13]. IEAZVLELIE B 51 (Orthogonal Matching Pursuit, OMP) [ 14155 5
3 I [ UGB B 5475 (Sparsity Adaptive Matching Pursuit, SAMP) [151%8; RSV HG 38 B 502
(Basis Pursuit, BP) [16]. i&/QBI{E 5 L (terative Thresholding, IT) [17]. 1%EACAH 5 {E 557 (Iterative Hard
Thresholding, THT) [18]. #f ¥ #5 &% (Barzilai-Borwein Gradient Projection for Sparse Reconstruction,
GPSR-BB) [19]. %2 # 77 [f] 5% (Alternating Direction Method, ADM) [20]1F1411/ 6 2 4 1:(Proximal Point
Algorithm, PPA) [21]% .

KWEREESA TR, EAKE. RBEERAEEEN eI BT R, o BREREER
T SIS 5 1 — N R UCEIT IR, RS THMA LI, M2 H bR SR AR
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EA RS, HRERR A S . Ak, UUBCIE BRAT IR RS VU ACIE B T iy, (R R ZE R RE S
SIIMEET L o B [ I S DU OB B R AT DL W B A B R A M R A, (R 2, 12
HERR. MAUCEER RS A AL AT SR, IR BRSO B A — Lk, (HIET Hk
MIEES WML, HRSFEDMNESEREREEmEENE. ER2 1AL ERTEES,
GPSR-BB Hyk R HaEA T FEAR G 8] 5 2547, SRAREIR, HRF 5SS Bl (warm-start), 17532 Fr S A
BN VZ R . ARSCAE GPSR-BB B, 25 SN IERIAR, $#&H T —Fheiu#t i) GPSR-BB 5
v, BUTUIARE 1E A6 P #55 S% (Predictor-Corrector Gradient Projection with Barzilai-Borwein, PCGP-BB),
Hfl S5 45 R W) PCGP-BB 5% Lk GPSR-BB 5V 5 A 3L

2. ESRAHOIHRE

ARPIJE R, CS A (R A5 5 B A ] RURT il dn B A A AR -
mirnl ||x||0 st. Ax =y, (1

o x|, o E x PAEZTCRONE, AeR™ (m<n) AUEFE, p=Ax" eR" NEHRHGIE S

x’ e R" R4 5 MAMAE . 0(1)/2&—> NP-hard 1R @[22]. 1 Tao 1 Candes 7ESCHR[O]HHaH, 4l

EHPE A 52 RIP Z&AF0, SOSEMN T a0 F fa st e 8y, RIJEIE #5 i) i (Basis Pursuit Problem)
mlikrnl ||x||l st. Ax=y, 2

St o, = 3 | S 0 1R A ], O
AU IRy 32 FIHER /N R S (s i R AT, AR B AR Q)i — D R b ot R

PACKERY -

mirnl ||x||1 s.t. ||Ax - y||2 <eg, 3)

Hob e AR, |, TR x 4 R
KGR BRI R AL, TR TR fE7E 0> 0, fEERGY SN TR 4 -1, ]
e ZNaa]

. 1
win Lesf el ®
et B 3(4)2(3) 1) Lagrange B, Hd ¢ AR E N K.

3. BRI ERRE

@) AT IR, AN E ELEER HIRR BE SR - Figueiredo, Nowak Al Wright £ SCHER[ 19] 44 H
FAL 9 tn B AR LAY O ]

min  F(z)= %zTBz +¢'z

(%)
s.t. 720,
u —b A4 -A"4
S = ’ b= AT ’ =71, + y B= y U=\X) , V=\—X ’
ﬁqﬂ z (v] y c T 2n (b ) [—ATA ATA ( )+ ( )+

(x), = ((x1)+,...,(xn )+)T i (xl_)+ =max{x,0}, 1} =(LL-~1).
SRARZ(S) IR FE B RAVE I — ROk g XN 2, = (zk —akVF(zk))+ . HH VF(7) = Bo+c A F(2) Mok
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2, o > 0FNB K. SR RPN EACA 2, Mz, K H] Barzilai-Borwein JETTH P K o, 12T
GPSR-BB #1i%. GPSR-BB Sk iy FIAE L0 (O MR, FUHF SRR R, 18 SEhRR i o AR,
T i ) GPSR-BB SLiR RS 9 tRst. AT, GPSR-BB Lyt T-HI4 S MBI, itk
B9 OB, RORARAE, TV SIS 0 I, WRCR A, SRR, TR HOE KR (B 4
o =h o RIEH 0 MBS BEAR TR 5 05 1 20 ELAS T W04 s e B, (R B 2 (e AR UKL
Bk, ASCHAE R GPSR-BB S A% BB K MBS T 4 4, TR B I 9 BET5, Se ik
RTEAR R 2, SR B BOB KBS BEBAE AR 5] AN 7, = (5, —hVF (z)), SRR TR 2, Al 2,
Fil B-B Pkt Eb K o, MITTHIEE AN 5, = (2, - VF (z,)) o BITRA T BUIE EHA,
HTSLEE AT L GPSR-BB SLIE B 8 /b (K13 AR ULHE, AT PO S SR I, ELR S0 T 0008 1A
0 I 7N AT RS ) SR A o

4R VF (z) % Lipschitz JE41 H. Lipschitz %4 L =|B|, . K

oo e o
-A A A A —-A

FioLA L =B, = |(4,-4)" (A=a)| =|(4-A) (A=) | =2 aa"], =2] [ # 4 AT R, ;ﬂu
HA|, =1, Wit L=2. A, EErﬁfiﬁ@éﬁ’]ﬁﬁfﬁﬁw%ﬁ’]d&ﬂfi[23]7%ﬂ, MO0<h<2/LT, HHCE
OB P HERATE B, T EL2 3R (5) 200 A, R = 1/ L IS0 B L i 8. R SR (5) R A 7
(A SCUSAI = |/L BT 5. PCGP-BB SLib Bl T

WU L (WIREE 200 Qi » G » Foen CEARREL EBR), 2 k=0

WD H k>, RO LRARAL, SR,
W3 WEBNAE =(2,-VF(3,)/L), 6,=% -2, 7,=5, B
B4 HHEK: =0, Wha =a_ . #&l, /%ak:mid{amm, 5[ /7k,amax}
B S: EHIEMRE 5 = (5 - VF(z,)) » Lh=k+1, HHE2,
WA, PCGP-BB H3E4% I AR H 5 10 X AL T Bh )% VF (z)=Br+c Rl y=8"B6 it 5. T

BZZ[ATA _ATA](:,]:[AT(A(,,_V)))]u&BSZ[AT(A(a—u—ﬁH)) J

-A'A A"A -A"(A(u-v) ~A"(A(i—u—v+v))

y=8"BE=(-u-v+v) A A(a-u—v+v)=|A(a-u—v+v), BRI L RN 4,47 5
R ARABISH, WO DRI R A E N O(mn), 5 GPSR-BB HUER 8B AT 44—
BE, TFIREfA) 5 5 T 2B

4. BEER

FEAT R, FRATT e A SR PR 48 S0 TR R 19] [24], @i MK m IR ARy RV
KA n MEIRE S . Hhm=1024, n=4096, JFUH(E 565 160 NFENL 1, n, 20728107 FME
REMEHA . Besb, SRASCHR24T P A9 B e = 0.1 4"y| » FERISCRRI19]—HE, Sedi T
IIAT HIARAE S o A BE R A DI S B A, SR )5 X HAT IEAS AL, R 2k 2 "mm LVF(z || <tolp ,
Hebtolp=107. B4, WM L=2, o, =1, @, =10"", a,, =10, k, =1000.

£ MATLAB R2013b [1°F- & E@EATHUE R, 1HHEHLZ Windows 7 #:1ER%E, WAF N 8 GB, AL
A Intel Core 15-4460 3.20 Ghz 1 16 7 -k FE A N Hfisi . f88S PCGP-BB 5 GPSR-BB (3.4 HL i A1l
AR B 73 AR TR IE A6 B PR SR B-B B KRS R B R . 27 PCGP-BB 5

GPSR-BB Rf#H LB ILEAREA CPU BHIR]. % 1 RIZE 2 40 il4 T #IMA z, = 0 F1 z, = rand(n,1) I,
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Table 1. Iterations and CPU times for PCGP-BB and GPSR-BB (Average over ten runs, z,=0)
%< 1. PCGP-BB #1 GPSR-BB HIIA{X R EF0 CPU Bt [E) (B RHUFEME, z,=0)

TS BARIREL CPU I [R](F))
PCGP-BB 16 0.1527
JE1 ) GPSR-BB 18 0.1758
L9411 GPSR-BB 21 0.2029

Table 2. Iterations and CPU times for PCGP-BB and GPSR-BB (Average over ten runs, z, = rand(n,l))
# 2. PCGP-BB #1 GPSR-BB HJIA R ¥ CPU B E)(BXHRAIFIME, z, =rand(n,1))

A7 AR CPU i [a)(F))
PCGP-BB 29 0.2952
4L #i1¥) GPSR-BB - -
H.i ) GPSR-BB 38 0.3876

PCGP-BB il GPSR-BB ({5 fRUKHAN CPU i [ (AU P34 k), Hob rand (n,1) /2 Matlab B
ML R A R A H TR AR R A B Lk SR A N 2 1k 2, X = 3 )7 iR E AR M R, R AR AE SR
A . R 1 AN 2 TR, T IAR) 1), PCGP-BB AR CPU I A )/ F GPSR-BB, ifij
UEEHURYMER, JEFIEK) GPSR-BB HEKMRM, & 2t “-7 Rk EoE T S A BRI AR R
1k

5. 4518

FEA IR JE AR5 5 M FR B, I8 I SR AR R B AL 1) SR Wk B2 JR 4R {5 5 - Stephen Wright 25 A2 HH
HIFG (S 5 EA B-B KB 5 (GPSR-BB) VL R A A 24, 23] 12 %0 . A/E GPSR-BB 5.i%:
AR b, e T PN IR AR B . B S5 SRR TR 5% L GPSR-BB SV IR K il 25 30 LA 1,
B BUR R RIE I 3577 7 38R fi

HEER
B R E FEREAA ZARAH TR0 H 5% B(No. HAST201622).
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