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Compressive sensing theory and optical compressive imaging systems

YAN Fengxia, WANG Zelong, ZHU Jubo, LIU Jiying
(College of Science, National University of Defense Technology, Changsha 410073, China)

Abstract; Compressive sensing provides a new way for increasing the ability of information acquisition. Compressive sensing asserts that it is

possible to accurately reconstruct signals from sub-Nyquist sampling, provided some additional assumptions ( sparse or compressible ) are made

about the signal in question. The compressive imaging technology, which is based on the compressive sensing theory, integrates the processes of

sensing, compression and processing perfectly, avoiding the resource waste caused by a traditional “sample-then-compress” framework. With a

review of some of the recent progress in compressive sensing theory from the following three aspects: sparsity, the design of measuring matrix and

recovery conditions, the reconstruction algorithms, several optical compressive imaging systems are introduced, and some key challenges in this area

have been discussed in the end.

Key words: compressive sensing; compressive imaging; sparse representation; measurement matrix

ERIPNEI RIS/ TSN A U ¥ €25 N ES
AR E WL UL T AF ) R oL fE 2
Shannon SRFEE B REAt 2 F o RIRALAR I
JEAR T B R PR, A RS B K SR LS
AU, dy 2P EA R S AR E BRI, 3 TR ol
BRAEAR 5, RS AE A , ZRIBCA I o R o 1 37>
NES IR (RME S50 o

ARE SN G ], Ferp = A5 57 X 1 1 1
8, T SRAE” MR BB 1 AR R IR, $2
THo3 B TR DD PRI 215 3 R 4 oe
Wi, ORI AR G Y 52 2% T R S B JRE AR 2k
W S350 AR PRE RO RS, 2K
7 58 BR A, ERIN S AR IBOR B 2 )5 AR H
AP/ AL, T Se b AT B I 4, L3
TUARKE 2 e FEEA A7 A/ A , DT T2 25 e AR K

«  YgFS HER2013 -07 - 15

it o XARALORGEG I A (5 BRI R SR IR
FEAFTEIXFE R P G« — 5 T, 00 25 )] R b 34 B
S T 5 — 5 T, B e 4 JAE O Bk &
FEHEZM (IUR) Bl . P, 288 Shannon R AF:
JE P AT b4 T I 18 2R 2R e ) B
Candes, Romberg Tao'' "> I & Donoho"®' F
2004 452 A s A R (B PR I 4 R RE) B
( Compressive Sensing, CS) %5 H T 4= # B 54 5
WO e BT S Mg v, A SR
SRR e, 308 3 g O A Sk S B o i
A E Y, JEXT 2 di Shannon 5 PR 281 .
FEAIBNELE B DR G R T B AT
EIE T, R AR kR
RO A A A R Y R . T L 3
http://dsp. rice. edu/CS, F|HAE HIE, E AT

EETA : HK A RBAFEE BN H (61002024 ) ; [FH 5K 2 ¥ B H
TEE RN " (1979—) , &, B AN, W1, f] #1457 , Email : xialang3 @ 163. com



42 4

JUAREL G AR BRI 5O R R R GG - 141 -

e T R e S gk k2, B8 R E A
2 W Bk % 8 [ 483X — £ 8 H JF, Science I
SIAM Review 5 T5 2 A FII# & 2R A< SO0 R 45 81
AT RG24 TEEE &5 WA & TR —
ISR G A, S 2013 45 ] & A r9(2025
AR BB 2 ) AR e 45 SRR Dy 2 BRI 5 O 1)
Z = AT AR, HE A BTG T AR EUAT R
) — 37 X , AR AN ST 7 FH R AR KT B
TEAN Strohmer #2451 JEAR AT |- T )
Bl——ad 24k (55 A0 B 0 98 A 43
BAGFRL A5 B S SIS 58 & T 2 4L
HH— b B AV R L5 M A B 4R, 3
TR GE it G RE: M B AR R E AR 2
()5 Z0 R BN FE 28 SRR BIF TR B T 3. X
TCEE R He 240 BN AE A5 W5 S iy sk oy AR A s 1
DTk

AR SCAEAME AR J5 45 B B () 6 b F A
28 45 BN SO He 4 iU R e o i Jig S m
e P R AR )

1 R4 mEARRE

JE i SR A A SRR - A SRR (0 15 5
B GARE, WK 5 B 06 T (0 T et 400 5
HAREE K PO, /N 55 1 4E5 N,

FERSHUG LT B (G S xe R AEIEACH ¥
FHA K - TR x = Wa, TE45 A M6 3
iRSTBURE Ll anmia ALk v sl N (I
PFE /MU [ AT LA 58 4 2 508 y = dx
e R " PETIRE 55

min__gvllal, st y=dx=dwWa (1)

XH lell, #ommit e PHER SRR K
<N, M<N, FE45BHAPEAE T —Fpoet 47 B 4E % =
[ R 5 R R e PO RESR . AR U, 78
FEARBARESE T, BAT AR HE RIS 5 o, 1T
R M x N B30 0 2 5 B @ SRR e M
(<N) NERIEMEAH y = dx, XHL,y BRI &
Ko

455 JER N (R AR R DR 34 1 20 P O 5
PE i e AR A5 5, ORI T 48 S 52 B vy
AN BT, R M, 2 S B a7
B B3 7 50 SR 4 B S, 4 JER R A AR A
A

FE4R BB MR EEA S =4
Jr

() AE 5 B2« B B 1 2 He 40 S8R0 BT )
FH Jie 2B {5 5 S5 400, J2 P 40 JR 0 19 i 2

BLhi

(2) B2 I AR M i et 2 2B
PRUE M % y KO — KR AE 5 x BRI T
ST BEHE I IR M

(3) M A AR Sk R (1) 3 7 RN
NP gt (9, A 0t 7 B 4R AT 22 0902 i i SR
ik (AT ARV TR AN AR

2 EHEREEEHRERE

2.1 Wits

“HRPE” i B AR B UE T A B v,
SR B AR R i B A 02 R 4 B e T R
i EERYE 25 .

EX V(FE TGN X T N 4559 x4
FEAE N x N YEAR 5056 B W F0AH R 9 6 1] o e
(L&A KANAEEITH K<N) li15 x = War, NFR
HEAME, K NG x G

H1 T 0 2 G0 il 2 oy RO L A
Fourier 224t | B B4R 52728 42 (DCT) /)N i 722 4
(DWT) Z&HRE5E BUAF 5 1 1 278 I AU 5
Fono P, HERE AR JPEG Fl JPEG2000 |54
FEAEbRUERIRZ L2 ] 0 DCT A DWT, Xt h—
SEFEE FARET, B AR A b i R 05 5 20t L
Btk o

PR AL FR P A R St R B, RSS2
AP FIAT SRR AR AU — 2 58 A ki
WELUS B BAR R B 2R . I, T
e T IR R G R . BRI
i B 22 1% 1) 8 56 4 7 ML 445 : Ridgelets'™ |
Curvelet'? Beamlet'>' Contourlet*’ Bandelet®’ |
Directionlet ™ F& H /N (CWT) 27280 & Hoep
SR BAT B B 7 1) e PR (]I S 3
a7 B TR /N, ) — R IO i s B 1y ik
Sl U2k — KRS 3, (46 F L7 15) (MOF )
D7k RNK-SVD D5k ™ o xSy A UG S
A TN SR RS NI TN SR, 2R A3 9% /N Bk
AR o X ZEIT A4S BB R s B Z (A
HA B 1) A5k T 5, )X 20 ik 3R [ R AR
MEBCTH PR

5% b, R AR NEE T EEGER TR
ARG LA, R ZR B SCHE T R s BA TR
(R BB AR OG5 4 (AN, 17 2 EUR 4/ I A8 4 )
HINHZR B AW G5 ) | S 5873 ) T3 i 45 4
Mg Pt , Baraniuk SE0F5E 14 A B IN45H 19 K -
WA 5, 16 24 ) FH 45 440 i g 7 BE AR R 42 T I 4



<142 - ES I S = o

536 &

JEHE SRR R AR (S — R 2 1
2009 4EF 2012 4 Y = AF [A], W 25 L HE 28 M R
LT X T — 4 SMALL ( Sparse Models,
Algorithms and Learning for Large-scale data) Jji
X 3 7 5 W AT T R AR S,
T EERBTSCR %0 B35 MR s N
AL FE AR I TE N 1155 AL BRGTSIT I 107 0 A
HZI1"

2.2 mYWEBEMERRITSTERSH

PR DN 2 R A s 4 SR P 1) 2 S EE BT
YER . Bl 55 1 @ 1Y E 280 52 fRak
MR SR y RO — KR AF 5 x iR R AT
REHuIB /DI B M B, AR, M( < N) X — 3
SRAEFFHE @ A JEFN R, B A2 ) 4R
AR R, XA MRS X e R FIZE )
AR @, KA 075 2455 x #3299
wy, =Px, =Px,

P, B 0 P @ it AT, R
B M<N TR E SR ARGS x,
x CELIERENENTRNE y = dx,y" = dx’ i
— R ok B, BE A XA (1) A3
LS AR TR Ay (AN 5 ) A (M) WK A2 DA
T, — Mm@ AR R R R — S A
10K 4 A, B0 26 P I A 5 Spark' ™| 6 HE
(coherence) ' | 24 5 4 B 5 (RIP) B i 2
[IPE G (NSP) 5 48, R L RIP VB 6, 45
HHE SR REE I8

X 27 X P K i it x RIS 8, <
1,47 N A AT

(1-80) [xlE<l@xl;<(1+80) x[>

DIFRFERE @ ff 2 K B 29 R SRR 5T, 24 046
W R 6 RE SR TR B K M i (-5, RIP A7
I fe /N R

UTAE R, [H A A VR 22 TAE AT RIP %) 1
€,(0 <p<1) F/MEWKE Fi i (5 = B9 PERE, F A
XFBUA SR IEAT T I N FTRT €, BR/MERE R
WEAERE K - Wi (s, D4 R S HE R S
TE MK - R gifi 5 x, IS y = ox ks
BRI e, BB B AL @ 250 2 3 1 T3 240
i) RIP,

EBR7EH RIP 431 €, F MR AT
oK - Figifs 5 1 2 E, S 80N 8, < 1/3 Bk
7] 85 <0. 4931, BB 2K el it 2 K Bir o K
FAFRI L SETT T B R BT

KT €, (0 <p <1) Fe/ MU AN 57 25 S

AT K - Wi A5 5 1 264, 3 R FHER , 8%
R B P 225 30k 41 ] .
x®1 (RIMBREEE K- BRIESHEH
Tab.1 The conditions of recovering K-sparse signals

based €, minimization

O + 0y + 03 <1 Candes , Tao™!

Sy +38, <1

Candes, Tao!*

1

Oy < 3 Cohen, Devore ™’

8y <42 —1=0. 414 Candes""

Fourcart, Lai [36]

2
8,x < ———=0.4531
*U3.n

3 R
O <47+ \/67%0. 4652 Fourcart""!

2
O <2 /5 ~0.4721 Cai ,Wang,Xum]
8 <0.307 Cai, Wang, Xu™’
8, <0.4931 Mo, Li™*"

2.3 EHBAMEMEZ

TR TR , 4 BN ] g A B 40 (1) iz

A I AR v A M D A R A
main”a”0 s.t |ly - v, <o (2)
HAZH o S 1 B K-

) F(2) S EA €, FoEO 7 o = A4 [
CLBIE T NP e 75 5 T4 2 T ]
AT AR AR AT 1, B Y 207 5] Lo 2R

(1) A Tr ik - A AR R (1) F1(2) 50
AR S S A TR, A eR R ST, S B 2
N 8] N AR B o T L RO BRI [,
B8 GOTRRTSE 5 G 5 N1: R AR 5 € Ly Sl P
Bo SRR L S/ MEAETL ) D5 5 SR
BB AL AR5 Bregman %%
ORISR Ik

NPSRFANE S WA S ORT YK (B & L RPN 2|
HEMGIRZZHOEMBR, B A
T e R A R R ST A IEABIE
T2 A BE A SEARUOR YT /N B (1 25 MR 0 3k, SR
fifp R JE [R) RBUS AR AR o, HR 2 BUX R 7
“PRBLE — JCRBE” -5 5 1 b Ak B e
M % #T Donoho 4§ & Hi i) AMP ( Approximate
Message Passing) 579" 783 J5 i & — 4~ 58 ko
SRAE 1 /R RY B FE A B 2%, A Bl sk AR
WO BRI SR S X A R T

(2) BUAE B« B SR AR 2 A D 5 St v



42 4

JUAREL G AR BRI 5O R R R GG S 143

TEPEIFF, FETHEEAR I 1) R A, (155 26 i 1Y 2k
PR 550 R B 22 1] Y 22 508 /N . 2R
TRASE A . IE S UL it 3B % ( Orthogonal Matching
OMP ) & /772! Stagewise OMP
(StOMP) % 3" | Regularized OMP ( ROMP) 4%
211 D)}z Compressive Sampling Matching Pursuit
((CoSaMP) ™*/4F, MBI YIS M, 225 9B

TE R ] et F) PR B33 5 T, % T 4 Ry
INLAIFSE TR (R 2% ACRE (L kT CoSaMP FI
FS [ALIE BR B W AP B (A5 ST AR 5k 19 GPU S8,
AT TBIE ] 40 5 BEAE RS LA A 4 B T g ) iy SCRiR
TG RY R AE RS, A A S 2R, 5
FrifE MatLab CPU SZEEAH [, GPU SE B fE 4 5] 70
fisy i

(3) HoAt 333k . — e AL s, s 1, 38
Bt €,(0 <p < 1) JEEC™ s B i e i 4y
A I ARG , P Bayesian J7 1k 52 BUE 5 7 b1
TR DRI €, (0 <p < 1) FLMEBI 197
eI N J B AVl 11 BY S AW ) 1508 - N
WAL T €, B AR B R AR €, B
AMEE H R BER UE AR AT LR AR B AL A, (EAE 2 4L
TEOUT 2SR TR Ll B Ay i S R A o A,
A — 2 R TR, A 4 S R R 2 ) B
1 B4 belief-propagation FlI message-passing F
R0

3 AEEHRBREHARER

AR b, R RN AT LA T BT
IR AT S5 < R R 2 D 8 58 ok FEAAAE 5 1)
P15, T AR EOA i B e i e — v A 1 Lo
BB DRHE RS L G B A S T ) A i A A 2
R o PR, R4 RO TE BEIT 18 R 2%
AR g Rk TS R A BE
RBSH L R P BRI IV . A &
B2 FR A N A 62 UGN R 7 TR g

FF 4 S B 1 325 22 55 LA 75431 T 445 e 34
R H AT S AL B 62y A R SC 2 i 2t
WEATUR T BT I BRI AR, % T % il
A B B AT — S [ A 0 B 12 2 o D 5 O
T B9 AR k2 A, SR CS JRAG R 48 ik
RN RSP A HR . REHN, B4
SE T U 46 BRI G2 G 20 B A S0 8 AT
TR, HERE R, 3 s 7 2 1 1 B Pk AR 2 R F
— Rl A AL LLR LA J5 T AT 3T AP 0 R G4
Fij:a) WIHE F 2 B AN R S FIAE 35 b) BN
Jifso) EAGERAE, TN LIRS IR IG R G4

Pursuit,

AT

(1) BB AL

P4 R T LR B A SE PR R G 2
Rice % Baraniuk 55 £ 37 ) “ SR AR 7
HF R 5 92br RGN 1R

LR, ARG - ERZ EEA
AR R G, BRSTE BCE T180CF T A B0 R B
( Digital Micro-mirror Device, DMD) [§31] |-, DMD
MEF I CE A RS wm RN SO B
JIG, A B A5 4 o R AT S A o] (R e (A R
P €5, 2 705 T > AN [] 18 S 5 A ) 5 DTG T 42
H BRSO R 5 8], DMD [R5 Y S5 b2k
Lo 2R T ANERL, B SO R R TS PRI ST
R, DMD Al S 45 Y £ B2 2 T LA
P AREE AT 35 107 Ha, R R 8 A X J 1 s ]
WNAFE] — R GBI A oI 28 00 (e A
CS A7 S REAT 2 56 KR . X AP ah iy &=
T A AT S BT 2 R R DR O g
AR L EEC AR CS Mk, SR
FEARPLAG 2R B HR H AR 2RI T A s
)R8 22 10 SR A, T AT 2 07 PP R R TR I
] FY

single photon

etector

Bl 1 Rice Ko QR AL 5 5L Pr R 5
Fig.1 The schematic diagram and optical system of the

single pixel imager

]I}, Rice K27 7R 36 [ [ By = A FE TR =)
( DARPA ) “DARPA A2I Receiver Program” Jji
HE BB X8 SR ZARBLAE P B 22 10
TP T IR ARBEIE, (46 AR R B s, CS
Terahertz SR R 45 B 5 {5 5 Ab 21 . CS FE 1L
BEH R LT CS B RO S5 .

S A TR BB ST /N LB X AR R ¢
5 ARG 5 R AEARX 18 33X — 1 5% 1 iz 3))
KM UG T . T SeXHB SR EE T I ik
FESEAT AL, SR 5 45 5 T 4 T HEZR T s i 2
WAL, SR TR A, TR BT
BARRAPUR BB 1 Wy BB S5, A&l 2 iy
L H R BARE THEE S Z F LUK
B ARG5S B Z A ARz E) .



- 144 - ES A sl N 2 1

536 &

YRR, AR AR I (8] N AR 12 3]
BRI, % 112 S A6 T A 1 o i A AR R AR
g, BE— 2 4 A SR I8 RE HE AT R 2 B R
AR

“Gamera , i Objective lens | Stage A

Ry e [T ) Y \ A :
107, A N ;

x ) \J \ \ -7

Light source

DMD | Focusing lens Single-pixel dectector[ | Ground glass

K2 BallEil TR R ER R RS
Fig.2 Dynamic single-pixel imaging system

(2) Gt LA AHL

Marica f1 Willett'®  Romberg' "’ 25 | Ff 4 5
fLARE T R4 B R AR B S PR B, AT 48
L, WSRO BB FLAE A R BT T i FLAR IR 245 2
VLIS RL N I RIP 250 ik —20, IR AE BEAL
FEMESE R b RE SN, AR A RN M B A Toeplitz
ShH6, N AE LR B AR B T S IR A BEAL
BHINIR” R G MIT BFEA 1 — 2K B4 iR I F A7 45
g, B SR B i s A8 A = A it L a7 4 52 R 4%
TERLAR Y FRZ 0 R 45 0 5, A s 1 L fRaEBE , R
Gk T R B AR

(3) CMOS JE48 BB AHBL

Robucci ,Majidzadeh 454 H £ CMOS H, T2
JEMSEI R BEHLE BUE B SRR
T S BG4 23 R ], A/
UL A R, & — DA, FH]
COMS MG R 4 AT 2 A5 1) 4 A, 3 5 > 1 F
BB AR , W LS IR o 155 T 6
YRR RAT o A G T HA 75 2205 0 &) 50627 g
S BLIT ¥, CMOS SE B A B4, (HIX B &R
GEANRE T A5 4 LA R AR, T e A A
M LE 5 B ROR

(4) LB F R R IEA ARG

DWURS S = e s T — M s G R R R
WG ARG R EE 3 BoR, EEAEAL
A5 BRI AR, Horb i fLAE2 ] LCD sk
B, 5 SR AT — 4 g 5 FR 40 0 &, KK ik
TR RS, b T R B A R BR
G pigs

(5) 2ot =48 g R 5t

WA 2GS RE R GAER— %] L REIE 2

K3 BB R R R

Fig.3 Lensless compressive sensing imaging

PR B i A, R O B S 2
TR = A it ORI, 3 LT 10 O T A %
PR DR R B LT R 40BN 1 263 L T
I ROD T E RO R 915 Z 8. Duke X
219 DISP /NFLIF S T — Tl ) 2 633 1 45 i 1%
RYG5(CASST) 77 A I g LA A B
TR VA5 1065, — SR I F B = A R
(14 ZHIE . I, CASSI AR B30 i = 2
BB PR T S 8 4o Bk A S 45 4 Bl )
IR 9 R SR A B 1

34, B P R b G AL TR O B
T TR I 4 BB ' 22 S T 4 A%
RERL

oA 5T 45 IR B ST 1S U R 56
A RSSO AR A X B L K
DARPA % BB RGBT L0 2 1 %
Ry,

4 EZRAERXE—LE BRI )

BT TUAR , 4 A A FRE A IR 3 1
TR AR ABATHIRATAEAR 22 [ R Fp i ko A
TR e A SRR 5 B — Le Pk R T

(1) ZE5 kg v b HA e 35 8,

ST TR AR RO BRI R B R AE S AR
T AT 5 AR SR (5 B . FRA TNy
FEOPRI 55 BT AT i g O AN o8 42—
R XSl AR aiiR st LR IR 2 RS
S — A W5 R B AR S, LA R
FIAHSR A SRR AE B, A — € 701 F4 BL AR A B
ESSEE IRPARS &2 QIR Y Ol 1 N1 B 4 NV S
FEAEAEAR SNR Z60F 16 58 n] AR BB (R
SREXE M5 B AR AR R A R

(2) Sl AL IR R

BEHLFE MR GG O & H fa5e 3, (H7E S
B R R SRR B TR o R R A e 1) PR
Pk, H3z Shrsi Bd B A A BR i . 3 oh 4
A E 2R T SRR P BE AR P R ARk vh 52



42 4

JUAREL G AR BRI 5O R R R GG - 145

PR DR K F Ay 3 . R, SEbR
H [ BN 4B B 3 AN /& Gaussian 8% Bernoulli , 111 &
BEURFRREE R AR R o G T 2546 IR ey 3
FLIRGEARUN Gaussian 28 PEMLAE P (B AT B HE £
ORIUR o Qi /A o A (s = W S I 177 e/
AEATENE) 5. REE A4 T H kg T
SER ARG 1 He 4 B A B e (5 BE ML A EE L)
R A BRI Y Jy B, A2 E % S0 e ik £ A R
1) ] 5L

(3) 45 g AR bk 50l T

F R 457 B B T 0, P e ML S 6 o 2
RIP P J5t, B B8 b R DR TIE S sl A S s
P FRGE o (R, 3 SE IR M R T,
WRAA R TR AR . A6
AT BRI X R R G T3 b, ek
A ARSI A DG R % BT,
A — SR b 2SR N BRI 2
SOGIRAN ] REHE U AAPLFLAR SR . 7E S8
JEEN G 72 0 23 Hh 25 Rk S S s 11 PR 20K A
— AR TR T )

(4) Wt

JE 45 BN A5 2 JE BT 1 5 AR JCReE A7 i Ay ]
. HET, R4e A O & AR 2 0 S &k #
YERT, WA RE R AR (MRT) RS0 A 45 5%
PEUL Tgor Carron 4 H (14 JT 45 S8 1R 14 31 7
HE, Qrfar -5 SE BRI 5 3K (o't 2 8 A4
IR ) , N R GE 0 i fe e M AR A 2% B
R, TR R TR 4 SR 8 B AT AR — A
E Rk

TIAN  TE G BB e Ji v, W e e R Y
PRI 2, anfey A 748 TEATS SR 2 — A Tl @, AR
TERE e Jre U UG 581 , 75 B TARTE3LE Ak
FBE A TSR AN [R) D 1T AR 22 AT Z [RDE A 24
(1) S AB AL B o

& ot

S RE

ARSCASOR T 208 SR ) R A RS B HAE D67 T
B i R AT TGS JRAR T R 4R
T A — L6 P SOPE T R 2 H O, [ AT
FBFFEWEAT T E &R BCR, BN, #riiokes o
FHBe s 5 R GEREIT B AU RSl R A7 T
A8 AT R] B SR F T TR 5 DY 5 S R A s LT
RETE €, (0 <p< 1) BEROLAL ) B A6 T7
15 B BRI RS R M g LA 75 i s
FEIRH RS 0% PR A R IR B Tl
Rz RRHBEH T T R L T R SR SAR S5 T4

SRR TAESE . S8k, PR AL R
DG RIS e S5 A7 7 1 40 SR SR IR IR | s 4 ek
R G G A 7 TR T )i T IR A BIBETE . 98
T, M — R SR PRI SC, 2B 143 5 S A T
U BT TEE R Z i T 22 IR AT B BEE A
ARMELATE 3 o, 0 T ICIE R R Z A R R

F G R 2 — T4 DR A Ji 4 o, Il
1T AHEE SR Gt SRR AR
U (AN 2R ) )z R TE . NSRBI TR
A TR B AT, A7 2L LS AN 85 2 B )
JrEOR K RBEAE AR o e A fE 3 T A —
M ECIE RIS 7 SOR R (5 B SRR BE RE RN
LA o RIS, P 208 SRR £ ol 5 2 A e il
A1 R R = IR 58 AT o

5 2% 3k ( References)

[1] Candeés E J. Compressive sampling [ C ]//Proceedings of
International Congress of Mathematics, Madrid, Spain, 2006,
3. 1433 - 1452.

[2] Candés E J, Tao T. Decoding by linear programming[ J ]. IEEE
Transactions on Information Theory, 2005, 51 (12). 4203
—-4215.

[3] Donoho D L. Compressed sensing[ J]. [EEE Transactions on
Information Theory, 2006, 52 (4) :1289 - 1306.

[4] Candeés E J, Romberg J, Tao T. Robust uncertainty principles
Exact signal reconstruction from highly incomplete frequency
information [ J ]. IEEE Transactions on Information Theory,
2006, 52 (2) : 489 —509.

[5] LustigM, Donoho D, Pauly J M. Sparse MRI: The application
of compressed sensing for rapid MR imaging [ J]. Magnetic
Resonance in Medicine 2007, 58 (6) :1182 -1195

[6] Trzasko J, Manduca A. Highly undersampled magnetic resonance
image reconstruction via homotopic €0 — minimization[ J ]. IEEE
Transactions on Medical Imaging,2009,28 (1) . 106 —121.

[7] Duarte M F, Davenport M A, Takhar D, et al. Single-pixel
imaging via compressive sampling[ J]. IEEE Signal Processing
Magazine, 2008, 25(2) : 83 -91.

[8] CAVE Project. Compressive structured light for recovering
inhomogeneous participating media[ R/OL ] http://wwwl. cs.
columbia. edu/CAVE/projects/csl/

[9] Gu]J, Nayar S K, Grinspun E, et al. Compressive structured
light for recovering inhomogeneous participating media[ C]//
Proceedings European Conference on Computer Vision, 2008 :
845 - 858.

[10] Sen P, Darabi S. Compressive dual photography [ C ]//

Proceedings of Eurographics, 2009, 28(2) :609 —618.

[11] Fergus R, Torralba A, Freeman W T. Random lens
imaging[ R]. MIT Computer Science and Arttificial Intelligence
Laboratory ,2006.

[12] Sun B, Edgar M P, Bowman R, et al. 3D computational
imaging with single-pixel detectors[ J]. Science,2013, 340;
844 —847.

[13] Baraniuk R, Steeghs P. Compressive radar imaging [ C ]//
Proceedings of IEEE Radar Conference 2007 : 128 —133.

[14] Bhattacharya S, Blumensath T, Mulgrew B, et al. Fast



- 146 -

(FE TR SR S AN S

536 &

[15]

[19]

[20]

[21]

[22]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[33]

encoding of synthetic aperture radar raw data using compressed
sensing [ C ]//Proceedings of IEEE/SP 14th Workshop on
Statistical Signal Processing,2007 ;448 —452.

Bhattacharya S, Blumensath T, Mulgrew B, et al Synthetic
radar raw data

encoding compressed

of IEEE Radar

aperture using

sensing[ C]// Proceedings Conference,
2008:1 -5.

Fannjiang A. Compressive inverse scattering I. High frequency
SIMO measurements[ EB/OL]. arXiv: 0906. 5405

National Research Council of The National Academies. The
mathematical science in,2025[ R].2013.

Strohmer T. Measure what should be measured; progress and
challenges in compressive sensing[ J|. [EEE Signal Processing
Letters,2012, 19(12) ; 887 —893.

Donoho D L, Huo X. Uncertainty principles and ideal atomic
decomposition[ J]. IEEE Transactions on Information Theory,
2001, 47 (7). 2845 -2862.

Olshausen B A, Field D J. Emergence of simple cell receptive
field properties by leamming a sparse code for natural
images[ J |. Nature, 1996, 381(6583) : 607 —609.

Candes E. Ridgelets: theory and applications[ D ]. Stanford :
Stanford University, 1998.

Candes E J, Donoho D L. Continuous curvelet transform: I.
Resolution of the wavefront set[ J] Applied and Computational
Harmonic Analysis, 2003, 19: 162 - 197.

Donoho D, Huo X.
analysis[ C]// In Multiscale and Multiresolution Methods,
LNCSE, 2002, 20 149 - 196.

Do M N, Vetterli M. Framing pyramids [ J ]. I[EEE
(9): 2329

Beamlets and multiscale image

Transactions on Signal Processing, 2003, 51
-2342.

Pennec E, Mallat S. Nonlinear image approximation with
bandelets[ J ] Multiscal Model Simulation, 2003, 4(3): 992
-1039.

Velisavljevic V, Beferull-Lozano B, Vetterli M. Directionlets ;
anisotropic multi-directional representation with separable
filtering[ J ]. IEEE Transactions on Image Processing, 2006,
15 (7): 1916 - 1933.

Kingsbury N. Image processing with complex wavelets [ J].
Philosophical Transactions of the Royal Society of London A,
Mathematical , Physical & Engineering Sciences, 1999, 357
(1760) ; 2543 -2560.

FUZR R SR/ N B BT TR 25 W 5 48 58 v 1) 1o
W LD]. Kb E B K, 2007,

YAN Fengxia. Complex wavelet theory and its application in
image denoising and enhancement [ D ]. Changsha: National
University of Defense Technology,2007. (in Chinese)

Aharon M, Elad M, Bruckstein A. K-SVD: an algorithm for
designing dictionaries for

over-complete sparse

representation| J |. IEEE Transactions on Signal Process,
2006, 54 (11) . 4311 -4322.

Baraniuk R G, Cevher V, Duarte M F, et al. Model-based
compressive sensing[ J]. IEEE Transactions on Information
Theory, 2010, 56(4) : 1982 -2001.

http : //small-project. eu/.

Donoho D L, Elad M. Maximal sparsity representation via €1
minimization [ J |]. IEEE Transactions on Information
Theory,2002.

Donoho D L, Huo X. Uncertainty principles and ideal atomic

decomposition[ J]. IEEE Transactions on Information Theory,

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

2001, 47 (7). 2845 -2862.
Candes E, Romberg J, Tao T. Stable signal recovery from
incomplete and inaccurate measurements| J|. Communications
on Pure Applied Mathematics,2006, 59 (8) . 1207 —1223.
Cohen A, Dahmen W, DeVore R. Compressed sensing and
best k-term approximation [ J ]. Journal of the American
Mathematical Society,2009, 22 211 -231.

Foucart S, Lai M. Sparsest solutions of underdetermined linear
systems via €q minimization for 0 < q<1[J]. Applied and
Computational Harmonic Analysis,2009,16:395 —407.
Foucart S. A note on guaranteed sparse recovery via €1-
minimization [ J |]. Applied and Computational Harmonic
Analysis, 2009, 26 (3): 395 —407.

Cai T, Wang L, Xu G. Shifting inequality and recovery of
sparse signals [ J]. IEEE Transactions on Signal Process,
2010, 58 (3): 1300 - 1308.

Cai T, Wang L, Xu G. Stable recovery of sparse signals and
an oracle inequality [ J ]. IEEE Transactions on Information
Theory,2010, 56 (7). 3516 -3522.

Mo Q, Li S. New bounds on the resticted isometry constant
32K [ J]. Applied and Computational Harmonic Analysis,
2011, 31 (3) :460 -468.

B A B R IR B2 AR E N 77k [ D] 1K vb : [ B R
i K2:,2012.

HUANG Shisheng. Sparse constrained regularized methods of
mathematical imaging[ D ]. Changsha: National University of
Defense Technology, 2012. (in Chinese)

Tropp J A. Computational methods for sparse solution of linear
inverse problems[ C]//Proceedings of the IEEE special issue
on applications of sparse representation and compressive
sensing, 2009.

Gribonval R, Nielsen M. Highly sparse representations from
dictionaries are unique and independent of the sparseness
measure[ J ]. Applied and Computational Harmonic Analysis,
2007, 22 335 -355.

Figueiredo M, Nowak R, Wright S. Gradient projection for
sparse reconstruction; application to compressed sensing and
other inverse problems[ J]. IEEE Journal of Selected Topics
in Signal Process: Special Issue on Convex Optimization
Methods for Signal Process,2007, 1 (4): 586 —598.
Daubechies I, Defrise M, Mol C D. An iterative thresholding
algorithm for problems with a

and Applied

linear inverse sparsity

constraint[ J]. Communications on Pure
Mathematics,2004 ,57 . 1413 - 1457.

Yin W, Osher S, Goldfarb D, et al. Bregman iterative
algorithms for €1-minimization with applications to compressed
sensing[ J]. SIAM Journal on Imaging Sciences,2008, 1. 143
- 168.

Osher S, Mao Y, Dong B, et al. Fast linearized Bregman
iteration for compressive sensing and sparse denoising [ J].
Communications in Mathematical Sciences,2010, 8 (1) : 93
—111.
Osher S,

regularization

Burger M, Goldfarb D, et al. An iterative

method for total variation-based image
restoration [ J ]. SIAM Multiscale Modeling & Simulation
2005, 4 (2) :460 —489.

Donoho D, Maleki
algorithm for compressive sensing [ J ] Proceedings of the
National Academy of Sciences ( PNAS), 2009, 106 (45) .

18914 - 18919.

A, Montanari A. Message-passing



42 4

JUAREL G AR BRI 5O R R R GG - 147 -

[50]

[54]

[55]

[56]

[57]

[59]

[60]

[o1]

Hale E, Yin W, Zhang Y. Fixed-point continuation for ¢1-
minimization; Methodology and convergence [ J ]. SIAM
Journal on Optimization,2008 , 19 1107 - 1130.

Deng J,Ren G H, Jin Y S et al. lterative weighted gradient
[J]
Technology Journal, 2011, 10: 1409 —1414.
Mallat S G, Zhang Z. Matching pursuits with time-frequency

projection for sparse reconstruction. Information

dictionaries [ J ]. IEEE Transactions on Signal Processing,
1993, 41(12) ; 3397 -3415.

Tropp J A, Gilbert A C, Signal recovery from random
measurements via orthogonal matching pursuit [ J ]. [EEE
Transactions on Information Theory, 2007, 53 (12): 4655
—-4666.

Donoho D L, Tsaig Y, Drori I, et al. Sparse solution of
underdetermined linear equations by stage-wise orthogonal
matching pursuit [ EB/OL]. http://www-stat. stanford. edu/
~ donoho/Reports/2006/

Needell D, Vershynin R. Uniform uncertainty principle and
signal recovery via regularized orthogonal matching pursuit
[J]. Foundations of Computational Mathematics, 2008, 9
(3):317 -334.

Needell D, Tropp J A. CoSaMP:; Iterative signal recovery from
incomplete and Applied and
Computational Harmonic Analysis, 2009, 26 301 —321.
Blanchard J D, Tanner J. GPU accelerated greedy algorithms

inaccurate samples [ J ].

for compressive sensing [ EB/OL |. http://www. math.
grinnell. edu/blanchaj/ GAGACS. pdf

Candes E J, Wakin M B, Boyd S P. Enhancing sparsity by
reweighted €1 minimization [ J]. Journal of Fourier Analysis
and Applications, 2008, 14(5) . 877 —905.

Wipf D, Rao B. Sparse Bayesian learning for basis selection
[J]. IEEE Transactions on Signal Processing, 2004, 52(8) .
2153 -2164.

Chartrand R. Exact reconstruction of sparse signals via
nonconvex minimization[ J ]. IEEE Signal Processing Letters,
2007, 14 (10) : 707 -710.

Daubechies 1, DeVore R, Fornasier M. Iteratively reweighted
least minimization  for recovery [ J ].

squares sparse

Communications on Pure and Applied Mathematics,2010, 63

[62]

[63]

[64]

[65]
[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

(1):1-38.

Baron D, Sarvotham S, Baraniuk R G, Bayesian compressive
sensing via belief propagation [ J ]. IEEE Transactions on
Signal Processing, 2009.

Scherzer O. Handbook of mathematical methods in imaging
[R]. Springer, Springer Science Business Media, LLC.
Willett R M, Marcia R F,Nichols J] M. Compressed sensing
for practical optical imaging systems: a tutorial [ J ]. Optical
Engineering, 2011,50(7), 072601 :1 —12.

http://dsp. rice. edu/a2i

Wang Z L, Zhu J B, Yan F X, et al. Superresolution imaging
by dynamic single-pixel compressive sensing system [ J ].
Optical Engineering, 2013, 52(6), 063201 .1 -9.

Romberg J.
[J]. SIAM Journal Imaging Sciences, 2009,2 (4 ) 1098
—-1128.

Robucci R, Gray ] D, Chiu L K, et al. Compressive sensing
on a CMOS sensor [ C ]//
Proceedings of IEEE,2010,98(6) :1089 - 1101.

Huang G, Jiang H, Matthews K, et al. Lensless compressive
sensing imaging[ J/OL]. arXiv:1302. 1789.2013.
Wagadarikar A, John R, Willett R, et al. Single disperser
design for coded aperture snapshot spectral imaging [ J].
Applied Optics, 2008, 47 (10) : B44 - B51.

Gehm M E, John R, Brady D J, et al. Single disperser design

Compressive sampling by random convolution

separable-transform  image

for coded aperture snapshot spectral imaging [ J ]. Optics
Express, 2007, 15 (21) : 14013 —14027.

http://www. siom. cas. cn/xwzx/kydt/201308/120130814 _
3912010. html

Portnoy A D, Pitsianis N P, Brady D J, et al. Thin digital
imaging system using focal plane coding[ C]//Proceedings of
SPIE-IS&T Electronic Imaging, SPIE, 2006.

Milojkovic P, Gill J, Frattin D, et al. Multi-channel, agile,
computationally enhanced camera based on the PANOPTES
architecture [ C ]//Unmanned Systems Technology XII//
Proceedings of the SPIE, 2010.

http ://sites. google. com/site/igorcarron2/compressivesen-

singhardware



