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Abstract;

portant role in sparse representation and Compressive Sensing (CS) . Recently, beside sparsity, the structures that de-

Sparse decomposition algorithm is one of the hottest research topic in signal processing field and plays an im-

scribes the dependencies of sparse coefficients has been exploited to improve the accuracy of sparse decomposition algo-
rithms. It is called structured sparse decomposition algorithms. This paper will review the sparse signal model and structure-
d sparse signal model. After that, two sparse decomposition algorithms based on Bayesian framework are introduced and

their extensions to structured sparse signals are addressed. At last, the applications of structured sparsity in medical signal

processing and audio signal processing are respectively demonstrated.
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(c) An image, its wavelet representation and the histogram of the wavelet coefficients
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Fig. 1 Several Typical Sparse Signals
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Fig.2  Structured Sparse Signals
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Fig.3  Bernoulli-Gaussian Sparse Bayesian Model

BUAEFR AT C 200 3 LT i i 32 38 1 S B A S A
Y, Bl Bernoulli-Gaussian 5% 751 1 XL 0 45 Y AR 2 A2
DR A= FR B 2238 0 15 SRR AT IR R 1

p(0ly)=p(w,z|y)

ap(y | w,z)p(wla)p(z|n) (13)
WA TR, AT DLUHE R R 0 1 B RS B R AL T
(MAP) %520 F 3K M N T A LAk a)

|2+10g[ EE] e,
(14)

K1, 7 F Bernoulli-Gaussian F 55 D1 - 3 45 784 f% D1 it
N R DB IR OSBRI
13, Gamma-Gaussian 7 i A5 Y iR S50 AY , AE
Y Gamma SIS EN a,b—0 B}, 4L T Student-t 43177 ,
B A B 3t B i i 4 25 19 ) 68 T 7£ Bernoulli-
Gaussian i i B8 (7 B SG30 28 1 Beta 4341 (1 24K
FIAM, X EE AT CoSaMP % BP i #5455
AR TR B9 5, Tl iR e U
I B SEPREE o RIS, BT Beta SE50 171 53 1 76 i
A 200, R AE 20T (10) o AL E i 2 8 o, 1
Gamma SIS HL a, b WIARTE ZERBEAR /N DL U
BRI o
3.1 EF Bernoulli-Gaussian #& 2 5y & #9414 # B WA 1t

Hr i B

M 35T Bernoulli-Gaussian #5574 (14 45 #4) A6 75 55 D1 it
B R N AR 5 2 8 RIS R, X—4
55 Hy R A] K BEALI TE R AL B e i i 2L, AT DLKE

) DR

\6’, Q Y;

i=1,...,N Jj=L...M

C

(w,2)= argmin"" [y-A(woz)

W5 S8z RS , AL S50 w B8 IKBE” ) .
A4, 8 e bR5 5 A MO OC RIIT R Z A5 A
0L v 57 E5 JR AT R o, FRAT T W] AR 25 5 6 i i Rk
F S| AL R (B O T BN A S 1
7058 DL Sr 4 S, AT B e R bR 5 S 80 2
Bernoulli 4347

p(z, | m,)= Bernoulli(z, | n,)

B2 AR 4 i i 22 3k 0 AN ] D0 3R 22 8] i A G
F, FATAT DI ik oA HOCHK B G R B AR R TE B R
BEAE— 1Y Cluster, X5, HIBAEEICE 6, MIHALE
Cluster F1ERIRC R K 5 = D AHSE TR K R AT LA
I3 =TS A Y SR AR

(1) B0 Jr A AHAR (M) TT R AIAR S4B 2 0,
W2, BRIICER 60, Mbs S EARRBER E4ET 05

(2) BE 1 4RI B —A (M0 ST R i br 5
Z0;
(3) BE 2 r A ABSR (IR ) ST R bR S HB A 1,
B4, HHITTR 0, AR S TEAR KRR Fw%ET 1,

X TSR] SR AR AR, FRATT o — A i
FEBEPEA R S50 Bernoulli 43 :

., B0
m={m", B L (15)
m, B2,

o, AR BB S Hn  n" 0 4 B Beta
5341 (Beta 73-Afi iy Bernoulli 733 Y HL A5 ) »

p(ni<0> ‘ €<0> ’f'<0> ): Beta(ﬂ:fw ‘ e<0> ’f'<0> ) ;

p(m [ e f) = Beta(m" [e" f");

p(r? e /)= Beta(n™ [, f*) (16)
2, A TR LU i SRR 9 S8 e Y RBIA
Xof I AR 2 I PR S B 5, 9] ok T 0, mT Ak
Pr e < MRS A3 B FeB /R AT 3R
Y FHICR bR Sz, TEARKBER F R 0,

22 F iR, A 10] LK 3 F Bernoulli-Gaussian 5
TU R 25 A6 A A it A5 Y ] — > TR BLR Al R, an 1] 4
IR M BRAR 2 5] AT B R BUAS SR 1) ik, 3
BRSSP A R A
SCHRM T IR T 58 B 4 M s 0 5 5 14 P 0 R K
B HTSRATT 43 )2 DUt i AL, - HoR 2 850
WIS B S50 oA, 15 055 15 2 10 #5843 i 55
BRTEETLSEN .

TE T Bernoulli-Gaussian #5578 %) 4% #4 A6 75 i 455 54
AT AR B, Bernoulli-Beta B07 I 4 F R 5| A S5 4415
B ,iX— 5 Bernoulli-Gaussian fi B BURN[E . I,



fig

766

=3

VO 28 %

1E Bernoulli-Gaussian A5 7 fit) 45 4 75 iG55 450 80 v, A5 167
TR Y2 AT SR J2 i Gamma-Gaussian KRS 7), Bl 5
TF(9) F1(10) JBAZEL a,b N BEIBE/INAE

BRI 7 280 1/ o B9 30T A MR P o AR Al
DA S A 0 1 R s S Al 1 (MAP)
UTAL ST A T T i [ e«

(w,2) =argmin 3 |y - A(wen)],

2

+yla,b) gln(b + ”;J +d(z)  (17)

5 Bernoulli-Gaussian # B A58 19 i G Al (14) A~
], 207 (17 ) Ho g — T2 WL I DT BC 35 5 5 — 351 8 Gam-
ma-Gaussian I 5| AR IR RK T, NI S8 o, b F
BERPERUINE, AT S g 0 A, 73 Abw (a,b) =

cw%%zmawW%m%%mﬁw

¢(z) =Z¢(zi |z,)

Hez, 5528, KT, ¢ (2, [2,) TSRS
(15)-(16) =X 7 A ZEFE PR AL

cd

EO,fO

el er ¥

%

@;
a,b<>>@

Kl 4  K:F Bernoulli-Gaussian 155U fi{) 2% 46 A4 5 i 55 750

Fig.4 Bernoulli-Gaussian Structured Sparse Bayesian Model

{EUR Y B3R Bk 15 A 454 il it 2 i 5
AR RS LR i Z i, T Z TR Z A A R
R, [ F 2 e, f M P S 2 A5
P 2. IR, £ SCHR ) i, AT B2 i T — R
] B P 235 1 A 45 Y 3o Fof A TR B T JR) 78 Beta i 7
Bl FlR— N REH PR S EERD —1 R
# Beta J 2 7 AL 1Y, 1 T Beta 1 AR By HoAT KA

L
)

A S T K A R 5
sty BLRTEVE, T RS SRR, RS B
S
3.2 E-F Boltzmann Machine i) %5 % i sl
SCHRUY R T R AR AR 49 Boltzmann
Machine (BM) #5535 z 5] A G5 % i, 3% B AR s bn
53 2 2 BM J3Aii, B

p(z)= éexp(tTZ+;ZTDZ]

Horp,t o BM 20 (AT DL i 28 e 5 Bernoulli A 14
ZHn FH) L Z WA — AR D AR M. AT A
KB, 853 E AR A SCHERE D, B LLG LA TR 5
GRS o G R D AT RUAR 9 B B 1 B S e
ST s s ST R R AT PR
EATAS Lk

(18)

4 [A
41 FREMEBESHESEERREEESRE
Wtz e B P

25 W G 26 A 8 ) ( Wireless Body-Area Network ,
WBAN) (4 A5 (5 5 1) S P2 W 4 2 H i B 7 3 TR 4k
M —F LRI 0, BRI AR 734 5 th it R4t
JEH AR TFax—4 " R AR AR T X — 4
AR R (1) RATTRA N 0 8038 1 B9
BiH I (binary sparse matrix ) Sy f& J85H MR I, Js 45 14 2%
A LA A% B8 08 7N i 4 1 A S s 2 TG 28 4 358 4 1) g
TAARFE T T i e 9 RE S T 2 A S R F 5T 1Y
— A R (2) IR S R B, RS
TR NI H 45 AR A 400 238 R & T

R R 4 A% TR AR A 3X — U IS 1 AR AR
FRAE S DB URR R 50 7 it 1) A2 BT 5 (b An = {5 e bb
A SO B BG5S ) |, 508 JR) BRAE D BO UM R 3 ] %
Fo AR RGN T 2 A ME S (e
JEILOHEE S B EES) , UGE ARG T A
Rz &, X B8y (1) 48R 2800 A BAE
FRAEMEL RIS, RV 430 20 A8 4 e b (Huan/viE
BO SR OERRE o R A S AT LAY
J&— ] JE45 ( compressive ) A5 (R : SARAE 5 19 B
AICEEAEE B RADE—u R BEIEE, M4
KIS TCRIEE NZE) HIE i R A 1 HBR PR IER
RSB EWIEZTICR, MR NF R ITR LE
HERRIR A o ERE X T B m R W ok U, A BRAF 5 p
— SR AR ICR E R R EE WIS W bR, L AnTE



%5 6 1 h

HE 2 AR BN Z5 R AR i - DL 3 ik 767

L O L JEOGEIIG L OB 5 8 AR i
PR 7% LR AR IR S 00, (2) 4 BRAE 5 vl A%
PR Z )G, 8 TR EAEN — R NE S
PRASEARON o LAY 22 30 10 i LA A% i 2 e AR
LRV 2 e W T B AT S A AT I

& o R IBUBCOGER Y il 7 o3 B SRS FEEAT B
FBEITIZ W, X860 SR 4 1 B R BRI 52 B 1
A FAE 5 R TS LR, TTAS 43 2R AT AT 240§l 114 D
JERR AR, A& W) JC wE JE AT JE 4k 1 5 S Ak A BE Y
i,

DA b A PR 2R S 0R R 400 e TR 0 BE 08 LA A i Joit &
PR AR 5 808 AT R4 15 5. Mk FATHT A, By
T BSBL SR A6, B i A AT o] — A R 4 1 IR 1
X — o T ORFAHE 45 Hh BSBL 5312 fiff e ix —
SRS LA FRNE BT XS FHCE

TG4 BSBL Bk S 3G L0 WA 5 W R 46
%o AR, F A1k A BSBL HEZ2 h 1) BSBL-BO
(R

K5 (a) g5 i — BOR AR BN 5 i 6 L0 i S 5
(BB [ :http: // www. esat. kuleuven. ac. be/sista/ dai-
sy) o AR ER ] G 0 W Ry BRSO HLAE S 1 QRS AR
OFo TIAMEEAS /NS BRAE S 80 AR A SIS
200 AR FE BT, AT 23 006 R iR LG HLE S Y
QRS BL4) , W2 FRAT EL I B R 15y o A X B i
B 0, AL R A4 125%250 4/ binary i
B IRGERE I Ao A hEE—2IUA 15 MICR A 1,
HRITRA N 0, B 0 Fl AHGH] T EANES y=
A0, y 24 TCL MK 1% 3 RE T WL 2 0ok B0 ) o
LAL A BN AR PR T i 7E1Z % i , BSBL-BO 817
FAa i y AL g B I A A EUR iR L O
HifE5 0, EI5(b) BIREMZR, WA, RILLHBIE
S QRS I3 BAR 7 09K 52 i ok, B S5 (e) 5 Y
BSBL-BO A FHH N ARG &5 53 . i, i LGt
55 QRS JRAANRE 58 IR A ok, X WY 1R ]
AL EPS S

FEX A5, BSBL-BO Sk AR ¢ 0 R L& 732
10 DY BN REL S 25 A0 . AR AR 43I
PG 0 R LSR5 (W E S (a)) . HEZF E
BSBL B33 I AN B2 3 b He R 43 FE 5 18 1 5 1 e )
330 AR Y B3l g3 v AR R — B S (reg-
ularization) , SRR B A AN [F] Hed] 43 25 7 A PERE 1Y —
B NS AL R A R RE X B R 40 I AN U
X — G AT U B DAl 31 e S Bk
R

original fetal ECG signal

50 100 150 200 250

BSBL-BO exploiting intra-block correlation
— : : —

o] 1

VA R u—— )

L9 of . . o\
50 100 150 200 250

BSBL-BO igorning intra-block correlation
o |

50 100 150 200 25(

K5 UGG LG RLIE (a) FIRT BSBL-BO ik
WIZHIIG LK . i (b) J& BSBL-BO
FIFHB AR RNERYAE A, () AR B AR A 25 R
Fig.5 The original Fetal ECG signal (a) and its reconstruction
from compressed measurements by BSBL-BO considering intra—block

correlation (b), and ignoring intra—block correlation (c)

FE R HO , FRATTH A 1 75 Fb A 8 1k 1) 1 4 1% Sk G
WKL IR G55 . B CoSaMP™ | Elast-
ic Net'™ ,SLO™  Block-OMP"? | StructOMP"™' | 11 BM-
MAP-OMP'""  H:rb i = AR F AT 45 #0005 B, 5 =
FFIA T Hegs k(5 B, Bk S5 g ™ . |e
ST XEERIRE AR, B, ITA NELEA
RERLIIIR B R LD B S 510 QRS 1%,

XA -1 T 0 UL B T BSBL B30 AH H A 5
rE IOy e O [ 11 KR T IS N N A s P e R S
HSZ BSBL Bk (W Beam AS 1k X 26 FRATT AT U
i ARG S A B R A T B R B L — R
G5 S AL BRI RS . — BAIRE 55 s A
A W AL R D 2 3 B A 1 £ 5 b 7 A A R 1) R
# . AT W58 BSBL 2 15 FOE A7 B Fm B W 45
BEI P, 16 2 ) i L B AR S AR LA
AT T — RS % . 51, BSBL-BO {8 E £
HIEMAES (RILOBE, KB ES5%) , RIGTE
XTI 2238845 5 R T R M5 5 A0 B (LG gk 57 43
W) B AAE T RE L R R E RN £ 8
TE A A 5 AT [RIRE A 2 A o A B 753 5 b — 4
255 . e R MIR A IR A G5 . &R ER
XK FAF I AT T L — B — . X A4 R Ul



i %

768

=5

VO 28 %

T BSBL-BO S3ATEMSZ AR H g 19 4R BRAE 5 v, AT LAAR
TEAR o K B2 I, 0 s e M 42 A B2 S 742 W B AT S B

(a) 0.1F A
0 ) ”ll lu‘. AL DA DA fafl Al “ ul
50 100 150 200 250
o ——
(®) 01f i | n ;ﬂ,« ]
-0.1-""" vav v‘ v””.” quT W
50 100 150 200 250
0.2 T ;
(C) A, PM A [ TR A
O WMWMWM‘WVNW W

50 100 150 200

BB E o FRATT T AE A S8 ()85 D06 15 U BSBL 25 4% Fh 4%
M AR 7 34 e A 3k — ST AR5 32 0

ok |l
@ 0 ..nululv'_wlllll |n'“l.lh v a b
NI G L 4
50 100 150 200 250
(e) é?_{\ | . | IP\
WS Y
50 100 150 200 250
ool B
ol AL i
50 100 150

200 250

K6 NEMRFENEBERIKE BILE 5 (a) CoSaMP, (b) Elastic Net, (¢)SLO, (d) Block—OMP, () StructOMP, (f) BM~MAP-OMP
Fig. 6  Reconstruction results via the following six typical algorithms

(a)CoSaMP, (b) Elastic Net, (¢)SLO, (d) Block—-OMP, ( e) StructOMP, ( f) BM—MAP-OMP

4.2 EEEFESHE

NEHE & IR AT A R A E A5 S T B R 2 A
PR I IE 5245 5 TR B A LAY, DR g B AR5 5 5 1
IR AR I, (ERE S R 72 A 4 (MDCT) |, 3
1AL LUK 5 15 5 22 e SR 0, AR R % A
SR H Y, AL GE M MP3 IR 45 £ ARt 2 T X AN R
B TR, o TR BER s E T R A B R
TEGH T (R 5 7R (R HA I R IR
W7 B SCHR™ BT R Rk R AR T A e (i
TE MRS, SCHR U R A M R T I
PRGNS S L S VR RE o DR, FRATT AT LA i
FAG SN R —RRELSW LS, AR AEE S
AR v 25 R SRS A A i 5, SR %L T Bernoul-
li-Gaussian JRALEH MBI IK B 535 0 16 155 IR
PERE , AT 156 T 45 KA P g 1 X 34 8 s 4 R R R A2 1

RERIRT o
FEZ5ATRT DU T T A kM A
y=®x+€ (19)

Horp @ e R™ R B [ 38 3 AT LAURE Xk v 30T B AL
FEFEy € R M IEZEIE: , € R T30, x e R 45
WG5S, Bk x B2MEi(E S, 7T UL Y 76k
ik B x=w0, BA(19) X, /T LIS 2
y=®P0+€E=AQ+€ (20)
T2, I ® 5 5 KA R /A TR

R B4 ] IGIER [ A=W 5 2 RIP PE5%, H.
g 2235 0 1] LhgE— i o

TR & S48 O b, oM B Rk Y € LN
DCT A2 450 [, IR AR 4815 5 155 AR B SR AP o
AR EIE SR S MR E TERE. &l 8 iR, CluSs-
MCMC™ | CluSS-VB™' | MBCS-LBP'®" 3 75 5 i 114 i
filh Bl T SRAE AL PR 5, T A Ao B3k DS AN 2
& T RS TEAR R A g e g R W IRl i 2% IR AE
SR E RN ZE R AT DR K H S5 5 iR RS B

0.4F
0.2+
0
-0.2f

noa
-U.4[

Amplitude

Frequency(kHz)

Time(s)

7 —BE RS RIHE KA

Fig.7 A clip of musical signal and its spectrum



%6 1 P B AR BN E R R - DU S i 769

Original Signal

Q Q

= =

Q [}

> =

153 g

i =

Time(s) Time(s)
CluSS-VB,SNR=17.4 MBCS-LBP,SNR=20

N N
) )

> >

Q Q

= =

o 2

=3 &

a2 2
[+ =

§ N

) )

2 2

= =

2 2

IS =3

e &

43 =

Time(s) Time(s)
CoSaMP,SNR=12.4 Block-CoSaMP NF,SNR=12

é? N

Z Z

= S

Q Q

= =

Q Q

= =]

IS =3

e 2

2 =

Time(s) Time(s)
P8 R[S M40 P S S T (5 5 1B 3« ClusS-MCMCT ), ClusS- VB MBCS-LBP®7
BP!®! , Bayesian ¢S CoSaMP!™) | Block -CoSaMP!??!
Fig.8 The spectrums of reconstruction results from the following algorithms: CluSS—-MCMC *! | CluSS-VB!#! |
MBCS-LBP®! BPI$3] Bayesian CS!'7) | CoSaMP!™) | Block—CoSaMP!??]
5 sk SR EE , T L RE A A R T 2R 8 (B A g ke
ISy =|

GERAD) ZIH A G . DRI, B T 254 L7 B A A

UEAEK B AR A B BT S R T2 RTE . fE(F SR i, A TRENE— B 8 & (5 B 1 JE 45 %, 1
ASOME 5 BB R 80 T M BB AERE  Ykor A GE TR B IS I B R B A LB
ERAR A . SRR R AN OURE RO T B SR A L B s 7R R S 1 R A T g



770 fa & & M 4528 %
%%‘W(E%{i E‘J*‘ﬁﬁﬁ LS e, T g5 4 AL 5 40 i compositions [ C] // 2006 IEEE International Conference
BN R DN, RS D8 0 A, il on Acoustics Speed and Signal Processing Proceedings.
0 25 2 LR WL 26t 2 I R H1 2 , 7 IEEE, 2. 11-1060-11-1063.

37 KT H RS [5] 1 R 55 D I B A R (i 25 K Ak S 55 DL [13] Lustig M, Donoho D L, Santos J M, et al. Compressed

TR I H 3 AT 53 9 ol v 4 i T I 2 Sensing MRI [ J]. IEEE Signal Processing Magazine,

S ARSI 5 5 A U T AR (R 2008,25(2) 72-82.

[14] Quer G, Masiero R, Munaretto D, et al. On the interplay

5% 30k between routing and signal representation for Compressive

(1] Donoho D L. Compressed Sensing[ J]. IEEE T. Inform. Sensing in wireless sensor networks[ C] // 2009 Informa-
Theory. ,2006,52(4) :1289-1306. tion Theory and Applications Workshop. IEEE ,2009 ;206-

[2] Candes E J,Wakin M B. An Introduction To Compressive 215,

Sampling[ 7. TEEE Signal. Proc. Mag. ,2008.,25(2) : [15] Haupt J, Bajwa W U, Raz G, et al. Toeplitz compressed
21230, sensing matrices with applications to sparse channel esti-

[3] Unser M. Sampling-50 Years after Shannon[ J]. Proceed- mation[ J]. IEEE T. Inform. Theory. , IEEE, 2010, 56
ings of the TEEE,2000,88 (4) :569-587. (11) :5862-5875.

[4] DeVore R A, Jawerth B, Lucier B J. Tmage compression [16] Bajwa W, Haupt J, Sayeed A,et al. Compressive wireless
through wavelet transform coding[ J ]. IEEE Transactions sensing| C] // Proceedings of the fifth international confer-
on Information Theory,1992,38(2) :719-746. ence on Information processing in sensor networks-IPSN

[5] Fadili M J,Starck J L, Bobin J,et al. Image decomposi- "06. New York, New York,USA: ACM Press,2006:134.
tion and separation using sparse representations: An over- [17] Tipping M E. Sparse Bayesian Learning and the Relevance
view[ J]. Proceedings of the IEEE, IEEE,2010,98(6) : Vector Machine[ J]. J. Mach. Learn. Res. , JMLR. org,
083-994. 2001,1:211-244.

[6] Bertalmio M, Vese L, Sapiro G,et al. Simultaneous Struc- [18] Ma J. Single-Pixel Remote Sensing[J]. IEEE Geosci.
ture and Texture Image Inpainting[ J]. IEEE T. Image. Remote. S.,2009,6(2) :199-203.

Process. ,2003,12(8) :882-889. [19] Dai D,Yang W. Satellite Image Classification via Two-Lay-

[7] Elad M,Starck J-L, Querre P, et al. Simultaneous Cartoon er Sparse Coding With Biased Image Representation[J].
and Texture Image Inpainting using Morphological Compo- IEEE Geoscience and Remote Sensing Letters,2011,8(1) :
nent Analysis (MCA) [J]. Applied and Computational 173-176.

Harmonic Analysis,2005,19(3) ;340-358. [20] Wakin M B. The Geometry of Low-Dimensional Signal

[8] Huang K, Aviyent S. Sparse Representation for Signal Models[ D]. Stanford University,2006:167.
Classification[ C] //NIPS. 2007 :609-616. [21] Candes E J. The Restricted Isometry Property and Its Im-

[9] Huang T. Linear spatial pyramid matching using sparse plications for Compressed Sensing[ J]. Comptes Rendus
coding for image classification[ C] // 2009 IEEE Confer- Mathematique, Elsevier,2008,346(9-10) :589-592.
ence on Computer Vision and Pattern Recognition. IEEE, [22] Baraniuk R G,Cevher V,Duarte M F, et al. Model-Based
2009 :1794-1801. Compressive Sensing[ J]. IEEE T. Inform. Theory. ,2010,

[10] Wright J,Yang A Y,Ganesh A et al. Robust Face Recogni- 56(4) :1982-2001.
tion via Sparse Representation [ J]. [EEE T. Pattern. An- [23] Vetterli M, Marziliano P,Blu T. Sampling Signals with Fi-
al. ,2009,31(2) :210-227. nite Rate of Innovation[ J]. IEEE T. Signal. Proces. ,

[11] Lustig M,Donoho D L, Pauly J M. Sparse MRI: The ap- IEEE,2002,50(6) :1417-1428.
plication of compressed sensing for rapid MR imaging [24] Blumensath T. Sampling and reconstructing signals from
[J]. Magnetic Resonance in Medicine, Wiley Online Li- a union of linear subspaces| J]. Arxiv preprint arXiv:
brary,2007,58(6) :1182-1195. 0911.3514,2009.

[12] Escoda O D,Granai L,Lemay M, et al. Ventricular and [25] Yu G,Mallat S, Bacry E. Audio Denoising by Time-Fre-

Atrial Activity Estimation Through Sparse Ecg Signal De-

quency Block Thresholding[ J]. TEEE T. Signal. Pro-



%5 6 1 h

HE A I B 25 R AL - DL 05 05

771

[26]

(27]

[28]

[29]

(30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

(38]

(39]

[40]

ces. ,2008,56(5) :1830-1839.

Fevotte C, Godsill S J J. A Bayesian Approach for Blind
Separation of Sparse Sources[J]. IEEE Transactions on
Audio, Speech and Language Processing, IEEE,2006, 14
(6):2174-2188.

Eldar Y C, Kuppinger P, Bolcskei H. Block-Sparse Sig-
nals; Uncertainty Relations and Efficient Recovery[J].
IEEE T. Signal. Proces. ,2010,58(6) :3042-3054.

He L, Carin L. Exploiting Structure in Wavelet-Based
Bayesian Compressive Sensing[ J]. IEEE T. Signal. Pro-
ces. ,2009,57(9) :3488-3497.

Cevher V,Hegde C,Duarte M F,et al. Sparse Signal Re-
covery Using Markov Random Fields[ C] //NIPS. 2008.
Cevher V,Indyk P,Hegde C, et al. Recovery of Clustered
Sparse Signals from Compressive Measurements [ C] //
Int. Conf. on Sampling Theory and Applications ( SAMP-
TA).2009.

He L, Chen H, Carin L. Tree-Structured Compressive
Sensing With Variational Bayesian Analysis[J]. IEEE
Signal. Proc. Let. ,2010,17(3) :233-236.

Baraniuk R G. Optimal tree approximation with wavelets
[ C] //SPIE proceedings series. 1999 :196-207.

Paisley J, Carin L. Nonparametric Factor Analysis with Beta
Process Priors[ C] //ICML. New York, NY,USA:ACM,
2009.777-784.

Ji S,Dunson D, Carin L. Multitask Compressive Sensing
[J]. IEEE T. Signal. Proces. ,2009,57(1) :92-106.
Cotter S F,Rao B D, Engan K, et al. Sparse solutions to
linear inverse problems with multiple measurement vectors
[J]. TEEE T. Signal. Proces. , IEEE, 2005,53 (7):
2477-2488.

Vaswani N, Lu W. Modified-CS: Modifying Compressive
Sensing for Problems with Partially Known Support [ J].
IEEE T. Signal. Proces. ,IEEE,2010,58(9) :4595-4607.
Vaswani N. LS-CS-Residual (LS-CS) ; Compressive Sens-
ing on Least Squares Residual[ J]. TEEE T. Signal. Pro-
ces. ,2010,58(8) :4108-4120.

Jacques L. A Short Note on Compressed Sensing with Par-
tially Known Signal Support[ J]. Signal Processing,2010,
90(12) :3308-3312.

Lu Y M,Do M N. A Theory for Sampling Signals from a U-
nion of Subspaces[J]. IEEE T. Signal. Proces. , [EEE,
2008,56(6) :2334-2345.

Jenatton R, Audibert J] Y, Bach F R. Structured variable

[47]

(48]

[52]

selection with sparsity-inducing norms[ J]. Arxiv preprint
arXiv:0904. 3523 ,2009.

Bach F R. Structured sparsity-inducing norms through subm-
odular functions[ J]. Arxiv preprint arXiv;1008.4220,2010.
Yu L, Barbot J-P P,Zheng G, et al. Bayesian compres-
sive sensing for cluster structured sparse signals[ J]. Sig-
nal Processing,2010,92(1) :259-269.

Yu L, Sun H, Barbot J-P, et al. Bayesian Compressive
Sensing for Clustered Sparse Signals [ C] // Proc. IC-
ASSP. 2011 :3948-3951.

Duarte M F, Wakin M B, Baraniuk R G. Wavelet-domain
Compressive Signal Reconstruction using a Hidden Mark-
ov Tree Model[ C] //Proc. ICASSP. 2008 :5137-5140.
Eldar Y C,Bolcskei H. Block-sparsity ; Coherence and Ef-
ficient Recovery[ C] //Proc. ICASSP. 2009 :2885-2888.
Zhang 7, Rao B. Sparse signal recovery with temporally
correlated source vectors using sparse Bayesian learning
[J]. IEEE Journal of Selected Topics in Signal Process-
ing,IEEE,2011,5(5) :912-926.

Wipf D P,Rao B D,P. Wipf D, et al. Sparse Bayesian
Learning for Basis Selection[ J]. IEEE T. Signal. Pro-
ces. ,2004,52(8) :2153-2164.

Donoho D L, Elad M. Optimally sparse representation in
general (nonorthogonal) dictionaries via \ell_1 minimiza-
tion[ J]. Proceedings of the National Academy of Sciences
of the United States of America, National Acad Sciences,
2003,100(5) :2197.

Wipf D. Sparse Estimation with Structured Dictionaries
[C]//NIPS.2011(2) :19.

Wipf D, Nagarajan S. lterative reweighted \ell_1 and \ell _
2 methods for finding sparse solutions[ J]. IEEE Journal
of Selected Topics in Signal Processing, 2010,4 (2):
317-329.

Candes E J, Wakin M B, Boyd S P. Enhancing sparsity
by reweighted \ell_1 minimization[ J]. J Fourier Anal Ap-
pl,2008,14:877-905.

Wipf D, Rao B. Latent variable Bayesian models for pro-
moting sparsity[ J]. Information Theory, IEEE Transac-
tions on,2011,57(9) :6236-6255.

Zhang Z, Jung T-P,Makeig S, et al. Low energy wireless
body-area networks for fetal ECG telemonitoring via the
framework of block sparse Bayesian learning[ J]. Arxiv
preprint arXiv:1205. 1287v1,2012.

Wan J,Zhang Z, Yan ], et al. Sparse Bayesian Multi-Task



772

528 %

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

Learning for Predicting Cognitive Outcomes from Neuroim-
aging Measures in Alzheimers Disease[ C] // CVPR. 2012.

Zhang Z,Jung T-P,Makeig S, et al. Compressed sensing
of EEG for wireless telemonitoring with low energy con-
sumption and inexpensive hardware [ J ]. accepted by
IEEE Trans. on Biomedical Engineering,2012.

Makeig S, Kothe C,Mullen T,et al. Evolving signal pro-
cessing for brain-computer interfaces[ J].

the IEEE,2012,100:1567-1584.

Proceedings of

Neal R M. Bayesian learning for neural networks [ M].
Springer,1996.

Babacan S D, Molina R, Katsaggelos A K. Bayesian Com-
pressive Sensing Using Laplace Priors[J]. TEEE T. Im-
age. Process. ,2010,19(1) :53-63.

Yuan M, Lin Y. Model selection and estimation in regres-
sion with grouped variables[ J]. Journal of the Royal Sta-
tistical Society: Series B ( Statistical Methodology) , Wi-
ley Online Library,2006,68 (1) :49-67.

Zhang 7 ,Rao B D D. Extension of SBL Algorithms for the
Recovery of Block Sparse Signals with Intra-Block Corre-
lation[ J]. Arxiv preprint arXiv:1201.0862,2012.

Rao B D, Zhang Z, Jin Y. Sparse signal recovery in the
presence of intra-vector and inter-vector correlation| C] //
International Conference on Signal Processing and Com-
munications. 2012.

Zhang 7 ,Rao B D. Exploiting Correlation in Sparse Sig-
nal Recovery Problems: Multiple Measurement Vec-
tors, Block Sparsity, and Time-Varying Sparsity[ C ] //
ICML 2011 Workshop on Structured Sparsity: Learning
and Inference. 2011.

Zhang Z, Rao B D. lterative reweighted algorithms for
sparse signal recovery with temporally correlated source
vectors[ C] // Proc. of the 36th International Conference
on Acoustics, Speech, and Signal Processing ( [CASSP
2011). Prague, the Czech Republic:2011.

Tang G,Nehorai A. Performance Analysis for Sparse Sup-
port Recovery [ J]. IEEE Transactions on Information
Theory,2010,56(3) :1383-1399.

Wipf D P, Rao B D. An empirical Bayesian strategy for
solving the simultaneous sparse approximation problem
[J]. IEEE Transactions on Signal Processing,2007,55
(7):3704-3716.

Chen B, Paisley J,Carin L. Sparse Linear Regression with
Beta Process Priors[ C] //Proc. ICASSP. Dallas, Texas,

[67]

[71]

[76]

[77]

USA :2010:1234-1237.

Soussen C, Idier J, Brie D, et al. From Bernoulli-Gaussian
deconvolution to sparse signal restoration[ J ]. Signal Pro-
cessing, IEEE Transaction on,2010,59(10) :4572-4584.
Herzet C, Drémeau A. Bayesian Pursuit Algorithms[J].
submitted to IEEE Trans. on Signal Processing,2012.

Yu L. Reconstruction du signal ou de 1’ état basé sur un
espace de mesure de dimension réduite, Signal state Re-
construction from Lower-dimensional Measurements| D ].
University of Cergy Pontoise,2011:164.

Thibaux R, Jordan M I. Hierarchical Beta Processes and
the Indian Buffet Process| C] // International Conference
on Artificial Intelligence and Statistics. 2007.

Faktor T,Eldar Y C,Elad M, et al. Exploiting Statistical
Dependencies in Sparse Representations for Signal Recov-
ery[ J]. IEEE Trans. on Signal Processing, 2012, 60
(5) :2286-2303.

Faktor T,Eldar Y C,Elad M. Denoising of image patches
via sparse representations with learned statistical depend-
encies[ C] // 2011 IEEE International Conference on A-
coustics, Speech and Signal Processing (ICASSP). IEEE,
2011 .:5820-5823.

Eduardo C, Adrian P O, Pedro S. Implementation of com-
pressed sensing in telecardiology sensor networks[ J]. Inter-
national Journal of Telemedicine and Applications,2010.
Dixon A M R, Allstot E G, Gangopadhyay D,et al. Com-
pressed sensing system considerations for ECG and EMG
wireless biosensors[ J]. IEEE Trans. on Biomedical Cir-
cuits and Systems,2012,6(2) :156-166.

Mamaghanian H,Khaled N, Atienza D, et al. Compressed
sensing for real-time energy-efficient ECG compression on
wireless body sensor nodes[ J]. IEEE Trans. on Biomed-
ical Engineering,2011,58(9) :2456-2466.

Calhoun B H, Lach J, Stankovic J, et al. Body Sensor
Networks: A Holistic Approach From Silicon to Users
[J]. Proceedings of the IEEE,2012,100(1) ;:91-106.
Milenkovic A, Otto C, Jovanov E. Wireless sensor networks
for personal health monitoring: Issues and an implementa-
tion[ J]. Computer communications, 2006,29 (13-14) .
2521-2533.

Makeig S,Bell A J,Jung T P, et al. Independent Compo-
nent Analysis of Electroencephalographic Data[ C] // Ad-
vances in neural information processing systems. 1996 .

145-151.



%6 1 £

HE A I B 25 R AL - DL 05 05 773

[79]

[80]

[81]

[82]

[83]

[84]

[85]

Needell D, Tropp J A. CoSaMP; lterative Signal Recovery
from Incomplete and Inaccurate Samples [ J]. Applied
and Computational Harmonic Analysis, 2009, 26 (3):
301-321.

Zou H,Hastie T. Regularization and variable selection via
the elastic net[ J]. Journal of the Royal Statistical Socie-
ty : Series B,2005,67(2) :301-320.

Mohimani H, Babaie-Zadeh M, Jutten C. A fast approach
for overcomplete sparse decomposition based on smoothed
L0 norm[ J]. TEEE Trans. on Signal Processing,2009 ,57
(1):289-301.

Huang J,Zhang T, Metaxas D. Learning with Structured
Sparsity[ C] //ICML. Montreal, Quebec, Canada:2009.

Candes E J,Romberg J,Tao T. Robust Uncertainty Princi-
ples: Exact Signal Reconstruction from Highly Incomplete
Frequency Information[ J]. IEEE T. Inform. Theory. ,
2006,52(2) :489-509.

Yu L, Barbot J-P, Zheng G, et al. Compressive Sensing
for Cluster Structured Sparse Signals: Variational Bayes
Approach[ R].2010.

Chen S S, Donoho D L, Saunders M A. Atomic Decompo-
sition by Basis Pursuit[ J]. SIAM Journal on Scientific
Computing, Society for Industrial and Applied Mathemat-
ics,1998,20(1) :33-61.

EE =T

P HE(1954-) AR TR, A
PR (B4 RO ) 345 T
LA, B RO i 715 BB
B, RN, RIS 0 I GEHE
SREBE A I fE T A B AN REAS S AL
H#, E-mail ; hongsun@ whu. edu. cn

TKREMR(1980-) , 3, A4 TR, LT
TR 25 W AF 4345 ( University of Cal-
ifornia, San Diego) H T 5T E ML T %R
YUl 2% 07,2002 AR F B FRHE R
E 28R e L AN S 2 0 S B ISR
HHree o] AR S IR, B 50, B

FAE S, -l O, E-mail ; 24zhang@ ucsd. edu

& F(1985-) 5B, A F e te,
2006 4EEY F 2RI K 2% L5 B AE B gk
22,2012 AEEAE TR 2E /L 1R
BB B I v [ [ ST v AE N LT A
(ENSEA) #RAH 22 (BB R 97) , B
Tk EE LUK & 3h B 5T B (IN-

RIA-Bretagne Atlantique) -+ J5 0F 5% 51, 3 ZWFFE 50N
B T AL B 4 A 5 1% 22 R AR B

E-mail ;lei. yu@ inria. fr



