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Abstract: The Compressed Sensing (CS) Multiple Measurement Vector (MMV) model is used to solve multiple
snapshots problem with the same sparse structure. MUItiple SIgnal Classification (MUSIC) is a common
method in traditional array signal processing applications. However, when the number of snapshots is below
sparsity performance will be dramatically deteriorated. Kim et al. derive a modified MUSIC spectral method
and propose a Compressed Sensing MUSIC method (CS-MUSIC) combining the compression reconstruction
method and the MUSIC algorithm, which can effectively overcome the problem of insufficient snapshot number.
In this paper, Kim et al.’s conclusion is extended to the general case, and a Modified MUSIC (MMUSIC)
algorithm is proposed based on the traditional MUSIC method and the CS-MUSIC method. The simulation
results show that the proposed algorithm can effectively overcome the shortage of snapshots and has a higher

reconstruction probability than the CS-MUSIC algorithm and the compressed sensing greedy algorithm.

Key words: Compressed Sensing (CS); Multiple Measurement Vectors (MMV) model; Jointly sparsity; MUItiple
SIgnal Classification (MUSIC)

Vol. 40No. 11
Nov. 2018

1 5§

JE45 1351 (Compressed Sensing, CS)! 4 AR AT
DA/ B R BCR AR R A5 5 I s R, ROy
BRI, BETCHRATZMNHP Y EH
IAAE 5 A ER AT 193 78 75 7] (Direction Of Arrival,
DOA)GTHIRLF A, e 247 8 S 0l ek 78— e g A
8% & 7 & (Multiple Measurement Vector,

ks H: 2018-01-02; £lml HI: 2018-06-04; MIZ&HfR: 2018-07-18
MEEIES: B9 huqiang0424Qqq.com

MM V)RS, R 1) Sk 8 77 1) A o 38 4 i s T
] ) /b BTG, ANEOGERI A N0, XAk
KW TT IR BN A B AE T, JER FHCSE M+
AHATDOAG . CHR[12) ¥ fEH 2 EE 5 0k
(Multiple Signal Classification, MUSIC) &%
J& B CSE A AU, (H7E P HOIK T 5% B FE i,
MUSICH % Ge SRl T R SCRR[14] 4 MUSIC
FOEMCSH RS &, 1R H R4 EIMUSIC(CS-
MUSIC) &2, AR 7 MUSICHEIEE P Eud
DS TEREFE . SCHER[15]7E CS-MUSTC R 7% B fil


http://radars.ie.ac.cn/CN/10.11999/JEIT180001

FE11

W =& ZNE A ER TR IEMUSICH 2585

b, HZEEBESARE CST & Bk R BT 7 %
&, RHEHET ZEWSKIMUSICH %, HixFE %
FUOERER T BEAE RS 54 Y Sk, Ffadt
T2, SBOFEEREE KR, A, Ef—
LeTTVE, WA TR, DI RN S
TiEIAE, M TR MMV R 8, H 5
FEBIEUK

CS-MUSICEERH SR WP ER 7y, —H8 7>
KANFEENK — L, FACSEMFIEWE, FI&HD
MM IEMIMUSICIE AR S, X KONBE, LR
A8 AR SCHR 14 858 e 2= — s e, B
FFHMUSICE 3R o(g € [K — L, L — 1))/ CFEAbR,
Pl 4535043 FAB IEFIMUSICIE T VAWK S, ¥ 1X Fh 7
BN IEMMUSIC(Modified MUSIC,
MMUSIC) 5. i 545 REWIMMUSICH LA A
ROE iRt A 2 1 &, I B R A& T CS-MU-
SICHEA Tr AL L R 122 VLA (Simultaneously
Orthogonal Matching Pursuit, SOMP) 1] 14
2 [E4REAFE S RRIRIE

B ¥ M T ARG 21 4 W 32 ) 15 5 O KA
WEIETT )2 EOGER 1), 7RI 2 n B 51 42 SOHOH 1 R
AR N

y(n)=Az(n)+n(n), n=1,2,---, L (1)
A, ye RMWIURBRES, ne RWZMINE
L REECAEBTARE, A e RYWVREESIR
TEAERE, WTRRA

A = [a; (wy) , a2 (wo) , -+, an (wo)]
a;(wo) = [exp (—jwoTi) , exp (—jwotaq) , -+,
€xp (—j onMz')]T (2)

Tomi = % (m — 1) dsin (6;)
m=1,2, M, i=1,2-- N
XELPat, NASEMER S, dNFETT
B, NP EE. HEWNE Sy A
FH G H B

Ry, = E[yy"] = E[(Asws+ n) (Aszs+n)"]

= AsE [wgwg] As+ 021 = AsR,, Ag + o1

(3)
K, B[RRBAHE, ol RN~ )2,
SERNE T IS, TeRWMERBLLRE,
AGRINAESE A ST A RR S N A T ) 51 2 ) 74
W, mgRon B ST AR FRXT B aff) 78 R ALK 115
Fo K1) BN

Y=AX+N (4)
o, N eRME g W mE R BE, X =
(1), z(2),x(L)] c R RNESHIE, &E
x(n),n=1,2, -, LEAHFKEHEE Y e R
ALINAE B4R . AR 3R (4) AT+ 5 R, I A T 1H
R, — % VYT RS S R i

R,=UXU'=UX U+ U2, U (5
Hip, U, e RV EHU, e RMWM=K) 45 5] Yy (5 5
T (A RIS A ], SRS R X A RE . X
(5) P A AU, , A5

fnodi ' )

=

AsR,,AYU,+ 02U, =02U, (6)
A5IAsR,, AcU, =0, FNAGR, FEWHFLI, MM
AU, =0 (7)

SCHR[12) R BE ok R 25 HMUSICHE R A (3 1E),  Bp
fi=alU,U,a; (8)

X a R IR RE A EE B, e [1, N], FikiX
K%%¢%%@ﬁﬁﬁ@%%ﬁ@%ﬁﬁiﬁﬁo
ks b, AMMVEERS M HER, RKER,,,
ST KRN BERE AR, SCHEEAL AR AL 3
MR EUE K T0.

3 {&IERIMUSICE:%

MUSICH 3% B 1 bR 50AEL 760 /)N A 97 A A
AIREJE T304, HERIAECA 2 (L < K) M
T, HMEAGR, AERFRE, RXEEFIER(T) XA
— € L, AFMUSTC RV TG v 3k 45 HE 1 1) 15 Al
e M (4) 2 JWNAE S Y i 2l M = A0
I 7 24 i, BRI

Y=B+N (9)
XA, B=AXKRAWINE S, ZH

R(B)=R(U,)=R(U,)"=N(U, (10)
R()FREMZ BEN, () F#rELIFNE
B, N()RNHEMEERE. 2 555X 8
H£H
S =supp (X) := {i| | X'||, #0,i=1,2,---, N} (11)

A, XPRRHEREX AT, ||| R &
e, HIS =K. TH#ESFBERNMUSICHE K%,
RN SAERE X B ZIAH B ANAL, D) 31 AT
EIEL R I AE B A 2 RIP & 10 <
bor—p(A) <1, M4
spark (U A) = K — p (12)

H, pe[L—-1,K—1], spark () 3R FE i/
MR R BIFHL



2586 B 7 5

{%‘ PNy

B ok %406

WERR ()& AFE— Nz e RV {0} 13
UrAz =0,|z|,< K—-p Hfpe[L-1,K-1]
KA UlAz=0, W HAze N(U,)=R(B),
KIWAFET € R(B), flif3Az = Az Hsupp (z) =
supp (z), T7A(z—2)=0,|z—2zZ||, <K+ K
—p=2K —p. RN AE AW LRIP KM
0<dr,(A) <1, MHz=2, Mifisupp(z) C
supp(X). XAz e R(B)=R(AX), W AfF1E
— MyeR(X) fff BAz= Ay , X F
UTAz =0 H|z|, < K — p 76 # 20 < dox_, (A)
<1HEZER(X) .

(2) BUE R TR T2 € R (X)\ {0} #]|z|, >
K—p. &z, < K—-p—1, FHApe[L -1,
K—1, X T £ &D Csupp(X)\supp (z) H
ID|=p+1>L , N 7 fEc e RN\ {0} i 15
XPe=0, XPFRRXFAMRIEES D P HIAT K
M. HXP e RIPXE, WaXPe+£0, X5
R T E, Bz, > K-p. LA (1)
(2), Zu|z|,=K—-p, XU'Az=0, NI
spark (U, A) = K — p, EHIFHIE.

AR E PR W] DA 3 P2,

K

R 2 1&&[%1 <L<K<M,S8cC
supp (X) H|Si| = ¢, XTAEM € supp (X)\Si A
rank (UE [Ag,, aj]) =q (13)
Hr, ge[K—L,L—1], rank (-)Rn=HFERFL.
IERR (1)GUEMI ] fHrank (U, [As,, aj]) = ¢fft
thj € supp (X) \S1o RBOU I A BE 35§ 2 RIP 5% A+
0<0kp(A) <1, HHEIHLA Hspark (U} A) =
K—p, WU AR LML B 5 DN
K—p. X|8| =q¢< L—1< M, Hlrank (U} Ag,)
<q, BEAFED e RO\ {0} X% b =0, H
X% eR”E, K Arank (UL Ag) <q RVEFEUT Ag,
BT RGN E R Z N, WAHEMEU, Ag, T IHIE
il q+1 %) # 4 M %, BN 24 flg+1>
spark(U; Ag)HEAL. StFpe[L—-1,K—1], %
Mqg+1>K—p=spark(U} Ag)H KL, 7RI
I U, Ag MBI MEAEE, #ifirank (U} Ag) = g.
Mrank (U, [Asg, aj]) = ¢ < M, ffi{Ezs, € R

@ti?%l‘ U}; [ASU a]-] fsll =0, EI\IJ U;l; (Aglatgl — a]-)
=0,j¢ {1)27'"’N} \Sl’ EEJ—:QOO)E%DA&Q:&_ a;
€ N(U))=R(B), HitfFEz € R Hsupp (T) C

supp (X), fFAgzs, —a;j=Az € R(B). BN

j € 81 Hsupp (z) = {j} Usupp (zs,) C supp (X) ,
FiLL) € supp (X)\ S -

(2) 3 UE B "] B j esupp (X)\S; HE H
rank (U, [Ag, aj]) = qo KA RIE%, S|k
rank (U [As, aj]) = ¢+ 1, 5(1)FEM, HEx+
£ AT AL UE (Agxs, — aj) #0 E(JZI:SIERQ><1 ,
Ass,— a;¢ R(B). #Q = supp (X)\ (5, {7})
HIQ=K—-q-1<L(/WWl¢g>K~-L), {1
ce RPN {0} X% =0, HHhx?erIOL,

mnx = X) wme - peee

| Xellg=K - 1Q = q+1,
supp (X¢) = supp(X)\Q = {j} U S C supp (X)
N AXc € R(B) Hrank (U, Ag) = q, F
7 1E zg, € RT ff 13[Ag,, aj] [ fisi } = AsTs—
ajc R(B), X5 b MR¥%&FJE, B hrank
(U, [As,, a))) = qo ZiE(1)RI(2), EH2AHIE,
ARAE 2 BE2 W] LAHE T B IE I MUSICHE R %4
é\SQ = Supp (X) \517 GS] = U3A517 g] = U;Iz‘a’jv
jESy , W E FL 2 A Krank (U, [Ag, aj]) =
rank (U As) =g, Mfivank ((Gs, 9,)" (Gs. 9))

det ((Gs,.9)" (Gs.g,)) =0 (14)
KN
T
Lol
o | Lotas e

_ | A ULUL A5 AGULU
| a; U, U, A5, a;U,U,a,

[ A§ PruyAs, Ag Pru,a;
| a] Pru,As, ]
X, Ppy,y=U,U, &R 755 08 EH
T, ArRa(14)FEM T

det (A:glPR(Un)A 51)

a;j Pr(u,)a;

n

.det <a].TPR<Un)aj — a;rPR(Un)

-1
- As, (A5 Prw,As)) AE1PR(Ur1)a’j) =0 (15)

%jrank <AF£IPR(UR)A51) = Qﬁiﬂ:ﬁ’ Ef?%



FE11

NP

Z N EF BB N2 IEMUSICH %

2587

-1
a}‘PR(U”)a]‘ — a;‘fPR(U")ASl (AEIPR(U,,,)A51>
A, Prv,ya; =0 (16)

-1
13 PR(PR(Un)Af"]) = PR( UH)AS] (Ag:lPR( U?L)A51> Agl
Ppy,y » TRRA6)FMT

a; (PR(UH) - PR(PR(U”)ASI)) a; =0 (17)

KR TR SR T o) SIEIER S 72 (B
¥PR(U,,) — PR(PR(U,,)ASJ IExX. 5MUSICH %L,
KXATME T H T —ME ERMUSICHE 5% 4L
h; = a;_r (PR(U,L) - PR(PH(U">A51)> a; (18)
TR A SIS AN HHAE I B 43 S, FS,
1S1| = g€ [K—L,L—1], TS RHARE)FRM
T R BT IR g N TE KA, XS SR A 5K
(18) TR i AR K — ¢/ MR/MEERE, &
JE i TE SN Sy U Sy X — IR NI IE M)
MUSICH.7:(MMUSIC), Sk f2un .
BIN: WS SRR Y e RM*D, J AR B
Ac RN, WgiEK, Z%qc K- L,L—1].
FR1L O EWNE S EMEFEER, =
YY', XA, SREUERS TR U,
FH2 WRK <L, #EMUSICH LRI T
CPEAES TMHER (8) T MUSICHEE IR ¢
B/ MEEXT N IAAREES, , #(18)iHHEAS IERIMUSIC
TEE IR K — ¢ /NS XS B AL FREE Sos
%3 ?%iﬂﬁmﬁi#ﬁé%? = 51U S
M RS
MR (7) RN (17) %5 5 R I AR o fof =2 4% IR
TR AN, AT S (19) 1 RAUE R AL F (g)
SRt B QL34 BORT T 44 ol 2 PO 5 T«

F(g=Y fi+ Y h (19)

1€5] jGSz

] =

MERE b, F(q) (EBUNU g5 =

4 (HEXW

NUCEH TR E A s, R A Matlab T 2k
AT HLSL o S50 A I A5 -5 0 B AR R B2 7 2R
By A B BE R A A, R IR SR B 3 M S AT
200K, CS-MUSICHEEHSOMPHEIEWE S,
XHLE ERELE A

SNR = 101g 1 —1E (20)

TE SCEFINER PR 22 IR E RS20 TR S P 100%
AT IUA . fE T 5 CS-MUSICHEIEXT
b, SESESSKEN. WM. (5% HSNR
ZSCHR[14]

IR MRS EEEPHRE N L = 8SFIL = 12
W EMBERP SHFEEKRR, FE5EKEN=
200, WIMEM = 30, {5M:LLSNR =20 dB. A LA
KW, BKSLE, BFACS-MUSICH % F
MMUSICH %3 R FAIMUSICHE EWR E A5 S, Arbl
X3P E L EMMRE S, IR LM TFSOMPH
%, BAPunsor 2 e, XMRAEMBREE; HEY
K> LI, MUSICEEEMMRERRE T, H2
K FSOMPH %, 1MiFTHEMMUSICHE EFMCS-MU-
SICEEMMN TSOMPHE ., YHg=K— LI,
MMUSICH 2 5CS-MUSICH =t feMiT; 24
¢=K—L+1Mqg=K — L+ 30 A% 0 21
FCS-MUSICHZ:.

B2 INTERRE 0 BN K = 10F1K = 145 %
HiZEMMRERP SWMBMPIRR, E5KE
N=200, tR{MHFL =8, f5MHSNR =20 dB.
AT PUREL, Mpiaiod (L < K, MUSICH %
M RRMK, £K=14JLFLiEEHERE
o ME2(2)TLLE S, 7EMMEER A (M < 35),
CS-MUSICH EMMMUSICH R MM T
SOMPH %, H¥M > 350, CS-MUSICHALE
FIRE AR T SOMPELYE, TMig> K — L& N

1.0 1.0
0.9 0.9
0.8 0.8
0.7 0.7
0.6 0.6
0.5 L 0.5
04 0.4
0.3 0.3
0.2 0.2
0.1 N\ -~ MMUSIC(¢=K-L) 0.1
o el DB Lo MMUSIC(g=K-L+1)
2 4 6 8 10 12 14 16 18 — MMUSIC(¢=K-L+3) 2 4 6 8 10 12 14 16 18
— MUSIC
K - CS-MUSIC K
(a) L=8 — SOMP (b) L=12

K1 S5 R PR KR &



2588 B 7 5

f&

ny
B %

i 40 %

MM USTC 52 55 74 M 2 ) 78 25 i 250 4% 14 F L
TR T CS-MUSICHE %, X B e A0 3578 I il £
BUDETEINAE . ME2(Db), MK — LHK(K = 14)
HMT, ¢g= K — L+ 3 IMMUSICE L RE £
FEXTSOMPELVL I RE 4

KIS T off 12 BUOR MM USIC 53 5 0 i &
B, (S5 KEN =200, MEHEK =10, A
BL=8, WillHM=30, {5¥ELSNR =40 dB.

ALK, Hg= K — L =2if, BFULREBUEF (q)
TR, EMHERAEN R 43<q¢<7, &M
BRELF (q) [EAHXT BN, HEMBER K Tq= 2015
B, MAE g = 2 MMUSICH V% HE MR 5CS-MU-
SICHVEAN Y, Xt — U Y BMRA K MMUSIC
FAEAIR T CS-MUSICEVE R . MWE3(b) 5
W, Hge K — L, L — 1] MMUSICH % EA i/
(1) SR bR BN e K () AR R

1.0 —— B 1.0
0.9 e Q«Y"fe{;‘f She 0.9 -
0.8 / 08
0.7 e 0.7
0.6 e e 0.6
05 / L 05 ¢
04 /) 0.4
0.3 / ) 0.3 |
0.2 - 0.2
0.1 / o MMUSIC(¢=K-L) 0.1
0 & ~ MMUSIC(¢=K-L+1) o o i
20 25 30 35 40 45 50 — MMUSIC(¢=K-L+3) 20 25 30 35 40 45 50
-~ MUSIC
M - CS-MUSIC M
(a) K=10 -~ SOMP (b) K=14

2 EMHER PS5 INE M5 &R

1.6
1.4
1.2
1.0

F(q)

0.8

0.6
0.4

0.2

(a) BEUEBEE F(g) 5 ¢ %R

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

12 3 4 5 6 7 8 9 10
q
(b) MR P 5 ¢ KR

Bl 3 fif i HOR MMUSTC 53 54 4 e Fr s i)

5 ZEWRiE

A CS-MUSICHEZEME B EMg= K — L
VPREKL>q¢>L-1, #HMMUSICHE L4
T HESHES . T ESER R /RMMUSICHE A 4%
SERARIAEA R BIES, HFHMq> K — LI HE
Fa) 14 R AE AH [ 5 78 P52 0 0 55 2% A4 F L T CS-MU-
SICHIEFMSOMPH . B 5MEntEol WAL
P G LSS I MUSIC R H A B M P
AR 2R, BRI b X e PR 20 S vE A i i
(1) 5 M 4 2 AR SR I 98 77 17

& £ 3 ik
[1] CANDES E J and TAO T. Near-optimal signal recovery
from random projections: Universal encoding strategies?[J].

IEEFE Transactions on Information Theory, 2006, 52(12):
5406-5425. doi: 10.1109/TIT.2006.885507.

[2] DONOHO D L. Compressed sensing[J]. IEEE Transactions
on Information Theory, 2006, 52(4): 1289-1306. doi:
10.1109/TIT.2006.871582.

3] CANDES E J, ROMBERG J, and TAO T. Robust
uncertainty principles: Exact signal reconstruction from
highly incomplete frequency information[J]. IFEFE
Transactions on Information Theory, 2006, 53(2): 489-509.
doi: 10.1109/TIT.2005.862083.

[4] BLANCHARD J D, CERMAK M, HANLE D, et al. Greedy
algorithms for joint sparse recovery[J]. IEEE Transactions
on Signal Processing, 2014, 62(7): 1694-1704.
10.1109/TSP.2014.2301980.

[5]) CHOI J W, SHIM B, and DING Y. Compressed sensing for

doi:

wireless communications: Useful tips and tricks[J]. IEEFE
Communications Surveys and Tutorials, 2017, 19(3):
1527-1550. doi: 10.1109/COMST.2017.2664421.

[6) GUO Jie, SONG Bin, and HE Ying. A survey on


http://dx.doi.org/10.1109/TIT.2006.885507
http://dx.doi.org/10.1109/TIT.2006.885507
http://dx.doi.org/10.1109/TIT.2006.871582
http://dx.doi.org/10.1109/TIT.2005.862083
http://dx.doi.org/10.1109/TIT.2005.862083
http://dx.doi.org/10.1109/TSP.2014.2301980
http://dx.doi.org/10.1109/COMST.2017.2664421
http://dx.doi.org/10.1109/COMST.2017.2664421
http://dx.doi.org/10.1109/TIT.2006.885507
http://dx.doi.org/10.1109/TIT.2006.885507
http://dx.doi.org/10.1109/TIT.2006.871582
http://dx.doi.org/10.1109/TIT.2005.862083
http://dx.doi.org/10.1109/TIT.2005.862083
http://dx.doi.org/10.1109/TSP.2014.2301980
http://dx.doi.org/10.1109/COMST.2017.2664421
http://dx.doi.org/10.1109/COMST.2017.2664421

FE11

NP

Z N EF BB N2 IEMUSICH %

2589

[7]

(8]

(9]

(10]

(11]

(12]

compressed sensing in vehicular infotainment systems[J].
IEEE Communications Surveys and Tutorials, 2017, 19(4):
2662-2680. doi: 10.1109/COMST.2017.2705027.

YANG Lin, SONG Kun, and SIU Yunming. Iterative
clipping noise recovery of ofdm signals based on compressed
sensing[J]. IEEE Transactions on Broadcasting, 2017, 63(4):
706-713. doi: 10.1109/TBC.2017.2669641.

DU Zhaohui, CHEN Xuefeng, ZHANG Han, et al.
Compressed-Sensing-based periodic impulsive feature
detection for wind turbine systems[J]. IEEE Transactions
on Industrial Informatics, 2017, 12(6): 2933-2945. doi:
10.1109/T1I.2017.2666840.

WU Kai and LIU Jing. Learning large-scale fuzzy cognitive
maps based on compressed sensing and application in
reconstructing gene regulatory networks[J]. IEEE
Transactions on Fuzzy Systems, 2017, 25(6): 1546-1560. doi:
10.1109/TFUZZ.2017.2741444.

AN, BRAk, B, . BT RMER MMUSICH L AR+
{5 SR )23 Y Al [J). 8 PROR 22224 (D44, 2017,
47(1): 268-273. doi: 10.13229/j.cnki.jdxbgxb201701039.

SHI Yaowu, CHEN Miao, SHAN Zetao, et al. Spatial
smoothing technique for coherent signal DOA estimation
based on eigen space MUSIC algorithm[J]. Journal of Jilin
University (Engineering and Technology Edition), 2017,
47(1): 268-273. doi: 10.13229/j.cnki.jdxbgxb201701039.
COTTER S F, RAO B D, ENGAN K, et al. Sparse
solutions to linear inverse problems with multiple
measurement vectors[J|. IEEE Transaction on Signal
Processing, 2005, 53(7): 2477-2488. doi: 10.1109/TSP.
2005.849172.

BRESLER Y. Spectrum-blind sampling and compressive
sensing for continuous-index signals[C]. Information Theory

and Applications Workshop, San Diego, USA, 2008:

[13]

[14]

[15]

[16]

[17]

[18]

ZZS

#

547-554. doi: 10.1109/ITA.2008.4601017.

SCHMIDT R. Multiple emitter location and signal
parameter estimation[J]. IEEE Transactions on Antennas
and Propagation, 1986, 34(3): 276-280. doi: 10.1109/
TAP.1986.1143830.

KIM J M, LEE O K, and YE J C. Compressive MUSIC:
revisiting the link between compressive sensing and array
signal processing[J]. IEEE Transactions on Information
Theory, 2012, 58(1): 278-301. doi: 10.1109/TIT.2011.
2171529.

FEE, . AT EEMG M EAEMMUSICHZE[J]. BT
55 E 24, 2015, 37(8): 1874-1878. doi: 10.11999/
JEIT141542.

LU Zhifeng and LEI Hong. Compressive sensing MUSIC
algorithm based on difference mapl[J]. Journal of Electronics
& Information Technology, 2015, 37(8): 1874-1878. doi:
10.11999/JEIT141542.

TROPP J A. Algorithms for simultaneous sparse
approximation. Part II: convex relaxation[J]. Signal
Processing, 2006, 86(3): 589-602. doi: 10.1109/TSP.
2016.2637314.

WIPF D P and RAO B D. An empirical Bayesian strategy
for solving the simultaneous sparse approximation
problem[J]. IEEE Transaction on Signal Processing, 2007,
55(7): 3704-3716. doi: 10.1109/TSP.2007.894265.
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.
10.1109/T1T.2010.2040894.

doi:

= 5B, 196854, EIHEER, WEATRUONEGEA . HIENIE

o B, 199344, HAE, WETE T N S A R


http://dx.doi.org/10.1109/COMST.2017.2705027
http://dx.doi.org/10.1109/COMST.2017.2705027
http://dx.doi.org/10.1109/TBC.2017.2669641
http://dx.doi.org/10.1109/TBC.2017.2669641
http://dx.doi.org/10.1109/TII.2017.2666840
http://dx.doi.org/10.1109/TFUZZ.2017.2741444
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TIT.2010.2040894
http://dx.doi.org/10.1109/COMST.2017.2705027
http://dx.doi.org/10.1109/COMST.2017.2705027
http://dx.doi.org/10.1109/TBC.2017.2669641
http://dx.doi.org/10.1109/TBC.2017.2669641
http://dx.doi.org/10.1109/TII.2017.2666840
http://dx.doi.org/10.1109/TFUZZ.2017.2741444
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TIT.2010.2040894
http://dx.doi.org/10.1109/COMST.2017.2705027
http://dx.doi.org/10.1109/COMST.2017.2705027
http://dx.doi.org/10.1109/TBC.2017.2669641
http://dx.doi.org/10.1109/TBC.2017.2669641
http://dx.doi.org/10.1109/TII.2017.2666840
http://dx.doi.org/10.1109/TFUZZ.2017.2741444
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.13229/j.cnki.jdxbgxb201701039
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TSP.2005.849172
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TAP.1986.1143830
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.1109/TIT.2011.2171529
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.11999/JEIT141542
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2016.2637314
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TSP.2007.894265
http://dx.doi.org/10.1109/TIT.2010.2040894

