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Abstract Simultaneous sparse reconstruction of multiple measurement vectors(MMYV) requires that the multiple mea-
surement signals share the same sparse structure. However,it is difficult to get the measurement signals exactly sharing
same sparse structure in practical applications. In order to reduce the influence of non-shared sparse structure on simul-
taneous sparse reconstruction of MMV model, this paper proposed a method to improve simultaneous sparse reconstruc-
tion algorithms belonging to greedy series. At each iteration,the method does not require that each measurement vector
chooses the same representation atoms,but requires selecting representation atoms in the same class. The improved al-
gorithm can be used for sparse representation classification of non-shared multiple measurement vectors. Experiments

on simulated data and standard face database show that the improved model can effectively improve the performance of

sparse representation classification.
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Fig. 1 Non-shared MMV sparse representation classification model

3 = MMV ERPNE LT

MMV RS B 2 ml LGE S b R SMV 5k 43 5,
WM AR MMV /3 2 5 %5 MMV-OMP 5 |
SOMP(Simultaneous Orthogonal Matching Pursuit, SOMP) %
% \MMV-StructOMP 8 350 45, H 32 21 8 U= 31 o3 20y
AT X WS, O T A OR AR R A 0 2
] T R S AR 2K MMV B, LS B R =AY MMV
B T,

Ak 2%k MMV % ¥ (MMV-Greedy Algorithm, MMV-
GAIE ] TH =i 45 i MMV BT 53 5 76 45 kA o
AR @ 5 Z MM R N @R, IEN TR 1T
I SRR R g WA 5 R0 B R 0 SR 4 S 2 A T & 1)
LB RR IR T 2 A ] A #5525 4 9 R A W] )
R 7] 2 0 1] o FH AR ] 4 D 2R AT 2R R O R R A5 B A 1
i 55 227

E MMV-GA 5Lkl b, 4R L MMV 5738 2855 0%
(No-Shared MMV-Greedy Algorithm, NSMMV-GA) 4} %} 3E
LT MMV R B R R 40 JA8 8 fi B3, o e I R4 1 @
SAIL AR =D, , Dy, B ] Hith , ERM, =
1.2, L3 N=LXm, I @€ RN FE AR & R 3R
TSR A5 N ik 1] ke A (W] 1 287 S, AR AR B B R ] — 47
P22 78 ZR 400, T 23R 45 A W0k ] 4k 6 86 ] — 24 19 2R i 5, %
N B R B R A B X 8, NSMMV-GA 5%k i1 Bk $h AT
LB,

Bk 1 NSMMV-GA &k
AR 0=[0 .. 0], OERMN I F4 YERM T,

AR ¢ S M K

Wl R ERG] Ak TR % R, BAR R Xk eRMT

Stepl WAL 582 Ry =Y. Ao =@ 20 # k=1

Step2  while( || Ry || p==¢ or k<<K)

Step3  RFH t(t=1,2, -, DAME ] 5 55 1(1=1,2,--, L) Kl
RN INCE A ]

[vi® P J=arg max(®, R 1e)» @ =L s+ » ¢y ]

Hor v REKABM i REBKRNBRET & 24 11
TR F el RARMENALERE T IS ¢ ML L R el 25
k—1 BRI A5 o A0 i 1) Bk 2

Stepd KA IR K A2 515 .

Me=arg  max évf#“

Steps 4 mi =Ll o T A= Aoy U AR S5 @,
Steps I B ©n, 0 IEA AL AW P— @y, @
Step? HHKZE Ri=Y—P.Y, 5 k=k+1
Step8  end
Stepy i FH R B Xc=2f Y

NSMMV-GA 53k 75 4 YR AU A2 h e i 240 D 4 1
AR Y R SR T AE B T B 24 I ) A 2 R — 2 5
XA AE B AR ] Y SR T S A TR 36 0 B9 DT LAY
PR 2  7E Step3 P ARAT A M 4k 1) 4k 5 4 2SI R AE A
B RN EE], g = arg max{(®,, Re 1 ¢+ D = [ » >
@13 Stepd SRAFFEM N FUR, SR 5 e N BRI B R 26 A =

arg | max o) ORI X T 0 4 5 2
XK e s Step A3 T B T A K P BUY %
BB R A 7= L) oo D0 B0/ A7 1 0t 920
S 1 MR 5 1 3 419 76 38 4 R0 5 A LA ) R A %
BI4 A=A U IF BRI 319 @, M0 FE 52 o 21 51 A2
B AR IR A M

NSMMV-GA 2536 AR 8 1 2ok 240 8t 1 B 36 11 ) —
AFRIET 3 A A 35 B 440 B 56 B A8 0 5 NSMMV-
GA 1 AR 0 3 £ 46 0 ) 0477 76 1
V55058 T 2 5 2 B R . LS Stepd T 5 4
K PR AR 0 B 1 S T S O 0 T 54
JERB KN ¢ A, =arg o max | oF |, »q BEE
A 15— S5

4 KBRS

74 5 38 g A UL BN R A o K R AU 5T MMV BB TR
BEMSE, AR ERES S =R 2 E
Wt 1] & 0 W g O 5 . Lk A MMV-GA & %k,
NSMMV-GA BIEEARFG A T W m B HGE . 305066 4
TERT2EC AL N L i7-4700HQ B9 CPUL U #% 2. 4GHz, 4GB N
73T x64 Zh AR Windows8 #ER G .

4.1 ERBEEE

Z:MRSCHR 1L JHE AT AR A0 58 56, DL 36 I 3 =2 9 5 45+ i
LT B A X MMV 3G B B A8 09 52 e . b S g vh ik
Dirac-Fourier 2y 12 5 B , 350 B th Bk of {5 5 Fn 8 B ok A% (5
SR KR nX2n, Y w=1,,n 0, @ [t]=08,[1]; 2
w=n+1,,2n B, @, [1]=e 7/  BRINE BT 55 (0 485



553

BEARAE 2 - AR I 22 0 1) e ) i 2 R 0 A Y 261

n=128, FRR « LEHME A Z 0 m IR, &
WISL 5 i MMV-GA Bk kT IR EMBEM . b TFO M
FEADLAE S A0 2 B I S B R K AR T4 A Y, TR G g 2%
TR KB E N K.

5T, B0 UE e SR A5 A 0 I i ) 2 X MMV B A FR B
TR . AN B AR MR sE B A R K AR PR T
CT>DAMAE S, 4 B 0 R R REGE W E
P 7 W AR, (EE—DWIES Y, rlERA.

Y, :’i:lx,jgaw 9

B T 330 B L 1355 2 o D I 6 D6 40048 TR 1 o PR
T3 ZE A [R) 0% i B 25 40 . A S G (5 I ) R N0 T 1
AEE) 6,3 B RRARBPAEFT IO E NN K, DL HE N &
I 2 A ERE 5 7 B X B A R R LLJRAE S R
5 5 19 10 I R Al 17 5 S A YRS B, LA R S R B A
[R) < B 1 i o 7 6 AS [R) ) i A 4 L. ICHAFE S Ol 0 B,
TS o8 P E A T A DR 1 A, R H —4
LR ML TN ., X F 4S8, M 1000 WM 7 1 SE 5, IF
R E, K 2 A ED R RN T W
I, AFRMEE K FEMES S5EEES 0F DR
B, nl LB Bl I ) S B0 3, 7 2 9 LB BE S
S 98/ 5 3 U B 1S 0 LA R () B 45 R 4 A e ) S o]
BRI E RGN EETERE.

05

—— K=60 |
—&— K =70
04 —— = |
o —— K =90
I —— K100
B s, T —=— K =110 H
= B 5 | K =120 |
-3 b\ P —
02
- . B
(i8] \\\ -HE“““‘-:—_ —h
o S
it 2 4 1 5
Hun 8T

&l 2 A ) J5 T4 3 Y 22 0 d ] a0 3 G A A
Fig. 2 Simultaneous sparse reconstruction of multi-measurement

vectors constructed from same atoms
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vectors constructed from different atoms
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