J K I Journal of the Korea Institute of Information and
Communication Engineering

st=2™ 2 E4I8ts| =2 X|(J. Korea Inst, Inf, Commun, Eng.) Vol. 17, No, 10 : 2252~2258, Oct, 2013

HEHOMP 7|8 S8t 54 53 HED |2 471 A50| Sl

UgE - wEe - A

Sparse Signal Recovery with Parallel Orthogonal Matching Pursuit for Multiple
Measurement Vectors

Jeonghong Park - Tae Won Ban - Bang Chul Jung’

Department of Information and Communication Engineering, Gyeongsang National University, Tongyeong
650-160, Korea

2 o

2 =RollAs 5549y ?Pé‘ ol A 471 A1 9] & 9|5to] ] AME-E| AL §li= Simultaneous orthogonal
matching pursuit (SOMP) 7|42 235t HE OMP 7|HE Aot 1 A5 E43tc) Pardle orthogona
matching pursuit(POMP) & 11 2] 22 7F3} A uk A5 Hol| A] nf-$- Eulk& o]t} H|otE e OMPY11a|&2 X ¥
A1 3ol A 7 el AR A e o1u 2 Rk ol 7 (M) AEjRieh. 1 7, Aleel 2219] ole A2 R
i) QlE 4 B 7 1 OMPESio] 4 SOMP 312l % 7|lo] 8402 Sahsle). upx|uho 2 oJefel A5
B 918 G} 718 2 POMPES0] Qlels e MSlle), el Aol e 53] 100322 7153
sparsity 7127} 7] 2] SOMP 7] o] |8} Mo] Z71ato] mhah 3= & el o), Bat Al 3 SRl A
5 SNRo]| 4810 4% WA ET7F 98-8 Bhelsl ot

ABSTRACT

In this paper, paralld orthogona matching pursuit (POMP) is proposed to supplement the simultaneous orthogonal
matching pursuit (SSOMP) which has been widely used as a greedy agorithm for sparse signal recovery for multiple
measurement vector (MMYV) problem. The process of POMP is simple but effective: (1) multiple indexes maximally
correlated with the observation vector are chosen at the first iteration, (2) the conventional SSOMP processis carried
out in paralel for each selected index, (3) the index set which yields the minimum residua is selected for
reconstructing the original sparse signal. Empirical simulations show that POMP for MMV outperforms than the
conventional SSOMP both in terms of exact recovery ratio (ERR) and mean-squared error (MSE).
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Algorithm of POMP for MMV

Input:
* A m X s matrix Y of output signals
e A mX n marix A of measurement matrix
e Thenumber k of sparsity in theinput signals
e Thenumber M of parale fact

Output:

* Aset A, containing k indices
A m X sX M approximation matrix 4 1,
« A mX sX Mresidua matrix RMT

Initialization:
1. Initidlize the residua matrix Rm“: Y, the index set
A = &, and the iteration counter t =1, and the
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paralel counter m = 1.
2. Find an initidl index A,

optimization problem
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that solves the easy

* ¢;isthe j-th canonical basis vector.
3sad, =4, U {A}
4. Determine the orthogonal projector Pw onto the span of
theindexin A, .
5. Caculatethe ne(N approximation and residual:
A, =P, Y
R,=Y-A,
6. Increase m, and return to Step 1 if m < M, and
increase t, m =1, and go to procedure if m = M

Procedure:

1. Find an index )‘mr that solves the easy optimization

problem
5n\213<2|< miCrai)]
¢ c;isthe J-th canonical basis vector.
254, =4, U\ L
3. Determine the orthogonal projector Pm, onto the span of
theindex in Amr
4. Calculate the new approximation and residual:
Amt: Pmt Y
R,=Y-A,
5. Increase m, and return to Step 1 if m < M, and

increase ¢, m =1, and return to step 1 if m = M and
t< K

6. Sdect X,

min || &, |
m
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Fig. 3 Exact recovery ratio(ERR) of POMP for MMV for
varying sparsity without noise (s=1>5).
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Fig. 4 Exact recovery ratio(ERR) of POMP for MMV for

varying sparsity without noise (s=10).
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