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ABSTRACT

In this paper, paralel orthogonal matching pursuit (POMP) is proposed to supplement the orthogonal matching
pursuit (OMP) which has been widely used as a greedy agorithm for sparse signal recovery. The process of POMP is
simple but effective: (1) multiple indexes maximally correlated with the observation vector are chosen at the firest
iteration, (2) the conventional OMP process is carried out in parallel for each selected index, (3) the index set which
yields the minimum residual is selected for reconstructing the original sparse signal. Empirical simulations show that
POMP outperforms than the existing sparse signal recovery agorithms in terms of exact recovery ratio (ERR) for
sparse pattern and mean-squared error (M SE) between the estimated signal and the origina signal.
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Fig. 1 Compressed sensing signal model
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- Input - Output
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- Procedure
1. Initialize the residual 7o = y, the index set Ay = ¢, and iteration i =1
2. N =arg max| < aj,ri1 > |
3. A= j\iﬁi"ﬁ"{)\l}, A; =[Ai-1 ay,]and Apis an empty matrix.
4. &= (ATA) ATy
5. 1=y — A(ATA) T ATy
6. i=14+1andreturnto Step 2 until i = k&

a3 2. OMP ¥malEe] 48 2
Fig. 2 Process of OMP Algorithm
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Fig. 3 Example of index set generation of POMP in case
when M=3
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Fig. 4 Exact recovery ratio(ERR) of POMP for varying
sparsity without noise
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Fig. 6 Reconstructed image of Shepp-Logan phantom with
size of 64<64 from conventional OMP (left), POMP whit
M=4 (center), and POMP with A/=38 (right)
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