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Development of A Recovery Algorithm for Sparse Signals

based on Probabilistic Decoding
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Abstract In this paper, we consider a framework of compressed sensing over finite fields. One
measurement sample is obtained by an inner product of a row of a sensing matrix and a sparse signal
vector. A recovery algorithm proposed in this study for sparse signals based probabilistic decoding is used
to find a solution of compressed sensing. Until now compressed sensing theory has dealt with real-valued
or complex-valued systems, but for the processing of the original real or complex signals, the loss of the
information occurs from the discretization. The motivation of this work can be found in efforts to solve
inverse problems for discrete signals. The framework proposed in this paper uses a parity—check matrix of
low—density parity—check (LDPC) codes developed in coding theory as a sensing matrix. We develop a
stochastic algorithm to reconstruct sparse signals over finite field. Unlike LDPC decoding, which is
published in existing coding theory, we design an iterative algorithm using probability distribution of sparse
signals. Through the proposed recovery algorithm, we achieve better reconstruction performance as the size
of finite fields increases. Since the sensing matrix of compressed sensing shows good performance even
in the low density matrix such as the parity—check matrix, it is expected to be actively used in applications
considering discrete signals.
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