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Abstract

This paper aims to develop a new algorithm for recovering a sparse vector from a small number of
measurements, which is a fundamental problem in the field of compressive sensing (CS). Currently,
CS favors incoherent systems, in which any two measurements are as little correlated as possible.
In reality, however, many problems are coherent, conventional methods such as /, minimization,

do not work well. We propose a [/, —a/, minimization problem for compressed sensing using in-
ertial projection neural network. The [/, —a/, minimization problem is presented for sparse sig-
nal recovery from highly coherent measurement matrices, differing from conventional /, mini-

mization which uses standard convex relaxation. We describe in details how to incorporate iner-
tial projection neural network into compressed sensing. Furthermore, numerical experiments are
conducted to support the effectiveness and remarkable performance of the algorithm for sparse
signal recovery.
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Figure 1. Coherence
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Figure 2. ||)c||1 - 0t||x||2 contour line plot
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Figure 3. Solutions
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Figure 4. The original signal and reconstructed signal via IPNN
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Figure 5. Relative error
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Table 1. Randomly over-sampled partial DCT matrix
% 1. BEHLIERAERSY DCT 2EP%

snr(dB) IPNN / - al, IPNN IR -1,/1, DCA-/, ADMM-lasso
35 27.5678 25.5423 16.8824 17.0934 12.2916
20 17.9147 16.6792 5.6427 3.1806 3.0157

P 1 BoR TR REE DCT M BIRSE B ML N, TR EERE R R, FRATHI IPNN [, — al, FIUELE.

Table 2. Random Gaussian matrix

2. MEHL SRR

snr(dB) IPNN /, - al, IPNN IR7 -1,/1, DCA-1/ ADMM-lasso
40 43.6460 423778 28.9745 29.2398 27.6103
30 32.8364 31.8225 18.8502 19.5802 18.3454
20 22.1155 21.9312 14.0764 11.0752 9.8646
10 13.2514 13.1233 5.2451 3.6700 3.1970
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