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Abstract Traditional Compressive Sensing (CS)-based localization methods divide physical space into a fixed grid and
assume that all targets fall on the grid precisely, therefore formulating the localization problem into a sparse reconstruc-
tion problem. In fact,it is very difficult to find such a fix grid because of the randomness of targets. As a result, there al-
ways exists mismatch between the assumed and actual sparse dictionaries,deteriorating localization performance signifi-
cantly. This paper addressed this problem and proposed a novel dictionary refinement-based localization method using
CS. In this method,the true sparse dictionary is modeled as a parameterized dictionary which views grids as adjustable
parameters. Based on the model, the sparse dictionary is gradually refined by dynamically adjusting the grid. Conse-
quently, the localization problem is formulated into a joint parameter estimation and sparse reconstruction problem,and
this problem is solved under variational Bayesian inference framework. Simulation results show that the proposed locali-
zation method is more efficient and robust compared with traditional CS-based methods.
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Bayesian inference framework
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