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Partially refined grid for DOA estimation
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Abstract: Direction Of Arrival(DOA) study has always been focused on the accuracy and the
computational complexity. While the existing algorithms, which are based on the compressive sensing
theory, have advantages over the traditional, there are still problems with high computational complexity
and low estimation accuracy because the signal model is on the equal spacing grid. To solve those problems,
a partially refined grid method is proposed. The proposed method consists of fission process and learning
process, the fission process is to refine angle space by inserting new grid points, the learning process is
constantly approaching the direction of arrival. The proposed algorithm takes less time and has higher
accuracy under sparse initial grid(the initial interval is 20°).
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PRGDOA algorithm
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2) iteration and updating of x(1) , £, @ , &, and 0, by using learning process;
3) determine whether the fission conditions are met,if satisfied, then continue to step 4,otherwise,jump to step 5;

4) new mesh points are generated through the fission process to update é,a 5
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a ||,

maximum,if satisfied, the algorithm proceeds,otherwise,jump back to step 2;
6) algorithm stops.
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