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Direction-of-Arrival Estimation Correlation Subspace CS (1] Generalized Correlation Subspace | Numerical Examples
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Eigenvectors of S(p2) = Monte-Carlo runs; Coarray MUSIC [6]; RMSE

vec(Rg) = ) pic(6;) |+ pnvec(l). Vw(m) | Normalized DOA @ W /2, 6. -6,2/D.

Eigenvalues of S(p2) = w(m)

J

belongs to the correlation subspace (T(mM))ny iy = {

ifnl—ngzm,

GgCS ~ col(J®Pr), S — JS JH -©- P1),a=1 -FI- (P1),a = 0.2 (P1), o« = 0.1
0 otherwise. . (P3) (J®r) (P3) p(ps) —6— (P2, a=1 - (P2),a =02 —6— (P2),a = 0.1

J

®; = [1py,1,, ..., ]! Eigenvectors of Sp(ps3),
Correlation vector: B B Lemm33 GCS | Example: S — {07 2.3. 4.6, 9} Discrete Prolate Spheroidal Sequences [5].
p1(0), p2(0): nonnegative Lebesgue integrable func-

C(ez) — VGC(VS(Q )Vé{(e )) tions over @ € —1/2,1/2]. [1(3 ] Eigenvalues of Sp(p3), a=0.1

—
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Example: CS = GCS(p1) = GCS(po).
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Step 1: Integration

CS = col(J), I = [vec(I(m))]
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. 5 . . *x dim(CS) = |D|.
Step 2: Numerical eigen-decomposition “Normalized DOA 4 « Bases of CS are vec(I(m)).

S = UAU"Y, _
Step 3: CS = Dominant eigenspace of S. Difference Coarray 1) 50 100
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v : : : : : : : o : Geometrical interpretation « [1]: p5y £ arg min ||vec(Rg — pnI) — p|2
) vec(R P .
Steering vector: vs(0;) = [exp (j2r0,m)] .. ) = {ny —ny :ny,ny €S} 5 subjectto  p = vec(R) €CS, Rz 0. Concluding Remarks
. - sin0; [ 1 1 poeeeeeeesessseeen® * Ppy = arg min [vec(Rs) — p|f3 » Generalized correlation subspace.

Normalized DOA: 0; = = = . -9  —7-6-5-4-3-2-10 1 2 3 4 5 6 7 9 p
2 22 «— [S]?P—> <«Tr—> subjectto peCS+ 1. ~ Prior knowledge about sources.

Weight function
* Stochastic (or unconditional) model with uncor- « col(S) = CS. w(m) = H(”l ns) €S%:ny —ng = m}|

related sources and noise. o * pp, = JITvec(Rg).
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» Computationally tractable.

(\Y)
-

x Contribution: ~» Redundancy averaging (Rectification).




