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Introduction

* Objective

— Investigate methods for inserting prior knowledge
into the multistage Wiener filter (MWF)

* Approach

— Two methods considered

 Linear constraints
— Directional constraints (A priori knowledge )
— Quiescent pattern constraints (Recursive)

* CG-MWEF algorithm with non-zero initialization
— Two types of knowledge considered

A priori knowledge (“Knowledge-Aided”)

* Recursive



MWF Recursion Equations & Structure

The Multistage Wiener Filter (3 stages)

dy (k)
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tBl 4O d; (k) /2\82(]( W, j
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Backward Recursion
(Scalar Wiener filters)
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Linear Constrained MWEF

w™) = argmin {WH RXW}
wHC=g, weK(r,R,r)

where
C = constraint matrix

g = value of the constraints
w,=c[c'c] g
B-= null(CH)
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Unco;strained Adaptive Filter

Use MWF for
unconstrained
adaptive filter



Linear Constrained MWEF

Knowledge-Aided
Directional Null Constraints

C:[s S, S, - SN].:|
g=[1 0 0 - 0]
where

S = VH/HVHH

V@ — |:ej0 ej27rdsin0//1 ej27z(N—1)dsin6’//1:|T

s, = steering vector of known interference

Recursive
Quiescent Pattern Constraints*®

C:[v_vdq CJ

g"=[1 0]

where w :Wjj—dvi
dg "’ dq

and W, (z,,,)=w"(z,)

and ¢, =P,

qu

* Tseng, Griffiths, “A unified approach to the design of linear
constraints in minimum variance adaptive beamformers”,
IEEE Trans. Antenn. Propagat., Dec. 1992.



CG-MWF

* The method of conjugate gradients
(CG) can be used to implement the
multistage Wiener filter (MWF). We
refer to this approach as CG-MWEF.

» Both algorithms operate in the Krylov

subspace
(mwf’)

a,r

w7 = argmin {wfRKOwa —2R(riw )+ O'j}

w,eRan(L,)

= argmin {wfo w, —2R(r w_ )+ O'j}
Wy EK(RXO 3rxd) ‘

= argmin {WfRXOWa—2m(f,ZWa)}

Wq EK(Rxo Txa )

= argmin {¢(wa)}

W, EK(RXO Txd )

— wicg)
- Wa,r

 The CG-MWEF algorithm uses an
initializing vector that can be used to
insert prior knowledge

w, Computed via CG*

. 2 . 2
_ (i-1) H_(i-1)
a, =[x, [ /x5
w =wi 4 ga
€0 = ¢0 g X/ a0
112 . 2
_lx +® (i-1)
B =[x /x|

M —x ¢ (i=1)
a’=Xt"+pa

Initialized with

(0)

a
€0 =@/ — X W

a® =Xt

starting vector w

a

* “CGLS” variant



CG-MWF

Knowledge-Aided Recursive

WS)) — w9 w? (Ti+1) _ W(rbest) (Z')

a a a l
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Simulation Scenario

« Spatial Array Processing
— N=32 element uniform linear array
— 25 noise jammers
— K=1N=32 samples
— 1000 Monte Carlo trials
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Knowledge-Aided CG-MWF

w
o

Mean Square Error (dB)

o

Perfect Knowledge
(All Jammer Directions & Powers Known)
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Knowledge-Aided CG-MWF

Sensitivity Analysis
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Recursive CG-MWF
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Sensitivity Analysis
(Jammer Direction Uncertainty)

Perfect Knowledge
(10 Known Jammer Directions)

Knowledge-Aided Linear Constrained MWF
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Recursive Linear Constrained MWF
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Combined Knowledge-Aided
and Recursive MWF

Perfect Knowledge
10 Directional Null Constraints Plus
Recursive Feedback via CG-MWF
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Summary

Two approaches for inserting knowledge into the
MWEF have been investigated

— Linear constraints

— Nonzero initialization of the CG-MWF

Two types of knowledge have been investigated
— A priori knowledge

— Recursive knowledge

Performance was evaluated under ideal and
perturbed conditions

— Techniques are productive when prior knowledge is either

accurate and stationary or only transiently inaccurate or
nonstationary

— Breakpoints were observed at approximately 1/20t" of a
beamwidth in angle and 15 dB in power
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