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Efficient Subspace-Based Algorithm for Adaptive
Bearing Estimation and Tracking

Jingmin Xin, Member, IEEE, and Akira Sano, Member, IEEE

Abstract—In some practical applications of array processing, the
directions of the incident signals should be estimated adaptively,
and/or the time-varying directions should be tracked promptly. In
this paper, an adaptive bearing estimation and tracking (ABEST)
algorithm is investigated for estimating and tracking the uncorre-
lated and correlated narrow-band signals impinging on a uniform
linear array (ULA) based on the subspace-based method without
eigendecomposition (SUMWE), where a linear operator is obtained
from the array data to form a basis for the null space by exploiting
the array geometry and its shift invariance property. Specifically,
the null space is estimated using the least-mean-square (LMS)
or normalized LMS (NLMS) algorithm, and the directions are
updated using the approximate Newton method. The transient
analyses of the LMS and NLMS algorithms are studied, where the
“weight” (i.e., the linear operator) is in the form of a matrix and
there is a correlation between the ‘“‘additive noise’” and “input data”
that involve the instantaneous correlations of the received array
data in the updating equation, and the step-size stability conditions
are derived explicitly. In addition, the analytical expressions for
the mean-square error (MSE) and mean-square deviation (MSD)
learning curves of the LMS algorithm are clarified. The effec-
tiveness of the ABEST algorithm is verified, and the theoretical
analyses are corroborated through numerical examples. Simula-
tion results show that the ABEST algorithm is computationally
simple and has good adaptation and tracking abilities.

Index Terms—Adaptive filtering, direction-of-arrival (DOA)
estimation, eigendecomposition, learning curve, subspace-based
methods, transient analysis.

I. INTRODUCTION

UBSPACE-BASED methods have been extensively

studied for estimating the directions-of-arrivals (DOAs)
of the incident signals in array processing or the frequencies
of (complex-valued) sinusoids in time-series spectral analysis
from the noisy measurements because of their high-resolution
and computational simplicity (e.g., [1]-[12]). Traditionally,
most subspace-based methods require either the eigenvalue
decomposition (EVD) of a covariance matrix or the singular
value decomposition (SVD) of a data matrix to compute the
signal or noise subspace, and these methods are usually imple-
mented in batch mode. Unfortunately, the eigendecomposition
is computationally intensive and time-consuming [13]-[15],
especially when the number of sensors (or the assumed order
of the signal model) is large. Consequently, in some practical
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situations (e.g., [55]), where the directions of the incident
signals (or sinusoid frequencies) should be estimated adap-
tively and/or the time-varying directions/frequencies should
be tracked promptly, repeated EVD/SVD computation of a
continually updated sample covariance or data matrix is very
burdensome in general, and this heavy computational load often
makes subspace-based methods difficult to implement in an
online manner. To reduce the computational burden of eigen-
decomposition, many efficient techniques have been developed
over the past two decades from different perspectives, such as
computing only a few eigenvectors or a subspace basis, approx-
imating the eigenvectors or basis, and recursively updating the
eigenvectors or basis (see [15]-[18] and references therein).
Recently, computationally simple subspace-based methods
have been proposed for estimating the directions of narrow-band
signals efficiently [19]-[22], where the need for computation
of EVD/SVD is avoided. The representative methods are the
bearing estimation without eigendecomposition (BEWE) [19],
propagator method (PM) and orthonormal propagator method
(OPM) [57], [20], and subspace methods without eigendecom-
position (SWEDE) [21], in which the exact signal/noise sub-
space is easily obtained from the array data based on a parti-
tion of the array response matrix. The PM, in particular, has
been well studied in various aspects in the recent decade [20],
[37], [58]-[65]. For improving the estimation performance, the
OPM was proposed to orthonormalize the noise subspace basis
in [20], and two variants of OPM were presented to estimate
the propagator (or a part of that) by using three (or two) sub-
array covariance matrices of three nonoverlapping subarrays to
eliminate the noise effect in [59], [64], and [65] in a similar
way to the SWEDE. The statistical performances of the PM and
OPM were analyzed and compared with the other “linear” sub-
space-based methods such as the BEWE and SWEDE in [60],
[63], [64], and [65]. In addition, the real-time implementation
of the OPM was considered, where two gradient-based algo-
rithms and a recursive least squares (RLS)-based algorithm were
presented for direction finding and tracking in [61], [62], [37],
and the convergence and optimal step-size of the gradient-based
adaptive algorithm were studied based on a first-order approx-
imation for small step-size (i.e., slow variations with time) in
[61] and [62]. Furthermore, the least squares (LS)-type online
implementation of the SWEDE was considered in [21], and an
adaptive algorithm based on the projection approximation sub-
space tracking with deflation (PASTd) [18] and the approxi-
mate Newton iteration for direction updating was proposed in
[66B]. However, the performances of these simple subspace-
based methods and algorithms [19]-[22], [37], [57]-[66] de-
grade severely when the incident signals are coherent (i.e., fully
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correlated), and/or the signal-to-noise ratio (SNR) is low and
the data length is short. The sensor array is usually arranged in
a regular and structured geometry, and this special geometry is
useful in developing computationally efficient direction estima-
tion methods [24]. By exploiting the array geometry of a uni-
form linear array (ULA) and its shift-invariance property, we
proposed a subspace-based method without eigendecomposi-
tion (SUMWE) for estimating the directions of the uncorrelated
and correlated signals impinging on the ULA [23]. We also pre-
sented an LS-type adaptive algorithm for the DOA estimation of
coherent cyclostationary signals [38]; regrettably it is based on
the special temporal property of signals, and its computational
load is heavy.

In this paper, we address the problem of adaptive DOA esti-
mation and tracking of narrow-band signals in a computation-
ally efficient way and propose an adaptive bearing estimation
and tracking (ABEST) algorithm for estimating and tracking the
uncorrelated and correlated signals impinging on a ULA based
on the SUMWE [23], where a linear operator is obtained from
the array data to form a basis for the null space by exploiting
the array geometry and its shift invariance property. Because
the direction estimator is a complicated nonlinear function of
the received array data, the real-time implementation of a sub-
space-based method involves the estimation of the signal/noise
subspace and the minimization of a cost function for direction
finding. Inspired by the computational simplicity and easy im-
plementation of the least-mean-square (LMS) algorithm and the
fast tracking capability of Newton method [25]-[28], [68], we
use the LMS or normalized LMS (NLMS) algorithm for the null
space estimation and use the approximate Newton method to up-
date the direction finding in the ABEST algorithm. The ABEST
algorithm inherits the advantages of the SUMWE: the reduced
computational load, a less restrictive model of additive noise,
and a remarkable insensitivity to the correlation of the incident
signals. Although the behaviors of the LMS algorithm and its
variants have been analyzed extensively in the adaptive filtering
literature (e.g., [25]-[36] and references therein), these studies
were generally done under different assumptions and with ap-
proximations to simplify the analysis and produce reliable re-
sults. One of the most common assumptions is the independence
between the additive noise and input data. However, in the up-
dating equation of the ABEST algorithm, the “weight” (i.e., the
linear operator) is in the form of a matrix, and there is a correla-
tion between the “additive noise” and “input data” that involve
the instantaneous correlations of the received array data (and
additive noise). In this paper, the laborious transient analyses of
the LMS and NLMS algorithms are studied, and the step-sizes
that guarantee the mean and mean-square stabilities are derived
explicitly. Furthermore, the analytical expressions of the mean-
square error (MSE) and mean-square deviation (MSD) learning
curves of the LMS algorithm are clarified, and an analytical
study of the LMS stability is performed for the case of a single
signal. The estimation performance of the ABEST algorithm
is demonstrated in stationary and nonstationary environments.
The simulation results show that the ABEST algorithm is com-
putationally simple and has good adaptability and tracking ca-
pabilities and that there is relatively good agreement between
the theoretical analyzes and practical results.
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II. PROBLEM FORMULATION AND PRELIMINARIES
A. Data Model and Basic Assumptions

We consider a ULA of M identical and omnidirectional sen-
sors with adjacent spacing d, and we assume that p narrow-band
signals {sy(n)} with the center frequency f, are in the field far
from the array and impinge on the array from distinct bearings
(i.e., directions) {fx(n)}. Under the narrow-band assumption,
the received noisy signal y;(n) at the ith sensor can be expressed
as [1]-[12], [19]-[24]

yi(n) =zi(n) + w;(n) (1)

z;(n) si(n) eIwo(i=1)7 (61 (1)) 2)
1

k

where z;(n) is the noiseless received signal, w;(n) is the ad-
ditive noise, wo = 27 fo, T(8x(n)) = (d/c)sin By (n), c is the
propagation speed, and the DOAs {6 (n)} are measured relative
to the normal of array. The received signals can be re-expressed
more compactly as

y(n) = A(6(n))s(n) + w(n) 3

where y(n), s(n), and w(n) are the vectors of the received
signals, the incident signals, and the additive noise given by

n),
S sp(m)]T, w(n) = fwi(n), wa(n), ., wum (n)]", A(6(n))
is the array response matrix given by A(f(n)) =

O =

[a(01(n)), a(02(n)), ..., a(0,(n))]  with  a(bk(n))
[1, eiwor@u(m) eiwo(M=D7E )T and (-)T denotes
transpose.

We make the following basic assumptions about the data
model, which are similar to those introduced in [23].

1) The array is calibrated and the array response ma-
trix A(6(n)) is unambiguous, i.e., the array response
vectors  {a(01(n)),a(f2(n)),...,a(0,(n))} are lin-
early independent for any set of distinct directions
{0:1(n),02(n),...,0,(n)}. Equivalently, the matrix
A(6(n)) has full column rank.

2) Without loss of generality, the signals {s;(n)} are all co-
herent so that they are all some complex multiples of a
common signal sq(n); then, under the flat-fading multi-
path propagation, they can be expressed as [1], [3], [12],
[39]-[44]

sk(n) = Bk s1(n), for k=1,2,...,p )
where [y, is the unknown complex attenuation coefficient
with Bx # 0 and 5y = 1.

3) For the simplicity of theoretical performance analysis,
the incident signal s;(n) is a temporally complex white
Gaussian random process with zero-mean, and the vari-
ance given by

E{s1(n)si(t)} = rsbnt, E{si(n)s1(t)} =0, Vn,t (5)
where E{-}, (-)*, and 6, denote the expectation, the
complex conjugate, and Kronecker delta.
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4) The additive noise {w;(n)} is a temporally and spatially
complex white Gaussian random process with zero-mean
and the following covariance matrix:

E{wn)w™ (t)} =016+,
E{w(n)w” ()} =0,

Vn,t
Vn,t (6)

where I, Oy g, and (-)¥ indicate the m x m identity
matrix, the m X ¢ null matrix, and the Hermitian transpose,
and the additive noise is uncorrelated with the incident
signals.

5) The number of incident signals p is known, and it satisfies

the inequality that p < M/2.

Remark 1: Although the incident signals are assumed to be
all coherent, the proposed ABEST algorithm can be extended
to the case of partly coherent or incoherent signals (cf. [23]).
The identifiability condition that guarantees the uniqueness of
direction estimation is that M > 2p, which is less strict than
the necessary condition M > 3p/2 with probability one [45].
Furthermore, if the number of incident signals is unknown, it
can be estimated by some proposed techniques (see [12] and
references therein). O

Remark 2: The tracking of the crossing directions is not con-
sidered in this paper. In this situation, we would need to intro-
duce a dynamic model of the incident directions. Moreover, an
additional procedure based on some kinematic parameters such
as bearing velocities and accelerations could be useful in pre-
dicting the crossover points on the trajectories and blocking the
tracking procedure during crossover intervals [46], [47]. Such
an elaborate procedure is currently under investigation. O

In this paper, we address the adaptive estimation and tracking
of the DOAs of coherent signals in a computationally simple
way. An efficient subspace-based algorithm is developed, and
the statistical properties of the LMS and NLMS algorithms used
for the null space estimation are analyzed in details.

B. Review of SUMWE

The SUMWE is a computationally efficient and batch method
for estimating the constant directions of the incident signals
[23]. Here, this method is briefly summarized, where the DOAs
are assumed to be time invariant (i.e., 0 (n) = 6), and A(0(n))
is denoted as A for simplicity.

Under the basic assumptions, from (3), we obtain the array
covariance matrix R as

R 2 E{y(n)y" (n)} = AR, A" + oI, (7)
where R, 2 FE{s(n)s"(n)}. Due to the coherency between
the incident signals, the source signal covariance matrix R is
singular (i.e., rank(R;) < p, when p > 1). By defining the
correlation 7;; between the signals y;(n) and yi(n) as r £
E{y;(n)y;(n)}, where r;, = r},;, we find that the diagonal
elements {rx} of R are affected by the noise.

Now, we divide the full array into L overlapping subarrays
with p sensors in the forward and backward directions [39], [40],
where L = M — p + 1, and the (conjugate) signals in the [th

4487

forward/backward subarray can be expressed in a compact form

forl =1,2,...,L[12], [23], [43]
yfz(") £ [yi(n), yig1(n), ... 7yl+p—l(n)]T
:AlDl_ls(n) +wp(n) (3
Y (n) 2 [Yar—i41(n), ynr—1(n), .., yr—141(n )]H
:AlD_(M Dg* (n) + wy(n) 9)

where wp(n) £ [wi(n),wii(n),. .., wp_1(n)]7,

wy(n) 2 [wy—p1(n), war—i(n),...,wp_i41(n)], D =
diag(e/woT(01) giwot(82) | ¢iwoT(92)) and A; is the p X p
submatrix of A consisting of the first p rows with the
column ay(y) = [1,el«07Ck) eiwor=1)7@)]T By
defining the correlation vectors as @ = E{y(n)yy(n)},
@5 é E{y(n)yi(n)}, eu £ E{y(n)yy,(n)}, and
@ = E{yar(n)y,(n)}, after some manipulations, we obtain
four Hankel correlation matrices [23]

o, 2 [‘Pf17<Pf27 cee 7‘PfL—1]T = E{Yf(”)?ﬁ/[(”)}
=pursABAT (10)
o 2 [@f2, Pr3s--- 7¢fL]T = E{Y s(n)yi(n)}
=p, rsABDAT (11)
®, = (01, P12, - - ovr—1]" = E{Y(n)y1(n)}
=pir,AB* D~ (M- QT (12)
o, = [@r2, Po3s - - - 7‘pr] = E{Yb(”)?/M(”)}
=pi 1 AB* DM AT (13)
where Y ¢ (n ) [yf1< )7'!/f2( )i‘/é ()7, Yf( ) 2
20 0 (n). oy (] Yol0) 2 Ty (), 9o,
y{;L—l(n)]T’ Yb(”) = [be( )flb:a(”) ooy Ypr(n )]Tv B =
dlag(ﬂl;ﬂ% Y I))’ Pi : :BHbz( )’ ﬂ [ﬁlz /62 . 7ﬁP]T’
bl(g) é [e_]wO<’l,—1)T<01), e]w0(1—1)7(02)7 . 7e]w0(1—1)r(0P)]T’

and A is the (M — p) x p submatrix of A con-
sisting of its first M — p rows with the column
a(f) 2 (1, ejWOT(ak)7 el eij(L—2)‘r(0k)]T_

Clearly, the correlation matrices @y, éf, ®,, and
®, in (10— (13) are not affected by the additive noise,
o, = Jy_ p<I>f p, and ®, = Jy_ pCPfJ where J,, is
an m X m counteridentity matrix. These (M — p) X p Hankel
matrices can be formed simply from the elements {r;;}
and {r;ps} in the Mth and first columns ¢ and ¢ of array
covaraince matrix R in (7) except for the autocorrelations
r11 and rara, which contain the noise variance o2, where
¢ £ E{y(n)y},(n)}, and ¢ 2 E{y(n)y;(n)}. Furthermore,
the ranks of these matrices equal p; that is, the dimension of
their signal subspace equals the number of coherent signals.

Because it is assumed that M > 2p, we can partition the
(M — p) x p matrix A, and hence the correlation matrices in
(10)—(13), into two submatrices as

4o [A] e
A__AJ WM = 2p (14)
(@51 ] }p £ o [®n]}p
o, 2| It &= f}
f _¢f2:| }M—2p’ |:¢f2 }M—Zp
K }p = A | Py }P
o, 2 ”1} o, 2 [— } .15
P @y | M —2p0 BT |8y | jM —2p 1Y



4488

Under the assumptions for the data model, the rows of A5 can be
expressed as a linear combination of the rows of A; [20], [23],
[571, [58]

PEA, = A, (16)

where P denotes a p x (M — 2p) linear operator. Hence, from
(10)—(13) and (15), the relationship between A; and A2 can be
expressed as that between the submatrices of @, ®, ®;, and
®, as

P9, = &, Q"A=001_2)xp, (D

where ®; £ [®1, @1, By1, By1], By = [Bfr, Bfo, By, By,
Q2 I[PY, —I, 5T, and P = (®,®])~'®,® . Clearly, the
co}lumns of matrix @ form a basis for the null space N’ (AH) of
A

Thus, when the finite array data are available, the directions
{01} can be estimated based on (17) without any eigendecom-
position by minimizing the cost function

£(0) = a" (6)I, a(h)
where a(f) £ [1,ef«0r(®)  eiwol=2T@O)T 1. = Q

(Q Q)1Q". @ = [P —Iy 57, P = (8,8, )18,

<I>2 , and z denotes an estimate of the quantity .

i.e.,

III. ADAPTIVE BEARING ESTIMATION AND
TRACKING ALGORITHM

The computational load of the batch implementation of
SUMWE is dominated by the computation of estimated corre-
lation vectors ¢ and @, the estimation of orthogonal projector
HQ (i.e., linear operator i’), and the minimization of cost
function f(6) [23]. Hence, these major steps should be carried
out efficiently, when the SUMWE is implemented in a real-time
manner. Now, we consider the SUMWE-based ABEST algo-
rithm for estimating the constant directions and for tracking the
slowly time-varying directions.

A. LMS Algorithm for Null Space Estimation

First, in the case of constant directions of the incident signals,
we can write the Hankel correlation matrices ®, ® ¢, @y, and
®, in (10)—(13) at the instant n by using the instantaneous cor-
relations

@s(n) =Y(n)yas(n),  @s(n) =Y y(n)yi(n) (19)
®,(n) =Yu(n)ya(n), ®y(n) =Ys(n)ya(n). (20)
By letting ®41(n), ®s2(n), ®71(n), ®s2(n), ®y1(n), Bpa(n),
®;1(n), and ®45(n) be the corresponding submatrices of the
Hankel matrices in (19) and (20), from (1), (8), (9), (14), and

(16), we get the following relation between these instantaneous
correlation matrices after some simple algebraic manipulations:

®y(n) = P7®,(n) + EX (n) 1)
where ®;(n) 2 [®1(n), 851 (n), Bp1(n), i( n)l, @a(n ) £
[872(n), B2(n), Boa(n), Bu2(n)], Eo(n) = —G (n)Q.

G(n) = W ()Ign)W()(n)Wb()()Wb(
- ym(n)], Wg(n) [wii(n), wea(n), ..., wer—1(n)]",
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Win) = [wp(n)wpsn), . wip ()" Win) =
[wy1(n), we2(n), ..., wpr_1(n)]", and Wy(n) = [wpa(n),
wy3(n), ..., wpr(n)]T. Note that the linear operator P is inde-

pendent of the correlation matrices @4 (n) and ®5(n), whereas
the “additive noise” E,(n) is correlated with ®;(n) and ®2(n)
due to the presence of y;(n) and yp(n) in G(n). Thus, from
(21), we can find that the estimation of linear operator P(n) at
the instant n is reduced to the minimization of the time-varying
cost function Jyvs(n) given by

Juas(n) 2 | E(n)|7 = te{ET (n) E(n)}

where the 4p x (M — 2p) matrix E(n) is the estimation error
given by

(22)

E(n) £ @,/ (n) — ' (n)P(n - 1)

while ||||§, and tr{-} denote the square of the Frobenius norm
and the trace operation.

By defining the derivative of a function J 2 f(z) with re-
spect to a complex variable vector z = [z1, 2o, . . ., z,] T and
the gradient vector of .J as (e.g., [27] and [48])

0J A 1[0J
oz* o 2 Oi’l
and V.J £ 20 /0z", where z, 25+ 71k, after some ma-
nipulations (cf. [48]), we can obtain the instantaneous gradient

matrix of Jms(n) in (22) with respect to the linear operator
P(n—1)

(23)

.8]

oJ oJ
81/1 .....

" O%m +J01/m

d0Jrms(n)
OP*(n—1)
— 28, ()(®7 (n)

VJims(n)=2
—®F(n)P(n-1)). 24

Thus, we can easily obtain the LMS algorithm for updating the
linear operator P(n) [25]-[28]

P(n)=P(n —1)— 0.5uVJLms(n)
=P(n—1)+p®1(n)E(n)

where p is a positive step-size, which should be chosen ap-
propriately to guarantee the stability (see Section IV for de-
tails). Henceforth, we also call the linear operator as the weight
and assume that the current weight matrix P(n — 1) is statisti-
cally independent of the current correlation matrices ®;(n) and
®,(n) as usually assumed in the adaptive filtering literature (cf.
[25]-[36]).

Furthermore, by using the matrix inversion lemma (e.g., [2],
[27], and [68]), from (18), we can obtain the instantaneous or-
thogonal projector II(n) onto the null space N (AH (0(n))) [23]

() = Q(1) (La1 2~ P () (P()P™ (1) + 1)) ~'P(1)) Q" (n)

(26)
where Q(n) = [P”(n), —In—2,]". Although the computa-
tional complexity is reduced for the calculation of II(n), where
a p x p matrix P(n)P"(n) + I, is inversed instead of an
(M — 2p) x (M — 2p) matrix Q¥ (n)Q(n), this inversion may
be unsuitable for the real-time application. Due to the compu-
tational expediency of the Householder transformation (cf. [13]
and [48]), which is a reflection operation done to annihilate all
the elements of a column except for the first one, we perform the

(25)
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QR decomposition of P(n)P" (n) 4 I, using the Householder

transformation (see Appendix A for details)
P(n)P"(n) + 1,2 P(n) = Q(n)R(n) 27

where Q(n) and R(n) are the p X p unitary matrix and upper

triangular matrix. Then, the instantaneous orthogonal projector
II(n) can be obtained

() = Q(n) (Ias—2p — P (n) inv{ R(m)}Q"(n) P()) Q"(n)

(28)
where inv{R(n)} denotes the inversion operation of R(n) with
a simple back-substitution, because R(n) is an upper triangular
matrix (see Appendix B for details).

B. NLMS Algorithm for Null Space Estimation in
Nonstationary Environment

The LMS algorithm in (25) has good convergence in a sta-
tionary environment, and its stability and rate of adaptation are
governed by the step-size p, whose stability region generally
depends on the statistics of the signals (e.g., incident directions
herein) and on the additive noise. Because the step-size im-
pacts the performance in a rather complicated way, it is very
difficult in practice to choose an appropriate step-size to track
the time-varying directions [49], though some variable step-size
methods have been proposed (e.g., [50]). As normalization has
been used as a heuristics method for stability in numerical anal-
ysis and optimization, the NLMS algorithm can provide im-
proved performance while maintaining the simplicity and ro-
bustness of the LMS algorithm with a fixed step-size (cf. [27],
[28], and [56]). Here, we consider the NLMS algorithm for es-
timating the linear operator P(n), when the directions {6y (n)}
are slowly time-varying (relative to the sampling rate [21]).

The NLMS algorithm can be viewed as the solution to the
following optimization problem [27]: minimizing the squared
Frobenius norm of the change AP(n) £ P(n) — P(n — 1)
under the constraint ®,(n) = P (n)®; (n). We can define the
time-varying cost function Jyims(n) as

Ineis(n) 2 [|AP(m)|[2+Re{tr{ (®2(n)— P (n)®1(n))A} )

(29)

where A is a 4p x (M — 2p) Lagrange matrix, and Re{-}

denotes the real part of the bracketed matrix. By differenti-

ating Jxrwms(n) with respect to the weight P(n) and letting

this differentiation be zero (i.e., dJyLms(n) /OP*(n) =
O, x (M —2p)), We get the optimum weight

P(n)=P(n—1)+ ®1(n)A. (30)

In view of the constraint ®,(n) = P (n)®; (n), from (30) and

(23), we easily obtain
@1 (n)A = (®1(n)@1 (n)) ' @1 (n) E(n) 3D
when the p x p matrix ®; (n)®}’ (n) is invertible. Then, by sub-

stituting (31) into (30) to eliminate the Lagrange matrix and in-
troducing a positive step-size fi to control the change in P(n)
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from one iteration to the next, we obtain the NLMS algorithm
for updating of linear operator P(n)

P(n)=P(n—-1)+ ﬁ(@l(n)éf](n))_ltbl(n)E(n) (32)
where the update term is premultiplied (normalized) by the in-
versed time-varying covariance matrix (®1 (n)®% (n))=1 of the
“input” matrix ®,(n), whereas the stability region of step-size
i is independent of the signal statistics and givenby 0 < i < 2
(see Section IV for details).

Furthermore, with the SVD of the 4p x p matrix ®% (n) given
by [13], [23]

&{'(n)=U(mA(m)V"(n)=[Us(n), Us(n) 1[

=U;(n)A1(n)VE(n)

where U(n)U" (n) = U (n)U(n) = I, V(n)V¥(n) =
VH(n)V(n) = I,, Ay = diag(Ai(n), A2(n), ..., Ay(n))
with Ai(n) > Xa(n) > -+ > Ap(n) > 0, we readily
find that the term V(n)A;(n)UF (n) (ie., ®(n)) of the
LMS algorithm in (25) is replaced by V (n)A] ' (n)UT () (ie.,
(®1(n)® (n))=1®,(n)) of the NLMS algorithm in (32). Thus,
we can view the NLMS algorithm as the LMS algorithm with
a time-varying step-size diagonal matrix M (n) £ ﬂ[\f(n),
whereas the latter has a constant step-size matrix pl,.

The normalization makes the NLMS algorithm less sensitive
to the variations in matrix @4 (n) at the cost of increased compu-
tational complexity, where the p X p matrix inversion is neces-
sitated. However, this difficulty can be alleviated by using the
QR decomposition given by

@ (n)®1' (n) = Q(n)R(n) (34)
where Q(n) and R(n) are the p X p unitary matrix and upper tri-
angular matrix, respectively. Consequently, from (34) and (32),
the NLMS algorithm can be rewritten as

P(n) = P(n—1) + g inv{R(n)}Q" (0)®:(n)E(n). (35)

Then, the instantaneous orthogonal projector II(n) can be esti-
mated using (27) and (28).

Remark 3: When the matrix @ (n) is small, the numerical
instability may arise due to the small singular values {)\;(n)}
[12]. Hence, we can modify (32) by introducing a sufficiently
small and positive regularization parameter &

Pn)=P(n—-1)+ ﬂ(@l(n)@{{(n) + 6Ip)_1¢1>1(n)E(n).
(36)
Thus, we call (36) the e-NLMS algorithm. O

C. Approximate Newton Method for Direction Finding

Now, we consider the online implementation of direction
finding based on the minimization of the cost function f(f)
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in (18). As discussed in [23], the first-order expression for the
estimation error of direction #;, can be obtained as

; Re{d" (01)1, a(0%))
e - (37)
d” (0r)Ig d(6y)
where E(H) = 7( )/dﬂ = Jwo (d/c) cos 0[0 eng‘r(G)
2e72€07(0) (L — 2)eIwo(L=7)]T Then, by substltutmg

the orthogonal projector II(n) obtained by the LMS or NLMS
algorithm into (37) to replace the estimated and true orthogonal
projectors HQ and I, we get the approximate Newton itera-
tion formula for direction updating (e.g., [25]-[28], [21], [66],
and [68])

i o — g1y Beld” (O)I(n)a(6)}
) = = e )

. (38)
6="04 (n—1)

D. Online Bearing Estimation and Tracking Algorithm

Based on the above analyses of null space estimation and di-
rection finding, we can summarize the online ABEST algorithm
as follows.

1) Calculate the instantaneous correlation
vectors @(n) between y(n) and yi;(n) and
@(n) between y(n) and yi(n) as

e(n) =y(n)yi(n).  @n)=ym)yi(n) (39
where @(n) = [fia(n),Parr(n), ... 7arar(n)]”, and
gO(TL) = [7"11( ) 7321(71)7 - 7T]\,[1(7’L)]T.
......................................... 12M flops

2) Form the Hankel correlation matrices

®;(n), ®;(n), ®y(n), and ®(n) from ¢(n) and @(n)

as
®;(n) =Hank{h., h,}, ®;(n)=Hank{h., h,} (40)
®y(n) =Jr—p®;(n) Ty, By(n)=Tr—,®5(n)J, (41)

where hc = [f’lj\/[(n), sz(n), e ,f]\/[_pJ\,j(n)]Ti hr =
[fM—p,M(n), 7ﬁ]\r[—p+1,1\1(n)7 R fM—l,M(n)]T, h. =
[F21(n), P31(n), ..., 71 (n)]", by = [Fra(n), Pr41,1(n),
P (n)]t, and Hank{-} denotes the Hankel
operation.

3) Calculate the instantaneous estimation
error E(n) by using (23).

32p%(M — 2p) + 8p(M — 2p) flops

4) LMS: Update the linear operator P(n) by
using (25).
.......... 32p%(M — 2p) + 2p(M — 2p) + 24p® flops
NLMS: Perform the QR decomposition shown
in (34), and update the linear operator
P(n) by using (35).

32p%(M — 2p) + 2p(M — 2p) + 97p> + 13p?

+22p flops

5) Calculate the QR decomposition of P(n)b
using (27) with Appendix A.

8p?(M — 2p) + 24p> + 4p® + 23p flops

6) Calculate the orthogonal projector IlI(n)
by using (28) with Appendix B.
................ SM(M —2p)>+8(M —2p)(M —p)*+p?)

+8p°+p(p+1)(p+2) flops
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7) Update the estimates {fi(n)} by using the
approximate Newton iteration shown in
(38).

—p)?+16(M — p) flops

The computation complexity of each step above is roughly in-
dicated in terms of the number of flops, where a flop is defined as
a floating-point addition or multiplication operation as adopted
by MATLAB software. The NLMS algorithm needs approxi-
mately 97p> — 11p? + 22p more flops than the LMS algorithm.
Furthermore, the LMS and NLMS algorithms are initialized by
P(0) = O, (r—2p)» and the first Ko = 2M snapshots of the
received data are accumulated for the offline SUMWE [23] to
provide the initial values of directions {f)(n)} for the Newton
method [21].

Remark 4: Like the SUMWE, the proposed ABEST algo-
rithm can accommodate a more general noise model of the spa-
tially correlated noise if we choose appropriate subarrays (i.e.,
instantaneous cross correlations of the array data) (see [23] for
reference). O

Remark 5: In practice, the subarray size should be chosen
appropriately because the information on the number of sig-
nals is unavailable in some applications. When the number
of signals is presumed as p, if there is an error in this pre-
sumption, the estimation performance of the ABEST will be
affected. If p > p with M — p < p or p < p, the ranks of
the (M — p) x p matrices ®y, 'i)f, ®;, and ®; in (10)—(13)
will be smaller than p, and apparently, the dimensions of signal
subspace of these matrices cannot be restored to the number of
coherent signals [12], [43]. Consequently, the p x (M — 2p)
linear operator P in (17) cannot be used to estimate the di-
rections of coherent signals accurately, and it will severely de-
grade the estimation performance of the ABEST algorithm. If
p > p and p satisfies the condition M — p > p > p, the
(M — p) x p matrices ®, ® 7> @y, and ®, are rank deficient,
and the ordinary LS estimate P = (®,®1)~'®, ®% from (17)
becomes numerically unstable [12], [43]. However, due to the
finite number of snapshots, the absence of additive noise in
the array data will alleviate the ill-conditioning in the estima-
tion P = (éléi{)*léléf to a certain extent [12], where
P is used in (18) for direction estimation from the finite and
noisy array data. Thus, the ABEST algorithm still holds in this
case by choosing the step-size of the LMS/NLMS algorithm
properly. From Remark 1, we can see that the maximum de-
tectable number of incident signals is p < M /2. Thus, if the
number of signals is unknown, we can choose a conservative
value of the number of incident signals (i.e., subarray size) as
P = | M/2] —1, where the inequality condition M —p > p > p
is satisfied as well, where | x| denotes the largest integer smaller
than or equal to z.

Furthermore, by estimating the (M — p) X p matrices ® s
> 7, ®,, and &, from the finite array data with p = | M/ 2J -1
and by performing the QR decomposmon of the matrix <I><I> as

®® = QR, where ® 2 [® 7 @5, ®,, ®,], the number of inci-
dent signals can be determined accurately by using the elements
{Fir.} of R [75] (yet it is beyond the scope of this paper). O
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TABLE 1
COMPARISON BETWEEN THE COMPUTATIONAL COMPLEXITY OF SIMPLE ONLINE IMPLEMENTATION OF BENCHMARK METHODS
WITH EVD AT EACH INSTANT AND THAT OF THE ABEST ALGORITHM IN MATLAB FLOPS AT EACH INSTANT

Step MUSIC SS-based MUSIC ABEST
Calculation of correlations  10M2+6M 10M2+6M 12M
+2(M —m+1)m?
Estimation of subspace O(M3) Oo(m3) 8M(M —2p)? +8(M — p)*(M —2p)

16(m+1)(m— p)

+10(M -2p)(10p2+ p)+33p3
+31p2+25p+k
16(M — p)2 +16(M — p)

Updating of direction 16(M +1)(M — p)
(a) (LMS Case) (b) (NLMS Case)
1 . . . 1 . . .
0.8} 1 0.8f
S 06F 206F
& Fsest/Tssmusic g fapest’fss usic
) )
8 8
° S
= =
Wo.af Wo.4
0.2} 0.2
fapest/tusic £ mest’vusic
] ]
ol . . . ol . . .
5 25 50 75 100 5 25 50 75 100
Number of Sensors M Number of Sensors M
Fig. 1. Relative efficiency ratios between the estimated number of MATLAB

flops required by the (a) LMS- and (b) NLMS-based ABEST algorithm and that
needed by the MUSIC and SS-based MUSIC in terms of the number of sensors
at each instant (p = 2).

Remark 6: Basically, a simple and direct online implemen-
tation of the benchmark methods of the MUSIC (for incoherent
signals case) [6] and spatial smoothing (SS)-based MUSIC [39]
(for the coherent signals case) with eigendecomposition involve
three major steps at each instant:

1) computation of the time-varying array covariance ma-
trix with rank-1 updating (and calculation of spatially
smoothed subarray covariance matrix for the SS-based
MUSIC);

2) estimation of noise subspace with EVD;

3) updating of the estimated directions with approximate
Newton iteration.

The computational complexity of each step in MATLAB flops
at each instant is roughly shown and compared with that of the
ABEST algorithm in Table I, where m is the subarray size used
in the SS-based MUSIC withm > pand M —m +1 > p
(see [39] for details), while s = 0 or & = 97p3 — 11p2 + 22p
when the LMS or NLMS is employed in the ABEST al-
gorithm. By defining the total numbers of MATLAB flops
required by the MUSIC, SS-based MUSIC, and the ABEST
algorithm at each instant as fyusic, fssomusic, and fABesT,
respectively, the relative efficiency ratios faprst/fmusic
and fapest/fss.music in terms of the number of sensors are

shown in Fig. 1 based on some examinations, where p = 2,
M is varied from M = 5to M = 100, the subarray size m is
chosen as . = round(0.6(M + 1)) [74], and round(-) denotes
the round-off operation. Obviously, fapgsT is smaller than
fvusic and fss.music, and these quantitative comparisons
show that the ABEST algorithm is computationally efficient
than the (SS-based) MUSIC method with EVD. O

IV. STATISTICAL ANALYSIS

A. Mean Behavior and Mean Stability of LMS
First by defining the weight-error P(n) as P(n) = P—P(n),
from (21), (23), and (25), we can rewrite the weight adaptation
in terms of the weight-error matrix
P(n) = (I, - (1®1(n)®F (n))P(n — 1) 4+ u®; (n)GH (n)Q.
(42)
Under the assumption of independence between P(n — 1) and
®, (n), by taking the expectation on both sides of (42) and using
the results shown in Appendix C, we easily get
E{P@)}=(I, — p¥1)E{P(n — 1)} + paP
— ~ n71 —
=(I, — @) "E{P(0) } + pad (I, —p®,)"P (43)
k=0
where

012 E{®1(n)@)' (n)}

P
=V, + Z{TJ\JM(Mfu-l-szH,lH)
=1
+ri(Mpg1041+Mpy)} (44)
QEE{®(n)G"(n)} = a[I,,0px(ar—2p)]  45)

with &1 £ &8, My, & E{yn(n)y%(n)}, My, =
E{y,;(n)yl(n)}, and a £ 2pa?(r11 + 7arnr). The recursion
in (43) describes the mean behavior of the weight-error matrix
P(n), and its first term is the natural component that governs
the convergence of P(n) in (25).

Theorem 1: The stability condition of the LMS algorithm
in the mean sense is that the step-size satisfies the double in-
equality

O<p< (46)

2
)\max(‘Ijl)
where Aax(-) denotes the largest eigenvalue of the bracketed
matrix.
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Proof: From (43), the LMS algorithm converges in the
mean sense if and only if the magnitudes of all eigenvalues of
the matrix I, — u\ill are strictly less than one (e.g., [25]-[28]),
i.e., |1 — pA;| < 1 for all 4, where {\;} are the eigenvalues of
p X p matrix W1, and \; > 0 because ¥, in (44) has full rank
[23]. Equivalently, the convergence condition in the mean sense
is given by

2
0<u<;, for 1=1,2,...,p. 47)
Thus, the condition in (46) is established readily. |

In addition, a sufficient condition in the mean sense is usually
given by 0 < p < 2/tr(¥y), where tr{¥;} = 37\ [2].
Furthermore, from (43), the steady-state mean of the weight-
error is given by lim, o E{P(n)} = oz\ill_lP. In view of the
initialization of ABEST that P(0) = O, (r—ap) (i.€., P(0) =
P), we readily get lim,, .o E{P(n)} = O, (m—2p) When pis
sufficiently small and o2 = 0, so the estimated linear operator
P(n) is asymptotically unbiased.

Remark7: We could get amodified LMS (MLMS) algorithm

by setting i = ju/tr{®, () (n)}
P(n)=P(n-1 %an}f}n (48)
(n) = P( )+tr{<I>1(n)<I>1 o (n)E(n)

where 0 < /i < 2. We can see that (48) is the LMS algorithm
with a time-varying step-size i/ +_; A2 (n). O
B. Mean-Square Analysis of LMS
Now, we examine the mean-square behavior of the LMS algo-
rithm in (25). Because the true weight P and the estimated one
P(n—1) are independent of ®, (n), the weight-error P(n—1) is
also independent of ® (n). By postmultiplying (42) by its Her-
mitian transpose and by taking expectation on both sides, we
get [51]
- - H
E{P(n)P" (n)}
- - H
=E{P(n-1)P (n-1)}
+ u(E{<I>1 )GHn)}QE{P (n-1)}
+ E{P(n - 1)}Q" (E{®: (n)G" (m)})"
- ~H
— E{®(n)®] (n)}E{P(n — 1)P" (n — 1)}
- ~H
~B{P(n - DP" (n - 1)} E{®1(n)@] (n)})
w? (E{‘I’l(n) T ()P(n— )P (n— 1)®,(n) @Y (n)}
B2, (n)G" (n)QQ" G(n) @' (n))
— E{®1(n)G" (n)QP (n —1)®1(n)®7' (n)}
—(E{®: ()G (0)QP" (n 1)<I>1(n)<1’f(n)})H) :
(49)
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Because of the correlation between the matrices ®(n) and
E,(n) (ie., G(n)) and the structure of the matrices ®1(n)
and FE,(n), which involves the instantaneous correlations
of array data (and additive noise), it is mathematlcally for-

midable to evaluate the expectation E{P(n)P ( )} in
(49). From the results in Appendices D and E and by letting

K(n) 2 E{P(n)P
sion of the mean-squared weight-error matrix E {P(n)f’H(n)}

K(n) = (I, — p¥1)K(n - 1)(I, — n¥)
+ pa(PE{P™ (n — 1)} + E{P(n — 1)} PH")
12(a2PPH — oPE{P" (n — 1)1,
— oW E{P(n—1)}P¥ + K, + K; + K,
+ K, — (K5 + Kg) — (K5 + Kg)?)  (50)

H . .
(n)} for convenience, we obtain the recur-

where K1 ~ K are given in Appendix E. Clearly, this re-
cursion describes the transient behavior of the LMS algorithm
with (43). Although the highly nonlinear relation between K (n)
and K(n — 1) in (50) makes the convergence condition in the
mean-square sense invisible, we can obtain the following the-
orem on the mean-square stability.

Theorem 2: The step-size convergence condition that guar-
antees the mean-square stability of the LMS algorithm in (25)
is given by (51), shown at the bottom of the page, where

Cé(IP®\i’1>+(‘i’l®Ip)7 C’é(\Il W)+ Ky (52)
C2C+K,, C2C-K, (53)
7oA c ﬁ v Al C _C
L= 2 2 , L= 2 2 (54)
Ip27 OPZXPZ Ip27 0p2><p2
_ P P 4 4 =
Klézzz Fi 1 @ Fig ke (55)
=1 t=1 i=1 k=1
- p p 4 4
K, = ZZZZV (Fitke)vec™ (Fi kt) (56)

in which le kt é E{Z’Zl( )zkt( )} F”Akt é E’{Z’ll(n)
L2 ()}, Buln) 2 yp(n)yl(n), 2a(n) 2 g (n)yi(n),
A ~ A
za(n) = yu(n)yi(n), zu(n) = Yy (n)ya(n), and @
denotes the Kronecker product. Here, we assume that the real
and positive eigenvalues of the 2p? x 2p? matrices in (54)
(e, A(L) € Rt and A(L) € R™*) exist; if they do not, the
corresponding condition should be removed from (51).
Proof: See Appendix F. ]
Therefore, by combining the analyses of the exponential
convergences in the mean and mean-square senses, where the
former suffices for the mean weight-error to equal zero and the
latter ensures a steady-state error with finite variance, from (46)
and (51), we can obtain the step-size convergence condition

1 1

1

[a—y

0<p < mi =,
I mln{)\max(c_lo)

A = . = } (5D
Amax(C ™ C) max{A(L) € Rt} max{\(L) € Rt}
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that guarantees both the mean and mean-square stabilities of
the LMS algorithm as in (57), shown at the bottom of the page.

Remark 8: The ordinary differential equation (ODE) method
[67]-[69] is another approach for studying the performance of
adaptive filtering algorithm without making any assumptions
about the statistical independence of input data, where the dis-
crete-time difference equation of stochastic algorithm is reduced
to a continuous-time deterministic differential equation, and the
convergence and stability properties of the resulting continuous-
time system are often analyzed by using the well-studied Lya-
punov stability theory [28], [67]-[69]. Unfortunately, like the
averaging analysis [26], the ODE method is only applicable
to study the asymptotic convergence behavior of adaptive fil-
tering algorithm for a sufficiently small step-size (or a vanish-
ingly small one) case (so that some approximations become pos-
sible) and does not give information on the transient behavior
of the adaptive algorithm (e.g., [70]-[73]). In this paper, we do
not expand on this stability issue, since one of our objectives is
to derive the convergence condition of step-size that guarantees
the mean and mean-square stabilities. Furthermore, albeit in a
rather complex fashion, the derived exact expectation analyses
hold without any approximations or assumptions, except for the
assumption that the current weight matrix P(n — 1) is statisti-
cally independent of the current correlation matrices ®;(n) and
®,(n), but this assumption is justified in the situation consid-
ered herein in light of (21) (cf. [27]). O

C. Learning Curves of LMS

Here, we study the MSE and MSD learning curves of the
LMS algorithm, which provide the measures of the rate of con-
vergence, the steady-state error, and the effect of step-size.

First, from (21) and (23), the 4p x (M — 2p) estimation error
matrix E(n) is rewritten as

E(n) = & (n)P(n— 1) — G" (n)Q. (58)

Then, by using the independence assumption for i’(n —1) and
®,(n), we get the MSE learning curve of the LMS algorithm
[27], [28]

JYSE(n) & E{Joys(n)}= tr{ E{E® (n)E(n )}}

= tr{ E{®, ()@ ()} E{P(n — )P (n - 1)}}
— tr{(B{@:(n)G" ()} E{P(n - 1)Q"}
— te{B{P" (n— 1)} E{®1(n)G" ()} Q}
+ tr{QT E{G(n)G" (n)}Q}. (59)
In a fashion similar to the evaluation of expectation

E{®;(n)G"(n)} in Appendix C, from (E3) and (E4), we
obtain from some manipulations
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Then, by substituting (44), (45), and (60) into (59) and using the
identity tr{ XY} = tr{Y X} for two matrices with compatible
dimensions, we get the MSE curve JM3E (n)

Tiis (n) = {1 K(n — 1)} — atr{ P"E{P(n — 1)}}
—atr{E{P" (n — 1)P}} + atr{Q" Q)
where the first- and second-order weight statistics E{P(n—1)}
and E{P(n — I)PH(n — 1)} of the weight-error P(n — 1) can
be determined numerically using the recursions (43) and (50).

From (61) and the result of Section IV-A, the steady-state MSE
(SSMSE) is given by

(61)

JSSMSE _ 410, K (00)} — 202t { PP ¥, ' P}

+ OétI‘{PHP + IMfzp}. (62)

Furthermore, from the recursion of the mean-squared
weight-error matrix in (50), we easily get the MSD learning
curve JMBP (n) of the LMS algorithm [27], [28]

~H ~
= E{te{P" (0)P(n)}} = tr{K(n)}.

Jins (n) (63)

D. Stability Analysis of NLMS

Because of the high nonlinearity of the NLMS algo-
rithm in (32) with the presence of normalization factor
(®1(n)®;"(n))~" and of the correlation between the matrices
®,(n) and E,(n) (i.e., G(n)) with their structure, the mathe-
matical analysis of the NLMS algorithm is very complicated.
Here, we thus only examine the convergence condition for the
NLMS algorithm in the case of constant directions.

From (32), (21), and (23), after some simple manipulations,
we easily obtain

P(n)=(1-p)P(n—1)+(®1(n)®1 (n)) "' @1(n)G" (n)Q.

(64)
Then, the expectation of the NLMS weight-error matrix is given
by

E{P(n)} = (1 - p)E{P(n— 1)} + 102Q
=(1-p)"E{P(0)} + 1 Z (1-n)*0Q
= (L= @)"E{P(0)} + (1 — (1 - 1)")QQ (65)

where Q = E{(®;(n)® (n))1®, (n)G¥ (n)}. Furthermore,
in a way similar to (49) in the LMS case, from (64), we can get

the recursion of mean-square weight-error F {P(n)i’H(n)} of
the NLMS algorithm

E{G(n Z Z Blgamall ()} = vy K(n)=(1- @)?K(n—1)+ (1 - )
e 60) (RQE(P"(n—1)} + E{P(n - 1)}Q7Q") + T (66)
. 2 1 1 1
0 <4 < min { Mo (1) Ao (C1C) A (C—1C) "max{A(L) € R+} max{A(L) € R+} } ' G
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~ TABLE 1II
RESULTS OF EXPECTATION F';; 1 FOR %,k = 1,234, AND [, ¢t = 1,2,....p
k=1 k=2 k=3 k=4
i=1 20 1% PaPhntPaPhn riuMy, + @ ol T M1+ P B4
i=2 Puuph +PanPh 20 4Pl M, + Pl M 0 + P Pl
i=3 M +ppl MLy +9uPhia 2040}, PoiPhi T PoiPhin
i=4 Tt M 141+ PPl ML + PPl Poi1Ph; + PoinPhy 211 Pl
TABLE III
RESULTS OF EXPECTATION F;; ., FOR 7,k = 1,234, AND [, ¢ =1,2,...,p
k=1 k=2 k=3 k=4
i=1 Tum M g, + @ gl M g0+ PP Paph + 8Pl 2041
i=2 oM g, +¢_/'I+I<P_Z M g4 +¢ﬂ+l¢%+l 20 papl PPl + PanPhia
i=3 Pupf + PPl 20pPh 1My, +oupfl it M1+ PPl
i=4 2818 P11 P T PornP i iMoo + ol T Mopreria + PrraPli
WheFrIe T 2 E[i (@1(n 1 &7 (n) 18, ()G (n)QQTG(n) where
(0@, (0] (1)1 Although 5 & 0y 0K 0 1) )y 1) ) ). i )

evaluate the expectatlons Q in (65) and T in (66), we readily
find that the stability region of step-size f is independent of the
signal statistics.

Theorem 3: The convergence of the NLMS algorithm in the
mean and mean-square senses is guaranteed for the step-size [
satisfying the condition 0 < i < 2.

Proof: From (65) and (66), apparently the NLMS algo-
rithm converges if and only if the step-size ji satisfies the in-
equality |1 — | < 1. Thus, the stability condition 0 < i < 2is
obtained straightforwardly, where the knowledge of signal sta-
tistics is not needed. [ |

From (65), we also get the steady-state mean of the weight-
error as lim,, ..o E{P(n)} = QQ, and the NLMS algorithm in
(32) is asymptotically unbiased for the noiseless array data.

Remark 9: Under the noiseless scenario (i.e., 02 = 0), we
can see that ;1 = 1 is the optimum step-size for the fastest con-
vergence of the NLMS algorithm. O

E. An Analytical Study of LMS Stability

To gain insight into the convergence condition of the LMS
algorithm discussed in Sections IV-A and IV-B, here we focus
on the case of one signal with constant direction and study the
LMS stability in more details.

In this case (i.e., p = 1 and L = M), we readily have

A=a(f) = [L, el edeoM=DrET - (67)

rig, = roel =T 4 525, (68)

Ay =ay(6y) = [e707OD) | deoM=27O)T  (69)

and A; = a1(f1) = 1, so the linear operator becomes a

1 x(M — 2) vector quantity p given by p = a/ (), and the
LMS algorithm can be rewritten as

=p(n — 1) + pep;(n)E(n) (70)

p(n)

ym(n)yrr—1(n)]

2 [#11(n), Z21(n), Z31(n), Z41(n))] (71)
®,5(n) =[y;1(n)yar(n), Ypa(n)yi (n), y1(n)gy1(n),
Yar (n)Gpo(n)] (72)

with g4, (n) ~-,yAM—1(n)]T, Ypa(n) =
[ys(n), ya(n), ..., yae(n)]", ?Zm(”) = [ym-1(n), yar—2(n),
o), and gip(n) - = [ya—a(n),yar—a(n), ..
y1(n)]T, while E(n) = ®; (n) — ¢ (n)p(n — 1). Fur-
thermore, the correlation vectors @, @, @5, and @y, and
matrices M ¢;,, My;y, and M, are reduced to scalar quantities
given by
@l =TIM, Pfl = Ti1, Pbl = T1,M—I+1, Pbl = "M, M—1+1
(73)
Mg =7iky Myie = Tid—p+1,M—it1, Mik = Ti M—k+1-
(74)
By some simple calculations, from (44), (C5), (73), and (74),
we obtain

Uy = E{pi(n)ei (n)} = 4rl +4(rs + 0*)°.

Moreover, by substituting (73) and (74) into the expefztations
shown in Tables II and 111, we can get the expectations Fj1 x1 2

E{%Z1(n)Zk1(n)} and Fi1 g1 = E{zzl( n)z;(n)} as
Fi111 =Fi1 31=F31 11= F3y 31 =2r27<02(M=D7(01) (76)
Fiipr=Fiigm =Fso=Fsiy=Foqi=Fas
= Fu111=Fu1 31 =rs (27‘5-1-02)6]'“0(2_1”)7(61) )

(75)

For101 =Fo141 = Fii01 = Fi1 a1 = 2r2eiwo27(01) - (78)
Fi111 =Fi131 = Fo101 = F3111 = F3131 = Far
=72+ (rs + 0%)? (79)
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Stability Bound of LMS Step-Size for A Single Signal
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Fig. 2. Stability bounds of LMS step-size versus the SNR for several signal
power in the case of one incident signal.

Frioi=Frnia=Fn2=Fuq (80)
For11 =Foi31 = Fyn = Faiz1 = 2r2einMT(01) (g1)
Foy 41 (82)

From (F3), (52), (55), (56), (F14), and (75)—(82) and some
straightforward calculations, we obtain

= Z|lekl|

1=1 k=1

4 4
ZZ P =6(r2+ (re+0%)%) 2 +40rt (84)
—1 k=1

— 2T§€_jw0MT(01)

2
= F41,21 = 27"5.

8r2(4r2 + (2r, + 03)?) (83)

022\1/1, C=92+K, +K,. (85)

Therefore, from (43) and (47), the convergence of LMS is
governed by Flican - u‘Ill in the mean sense, and the
step-size stability region is determined by 0 < g < fimean,
where fimean £ 9 / ¥, . From (50), (F3), and (F12), the mean-
square stability is controlled by Fy, ;. £1- nC + u26~’, and
the convergence condition is given by 0 < u < fiy, ., Where
JT—— C/C‘, while /1, = fim.s./2 is the optimum step-size
for the fastest convergence in the noiseless case. It follows from
(85) that C'/C < 2/W, so the step-size stability bound in both
the mean and mean-square senses is obtained as 0 < p <
Inin{ﬂmean;ﬂm.s.} = Hm.s.-

Furthermore, by setting SNR £ 7, /o2, we get the stability
bound i, 5. in terms of the SNR as shown in Fig. 2 for ry =
0.01, 0.1, 1, 2, and 10. From (75) and (83)—(85), we easily get
pm.s. = 1/17.3572 when SNR = 0 dB (ie., rs = 02). Ob-
viously, for a given signal power 7, i, s. decreases mono-
tonically with the decreasing SNR when SNR < 0 dB, while
it quickly nears the supremum 1/12r2 when SNR > 0 dB;
for a given SNR, p,, 5. decreases monotonically with an in-

creasing 72.

V. NUMERICAL EXAMPLES

We evaluate the performance of the proposed ABEST al-
gorithm and demonstrate the validity of the analytical results
through several numerical examples. The ULA with M sensors
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MSE Learning Curves of Null Space Estimation (LMS)
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Fig.3. MSE learning curves of LMS algorithm for null space estimation in the
case of one signal without additive noise (solid line: ensemble-averaged MSE;
dotted line: theoretical MSE for (a) u = 0.25, (b) p = 1/12, (c) p = 1/24,
and (d) ¢ = 0.01) for Example 1 (M = 16,7, = 1, and 8; = 10°).

is separated by a half-wavelength, and the SNR is defined as
the ratio of the power of the source signals to that of the ad-
ditive noise at each sensor. In the simulations, the first Ky =
2M snapshots of the array data are accumulated for the offline
SUMWE [23] to provide the initial values of estimated direc-
tions {A(Ko)} for the Newton iteration in (38), the LMS and
NLMS algorithms in (25) and (35) are initialized by P(Ky) =
O, x (M—2p)» and the online algorithm starts at the instant n =
Ko+ 1. The simulation results shown subsequently are obtained
by ensemble-averaging over 1000 independent trials.

A. Example 1—Verification of Stability Analysis

First, we examine the stability analysis of the LMS and
NLMS algorithms for null space estimation. The number of
sensors is M = 16, and one signal impinges the array along
61 = 10° with the signal power r, = 1. The additive noise is
assumed to be absent. The step-size of the LMS algorithm is
set to u = 0.25, 1/12, 1/24, and 1, while that of the NLMS
algorithm is chosen as 7 = 2, 1.5, 1, and 0.1.

From the analyses described in Section IV, the stability
bounds of the LMS step-size in the mean and mean-
square Senses are [imean = 1/47“3 = 0.25 and pp,s. =
1/12r2 = 1/12, respectively, and the optimum step-size is
lo = pm.s./2 = 1/24. Figs. 3 and 4 show the ensemble-aver-
aged MSE learning curves of the LMS and NLMS algorithms,
respectively, which are computed by averaging the sample
curves of N trials (here N = 1000) (cf. [35]). From Fig. 3,
we can see that there is an almost perfect agreement between
the LMS theoretical MSE learning curve given by (61) and
the simulation results for ;4 = 1/24 and g = 0.01, which are
smaller than the stability supremum pu,, s . These simulation
results demonstrate that the convergence rate depends highly
on the step-size and that the fastest convergence is achieved
with the optimum step-size p = p, = 1/24. However, there
are appreciable differences between the behaviors of the en-
semble-averaged curves and those of the theoretical ones for
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20 MSE Learning Curves of Null Space Estimation (NLMS)
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Fig. 4. Ensemble-averaged MSE learning curves of NLMS algorithm for null
space estimation in the case of one signal without additive noise ((i) & = 2,
(i) o = 1.5, (iii) # = 1, and (iv) # = 0.1) for Example 1 (M = 16,r, =1,
and 6, = 10°).

[ = fmean = 0.25 and g = pys. = 1/12, which are out
of the stability region 0 < g < ppn.s., where the averaged
curve coincides well with the theoretical one during the initial
time instants and deviates from it thereafter, and the conver-
gence occurs even though the divergence is predicted by the
mean-square stability analysis. These phenomena essentially
conform with the learning mechanism clarified and studied
in [35], where a combination of the mean-square stability
and almost sure (a.s.) stability would be a more appropriate
performance measure, especially for larger step-sizes (see [35]
and [28] for more details).

In addition, Fig. 4 shows that the theoretical results for the
NLMS stability better match the simulation results, in which the
convergence of the NLMS ensemble-averaged MSE learning
curves is guaranteed for the step-size i satisfying 0 < p < 2,
and the learning curve converges fastest with i = 1. Further-
more, the simulation results show that the convergence condi-
tion for the NLMS algorithm is independent of the statistics
of the incident signal and that the NLMS algorithm converges
faster than the LMS one. The behaviors of the MSD learning
curves of the LMS and NLMS algorithms are similar to that of
the MSE curves and are omitted here.

B. Example 2—Adaptive Estimation of Constant Directions

We then assess the estimation performance of the proposed
ABEST algorithm when the directions of the incident signals
are constant. Two coherent signals with equal power r; come
from #; = 10° and #> = 20°, where r, = 1, and the SNR is 20
dB. The number of sensors is M = 16, and the step-sizes of the
LMS and NLMS algorithms are set to ;n = 1073 and ji = 0.1.

The bounds in (70) are evaluated and given by 2/ Apax (‘ill) =
1.9871 x 1073, 2/Amax(C™'0C) 1.9871 x 1072, and
1/ Amax (C71C) = 26998 x 1073, while the real and
positive eigenvalues of L and L do not exist. Hence, the
stability bound on the step-size 1 is 0 < g < fimax, Where
Pmax = 1.9871 x 1073, The ensemble-averaged MSE learning
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MSE Learning Curves of Null Space Estimation
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Fig. 5. MSE learning curves of null space estimation in the case of two
coherent signals with constant directions (solid line: LMS ensemble-averaged
MSE; dotted line: LMS theoretical MSE; dashed line: LMS steady-state MSE;
and dashed—dotted line: NLMS ensemble-averaged MSE) for Example 2
(M = 16,SNR = 20dB (r, = 1),6; = 10°,6, = 20°, p = 1073, and
g o= 0.1).

(a) MSD Learning Curves of Null Space Estimation
T T T T T T

------ LMS theoretical MSD
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Instant Index n

(b) Root-MSD Learning Curves of Direction Estimation

1 T 1
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Fig. 6. (a) MSD learning curves of null space estimation and (b) root-MSD
learning curves of direction estimation in the case of two coherent signals with
constant directions (solid line: LMS ensemble-averaged MSD/root-MSD;
dotted line: LMS theoretical MSD; and dashed—dotted line: NLMS
ensemble-averaged MSD/root-MSD) for Example 2 (M = 16, SNR = 20 dB
(rs =1),6; =10°,6, = 20°, u =103, and @ = 0.1).

curves of the LMS and NLMS algorithms are shown in Fig. 5,
where the LMS theoretical MSE curve given by (61) and
the SSMSE given by (62) are also depicted, in which the
steady-state mean-squared weight-error matrix K (oo) in (62)
is evaluated by ensemble-averaging. As shown in Fig. 5, the
theoretical results on the MSE curve and SSMSE of the LMS
algorithm are in better agreement with the simulation results,
while the ensemble-averaged MSE curve of the NLMS algo-
rithm has faster convergence than that of the LMS algorithm,
but it has a slightly larger steady-state MSE. Furthermore, the
MSD learning curves of the LMS and NLMS algorithms are
shown in Fig. 6(a). Obviously, the LMS ensemble-averaged
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Performance of Direction Estimation and Tracking
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Fig. 7. Averaged direction estimates for tracking time-varying directions of
two coherent signals (solid line: LMS; dashed—dotted line: NLMS; and dotted

line: actual values) for Example 3 (M = 16, SNR = 20dB (r, = 1),6:(n) =
15° 4+ 0.002°(n — 1), 62(n) = 5°sin(27(4 x 107*n + 2.25 x 10~%n?)),
@w=2x10"3and i = 1).

MSD curve is very close to the theoretical one, and the NLMS
ensemble-averaged MSD curve converges faster than that of
the LMS algorithm but with a larger steady-state MSD.

To measure the overall performance of estimating the direc-
tions, we define a root-MSD learning curve of estimated direc-
tions (RMSDD) as

RMSDD A 1 AR (i ) 2
J OENEDS (9 - Hk(n)) (86)

i=1 k=1

where é,(f) (n) is the estimate obtained in the sth trial at the in-
stant n, and NN is the number of trials. The JRMSPD () learning
curves of the LMS- and NLMS-based ABEST algorithms are
plotted in Fig. 6(b), where we can see that the NLMS-based
algorithm provides better direction estimation than the LMS-
based one with faster convergence and less fluctuation in this
empirical scenario.

C. Example 3—Direction Tracking of Coherent Signals

Next, we evaluate the performance of the proposed
ABEST algorithm for tracking time-varying directions of
two coherent signals. The simulation conditions are sim-
ilar to those of Example 2, except that the incident di-
rections are linearly and nonlinearly time-varying, respec-
tively, as 6;(n) = 15° + 0.002°(n — 1) and f3(n) =
5%sin(27(4 x 107*n + 2.25 x 107%n?)), and the step-sizes
are p=2x 1072 and i = 1. R

The direction estimates 61(n) and #3(n) obtained by the
LMS- and NLMS-based ABEST algorithm are shown in Fig. 7,
and the root-MSD learning curves corresponding to the di-
rection estimates are plotted in Fig. 8. While it is difficult to
set an appropriate LMS step-size u to track two time-varying
directions with different dynamics accurately and promptly,
the NLMS step-size j« can be easily set, enabling the incident
directions to be well tracked. The estimates obtained with the
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Root-MSD Learning Curves of Direction Estimation
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Fig. 8. Root-MSD learning curves of direction estimation for tracking

time-varying directions of two coherent signals (solid line: LMS; and
dashed—dotted line: NLMS) for Example 3 (M = 16,SNR = 20dB (r;, = 1),
61(n) = 15° 4+ 0.002°(n — 1), 62(n) = 5°sin(27(4 x 107*n + 2.25 x
1075n2)), 0 =2 x 1073, and i = 1).

NLMS-based algorithm are almost indistinguishable from the
actual values of the incident directions as shown in Fig. 7.
Furthermore, careful examinations show that a small NLMS
step-size [ satisfying 0 < i < 1 should be used to achieve
good tracking with a small steady-state MSE from the noisy
array data in stationary and nonstationary environments, though
the NLMS stability region is given by 0 < i < 2, and the
fastest convergence occurs at ;i = 1 in the noiseless case, as
shown in Fig. 4.

D. Example 4—Direction Tracking of Signals With
Time-Varying Correlation Factor

Here, we verify the performance of the ABEST algorithm
when the incident signals have a time-varying correlation factor.
Two signals arrive from §; = 12° (constant) and f5(n) =
5°sin(27n/3000) (nonlinear and slowly time-varying), where
n = 1,2,...,1500, and the signal so(n) is a superposition of
two uncorrelated signals s1(n) and s2,(n) with equal power 7
given by [23]

s2(n) = p*(n)s1(n) + V1 = [p(n)[? s20(n)

where p(n) denotes the correlation factor. The other simulation
parameters are similar to those in Example 2.

First, we consider the situation where two incident signals
are uncorrelated (i.e., p(n) = 0) and then we test the direction
estimation when the magnitude of the correlation factor p(n)
between O and 1 is

0, for1 <n <250

(87)

sin(27 x 1073(n — 250)), for 251 < n < 500
p(n) ={ 1, for 501 < n < 1000
sin(27 x 1073(n — 750)), for 1001 < n < 1250
0, for 1251 < n < 1500
(88)

where the phase of the correlation factor is assumed to be zero
for simplicity. The direction estimates and the corresponding
root-MSE learning curves are depicted in Figs. 9 and 10.



4498
(a) Performance of Direction Estimation and Tracking (Uncorrelated Case)
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Fig. 9. Averaged direction estimates for tracking time-varying directions of
(a) two uncorrelated signals and (b) two signals with time-varying correlation
factor (solid line: LMS; dashed—dotted line: NLMS; dashed line: SWEDE; and
dotted line: actual values) for Example 4 (M = 16, SNR = 20dB (r, = 1),
61 = 12°,85(n) = 5°sin(27n/3000), p = 1073, and @ = 0.1).

(a) Root-MSD Learning Curves of Direction Estimation (Uncorrelated Case)
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Fig. 10. Root-MSD learning curves of direction estimation for tracking
time-varying directions of (a) two uncorrelated signals and (b) two signals with
time-varying correlation factor (solid line: LMS; dashed—dotted line: NLMS;
and dashed line: SWEDE) for Example 4 (M = 16, SNR = 20dB (r; = 1),
61 = 12°,85(n) = 5°sin(27an/3000), ¢ = 1073, and @ = 0.1).

To compare the estimation performance, the online SWEDE
without eigendecomposition [21] is also carried out, where the
forgetting factor for rank-1 updating of the subarray covariance
matrices is « = 0.01, the null space is obtained in a QR-LS
way, and the Newton step for direction updating is not reiterated
at each time instant (see [21] for more details). In addition, the
number of MATLAB flops required by the SWEDE is roughly
8(p+4)M?+8p*(M —2p)+24(M +p°)+O(p*) + O(M?p),
which is larger than that needed by the proposed ABEST
algorithm. Clearly, the coherency of the incident signals leads
to significantly degraded SWEDE performance during the time
instant 501 < n < 1000, and the different dynamics of the
incident directions make it difficult to optimize the step-size p
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Fig. 11. (a) Ensemble-averaged MSE learning curves of null space estimation

and (b) root-MSD learning curves of direction estimation for adaptive estimation
of two constant directions (solid line: LMS; and dashed—dotted line: NLMS) for
Example 5 (M = 16,SNR = 20dB, 6, = 10°,6, = 20°,p =7, = 10—%,
and it = 0.05).

for the LMS-based ABEST algorithm. However, as shown in
Figs. 9 and 10, the tracking performance of the NLMS-based
ABEST algorithm appears to be (significantly) less sensitive to
the signal correlations and direction dynamics than that of the
SWEDE and the LMS-based ABEST algorithm.

E. Example 5—Insensitivity to Presumed Number of Signals

Finally, we study the insensitivity of the proposed ABEST al-
gorithm to an overdetermined number of signals in the scenarios
similar to Examples 2 and 3. Here, the number of signals is pre-
sumed as p = |[M/2] —1 = 7 > p, and the parameter p in
Steps 2 ~ 6 shown in Section III-D is replaced with p.

First, we consider the adaptive estimation of two constant di-
rections, where the simulation conditions are similar to that of
Example 2, except that the step-sizes of the LMS and NLMS al-
gorithms are set to 4 = 10™* and 7z = 0.05. The ensemble-av-
eraged MSE learning curves J4E and JYSE of null space es-
timation are plotted in Fig. 11(a), while the root-MSD learning
curves of direction estimation for the LMS and NLMS algo-
rithms are shown in Fig. 11(b). Then, we test the tracking of
time-varying directions of two coherent signals with the other
simulation parameters being identical to those in Example 3,
except that the step-sizes are ;4 = 1.2 x 10™% and ji = 0.6. The
averaged direction estimates and the corresponding root-MSD
learning curves for the LMS and NLMS algorithms are shown
in Fig. 12(a) and (b), respectively. From Figs. 11 and 12, we
can see that the ABEST algorithm with a presumed number
of signals (i.e., p = |M/2] — 1) exhibits comparable esti-
mation and tracking performance to that with the true number
of signals in the stationary and nonstationary environment, as
shown in Figs. 5, 6(b), 7, and Fig. 8 by choosing the step-size of
the LMS/NLMS algorithm properly to dampen the noise effect.
Furthermore, careful examinations indicate that the stability re-
gion of step-size becomes narrower than that shown in (57) and
Theorem 3.



XIN AND SANO: EFFICIENT SUBSPACE-BASED ALGORITHM FOR ADAPTIVE BEARING ESTIMATION AND TRACKING

(a) Performance of Direction Estimation and Tracking
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Fig. 12. (a) Averaged direction estimates and (b) root-MSD learning curves of
direction estimation for tracking of two time-varying directions (solid line: LMS;
dashed—dotted line: NLMS; and dotted line: actual value) for Example 5 (M =
16,SNR = 20dB, 6;(n) = 15° 4+ 0.002°(n — 1),605(n) = 5° sin(27(4 X
1077 +2.25 x 107%n?)),p =7, ¢ = 1.2 x 107*, and i = 0.6).

VI. CONCLUSION

In this paper, a computationally efficient subspace-based al-
gorithm was developed for adaptive direction estimation and
tracking of uncorrelated and correlated narrow-band signals im-
pinging on a ULA. In this ABEST algorithm, the null space is
estimated using the LMS or NLMS algorithm, and the direc-
tions are updated using the approximate Newton method. The
ABEST algorithm has a reduced computational load, a less re-
strictive model of additive noise, and a remarkable insensitivity
to the correlation of the incident signals. The transient analyses
of the LMS and NLMS algorithms were studied, and the conver-
gence conditions for the step-size that guarantee the mean and
mean-square stabilities were explicitly derived. The analytical
expressions of the MSE and MSD learning curves of the LMS
algorithm were also clarified. The estimation effectiveness of
the ABEST algorithm was verified, and the theoretical analyses
were substantiated through numerical examples, and the simu-
lation results showed that the ABEST algorithm is computation-
ally simple and has good adaptation and tracking abilities.

APPENDIX A
COMPUTATION OF QR DECOMPOSITION P = QR WITH
HOUSEHOLDER TRANSFORMATION

We assume that P is a p x ¢ complex matrix and set K = ¢ for
p > q; otherwise, K = p — 1. The algorithm for QR decompo-
sition via Householder transformation is given as follows (e.g.,
[48]):

Initialization: Q =1, and R=P

for lg: 1: K
Rk p, k), vy = v + sign(on) ol

’li— (015 (k-1), ¥ T]Tr v =—2/v"v

Q = Q +vQiw; _
R(k:p.k:q)=R(k:pk:q)+yw"R(k:pk:q)
end

This algorithm requires about 24p>+4p? +22p—5 MATLAB
flops for p = q. [ ]
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APPENDIX B
BACK-SUBSTITUTION FOR INVERSION OF UPPER
TRIANGULAR SQUARE MATRIX

For a p X p upper triangular complex matrix U with the :kth
element as u;; = 0 for ¢ < k while u;;, # 0 for ¢ < k, after
some simple manipulations, we find that the inverse matrix U
of U is also an upper triangular matrix with its ¢kth nonzero

element u,;;, given by
L for: =k
[T
T — k—i
Ui = 1 —

— o 2 Widgillitik,

(BD)

fori < k

fori,k = p,p — 1,...,1. Furthermore, it takes nearly p(p +

1)(p + 2) MATLAB flops. n
APPENDIX C
EVALUATION OF EXPECTATIONS E{®; (n)®! (n)} AND
E{®:(n)G" (n)}

First, the p x p Hankel matrices given by (19) and (20)
can be rewritten as ®;1(n) = [z51(n),zr2(n),...,zfp(n)],
p1(n) = [zan),zp2(n),....2p(0)), Bu(n) =
[201(n),  zp2(n);.. zpp(n)],  and  @yi(n) =
[Zbl(n) Zp2 n) .. pr(n)], where Zfl( ) £
yp(m)yis(n) £ u(n). za(n) 2 yp,(n)yi(n) £ zu(n).
zp(n) g ybl( Jyi(n) £ Zzu(n), and zw(n) =

Yoi1()yar(n) =  zy(n). Under the assumptions for
the data model, we can obtain [51]

E{zu(n)zii(n)} = E{yi; (n)ya (n)y p(n)yfi(n)}
= E{yrr(n)yar(n)} E{y sy (n)yfi(n)}
(n

)
+ E{yir(n)y s (n)} E{yn (n)yf, (n)}
+ E{yar (n)y i (n)} E{ya, (n)yfi(n)}
=rymM g + <Pfl‘P,I;It (C1)
forl,t =1,2,...,p. Similarly, we get
E{zn(n)z5(n)} =riiMpgi 1 + @@ (C2)
E{zs1(n)25;(n)} = riiMuy + @uepi; (C3)

E{zu(n)z(n)} =rvum Myt ee1 + @oip1Prisr- (C4)

Thus, from (C1)—(C4), the expectation E{®;(n)® (n)} is
given by

E{®(n)®] (n)}

S B{za(n)z] (n))

1::=1

[
M@

l

Il

M@

(‘Pfl‘sz + ‘sz+1<Pfl+1 + uph + ‘sz+1‘Pb1+1)

)

1

+Z{TJLIM(Mfll+Mbl+1,l+1)
=1
+711(M prg1,041+ M) }

P
Z\I’H-Z{?”MM(Mfll+sz+1,z+1)
=1

+r11(M fr41,041+ My }- (CS5)

_Next, we reexpress the (M — p) x p matrices Wy(n),
Wig(n), Wi(n), and Wy(n) given by (21) as Wy(n) =
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[Wri(n),wr2(n), ..., wep(n)], Wie(n) = [wga(n), wys(n),
L wep(n)], W,,( ) = [wei(n), wea(n),. .. wy(n)],
and Wb( ) = [’1111,2( )'1111,3(11),..
wpi(n) £ [wi(n), wig(n),..., wiyr
[war— l+1(nA,wM 1(n),. n letting
gu(n) = wpan i (n). 9x(n) wyi1(n)yi(n),
g3(n) = wy(n) - yi(n), and gy(n) = Wer1(n)ya(n),
in a way similar to that for (C1), we can obtain

E{zu(n)gii(n)} = ram E{wp(n)i} ( )} (Co)
E{za(n)gh(n)} =ruE{wsi(n)wfi,(n)}  (C7)
E{z3(n)g3(n)} = ri E{wy(n)wy] (n)} (C8)
E{zu(n)gii(n)} =rarv E{wyig (n)ivgi 1 ()} (C9)

forl = 1,2,...,p. Furthermore, we easily get

E{wfk(n)"bﬁ(n)}:E{wbk( )wbk( )p=0o [IpvopX(ZM 2p)]

(C10)
fork =1,2,...,p+ 1. Hence, from (C6)-(C10), the expecta-
tion E{Ql(n)G (n)} is given by

E{®(n)G" (n)} = ZZE{ZLI n)gij (n)}
=1 i=1
=2p0?(r11 + raran) I, Opx (i —2p))-
(C11)
[
APPENDIX D

EXPECTATION COMPUTATION OF PRODUCT OF S1X COMPLEX
VECTOR/MATRIX-VALUED GAUSSIAN RANDOM VARIABLES
E{zz" yy" zH

Let z, z, z, and z be four M X 1 complex Gaussian random
vectors while Y and Y be two M x K complex Gaussian
random matrices with zero-mean, and assume that these ma-
trices are independent from these vectors. First, by expressing
the matrix YY" 2 Y in terms of its column vectors {Y.1.}>
the grth element of the product Z 2 z27YY"zzH can be
rewritten as

~ HyvH_- -«
Zgr =wqz" YY 2T,
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where (-);; and (-); denote the i¢kth and kth element of the
bracketed matrix and vector. By invoking the independence as-
sumption for the matrices and vectors, we get [51]
E{Zr}
M M
=D Eliu} (B{zyz ) E{zw;}
=1 k=1
+E{x 2} E{z 7} + E{x T0} E{z; 7))
M M
=> > A(E{zz"N) g B} (E{z2"})ir
1=1k=1
+ (B{z"2"}) o E{gia} (E{zz" } )i, }
M M
+ (B{zz™}) gy Y (B{zz")uE{ju}
I=1k=1
— (E{zz"} E{V}E{3z"}),,
+ (BE{z 2"} E{Y } E{zz"}).,

+ (E{zz"}),, tr{ E{zz" } E{Y}}. (D2)

. . CH__ o -
Thus, we can obtain the expectation E{zzYY " 2z} in ma-
trix notation

Bz YY" 227} = E{zz" \E{YY" } E{zz"}

+ E{zz" J(E{YY " })T (E{z2"})"
+ E{zzytr{ E{zz"y E{YY "} }.
(D3)

Remark: The expectation formulas for the produce of the six
Gaussian random vectors given in [29], [30], and [53] are special
cases of the general expression (D3). ]

APPENDIX E
EVALUATION OF EXPECTATIONS

E{®1(n)®] (n)P(n - )P (n - 1)@ ()@ (n)},
E{®1(n)G" (n)QQ" G(n)®{ ()}, AND
E{®,(n)G" (n)QP" (n—l)tbl( )@ (n)}

The evaluation of these expectations is rather burdensome, so
we omit some trivial details and only highlight the main steps
and results.

First, we evaluate some correlations invoking the additive
noise {w;(n)}. Under the assumption for the additive noise
given in (6), we can get the expectations E{w ;(n)w fk( n)}
and E{wy;(n)wil(n)} as (E1) and (E2), shown at the bottom

M M M
=z, Z Hy,z |z = Z Z Tezp Y217, (D) of the page, where I,, * denotes an m x m matrix with unity
1=1 =1 k=1 elements along the gth (1 < ¢ < m—1) upper (for +¢q) or lower
rOpx(M p) fori—k<—(p—1)
‘72[ Opx (ar—2p)], for—(p—1)<i—k<0
- H _ U[Ipvopx M— 2p)] fori— k=0 aq
E{Wfl(n)wfk(n)} B 02[ pX(i—k)» paOpx(I\[ 2p—(i— k))] for0 <i—Fk < M — 2p N Elk (El)
a?[0 px (M—2p)> Iz(f o M+2p)], forM —2p<i—k<M-p-1
L Opx(M—p)s fori—k>M-—p—1
E{wh(n)ﬁ)bk(n)} =i (E2)
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(for —q) diagonal off the major diagonal and zeros elsewhere,
and their elements are given by [23], [54]

=y _ J1, fori—k=q
(I ik = {0, others

++a)y _ J1, fork—i=q
U i = {0, others.
Similarly, we easily obtain [54]
E{wyi(n)if)(n)}
UIA[ —p> fori — k=0
=3 o217, forO< |i—k|<M—p—12Zu

On—pyx(ni—p): forfi—k[>M—p—1
(E3)

E{doyi(n)wpy,(n)} = Six (E4)

Furthermore by defining wy;(n) and w@y(n) as el-
ement-reversed versions of wy;(n) and wyi(n), ie.,
wpi(n) £ [wipp_a(n),..., wigpi(n), w(n)]”, and wy(n) £
[prrg,l(n)? o 7wM,1(n), wM,lJrl(n)]H, we obtain [54]
wyi(n) = wh, 5 (n).  (ES5)

wyi(n) = Wy, 5_4(n),

Then, under the assumption for the additive noise, we get (E6)
and (E7), shown at the bottom of the page, where :IS: Y rep-
resents an m X 7 matrix with unity elements along the gth
(1 £ ¢ £ m — 1) upper (for +q) or lower (for —¢q) diagonal
off the major cross-diagonal and zeros elsewhere, and their ele-
ments are given by [23], [54]

o {f ke

others
(:I(fq)>' _J1, fori+k=m+q+1
m Jik =70, others '

—q+1

Next, under the independence assumption for P(n — 1) and
®,(n), by using (C5) and (D3) and after some straightforward
manipulations, we obtain
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where

||l>

M'ﬁ
NE
NE

>

P

Fil,ktKT(n - I)F;‘kl,kt

p

-
-
Il
-
o
Il
-
o~

1

S
]
el

I
M) =

Fil,kttr{FzHl,ktK(n -1}
1

-
-
Il
-
o
Il
-
ES
Il

in which le kt i E{Zzl( )zkt( )} and le kt — E{Zzl( )
-z (n)}). ForLk—1234andlt—12 ., p, the ex-
pectations le_y ke and F';; i, are summarized in Tables II and II1,
where M, = E{y;i(n)yl,(n)}.
Then, in a way similar to (E8), by using (C11) and some cal-
culations, we get

(1>
QN
~
N
+
i
+
X

(E9)

ZI‘LI Q@ Q" Pkt il

4

=1 t=1 i=1 k=1
4
i=1

~H
Z Fril,kttr{Fil,thQH}

k=1

with I‘“,kt £ E{éll(’l’b)g{t(’n)}, and ril,kt £ E{_&Zl(n)
- gry(n)}, and Q = aP is used implicitly. Furthermore, the
expectations I';; 1+ and I';; 1, are summarized in Tables IV and
Vforis,k =1,2,3,4and l,t = 1,2,...,p, where e, is an
(M — p)x 1 unit vector with one as the kth element whereas
zeros elsewhere, and the results in (E3), (E4), (E6), and (E7)
are used implicitly.

Finally, we can get the expectation E{®;(n)G(n)Q
P = )@, (n)@7 (n)} as

-~ ~H
E{®,(n)®7 (n)P(n — 1)P" (n - 1)¢1(n)¢f[(n)}
LA A . E{®,(n)G" (n)QP" (n — 1)1 (n)®Y (n)}
:ZZZZ E{zu(n (n)P(n—1) p p 4 4
=L = Z SO0 E{zan)gfin P (n-1)- 2(n)3f(n)}
P (n — 1)zp(n) 2 (n)} 1=1 t=1 L;1 k=1
20, K(n—1)¥ + K, + K, (E8) 2aPE{P (n—1)}¥, +K;+ K (E10)
E{wyi(n)ivg,(n)} = E{wy;(n)wf, ,_4(n)}
'Op><(pr)> fori+k <3
0[O (i), To TP, for3 <i+4k<p+2
_ g [0p>< M— 2p)7Jp]7 forz—}—k:p—}—? éE (E6)
UQ[OPX(Z\/ (L+k)+2):Jp-,Opx(i+k—(p+2))]> forp+2<i+k<M-—p+2 ik
2y Mip2) L0, (M—2p)s for M —p+2<it+k<M+1
L Opx(31-p)> fori+k>M+1
E{wy;(n)wf(n)} = E{wyi(n)wgl, 5 (n)} = i (E7)
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TABLE 1V
RESULTS OF EXPECTATION I';; s FOR i,k = 1,2,34,AND I, t = 1,2,....,p
k=1 k=2 k=3 k=4
0 t=1-,p—1
PX(M —p)s & # 1
i=1 OpX(pr) _ p fim 3, Toan 231441
oXpuel_p, t=p
o’ppael, t=1
i=2 0 =2, P Opx(M—p) h 121+1.1 rMIEH-l.H-l
PMep & p ]
0 t=1--,p-1
px(M=p)> &p=l
i=3 T2y K 121,:+1 OpX(pr) _ p
o-chble[]‘wflfp’ t= P
oxppael, t=1
i=4 rMMEIH,/ rM121+1A1+1 t=2.... p 01;><(pr)
OFX(M*I?)’ & p# 1
_ TABLE V
RESULTS OF EXPECTATION I';; 4; FOR ¢,k = 1,234, AND1,t = 1,2,...,p
k=1 k=2 k=3 k=4
. . o I, I=t=1
i=1 Fam 2y ’”1le,:+1 0 ? O(pr)X(pr)
(M =p)x(M—p)» Others
- . P TGH D I=r=p
i=2 rM121+1,t n 121+1,r+1 O(M—p)X(M—p) r
Oyi—pyxm—-py»  Others
oA JMor b =1 =1 - -
i=3 {0 r th O(M—p)X(M—p) 7132, ’EMEJ,M
(M-px(M-p)> ORETS
ot JGMrD | =t=p - -
i=4 O(M—p)X(M—p) 0 r h Y.y Faang 22141,041
(M-pxm-py, Others
where with the leftmost column, from (50), we obtain the following
p o r ot 4 vector relation after some manipulations:
A T .
K; = F;, ktE{P (n—1)}Q rkt il ~
K(n)) =(I C + 1i°C)vec(K
1=1 t=1 i=1 k=1 vec(K(n)) =(I,2 — pC + p~C)vec(K(n — 1))
p P 4

||l>

Fil,kttr{f‘kt,ilQE{PH(n - 1)}}

M-i

1= 14
with Ty, il £ E{zkt( )gﬁ(n)}, and the expectation f‘kt,il are
summarized in Table VI for i,k = 1,2, 3,4 and [,t = 1,2,

.., p, where the results in (E1) and (E2) are used implicitly. B

H
o«
Il

1 k=1

Il

APPENDIX F
PROOF OF THEOREM 2

By using the algebraic identities for the matrices with com-
patible dimensions (e.g., [52] and [48])

vec(XY Z) = (Z7 @ X)vec(Y) (F1)

tr{ XY} = vecH (X )vec(Y) (F2)

where vec(-) converts the matrix into a column vector by

stacking the matrix columns one beneath the other beginning

+ 1> K vec(K' (n — 1))

+ per(n — 1) + plea(n — 1) (F3)
where
ei(n—1)2a(,® P)vec(E{PH(jz 1))
+ a(P* @ I,)vec(E{P(n —1)}) (F4)

ca(n — 1) 2 a?vec(PPH) — a(P* @ U, )vec(E{P(n—1)})
- Of(\i:f ® P)vec(E{P" (n — 1)})
+ Kyvec(Q* Q") + Kyvec(QQ™)
—K;(QaI )}vec(E{P*(n -Dh
- Ke(I,® Q)vec(E{P (n -1}
— K5(I, © Q" )vec(E{P (n — 1)})
(

~Ks(Q oI )vec(E{P(n -1} (F5)
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~ TABLE VI
RESULTS OF EXPECTATION I'y.; ;; FOR i,k = 1,2,34,AND .t = 1,2,....p
i=1 i=2 i=3 i=4
= = opef, [=1
k=1 T 23 ”1M2z,1+1 {OW(};—;), others Opx(M p)
_ — UZQOleeT e 1= P
k=2 VM12r+1,1 ”112z+1,1+1 OpX(pr) {OPX(M_[):I r others
_ Uzg?b,elr, [=1 = =
k=3 {0[7><(M—p)’ others O pxvi-p) 11132y i
OXppri€ly_ps L=p S S
k=4 Opxw—p) {0,,x(/\4t+,,:4 ! others Y.y Faing 141,041
_ LA all their eigenvalues \(F',.) and A(F;) should lie inside the unit
A
Ks = Z Z Z Z Fkt i @ Lit ke (F6) circle) for the multlple signal case [36], [28], while the parabola
;1 z jl k=1 F, = Fp, 21— uC + p2C dominates the stability of (F3)
= A ‘ Hfr (i.e., Fin.s. should satisfy the inequality 0 < F, 5. < 1) for
Ky= ; Z: Z ; vec(Fipe)vect (Lirke) — (F7) the single signal case (see Section IV-E for more details). From
» ; L; (52), (55), (56), and (53), we easily see that the p? x p? matrices
K. 2 T, oF, Fgy € and C are Hermitian. Because the eigenvalues of C are all
° ; ; ; ; wl LRt () the combinations {A; + A} of the eigenvalues {);} of matrix
p p 4 4 W, for 1 < 4, k < p [28], we can find that the matrix C is
K¢ 2 Z Z Z vec(Fip ) vect? (kat ) (F9) positive definite and invertible in view of that Ai > 0fori =
I—1 t=1 i=1 k1 1,2,...,p. We can also see that the Hermitian matrices C' and
~ p p 4 4 C are nonnegative definite. Thus, we can find that the matrices
K; £ Z Z Z Z Ffl{kt @ Lyt gt (F10) F, and F; in (F14) are stable if and only if ;. satisfies (51) [36],
I=1 t=1 i=1 k=1 [28]. As a result, the stability condition of the LMS algorithm
O A 4 4 o in the mean-square sense in (51) is obtained immediately. H
K6 = Z Z Z vec(Fu,kt)vec (Fkt,il) (Fl 1)
=1l k= - ACKNOWLEDGMENT
in which the p x p matrices F;; ¢ and Fij 3¢, p X (M — p) ma-

trices Iy ¢ and f‘kt,il, and (M — p) x (M — p) matrix T';; s
are given in Tables II-VI of Appendix E. Since the p X p ma-
trix K(n) is Hermitian and its diagonal elements involve the
mean-squared weight-errors {|(P(n));|?} of the matrix P(n),
to facilitate the analysis of mean-square stability, we write the
matrix K (n) and vectors ¢;(n — 1) and ez(n — 1) in terms of
their real and imaginary parts as K(n) = K,(n) + jKi(n),
ci(n —1) £ ¢.(n — 1) 4+ jeri(n — 1), and ex(n — 1)
co.(n — 1) 4+ jegi(n — 1). Then, the vector recursion (F3) can
be expressed in its real and imaginary parts

vec(K ,(n))=F,vec(K,(n —1))+puc1,(n—1)+p’ca-(n—1)
(F12)
vec(K;(n))= Fivec(K;(n —1))+peri(n — 1)+ pexi(n—1)
(F13)
where

F,.=1I,—-uC+ 12C, F;=1,—uC+ /L2é'. (F14)

Hence, we conclude that the convergence of recursion (F3) is
governed by the stability of the p? x p? matrices F,. and F; (i.e.,

The authors would like to thank the anonymous reviewers and
the Associate Editor Prof. J. P. Delmas for their critical review,
incisive comments, and constructive suggestions and especially
for bringing [59]-[66] and [69] to their attention.
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