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ABSTRACT timation make use of the assumption that the measurement

In this paper we present a new method for localization NOise i's spatially white, or the covaria}nc.;e rr_1atrix of the sen-
of wideband sources in the presence of colored noise. TheSOr N0ise is known up to a single multiplicative factor. How-
optimization criterion used is an extension of conventional €ver, only a few techniques have been developed that ad-
least-squares method known as generalized least squared'ess the DOA estimation problem in presence of colored
(GLS). The crux of the criterion is based on covariance N0ise, and these methods are working onlyrfarrowband
matching and involves its transformation that yields a more SOUrces. In [5], an MDL-based criterion has been proposed
efficient and consistent estimate of the direction of arrivals {0 Pose with this problem. In [6] and [9], a covariance-
(DOAs) as compared to the LS and GLS methods that aredifference approach and an MAP-based approach, under some

only developed in the literature for narrowband sources, ~ Particular assumptions for each one, are considered to ad-
dress the problem, respectively. The problem is specially

solved for an ARMA-type noise of array in [10]. In [11], an

approach based on modeling the noise covariance matrix by

a parametric model and then fitting the the best modeled co-
ariance to the sample covariance is employed. Most of the
efore-mentioned techniques suffer from a major drawback,

1. INTRODUCTION

The problem of estimating the directions of multiple plane
waves using an array of sensors has received considerabl
attention in the recent signal processing literature. A re-

view of the most commonly used estimation techniques canWh'Ch IS an |nconS|st_ent estimate. .
be found in [3]. In sensor array applications, such as pas- In this paper, motivated by the results in[1, 7], we present

sive acoustic, passive sonar, and spread spectrum commue—”e'iable methodol_ogy to localize wide_band sources in pres-
nications, there has been a growing interest in the analysisence of colored noise based on what, in the statistical signal

of wideband sources and data. One of the most importantproc.eSSing and linear algebra Iite_ratgre, Is known as the gen-
problems in wideband array processing is that of localiza- eralized least squares (G.LS) criterion. The _obtalneq .eSt'_
tion of sources whose data is received by an array of Sen_mates trn OUI_IO be can|stent and asymptotlc_:ally eff|C|e_n t
sors. A common approach to wideband array processing The paper is organized as follows. In Section 2 we will

is based on sampling the signals in the frequency domainform”_lat_e and state th_e p_roblem of m'_cerest and give a short
escription on GLS criterion. In Section 3 we will present

that are measured at the sensors outputs. Each frequencﬁ1 . It of th hich | i e
component is then individually considered as corresponding e mainresultof the paper, which IS mainly an optlmlzatlon
groblem to be solved in order for localization of wideband

to a narrowband signal. Incoherent signal-subspace base , : )
methods are concerned with processing the signal freo|uenc§’7‘0'“'rces of_mterest In an array of SENsOors In th_e presence of
components to estimate the Direction-of-Arrival (DOA) an- colored noise. In Section 4 we present simulation results to
gles and then combining the results to localize the sourcesdemc.mStrate th? performance of the proposed methodology,
[4]. and finally Se_cuon 5 concludes the paper. o
The notation used throughout the paper is fairly stan-

dard. The Hermitian of a matrix is denoted byA” =
(A*)T and represents its conjugate transpasey(. . .) de-
~ *This work was supported in part by Natural Sciences and Engineer- notes a block diagonal matrixtr(A) stands for trace of
?Ssliseéearch Council of Canada (NSERC) under Discovery Grant REPIN- matrix A. vec(A) of anm x n matrix is defined by forming

t Corresponding author of the paper. Tel.: 514-848-3086; email: & NEWmn X 1 vector by stacking the columns ¢f in the

kash@ece.concordia.ca current order. Kronecker product, Frobenius norm of a ma-

Majority of techniques developed in the array process-
ing literature for performing direction of arrival (DOA) es-




trix, and mathematical expectation are also denotecpy
Il 7, @and E(.), respectively.

2. PROBLEM FORMULATION AND GLS
CRITERION

Assume that a single array wifhsensors is impinged by

g wideband sources. In addition, suppose that bgth)
(source signal) and;(¢) (array noise) are mutually uncor-
related, second order stationary, zero-mean and wideban
random processes with identical bandwidhd/. At each

snapshot, performing a DFT on the time series, and senso

by sensor, results in the x 1 vectors of the transformed
array output

{X(f)}j=z1 = DFT{a(nT)}; -, @)

In the frequency domain, the general model of an array for
each frequency; can be written as

X(f5) = Af5,0)S(f;) + V() 2

wherej = 1,2,...,J with J denoting the number of fre-
guency bins.

Consider thepJ x 1 “generalized vector’X formed by
concatenating th&(f;)’s as

X = [X*(fr),- -, X (f)]" (3)
and the resulting covariance matrix of the array given by
R=E[XX" (4)

SinceX (f;) andX (f;), for ¢ # j, are uncorrelatedy will
have a block diagonal form

R(0) = diag (P(f1), ,P(f1)) (%)

Wherep(fj) A(fjv H)RS(fj)AH(fjv 0) + R’U(fj) is the
covariance matrix of the array output at tjth frequency.
Assuming that corresponding to each frequency pgint
there areN statistically independent samples of data, we
define

X(f5) = [Xau(fy), - Xn(fr)]
P = XX ©)

2.1. The GLS Estimator

The basic idea for the approach in [1] associated to a single

frequency is to select the DOA estima@ésuch that the
“best fit” between the sample-covarian&eand the array

entries of the difference matrik — R. A least square (LS)
criterion is then given by the following cost function

N R
CFis(0) = S |AI% A=R-R

However, the drawback with the LS is that the resulting es-

timated DOAs are not asymptotically efficient. A better cri-

terion that can be used to remedy this problem is by taking

the summation over squares of transformed representation
f the above difference, that i4, = R~1/2AR~1/2, where

(% is assumed to be full rank. The resulting estimates can be

shown to be asymptotically efficient. Therefore, the modi-

?ied cost function may be expressed as

N . )
CFars(0) 5||R_1/2AR_1/2||%

N . -
S I = RTVZRRTZL (@)

The estimator obtained by minimizing the cost function (7)
is referred to as the generalized least squares (GLS) estima-
tor, namely

(8)

Ocrs = arg mein[CFGLS(H)]

2.2. Modification of the GLS criterion for Wideband Case

Let us now define the respective cost function for the wide-
band case. Based on the above formulation, the proposed
error criterion is given by

J
L(9) = |RO) = RO)F = K + Y I1P(f;) - P(f)l1F

j=1
)
whereR(0) is given by (5), and¥ is a constant value, in-
dependent of), that can be obtained from the non-block
diagonal elements ok.
The above cost function can be modified as a GLS cost

function alternatively,
L(0) = |1 - R™'*RR™?|% (10)

If we define the square-root of the data covariance matrix of

the array as
Rll Rl.]
RV
Z%Jl RJJ

the cost function in (10) may be rewritten as follows

J
L(0) =Y |l = Ry P(f;) Ry (11)
j=1

data covariance is obtained. A reasonable goodness-of-filConsequently, onlﬁjj’s are the relevant blocks used in our
criterion that may be chosen is the sum of squares of theformulation.



3. LOCALIZATION OF WIDEBAND SOURCES The last identity in (16) has been used in order to separate
BASED ON GLS CRITERION variables in the nonlinear cost function and converting it to

a linear optimization problem. Now, assume that
The main attributes of the proposed DOA estimates algo-

rithm are stated below, which is expressed as solving an op- = vec(Rs(f;))
timization problem. | wee(T)

Theorem 1 The DOA estimates of the wideband sources gnd thatR,(f;)’s are the same for all frequency compo-

are obtained by solving the following nonlinear optimiza- nents. In this case; will represent a unique variable vec-

tion problem: tor to be estimated from the obtained optimization problem.
Now, we have

6 = argmax |nonb 1|7 (12) .
where L) = Z [vee(I) —n(f;)¢|I%
I = weclly,... 1) B 3:717 9
o = () n (L) = Il 4o
Calfi) = [fi(fiﬁ)v(lg(@)] where
A(fi,0) = A*(fi,0) ® A(fi,0) I = wvee(l)
" o, i )
o) = e (f)el n(f;) = [A(f,0),0(5)]
A(fi,0) = RiuA(fi,0) (13) o = (), ()]

and alsog( f;)'s are known matrices in the factorization
RiiRv(fi)R” = T'¢(f;). Note thatl" is unknown and the
same for all frequency bins and can be estimated from the
optimization problem above.

Minimizer to the problem of optimizind.(9) is now given
by ¢ = niI wheren! = (nfno)~'nfl. substituting the
obtained minimizer back into the cost function (18) gives
the maximization problem (12) where available variables
Proof: Considering single terms of cost function (11) indi- are given by (13), and this proves the theorem.

vidually results in
Remark 1 The only restrictive point in our formulation above

Li(0) = [T = Ry P(f;) Ryl (14) is that we have assumed that signal spectral density matri-

SubstitutingP(f;), as defined before, into (14) and assum- cesf.(f;) are the same for all frequency bins.

ing R;; Ry (f;) Rj; = Ro(f5), Rj;A(f5,0) = A(f5,0),and  Remark 2 Our proposed methodology is even capable of
R,(fj) = T'¢(f;), wherel is an unknown weight matrix  estimating the noise spectral density matrix at each frequency
that is the same for all frequency bins ap;) is assumed  bin. The reason behind this is th&, (f;)’s can be deter-

to be known for various frequencies, gives us mined froijij(fj)J?jj = T'¢(f;), which is a result of

L(0) = |[T—A(f;, 0)Ro(f) A" (f:,0)=To(f)|% (15 our assumptions in Theorem 1., since an estimate &f
i) = (3 O R A7 (f3,0) =TIl (19) obtained from the minimizer of (18) and rest of the matrices

Noting that are known a priori.
HXH% B HUeC(X)H2F 4. SIMULATION RESULTS
vee(X +Y) = wee(X) + vec(Y) '
vec(ABC) = (CT ® A)vec(B) (16) In this section, we will give illustrative examples in order

. . . . _to demonstrate the theoretical results as well as the relative
for matrices of appropriate dimensions [8], (15) can be rewrlt—Capabilities of the proposed scheme as compared to Cramer-
ten as Rao bound (CRB).

- - vec(Rs(f; The maximization problem (12) is computationally in-
L;(8) = llvee(I) = [A(f3,0)  ¢(/)] { v(ec(ﬁgj)) I tensive over-dimensional space. To optimize the modified
a7) GLS-based cost function, we use the Alternating Projection
where (AP) method of [2]. The method reduces (12) to a few one-
- - dimensional search problems independent of the number of
A(f5,0) = AY(f;,0) @ A(f;,0) sources. An important point we come up with in our sim-
of;) = o(f)T el ulations is that care should be taken to choose the initial
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SNR in the presence of colored noise. values of the number of basis functions.

trates the RMS error for localization of the second source
condition for the AP method in the above optimization pro- jn two cases number of basis functions 1 and 3 versus
cedure. For the part of simulation, we assum&& R = 20 db for

As the example to verify qualifications of the proposed both sources. Note that for the caseof 20°, considering

methodology to localize the wideband sources in the pres-more number of basis functions than the number of sources
ence of colored noise, consider a uniform linear array of leads to localization failure.
eight equispaced sensors impinged by two wideband sources
located at70° and105°. The spacing between the two ad- 5. CONCLUSION
jacent sensors is assumed to be half a wavelength at center

frequency of the wideband sources. The array noise is asy, tnis paper, we presented the required framework for de-
sumed to be colored generated by an AR model. In ourye|oping wideband DOA estimation in the presence of col-
experiments, 50 snapshots are used and for each snapshgfeq sensor noise by utilizing an asymptotically-efficient
17 frequency components of the array output are taken intomethod of estimation called generalized least squares (GLS).
account. We performed 50-trial Monte-Carlo simulations in A few number of techniques have been reported in the nar-
order to compare the root-mean-square (RMS) error of theroywhand array processing literature in order to deal with
localized sources as a function of SNR with Cramer-Rao spatially colored measurement noise, most of which end up

(CR) bound. Figure 1 shows the RMS error for localization yith non-asymptotically efficient estimates of direction of
of the first wideband source versus different values of SNR. 5(rival. The present work, however, takes advantage of the

As can be observed, the localization error obtained by mak-penefits of GLS to give consistent and efficient DOA es-
ing use of the proposed method is not considerable whenijmates of wideband sources. Simulation results based on

compared to CRB. generated synthetic data were presented to demonstrate the
In the first simulation, we considered the number of ba- advantages and capabilities of our proposed method subject
sis functions (number of rows of matricegf;)) to be 1.  to existence of colored noise in the array model and/or low

Now assume that position of first source is fixed anid SNR values of source signals.
the distance between two sources (in degree), and that the
number of basis functions is 3. We might expect to obtain
results not better than first case since we are trying to esti-
mate more parameters, as appeardd, iftom the available [1] M. Wax, J. Sheinvald, and A. J. Weiss, “Detection
data which has been gathered of the signals reaching from * 54 |ocalization in colored noise via generalized least
two sources. But simulation results show that this is only squares,IEEE Trans. Signal Processingol. 44, No.
the case for sources separation less thEhand for sepa- 7, pp. 1734-1743, July 1996.

ration size oveB0°, higher number of basis functions does

not lead to degradation of DOA estimates. Figure 2 illus- [2] I. Ziskind and M. Wax, “Maximum likelihood local-
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