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An Algorithm for Multisource
Beamforming and Multitarget Tracking

Sofiene Affes, Saeed Gazor, and Yves Grenier, Member, IEEE

Abstract— A new algorithm for simultaneous robust multi-
source beamforming and adaptive multitarget tracking is pro-
posed. Self-robustness to locations errors or variations is intro-
duced by a source-subspace-based tracking procedure of steering
vectors in the array manifold. This LMS-type procedure is
generalized from a former work we developed in the single
source case. Two beamforming structures are actoally proposed.
The first is adaptive and optimal for uncorrelated sources and
correlated noise. The second is conventional and optimal for
correlated sources and uncorrelated white noise. The proposed
algorithm and MUSIC show an identical asymptotic variance in
localization for immobile sources, whereas for the mobile case,
the proposed algorithm is highly advantageous. Then, it is shown
that the additional use of some kinematic parameters (i.e., speed,
acceleration, etc.) inferred from the reconstructed trajectories
improves the tracking performance and overcomes some of the
problems of crossing targets. The efficiency of multitarget track-
ing and the robustness of multisource beamforming are proved
and then confirmed by simulation. The number of sources can
be initialized and tracked by a marginal proposed procedure.
The beamforming performance is shown to be optimal as the
single source case. Finally, the algorithm has a very low order of
arithmetic complexity.

I. INTRODUCTION

ECENTLY, we proposed in [1]-[3] a robust adaptive
beamformer based on a LMS-type subspace algorithm
for the tracking of a single source by allowing the steering
vector of a classical beamformer to be time adapted in the
array manifold. This algorithm proved to be self-robust to
strong localization errors without introducing any signal-to-
noise ratio (SNR= ;’ ) loss and to have an efficient tracking
behavior when in theNpresence of mobile sources (target and
jammers). This concept of self-robustness with adjusted robust
adaptive beamforming is explained in more detail in [1]-[3].
In this paper, our purpose is to generalize this algorithm to
the simultaneous extraction and tracking of multiple desired
sources [4]. To do so, we particularly assume that the number
and the location parameters of desired point sources, among
all present sources including jammers, are initialized by an ap-
proximate localization technique or simply given with errors.
Those jammers not localized will have relatively small power
and will be confused with noise.
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Localization methods may be used in the case of a stationary
environment to reliably estimate the correct source positions
and the corresponding steering vectors. However, they use a
time average for the estimation of the covariance matrix that
does not yield an adequate estimator when in the presence
of fast moving targets (i.e., nonergodic observations). Conse-
quently, the performance of such techniques drastically deteri-
orates. Several estimation techniques such as Kalman filtering
have been combined with localization algorithms and applied
in target motion analysis to estimate the trajectory of an object
[6]-[11]. However, all these methods are expensive in terms
of computational complexity. Another class of techniques
propose adaptive or batch implementations of these algorithms
by subspace-based tracking procedures (e.g., [17] and [18]).
With m sensors, the computationally efficient methods of
subspace tracking require at least O(mp) operations for every
update where p is the number of all present sources without
the location parameter search, whereas the proposed algorithm
requires only O(mp) operations, including localization, where
p denotes the number of desired sources among all present
sources. In addition, unlike most of these techniques, it does
not require the knowledge of the noise covariance matrix nor
the number of all present sources.

The simulations confirm the results we expected from the
generalization of the convergence and performance analyzes.
Indeed, the algorithm has the same robustness regarding
location errors. However, two problems that were expected
theoretically are encountered. First, the location estimator is
biased whenever the location parameter increment is not zero
mean (e.g., in the presence of maneuvering targets). Second,
the algorithm cannot deal with crossing targets, as the presence
of a unique source in the spread of a locking range is a
major hypothesis for the convergence proof in [1]-[3]. We
thus introduce an additional procedure based on the use of
some kinematic parameters such as the speed. It is shown that
this procedure removes the bias and overcomes some of the
problems of crossing targets by prediction of crossover points
on trajectories and by blocking the tracking procedure during
crossover intervals.

After making a mathematical formulation in Section II,
we present the different steps of the algorithm in Section
1. Actually, the proposed algorithm in a first version fails
in tracking the crossing sources. This problem is addressed
in Section III-D, where an efficient solution is given. We
briefly address both the detection and initialization of a newly
appeared source and the detection of a vanishing source as
a marginal proposition in Section III-E. In Section IV, we
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make convergence and performance analyzes and show that the
algorithm has a better tracking/localization behavior than the
asymptotic behavior of MUSIC [18], [19] even for immobile
sources (see [1] and [3]). The simulation results are presented
in Section V. In Section VI, we shall draw our conclusions.

II. MATHEMATICAL FORMULATION

We consider the following model of signals received by a
linear array

Xy =G S+ N,

Gy = [F(f'ﬂl,t), Fkay), -, F(“p,t)] M
where X; is the m-dimensional observation vector, S; —
(81,60 82,4, 8p¢]T is the vector of p desired narrowband
signals to be extracted (p < m) among all present sources,
N; is an additive noise vector, and G, is the transfer function
(i.e., the m X p steering matrix) between the emitted sources S
and the m-sensor antenna array. All the quantities considered
herein are complex. F' is a parametric modeling function deter-
mining the propagation law and the configuration geometry,
and ©; = [K1,4, Kot -,5],,,5]T is the location parameter of
interest. s, , represents the DOA or the spatial coordinates of
the source s; ;. The subscript ¢ stands for time index.

We consider here the case of a plane-wave propagation
model and a linear array, for the sake of simplicity, though
a 2-D or a 3-D array could be considered in general (e.g.,
see [24] for a 2-D array). Consequently, the parameterizing
function F' is given by

F(k) =

ik ik i T
[6 jKL17€ "”’2,--~,e Jmcm] (2)

where the wavenumber xk = represents a single source
location parameter. ¢ € [—m /2,7 /2] is the DOA, and X is the
wavelength. The array center is considered to be at the origin
(ie, >im,x; = 0, where [z1,22, +,2,]T is the sensor
positions vector; see [1]-[3] for more details). We make the
following further assumptions:

Al: G, N, and S are mutually independent.

A2: Channel G is slowly time varying in comparison with
the variations of N and S. Hence, we are able to
properly estimate G and then update it.

The number of desired sources is initially known and
a possibly erroneous approximation of ©g, say O,
is initially provided either by an approximate a priori
guess or by a given localization technique.

The DOA’s are far enough apart to make the source
separation possible. The validity of this assumption
is tested continuously in a second version of the
algorithm. Whenever it is invalid, we will use an
alternative procedure presented in Section III-D.

A 2wsin(¢)
A

A3:

A4:

In Al, source signals in S can be mutually correlated,
whereas no particular assumption is made over the spatial
structure of noise. In A3, it should be noted that p does not
necessarily denote the number of all present sources.
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Fig. 1. Structure of the multi-source algorithm in three steps: Beamforming,
identification of channels, and projection over the array manifold and target
tracking.

III. PROPOSED ALGORITHM

Given these assumptions, the main purpose in this paper is to
constantly correct the estimated wavenumbers and time adapt
the beamformers to the new look directions. The algorithm
should thus provide a robust multisource beamforming, and
an efficient method for multitarget tracking. The LMS-type
algorithm can be summed up by the sieps presented in the
following sections, as shown in Fig. 1.

A. Multisource Beamforming

The adaptive beamformer proposed in [1}-[3] could be suc-
cessfully used in parallel to track each selected desired source
and to adaptively cancel all the present jammers (possibly
including those unlocalized sources) when in the presence of
no coherent source interference and spatially correlated noise.
The idea is to simultaneously time adapt all the steering vectors
in the same way as in [1]-[3] with a separate projection of
each vector on the array manifold.

Instead of several adaptive beamformers in parallel, a set
of conventional beamformers could be used that have an
optimal performance in the presence of uncorrelated white
noise. Although the unlocalized sources are not specifically
cancelled, the performance remains barely unchanged since
we assumed these sources to be confused with noise. In this
case, p necessarily denotes the number of all localized sources.
The advantage of these beamformers of being nonadaptive is
that they avoid source signal cancelation, even in the presence
of partially coherent interference.

At iteration ¢, we suppose that an estimation of G;_1, say
Gly—1, is available from the previous iteration or initialized
by Gy = F(éo). As assumption A2 states that G is slowly
time varying, it is possible to estimate S; with the steering
matrix (; approximated by (7,_; at time ¢. In the following,
we first present an adaptive beamformer with a GSC structure
based on a LMS algorithm as a generalization of the proposed
algorithm in [1]. Afterwards, in Section III-A2), we propose
the use of conventional beamforming instead.

1) Adaptive Beamformers with GSC Structure: For the es-
timation of s;: with éi,t~1 as the steering vector, adaptive
beamformers could be used as in [1] to adaptively cancel
the other emitted sources (possibly unlocalized) with optimal
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reduction of correlated noise. For each desired source 1 <1 <
p, we consider an adaptive beamformer with a GSC structure
{5] based on the LMS algorithm [22] as follows:

Xt

X} = diag[éft—l]Xt = [Xf,i,tt e At

m

1 5
Yig = m ; Xiie

n A s s
Xl = [Xl,vi,ta X‘z.q:,ta s
P n H yn
Sit = Yi,t Wi,t Xi,t

n _ n . oH ywn
Vviu,wl = Wf,,r - 771,t311,tXi,t~

3)
T
’an,——l,i:t] - yi:tlm—l

UH denotes the conjugate transpose of U, and W, and
1,1 2 [1,1,---,1]7 are two (m — 1)-dimensional vectors.
We note that W/, is initially set to 0. The step-size of the
GSC 7, ; could be constant (i.e., 7; ¢ £ 1o for LMS-GSC) or
could include a normalization factor (e.g., 7 ¢ = 1o/|| X7/ |?
for NLMS-GSC) to improve the convergence behavior of the
array in the presence of fast-moving jammers. The estimated
signal vector Sy £ [414, 824, -, 8p.]7 Wwill be used later in
the estimation of steering vectors and source locations.

2) Conventional Beamforming: It is shown in [2] and [3]
that conventional beamformers defined by

S, =wHx, 2 (65{1@—1)_1@51& )

are optimal for the minimization of the output distortion in the
presence of localized sources (possibly mobile with partially
coherent interference) and spatially white noise. W, in (4)
denotes the m x p beamforming matrix and is used instead of
(3). It must be noted that under the assumption A4, the matrix
G, is full column rank and that GF G is invertible. Moreover,
the “nonmixture and distortion-less constraint” WtH Gy = 1,
is fulfilled (see [1]-[3]). Hence, for each one of the p sources,
say 8;, the corresponding column beamformer Wi, (e,
Wy = [Wiy,-- -, Wp]) considers the remaining sources s ;
(j # i) as jammers and rejects them.

Unlike adaptive beamformers for a given Gy_+, the per-
formance of signal separation in (4) is not affected by the
coherence between two sources s;; and s;; (j # i). More-
over, it shows a better performance than the GSC beamformers
in the presence of fast mobile targets. However, the arithmetic
complexity in flops of the conventional beamforming and
GSC are, respectively, equal to mp? + mp + p° + p? and
4mp. In addition, unlike adaptive beamformers, conventional
beamforming is not optimal for the reduction of spatially
correlated noise.

When the output SNR is high, a modification in (4) could
be introduced to further reduce the arithmetic complexity to
m(p + 1) at the expense of an output SNR loss as follows:

5.2 G ax, (5)

where () is a diagonal matrix representing a weighting window
such as Kaiser’s with an improved mainlobe to sidelobe ratio
[23]. A well-selected window could also improve the locking
range of the algorithm and reduce the sidelobe effects. We
point out that unlike (3) and (4), the beamformer in (5)
cannot efficiently remove the interference of possibly present
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jammers in the mainlobe of the array. Further results regarding
complexity reduction and the general case of optimal coherent
source extraction in correlated noise were recently given in [3].

B. Channel Identification

The resulting estimate of S; obtained by one of the above
methods (3)-(5), say ¢, can be used in a LMS-type procedure
to track or identify the steering matrix variations by

ét = Gt—l + (X — Gt—lth//‘gt)H (6)

where G, £ [él,t: égzt, . ~,C~¥p7f,]. It should be noted at this
stage that the column vectors CNJM do not necessarily belong to
the array manifold. For this reason, we denote them, at present,
by ét in (6). The step size p is a scalar but could be, in general,
a diagonal matrix for regulating the time constants of the
sources separately. Equation (6), combined with a multisource
beamformer (presented in the previous subsection), represents
a source subspace tracking algorithm (see [1]-[3]) similar to
the procedure given by Yang [17]. In the single source case,
it is similar to the algorithm proposed by Oja [6]. We note
that (6) can be interpreted as the result of a LMS procedure
obtained by the minimization of the energy of the observed
signals after projection on the noise subspace orthogonal to
G¢—1. More details can be found in [1]-[3].

The convergence analysis and simulations show that (6)
does not correctly track the steering vectors when assumption
A4 is not fulfilled. This is actually due to the fact that the
noise covariance matrix defined for one selected source can
no longer be approximated by the “nice” form %,/ when one
or more sources are present in its locking range (see [1]-[3]).
To overcome this problem, we will introduce a new procedure
presented later in Section II-D.

C. DOA Estimation and Source Tracking

At present, we consider that assumption A4 is valid. In this
case, the estimator @i,t of G, (ith column of G;) can be
improved by a DOA adjustment with respect to a projection
over the array manifold, performed separately for each source
as in [1]-[3]. The ith location parameter &, . is then updated
as follows for 1 < ¢ < p

Z;n:l aqum{log(éq‘i,tem’”i** )}
Doy T2

where CM?,M'J is the gth component of the ith column vector
C;’i’t of the matrix (; at time ¢, and where Im{ -} denotes
the imaginary part of a complex number. It must be noted
that another alternative is also presented in [4] instead of (7).

Hence, we finally reconstruct the steering matrix

G 2 [F(fy ), Fiiag), -, Flp)] ®)

Rit = Rit—1 —

)

D. Speed Estimation and Tracking of Crossing Targets

‘We notice that the above algorithm gives unbiased location
estimators, unless the location increments are not zero mean
(see (17)). Hence, in this section, we present an additional step
in the algorithm to improve its performance regarding the bias
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and DOA Prediction

Crossover
Detection

Fig. 2. Block diagram of the algorithm with speed estimation and crossover
detection.

Channel Identification

of the location parameters and to avoid some of the problems
of crossing targets. This step is based on the prediction of
the target trajectories thanks to the extra information obtained
on their kinematics. Park et al. [14] modified a multiple
target angle tracking algorithm presented by Sword er al.
[12]. They showed that the use of predicted angles and
the estimation of the target speeds improve the tracking
performance of the algorithm for crossing targets. Rao et al.
[11] proposed an algorithm to set up a correspondence between
estimates and targets by the prediction of future positions
based on previous trajectories. These algorithms, like ours,
have the attractive feature of simple structure and avoid data
association problems. In accord with the literature of target
motion analysis [6]-[9], [14], we use the estimated kinematic
parameters to rule the behavior of the targets during the
crossover interval, whereas outside this interval, we propose
the use of these parameters to remove the bias of the location
estimators as shown in Fig. 2.

Let us assume the speed or the target motion increment of
the ith source noted by £, ¢ = Kig+1 — Kiyt to be slowly time
varying. We are then able to estimate the speeds for 1 <3 <p
by replacing (7) by the following procedure:

g Tolm{log(Go,i i 0™ -1)}

Rit = Rit-1— 9
Z;n:l xg

fit = (1~ a)ki1+ afip — Rig-1) (10)

Rit = Fit 4 Ry ¢h))

where ;o = 0. The speed is estimated in (10) via a smooth
lowpass AR filtering of an intermediate location estimator #; ;
with a smoothing factor 0 < a < 1. This factor must be
chosen with respect to the stationarity and the bandwidth of
©, and the time constants of the algorithm.

It can be seen that the intermediate location estimator in (9)
as in (7) tracks the targets with a delay equal to the product of
the speed by the corresponding time constant. For trajectories
with slowly time-varying increments, this delay is negligible,
and, therefore, (%;: — &;¢+—1) could be considered to be an
estimator of the target speed ;.. Hence, the final location
estimator in (11) catches up with the bias due to the target
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speeds at convergence under some stability conditions on «
and p. Details are given in Section IV.

However, when two targets are not distant enough (when
they are in the same locking range), the source separation
is no longer possible. Consequently, the algorithm fails to
track them properly. For each source, we therefore define the
following test of validity of assumption A4:

T Y {0, IG] 7é 1 s.t. Vfi.t~l - /%j,t~1‘ <e
2,t — : '
’ 1, otherwise
Ti = [Tl,t: T2,t7 e 7Tp‘,t]T (12)

We note that 7;, is initially set to one. The value of e
should be chosen with respect to the array resolution. If
this assumption is not valid, the adaptation of the channel
identification based on the estimated signals in (6) should
be blocked for the corresponding crossing targets. Hence, we
modify it as follows:
Gy = Gy + (Xo — Go_18)(n diag[T]S) 7. (13)
We are now able to keep tracking crossing ftrajectories, even
during the crossover intervals, where we can see that the
speed estimates remain constant. This is actually a good and
reasonable approximation for targets locally crossing with
uniform speed. In the case where the motion of the targets is
more complex (e.g., uniformly accelerated trajectories, etc.),
we may estimate higher order increments by an alternative
procedure as shown in [2] and [3] (i.e., acceleration, third
derivative, etc.). It should be noted that the estimation and the
use of higher order increments do not significantly improve the
precision of the source localization, but they do enable a better
prediction of the target trajectory during the crossover interval
(see Fig. 8). These additional steps could improve the target
tracking performance in real situations and do not introduce a
high order of computational complexity.
The global algorithm can be summed up by the following
steps (see Fig. 2):
e First, one of (3), (4), or (5) is used for beamforming.
» Equation (12) predicts local crossover points.
¢ Then, (13) identifies the steering vectors.
e The results are followed by the speed and position esti-
mation procedure in (9)—(11).
* Finally, to close the tracking loop, the steering matrix
updated by (8) will be feedbacked in the beamforming
unit for the next iteration.

E. Source Number Tracking

This section proposes two marginal procedures for adap-
tively detecting the number of sources p when additive noise
is almost white and uncorrelated. By the results of these
procedures, the dimension of the steering matrix should be
properly modified if necessary. More elaborate methods for
estimating the number of sources do exist (e.g., in [20] and
[21D).

1) Presence Verification of the Tracked Sources: Let us de-
fine N, = (X, —G;_1S;). The presence of each tracked source
could be verified by an energy detection criterion. To do so, we
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may estimate the energy of the emitted sources for 1 <7 <p
by a simple recursive algorithm

N, 12
Cit = (1 — a)ei,t_l + (Z(]@AQ - l'/{ﬂ%”) (14)

where 0 < a < 1 is a smoothing factor. If the ith source
is well localized, ¢; ; represents a time-smoothed estimator of
its signal input power. On the other hand, in the absence of
the sth source, ¢; ; should be close to zero in average. Hence,
the detection could be made by comparing e;: with a well
defined threshold.

2) Detection and Initialization of a New Appearing Source:
We may apply a simple adaptive tracking procedure to identify
the eigenvector corresponding to the highest eigenvalue of
E[Nth{] (e.g., [15] and [17]). In particular, we propose the
procedure of Oja [16]

~ é2H+1 1—xNi
LT T L N (5
Gpt+1t = Gpatp—1 + 1a{Ne — Gpr1.0-19:)0;" .

When an unlocalized source appears, G;H—Lt converges to
a new steering vector, and after the convergence, %; is an
estimate of the new source signal. Hence, we may estimate
the energy of a potential source by the following equation:

) Z|)?
ept1e = (1 —a)epyi -1 + a(iyt|2 - %) (16)

where Zt = Nt — ép+1’t_1gt4 Finally, the detection could
be made as above by comparing e, ; with a well-defined
threshold. We note that although @pﬂj is considered to be
an initialization for the nonprojected steering vector on the
array manifold for a new detected source, the recursive DOA
estimation in (7) could not be applied immediately. In this
case and only in the first iteration after the detection of a new
source, Kp41,.—1 could be initialized by a search minimization
of [|Gyi1,e — F(k)| over m uniformly distributed points in
the range of k.

IV. CONVERGENCE AND PERFORMANCE ANALYSES
In this section, we consider here the convergence of lo-
calization errors. The performance analysis of the proposed
algorithm for incoherent sources and o = 0 shows for the ith
source (1 < ¢ < p) that (see [2] and [3])

Elki = ElRiz—1](1 — po?) + po? Elsis]  (17)

where ai is the variance of s;,. This equation proves that
the algorithm is able to track each target in the temporal
mean with a time constant given by TE[R] = ﬁ To show
the efficiency of this algorithm, we compare it with the
well-known algorithm of MUSIC for DOA estimation for
an immobile single source. In [1]-[3], for a« = 0, it was
shown (when p is small) that this algorithm converges in
covariance with a time constant equal to TCov(i) = ﬁ and

a misadjustment of the localization error (i.e., the steady-state
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covariance of &) equal to

oo - (L )

0v(Foo) = 4 221 %2 ’

From [18] and [19], we observe that the asymptotic variance
of the DOA estimate is given for MUSIC by

oy (1 + “m“(_slNR))
2T02 370 a2

where T > 1 is the number of snapshots. We clearly see
from (18) and (19) that the asymptotic variances of the DOA
estimates given by MUSIC and the proposed algorithm are
equal when the number of snapshots is equal to Ts = 47cqv (i)
the time in which initial errors are reduced up to 1.83% (see
the simulations in [1]).

Let us now consider the case where « # 0, and define the
following state vector for the estimated localization error of
each target by

bis & AR | _ | Fig— Kig
- ARy Bt — Rity1
and AR £ Rit — Kity1. It has been shown in [1]-[3] that
a necessary condition for convergence is that the localization
errors |AR; ;| must be smaller than the mainlobe width of the

array patterns. Under such a condition, we obtain in Appendix
Afor1 <i<p

a=0 (18)

Covarustc(Ar,) = (19)

(20)

1= 1- Tit Ui 1

1 - T :] wi’t_l + I:Oz’lh‘,,t + /‘{'%t] (21)

where 7;; and u;, are given in Appendix A. The angular
accelerations of the targets &; ¢ £ 2Kit — Kit—1 — Riep1 and
u; ¢+ are the inputs of these systems for 1 < 7 < p. N; and
s;+ have zero mean as assumed in [2] and [3] for the need of
analysis and are mutually independent from ¢); ;. Thus, it is
clear that Efr; yti¢-1] = Elri ] E[ti 1] = pol Bl —1].
and Efu; .} = 0. Hence, we have

wi"t - — QT ¢
ka

"Bl = AiE[i1-1] + By (22)
where B, = [0, E[#,,]]7, and
AL l‘lwi 1— po?
' —paoy, 1 —pac?,

is the transition matrix. The dynamics of these two-pole
systems (22) are of time-invariant second-order lowpass AR
filters with the mean angular accelerations at the input. Thus,
they have adequate responses for the tracking of lowpass target
trajectories.

Fig. 3 shows the eigenvalue positions of A, for a given
uafi as a function of o on the complex plane. The stability
condition implies that the eigenvalues of A, have the absolute
values smaller than one. Accordingly, we obtain the following
condition for convergence in the mean:

2
O<l—pol|<1=0<p< =
[

S

(23)

Hence, under the stability condition and when the temporary
mean of k;; is equal to zero, the mean of the state vector in
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0<pol <1 & 0<a<l

Fig. 3. Eigenvalue positions of A; for 0 < o < 1 and a given uo <1

the steady state will converge to zero. The convergence of the
mean state vector to zero shows that the algorithm is capable of
tracking the target angles and their speeds. The time constants
of the convergence are determined by the eigenvalues of A;

as functions of o and po? . However, these time constants of
Elf; ] are limited between *1—7 and %5~ fora € [0,1].

Let us now define the covariance state vector by

W, 2 (E[|AF %), E[|AF: 2, E[AR Ak )T 24)

In Appendix B, the iterative state (36) for the covariance of
localization errors is derived by

U, =5V + R

where the matrix ¥; and the vector R, are, respectively, given
by (37) and (38). The time constants and the stability of the
algorithm are determined by the eigenvalues of the matrix
3;. For the ith source, the following results are obtained by
numerical calculation with the theoretical expressions of ¥;
and R;.

« The convergence condition obtained by the covariance

analysis given by

1
0<p< fimax & ——, 0<a<l (25

2 1 %N
J-9i + 4m

is stronger than (23) and is identical to [1]-[3] for o = 0.
e Under thig stability condition, for 0 < o < a(p) where

ag(p) = 2” [l — -£—], the time constants are almost
equal to
1 1
TCovl = =, TCov2 & — .
Covl 20’ Cov2 4(10(“) “9a

In this case, Tcoy1 corresponds to the time constant of
the speed estimation. For ap(p) < a < 1, both time
constants are almost equal to

1

2000(p)

This expression of 7gja,2) shows the time constant of the
algorithm to be infinitely large when the step size p is
very small or close to the stability bound jm,x and lower

(26)

TCov =
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bounded as a function of p (i.e., Tcov > H@l@) This
bound improves with a higher SNR or sensor number m
for a faster convergence.
Equation (36) implies that the misadjustment of local-
ization error (i.e., the steady-state covariance of AR)
converges to the sum of two terms, respectively, resulting
from the variations of noise and source position. The first
term shows the intrinsic localization error for immobile
targets due to noise perturbations. It shows the immediate
effect of SNR, the number of sensors m, and sensor
positioning x;. The second term increases the localization
error in « for accelerating sources (maneuvering targets).
It reduces gvith a smaller time constant and shows the
effect of 2 o5 where ¢ = E[k}]. Both terms show a
compromise to be found over 4 and o between a faster
~convergence rate and a smaller misadjustment of steady-
state localization. As a function of x and «, a lower bound
for misadjustment can be found. This bound decreases
with a higher SNR or smaller variations of source speed.

3

V. SIMULATION RESULTS

In this section, we consider an equidistant linear array where
the number of sensors is m = 16, and z; 1 —x; = 1. We take
A = 2 and a fixed step size u = 0.005. Spatially diffuse white
noise is added at a SNR of 10 dB.

To illustrate the efficiency of the algorithm proposed in
Section ITI-A2), we first considered in Fig. 4(a) the case
of four plane-wave narrowband and uncorrelated moving
sources with a unit power emitting from separate initial
angles. Simulation results show that the algorithm applying
Section II1-A2) has a better performance than the algorithm
based on adaptive beamformers presented in Section III-Al)
regarding beamforming and tracking behavior. This improved
performance is due to the fact that adaptive beamformers
introduce an extra misadjustment.

Fig. 4(c) shows that the output signal distortion converges
to optimal performance in source signal extraction 22 dB
(101og;((16) + SNR; see [1]-[3]). Fig. 4(d) shows that the
mean interference in source separation over all estimated
signals Y7_y 38 i [IWHEGL4|1?/p is efficiently reduced
down to 33 dB Moreover the time constant in Flg 4(b) cor-

that the tracking and the source srgnal extraction are drsturbed
when two of the targets are either too close or cross.

To illustrate the performance of the speed estimation pro-
cedure, we considered the case of two crossing targets with
uniform speeds as shown in Fig. 5(a). Without the speed
estimation procedure, both trackers produce an estimation
delay and turn back at the crossover point. Although both
sources remain tracked, the result is not satisfactory:

¢ The estimated tracks have a bias of 2° (see Fig. 5(a) and

(b)).

¢ The mean signal distortion in source extraction converges

to 19 dB (3 dB loss in SNR).

¢ Regarding the classification of the targets, the estimated

tracks are permuted after the crossover (see Fig. 5(a) and

(®)).
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On the other hand, the speed estimation procedure removes
the bias and maintains the tracking during and after the
crossover, where the values of ¢ in (12) and « in (10) are
experimentally chosen, respectively, equal to 0.08 and 0.01.
Fig. 5(b) and (c), respectively, show 34 dB improvement in
source localization and 3 dB enhancement in beamforming
(optimal output SNR). Of course, when the targets are too
close around the crossover point, the sources are confused and
cannot be separated. Fig. 5(d) and (e) show that the speeds are
estimated with a very small error of about 10~*°/sample. We
also notice, in Fig. 5(b), (d), and (e), the second order nature
of the global algorithm in tracking where the corresponding
time constants belong to [#—}7?’ quf_g] We finally notice a better
capability of the algorithm to cancel fast mobile jammers in
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comparison with adaptive beamformers like the GSC structure
[22] in Fig. 6.

To illustrate the performance of source number tracking,
in Fig. 7, we added a third source appearing at t = 1500
and vanishing at £ = 4500 with the same scenario (02, = 2,
a = jiq = 0.01). This source is effectively detected after a time
delay that corresponds to the sum of the initial localization
delay Tinit in (15) and the energy estimation delay 7., in
(16). On the other hand, its extinction is detected with a time
delay equal to 7., = % = 60.

In Fig. 8(a), we considered two targets that have equal
speeds during crossover. The tracking in this case is made
possible using the estimation of the second-order increments
(see [2] and [3]). Fig. 8(b) confirms the intuitive expectation
regarding the tracking of third-order crossovers using the
estimation of the third-order increments. In all experiments,
we saw that the estimation of higher order increments does
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Fig. 7. Detection and initialization of a new appearing source at t = 1500
and detection of its disappearance at t = 4500. (a) Trajestories and estimated
tracks. (b) Energy-based detection curve.

not improve the tracking behavior except during complex
CTOSSOVers.

In Fig. 9, we considered two zero mean source signals
with variances equal to 1 and a correlation factor equal to
p = 0.9. The sources are immobile at 40° and 70°. DOA’s
are initialized with a 8° error. Although the partial coherence
between the sources could produce a bias and/or an extra time
constant in tracking, Fig. 9(a) and (b) shows that the algorithm
is capable of tracking the partially coherent sources with a
same order of localization error as the incoherent sources. We
observe in Fig. 9(c) that the algorithm is not robust to coherent
interference with the adaptive beamformers, whereas it avoids
the signal cancelation with conventional beamformers. In this
case, the output signal distortion converges to the optimal
value —22 dB. Finally, further tests successfully made with
full coherent sources were recently described in [3].

VI. CONCLUSION

We presented, in this paper, a new algorithm for robust
multisource beamforming and multitarget tracking. First, we
described the generalization made of the work recently pre-
sented in the single source case. It should be noted here
that adaptive beamformers such as the GSC could be used
to extract the desired source signals with optimal reduction
of spatially correlated noise when no coherent interference
is present. Given the assumption that the number and the
approximate injtial locations of the most significant sources are
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known (the sources may be adaptively detected and initialized
by a marginal proposed procedure), we proved that the use
of conventional beamformers is optimal in the presence of
uncorrelated white noise and correlated sources. The beam-
forming algorithm has the same robustness with regard to
location errors. We also showed that the resulting localization
algorithm offers the same asymptotic localization performance
as the MUSIC algorithm for immobile targets. On the other
hand, it is highly advantageous for mobile and maneuvering
sources (see also [1]).

Particularly in the case where the time increment of a
location parameter is not zero mean, the location estimate is
biased. Hence, we proposed a new procedure based on the use
of certain estimated kinematic parameters (e.g., the speed),
which is proved to yield unbiased estimates. Simultaneously,
the estimated kinematic parameters are shown to solve some
of the problems of crossing targets via the prediction of their
trajectories. Although the signal separation is not possible for
the targets during their crossover, the target tracking is made
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possible by the a priori information collected on the kinematics
of their trajectories (i.e., speed, acceleration, etc.).

All the steps of the algorithm involve a computational com-
plexity of order O(mp), where p and m are, respectively, the
number of sources and array sensors (except O(mp? + mp +
p* + p?) when using (4)). Hence, it can be implemented quite
easily. Finally, further results regarding complexity reduction
and an optimal structure for coherent source extraction in cor-
related noise were recently given among other generalizations
(31, [24], [21.

APPENDIX A
ITERATIVE EQUATION OF LOCALIZATION ERROR

For convergence analysis, we consider the case of a single
source and white noise, where Ry = cr]sz . The origin is
defined at the array center (i.e., Z;’leq = 0). As in [2]
and [3], we can see that

ARy = (1 = 1) AR p1 + iy 27)

where

F A,,L' _
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F(fiz-
iy 2 *‘mM—Re FH (& t—1)DNtNtH_(L’t—1)
Zq:1$§ ' m
/J' H/~ H
—=m gz Re{ I (Ri 1) DNesiy 1,
* Zqzl 9”5 e{ (Rii-1) tsht}/

D £ diag[jz,]

where Re{-} denotes the real part of a complex number. To
proceed, we first replace (11) in (27). The result of (27) is
then replaced in (10). By the definition of 1); ; in (20), we may
rewrite the results of (27)) and (10) in matrix form. Thus, we
obtain (21)

=7y 1=y U ¢
Yip = " 1 D1+ L
ary +ary o+ Kt
. A .
where i;; = 2rK;4-1 — kiy — Kiz—2 1S the target angular
acceleration.
APPENDIX B

ITERATIVE EQUATION FOR THE
COVARIANCE OF LOCALIZATION ERROR

In this Appendix, the covariance of 1; ; in (21) is computed.
Using (27), we have

E[AR; ARy 1] 2 (1= pol )(E[| AR e-1]%]

+ E[AR; 110k 1)) (28)
E[ARi 1 Akip1] 2 (1= pol J(E[Aki-1)7)
+ E[AR -1 0F; 1-1])- 29)
By (27), we can show as in [2] and [3] that
E[|AR; o] = PiE[| Ak + Qs 30)
where
2 2
P A1 —-2u0% 4+ 42 (203 + ﬂ) (€2))
55 om
0, A NQUIZV(UJZVm+ m;’f) (32)
2m Zq:l z2
By (11) and (10), we, respectively, obtain
E[|AR '] = PUE[ AR 1] + E[[ Ak 1))
+ 2E[AR; 1-1AK; 1]} + Qs (33)

Bl Ak ] = (1 - a2 El| A1)
-+ CYZEHAI%iﬁt - Afii.’t_ﬂz] + 0’%
+ 2()((1 — a)E[Al'f,i’tfl(Af{i’t — Al%i!tAl)]
(34

where 02 = E[#?], and

E[A;ﬁi)tAI.ﬁi’t] = (1 - Q)E[Alﬁﬁt_lﬁfiiﬂg]
+ o E[|AR; +|*] — E[ARi 1 AR 1—1]). (35)

Defining U, , = [E[|Ak;¢|%), E[|Afi4)%), E[AR; 1Ak )T
and rewriting the results of this Appendix given by (28)—(35)
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in a matrix form, we obtain
U, =501+ Ry (36)
where
1 1 2
Y,=Pla? o? 202
a a 2
0 0 0
+(1—pol)|-202 2a(l-a) 2a(l-2a)
—a (1-a) (1-2a)
0 0 0
+ (a2 (1-a)? —20(1-2a) (37)
0 0 0
R; = [Qi 02 +02Qs,0Qi]" . (38)
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