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Abstract— We study a direct location estimator for the problem
of calculating the positions of multiple sources from measure-
ments made with a moving antenna array. In the first pre-
processing step, subspaces are formed from the raw antenna
outputs at all positions of the moving array. Then the parameters
of interest are directly estimated from a cost function that
results from fusing all subspaces. This Subspace Data Fusion
(SDF) approach requires only a low-dimensional optimization
and avoids the data association problem inherent in Bearings-
only Localization (BOL) methods. In Monte Carlo simulations,
we compare SDF with BOL, where the data association is solved
with a Kalman filter-based tracking algorithm. We find that the
SDF estimator approaches the Cramér-Rao Bound (CRB) and
always performs better than the BOL method. In the case of
small signal-to-noise ratio, closely spaced targets, and crossing
bearings the SDF estimator considerably outperforms the BOL
estimator.

Keywords: Tracking, data association, position estimation.

I. INTRODUCTION

The problem of passive source localization of multiple

narrowband sources with an antenna array is a fundamental

issue encountered in various fields like communication, radar,

sonar, seismology, and radio astronomy. Here, we consider a

scenario where an observer equipped with an antenna array is

moving along an arbitrary but known trajectory. At different

points in space, the sensor receives signals of multiple fixed

sources and collects batches of antenna outputs. The sampling

rate is assumed to be high enough that the Directions of Arrival

(DOAs) are approximately constant.

In the traditional approach to the multiple source localiza-

tion problem, first of all, the measurement formation is carried

out by means of sensor data processing, i.e. the DOAs of all

sources radiating to different observer positions are estimated

with a computationally efficient DOA estimator. Hereby, the

well known Multiple Signal Classification (MUSIC) method

[1] could be used, where the DOAs are obtained by minimizing

the projection of the array vector onto the noise subspace. The

next step, which is the objective of Multiple Target Tracking

(MTT), consists of partitioning the sensor data into sets of

observations, or tracks that are produced by the same object. In

the last step, the DOAs for each source are used to determine

its position with the help of a suitable BOL algorithm (e.g. [2],

[3]). Here, we will consider the Maximum Likelihood (ML)

estimator, which requires an estimate of the variances of the

DOAs as well, but is an asymptotically efficient estimator. In
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Fig. 1. Basic steps of a conventional source localization system

Fig. 1 the basic steps of a conventional source localization

system are shown.

All tracking algorithms are known to lead to track loss

whenever the DOAs of each two targets cannot be resolved for

a longer period of time. Multiple Hypotheses Tracking (MHT)

is generally accepted as the preferred method for solving the

observation-to-track association problem in modern multiple

source tracking systems [4]. MHT can deal with cases where

the Global Nearest Neighbor (GNN) approach or the Joint

Probabilistic Data Association (JPDA) fail. However, in situ-

ations where the variances of the measurements are too large

even MHT is unable to partition the sensor data correctly.

Another drawback originates from the bias which is always

present in DOA measurements for finite amount of data [5],

[6]. Moreover, the bearing measurements may be more or

less correlated, a fact that is not considered in the traditional

approach.

In this paper we will study a direct location estimator, i.e. an

estimator that calculates the source positions directly from raw

antenna outputs without computing intermediate parameters

like DOAs. The basic idea for a subspace-based estimator goes

back to the pioneering work of Wax and Kailath [7]. They

presented a new approach to decentralized array processing

for the localization of multiple sources and noted that in this

way the data association step is avoided. Recently, this kind

of approach was used by Weiss and Amar in order to directly

estimate the positions of multiple sources without explicitly

computing DOAs and Times of Arrival [8]. ML methods can

be found in [9], [10], but they are much more computationally

demanding in the case of multiple sources.

Within these subspace approaches, the noise subspaces of

131



��
AANoise

subspace

sensor

data L

��
AANoise

subspace

sensor

data 1

•

•

•

•

Subspace

Data

Fusion

(SDF) -

- source

position 1

source

position Q

•

•

•

Fig. 2. Basic steps of the SDF localization system

each batch of data can be considered as the measurements.

The parameters of interest (here, these are the coordinates of

the sources) are obtained by minimizing a MUSIC-type cost

function where all noise subspaces at all sensor positions enter

jointly. Fig. 2 shows the basic steps of the SDF localization

system.

First of all, this kind of estimation offers the advantage

for the multiple sources case that the association problem

inherent in the BOL method is circumvented. Furthermore,

this approach is computationally very efficient, as all source

positions are assessed from the minima of one common cost

function that depends on as many parameters as there are

degrees of freedom for only one source. Moreover, we show

that the location accuracy is much better compared to the

traditional BOL approach in situations where the variance of

DOA estimates departs from the CRB.

The paper is organized as follows: In Section II we present

the data model of the received signals and formulate the

problem. In Section III-A we outline the SDF estimator. Then,

in Section III-B, we review the standard solution based on

bearing estimates. In Section IV we derive the CRB for the

localization problem based on the received signals, and in

Section V we present Monte Carlo simulation results that

demonstrate the estimator’s performance. The conclusions are

given in Section VI.

The following notations are used throughout this paper: In

denotes the n-dimensional identity matrix, 0n is a square ma-

trix consisting of zeros, E {·} denotes expectation operation,

(·)T denotes transpose, and (·)H denotes conjugate transpose.

II. DATA MODEL AND PROBLEM FORMULATION

We consider an antenna array composed of M elements

mounted on a moving platform and Q < M sources, located

at positions pq = (xq, yq, zq)
T for q = 1, ..., Q, in the far

field of the antenna array. The source positions are comprised

in the vector p = (pT
1 , ...,pT

Q)T . The sources are assumed to

radiate narrowband signals (i.e. the source bandwidth is much

smaller than the reciprocal of the time delay across the array)

with wavelength centered around a common wavelength λ.

During the movement of the array batches of data at L time

slots from the positions rℓ for ℓ = 1, ..., L are collected (see

Fig. 3).

Each batch consists of K antenna outputs vℓ,k ∈ C
M×1,

k = 1, ...,K which, in the presence of additive noise, are

sensor path
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Fig. 3. Geometry for a scenario of Q sources at positions pq and a sensor
moving parallel to the y-axis with constant altitude from position r1 to rL

relative to the origin O. At each position rℓ, K samples are collected.

given by:

vℓ,k = Aℓ(p)sℓ,k + nℓ,k . (1)

The array transfer matrix

Aℓ(p) =
[

aℓ(p1) · · · aℓ(pQ)
]

∈ C
M×Q (2)

with

aℓ(pq) =
[

eikT
ℓ,qd1 , . . . , eikT

ℓ,qdM

]T

(3)

expresses its complex response at time tℓ to multiple planar

wavefronts arriving from the directions of the relative positions

△rℓ,q = rℓ − pq = (△xℓ,q,△yℓ,q,△zℓ,q)
T and depends on

the wavenumber vector

kℓ,q =
2π

λ

△rℓ,q
∣

∣△rℓ,q

∣

∣

, (4)

and the position dm of the m-th antenna element relative to

the position rℓ. sℓ,k = (sℓ,k,1, ..., sℓ,k,Q)T ∈ C
Q×1 denotes the

complex envelope of the Q source signals in the ℓ-th batch at

time tℓ,k = tℓ +T (k− 1). The time T between two snapshots

is assumed to be much smaller (several orders in magnitude)

than the time interval between two time slots. Therefore, we

assume that the steering vector in time slot ℓ is approximately

constant, i.e. it does not depend on k.

Introducing the receive-vector vk = (vT
1,k, ...,vT

L,k)T ∈

C
LM×1, the signal vector sk = (sT

1,k, ..., sT
L,k)T ∈ C

LQ×1,

the noise vector nk = (nT
1,k, ...,nT

L,k)T ∈ C
LM×1, and the

matrix

AAA =







A1(p) 0

. . .

0 AL(p)






∈ C

LM×LQ , (5)

we obtain the compact data model

vk = AAA sk + nk . (6)
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Now, the problem is stated as follows: Given the K batches

vk, estimate the source positions p. For the sake of simplicity,

we assume that the antenna attitude does not change with time.

To solve the localization problem, we make the following

assumptions:

A1) The steering vector (Eq. 3) is known for all directions

of the relative vectors △rℓ,q . (The calibration of an airborne

sensor array is described in [11].)

A2) The noise vector nk is a zero-mean complex Gaussian. It

is temporally and spatially uncorrelated with covariance

E
{

nk′nH
k

}

= σ2
n ILM δk,k′ , (7)

E
{

nk′nT
k

}

= 0LM , (8)

where δk,k′ denotes the Kronecker delta.

A3) The number of source signals Q is known. In the past,

several methods have been proposed to determine the number

of signal sources in direction finding explicitly, e.g. [12], or

implicitly [13].

III. SOURCE LOCALIZATION

In both of the two different source localization approaches,

we start from a decomposition of the covariance matrices of

the received data batches into signal and noise subspaces.

In this way the same pre-processing step is applied to the

raw antenna outputs so that both approaches can be compared

equally. We estimate the noise subspace U
(n)
ℓ ∈ C

M×(M−Q)

at the ℓ-th time slot from an estimate of the covariance matrix

via an eigendecomposition:

Rℓ =
1

K
XℓX

H
ℓ (9)

=
[

U
(s)
ℓ U

(n)
ℓ

]

Σℓ

[

U
(s)
ℓ U

(n)
ℓ

]H

, (10)

where U
(s)
ℓ ∈ C

M×Q denotes the signal subspace that lies in

the range of Xℓ = [vℓ,1 · · ·vℓ,K ] ∈ C
M×K , and Σℓ ∈ R

M×M

is a diagonal matrix.

A. Subspace Data Fusion Method

In the SDF method, the source positions are estimated from

a cost function that depends on the subspace data from all

time slots (Fig. 2). This approach depends on the same key

idea as the algorithm in [7] or [14].

From the minima of the sum of all projections of the steering

vector aℓ(x, y, z) at the sensor position rℓ, parameterized by a

source position (x, y, z), onto the noise subspaces the source

positions are estimated. The MUSIC-type cost function simply

reads

fSDF(x, y, z) =

L
∑

ℓ=1

∣

∣

∣
aH

ℓ (x, y, z)U
(n)
ℓ

∣

∣

∣

2

. (11)

It shows minima if, for the proper choice of parameters

(x, y, z), the subspace at each observer position is orthogonal

to the steering vector at this position. In the case of multiple

sources we then have the advantage over ML methods that

there is only one cost function which shows minima at all

possible source positions.

For illustration, we consider a scenario in which the ob-

server approaches four sources located at the ground positions

shown in Fig. 4 moving along a path from position r1 =
(0,−1500, 1000)T to r26 = (0,−1000, 1000)T .

The inverse of the corresponding SDF cost function (Eq. 11)

for z = 0 and for a SNR of 20 dB is shown in Fig. 5 (K =
100). The inverse cost function displays well-pronounced

maxima and no further spurious peaks.

y[m]

x[m]

source 1

(−1000, 0)

source 2

(−500, 1000)

source 3

(500, 1000)

source 4

(1000, 0)

sensor path

(0,−1500) (0,−1000)

O

Fig. 4. Scenario of an observer with a constant altitude of 1000 m
approaching four sources located on the ground.
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←

y[m]

f
−
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F
(x

,
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)
→

Fig. 5. Inverse cost function of the SDF estimator for fixed z-coordiante for
the scenario described in the text.

B. Conventional Source Localization Method

The conventional source localization method is divided

into three steps (Fig. 1): the direction finding step, the data

association step, and the BOL step.

In the direction finding step, the azimuth angles αℓ,q and

elevation angles εℓ,q of each source signal q at each time slot

ℓ will be estimated e.g. with the MUSIC-algorithm [1]. As

the azimuth αℓ,q and elevation εℓ,q are related to the distance
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between sensor and source (see Fig. 3, Eq. 4)

△rℓ,q
∣

∣△rℓ,q

∣

∣

=





sinαℓ,q cos εℓ,q

cos αℓ,q cos εℓ,q

sin εℓ,q



 , (12)

they can be estimated at each time slot ℓ from the inverse

MUSIC cost function

f−1
MUSIC(αℓ, εℓ) =

∣

∣

∣
aH(αℓ, εℓ)U

(n)
ℓ

∣

∣

∣

2

, (13)

parameterized by a DOA (αℓ, εℓ) corresponding to the source

position (x, y, z), with a(αℓ, εℓ) = aℓ(x, y, z). The cost

function shows minima at all possible DOAs of the source

signals.

For the data association step, we consider two different

cases: the case of ideal association of sources with measure-

ments and the more realistic case where the association is

accomplished by an intermediate tracking stage that applies a

Kalman filter-based tracking algorithm directly to the bearing

estimates.

In the BOL step, all azimuth and elevation estimates are

used to obtain the source position estimate. For time slot ℓ we

have:

αℓ,q = arctan
△xℓ,q

△yℓ,q

, (14)

εℓ,q = arctan
△zℓ,q

√

△x2
ℓ,q + △y2

ℓ,q

. (15)

The q-th source position is obtained by finding the global

minimum of the cost function

fBOL(xq, yq, zq) =
L
∑

ℓ=1

(α̂ℓ,q − αℓ,q)
2

σ2
αℓ,q

+
(ε̂ℓ,q − εℓ,q)

2

σ2
εℓ,q

,

(16)

where σ2
αℓ,q

, σ2
εℓ,q

are the variances of the azimuth and eleva-

tion measurements.

IV. CRAMÉR-RAO BOUNDS

The performance of the two estimators will be compared

with the CRB for the estimates of the nonrandom parameters

for the model (Eq. 6), which are comprised in the parameter

vector ρρρ ∈ R
Q(2LK+3)×1

ρρρ =
[

s
(r)T
1 , s

(c)T
1 , . . . , s

(r)T
K , s

(c)T
K , pT

]T

, (17)

where s
(r)
k and s

(c)
k are the real and imaginary part of the

source signals. The CRB is a lower bound for the variances

of the components of the parameter vector for any unbiased

estimator [15], [16]. If the estimator attains the CRB, then it

is called efficient. The CRB is given by the inverse Fisher

Information Matrix (FIM), i.e.

E
{

(ρρρ − ρ̂ρρ)(ρρρ − ρ̂ρρ)T
}

≥ J−1(ρρρ) (18)

with

J(ρρρ) = E

{

(

∂L(X;ρρρ)

∂ρρρ

)(

∂L(X;ρρρ)

∂ρρρ

)T
}

, (19)

where L is the log-likelihood function as a function of the

collection of all data X = [v1 · · ·vK ] ∈ C
LM×K :

L(X;ρρρ) = −KLM ln(πσ2
n) −

1

σ2
n

K
∑

k=1

|vk −AAAsk|
2

. (20)

In this log-likelihood function vk, k = 1, ...,K are random

variables due to the random variables nk, k = 1, ...,K, and

the expectation operation is with respect to these random

variables.

Performing all calculations analog to [17], [18], we finally

obtain the CRB for all source positions:

CRB(p) =
σ2

n

2

(

K
∑

k=1

Re
{

SH
k DHP⊥

AAADSk

}

)−1

(21)

with

P⊥
AAA = ILM −AAA

(

AAAHAAA
)−1

AAAH ∈ C
LM×LM ,

D =

[

∂AAA

∂x1

∂AAA

∂y1

∂AAA

∂z1
· · ·

∂AAA

∂xQ

∂AAA

∂yQ

∂AAA

∂zQ

]

∈ C
LM×3LQ2

,

Sk = I3Q ⊗ sk ∈ C
3LQ2

×3Q ,

where ⊗ denotes the Kronecker product.

V. EXPERIMENTAL RESULTS

For different scenarios, Monte Carlo simulations with 5000

runs have been carried out to study the performance of the

estimators given in Section III-A and Section III-B.

For the variances σ2
αℓ,q

, σ2
εℓ,q

(Eq. 16), we exploit the CRB

of the direction finding problem of multiple sources. We note

that in practice the variances have to be estimated. Then, due

to estimation errors, the variance of the BOL estimator will

degrade slightly. Without any knowledge about the variances a

Least Squares estimator could have been used with even more

reduced performance.

In all cases, the sensor platform moves parallel to the y-

axis with constant altitude and a constant speed of 20 m/s.

We consider a 10-element uniform circular antenna array with

element positions dm = r(cos mπ
5 , sin mπ

5 , 0)T and radius r =
λ
2 (sin π

10 )−1. Furthermore, we assume L = 26 time slots, the

ℓ-th time slot being at tℓ = (ℓ − 1) seconds, and a batch of

K = 100 samples is recorded.

For the emitted signals of each source, we use in our simu-

lations the approximation/assumption that they have constant

amplitude at the sensor position: |sℓ,k,q| = s. We define:

SNR =
s2

σ2
n

. (22)

In our simulations, we use the simplex method to find the

minima of all cost functions and initialize every search with

the true value.

134



−10 0

10
2

10
3

SNR [dB] →

R
M

S
E

(x
q
)

[m
]
→

Fig. 6. Square-root of the CRB (solid line) and the estimated RMSE for the
BOL estimator (dotted line) and for the SDF estimator (dashed line) versus
SNR for the x-coordinate of source 1 (lower lines) and source 2 (upper lines).

A. Multiple well-separated sources

We study the variance of the SDF method and the conven-

tional source localization method assuming ideal data asso-

ciation for the case of four sources of the scenario shown in

Fig. 4. The elliptical contours of the peaks in the corresponding

cost function, Fig. 5, are oriented towards the observer. There-

fore, we call the sources well-separated. If the separation of the

sources decreases, we find that the orientation of the maxima

changes due to correlations in the source position estimates.

Then, the off-diagonal elements of the CRB matrix (Eq. 21)

increase. Note that due to a symmetry with respect to the y-

axis, the variances for sources 1 and 4 as well as for sources 2

and 3 are the same. The root mean square error (RMSE) shown

in Fig. 6 reveals that the SDF estimator performs much better

at low SNR.

The SNR threshold for achieving a successful localization

with SDF is, for the scenario studied here, much lower

than with the BOL method. Assuming free-space propagation,

where the path loss is inversely proportional to the squared

distance, e.g. an improvement of 6 dB in SNR means (for

fixed noise power) a doubling of the operating distance. Con-

sequently the SDF approach offers a huge tactical advantage.

The reason for the improvement compared with the BOL

approach is that employing the data from all time slots leads

to a larger integration gain: The BOL method considers first

each batch of K samples individually in order to extract

the DOAs, and then it estimates the source position, taking

into account the DOAs from all batches. But below a certain

SNR, the bearing estimator produces unreliable results. As

a consequence, the fusion of all batches leads to a wrong

estimate for the source location as well. The bearing estimates

can only be improved (for a given SNR and antenna geometry)

by increasing the number of snapshots in each batch. This is

actually done in the SDF method where all snapshots (via their

noise subspaces) jointly enter the cost function for the location

estimator. As a result, the source location can be estimated

more accurately for low SNR.

B. Closely-spaced sources

We study the variance of the SDF method and the con-

ventional source localization method assuming ideal data

association as a function of the distance 2d in the x-coordinate

of two sources. We assume that the observer approaches

the two sources located at positions p1 = (d, 0, 0)T and

p2 = (−d, 500, 0)T , moving along a path from position r1 =
(0,−1500, 100)T to r26 = (0,−1000, 100)T . The scenario is

depicted in Fig. 7.

y[m]

x[m]

source 1

(d, 0)

source 2

(−d, 500)
2d

sensor path

(0,−1500) (0,−1000)

O

Fig. 7. Scenario of an observer approaching two sources with varying
distance 2d along the x-coordinate.
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Fig. 8. Square-root of the CRB (solid line) and the estimated RMSE for the
BOL estimator (dotted line) and for the SDF estimator (dashed line) versus
distance d for the y-coordinate of source 1 (lower lines) and source 2 (upper
lines).

The SNR was chosen to be 60 dB because we wanted to

avoid any effects encountered at low SNR. At high enough

SNR it is guaranteed that we study only the effect of the

distance between sources. As shown in Fig. 8, the SDF

estimator approaches the CRB for a separation d > 15,

whereas the traditional BOL estimator reaches the CRB only

for a very large separation. For small separations the RMSE

is of an order of magnitude larger than the CRB.

It is well known that all DOA estimators are biased for

finite number of samples, antenna elements and SNR [5], [6].

The bias increases with decreasing source separation. A bias

influences the position accuracy in BOL methods [19]. We
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Fig. 9. Averaged ratio of bias to RMSE of azimuth α estimates for varying
source spacing d.

plotted the ratio of the bias and the standard deviation for the

DOA estimates of the first source in Fig. 9.

The bias approaches the RMSE for small source separation.

Due to the geometry between observer and source, this high

bias leads to a very large position error. As in the SDF

estimator, the DOAs are not computed as intermediate (biased)

parameters, and the estimator has a much smaller RMSE.

C. Crossing bearings

We study the variance of different location estimators for the

case of crossing azimuth bearings. We assume that the sensor

moves along a path from position r1 = (1000,−250, 100)T

to r26 = (1000, 250, 100)T and receives signals from the first

source located at the origin and the second source at position

p2 = (−500, 0, 0)T . The scenario is depicted in Fig. 10.

y[m]

x[m]

source 1

(0, 0)

source 2

(−500, 0) sensor path

(1000,−250)

(1000, 250)

O

Fig. 10. Scenario of an observer moving with a constant altitude of 100 m
peripherally to two ground located sources.

As shown in Fig. 11, the SDF estimator approaches the

CRB for all SNR values, whereas the traditional localization

approach never reaches the CRB, caused by the biased bearing

estimates for small angle differences, see Fig. 12. For high

SNR, the tracker provides the correct data association, whereas

the tracker performance degrades with decreasing SNR. It

is interesting to note that for the low-SNR case a wrong

association of measurements can lead to a smaller RMSE in

the location results. (This is because the tracking algorithm

chooses the most plausible data association, which because of

poor measurement quality, is not necessarily the correct one.)
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Fig. 11. Square-root of the CRB (solid line) and the estimated RMSE for
the BOL estimator assuming ideal (dotted line) and non-ideal (dash-dot line)
association and for the SDF estimator (dashed line with diamonds) versus SNR
for the y-coordinate of source 1 (lower lines) and source 2 (upper lines).
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Fig. 12. Averaged ratio of bias to RMSE of azimuth α estimates for L = 26
time slots and for different SNR = 30 dB, 40 dB, 50 dB, and 60 dB.

VI. CONCLUSION

We compared a subspace-based direct position estimator

with the traditional BOL method in different source-observer

constellations. In simulations, we demonstrated that it is

preferable to work with all raw antenna output data jointly

in order to estimate the locations of multiple sources.

The following advantages of the SDF estimator over BOL

methods were reported:

1) For low SNR the SDF estimator benefits from a full

integration gain and therefore lowers the SNR threshold for a

successful localization.

2) The bias inherent in DOA estimates, in particular for

closely spaced sources, which reduces the performance of

BOL does not influence the direct position estimation where

no intermediate parameters like DOAs are used.

3) Correlations between DOAs of different sources that are

not included in traditional BOL are completely considered in

the SDF approach.

4) No estimation of additional parameters like variances

of DOA estimates are required. BOL methods decrease in

performance if the variances are estimated incorrectly.

136



REFERENCES

[1] R. O. Schmidt, “Multiple emitter location and signal parameter esti-
mation,” IEEE Trans. Antennas Propagat., vol. 34, pp. 276–280, Mar.
1986.

[2] R. G. Stansfield, “Statistical theory of df fixing,” Journal of IEE, vol. 94,
pp. 762–770, Dec. 1947.

[3] S. C. Nardone, A. G. Lindgren, and K. F. Gong, “Fundamental properties
and performance of conventional bearings-only target motion analysis,”
IEEE Trans. on Automatic Control, vol. 29, pp. 775–787, Sept. 1984.

[4] S. S. Blackman, “Multiple hypothesis tracking for multiple target
tracking,” IEEE Aerosp. Electron. Syst. Mag, vol. 19, pp. 5–18, Jan.
2004.

[5] X.-L. Xu and K. M. Buckley, “Bias analysis of the MUSIC location
estimator,” IEEE Trans. Signal Processing, vol. 40, pp. 2559–2569, Oct.
1992.

[6] P. Forstera, E. Boyer, and P. Larzabal, “Nonefficiency of stochastic
beamforming bearing estimates at high SNR and finite number of
samples,” IEEE Signal Processing Lett., vol. 11, pp. 509–512, May 2004.

[7] M. Wax and T. Kailath, “A new approach to decentralized array
processing,” in Proc. IEEE ICASSP, Mar. 1984, pp. 40.7.1–40.7.4.

[8] A. J. Weiss and A. Amar, “Direct position determination of multiple
radio transmitters,” in Advances in Direction-of-Arrival Estimation,
S. Chandran, Ed. Norwood, MA: Artech House, 2006, pp. 213–239.

[9] A. J. Weiss, “Direct position determination of narrowband radio fre-
quency transmitters,” IEEE Signal Processing Lett., vol. 11, pp. 513–
516, May 2004.

[10] L. Frenkel and M. Feder, “Recursive expectation-maximization (EM)
algorithms for time-varying parameters with applications to multiple
target tracking,” IEEE Trans. Signal Processing, vol. 47, pp. 306–320,
Feb. 1999.

[11] H. S. Mir et al., “Passive source localization using an airborne sensor
array in the presence of manifold perturbations,” IEEE Trans. Signal

Processing, vol. 55, pp. 2486–2496, June 2007.
[12] M. Wax and T. Kailath, “Detection of signals by information theoretic

criteria,” IEEE Trans. Acoust., Speech, Signal Processing, vol. 33, pp.
387–392, Apr. 1985.

[13] J. Choi et al., “A combined determination-estimation method for di-
rection finding of arrival estimation,” Signal Processing, vol. 30, pp.
123–131, Apr. 1993.

[14] B. Demissie, “Verfahren und Einrichtung zur Ermittlung der Parameter
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