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The problem addressed in this work is to simultaneously
separate multiple maneuvering sources and track their kinematics
(position, velocity, and acceleration) in the working space.
It is developed upon the incorporation of the nonstationary
independent component analysis (ICA) and the nonlinear state
estimator problems in a noisy environment. The sampling
importance resampling (SIR) particle filter is exploited as the
nonlinear state estimator to track current kinematics of the
sources even though the state densities are non-Gaussian, and
the observation equations are nonlinear. Given source kinematics,
nonstationary ICA with a generalized Gaussian density function
is used to separate each source signal. Also a novel scheme is
proposed as a better alternative for the conventional interacting
multiple model (IMM) algorithm to cover the unpredictable
movement of the source over time. The proposed scheme deals
with the uncertainty of each source motion by incorporating
multiple dynamic models in the tracking process. The single best
dynamic mode is identified at each time step for all the sources
rather than tracking sources for several IMMs as in the IMM
algorithm by finding the mode that tracks an indicator source
with minimum root mean square error (RMSE). The method is
strictly causal and can be used for online tracking. The algorithm
performance has been verified by illustrating some simulation
results.
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I. INTRODUCTION

Over the last decade there has been much interest
in using the technique of independent component
analysis (ICA) for the problem of blind source
separation (BSS) along with source localization and
tracking. One may think of the BSS as the problem of
separating signals generated by multiple sources in an
environment given only information from a number
of recorders where each recording is a linear mixture
of the source signals that have unknown statistical
characteristics. When ICA is exploited for the source
signal separation, statistics of the source signals are
considered independent. Using this characteristic
and the non-Gaussian property of the source signals,
a linear transform is applied to the mixture of the
signals to return the original source signals. The ICA
algorithm may deal with reverberant or nonreverberant
environments and also may or may not take into
account the time delays for propagating signals from
sources to recorders.
In spite of the capability of ICA in separating

signals, this technique by itself cannot localize or
track the source. Other prior kinematical information
about the source must be added to this algorithm
to enable it to localize or track the source. The
source separation in this case, which is called the
“informed source separation,” is well described in [1]
by discussing the Bayesian approach to the problem
of source separation. The Bayesian approach has a
specific advantage in that it requires the designer
to explicitly describe the signal model in addition
to any other information or assumptions that go
into the problem description. This leads to the idea
of informed source separation as in [1] where the
added information about the source model leads to
localization of the source as well as source signal
separation.
Similarly, incorporating the source kinematical

information in the ICA algorithm for the case of
moving sources can lead to source tracking as well
as source signal separation. These problems fall in
the category of nonstationary ICA [2] in which the
elements of the mixing matrix (the coupling matrix
between the source signals and the recorded data) are
time varying.
Both stationary and nonstationary ICA problems

have relevant applications in audio, speech,
seismology, and sonar. One example is the problem
of localizing and tracking multiple speakers talking
in a room that can be used to automatically steer
camera sensors in video-conferencing applications
[3—4]. Another example is classification and tracking
of maneuvering vehicles by recording their acoustic
sounds via some stationary sensors.
Several works with different strategies have

already been addressed in the field of tracking
and source separation. Most of them have been
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developed for speech or audio signals in which the
time difference of arrival (TDOA) of the sound to
the microphones or the direction of arrival (DOA)
of the speaker’s sound to the array of microphones
are tracked by the algorithm. For example, in [3]
the TDOA of acoustic source is estimated by an
algorithm whose ICA base is TRINICON [5] and
which employs a particle filter as its source kinematics
estimator in a noise-free environment. Although
this approach has been devised for a reverberant
environment and accounts for delays in recorded
data, it is not suitable for noisy media in the real
world where there is always noise present in the
system. This noise can correspond to either the actual
physical noise in measuring devices or inaccuracies
in the model used for the moving system. Also the
work presented in [3] lacks the ability to handle
maneuvering of the moving sources.
Another example is in [4] where an algorithm

based on IMM and probability data association
(IMM-PDA) filters has been proposed that tracks
DOA and separates the voices of multiple, possibly
moving speakers. Tracking in this algorithm is carried
out by forming a sharp receptive beam steered by
the DOA of the desired speaker, while turning nulls
to undesired speakers. The angle of DOA and its
derivative are considered as dynamic states of moving
sources. The state and observation equations of the
speakers have been assumed to be linear functions
of the states, and Kalman filters have been used for
filtering. However, in reality, any of the equations may
be a nonlinear function of the states. In such a case,
using Kalman filters is not suggested. Furthermore,
when there is a severe nonlinearity in the state
or observation equations even using the extended
Kalman filter algorithm [4], tracking falls beneath its
suboptimal performance. In these cases, using particle
filters as nonlinear state estimators is more suitable.
To ameliorate the problems in the above works,

we have proposed a novel, general framework in
this paper which can simultaneously deal with all the
aforementioned effects in a single algorithm. That is,
we have set an algorithm which is able to separate
the signals of multiple maneuvering sources in a
noisy instantaneous environment and also treat the
nonlinearities of the state and observation equations
by exploiting particle filters.
In a comprehensive search one can find many

other interesting papers in ICA and source tracking.
However, they are either on ICA alone and not
on tracking [6] or they are on nonstationary noise
tracking with the use of particle filters but with
no ICA [7—9]. Among these, some are also on
source tracking or source separation but with
the use of conventional beamforming and array
processors [10—14] in which one may find some
useful information regarding source tracking and
source separation.

Our contribution to this work which comprises the
baseline of the paper consists of two parts. The first
part relates the idea of nonstationary ICA introduced
in [2] to the problem of maneuvering target tracking.
The resultant algorithm deals with the aforementioned
problems of noise, maneuvering, and nonlinearity
in a single algorithm. The second part, which is the
major contribution and novelty of the work, proposes
a new and simple scheme as an appropriate substitute
for the conventional IMM algorithm to cover the
unpredictable movement of the source over time.
The proposed scheme deals with the uncertainty
of each source motion by incorporating multiple
dynamic models in the tracking process. At any of
its time steps, the switching scheme first determines
the dominant dynamic mode of each source and
then switches the algorithm to the corresponding
correct dynamic model. The single best dynamic
mode at each time step is decided using an RMSE
criterion rather than tracking sources for several
interacting multiple models (IMMs) as in the IMM
algorithm [15—16]. The merit of this new scheme
regarding switching speed, simplicity of computations,
and accuracy of deciding the correct modes when
compared with the conventional IMM algorithm is
clearly revealed when the sources maneuver very
quickly and/or have numerous dynamic modes. This
process is performed by mixing an arbitrary extra
hypothetical (artificial) source into the scene and by
evaluating modes based on the RMSE with which
they track the hypothetical source. Although the
extra source can be artificial, one may use a real
extra source instead. However, due to simplicity of
deployment, saving energy, and avoidance of extra
signal propagation, the artificial source is preferred.
The details of this new technique are discussed in the
next section.

II. PROBLEM DESCRIPTION

The problem is physically stated as having L
independent moving sources with arbitrary dynamics
in a noisy environment. Signals generated by these
sources are recorded by M different stationary
observers (sensors) with specified locations. The
dynamic model of each source can be arbitrarily
switched between D different modes in each direction
of a three-dimensional space. The goal is to develop
a feasible algorithm by exploiting ICA and particle
filtering approaches to automatically track the
maneuvering sources as well as separating and
classifying their signals from M recorded data.
The problem is mathematically composed of two

main parts: ICA model and particle filtering. The
ICA model is responsible for the source separation,
and a particle filter is exploited to handle the source
tracking. Dynamics of the moving sources are also
mathematically modeled. The source signal is assumed
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to be random and its probability density function
model is specified. These mathematical models
are described in the following subsections, and
their corresponding results as estimates of the state
variables and signals of the moving sources are then
presented. The last part of this section is assigned to
the new technique for switching between different
dynamic models of the moving sources.

A. ICA Model

In the standard noisy ICA, the noise is assumed to
be additive. This is a rather realistic assumption, used
in factor analysis and signal processing, and allows
for a simple formulation of the noisy model. Assume
that we have L independent source components and M
observations. Thus, the noisy ICA model at iteration
or time sample k can be expressed as [2]

ok =Aksk +wk (1)

where sk = [s1 s2 ¢ ¢ ¢sL]Tk is the vector of independent
sources, ok = [o1 o2 ¢ ¢ ¢oM]Tk is the observation vector,
and wk is the vector of additive noise which basically
has Gaussian distribution. Index k shows that at each
iteration the mixing matrix Ak is changing due to
movement of the sources or possibly nonstationary
environment of the working space.
Because the elements of matrix Ak, i.e., aij,k, are

some of the parameters that depend on the distances
between the recording sensors, say microphones, and
the sources at each iteration, we may represent them
as appropriate nonlinear functions of distances. In
other words we may write

ai,j = fi,j(ri,j), i= 1,2, : : : ,M , j = 1,2, : : : ,L

(2)
where ri,j is the distance between source j and
microphone i and fi,j(:) can be any appropriate
nonlinear function which in general depends on the
environment and the application.
Note that in general, ri,j depends on x, y, and z,

which are the related distances in three dimensions of
working space. For example if source i is located at
the origin, i.e., (0,0,0), we may write

ri,j(x,y,z) =
q
x2ij + y

2
ij + z

2
ij , j = 1,2, : : : ,L: (3)

Thus in the case of L independent sources with M
microphones we may have

266664
o1

o2
...

oM

377775
k| {z }

ok

=

266664
f1,1(r1,1(x,y,z)k) f1,2(r1,2(x,y,z)k) ¢ ¢ ¢ f1,L(r1,L(x,y,z)k)

f2,1(r2,1(x,y,z)k) f2,2(r2,2(x,y,z)k) ¢ ¢ ¢ f2,L(r2,L(x,y,z)k)

...
...

...
...

fM,1(rM,1(x,y,z)k) fM,2(rM,2(x,y,z)k) ¢ ¢ ¢ fM,L(rM,L(x,y,z)k)

377775
| {z }

Ak

266664
s1

s2
...

sL

377775
k| {z }

sk

+

266664
w1

w2
...

wM

377775
k| {z }

wk

(4)

B. Source Models

Since multiple sources are involved in this problem
and it is difficult to use a switching model for
separating the sources with light-tailed probability
density functions [17], we need a model which is
more flexible than the traditional model 1=cosh
[18]. Here, the generalized exponentials model [2]
is proposed as the source model. This model, like the
mixture Gaussian model [19], can be used to model
non-Gaussian sources for multi-source tracking, but
it is not as computationally complex as a mixture
Gaussian model in target tracking applications [2].
Each source density is modeled by

psi (si j μi) = bexp
μ
¡
¯̄̄̄
si¡ ºi
!i

¯̄̄̄rl¶
, i = 1,2, : : : ,L

(5)
where the normalizing constant is

b =
ri

2!i¡ (1=ri)

with the Gamma function defined as

¡ (x) =
Z 1

0
tx¡1e¡tdt:

The density depends upon parameters μi =
fºi,!i,rig. The location of the distribution is set
by ºi, its width by !i, and the weight of its tails is
determined by ri. Densities with r < 2 are called
super-Gaussian, while those with r > 2 are called
sub-Gaussian. For example, with r = 1, psi (si j μi) is
Laplacian; as r!1, psi (si j μi) is uniform.
The generalized exponentials source model in

static ICA is able to separate mixtures of Laplacian,
Gaussian, and uniformly distributed sources, while
methods using a static tanh nonlinearity are unable to
separate such mixtures [18].
Here, like in other ICA implementations, we

resolve the scaling ambiguity between variances
of the sources and the scale of columns of Ak by
normalizing the variance of each source [20], i.e.,
setting !i = 1 for all i and allowing all the scale
information to reside in the columns of Ak. Like
ICA for stationary mixing, this method still suffers
the ambiguity of sign in recognizing the positive or
negative signal values.
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Furthermore, for reducing the complexity of
computations [20], we set the mean of each source
density to be zero, i.e., ºi = 0 for all i.

C. Source Dynamics

An active source trajectory can be subdivided into
distinct segments, each corresponding to a different
behavioral mode of movement. That is, the source
may stand still while talking or may walk around,
make a turn, etc. In such cases, a single motion
model cannot characterize the source movement
through time. At each iteration the source motion
can be modeled by one of a finite number of modes,
each of which represents a different movement
for each source. Switching from one dynamic
model to another is based on the aforementioned
minimization technique which is fully discussed
later.
For each source we consider two modes of motion

in each direction of the three-dimensional working
space. These are constant velocity and constant
acceleration modes. The constant velocity model for
source i in each direction of the three-dimensional
working space is·

ui
_ui

¸
k+1

=
·
1 T

0 1

¸·
ui
_ui

¸
k

+
·
v1cv

v2cv

¸
k

,

ui = x,y or z, i= 1,2, : : : ,L (6)

where T is the sampling time, ui and _ui are the
position and velocity of the source i as the state
variables, respectively, and the two vcvs are the
additive modeling noise for the constant velocity
model that are considered to be white and Gaussian.
For the constant acceleration mode we have264ui_ui

üi

375
k+1

=

2641 T 1
2T

2

0 1 T

0 0 1

375
264ui_ui
üi

375
k

+

264º1caº2ca

º3ca

375
k

,

ui = x,y or z, i= 1,2, : : : ,L (7)

where üi is the state variable which we take as the
acceleration of source i and the three ºcas are the
corresponding additive modeling noises.
In order to relate the aforementioned motion

equations and ICA model to a state-estimation
problem, we may take the position, velocity, and
acceleration of each source in every direction as
a state variable. Due to the nonlinearities of the
ICA model, the observation equations are nonlinear
functions of the states. Thus, we have to use a
nonlinear state estimator for the filtering problem.
Furthermore, in such severe nonlinearities, it is
preferred to use nonlinear state estimators such
as particle filters rather than any of the Kalman
filter’s family estimators like extended Kalman
filter.

D. Particle Filtering

The problem is now to track Ak, as new
observation ok is recorded. If Ok denotes the set
of observations fo1,o2, : : : ,okg then the goal of
the filtering methods is to estimate the probability
density function of the states p(Xk jOk), where Xk
denotes the set of all the state variables at iteration
k (the positions, velocities, and accelerations of all
sources in each direction of the three-dimensional
space). Particle filters, stemmed from the sampling
importance resampling (SIR) filter of Gordon et al.
[21], represent the state density p(Xk¡1 jOk¡1) by a
swarm of “particles” each with a probability mass.
The filter is an algorithm for propagating, updating,
and resampling these samples to obtain a set of
samples which are approximately distributed as
p(Xk jOk). The summary of the particle filter
algorithm is stated below.
At time k¡ 1, the SIR algorithm finds a swarm of

Np equally weighted particles that approximate the
posterior p(Xk¡1 jOk¡1). The swarm of particles is
regarded as the approximate value of the true samples.
We assume that fXnk¡1gNpn=1 is the swarm of Np particles
where each is distributed as an independent sample
from the posterior p(Xk¡1 jOk¡1). At time k the
filtering proceeds as follows:

1) Prediction Stage: Having Np samples

fXnk¡1gNpn=1 at time k¡ 1, we draw Np samples from
the importance density q(Xk j Xnk¡1,ok) [22—23]. The
most popular choice for the importance density is the
transitional prior [24],

q(Xk j Xnk¡1,ok) = p(Xk j Xnk¡1): (8)

It is worth noting that if the particles fXnk¡1gNpn=1
are the independent samples from p(Xk¡1 jOk¡1) the
particles fXnkjk¡1g

Np
n=1, drawn from p(Xk j Xnk¡1) will be

the independent samples from p(Xk jOk¡1).
2) Update Stage: By receiving the new

observation ok, the prediction states represented
by the swarm fXnkjk¡1g

Np
n=1 are updated (corrected).

Each particle is weighted by the likelihood of the
observation ok being affected by the mixing matrix
Ak represented by X

n
kjk¡1. For the importance weights

we have [22, 23]

w̃nk = w
n
k¡1
p(ok j Xnkjk¡1)p(Xnkjk¡1 j Xnk¡1)

q(Xnkjk¡1 j Xnk¡1,ok)
= wnk¡1p(ok j Xnkjk¡1), n= 1, : : : ,Np (9)

and thus the normalized weights are

wnk =
wnk¡1p(ok j Xnkjk¡1)PNp
n=1w

n
k¡1p(ok j Xnkjk¡1)

: (10)
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Note that for each sample the likelihood function
p(ok j Xkjk¡1) is given by

p(ok j Xkjk¡1) =
Z
s
p(ok j Xkjk¡1sk)p(sk)dsk (11)

where sk is the vector of sources at time k in the
model defined in (5). Due to the independence of
original sources, we get

p(ok j Xkjk¡1) =
Z
s
p(ok j Xkjk¡1sk)

LY
m=1

pm(smk)dsk:

(12)

Equation (12) may be evaluated using the
Laplace approximation or Monte Carlo integration.
Monte Carlo integration is more general but more
computationally expensive [25]. The Laplace
approximation is appropriate when the observation
noise is small [2].
For the N-dimensional integral

I =
Z
f(s)expf¡h(s)gds: (13)

When h(s) is sharply peaked, the Laplace
approximation [26] is given by

I ¼
Z
f(s¤)expf¡h(s¤)¡ (s¡ s¤)TH(s¡ s¤)=2gds

(14)
where H is the Hessian matrix with the matrix
elements [H]ij = @

2h=@sisj and s
¤ is the value of s that

minimizes h. Thus

I ¼
p
det(2¼H¡1)f(s¤)exp(¡h(s¤)): (15)

To relate the integral in (12) to the Laplace
approximation model, the additive observation noise
is assumed to be Gaussian with zero mean and
covariance matrix R. Thus, (12) becomes

p(ok j Xkjk¡1)

=
Z
s

1
(2¼)M=2(det(R))1=2

£ exp
μ
¡1
2
(Akjk¡1sk ¡ ok)TR¡1(Akjk¡1sk ¡ ok)

¶

£
LY
m=1

pm(smk)dsk: (16)

Using the family of generalized exponentials as
the source model, we consider the Gaussian term as
expf¡hg and the product of generalized exponentials
and normalizing factors as f. Thus, we have

h(sk) = (Akjk¡1sk ¡ ok)TR¡1(Akjk¡1sk ¡ ok)=2
(17)

which is minimized at

s¤k = (A
T
kjk¡1R

¡1Akjk¡1)
¡1ATkjk¡1R

¡1ok (18)

and the Hessian is

H=ATkjk¡1R
¡1Akjk¡1:

Consequently the likelihood is approximated as

p(ok j Xkjk¡1)¼ cexp(¡(Akjk¡1s¤k ¡ ok)TR¡1(Akjk¡1s¤k ¡ ok)=2)

£ exp
Ã
¡

LX
m=1

js¤mkjrm
!

(19)

where the normalizing factor c is

c=
Bq

det(ATkjk¡1R
¡1Akjk¡1)det(R)

and B is the product of the source normalizing
constants: B = b1b2 ¢ ¢ ¢bL.
Comparison with Monte Carlo integration shows

that this approximation is appropriate over a wide
range of noise covariance [26].
3) Resampling Stage: For the resampling stage,

we have used the systematic resampling algorithm
introduced in [27]. The particles Xnkjk¡1 and weights
wnk approximate p(Xk jOk). The resampling process
is completed with Np replacements to form an
approximate sample from p(Xk jOk) where all
particles are carrying equal weights. This new sample
can now be used as the basis for the next prediction
step.

E. Source Estimation

Having the estimated state variables at time k, the
mixing matrix Ak is estimated. Having the estimate
of Ak, the source vector sk is also estimated [2, 20].
Using maximum a priori (MAP) estimation, each sk
is found by maximizing the log(p(ok jAk,sk)p(sk)),
which is equivalent to minimizing

(ok ¡A¤ksk)TR¡1(ok ¡A¤ksk) +
LX
m=1

¯̄̄̄
sm¡ ºm
!m

¯̄̄̄rm
(20)

where A¤k is the estimate of Ak. Using the
pseudo-Newton method when the noise variance is
small, the estimated source would be

ŝk ¼ gok (21)

with g= (A¤Tk A
¤
k)
¡1A¤Tk .

F. Switching Between Different Dynamic Modes

A new technique has been introduced here which
is used for automatic switching between different
dynamic models associated with source movement
modes. When there are numerous dynamic modes for
the states, it may not be easy to set the transitional
matrix in the conventional techniques such as IMM
algorithm. Furthermore, accurate assignment of the
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probabilities to all the dynamic modes at each single
iteration may not be feasible.
To understand the proposed technique, we fully

describe the procedure below. First, we consider two
phases for this process designated as
1) the measurement or practical phase,
2) the computation or processing phase.
1) The Practical Phase: In the practical phase,

we assume there are L moving sources with unknown
instantaneous kinematics (positions, velocities, and
accelerations) and unknown signal values at iteration
or time sample k as sk = [s1 s2 ¢ ¢ ¢sL]Tk ; we also assume
M recording devices, say microphones, located
at fixed specified positions with M recordings at
iteration k as ok = [o1 o2 ¢ ¢ ¢oM]Tk . Each microphone
recording is a weighted sum of the instantaneous
signals generated by the sources plus some additive
noise. Each weight is a function of the distance
between a source and a microphone. Thus with
all notations defined in Section IIA, the relation
between the recorded signals and the source signals at
iteration k can be represented as the matrix equation
which is shown in (4). We repeat this equation
in (22) below, while keeping all notations except
the variables (x,y,z)k that have been dropped for
simplicity:

ok =

266664
o1

o2
...

oM

377775
k

=

266664
f1,1(r1,1) f1,2(r1,2) ¢ ¢ ¢ f1,L(r1,L)

f2,1(r2,1) f2,2(r2,2) ¢ ¢ ¢ f2,L(r2,L)

...
...

...
...

fM,1(rM ,1) fM,2(rM,2) ¢ ¢ ¢ fM,L(rM,L)

377775
k| {z }

Ak

266664
s1

s2
...

sL

377775
k| {z }

sk

+

266664
w1

w2
...

wM

377775
k| {z }

wk

: (22)

After recording the M values of the observation
devices (microphones) and providing the real
observation vector ok which is taken from real
data, we then enter the second phase of the
procedure which is designated as the processing
phase.
2) The Processing Phase: In the processing

phase, the goal is to perform some processing
on the real observation vector ok to determine
dominant dynamic mode of the moving sources in
time sample k by using Nc¿Np particles of X

n
k¡1

(n= 1,2, : : : ,Nc). Then estimate the state variables
(Xk) and the source signals (ŝk) to determine the
kinematics and the signal values of the sources at
different iterations. The processing phase continues
as follows.
First at each time sample k, we generate

an artificial observation vector õk by adding a
constant vector ck to the recorded real observation
vector ok:

õk = ok + ck (23)

where the elements of the constant vector ck are
generated from the following relation:

ck =

266664
c1

c2
...

cM

377775
k

=

266664
f1,L+1(r1,L+1)

f2,L+1(r1,L+1)

...

fM,L+1(rM,L+1)

377775
k

sL+1k (24)

in which sL+1k is an arbitrary known function in k,
and the vector entries f1,L+1(r1,L+1),f2,L+1(r2,L+1), : : : ,
fM,L+1(rM,L+1) represent M constant weighting
functions with known values. In other words, these
are considered as M constant weights that are applied
to the known function sL+1k to provide the elements
of the constant vector ck. Thus, at each time sample
k, the elements of ck are known constant values that
depend on the instantaneous values of the arbitrary
function sL+1k and the constant weighting functions
f1,L+1(r1,L+1),f2,L+1(r2,L+1), : : : ,fM,L+1(rM,L+1). To
understand this process, one can interpret or visualize
an equivalent hypothetical system for this process in
the real world.
In this visualization, one may think of sL+1k as

the signal generated from a hypothetical known
source located at a hypothetical fixed point in the real

world with known specified distances from the M
recording microphones r1,L+1,r2,L+1, : : : ,rM,L+1; also
think of f1,L+1(r1,L+1),f2,L+1(r2,L+1), : : : ,fM,L+1(rM,L+1)
as the analytical functions that are applied to
r1,L+1,r2,L+1, : : : ,rM ,L+1 to represent the relation
between the hypothetical source signal sL+1k and the
M recording microphones. Similar to the real sources,
the products of these functions by the source signal
sL+1k in (24) represent the effect of the source signal
sL+1k on readings of the M microphones. This means
that the elements of the constant vector ck in (24)
represent the effect of the hypothetical source sL+1k
on readings of the M microphones. Thus, adding
this constant vector to the recorded real observation
vector ok in (23) shows the addition of the effect of
hypothetical source sL+1k to the effect of real sources
on readings of the M microphones. In essence, the
artificial data õk in (23) represents the effect of all
sources including the hypothetical source on readings
of the M recording devices or microphones. Since
this source does not exist in the real world and we
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visualize it as a source in the real world whose effect
on the recording vector ok is equivalent to the effect
of what we do in the processing phase, we call it a
hypothetical or artificial source.
It is noted that the number of microphones must

be enough such that after adding even an artificial
source, the number of microphones is not less than
the number of sources.
Now, in the processing phase we substitute the real

vector ok from (22) in (23) and get

266664
õ1

õ2
...

õM

377775
k| {z }

õk

=

266664
f1,1(r1,1) f1,2(r1,2) ¢ ¢ ¢ f1,L(r1,L)

f2,1(r2,1) f2,2(r2,2) ¢ ¢ ¢ f2,L(r2,L)

...
...

...
...

fM,1(rM,1) fM,2(rM,2) ¢ ¢ ¢ fM,L(rM ,L)

377775
k| {z }

Ak

266664
s1

s2
...

sL

377775
k| {z }

sk

+

266664
f1,L+1(r1,L+1)

f2,L+1(r2,L+1)

...

fM,L+1(rM,L+1)

377775
k

sL+1k +

266664
w1

w2
...

wM

377775
k| {z }

wk

: (25)

Combining the first two terms on the right hand side
of (25) yields266664

õ1

õ2
...

õM

377775
k| {z }

õk

=

266664
f1,1(r1,1) f1,2(r1,2) ¢ ¢ ¢ f1,L(r1,L) f1,L+1(r1,L+1)

f2,1(r2,1) f2,2(r2,2) ¢ ¢ ¢ f2,L(r2,L) f2,L+1(r2,L+2)

...
...

...
...

...

fM,1(rM,1) fM ,2(rM,2) ¢ ¢ ¢ fM,L(rM,L) fM,L+1(rM,L+1)

377775
k| {z }

Ãk

266666664

s1

s2
...

sL

sL+1

377777775
k| {z }

s̃k

+

266664
w1

w2
...

wM

377775
k| {z }

wk

: (26)

Having the set of equations (26) along with the
predicted mixing matrix Ãkjk¡1 represented by Xkjk¡1
at each iteration, we use (18) to obtain a primary
estimate of the source vector s̃k. Through this primary
estimation which is part of the switching algorithm, all
the sources (elements of the source vector) including
the augmented artificial source sL+1k are estimated.
However, the true value of sL+1k is known and is the
arbitrary known function which was treated as the
artificial source; this true value is compared with the
estimated value of sL+1k , and the corresponding error
is recorded. This comparison is carried out over all
possible combinations of dynamic models assigned to
the sources. The dynamic model configuration with
minimum root mean square error (RMSE) is then

identified and chosen as the best model that fits the
real movement mode of the sources in that iteration.
This process is repeated at each iteration or it can

be performed at every block of iterations for less
complexity and faster response. Here, the former case
has been performed for more accuracy.
Although sL+1k is an arbitrary known function of

k and can be considered to be any desired function,
in this paper we consider the following two different
cases for this function: 1) a simple constant function

versus k with unit value, and 2) a sinusoidal function
in k with given amplitude and frequency. The density
model of these functions is in the category of the
corresponding model used for the real sources.
a) Unity constant function as artificial source:

Setting sL+1k = bk = 1 for the artificial source and
substituting in (24), we get

ck =

266664
c1

c2
...

cM

377775
k

=

266664
f1,L+1(r1,L+1)

f2,L+1(r1,L+1)

...

fM,L+1(rM,L+1)

377775
k

: (27)

Using (27), we can rewrite (26) as follows:

266664
õ1

õ2
...

õM

377775
k| {z }

õk

=

266664
f1,1(r1,1) f1,2(r1,2) ¢ ¢ ¢ f1,L(r1,L) c1

f2,1(r2,1) f2,2(r2,2) ¢ ¢ ¢ f2,L(r2,L) c2

...
...

...
...

...

fM,1(rM,1) fM,2(rM,2) ¢ ¢ ¢ fM,L(rM ,L) cM

377775
k| {z }

Ãk

266666664

s1

s2
...

sL

b

377777775
k| {z }

s̃k

+

266664
w1

w2
...

wM

377775
k| {z }

wk

(28)
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where, bk = 1. Instead, we can consider bk as a
random variable with a PMF (probability mass
function) of

p(b) =
½
1, b = 1

0, otherwise
: (29)

At each iteration, suppose there are Di different
dynamic modes for the ith maneuvering source in
each direction of the three-dimensional spaces. Then,
if L sources are maneuvering in this way, their total
number of combinational maneuvering modes in view
of the system would be

DM = D31|{z}
due to Source 1

£ D32|{z}
due to Source 2

£¢¢ ¢£ D3L|{z}
due to Source L

=
LY
i=1

D3i (30)

which reduces to DM =D3L when all the sources
have the same D number of dynamic modes in each
direction.
To identify the dynamic mode, first, we have

Nc¿Np swarm particles fXnk¡1gNcn=1 from time sample
k¡ 1. Now, with Nc samples of fXnk¡1gNcn=1 we use
the prediction stage of filtering and draw Nc samples
fX1kjk¡1,X2kjk¡1, : : : ,XNckjk¡1g for each of the possible
dynamic modes i= 1,2, : : : ,DM , i.e., predict the
samples f(Xkjk¡1)ni gNcn=1, i= 1, : : : ,DM of the dynamic
state variables. We then form the corresponding
mixing matrix Ãkjk¡1 and by treating bk as a real
source, we evaluate the primary source vector estimate
for each of the dynamic mode combinations using

(18). In other words, we evaluate f(ˆ̃sk)ni gNcn=1, i=
1, : : : ,DM by using the artificial observation vector
õk in (18) instead of the real observation vector ok.
Recall that the observation vector õk is constructed
from the real vector ok in the processing phase of the
switching algorithm.
We now calculate the RMSE of the estimated

augmented (artificial source) element of vector (ˆ̃sk)i
or (b̂k)i where its true value is bk = 1, which is the
reference measure of accuracy in estimation of the ith
dynamic mode configuration:

RMSEi(k) =

vuut 1
Nc

NcX
n=1

((b̂k)
n
i ¡1))2, i= 1, : : : ,DM:

(31)

The above error is computed for DM dynamic
models of the sources, and the one with least
RMSE is selected as the identified dynamic mode
configuration of the sources in that iteration, i.e., the
optimum model configuration j is selected as

mod ej = argmin
i
fRMSEig: (32)

A small Nc suffices to evaluate the above decision
scheme as well as avoiding complexity of
computations. After selecting the mode j as the true
dynamic mode configuration for all the sources, the
filtering process begins by generating Np swarm
particles for the identified mode in the prediction
stage.
b) Sinusoidal function as artificial source:

Here, instead of using a constant function we use
a sinusoidal function with given amplitude and
frequency as the augmented artificial source function
in (26). Again, this signal is considered to be
generated with PMF

p(s,k) =
½
1, s= s[k]

0, s 6= s[k] (33)

with s[k] = Acos(2¼fkT) where A and f are
specified, and T is the sampling period. The
simulation results in example 2 show that there is no
substantial difference between the results obtained
from the constant function or sinusoidal function.
However due to simplicity, the constant function is
preferred.
Remark: Although the idea of using an artificial

source is quite sufficient for practical problems
in the real world and not just for simulation, one
can also perform the above dynamic switching
problem by exploiting an extra known real source
instead of the artificial source. This source is
substituted for the visualized or artificial source
that we generated before in the processing phase
and denoted as sL+1k . Hence, this extra source must
be located at a fixed specified point along with
other sources in the real field with known distances
from the M recording devices (microphones).
The M recordings of the microphones that make
the real observation vector ok, will then contain
the effect of the real sources as well as the one
from the extra real source. The effect of this
extra source depends on the signal generated by
this source, its distances from the M recording
microphones r1,L+1,r2,L+1, : : : ,rM ,L+1, and the
nonlinear functions that express the relation between
these distances and the microphone recordings.
The signal generated by this source at each time
sample is known and is taken as the reference
for evaluation of the source estimates. Here we
again use (26) for the switching process, but
instead of vector õk, the real observed data ok
are used, which contain the effect of all sources
including the effect of the known extra real source.
Also similar to the last column of the mixing
matrix in (26), we use a column vector of the
nonlinear functions that relates the real extra
source signal to the M microphone recordings, i.e.,
f1,L+1(r1,L+1),f2,L+1(r2,L+1), : : : ,fM,L+1(rM,L+1). From
(26) the primary estimate of the extra real source
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Fig. 1. Sources working space.

sL+1k is evaluated and compared with its known real
reference value, and eventually the dominant dynamic
mode configuration of the sources at iteration k is
determined.
Although the above practical approach is very

similar to the artificial source method, the artificial
source method is preferred, because in the artificial
source method, all operations of generating and
recording the extra source signal are performed
in the processing phase as a software task. The
practical method suffers from the problem of extra
real source deployment and extra real source energy
consumption. Also adding the extra real source
in the field inevitably changes the passive nature
of the tracking system to an active one which is
not recommended for avoidance of extra signal
propagation.

III. SIMULATION RESULTS

A. Example 1

Consider tracking two moving sources in a
two-dimensional room with the working space of
100£ 100 m2. Three microphones or observing
devices are also located on three edges of the working
space as shown in Fig. 1.
A Laplacian source (p(s)/ e¡jsj) and a source

with uniform density are mixed with a mixing matrix
whose components vary with location as follows:

264o1o2
o3

375
k

=

2664
150¡

q
x21 + y

2
1 150¡

q
x22 + y

2
2

150¡p(100¡ x1)2 + (100¡ y1)2 150¡p(100¡ x2)2 + (100¡ y2)2
150¡p(100¡ x1)2 + (y1)2 150¡p(100¡ x2)2 + (y2)2

3775
k

·
s1

s2

¸
k

+

264w1w2
w3

375
k

: (34)

Fig. 2. Real target trajectories.

Note that the above choice of the mixing
matrix depends on the type of approximate model
for the experimental environment. Based on the
environment, we must choose the appropriate
nonlinear function of the distance between
the source and microphone for each of its
components.
The two sources are tracked for 120 samples, and

the sampling time is considered to be T = 0:05 s.
The covariance matrices of the process noise for both
constant velocity and constant acceleration dynamics
are taken to be 0:01I [28], and the covariance matrix
of the observation noise is assumed to be 0:1I where
I is the identity matrix. The real sources (targets)
trajectories are shown in Fig. 2.
Having recorded the real observation data

ok, we now enter the processing phase and use
(23) to generate the artificial observation data.
In order to generate the artificial observation
vector õk, we visualize the artificial source at the
center of the working space (x3 = 50 m, y3 =
50 m). So according to the nonlinear functions
defined in (34) and the artificial source signal
s3k = b = 1, and using (24), we get the constant
vector

ck =

26479:2979:29

79:29

375 :
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Fig. 3. Source 1 position in x direction.

Fig. 4. Source 1 position in y direction.

Using (34) in (23), the artificial observation
equations become

264 õ1õ2
õ3

375
k

=

264 150¡p(x1)2 + (y1)2 150¡p(x2)2 + (y2)2 79:29

150¡p(100¡ x1)2 + (100¡ y1)2 150¡p(100¡ x2)2 + (100¡ y2)2 79:29

150¡p(100¡ x1)2 + (y1)2 150¡p(100¡ x2)2 + (y2)2 79:29

375
k

264s1s2
b

375
k

+

264w1w2
w3

375
k

(35)

in which we must set b = 1.
To provide an initial estimate of the positions

of the sources to initialize the mixing matrix, static
ICA is run on the first 20 samples received by
the microphones. After 20 iterations, the program
switches to dynamic ICA and the particle filter starts
functioning. Consequently, the two sources are tracked

Fig. 5. Source 2 position in x direction.

Fig. 6. Source 2 position in y direction.

for 100 iterations, and the sources are estimated at
each iteration.

To evaluate the performance of the source
estimation, we define the ratio of the real source
signal power to the mean square error of the source
estimation in dB. On average the source estimation
performance was found to be 22.4 dB.
Figs. 3—6 show the true source positions in

the x and y directions and the estimated tracking
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Fig. 7. Source 1 real and estimated trajectories.

results generated by the proposed algorithm at
each time iteration. Figs. 7—8 show the real and
estimated trajectories of the two sources in x-y
space.
As mentioned before, the velocity and acceleration

of the sources can be estimated as well. Figs. 9—10
show the real source velocity and the estimated
velocity of the sources in the x and y directions of the
coordinate axes, and Figs. 11—12 show the resultant
source acceleration in each direction, respectively. It is
clearly seen that accelerations in the x and y directions
cause rotations of the sources in the x-y space.
In general, the rotations of the targets could not

be characterized by a constant velocity model in each
direction. However, here the target model can change
its acceleration and velocity based on (6) and (7) in
each direction for every time sample T where T is

Fig. 9. Source 1 real and estimated velocity.

Fig. 8. Source 2 real and estimated trajectories.

small. This means that the rotational behavior of the
target can be well represented by superposition of
constant velocity or constant acceleration models in
all directions.
Fifty Monte Carlo runs are carried out, and the

average is represented by the RMSE criterion as a
measure of the performance of the estimation of the
kinematics (position, velocity, acceleration) in this
simulation:

RMSE(k) =

vuut 1
m

mX
i=1

(rk ¡ r̂ik)2,

k = 1,2, : : : ,100, m= 50 (36)

where r̂ik denotes the state estimate of the ith Monte
Carlo run for the kth sample. Fig. 13 shows the
resultant kinematics estimation RMSEs.
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Fig. 10. Source 2 real and estimated velocity.

Fig. 11. Source 1 real and estimated acceleration.

It is seen that at the first few iterations, the
estimation process has not adapted yet, and the RMSE
results are large. However, the RMSE is gradually
reduced and approaches its minimum steady state
value as the number of iterations increases.
The results of the above tests show that the

position error performance is greater than that of the
corresponding velocity error performance. The same
is true for the velocity and acceleration results. The
reason is that the error in estimating the acceleration
state grows in the process of estimating the velocity
state and thus causes more errors in velocity state
estimation. Accordingly, the error in estimating the
velocity state grows through the process of estimating

the position state. So the most errors occur in the
position estimation process that contains errors due
to velocity and acceleration estimations as well as its
own position state estimation error.
In using the conventional IMM switching model,

there is usually a jump in the error performance as
the target dynamic mode changes. The corresponding
error decays with a time constant related to the
weights of the filter due to the output error feedback
applied by the IMM algorithm. It is obvious that the
weight adjustments cannot take place instantly and
require a transitional time to reach the steady state and
consequently to reach the lower level of the RMSE.
Although the reader can refer to [15, Figs. 2—7] and
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Fig. 12. Source 2 real and estimated acceleration.

Fig. 13. Kinematics estimation RMSE versus time iteration (Example 1).

[16, Figs. 4, 7, and 10] to see this phenomenon, here
we implement a scenario to provide a comparison
between our proposed tracking algorithm and the
IMM extended Kalman filter.

B. Example 2

In this example our proposed method for switching
multiple models is compared with the IMM algorithm

implemented on the extended Kalman filter through
a simple scenario. We consider one source with a
specified signal which moves with constant velocity
at the beginning and then switches to a constant
acceleration dynamic mode at the 17th sample. This
scenario has been designed to compare the switching
performances of the two algorithms. We consider
two dynamic models, constant velocity and constant
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Fig. 14. Kinematics estimation RMSE versus time iteration (Example 2). Proposed algorithm: s[k] = 1; proposed algorithm*:
s[k] = cos(2¼(10000=3)k) (Np = 60, Nc = 3).

acceleration, for the source in each direction. The
process noise covariance matrices for constant velocity
(QCV) and constant acceleration (QCA) are [29]

QCV = sv

264
T3

3
T2

2
T2

2
T

375
and

QCA = sv

26666664

T5

20
T4

8
T3

6
T4

8
T3

3
T2

2
T3

6
T2

2
T

37777775
with T = 1 s and the power spectral density of the
continuous time process noise sv = 5. The observation
covariance matrix is assumed to be Qm = qmI with
observation noise variance qm = 10. There are 6
recording sensors located in a working space with
dimensions 250£ 250 m2 at coordinates: (0,0),
(0,250), (250,0), (250,250), (100,0), and (100,250).
The nonlinear function is fi,1(ri,1(x1,y1)) = 500¡q
(mi,x¡ x1)2 + (mi,y ¡ y1)2 where (x1,y1) represents

the source coordinates, and (mi,x,mi,y) shows the
coordinates of the ith recording sensor. The transition
matrix used in the IMM extended Kalman filter is a
4£ 4 matrix with diagonal elements equal to 0.94 and
off-diagonal elements equal to 0.02. In the proposed
algorithm we consider that the artificial source is
located at coordinates (120,120). The number of
particles used in the proposed method is Np = 60 and
Nc = 3. For each algorithm 500 Monte Carlo runs are
carried out, and the RMSE for position and velocity

estimates are presented in Fig. 14. The IMM-extended
Kalman filter diverges in 30 out of 500 runs, while
the proposed algorithm converges in all 500 runs. We
calculate the RMSE results for those cases in which
the IMM EKF converges. As shown in Fig. 14, the
RMSE of the proposed method is less than that of the
IMM extended Kalman filter for almost all samples.
Also a jump is seen in the RMSE of the IMM extend
Kalman filter around the 17th sample in both position
and velocity and decays down with a transition time.
This is the sample at which the switching of the
dynamic mode takes place. However, there is not
such a jump in the RMSE of the proposed switching
technique in Fig. 14.
The main merit of the proposed switching

technique is the property of the fast and smooth
switching between dynamic modes of the multiple
sources maneuvering system. This is due to the
clear detection and selection of the single dominant
dynamic mode configuration at any iteration by using
the proposed hard decision switching algorithm.
However, in IMM algorithm this cannot be achieved
with such clarity and may not even be feasible at any
single iteration due to defining the dominant mode
as a probabilistic interaction of all models for all the
sources.
The mean processing time for IMM extended

Kalman filter at each Monte Carlo trial is 0.17 s,
while it is 0.33 s for the proposed method with
the above number of particles. Carrying out more
experiments with reduced number of particles leads
to a decrease in the processing time but with a slight
change in accuracy. For example reduction of the
number of particles to Np = 30 and Nc = 2 causes a
decrease in the processing time down to 0.19 s but
with an overall slight reduction in accuracy.
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Fig. 15. Kinematics estimation RMSE versus time iteration (Example 3).

In this example we also replaced the constant
function artificial source s[k] = 1 with a sinusoidal
function s[k] = cos(2¼(10000=3)k) and illustrated
the results in Fig. 14. As shown the RMSE obtained
from this case and the one obtained from the constant
function are very close. However the constant
function has the advantage of simplicity and fewer
computations.

C. Example 3

For another illustration, we conducted our
experiments on blind source separation (BSS) with
audio signals. Each of the sources (source 1 and 2)
plays a different piece of recorded music and moves
in the working space. The sampling rate was 8 kHz.
The working space and the source trajectories are the
ones used in Example 1. Although the source models
that have been used here are restricted to generalized
exponential models, the proposed algorithm can still
deal with the audio signals and separate the sources
well enough to be distinguished. Fig. 15 shows the
corresponding kinematics RMSEs.
The microphone signals and the estimated signal

sources have been recorded in separate audio files. We
have included the supplementary playable documents
that contain five sound “.wav” files, three of which are
the recorded microphones signals and the other two
are the estimated source signals. This will be available
at http://ieeexplore.ieee.org.

As can be heard from the recoded files
corresponding to each microphone, the contribution
(the volume) of any source in the recorded signal and
its corresponding estimated signal vary depending
upon its distance from that microphone, i.e., as
the source gets farther from the microphone, the
corresponding sound level decreases and vice
versa.
Again the source estimation error performance is

defined as the ratio of the real source signal power to
mean square source estimation error. On the average,
the error performance in this case was found to be
5.2 dB.
It is obvious that the error performances in

either estimation of kinematics or estimation of the
source signals are worse than the error performances
in the case with mixtures of exponentials as in
Example 1.

IV. CONCLUSIONS

The primary objective of this paper is development
of the idea of nonstationary ICA as related to the
field of multiple source separation and tracking in
a noisy nonreverberant environment. As a result, a
novel general framework was developed that could
simultaneously separate the signals of multiple
maneuvering sources in a noisy environment and track
the sources in spite of severe nonlinearities in their
state and observation equations. Exploiting particle
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filters instead of extended Kalman filters could deal
very well with the nonlinearities of the state and
observation equations in the source tracking equations.
The second objective, which is the main merit

of this work, is the proposed new technique for
identifying the dynamics of the sources and smooth
switching of their models in the source tracking
algorithm. This technique which could be a better
substitute for the conventional IMM algorithm would
be particularly useful when the source maneuvering is
very fast and/or the dynamic modes of the sources
are numerous. The simulation results demonstrate
the performance of the developed general algorithm
and illustrate the feasibility and superiority of
the proposed switching technique over the IMM
algorithm.
The extension of this research to the noisy

reverberant media has been carried out by the authors,
and the results will be presented in future works.
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