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ABSTRACT

In this paper, we present distributed algorithms for tracking
a moving source via an ad-hoc network of sensors. Track-
ing is performed by employing a Kalman filter at all detect-
ing nodes in the network. The Kalman filter employed at
any given node exploits the availability of source-location
snapshot and prediction estimates, both of which are com-
puted via distributed locally constructed algorithms over the
ad-hoc network. As our brief simulation-based analysis re-
veals, the source-tracking performance of the proposed al-
gorithms is a function of the motion dynamics of the source,
the snapshot source-localization algorithm employed, the
network topology, and the number of iterations employed
in the distributed approximation algorithm.

1. INTRODUCTION

Interest in developing decentralized algorithms for data pro-
cessing in ad-hoc sensor networks (AHSN) has grown con-
siderably in recent years. For many data fusion problems
that arise in such large-scale sensor networks, decentral-
ized algorithms are preferable to their centralized counter-
parts, as they do not require a single central fusion center,
or global knowledge of the sensor network topology. Fur-
thermore, distributed data fusion algorithms are inherently
modular, scalable, fault tolerant, and readily adaptable to
changes in the sensor network topology [1].

In this paper, we consider the problem of decentralized
tracking of a moving acoustic source in an AHSN. We as-
sume that the nodes in the network collect source-node range
measurements at a fixed sensing rate. As shown in Fig. 1,
source tracking is achieved via a sequence of distributed
computations performed over a sequence of detecting sub-
networks in the AHSN, whereby the detecting subnetwork
at any time consists of all nodes (in proximity to the source)
with high enough signal-to-noise ratio (SNR) in their mea-
surements. We develop distributed Kalman filter-based track-
ing algorithms, according to which, each step of the algo-
rithm is implemented over every node in the detecting sub-
network. The viability of the proposed algorithms for per-
forming distributed source tracking is suggested by a brief
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Fig. 1. Source tracking in a large-scale sensor network via
computations over a sequence of subnetworks formed by
the detecting nodes in the vicinity of the source.

simulation-based performance evaluation.

2. SYSTEM MODEL

The setting of interest involves tracking the location of a sin-
gle source as it moves across a large-scale sensor network,
based on a sequence of snapshot measurements collected by
sensor nodes across the network. We assume that, given a
set of measurements at timet, a snapshot estimate of the
source location is obtained by a source localization algo-
rithm based on the data of the detecting nodes,i.e., based on
the data obtained by the subset of the nodes in the network
in proximity to the source with high enough SNR data.

We first present a state-space model describing the mo-
tion dynamics of the source, and an observation model that
is based on the snapshot estimates provided by the detecting
nodes. We then present models for the topology of the over-
all network and the computation subnetworks employed in
tracking the source location dynamics.



2.1. State-Space Model

We assume that the moving source has independent motion
components in two dimensions and that the source motion
in each dimension follows a constant velocity model with
a random acceleration [2]. The model that we employ for
developing tracking algorithms exploits the fact that, at any
given timet, sensors in the sensor field obtain acoustic mea-
surements, based on which they can form a source localiza-
tion estimate of the acoustic source. In particular, letting
Pn(t), andVn(t) denote the position and velocity, respec-
tively, of the acoustic source in thenth dimension (n =
1, 2) at timet, the tracking algorithms we develop view the
resulting source position estimates,Zn(t), (obtained via a
source localization algorithm at timet), as observations in
a singlemeasurement equation. We remark that the source-
location estimate error sequences,en(t) = Zn(t) − Pn(t)
(for n = 1, 2), are, in general, correlated in time (t). To ac-
count for this temporal correlation, we modelen(t) (for n =
1, 2) as apth order autoregressive (AR(p)) process. It is as-
sumed that the AR parameters of the processen(t), i.e., its

orderp, thep×1 vectorap =
[
ap(1) ap(2) · · · ap(p)

]T
,

and the associated innovation process power,σ2
u, are first

estimated during a training mode.

LettingEn(t)=
[
en(t) en(t− 1) · · · en(t− (p−1))

]T
,

the dynamics of the stateXn(t) =
[
Pn(t) Vn(t) ET

n (t)
]T

for n = 1, 2, are described by the following equation

Xn(t + 1) = FXn(t) + GBn(t), t = 0, 1, . . . (1a)

where

F =




1 Ts 0T
p

0 ρ 0T
p

0p 0p Ap


 , G =




0 0
Ts 0
0p up


, (1b)

Ts denotes the snapshot update interval,0k is k × 1-vector
of 0’s, up = [1 0T

p−1]
T ,

Ap =
[

aT
p

I(p−1) 0p−1

]
, (1c)

Ik is thek × k identity matrix,Bn(t) =
[
An(t) Un(t)

]T
,

and where the acceleration processAn(t) and the snapshot-
estimate error innovation processUn(t) are uncorrelated zero-
mean white sequences,i.e., E

[
Bn(t)BT

n (τ)
]

= Qδ[t− τ ],
and whereQ = diag(σ2

a, σ2
u). Finally, the parameterρ in

(1b) is given byρ =
√

(σ2
v − σ2

a T 2
s )/σ2

v , whereσ2
v denotes

the variance ofVn(t).
For eachn ∈ {1, 2}, the associated (scalar) measure-

ment equations are given by

Zn(t) = HXn(t) = Pn(t) + en(t) (2)

whereH=
[
1 0 1 0T

p−1

]
. We remark that the case where

the snapshot error sequencesen(t) can be accurately mod-
eled as white (i.e., p = 0) is also captured by the model
(1)–(2) by settingp = 1, a1(1) = 0, andσ2

u = E
[
e2
n(t)

]
.

2.2. Network Model

In this work we consider large-scale networks of uniformly
distributed sensors. We focus on bidirectional network topolo-
gies, according to which, each node is assumed to estab-
lish bidirectional noise-free communication with a subset of
nodes in its proximity. LettingN denote the total number
of nodes in the network, the network topology is described
by anN ×N matrixΦ, whereφij = [Φ]ij denotes the con-
nection status of the link between nodesi 6= j, defined as

φij = φji =

{
1 if i ↔ j

0 otherwise
(3a)

and wherei ↔ j denotes that nodesi andj are bidirection-
ally connected. We also let for convenience [3]

φii = −
N∑

j 6=i

φij . (3b)

The connection statusφij of any two nodesi andj is mod-
eled as a probabilistic function ofdij , the distance between
nodesi andj, and is given by

Pr[φij = 1] = 2−(
dij
do

)
m

, (4)

wheredo denotes the nominal distance at which nodesi and
j are connected with probability12 , and where the parameter
m determines the rate of decay of probability of connection
with distance and typically satisfies2 ≤ m ≤ 4, [3].

The source tracking algorithms we consider are imple-
mented sequentially over suitably chosen sequences of sub-
networks. To this end, we letI(t) denote the set of nodes
that comprise the activecomputationnetwork (ACN) em-
ployed at timet, i.e., the subnetwork over which thetth
tracking estimate is to be computed. In this paper we focus
on the simplest case where the set of nodes in the computa-
tion network at timet coincides with the subset of the nodes
that detect the source at timet (e.g., in Fig. 1). In general,
however, the computation network may also include addi-
tional peripheral nodes to assist in the computation.

The network topology of the ACN at timet can be con-
veniently expressed in terms of anN×N matrixΦ̃(t) where
the(i, j)th element of̃Φ(t), for i 6= j, is given by

φ̃ij(t) = φ̃ji(t) =

{
φij if i, j ∈ I(t)
0 otherwise

(5)

while, for convenience, we set̃φii(t) = −∑
j 6=i φ̃ij(t) .

Letting M(t) = |I(t)|, and{I(t)}i denote theith ele-
ment inI(t), the ACN network topology at timet can be
alternatively described viaI(t) (the subset of nodes in the
computation network), and anM(t) × M(t) matrix Ψ(t)
where the(i, j)th element ofΨ(t), for i 6= j, is defined as

ψij(t) = ψji(t) = φ{I(t)}i {I(t)}j
(6)



while again, for convenience, we setψii(t) = −∑
j 6=i ψij(t) .

We can think of the network described bỹΦ(t) in (5) as a
large-scale network where the only available connections
for performing computations are among the set of nodes in
I(t). Alternatively, we can focus on the ACN formed by the
nodes inI(t), with network topology given byΨ(t) in (6).

3. KALMAN FILTER TRACKING MODEL

We first consider the problem of tracking the location of the
source with motion dynamics described by (1) at a fictitious
node that has available at timet all the snapshot estimates
of the source location up to timet, i.e., {Zn(τ)}τ≤t given
by (2). We assume that the parameters of the AR(p) process
en(t) used in the model (1) have been estimated via train-
ing. In particular, a sequence of autocorrelation sequence
estimateŝre(i) for 0 ≤ i ≤ p is first obtained (based on a
sufficiently large set of training sample paths) and, subse-
quently, estimates ofap andσ2

u are obtained by exploiting
the normal equations and the energy matching property, re-
spectively, for AR modeling. Given that we also assume in-
dependent motion in each dimension, the 2-D source local-
ization problem decouples into two independent 1-D source
localization problems [4]. For anyt ands, we letX̂n(t|s)
denote the linear mean-square-error (LMSE) estimate of the
stateXn(t) at time t based on all observations up to time
steps (i.e., {Zn(τ)}τ≤s) and Σ̂n(t|s) denote the covari-
ance matrix of the associated estimate. Evidently, the(1, 1)
entry ofΣ̂n(t|s) provides the mean-square-error (MSE) of
the associated position estimate.

The Kalman filter (KF) provides a recursive algorithm
for obtaining the LMSE estimatêXn(t|t) of the stateXn(t)
based on all snapshot estimates up to timet, in terms of
X̂n(t − 1|t − 1) and the new observationZn(t). The KF
algorithm takes the following form [4]:

X̂n(t|t−1)=F X̂n(t−1| t−1) (7a)

Σn(t|t−1)=FΣn(t−1| t−1)FT + GQGT (7b)

X̂n(t|t)= X̂n(t|t−1)+Kn(t)[Zn(t)−HX̂n(t|t−1)] (7c)

Σn(t|t)=Σn(t|t−1)−Kn(t)HΣn(t|t−1) (7d)

Kn(t)=Σn(t|t−1)HT [HΣn(t|t−1)HT ]−1 . (7e)

The algorithm is initialized with

X̂n(0|0) =




Zn(0)
0
0p


,Σn(0|0) =




r̂(0) 0 −r̂T
p

0 σ2
v 0T

p

−r̂p 0p R̂p


,

wherer̂p = [r̂e(0) r̂e(1) . . . r̂e(p − 1)]T , andR̂p is the
p× p Toeplitz matrix of̂rp.

4. DISTRIBUTED TRACKING

The KF algorithm (7) serves as a basis for developing dis-
tributed tracking algorithms, according to which thetth step

of (7) is performed ateachnode within the ACN,{I(t),Ψ(t)}.
Observation of (7) reveals that for any node inI(t) to be
able to perform thetth step of the algorithm and obtain
X̂n(t|t), the node must have available the gainKn(t), the
snapshot estimateZn(t), and the previous tracking estimate
X̂n(t−1|t−1). As the gain sequenceKn(t) can be precom-
puted at each node, propagation of the indext as the source
moves through the network suffices for allowing any node
in I(t) to computeKn(t). We next focus on howZn(t)
and X̂n(t − 1|t − 1) can be approximated via distributed
computations over the computation network{I(t), Ψ(t)}.
4.1. Distributed Snapshot Estimate Computation

We next present a class of algorithms that are locally con-
structed over the ACN at timet and can be used to provide
at each node inI(t) an approximation to a “target” source-
localization estimateZn(t). These algorithms are exten-
sions of the source localization techniques in [5] that ex-
ploit improved versions of the distributed computation algo-
rithms presented in [3]. We first present a (target) weighted
centralized linear least-squares (LLS) type localization al-
gorithm and, subsequently, develop distributed algorithms
for approximating this algorithm at each node in the ACN.

4.1.1. Distributed Linear Least-Square Estimation

To illustrate the principles behind the distributed tracking
algorithms we propose, we consider a weighted centralized
LLS-type localization algorithm that is a generalized ver-
sion of [5]. It is assumed that theith node in the network
knows its location,i.e., it knowspi =

[
pi1 pi2

]T
, where

pin denotes thenth coordinate of theith node location. It
is also assumed that at timet theith node possesses source-
node range measurements of the form

Si(t) = σRSSi(t) + βi(t)

where theβi(t)’s are zero-meanσ2
β-power independent IID

Gaussian sequences, andσ2
RSSi

(t) = σ2
s/r2

i (t), with σ2
s

and ri(t) denoting the (unknown) source power (received
power at nominal distance 1) and the distance between the
ith node and the source at timet, respectively. We remark

thatri = ‖pi − ps‖, whereps(t) =
[
P1(t) P2(t)

]T
, with

Pn(t) denoting thenth coordinate of the source location at
time t. The source-location estimators we consider exploit
the locally available minimum-variance unbiased estimates
(MVUEs) of σ2

RSSi
(t), viz.,

σ̂2
RSSi(t) = S2

i (t)− σ2
β .

First, the ACN at timet is formed via threshold detection
by including in the ACN only nodes witĥσ2

RSSi(t) > σ2
T ,

for some suitably preset thresholdσ2
T > 0. For conve-

nience, we omit the dependence of the estimator (and mea-
surements) ont, as the source-location estimator at timet
depends only on the measurements collected at timet.



AssumingM detecting nodes at timet, the LLS estima-
tor of interest is based on(M −1) range-squared difference
equations, formed by viewing theM th sensor (arbitrarily
chosen) as a reference. In particular, the estimator exploits
relative node-source range-squared estimates of the form

σ̂−2
RSSi =

[
σ̂2

RSSi

]−1

=
r2
i

σ2
s

+ εi (8)

and where the estimation-errorsεi are independent ini. In

simulation-based evaluation of the associatedith MSE,σ2
εi

4
=

E
[
ε2i

]
, reveals it is proportional tor6

i , i.e.,

σ2
εi
∝ σ−6

RSSi
, (9)

for any thresholdσ2
T > 0. By subtractingσ̂−2

RSSM
from

σ̂−2
RSSi

for each1 ≤ i ≤ M−1, the (centralized) weighted

LLS estimate of the set of unknowns,x
4
=

[
P1 P2 σ2

s

]T
,

is then given by

x̂LS = (∆VTW−1∆V)−1∆VTW−1r̃ , (10)

where∆V is the following(M − 1)× 3 matrix

∆V=




(p1 − pM )T σ̂−2
RSS1− σ̂−2

RSSM

...
...

(pM−1−pM )T σ̂−2
RSSM−1− σ̂−2

RSSM


 (11)

W is the following(M−1)× (M−1) MSE-weight matrix

W = diag(σ2
ε1 , σ2

ε2 , · · · , σ2
εM−1

) + σ2
εM

11T , (12)

andr̃M is the following(M − 1)× 1 vector

r̃ =
1
2

[
‖p1‖2−‖pM‖2 · · · ‖pM−1‖2−‖pM‖2

]T
. (13)

Due to (12) and (9),̂xLS from (10) is not a valid estimate
as it depends on the unknown source location and power. A
valid LLS-type estimate of the form (10) that is amenable to
distributed implementation can be obtained by employing in
(10) the following expression forW−1 in place of (12)

Ŵ−1 = diag(σ̂6
RSS1 , σ̂6

RSS2 , · · · , σ̂6
RSSM−1) (14)

whereσ̂6
RSSi is the MVUE ofσ6

RSSi

σ̂6
RSSi = S6

i − 15 σ2
β S4

i + 45 σ4
β S2

i − 15 σ6
β . (15)

Finally, the snapshot estimatesZ1(t) andZ2(t) are given by
the first two entries of the estimate vectorx̂LS in (10).

4.1.2. Snapshot Estimate Distributed Implementation

We next describe the distributed algorithm employed to ob-
tain an approximation toZn(t) at each node inI(t). Dis-
tributed computation ofZn(t) relies on decomposing (10)

with W−1 given by (14) into a set of parallel computations
involving averages of local functions of the node data.

We first present the distributed algorithm for computing
any such elementary averaging target computation. To this
end, let the target (vector) computation be given by

g(z(t)) =
1

M(t)

M(t)∑

i=1

fi(zi(t)) (16)

whereM(t) = |I(t)|, z(t) = [zT
1 (t) zT

2 (t) . . . zT
M(t)(t)]

T ,
zi(t) denotes the vector data at theith node inI(t), and the
fi(·)’s are arbitrary local vector-valued functions. Dropping
for convenience the parameter dependence ont, we consider
a class of iterative algorithms that generate a sequence of
approximationŝbi[k] to g(z) at theith node via

b̂i[k] =





fi(zi) if k = 0
b̂i[0] +

∑
j ρijb̂j [0] if k = 1

(1 + c)
{
b̂i[1] +

∑
j ρijb̂j [1]

}

−c
{
b̂i[0] +

∑
j ρijb̂j [0]

}
if k = 2

(1+c)
{
b̂i[k − 1]+

∑
j ρijb̂j [k − 1]

}

−cb̂i[k − 2] if k > 2
(17)

where0 ≤ c < 1 is to be macroscopically selected, and
where theρij ’s are to be selected via local negotiations over
Ψ. For a rule of the form (17) to be implementable over a
topologyΨ, we must haveρij = ρji = 0 for any i andj
with ψij = 0. AssumingΨ is a connected topology, proper
choice of theρij ’s in (17) yields converging approximations
to (16). In this paper we exploit the following set of condi-
tions that guarantee convergence ofb̂i[k] to g(z):

ρij = ρji > 0 , if ψij = 1 (18a)

ρii = −
∑

j 6=i

ρij (18b)

|ρii| < 1 (18c)

0 ≤ c < 1 (18d)

These conditions are a generalization of those presented in
[3] and their sufficiency can be proved by exploiting Gers-
gorin’s Theorem ([6], pp. 344–348). Although allc ∈ [0, 1)
yield convergence, as shown in [3], proper choice ofc can
greatly expedite the convergence rate of the computation.

Choices for theρij ’s that satisfy (18) can be made via
local negotiations. In particular, the following iterative local
negotiation (LN) algorithm yieldsρij sets that outperform
those reported in [3]. The algorithm yields sequences of
improving sets ofρij ’s each of which satisfies (18). The
algorithm achieves (18c) by guaranteeing thatρii is at most
1 − ε for some smallε > 0. At the outset, the algorithm
is initialized with ρ

(0)
ij = 0 and ψ

(0)
ii = |ψii|. Given an



arbitrarily smallε > 0, thekth step of the algorithm at the
ith node, for anyk ≥ 1, takes the following form:

(i) set and broadcast:

δ
(k)
i =





(1−ε+ρ
(k−1)
ii )/ψ

(k)
ii if ψ

(k)
ii > 0 and

1−ε+ρ
(k−1)
ii >0

0 otherwise;

(ii) for all j, set

ρ
(k)
ij =

{
ρ
(k−1)
ij + min{δ(k)

i , δ
(k)
j } if ψij = 1

0 otherwise;

(iii) set
ρ
(k)
ii =−

∑

j 6=i

ρ
(k)
ij ,

ψ
(k)
ii =|{j; ψij = 1, δ

(k)
j > 0}| .

It is straightforward to verify that this algorithm satisfies
the conditions in (18) at every stepk, and terminates after a
finite number of iterations for any finite-size network.

The distributed algorithm (17) can be used to obtain an
approximation toZn(t) at every node in the ACN,I(t). In
particular, using (14) and exploiting

∆VT Ŵ−1∆V
M − 1

=
1

M−1

M−1∑

j=1

σ̂6
RSSj (vj−vM ) (vj−vM )T

(19a)

∆VT Ŵ−1r̃M

M − 1
=

1
M − 1

M−1∑

j=1

σ̂6
RSSj r̃j(vj − vM ) ,

(19b)

wherevi =
[
pT

i σ̂−2
RSSi

]T

andr̃j = {r̃}i, and assum-

ing the reference sensor vectorvM has been made available
(via broadcasting) to all nodes inI(t), x̂LS in (10) can be
decoupled into parallel computations of weighted averages
of the form (16). Distributed implementation ofx̂LS in (10)
via (19) involves six parallel approximations for (19a) and
three parallel approximations for (19b). In particular, the
snapshot-estimate computation at theith node in the ACN
takes the following form: (i) apply the distributed algorithm
(17) for ko iterations (withko sufficiently large), locally

initialized via b̂i[0] =
[
b̂
(1)
i [0] b̂

(2)
i [0] · · · b̂

(9)
i [0]

]T

,

where


b̂
(1)
i [0] b̂

(2)
i [0] b̂

(3)
i [0]

b̂
(2)
i [0] b̂

(4)
i [0] b̂

(5)
i [0]

b̂
(3)
i [0] b̂

(5)
i [0] b̂

(6)
i [0]


 = σ̂6

RSS1(vi−vM )(vi−vM )T

(20a)
and
[
b̂
(7)
i [0] b̂

(8)
i [0] b̂

(9)
i [0]

]T

= σ̂6
RSS1 r̃i(vi−vM ) ; (20b)

(ii) use the resulting approximations{b̂(j)
i [ko]} at the ith

node to locally approximate the LLS estimatex̂LS from
(10). We remark that, due to the exponentially fast con-
vergence characteristics of (17) [3], a small number of iter-
ations of the distributed algorithm (17) suffice for providing
very accurate approximations toZn(t) at each node inI(t).

4.2. Prediction Estimates

X̂n(t − 1|t − 1) is directly available only to the nodes in
I(t) that were also part of the active network at timet− 1,
i.e., only to the nodes inI(t) ∩ I(t − 1). Given that the
“measurements” employed at timet−1 are approximations
to Zn(t − 1), each of the resultinĝXn(t − 1|t − 1) via
(7) at the nodes inI(t) ∩ I(t − 1) are in general distinct
approximations. For this reason, an algorithm of the form
(17) is employed on the network topology induced by the
restriction ofΦ on I(t) ∩ I(t − 1), to provide to all the
nodes inI(t) ∩ I(t − 1) an approximation to the average
of the availableX̂n(t − 1|t − 1) estimates. In parallel, a
broadcasting algorithm is employed to provideX̂n(t−1|t−
1) estimates to the remaining nodes inI(t), according to
which at each cycle, each node in the subset broadcasts its
X̂n(t−1|t−1) estimate (if one is available) to its neighbors,
and iteratively computes a new estimate as the average of
the available estimates.

5. SIMULATIONS

In this section we present a brief simulation-based perfor-
mance evaluation of the proposed distributed tracking algo-
rithms. In our simulations we employ as our figure of merit
the sample-mean MSE performance of the associated local-
ization and tracking algorithms based on1000 independent
realizations. In each realization, a network is first gener-
ated withN = 400 nodes uniformly distributed in a circle
of radiusRo = 200 m. A network topology is then gener-
ated according to (4) withm = 2 anddo = 55 m. At the
outset (i.e., prior to tracking) a set of baseρij ’s are com-
puted for the entire network by applying the LN algorithm
of Sec. 4.1.2 for20 iterations. Next, a source-motion sam-
ple path is generated by placing the source at the origin of
the network and using model (1) to generate a trajectory.
Throughout the simulations we use SNR= σ2

s/σ2
β = 55.6

dB, and employ a detection threshold,σ2
T , of 20 dB. This

threshold yields ACNs with (detecting) nodes within ap-
proximately a60 m radius from the source location. Prior
to running the distributed algorithm (17) on any given set
of snapshot data, the baseρij ’s (computed at the outset on
the whole network) are refined for 5 iterations by applying
the LN algorithm on the current ACN. The distributed algo-
rithm (17) is then applied withc = 0.6 for ko = 20 itera-
tions to approximateZn(t) in (2) at each node in the ACN.
Finally, e(t) in (1) is modeled throughout as an AR(3) pro-
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Fig. 2. MSE comparison of centralized and decentralized
localization and tracking algorithms forσv = 2 m/s,σa =
0.1 m/s2, andTs = 1 s.
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Fig. 3. MSE performance of distributed tracking algorithms
for various values ofTs, for σv = 2 m/s andσa = 0.1 m/s2.

cess. Fig. 2 depicts the simulated MSE performance of cen-
tralized and decentralized tracking algorithms in the case
that σv = 2 m/s, σa = 0.1 m/s2, and Ts = 1 s. As
the figure suggests, the distributed tracking algorithms pro-
vide effectively the same MSE performance as their central-
ized counterparts, using a small number of iterations for ini-
tialization and distributed computation. Furthermore, dis-
tributed tracking yields a gain of approx.4 dB with respect
to the associated distributed snapshot estimation algorithm.
Finally, we note that the tracking algorithm MSE perfor-
mance is in close agreement with the MSE performance pre-
dicted by the(1, 1) entry of the LHS of (7d).

Fig. 3 shows the MSE performance of the proposed al-
gorithms as a function of the snapshot rate, whenσv = 2
m/s andσa = 0.1 m/s2. In particular, the successively lower
curves show the simulated MSE of the distributed tracking
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Fig. 4. MSE performance of distributed tracking algorithms
asσv andσa are varied, while keepingTs = 1 s.

algorithms forTs = 0.5, 1, and2 s, respectively. As the fig-
ure suggests, in this example, increasing the snapshot rate
by a factor of 2 reduces the MSE by approx.1.5 dB.

Fig. 4 shows the MSE performance of the distributed
tracking algorithms as the source speed and acceleration pa-
rameters are varied, with snapshots taken at rate of 1 mea-
surement/s per sensor. As the figure reveals, increasingσa

by a factor of 2 while keepingσv unchanged results in in-
creasing the steady-state MSE by0.5 dB, while increasing
σv by a factor of 2 while keepingσa unchanged does not
appreciably affect the steady-state MSE performance.
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