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Abstract
This paper develops a process to construct decorrelated

state estimates when tracking in cluttered environments
using a distributed fusion architecture. This construction
removes correlation with previous state estimates from the
current updates in order to use the updates as measurements
in the Kalman filter at the global processor. The effects of
correlation with other interacting targets are also investigated
for multiple target tracking. The algorithm to construct the
decorrelated sequences is presented and applied on a partic-
ular distributed architecture where each processor receives
measurements from only one sensor.

1. Introduction
The ability to track multiple targets in cluttered envi-

ronments is needed in many applications such as military
surveillance, air traffic control, and mobile robots. Develop-
ment of fusion algorithms assuming a centralized processing
architecture shows that tracking performance can improve
significantly when using multiple sensors [8]. While central-
ized fusion yields better performance, distributed processing
architectures are more practical due to considerations such
as reliability, survivability, communication bandwidth, and
computational resources [5, 9, 10]. However, the merging
of state estimates is more difficult in distributed tracking due
to the loss of information inherent in forming the track esti-
mates at the local processors.

The general distributed fusion architecture of Fig.1
consists of several local processors and one global proces-
sor. Each local processor independently tracks targets in
its surveillance region with its own sensors and implements
centralized algorithms for tracking targets in clutter such as
Nearest Neighbor (NN) [3], Joint Probabilistic Data Associ-
ation (JPDA) [3], or Mixture Reduction (MR) [8, 11]. The
target state estimates from each local processor are passed to
a global processor and possibly other local processors. At
the global processor, a distributed fusion algorithm employs
track fusion to combine the local tracks to form global tracks
of targets in the entire surveillance region.

Compared with using measurement fusion in a central-
ized architecture, using track fusion at the global proces-
sor of a distributed architecture is a more complex problem.
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Fig. 1: Distributed sensor fusion architecture.

One of the major issues is accounting for the correlation be-
tween different local processor estimates for a common tar-
get [1, 4]. Although the measurement errors are independent
across sensors, the local track estimates are correlated among
local processors because of the common process noises in the
target dynamics. To appropriately account for this correla-
tion in the estimation process, the cross covariances between
different track estimates must be computed. Because the cal-
culation of these cross covariances is quite involved and not
practical, other approaches to distributed fusion are usually
necessary. If the local processors are employing Kalman fil-
ters and the covariance estimates from these filters are pro-
vided to the global processor as part of the track information,
then optimal estimates can be formed without computing the
cross covariances [2]. However, this approach is applicable
only for filtering without including any data association al-
gorithm.

For a particular distributed architecture where each lo-
cal processor has a single sensor supplying it measurement
data, the measurement reconstruction approach [9] or the
construction of tracklets [6, 7] can bypass the correlation
problem by providing reconstructed measurements or track-
lets for the global processor. The major advantages of the
tracklet approach are that its statistics are known and easier
to compute, and its errors are independent among each other.
Like track estimates, tracklets consist of target state vectors
and their corresponding error covariance matrices. Tracklets
are passed to the global processor, where they serve as mea-
surement inputs to a Kalman filter. The tracklet approach is
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implemented to remove cross correlation between local and
global target estimates. Tracklets are constructed so that their
errors are not cross correlated with those of any other data in
the system for the same target.

Several techniques to formulate tracklets have been in-
troduced [6, 7]. One method that has a similar behavior with
the measurement reconstruction approach [9] is the decorre-
lation of state estimates. Because the errors of decorrelated
sequences are independent, the distributed fusion architec-
ture overcomes the correlation problem and can use a central-
ized fusion algorithm for each processing stage. The decor-
related sequence method allows the global processor to use
the same processing algorithm to obtain the global estimates
of targets as does the measurement reconstruction method.

Though previous work has demonstrated how to con-
struct the decorrelated sequences [6, 7], the development has
thus far been only for tracking in environments without clut-
ter with specific fusion architectures. This paper explores the
statistics of the decorrelated sequences when a data associ-
ation algorithm such as JPDA is employed. Further, an al-
gorithm for ensuring that the sequences remain uncorrelated
even in cluttered environments will be developed and evalu-
ated.

This paper is organized as follows. The Kalman filter
and JPDA algorithm are reviewed in Section2. The char-
acteristics of decorrelated sequences and their construction
process for tracking non-interacting targets in clutter are
described in Section3. The process of decorrelation when
tracking interacting targets is presented in Section4. Sec-
tion 5 describes the integration of the methods of Sections3
and 4 to obtain an overall decorrelation algorithm for
tracking interacting targets in cluttered environments, and
Section 6 explains the global filtering process. Finally,
concluding remarks are given in Section7.

2. Kalman Filter and JPDA
Suppose the target and measurement dynamics are

determined by known matricesF t(k),Gt(k), andHt(k) as

xt(k) = F t(k)xt(k − 1) +Gt(k)wt(k) (2.1)

zt(k) = Ht(k)xt(k) + vt(k) (2.2)

wherext(k) and zt(k) are the state and measurement of
target t, respectively, at thekth time interval. wt(k) and
vt(k) are independent Gaussian random noise vectors with
N [0, Qt(k)] and N [0, Rt(k)] distributions, respectively.
The predicted state and measurement are

x̂t(k|k − 1) = F t(k)x̂t(k − 1|k − 1), (2.3)

ẑt(k|k − 1) = Ht(k)x̂t(k|k − 1), (2.4)
and

νt(k) = zt(k)−Ht(k)x̂t(k|k − 1) (2.5)

is known as the innovation. The covariance of the state and
the innovation predictions are

P t(k|k − 1) = F t(k)P t(k − 1|k − 1)
(
F t(k)

)′
+Gt(k)Qt(k)

(
Gt(k)

)′
(2.6)

St(k|k − 1) = Ht(k)P t(k|k − 1)
(
Ht(k)

)′
+Rt(k). (2.7)

The state estimate and error covariance updates are

x̂t(k|k) = x̂t(k|k − 1) +Kt(k)νt(k) (2.8)

P t(k|k) =
[
I −Kt(k)Ht(k)

]
P t(k|k − 1) (2.9)

Kt(k) = P t(k|k − 1)
(
Ht(k)

)′[
St(k|k − 1)

]−1
(2.10)

whereKt(k) is the Kalman gain. Once the target state and
covariance estimates have been updated, they are fed back
into the algorithm and the process is repeated for the new
measurements at the next time step.

When tracking in cluttered environments and the origin
of measurements is not known, a data association algorithm
such as the JPDA [3] method is needed. Clutter refers to
detections or returns from nearby objects, clouds, electro-
magnetic interference, acoustic anomalies, false alarms,
etc. These additional detections lead to the occurrence of
several measurements in the validation region of each target.
A common mathematical model for such interference is a
uniform distribution in the measurement space. In the JPDA
algorithm, the combined measurement

zt(k) =
mk∑
j=0

βtj(k)zj(k) (2.11)

is used in (2.5) wherezj(k) is thejth measurement at time
k, βtj(k) is the probability thatzj(k) is the measurement
originating from targett, andmk is the number of gated
measurements at timek. j = 0 denotes the possibility
that there are no target originated measurements, with
z0(k) = ẑt(k | k − 1). The updated state covariance is

P t(k|k) = βt0(k)P t(k|k − 1)

+
[
1− βt0(k)

]
PC(k|k) + P̃ (k)

PC(k|k) =
[
I −Kt(k)Ht(k)

]
P t(k|k − 1) (2.12)

P̃ (k) = Kt(k)

{
mk∑
j=1

βtj(k)νtj(k)
(
νtj(k)

)′
− νt(k)

(
νt(k)

)′}(
Kt(k)

)′
.

3. Decorrelated State Estimates
The decorrelated process is achieved as depicted in

Fig. 2, by removing correlation between any2 sequences to
form the uncorrelated sequences. If the input sequences have
statistics that are jointly normal distributions, the Gauss-
Markov theorem can be used to describe this decorrelation
process [12]. When tracking a single target in environments
without clutter, these2 correlated inputs are usually the pre-
dicted and updated state estimates of the target, and their
statistics are jointly normal distributions. In contrast, the
statistics of the predicted and updated target state estimates
when tracking in cluttered environments are mixtures be-
tween jointly normal distributions from actual measurements
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Fig. 2: Using channel model analysis, two correlated input signals
are converted into uncorrelated outputs.

and uniform distributions from clutter. However, the decor-
relation process is still applicable for both tracking environ-
ments if the cross correlation between the2 input sequences
is correctly determined.

For single target tracking, the cross correlation between
local and global tracks can be removed by compensating the
local target estimates. This decorrelated state estimatey(k)
is computed as [6, 7]:

y(k) = x̂(k|k)− C(k)x̂(k|k − 1) (3.1)

C(k) = P (k|k)P−1(k|k − 1) (3.2)

Y (k) = P (k|k)− P (k|k)P−1(k|k − 1)P (k|k) (3.3)

wherex̂(k|k) andx̂(k|k−1) are local updated and predicted
target state estimates with corresponding error covariances
P (k|k) andP (k|k − 1), respectively.C(k) is a decorrela-
tion matrix andY (k) is the corresponding covariance ma-
trix of y(k). The errors ofy(k) are not cross correlated with
the estimation errors of the corresponding track of the global
processor.

Several observations can be made based on the proper-
ties of the decorrelated sequencey(k). First, y(k) is also
uncorrelated with updated estimates of the previous time,
x̂(k − 1|k − 1), sincex̂(k|k − 1) = F (k)x̂(k − 1|k − 1).
Also, the decorrelated sequences{y(k)} are uncorrelated to
each other, or cov[y(`), y(n)] = 0 for ` 6= n.

3.1. Constructions
In this section, we show that the decorrelated state es-

timatesy(k) can be constructed from the updated estimates
x̂(k|k) and predicted stateŝx(k|k − 1) such thaty(k) and
x̂(k|k − 1) are uncorrelated. The derivations begin by ex-
pressingy(k) in terms of the true statex(k) and the error
ỹ(k):

y(k) = x̂(k|k)− C(k)x̂(k|k − 1) (3.4a)

= B(k)x(k)− ỹ(k), (3.4b)

where

ỹ(k) = B(k)x(k) + C(k)x̂(k|k − 1)− x̂(k|k). (3.5)

Using the estimate errors̃x(k|k) = x(k) − x̂(k|k) and
x̃(k|k − 1) = x(k)− x̂(k|k − 1), we have

ỹ(k) = [B(k) + C(k)− I]x(k) + x̃(k|k)
− C(k)x̃(k|k − 1). (3.6)

We also assume that all of the errors have zero mean,
E {ỹ(k)} = 0, E {x̃(k|k)} = 0, andE {x̃(k|k − 1)} = 0.

These assumptions hold if the coefficient of the true state
x(k) vanishes. Therefore, we must have

B(k) = I − C(k). (3.7)

Using (3.7), ỹ(k) in (3.6) can be rewritten as

ỹ(k) = x̃(k|k)− C(k)x̃(k|k − 1). (3.8)

The error covariances ofy(k) can be computed as

Y (k) = P (k|k)− cov[x̂(k|k), x̂(k|k − 1)]C
′
(k)

− C(k)cov[x̂(k|k), x̂(k|k − 1)]

+ C(k)P (k|k − 1)C
′
(k). (3.9)

To determineC(k), we enforce thaty(k) is uncorrelated
with x̂(k|k − 1):

cov[y(k), x̂(k|k − 1)] = E
{
ỹ(k)x̃

′
(k|k − 1)

}
= E

{
x̃(k|k)x̃

′
(k|k − 1)

}
− C(k)P (k|k − 1) = 0,

or

cov[x̂(k|k), x̂(k|k − 1)] = C(k)P (k|k − 1) (3.10)

where cov[x̂(k|k), x̂(k|k − 1)] , E
{
x̃(k|k)x̃

′
(k|k − 1)

}
.

In order to compute the cross covariance ofx̂(k|k) and
x̂(k|k − 1), cov[x̂(k|k), x̂(k|k − 1)], we consider updated
state estimateŝx(k|k) derived from environments with and
without clutter.

3.2. Environments without Clutter
Only the actual measurement, which is used in the

Kalman filter as outlined in (2.3) – (2.10) in Section2, con-
tributes to the updated estimates when there is no clutter
present. It can be shown that

cov[x̂(k|k), x̂(k|k − 1)] = P (k|k). (3.11)

Substituting (3.11) in (3.10) to determineC(k) and using
(3.7) to computeB(k) gives

C(k) = P (k|k)P−1(k|k − 1) (3.12)

B(k) = I − P (k|k)P−1(k|k − 1). (3.13)

Now using (3.11), (3.12), and (3.13) in (3.9), we have

Y (k) = P (k|k)− C(k)P (k|k) = B(k)P (k|k). (3.14)

3.3. Environments with Clutter
We initially assume the targets are non-interacting,

so the algorithm tracks each target individually and the
undesirable measurements constitute random interference
for each target. Letθj(k) be the event thatzj(k) originates
from a target. Denotez(k) = {zj(k)}mkj=1 as the set of
measurements in the target’s validation region at timek, and
Zk = {z(1), . . . , z(k)} as the collection of measurements
up to time k. A combined measurement is computed as
in (2.11) and used in calculating the innovation in (2.5)



as outlined for the JPDA algorithm in Section2. The
covariance of̂x(k|k) andx̂(k|k − 1) is

cov[x̂(k|k), x̂(k|k − 1)] =
mk∑
j=0

βj(k)E
{

[x(k)− x̂(k|k)]

· [x(k)− x̂(k|k − 1)]
′
| θj(k),Zk

}
= T1 + T2 + T3 + T4. (3.15)

Since we can expressx(k) in terms of the estimate and error
based on eventθj(k) asx(k) = x̂j(k|k) + x̃j(k|k),

T1 =
mk∑
j=0

βj(k)E
{
x(k)x

′
(k)| θj(k),Zk

}
=

mk∑
j=0

βj(k)E
{
x̂j(k|k)x̂

′

j(k|k) + x̂j(k|k)x̃
′

j(k|k)

+ x̃j(k|k)x̂
′

j(k|k) + x̃j(k|k)x̃
′

j(k|k)| θj(k),Zk
}
.

Because we assume thatE {x̃j(k|k)} = 0, the second and
third terms vanish. Consequently, we obtain

T1 =
mk∑
j=0

βj(k)
[
x̂j(k|k)x̂

′

j(k|k) + Pj(k|k)
]

(3.16)

where Pj(k|k) , E
{
x̃j(k|k)x̃

′

j(k|k)| θj(k),Zk
}

for

j = 0, 1, . . . ,mk. Whenj = 0, x̂0(k|k) = x̂(k|k − 1) and
P0(k|k) = P (k|k − 1). For j = 1, 2, . . . ,mk, we have
Pj(k|k) = PC(k|k) wherePC(k|k) is as defined in (2.12).
Thus, (3.16) becomes

T1 = β0(k)P (k|k − 1) + [1− β0(k)]PC(k|k)

+
mk∑
j=0

βj(k)
[
x̂j(k|k)x̂

′

j(k|k)
]
. (3.17)

Similarly, we can obtainT2, T3, andT4 as

T2 = −
mk∑
j=0

βj(k)E
{
x(k)x̂

′
(k|k − 1)| θj(k),Zk

}
= −x̂(k|k)x̂

′
(k|k − 1) (3.18)

T3 = −
mk∑
j=0

βj(k)E
{
x̂(k|k)x

′
(k)| θj(k),Zk

}
= −x̂(k|k)x̂

′
(k|k) (3.19)

T4 =
mk∑
j=0

βj(k)E
{
x̂(k|k)x̂

′
(k|k − 1)| θj(k),Zk

}
= x̂(k|k)x̂

′
(k|k − 1) = −T2. (3.20)

Now, substitute (3.17) – (3.20) in (3.15), and after some
cancelations, we obtain

cov[x̂(k|k), x̂(k|k − 1)]

= β0(k)P (k|k − 1) + [1− β0(k)]PC(k|k) + P̃ (k)

, P (k|k) (3.21)

Predicted Measurements

Measurements

ẑ`(k|k − 1) z2(k) ẑn(k|k − 1)

z3(k)
z1(k)

Fig. 3: Tracking multiple targets in the same vicinity may cause
overlapping validation regions and create sharing of measurements.
Here,z2(k) is gated by both targets̀andn.

wherePC(k|k) andP̃ (k) are defined in (2.12).
Note thatP (k|k) represents the covariances between

x̂(k|k) and x̂(k|k − 1) for environments with and without
clutter. However, their computations are different as shown
in (2.9) and (3.21), respectively. In either case, we can
determine a decorrelated matrixC(k) by using (2.9) or
(3.21) in (3.10) to obtain

C(k) = P (k|k)P−1(k|k − 1). (3.22)

Since bothP (k|k) andP−1(k|k − 1) are computed in the
filtering process, the computation ofC(k) is easily obtained
and does not significantly increase the complexity of the
algorithm.

4. Interacting Targets
Up to this point, the decorrelation process only accounts

for correlations from one particular target, or self correla-
tions. While the JPDA filter can track multiple targets, thus
far, our construction of these decorrelated sequences assumes
that validation regions for different targets do not overlap.
However, this assumption is not practical in general, since
overlapping regions can easily occur in dense target environ-
ments. Recall that the JPDA algorithm associates the origins
of the measurements to either targets or undesirable clutter.
Consequently, target estimates that have overlapping valida-
tion regions may share some of the same measurements and
hence are correlated with each other.

This section focuses on how to remove this cross-target
correlation from the decorrelated sequences, and it is orga-
nized into two parts. The cross-target correlations and their
effects between interfering targets are first investigated, and
then the algorithm to construct the decorrelated sequences is
presented.

4.1. Cross-Target Correlations
In the JPDA filter, each gated measurement contributes

to the final estimate of a target. When multiple targets are in
close vicinity of each other, several common measurements
may be gated byT targets. Consequently, these shared mea-
surements affect the estimates of all involved targets. For



simplicity, we will first investigate the effect of the cross-
target correlation of an individual measurement in an over-
lapping gate region. In Fig.3, there are3 measurements in
the surveillance region, but only thez2(k) measurement is
gated by both targets (targets` andn).

Let θtj(k) denote the event that measurementzj(k)
originates from targett; and letβtj , P

{
θtj(k)| Zk

}
be the

probability of the event being true, where the association
of any measurement to clutter is denoted witht = 0. The
cross correlation between targets` andn based on thezj(k)
measurement can be defined as

R`,nj (k) , E
{
x̃`j(k|k)

(
x̃nj (k|k)

)′
| Zk

}
=

T∑
t=0

βtj(k)E
{[
x̃`(k|k − 1)−K`(k)ν`j (k)

]
·
[
x̃n(k|k − 1)−Kn(k)νnj (k)

]′
| θtj(k), Zk

}
.

Since E
{
x̃`(k|k − 1) (x̃n(k|k − 1))

′
| θtj(k), Zk

}
= 0,

the correlationR`,nj (k) simplifies to

R`,nj (k) = K`(k)

[
T∑
t=0

βtj(k)E
{
ν`j (k)

·
(
νnj (k)

)′
| θtj(k), Zk

}]
(Kn(k))

′
. (4.1)

Define the mean ofzj(k) associated with targett as

µt , E
{
zj(k)| θtj(k), Zk

}
=


1
T

T∑
t=1

ẑt(k|k − 1) for t = 0,

ẑt(k|k − 1) for t = 1, 2, . . . , T .

The expectation of (4.1) can be simplified as

Γ`,nt (k) , E
{
ν`j (k)

(
νnj (k)

)′
| θtj(k), Zk

}
= St(k|k − 1) +

[
ẑ`(k|k − 1)− µt

]
· [ẑn(k|k − 1)− µt]

′
. (4.2)

Substituting (4.2) in (4.1), we have

R`,nj (k) = K`(k)

[
T∑
t=0

βtj(k)Γ`,nt (k)

]
(Kn(k))

′
. (4.3)

Now, we can extend Fig.3 to the general case where
more measurements are gated by both targets. LetU`,n(k)
be the set of measurements that are gated by both targets

` andn at timek. Sincex̂t(k|k) =
mk∑
j=0

βtj(k)x̂tj(k|k), the

total effect of the shared measurements on the cross-target
correlation is

R`,n(k) =
∑
j

β`j(k)βnj (k)R`,nj (k) (4.4)

= K`(k)

[
T∑
t=0

α`,nt (k)Γ`,nt (k)

]
(Kn(k))

′

α`,nt (k) ,
∑
j

β`j(k)βnj (k)βtj(k). (4.5)

The sums are over those indicesj wherezj(k) ∈ U`,n(k),
and the effect of the shared measurements between targets
` andn due to the association from targett is denoted as
α`,nt (k). Since 0 ≤ βtj(k) ≤ 1, α`,nt (k) � 1 for all
t = 0, 1, . . . , T . Thus, theR`,n(k) matrix may be negligi-
ble compared to the error covariancesP `(k|k) or Pn(k|k)
of the state updates of either targets.

4.2. Constructions
In this section, we describe the process to construct

decorrelated sequences from two correlated estimates of dif-
ferent targets. The cross-target correlations between targets
must be removed when the measurement validation regions
are overlapping so that the decorrelated sequences are com-
pletely independent.

Suppose that the two interacting targets are targets` and
n. The construction can be described as

y`(k) = x̂`(k|k)− C`,n(k)x̂n(k|k) (4.6)

where superscripts represent target identities. The ma-
trix C`,n(k) denotes the decorrelation coefficient be-
tween targets` and n. We can also writey`(k) as
y`(k) = B`(k)x`(k) + Bn(k)xn(k) − ỹ`(k), where the
error ỹ`(k) is

ỹ`(k) = B`(k)x`(k) +Bn(k)xn(k)− y`(k)

=
[
B`(k)− I

]
x`(k) +

[
Bn(k) + C`,n(k)

]
xn(k)

+ x̃`(k|k)− C`,n(k)x̃n(k|k) (4.7)

wherex̃t(k|k) = xt(k) − x̂t(k|k) for t = ` or n. Since we
assume that all errors have zero means, the coefficients of
x`(k) andxn(k) must vanish. Thus,

B`(k) = I and Bn(k) = −C`,n(k). (4.8)

Using (4.8), the errorỹ`(k) in (4.7) can be rewritten as
ỹ`(k) = x̃`(k|k) − C`,n(k)x̃n(k|k). To computeC`,n(k),



we enforcey`(k) andx̂n(k|k) to be uncorrelated to obtain

C`,n(k) = R`,n(k) (Pn(k|k))−1
, (4.9)

and the error covariance ofym(k) is then

Y `(k) = P `(k|k)− C`,n(k)
(
R`,n(k)

)′
. (4.10)

5. Overall Decorrelated Process
We can now incorporate the decorrelation processes de-

scribed in Sections3 and 4 such that the decorrelated se-
quence is uncorrelated with both previous state estimates and
information from interacting targets. The algorithm to con-
structy`(k) from x̂`(k|k), x̂`(k|k − 1), and{x̂n(k|k)}Tn=1

wheren 6= ` can be summarized as

y`(k) = x`(k|k)− C`,`(k)x̂`(k|k − 1)

−
T∑

n=1,n 6=`

C`,n(k)x̂n(k|k) (5.1)

C`,n(k) =

{
P `(k|k)

[
P `(k|k − 1)

]−1
, n = `,

R`,n(k) [Pn(k|k)]−1
, n 6= `

(5.2)

B`,n(k) =

{
I − C`,`(k), n = `,

−C`,n(k), n 6= `
(5.3)

Y `(k) = B`,`(k)P `(k|k)

+
T∑

n=1,n 6=`

B`,n(k)
(
R`,n(k)

)′
. (5.4)

The derivations of the above algorithm follow similar
procedures as discussed in Sections3 and4.

6. Filtering Process at Global Level
Suppose that the distributed fusion architecture of Fig.1

consists ofN processors at the local level, where each lo-
cal processor receives measurements from a single sensor in
order to maintain target tracks. If the JPDA filter is imple-
mented at the local level, each processor will send decorre-
lated sequencesy`p(k), its covariancesY `p (k), and its corre-
sponding measurement matricesB`p(k) for m = 1, . . . , T
andp = 1, . . . , N to the communication network of the sys-
tem.

To maintain the same implementation at the global
processor of the data association and filtering algorithm as at
the local level, each decorrelated sequencey`p(k) is treated
as a measurementzG,j(k) at the global processor. Further,
its covariancesY `p (k) replace the sensor noise covariances
RG,j(k), and B`p(k) takes the role of the measurement
dynamicsHG,j(k). In other words, the JPDA filter for the
global level uses the following substitutions

zG,j(k)⇐ y`p(k), RG,j(k)⇐ Y `p (k), HG,j(k)⇐ B`p(k)

whereB`p(k) =
T∑
n=1

B`,np (k), and j denotes the index of

measurements at the global processor. The JPDA filter at the

global level will yield the global target estimateŝx`G(k|k)
and corresponding covariancesP `G(k|k).

7. Conclusion and Future work
The characteristics of decorrelated state estimates have

been investigated when tracking interacting targets in clut-
tered environments. The uncorrelated property of these se-
quences allows distributed fusion algorithms to use them as
measurements at the global processor, where existing cen-
tralized fusion algorithms such as the JPDA filter can thus be
used. The construction of these decorrelated state estimates
removes correlation from previous state estimates as well as
correlation due to other interacting targets from the current
updated estimates when tracking multiple targets. Future
work includes extending this approach for more general dis-
tributed fusion architectures as well as simulation evaluation
and comparison of this approach with other distributed fu-
sion algorithms.
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