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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
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decorrelated sequences is presented and applied on a partic- H
ular distributed architecture where each processor receives Global Processor
measurements from only one sensor.

1. Introduction S = sensor P =local processor

The ability to track multiple targets in cluttered envi- Fig. 1: Distributed sensor fusion architecture.

ronments is needed in many applications such as militaryone of the major issues is accounting for the correlation be-
surveillance, air traffic control, and mobile robots. Develop- wyeen different local processor estimates for a common tar-
ment of fusion algorithms assuming a centralized processingyet [1, 4]. Although the measurement errors are independent
architecture shows that tracking performance can improveacross sensors, the local track estimates are correlated among
significantly when using multiple sensog.[While central-  |ocal processors because of the common process noises in the
ized _fu5|on yields better perfqrmance, dlstrlbu_ted processingarget dynamics. To appropriately account for this correla-
architectures are more practical due to considerations suclon in the estimation process, the cross covariances between
as reliability, survivability, communication bandwidth, and  gifferent track estimates must be computed. Because the cal-
computational resources,[9, 1(]. However, the merging  cyjation of these cross covariances is quite involved and not
of state estimates is more difficult in distributed tracking due practical, other approaches to distributed fusion are usually
to the loss of information inherent in forming the track esti- necessary. If the local processors are employing Kalman fil-
mates at the local processors. _ ters and the covariance estimates from these filters are pro-
The general distributed fusion architecture of Fig.  yjged to the global processor as part of the track information,
consists of several local processors and one global ProCe€Shen optimal estimates can be formed without computing the
sor. Eaph local processor independently track.S targets Inross covariances’]. However, this approach is applicable
its surveillance region with its own sensors and implementsg |y for filtering without including any data association al-
centralized algorithms for tracking targets in clutter such as gorithm.
Nearest Neighbor (NN)J], Joint Probabilistic Data Associ- For a particular distributed architecture where each lo-
ation (JPDA) [], or Mixture Reduction (MR) §, 11]. The  ca| processor has a single sensor supplying it measurement
target state estimates from each local processor are passed {ata, the measurement reconstruction approatiof the
a global processor and possibly other local processors. Atonstruction of trackletsé[ 7] can bypass the correlation
the global processor, a distributed fusion algorithm employspr0b|em by providing reconstructed measurements or track-
track fusion to combine the local tracks to form global tracks |gts for the global processor. The major advantages of the
of targets in the entire surveillance region. tracklet approach are that its statistics are known and easier
. Compared with using measurement fusion in a central-to compute, and its errors are independent among each other.
ized architecture, using track fusion at the global proces-| jke track estimates, tracklets consist of target state vectors
sor of a distributed architecture is a more complex problem. anq their corresponding error covariance matrices. Tracklets
*This work was supported in part by the Office of Naval Research (Grant 81€ passe(_j to the global processor, where they serve as mea-
N00014-02-1-0136) and a University of Colorado Faculty Fellowship. surement inputs to a Kalman filter. The tracklet approach is
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implemented to remove cross correlation between local andst (k|k — 1) = H* (k) P*(k|k — 1)(Ht(/€))/+ RY(k). (2.7)
global target estimates. Tracklets are constructed so that their _ _
errors are not cross correlated with those of any other data inlhe state estimate and error covariance updates are

the system for the same target. ot ot ¢ ¢
= -1+ K 2.
Several techniques to formulate tracklets have been in- xt(k|k) @ (k| . ) +t (k)l: (k) (2.8)
troduced §, 7]. One method that has a similar behavior with ' (klk) = [I — K'(k)H" (k)] P*(k|k — 1) (2.9)
the measurement reconstruction appro&glis[the decorre- Kt(k) = Pt(k|k — 1) (Ht(k))' (St (kK 1)]71 (2.10)

lation of state estimates. Because the errors of decorrelated
sequences are independent, the distributed fusion architeayvhere K (k) is the Kalman gain. Once the target state and
ture overcomes the correlation problem and can use a centrakovariance estimates have been updated, they are fed back
ized fusion algorithm for each processing stage. The decorinto the algorithm and the process is repeated for the new
related sequence method allows the global processor to usgeasurements at the next time step.
the same processing algorithm to obtain the global estimates  When tracking in cluttered environments and the origin
of targets as does the measurement reconstruction method. of measurements is not known, a data association algorithm
Though previous work has demonstrated how to con-such as the JPDA3] method is needed. Clutter refers to
struct the decorrelated sequencgs/], the development has  detections or returns from nearby objects, clouds, electro-
thus far been only for tracking in environments without clut- magnetic interference, acoustic anomalies, false alarms,
ter with specific fusion architectures. This paper explores theetc These additional detections lead to the occurrence of
statistics of the decorrelated sequences when a data assogieveral measurements in the validation region of each target.
ation algorithm such as JPDA is employed. Further, an al-A common mathematical model for such interference is a
gorithm for ensuring that the sequences remain uncorrelatediniform distribution in the measurement space. In the JPDA
even in cluttered environments will be developed and evalu-algorithm, the combined measurement

ated. mp
This paper is organized as follows. The Kalman filter (k) = Zﬁ?(k;)zj(k) (2.11)
and JPDA algorithm are reviewed in Sectign The char- =0

acteristics of decorrelated sequences and their construction
process for tracking non-interacting targets in clutter areis used in 2.5) wherez; (k) is the jth measurement at time
described in SectioB. The process of decorrelation when . 3j(k) is the probability thatz; (k) is the measurement
tracking interacting targets is presented in SectiorSec-  originating from target, andm, is the number of gated
tion 5 describes the integration of the methods of Sectibns Measurements at time. j = 0 denotes the possibility
and 4 to obtain an overall decorrelation algorithm for that there are no target originated measurements, with
tracking interacting targets in cluttered environments, and?o(k) = 2°(k | k — 1). The updated state covariance is
Section§ explains the g!obal_ filteriqg process. Finally, Pt(k|k) = B4 (k)P (k|k — 1)
concluding remarks are given in Section .

+ [1 - Bi(k)] PC (k|k) + P(k)

2. Kalman Filter and JPDA - B . . .
Suppose the target and measurement dynamics are P (klk) = [I - K (k) H (k)} P (klk —1) (2.12)
determined by known matrices' (k), G*(k), andH' (k) as

2t (k) = FH(k)z(k — 1) + Gt(k)w'(k) (2.1
(k) = HY(k)a (k) + vt (k) (2.2)

mg

P(k) = Kt(k){z B35 (k) (k) (v; (k)

’

. . —vi(k) (V'(k)) ¢ (K'(K)) .
where 2*(k) and z*(k) are the state and measurement of
targett, respectively, at théth time interval. w®(k) and

vt(k) are independent Gaussian random noise vectors with 3. Decorrelated State Estimates

N[0,Q%(k)] and N[0, R!(k)] distributions, respectively. The decorrelated process is achieved as depicted in

The predicted state and measurement are Fig. 2, by removing correlation between afysequences to
Flk—1) = FR)#k—1k-1), (2.3) form the uncorrelat(_aq sequences. Ifthg input sequences have
. o statistics that are jointly normal distributions, the Gauss-
Z(klk—1) = H(k)2"(klk —1), (2.4) Markov theorem can be used to describe this decorrelation

and VHk) = k) — HU(R)a(kk—1)  (2.5) process [7]. When tracking a single target in environments

without clutter, thes@ correlated inputs are usually the pre-
is known as the innovation. The covariance of the state anddicted and updated state estimates of the target, and their
the innovation predictions are statistics are jointly normal distributions. In contrast, the
Pt(klk — 1) = Ft(k)P'(k — 1]k — 1)(Ft(k))/ statistics of.the'predicted and u.pdated target state estimates
, when tracking in cluttered environments are mixtures be-
+ GH(k)Q (k) (G'(k)) (2.6)  tween jointly normal distributions from actual measurements



o (klk =1 — >T 1 These assumptions hold if the coefficient of the true state
a(klk —1) c(k) o (klk = 1) x(k) vanishes. Therefore, we must have
L (k|k) + ¥ y(k) B(k) =1 —C(k). (3.7)
— _——

Fig. 2: Using channel model analysis, two correlated input signals Using 3.7), 7(k) in (3.6) can be rewritten as
are converted into uncorrelated outputs. (k) = (k[k) — C(k)a(klk — 1). (3.8)
and uniform distributions from clutter. However, the decor- L

relation process is still applicable for both tracking environ-
ments if the cross correlation between thimput sequences Y (k) = P(k|k) — cov[z(k|k), &(k|k — 1)] C" (k)

is correctly determined. . .
For single target tracking, the cross correlation between — C(k)covz(k|k), &(klk —1)]

)
The error covariances gf k) can be computed as
)

local and global tracks can be removed by compensating the + C(k)P(k|k — l)C'(k). (3.9)
local target estimates. This decorrelated state estip{@te . .
is computed as 7]: To determineC(k), we enforce thaty(k) is uncorrelated
with &(k|k — 1):
y(k) = 2(k|k) — C (k)@ (k|k — 1) (3.1) ) o
- covy(k), a(klk — 1)] = E {5(k)& (klk — 1) }
C(k) = P(k|k)P~"(k|k — 1) (3.2)
Y (k) = P(k|k) — P(k|k)P~ (k|k — 1)P(k|k)  (3.3) =E {:f(k\k)f (k|k — 1)} —C(k)P(klk —1) =0,

or
wherez (k|k) and(k|k — 1) are local updated and predicted

target state estimates with corresponding error covariances

P(k|k) and P(k|k — 1), respectively.C(k) is a decorrela- . . . ~ N

tion matrix andY (k) is the corresponding covariance ma- Where covi(k[k), i(klk —1)] = E {x(k:|k)x (Klk — 1)}-

trix of y(k). The errors ofy(k) are not cross correlated with In order to compute the cross covariancer¢f|k) and

the estimation errors of the corresponding track of the global#(k|k — 1), cov[Z(k|k), Z(k|k — 1)], we consider updated

processor. state estimate$(k|k) derived from environments with and
Several observations can be made based on the propewithout clutter.

ties of the decorrelated sequengg). First, y(k) is also . .

uncorrelated with updated estirr;!;(atzas of the (pr)evious time 3-2. Environments without Clutter

cov[z(k|k), &(klk — 1)] = C(k)P(k|k — 1) (3.10)

#(k — 1)k — 1), sinced(k|k — 1) = F(k)z(k — 1|k — 1). Only the actual measurement, which is used in the
Also, the decorrelated sequendegk)} are uncorrelated to ~ Kalman filter as outlined in.3) — (2.10 in Section2, con-
each other, or cdy(¢), y(n)] = 0 for £ # n. tributes to the updated estimates when there is no clutter

present. It can be shown that
3.1. Constructions R )

In this section, we show that the decorrelated state es- cov[z(k[k), £(k[k — 1)] = P(k|k). (3.11)
timatesy(k) can be constructed from the updated estimates - . : .
#(k|k) and predicted states(k|k — 1) such thaty(k) and é“%sfg%téﬁpﬁfeg (']:) Svt(s) to determineC'(k) and using
Z(k|k — 1) are uncorrelated. The derivations begin by ex- *
pressingy (k) in terms of the true state(k) and the error C(k) = P(klk)P~ (k|k — 1) (3.12)

g(k): B(k)=1I— P(kl)P ' (klk—1).  (3.13)
y(k) = 2(k|k) — C(k)a(klk — 1) (3.4a)

= B (k) — §(k), (3.4b) Now using @.17), (3.12), and ¢.13 in (3.9), we have
Y (k) = P(klk) — C(k)P(k|k) = B(k)P(k|k). (3.14)
where
S — L 1) g 3.3. Environments with Clutter
§k) = Bk)a(k) + C(R)(klk — 1) = (klk). (35) We initially assume the targets are non-interacting,

Using the estimate errorg(k|k) = z(k) — (k|k) and  so the algorithm tracks each target individually and the

Z(k|k — 1) = 2(k) — &(k|k — 1), we have undesirable measurements constitute random interference
for each target. Led;(k) be the event that;(k) originates
g(k) = [B(k) + C(k) — INz(k) + z(k|k) from a target. Denote(k) = {zj(k)};"jl as the set of
— C(k)&(k|k — 1). (3.6) measurements in the target’s validation region at timend
zk = {2(1),...,2(k)} as the collection of measurements

We also assume that all of the errors have zero meanup to timek. A combined measurement is computed as
E{y(k)} =0, E{z(klk)} =0, andE {z(k|k — 1)} = 0. in (2.1 and used in calculating the innovation if.%)



as outlined for the JPDA algorithm in Sectich The
covariance oft(k|k) and( kng —1)is

cov[i(k|k), &(k[k — 1)] Z@ VE{ [o(k) — & (k|F)

wmm—@ww—ln|@@»2}
=T +To +T5+Ty. (3.15)

Since we can expreagk) in terms of the estimate and error
based on evert; (k) asxz(k) = &;(k|k) + &, (k|k),

Z@ E{a(k)z ()] 0;(k), 2* |

—Z@ VB {&; (k|k) (k[k) + & (k| k)2 (k[ )

wwwwmwmmmwwwmﬁ}

Because we assume th&t{z;(k|k)} = 0, the second and
third terms vanish. Consequently, we obtain

Zﬁ] [xj (k|k)i (k\k)+Pj(k|k)} (3.16)

where  P;(k|k) 2 E{/jj(k\k)j;-(k\kﬂ 9j(k),2k} for
j=0,1,...,m,. Whenj =0, Zo(k|k) = 2(k|k — 1) and
Py(k|lk) = P(k|k —1). Forj = 1,2,...,my, we have
P;(k|k) = P (k|k) whereP¢ (k|k) is as defined inZ.12).
Thus, 3.16 becomes

=ﬂo() (klk — 1) + [1 = Bo(k)] P (k|k)
+Zﬁ] [mj kIk)&; (k|k)] (3.17)

Similarly, we can obtaifs, T3, andT, as

my

== 3 A) E {a(k)a (klk —1)] 0;(k), 2}

= —x(k|k) (klk —1) (3.18)
Z@ B {a(klk)a’ (k)] 6;(k), 2* |
= *x(k“{:) "(k|k) (3.19)

an@ VB {a(kIk)a' (k| - 1)] 0;(k), 2}

- :v(k|k:)x (k|k —1) = —Tp. (3.20)

Now, substitute .17 — (3.20 in (3.1, and after some
cancelations, we obtain

cov[i(k|k), &(k|k — 1)]
= Bo(k)P(klk — 1) + [1 — Bo(k)] PC (k|k) + P(k)
2 P(k|k) (3.21)

A Measurements
® Predicted Measurements

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 targetsandn.

wherePC (k|k) and P(k) are defined inZ.12).

Note that P(k|k) represents the covariances between
Z(k|k) and &(k|k — 1) for environments with and without
clutter. However, their computations are different as shown
in (2.9 and (.21), respectively. In either case, we can
determine a decorrelated matriX(k) by using @.9) or
(3.2D) in (3.10 to obtain

C(k) = P(k|k)P~ 1 (k|k —1). (3.22)

Since bothP(k|k) and P~!(k|k — 1) are computed in the
filtering process, the computation 6fk) 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 by targets. Consequently, these shared mea-
surements affect the estimates of all involved targets. For



simplicity, we will first investigate the effect of the cross- " " t KPR
target correlation of an individual measurement in an over- Ry Z/B )| (K"(F) - (4.3)
lapping gate region. In Fig3, there are3 measurements in

the surveillance region, but only the (k) measurement is Now, we can extend Fig to the general case where
gated by both targets (targetandn). more measurements are gated by both targets /£t k)

Let 0%(k) denote the event that measurementk)  pe the set of measurements that are gated by both targets
originates from target; and let3! = P {6%(k)| Z*} be the ok

i H t
probability of the event being true, where the associationg andn attimek. Sincei’(k|k) = Zﬁ k|k the

of any measurement to clutter is denoted witk- 0. The
cross correlation between targétandn based on the; (k)
measurement can be defined as

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

RY™( Z B (k) " (k) (4.4)
Y™ (k) 2 B {@(klk) (& (klk)) | 2* ]
T

t(k) EQ [25(k|k — 1) — KX (k)ve(k
t:OﬁJ( : {[ " : (k)3 8] af’”(k)éZﬁf(k B35 (k)35 (k). (4.5)

&kl = 1) = K" (k)wp (k)] | 61(K), 2"
The sums are over those indicgsvherez; (k) € U*"™(k),
and the effect of the shared measurements between targets
, ¢ andn due to the association from targeis denoted as
since £ {a(klk— 1) (&"(klk — 1)) | 64(k), 2} = 0,  af™(k). Since0 < fi(k) < 1, al™(k) < 1 for all
the correlatlonRﬁ’"( ) simplifies to t =0,1,...,T. Thus, theR" "(k)_ matrix may be negligi-
ble compared to the error covariancB$(k|k) or P"(k|k)
of the state updates of either targets.

54(/4)15{1/‘?(1@) 4.2. Constructions
t=0 In this section, we describe the process to construct
/ , decorrelated sequences from two correlated estimates of dif-
(Vi (k) | 05(K), Zk} (K"(k)) . (41) 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.

Define the mean of; (k) associated with targetas Suppose that the two interacting targets are targetsd
n. The construction can be described as
y (k) = & (k|k) — CO" (k)2" (k[k) (4.6)

e £ B {z(k)| 05(k), 2"} . ——
where superscripts represent target identities. The ma-

T
5 trix C%"(k) denotes the decorrelation coefficient be-
= (k|k—=1) fort=0,
= T;Z | ) tween targets! and n. We can also writey‘(k) as
Sk-1)  fort=12...T. v'(k) = B'(k)a'(k) + B (k)" (k) — §(k), where the

errorg’ (k) is
§*(k) = B'(k)a' (k) + B" (k)" (k) — y" (k)

The expectation of4.1) can be simplified as _ [Bf(k) _ I] (k) + [B”(k:) + Oe,n(k)] 2" (k)
F (klk) — O (k)E" (kk) (4.7)
IV OEY {Vf(k) (V;'L(k))/ | 65 (K), Zk} whereit (k|k) = xt(k) — &*(k|k) for t = ¢ or n. Since we

assume that all errors have zero means, the coefficients of
x*(k) andz™ (k) must vanish. Thus,

BYk)=1 and B"(k)=—-C""(k). (4.8)

= S*(klk — 1) + [2°(k[k — 1) — pu]
E (K~ 1) — ] (4.2)

Using (.9), the errorj‘(k) in (4.7) can be rewritten as
Substituting ¢.2) in (4.1), we have 7'(k) = ' (k|k) — Co™(k)z™(k|k). To computeC*™(k),



we enforcey’ (k) and:™ (k|k) to be uncorrelated to obtain global level will yield the global target estimateas, (k|k)

Chn (k) = RU™Mk) (P™(k|k)) ", (4.9) and corresponding covariancB$ (k|k).
and the error covariance gf* (k) is then 7. Con(_?|lJ_S|0n and Future work _
/ The characteristics of decorrelated state estimates have
Y(k) = P*(k|k) — C“™ (k) (R*"™(k)) . (4.10)  been investigated when tracking interacting targets in clut-
tered environments. The uncorrelated property of these se-
5. Overall Decorrelated Process guences allows distributed fusion algorithms to use them as

We can now incorporate the decorrelation processes deMeasurements at the global processor, where existing cen-
scribed in Sectiong and 4 such that the decorrelated se- tralized fusion algorithms such as the JPDA filter can thus be
quence is uncorrelated with both previous state estimates anfS€d- The construction of these decorrelated state estimates
information from interactina taraets. The algorithm to con- '€ MOVeS correlation from previous state estimates as well as

tructu’ (k) f o 9 I kg 1' d Agn ATt correlation due to other interacting targets from the current
structy(k) from &°(k|k), & ( [k — 1), and{2" (k[k)},—, updated estimates when tracking multiple targets. Future
wheren # { can be summarized as work includes extending this approach for more general dis-
oy ok S ARV - tributed fusion architectures as well as simulation evaluation

y (k) = 2" (klk) = C (k)2 (klk — 1) and comparison of this approach with other distributed fu-

T . sion algorithms.
— > CUM(k)a"(k|k) (5.1)
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