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Abstract — Fusing out-of-sequence information is a prob-
lem of growing importance due to an increased reliance on
networked sensors embedded in complicated network ar-
chitectures. The problem of fusing out-of-sequence mea-
surements (OOSM) has received some attention in litera-
ture; however, most practical fusion systems, owing to com-
patibility with legacy sensors and limited communication
bandwidth, send track information instead of raw measure-
ments to the fusion node. Delays introduced by the net-
work can result in the reception of out-of-sequence tracks
{OOST). This paper considers the problem of fusing out-of-
sequence measurements in general, and proposes an opti-
mal Bayesian solution invelving a joint probability density
of current and past target states, referred to as augmented
states. By representing tracks using equivalent measure-
ments, the relationship berween OOSM and OOST-based
Jusion is shown. The special case of Gaussian statistics is
also addressed.

Keywords: Out-of-Sequence  Information, Out-of-
Sequence Measurements, Out-of-Sequence  Tracks,
Equivalent Measurements, Track Fusion, OOSI, OOSM,
OOST.

1 Imtroduction

It is well known that optimal target state estimates may
be found by combining measurements from each of the
contributing sensors in a distributed network [1]. How-
ever, most such networks communicate tracks rather than
measurements owing to the prior existence of embedded
trackers, and prohibitive communications bandwidths that
favour summaries of measurements, rather than the mea-
surements themselves. Equivalent measurements derived
from track information forms such a summary of measure-
ments. )

Equivalent measurements, their use and methods of ex-
traction from track estimates are discussed extensively by
Blackman and Popoli [2], Frenkel [3] and Drummond [4],
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however, its Bayesian underpinnings are not considered in
their efforts. Frenkel [3] demonstrates that the equivalent
measurements remove all cross correlations between sensor
level tracks and the central fused tracks, enabling them to
be treated as normal sensor measurements with white mea-
surement noise, Drummond [4] uses equivalent measure-
ments to deal with the complex cross-correlations involved
in track fusion when global tracks are fed back to sensor
level tracks. However, Frenkel and Drummond did not ex-
tend the use of equivalent measurements beyond the track
fusion problem, nor did they provide any Bayesian founda-
tions for their use. In [5], Okello and Challa present the £rst
use of equivalent measurements to the registration problem
and show their Bayesian foundation in [6].

Transmissions over a complex network may result in the
reception of data out of sequence; that is, there may be
no guarantee that data are received in the order they have
originated. This out-of-sequence data fusion problem has
been addressed in the case of measurements, for exam-
ple [7, 8, 9]; however, it is poorly understood for out-of-
sequence tracks (OOST). This paper addresses this prob-
lem with equivalent measurements in an optimal augmented
state framework. This implicitly compensates for the cor-
relation between associated tracks, Section 2 formulates
the Bayesian solution to the out-of-sequence information
{OOSI) problem, Section 3 formulates track-to-track fusion
and the equivalent measurement approach, Section 4 de-
scribes the augmented state approach with OOST, Section 5
has a simulated example of OOST fusion and conclusions
are drawn in Section 6.

2 Bayesian Solution to the OOSI
Problem

Let z{t;) be the target state at time ¢, Y (7) be the set
of sensor measurements {y1(7),- - -, yn(7)} from n sensors
cormresponding to time 1, Yl-k be the measurement sequence
up to time k for sensor i and Y* = {Y¥,- -+, Y%} be the set



of sensor measurement sequences received from all sensors
up to time ¢. )

Having processed all the measurements Y'*, the complete
information about the target state z(¢) is described in the
probability density function p(z{tx)|Y*). The OOSI prob-
lem arises as a consequence of receiving information repre-
senting a measurement set Y (7) at time ¢, that corresponds
to time 7 < t. This may be in the form of measurements or
tracks. The solution to this OOSI problem seeks to update
pla(te) [Y*) to obtain p(z(t)[Y*, ¥ (7).

One of the recent approaches [7} to solve this problem as-
sumes that the measurement delay is less than one sampling
period, i.e., 8,1 £ T < tg. This approach, although pre-
sented from a non-Bayesian point of view is Firmly rooted
in the Bayesian logic. The solution to the OOSM problem
requires the conditional density p(z(¢x )Y (7}, Y'*). Using
Bayes’ theorem, we have,

plz(te), Y (1)[Y)
p(Y(r)|Y¥)
This approach considers only target originated measure-
ments, thus Y'(7) can be replaced by y(r). Using the re-
sults in [10], the Bayesian solution can be shown to be a
Gaussian density if z(2;) and y(r) are Gaussian distributed

with mean

p(te)|Y (7),Y*) = (M

(txir k) = B(tute) + PryPyy (y(7) — (7)) (@
and covariance _
P(tkh',k) = P:::J: - nyPy_yl-Py:c 3)

where

Prz = E|(z(tk) — #(tep))(e(te) — 2tu)) Y] = Pg{;

Py = El(y(r) = §(0)u(r) = )T IY*] = S 5)
Pey = E(z(t)—5(tux)) @(r)~ () TIY*] = Py, (6)
where the backward predicted measurement is expressed as

§(r) = H, Frpp[2(tyn) —Qu(T)HT 875 (w(te) =g (trik-1))]
M

In this expression, H, is the observation matrix at time T,

F, i is the system backward transition matrix! from # to

7, the last term, which is ignored in [2, 11, 8], accounts for

the effect of process noise (with covariance Qx{7)) on the

estimate Z(txx ).

The cross covariance Py, in (6) is given by

Py = [Pklk - Prﬁ]FﬁkHE ®)

where

Py

Cov{z(te), wi(7)|Y*}
Qi () — Plteje—s)HT S7 (tx) Hr Pltin—1)

1 Although 7 represents time, it also is used to indicate corresponding
time index whenever no confusion arises.
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The Y-algorithm, as pointed out in [7], requires storage
of the last innovation and can be interpreted as a type of
non-standard smoothing.

When at time #;, multiple delayed measurements corre-
sponding to known previous times, are received, the prob-
lem of updating the current state using these delayed mea-
surements is called the OOSM problem with maltiple de-
lays. Mallick et. al [8] addressed this problem as sum-
marized below and is referred to as the M-algorithm. The
M-algorithm, proposed in [8, 12], extends the Y-algorithm,
in an approximate way, to account-for multiple delays. The
key idea of this approach is (o determine the cross covari-
ance of (6) for each delayed measurement and at each time
interval, By expressing the delayed measurement y(7) as a
function of the current state z(t), the multiple lag OOSM
problem can be solved by computing the cross covariance
Pyy in a recursive manner for each time delayed measure-
ment. For example, when the delay time 7 is more than n
sampling intervals, we have

sz[n = _Mk—n+1Q(k —-n+lLkk—n+1, k)
n
- Y M i1 QUi—i+1L,k—ik—i+ LE)
i=1
9)
where
M : = Bk-l 7:= 1
17 CkCle10 0 Chmip2Br—i41, 1=2,--+,1n
(10
B;=I-K;H; (11)
Ci = 'E?‘l'--Fi-lli (12)

and the covariance of process noise

RQlk—i+1L,k—4Gk—1+1,k)
=BE{wk-i+1L,k—6k—i+1)
xwl(k—i4+1,k—ik—i+1)}
Clearly, in the calculation of the covariance in (9}, one
needs to evaluate the process noise from the time when
measurement delay occurs to the current time and all time
steps in between. One also has to evaluate all corresponding
Filter gains.

Alternatively, the Bayes’ theorem can be applied in a
slightly different manner starting with

p(Y(r)|e(ts), Y*) p((t)|YF)
p(Y(7)]Y*) '
(13)

Considering the numerator of (13) and introducing the tar-
get state at time 7, z(7),

p(Y (7)), Y) plz(te)|YF)
f p(Y (7), 2(r)|a(t), Y*) plz(te) Y *) dz(r)

plz(te)[Y*, Y (1)) =



[ o miatr), 20, Yoptatriaten), v*)
X pla(t)|Y*) da(r).
Since

p(@(r), z(tx)|Y)
pla(r)lz(tn), Y*) pz ()Y F),

we have

p(Y (T (te), Y ¥ )p(z ()Y )
= [o(iar),2(es), Y*) pla(r), alte) V) dotr).
(14
Substituting (14) back into (13) yiclds

pla(te) Y5, Y (7))
_ Jp(Y{n)la(r), z(te), Y*) p(a(7), 2(t)[Y*) da(r)
p(Y (DIY*)
_ /’ p(Y (7)|z(r), 2(tx ), Y*) pla(r), 2(tx) V)
p(Y ()[Y¥)

dz(T).
Using the inverse form of Bayes’ rule

PEIY®, Y(r)) = fp(xm,x(tknw,Y(ﬂ)dx(f).
' (15)

1t is thus clear that solving the OOST problem involves con-
sideration of the joint density of the current target state and
the target state corresponding to the delayed information.
In contrast, the Y-algorithm and M-algorithm needs to eval-
uate the past process noise from the time when measure-
ment delay occurs to the current time and all time steps in
between and the corresponding Filter gains. Thus, in all de-
layed data algorithms, some form of past information and
its correlation with the current information is needed. In the
joint density of current and past states approach proposed
in this paper, this information is implicitly present, while
it is explicitly calculated in Y-algorithm and M-algorithms.
Moreover, joint density approach enjoys signigicant advan-
tages of smoothing that come for free while handling the
delayed data and can be easily extended to clutter scenarios
while the other techniques cannot.

Gengralizing (15), the OOST problem involving multi-
ple delays can be stated as follows: Let the delayed mea-
surements- received at time t; be denoted by Y(r) =
{Y(n),Y(r2), -+, Y(74)}, where 1, < .,V i €
{1,---,d} and 74 is the time corresponding to the maxi-
mum time delay. Then the solution to the QOSI problem is -
to determine the density

pla(t Y, Y (1))
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]:.r(n) '[-5("'2)...-/:‘r(rd)p(m(tk)’x(ﬁ)’I(T2)’

s w{rafY R, Y (7)) dz(r) da(m) - - da(ra),
(16)

which indicates that, in general, the solution involves a
Bayes recursion for the joint probability density of an aug-

mented state vector X = {z7 (), 27 (r1),--- ,IT(Td)]T,
ie.,

p(ote), 2(n1), 2(ra), -+, 2(a) Y, Y (7))
p(kuYk,Y(T)).

an
Consider a discrete time system where
T =1tk-1,T2 = k2, -, Tg = tg—g.
Then, by Bayes rule,
plz(tk), z(tx-1), - - 2(tx-a)|Y ¥, Y (7))
SRV ()la(te), 2(ta ), 2lte-a), ¥*)
x p(z(te), 2(te-1), -+ 2(te-a) [V F) (18)

for a normalizing constant §.
Denoting [z7 (), -+, =7 (tx—a)]7 as X¢, the Bayes re-
cursion for (18) becomes

POXEIYA,Y (7)) = 2 p(¥ (1), Y4) p(KEYS). (19)

If the two densities on the right hand side of (19) are Gaus-
sian, then the posterior density on the left hand side of
(19) is also Gaussian and the solution reduces to a standard
Kalman Filter with an angmented state [13). Equation (19)
assumes that the measurement Y () is available along with
a measurement likelihood function. However, as pointed
out earlier, tracks rather than measurements are available.
In asuch a case, OOST fusion can be addressed using an
augmented state approach in conjunction with the consid-
eration of equivalent measurements. Such an approach is
based on the standard track-to-track fusion using equiva-
lent measurements and a review of this is considered in the
next section.

3 Track-to-Track Fusion and Equiv-

alent Measurements

Let z(ti) be the target state at time ¢, for a target that
is visible to two non-collocated sensors 1 and 2. If y;{tx)
is the sensor measurement from sensor ¢ = 1,2 at time £y,
then let Y¥ = {y:(j) : j = 1,...,k} be the set of sensor
measurements up to time t, generated by sensor ¢, At the
central location,

Pt ¥y, Y5)



p((t0) (1), y2(te), Y1, YY) |
ﬁp(yl(tkm(tk), YEY) p(ua(te) 2(te), YEL)

<V V) @
= g};ﬂ(yl (tk)|z(tk))p('y2(tk)|$(tk))
x pla(t)| YY) 2

where &7 is a normalizing constant and (21} follows from
(20) under the assumption of white measurement noise.
If the network has limited bandwidth such that only track
outputs p(z(tx)|YF), i = 1,2, rather that sensor outputs
p(yi(tediz(te)), ¢ = 1,2, can be transmitted to the fu-
sion center at each processing time ¢, then the fusion al-
gorithm must carry out track-to-track fusion based only on
p(z(te}|Y), i = 1,2. Atsensor i, we have

pe(te)|Y))
pla(te)lyte), YT)

%p(yi(tk)m))p(z(tk)mk-l), i=1,2,22)

where §; is a normalizing constant. Thus we have

p(w(te) V)
pla(ts) YY)

This equation together with equation (21) yields

pla(ty) Y, Y)
8162 p(z(t)|YF)

12 pl{te)|YF )
plate)[YS)

pl(t)| Y5 )

Thus, at each time i, the fusion center requires
the state estimate and state prediction from each sen-
sor. Assuming Gaussian distributions, p(z(t)|Y;* ") =
Nz(te); Zi(tex—1), Piltrip—1)] and  p(x(te)|Y)
Nlz(ti); Zi(tep), Pitepe)) at sensor ¢ = 1,2. The quo-
tient of probability density functions from sensor ¢, for
t = 1, 2, therefore takes the form

p!x(tk)|Yl-k ;

pz(t:}Y,77)

T
Kexp{—é [(z(m s (tm)) P ) (:e(m - fc.-(t.‘m)

Plui(tr)|z(te)) = 6 (23)

pla(te) YL YEL). 29)

I

- (st - fc.-(kUe—!))TP:’(k:k—n(z(t.a - a‘:iuﬂk—n)} }

i

KGXP{—% I:IT(tk) (P,‘_](tklk) - F,-_'(klk—l)) z(tx)

- 2:1"(:k)(f’,f‘(tk.k)e,r(t..m) - P.»'l(klk—l)ii(klk~1))
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+ X ten ) P (th )8 dtn)n) — ‘ii(klk_l)P;](klk_l)ii(klh_l)} }

It

Kexp{—% [zT(tk)A(tk Yz(te) — 2ITtik)b(tk) + ctx ):I }

T
Kexp{-% [(zm) - A"(mb(m) Ati)

(x(zk) - A(tk)“b(tk)) — Bt AT ()bt +cm)] } 5)

|27 Pi (ta 1) 3

where K = . Denoting
PLIIS]
wilte) =  ATH(R)2e)b(tk)
. -1
= I:Pi_l(tklk) - Piﬁl(tkfk—l):l
x [Pi—l(tklk)i'i(tklk) - Ps_l(tklk—l)ii(tkl"*l)](m
-1
U‘-(tk) o= A_l = [P‘A—l(tkp‘) - Pi_l(th[k—l)] L] (27)

(25) can be rewritten in the form

pla(te)|Y)

p(t)Y; )

Kexp{— : [(x(tk) - u.'(tk)) Tu:‘(t_k)(z(tk) - u.-(m)
- b%ee b AT (e )b(t) + cm)] }

- Klexp{—% [(z(tk) - ux‘(fk)) U )

x (ate) - u.-(:k))} }

- N(ui(tk);:c(tk), Ui(tk))

= plui(te)lz(tx)).

(28)

Hence,

T K
Er(%%i_)‘) o¢ plus(ti)l(t))
‘ (29)

The variable u;(f;) in ecuation (26) is the equivalent
measurement vector from sensor ¢ at time ¢ and U;(ty) in
(27) is its covariance matrix. These expressions are identi-
cal to the equivalent measurements derived by inverting the
Kalman £lter equations when H = I, i.e,, when the equiv-
alent measurements are expressed in state space variables
[3]. It may be noted that these equivalent measurements are
no longer correlated with cach other and the target state at

P(yi (t)|=(te)) o<



the fusion node. Hence they may be treated as conventional
measurements in a standard Kalman Filter.

Substituting equation (28) into (24), the probability den-
sity function at the fusion center takes the form

p(a(te)|YF, YY)

2
C %%’[H p(ui(tk)IfL‘(tk))]p(g;(tk)l}/lk—l’ Y )30)

1=1

This is the same as a centralized Kalman £lter with equiva-
lent measurements expressed in state space variables, L.e.,
u(te) = [uf (te), u (t)] T is the combined equivalent
measurement vector,

_ | thits) 0
Ulty) = [ 10k Us(t) :I

is the associated covariance matrix, and H = [I,1]" is the
measurement matrix, where [ is the identity matrix with di-
mension equal to that of the state vector. In other words,
#;(tx) can be expressed in terms of the standard measure-
ments equation

Sensor 1 Sensor 2
YF "
Tracker 1 Tracker 2
r-sample
delay
p(z(k)|Y}) pla(k =~ r)|YF")

Track Fusion

ple(R)YE, Yy T)

Figure 1: A distributed sensor fusion scenario.

cwi(te) = Tz(t) + ni(te) 3n
This is equivalent to x p(X(te) Y, Y
1
= = k—r)|X(t
wity)=[I 0 0 ] X(te)+[ m(te) 0 0]” 5P ()X (t))p(ua e — )X (t))
(32) x p(X(t) Y, Y377 G4
Thus . .
plus(te)lz(te)) = plus(te)iX(tr)) (33)  where 6* and 4 are normalizing constants. In obtaining the

Equation (32} is of great relevance to OOST problem using
equivalent measurements as shown in the next section.

4 Track-to-Track Fusion with OOST

To demonstrate the problem of track-to-track fusion with
QOST, we consider a two sensor case where the fusion is
done at sensor 1. Suppose the estimated track sequence
from sensor 2 has a random delay of r sampling intervals
compared to that of sensor 1 as shown in Figure 1. Track to
track fusion at the fusion center can be performed using the
augmented state approach as follows.

Let the augmented state at time ¢, at the fusion center be
X(tw) 2 [z(te), -, z(k ~ r)}T. Thus, the fusion problem
reduces to the problem of £nding a solution to the joint den-
sity p(z(te), -+ -, T(k — )Y, Y,F~"). Using Bayes’ rule,
we have

plz(te), -+ 2k =)V, 137
50 () 3k — r)IX(0), V)
x pX()VE, YY)

22001 (0) X ()Pl — )X ()
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last equation of (34), we use the result in (29). Under Gaus-
sian assumptions, a solution to (34) can be obtained using
the Augmented State Kalman Filter (ASKF) structure, pro-
posed in [9], at the fusion node.

Let Y(t;) = [ui(tx), uz(k — r)]7 be the set of equiv-
alent measurements received from the two sensors in the
network. The system dynamics involving the augmented
past states is given by

X(trt1)
Y(tx)

FpX(te) + W
HeX(tz) + Vi

(35)

where the system transition matrix is obtained as proposed
in [14]

F 0 -0
I 0 D

Fi= 0 0 (36)
¢ I 0

F is the system matrix of the standard (non-agumented)
system. The observation matrix is slightly different to that
used for the standard smoothing algorithms proposed in



[14] and is given by

H, 0 0
He=| ! 0 &)
0 e 0 Hk—r

The predicted density and the likelihood are given by
PX () Y1)

N(X(tr); X(thjp—1). Pris—1)

(38)
POYR|X(86), Y5 = N(Yi; HeX(teh-1), Sk)
(39)
where
K(tae-1) = FuX(te-156-1)
Prk—1) = FiPypp—1)F; + Q(tx)
and the updated density [13] is given by
PX(ER)Y*) = N(X(te); R(tg), Prg) - (40)
with mean and covariance
X(te) = Xtu-1) + KeYy 41)
Pep = (I-KiHg)Prp_y (42)
where the innovation is
Y=Y, - H X (ty-1) @3)
with covariance
Si = HyPyjp HY + Ry (44)
and Kalman gain matrix
Ky = Py HE S, ! 45

5 A Simulated Example of OOST Fu-

sion Problem

In our simulation, the scenario involves two local track
nodes and a central fusion node. The central fusion node
always receives track updates from Tracker 1 without defay
and from Tracker 2 with a delay of 3 time steps.

The root mean squared {(RMS) error is used to compare
the fusion performance in the following cases:

1. The fusion node receives tracks from both trackers
without delay.

2. The fusion node does not receive any tracks from
Tracker 2, i.e., it treats the delayed tracks as missed
information.
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3. The fusion node receives delayed tracks from Tracker
2 with appropriate time stamps.

The basic target model is described by a discrete time
system

zty) = r(tg—1) + ’t.)(tk) (46}

OO0 O
(== ]
o OO
—=~Noo

where T" = 1 is the sampling interval, v(t;) is a zero-mean
white Gaussian process noise with covariance

Cov{u(te)} = [ 9 (k) Ql?tk) ] @n
where . )
Qi(ty) = [ ;'ﬁg T:,{Z ]q,
with ¢ = 0.01.

The observation model for the sensors is given by

1 000 3

00 1 0 }:v(tk)+w,-(tk), i€ 1,2,
(48)

where w; is a zero-mean white Gaussian process with co-

variance

wuits) = |

1 ¢

Oov{wi(tk)}=R4=[0 1], ic1l,2.  (49)

An initial state (observed by sensor 1) is assumed to be

z(0) = [200 km, 0.5 km/s, 100km, —0.08km/s].  (50)

The two sensors are separated by about 100 kim.

An ASKF is formed at the central fusion node with »
states, where 7 = 4 and allows for a £xed time delay of
3 steps for sensor 2’s “equivalent measurements” while it
assumes no delay for sensor 1.

The target state estimate Z;(ty ) and its error covari-
ance P;(ty).) are obtained by each tracking node. These
are then converted into the equivalent measurements u;(t;,)
with variance U;(¢5,) using (26) and (27) at the local nodes
and are sent to the central fusion node (the ASKF).

The equivalent measurement sequences from the track-
ing nodes consist of both position and velocity components.
Thus, the measurement model required by the centralized
fusion node (35) is

[ uy (tk)
o X[

up(tr—r)
0 0 ‘nz(tk_r)

Hi
i o



RMS ERROA COMPARLSON FOR TRACK-TRACK FUSION
T * Trach Dolery 3 loge

=+ No Track Delays
- Track?

[1):} 4

08

Figure 2: RMS error comparison for an ASKF fusion of two
tracks when (1) there are no delays; (2) track 2 is missing;
(3) track 2 has a delay of 3 time steps.

where
1 000
0100
Hi=Ma=14 41 ¢
0001

and n; and ny are independent, zero mean, white noise pro-
cesses with covariances Uj (x) and U (i) _) respectively.

The system at fusion node is given by
2(tesy) F ¢ 0 0 z(tx) wity)

[ ot} _ [ I 0 0 0 :! |: 2(tx—1} }4’[ w(tx—-1) jl
ot 1) - 0 I o o0 T(tn_2} wlte—2)
T(tk—2) 0 0o I 0 z(th—3)} witk-3)

where F is given in (48).

The results from averaging 1000 Monte Carlo runs is
shown in Figure 2, Through this simulation, the following
observations can be made.

1. There is a signifcant performance gain when tracks
are fused, compared to the one obtained from only one
sensor and treating the delayed tracks as lost tracks.

2, The optimal fusion of a track that has been delayed by
three time steps with an up-to-date track gives a result
that is close to that obtained when there is zero delay.

6 Conclusions

The problem of fusing out-of-sequence or delayed track
information is considered in this paper. We have shown
that sclving the OOST problem involves consideration of
the joint density of the current target state and the target
state corresponding to the delayed information. In con-
trast, the Y-algorithm and M-algorithm needs to evaluate
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the past process noise from the time when measurement
delay occurs to the current time and all time steps in be-
tween and the corresponding Filter gains. Thus, in all de-
layed data algorithms, some form of past information and
its correlation with the current information is needed. In the
joint density of current and past states approach proposed in
this paper, this information is implicitly present, while it is
explicitly calculated in the Y-aigorithm and M-algorithms.
However, joint density approach enjoys signigicant benifts
of smoothing that come for free while handling the delayed
data and can be easily extended to clutter while the other
techniques cannot.

Using Bayesian logic we demonstrate that, in general,
track-to-track fusion can be solved using equivalent mea-
surements generated from individual sensor tracks. These
equivalent measurements are then vsed in an augmented
state framework to solve the problem. Simulation re-
sults for a simple two dimensional problem is presented
to demonstrate the results. We conclude that the aug-
mented state approach in conjunction with equivalent mea-
surements provides an effective way to solve the OOST fu-
sion problem.

7 Acknowledgements

The authors acknowledge Prof. Robin Evans and Dr.,
Nickens Okello for their insightful discussions. The authors
also wish to thank DSTO’s SSD division for supporting this
research under the TDFL agreement.

References

[1] Y. Bar-Shalom, and X.-R. Li. Multitarget-Multisensor
Tracking: Principles and Techniques, 1SSN (895-
9110, YBS Publishing, 1995.

[2] S. Blackman, and R. Popoli. Design and Analysis of
Modern Tracking Systems, Artech House, MA, 1999,

[3] G. Frenkel. “Multisensor tracking of balistic targets”,
in Proc. of SPIE, Vol. 2561, pp. 337-346, July 1995.

[4] O. Drummond. “Feedback in track fusion without
process noise”, in Proc. of SPIE, vol. 2561, no. 6, pp.
369-383, July 1995,

[5]1 N. Okello and 8. Challa. “Simultaneous registration
and track fusion for networked trackers”, in Proc, 4th
International Conf. on Information Fusion, Montreal,

Canada, Aug, 2001.

[6] N. Okello and S. Challa, “Joint sensor registration and
track-to-track fusion for distributed trackers”, Sublmt-

ted to JEEE Trans. AES, 2002.

[71 Y. Bar-Shalom. “Update with out-of-sequence mea-
surements in tracking: Exact solution”, Signal and

Data Processing of Small Targets 2000, Oliver E.



i8]

9]

(10]

[11]

[12]

[13]

[14}

Drummond, Ed., 2000, Proceedings of SPIE, Vol.
4080, pp. 541-556. :

M. Mallick, S. Coraluppi and C. Carthel. “Advances
in Asynchronous and Decentralized Estimation,” in
Proceedings of the 2001 IEEE Aerospace Conference,
Big Sky MT, March 2001.

S. Challa, R. Evans and X. Wang. “Target Tracking in
Clatter Using Time-Delayed Out-of-Sequence Mea-
surements”, In Proceedings of Defence Applications
of Signal Processing (DASP), July, 2002. .

Y. Bar-Shalom, and T. E. Fortmann. Tracking and
Data Association, Academic Press, 1988.

R. D. Hilton, D. A. Martin and W. D. Blair. “Tracking
with time delayed data in multisensor system”, Tech.
Rep., NSWCDD/TR-93/351, Dahlgren, VA, USA,
1993. '

M, Mallick, S. Coraluppi and Y. Bar-Shalom. “Com-
parison of Out-of-sequence Measurement Algorithms
in Multi-ptatform Target Tracking,” in Proceedings of
4th Annual Conference on Information Fusion, Vol.II,
pp- ThB1-11-18, Montreal, Quebec, Canada, August
2001.

Y. C. Ho and R. C. K. Lee. *“A Bayesian Ap-
proch to Problems in Stochastic Estimation and Con-
trol”, IEEE Trans. on Automatic Control, pp. 333-
339, 1964.

B. D. O. Anderson, and J. B. Moore. Optimal Filter-
ing, Prentice-Hall, NJ, 1979,

926



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 
	Intentional blank: This page is intentionally blank


