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Abstract — Most target tracking algorithms implic-
itly assume that target exists. There are only a few
techniques that address the target existence problem
along with target tracking. For ezample, (Integrated
Probabilistic Data Associetion) IPDA filter addresses
the targel tracking and target existence problems simul-
taneously and it does so under at most one target as-
sumption. In recent times random sets have been pro-
posed as a general framework for multiple target track-
ing problem. However, its relationship to well under-
stood eristing tracking algorithms like IPDA has not
been explored. In this paper, we show that under ap-
propriate conditions random sels provide appropriale
mathematical framework for solving the joint target ex-
istence and state estimation problem and subsequently
show that it results in IPDA under appropriate simpli-
fying assumplions.

Keywords: Tracking, filtering, estimation, random
sets, IPDA, IMMPDA, Target Existence

1 Introduction

Single Target tracking is usually treated as an esti-
mation problem with an implicit assumption that the
target exists [1]. A number of Bayesian approaches to
multiple target tracking have been proposed that ei-
ther assume the knowledge of the number of targets
is known (e.g., JPDA), or is bounded by a large:but
known mumber N [2, 3]. Techniques like MHT [4]
are not strictly Bayesian, however, their linkages to
Bayesian multi-target tracking has been explored re-
cently in [2] and {5]. ‘

In recent times random sets are proposed as a mech-
anism of developing methods for multi-target tracking
- by treating the number of targets as a random variable
along with the respective target states [6, 5]. Approxi-
mations to the random set based solutions in the form
of first and second order moments of the multi-target

densities have also been proposed [7]. However, realiza-
tion of random set based multi-target tracking filters
has proven to be extremely difficult.

One of the first techniques that addresses the issue
of target existence along with the estimation of target
states has been proposed almost a decade ago by Mu-
sicki and Evans {8]. In the terminology of random sets,
IPDA provides an approximate solution to a tracking
problem that considers a finite random set ' of tar-
get states whose only instantiations are I' = @ (i.e., no
targets are present) or I' = {z} (i.e., a single target is
present and has state x) where z is the random variable
representing the state of the target. The same problem
can also be solved in the framework proposed by Stone
{2] and Kastella [3} by assuming the maximum number
of targets present is large but fixed N. In this paper
we focus on establishing fundamental linkages between
random set formalism and the well known IPDA al-
gorithm. We derive the IPDA algorithm using the fi-
nite set statistics in the framework of random sets and
provide insights into the approximations of IPDA and
their significance in addressing the target existence is-
sue.

The paper is organized as follows. First we consider
the random set formalism in section 2 and obtain the
random set model for target existence and its motion
along with the associated transition density in section
3.2. We then obtain the random set model for sensor
measurements involving clutter and obtain the likeli-
hood function in section 3.3. We then consider the
Bayes update equation for obtaining posterior density
of the random set representing the target existence and
motion model in section 3.4. By imposing simplifying
assumptions, we go on to derive the IPDA algorithm
in section 4. Some insights are presented in section 5
and conclusions are drawn in section 6
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2 Random Set Formalism

Application of random set formalism to multiple ob-
ject target tracking requires the tools of Finite Set
Statistics (FISST). FISST generalizes point estimation
theory to finite set estimation [6]. FISST deals with the
difficulties associated with multi-source multi-object
tracking problems by directly extending the single sen-
sor, single target statistical calculus. The key to using
FISST is the concept of belief-mass. Belief mass func-
tions are non-additive generalizations of probability-

mass functions and are equivalent to probability mass

functions on certain abstract topological spaces. In
this paper, we use X; and Y for realizations of ran-
dom sets 'y, and Zg respectively.

The basic approach is as follows:

¢ Model the motion of the multi-target systems-us-
ing a randomly varying finite random set

T = ®(Xe—1, Vie1) U Be(Xp-1)

where @, (Xy ~ 1,V — 1) deals with the dynam-
ics of the existing targets (their persistence and
death) while Bg(-} deals with the process of tar-
get birth.

¢ Model the multi-sensor multi-target measurement
process as a randomly varying finite random set

Yr ZELUAk

where £}, models measurements due to targets and
Ay = Ap(1)U- - -UAR(M), where each Ax(j) mod-
els an individual clutter source, models measure-
ments due to clutter.

Once the target and measurement models are con-
structed, then the associated belief masses are obtained
as follows:

¢ The statistics of the finitely varying random state-
set [’y is described by its belief-mass function

By (81 Xe—1) =Pr(T% C 5) (1)

This is the total probability of finding all targets
inregion S at time &, if at time-step k-1, they had
a multi-target state X . If there is at most one
target, then it is the total probability of finding
one target, if present, in any region S.

- The statistics of the finitely varying random state-
set L is described by its belief-mass function

By (S | Xi) = Bryuan(S | Xi) = P(Z,UAL € 5)
(2)
This is is the total probability that all cbservations
in a sensor (or multi-sensor) scan will be found in
any given region S, if the target has state X,

By differentiating these belief-mass functions {General-
ized Radon-Nikodym theorem), one can obtain, Multi-
target Markov densities and Multi-target measurement
likelihoods [9]. As belief-mass functions are functions
of sets, the derivatives are set derivatives. Using FISST
one can obtain the derivatives of belief-mass functions
and hence the multi-target Markov densities and multi-
target likelihoods as follows:

¢ The multi-target Markov density is a set derivative
of the belief mass function fr, ., (S | Xz—1) and
can be represented as follows:

Jﬁrk:k—l (S I Xk—l)
86X,

Sepk—1( Xk | Xe—1) = (3)

¢ The multi-target measurement likelihood is a set
derivative of the belief-mass function 8z, (S | Xx)
of the corresponding sensor model and is given by

685, (5 1 X&)

fa(Ye | Xi) = 5,

@

These multi-target Markov transition densities and
likelihood functions can then be used in the standard
Bayesian nonlinear filtering equations to obtain a re-
cursive method for multi-target posterior density. The
general form of the Bayes' recursion is the same as
in the case of the single sensor, single target tracking
problem and is given by

Sun{ XY %) =
%fzk(YkIXk) X
/fk]k—l(Xlek—l)fk—uk—l(Xk—llyk_l)axk-—l

We will apply this formalism to solve a simple target
tracking problem with target existence uncertainty.

3 Bayesian Filter for Target
Tracking with Target Exis-
tence Uncertainty

3.1 Problem Description

Here we consider the single target tracking problem
with target existence uncertainty. In other words, we
wish to consider the problem where, if no targets are
present, in the scene, then this will continue to be the
case. If however, there is one target in the scene then
either this target will persist (with probability p,} or
it will vanish (with probability 1 — p,). Specifically,
we wish to determine if a target exists and if does, its
state. This problem, with at most one target as-
sumption, was first addressed in literature by Musicki
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and Evans [8) in 1994 almost in parallel to the intro-
duction of FISST by Mahler [10]. Musicki and Evans
[8], provide an approximate solution to this problem
under linear Gaussian assumptions and named their
techniques as IPDA. This simple target tracking prob-
lem has all the essential elements suitable for applying
Random set formalism.

In the terminology of random sets, we consider a fi-
nite random set T’ of target states whose only instan-
tiations are the single event X = @ (i.e., no targets are
present) or the infinitely numerous events X = {zx}
(i.e., a single target is present and has state zx) where
7y is the random variable representing the state of the
target. A sensor collects report originating from the
target with a probability of detection Pp and in ad-
dition, collects reports from clutter objects that are
uniformly distributed in space with probability of de-
tection Pra (i.e., probability of detection of clutter
sources). We denote measurement random set as Ly
and its instantiations as Yy where |Yi| = my, Le., at
time k, the sensor collects my measurements or re-
ports. The problem is to determine the best estimate
of the target state if it exists, given all the reports from
the sensor. To solve with problem, we first formulate
the motion and measurement models as illustrated in
section 2.

3.2 Random Set Model For Target Dy-
namics with Target Existence Un-
certainty

Random set motion models are usually described us-
ing
Tk = @p{Xk-1, Vi—1) U Be(Xk—1) (5}

where Bi(-) deals with the process of target birth.
For the problem under consideration Xz ;1 = 0 or
Xx_1 = {zx_1} (ie., there can be up to cne target
in the scene and there is no birth process) and define
the instantiations of 'y as

X.=0, Xy = {xk} (6)

where : -
¢ X, = b with probability pg =1~ py
¢ X; = {z} with probability p,

Since there is no birth process, the random set motion
model could be reduced to

Th = ©p(Xk—1,Vi1) (7)

without the birth process. This model encapsulates a
random set evolution, where, if no targets are present
in the scene then this will continue to be the case. If
however, there is one target in the scene then either

this target will persist (with probability p,) or it will
vanish {with probability 1 — p,). The dynamics de-
scribed by the random set ®x_.1(Xx—1) also covers tar-
get existence {persistence) as $x_1{Xx_1) can take on
the empty set as a value. The statistics of the finitely
varying random state-set 'y is described by its belief-
mass function

Brie-1(8 | Xx—1) =Pr(l'x € 5} (8)

This is the total probability of finding all targets in
region S at time k. If there is at most one target,
then it is the total probability of finding the target, if
present, in any region S.

If X, =0, 't can have only one (set) value, ie., @
(from the assumption that if the target does not exist
at time k — 1, then it will continue to be the case}, the
belief measure is given by

Brou, (S1) = Pr(l,=0C 9 =1 )

Writing this in terms of the density function, we have
88

(00 = (@) =1 10

fk|k 1( | ) 5{1_,“"1}(@) ( )

On the other band, if Xr_y = {zz_1}, then I'x can
take on two (set) values, {zz} or 9 with probabilities
Py and 1 — p, respectively. In such a case, the belief
measure can be calculated as follows:

»5r‘;,|a=_1 (S ! {mk—l}) =
Pr(Cr =0 C 8| {z&e—1})
+Pr(Tx = {x} € S | {zk—1})

= 1-p +Pu/P($kf$k—1)d$k
From equation {10) and (11) the complete Markov

transition density for at most one target scenario can
be written as

f@|e = 1 (11)
F@|{zx1}) = 1-py (12)
Fze} H{ze-1)} = poplzleea)  (13)

3.3 Random Set vModel for Sensor
Measurements in Clutter

Let Ex be the random set which models the obser-
vation set of a sensor which is a union of the random
set corresponding to the target £}, and the random set
corresponding to clutter Ag. First, let us consider the
case where there is no clutter,

If there are no clutter objects and if the target exists,

the possible realizations for £}, are

o ¥ = {yx} where y; is the measurement originat-
ing from the target and takes on any value yr € R
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o 0=

due to the fact that the sensor has nonzero probability
of detection. Due to the random detection process,
some times, even when the target exists, sensor does
not detect it. The statistics of this random set are
described by the belief measure fg; (S | X) = P(Z} €
§). The belief mass is the total probability that all
observations in a sensor (or multi-sensor) scan will be
found in any given region S, if the target has state
Xk = {:I:k}

By (S1Xk)
Pr(Z}, C Si{zx})
Pr{Z; = 0|{zx}) + Pr(Z}, # 8, =} € SH{z})

Assuming that the detection process and the measure-
ment process are independent and the probability of
detection Pp, we have

B (S]X) Pr(Z} = 0|{zs})
+Pr(Z), # 0{zx}) Pr(Z), € S{zx))
= (1 Pp)+ (Pppx; (S| {zc})

= 1-Pp+ Ppps; (S| {zs})

1l

(14)

Let us now take clutter and false alarms into account.
The typical observation set £ will have the general
form

Ty =54 U Ag (15)

Here X} is the random set of reports due to the tar-
get. It contains either one report or is the empty set
as described earlier. The subset Ay of observations, on
the other hand, models the clutter process. We assume
that clutter observations are generated by "clutter ob-
jects” whick can be modelled in the same way as the
targets of actual interest, but whose noise statistics
may differ from those of actual target objects.

For a clutter object, a zero probability of detection
means that the clutter object is never ohserved by the
sensor. Likewise, a unity probability of detection for
a clutter object means that the clutter object always
generates a spurious observation. Thus for a clutter
object, the probability of detection is Pr4 (also known
as the probability of false alarm). Hence the belief
measure of the random set of observations generated
by a clutter object is similar to the single target with
missed detections,

B8 =

for some probability measure p. with spacial density
c. It follows that the typical sensor observation-set Xy
will have the form X = £} U Ax where X} models the
target and Ay = Ag(1)U-- -UAR(M), where each Ar{¥)

1— Pra+ Prap.(S)

models an individual clutter source at time k. Assum-
ing that each Ax(j) has same probability measure pc
and probability of false alarm Pry4 and that the target
reports are independent of clutter, we have,

.32;; (S i Xk)
= P(T},A:CS)
= P3ELCS)PALCS)
= P(T, CSP(A(1) € S, ---A(M) C 5)
= P(Z, CSPAQ)C S).-- P(A(M)C 8)
= B (S| Xx)B(5)M
The derivative of this function will then give us the
global likelihood fs,(Y: | Xi). However, the belief
function is composed of a product of two belief func-

tions. Using the product rule of set derivatives, it can
be shown that

oo (Ve | Xi)

I

Ferua (e | Xi)
> (% | X fa(Ye - Zr)

ZxCY

(16)
The global density of the clutter process is
Fallrs-- o G} = nICun PRA(L=PRT M e(lr) - ‘c((fn)
17)

where Cpt,, gives the no. of combinations of n out
of M. If the clutter is assumed to be distributed uni-
formly in the surveillance volume V', then c(&) = 3.
Then the global density reduces to

1\" -
{6 6ol = () CounPRalt = BES)
(18)
If M is large and Pp 4 is small, then A may be approx-
imated by a Poission process. In that case, the global
density can be further simplified to
1 Ate
IaEsy o ) = il S

(19)

If there are m; measurements from clutter, and de-
noting fa(€1y. -, &my) by pe(my), the clutter density
becomes

1 Amke=A
pc(mk) = mk!__mG mk! (20)
This simplifies to
: 1 _
Pelmi) = T A™e (21)

Simple algebraic manipulation of the above equation
establishes the following result

Pl — 1) = pelmi) ¥ (22)
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Now the likelihood function from the target measure- Fupe(Xe|Yk) =
ment process is given by 1
A fo(YelXi) x
Be, (S1Xx) = PH{ZLCS) (23)

= Pr(Z,=0)+Pr(T, £8,5,€ 5) f Fute-r (Xl Xx-1) fimrpp-r (Xa-1 Y7106 X0
= 1-Pp+ Ppps, (S| {zx})

= %f}:(ykixk){fkﬂc—l(Xk—llw)fkv].[kAl(wlYk_l)+
= O] X+ fs P} | X)

j Sape-1(Xiel{zre—1 Nh e 1({zs—t JYE? )ka-1}

Which implies that the likelihood function is given by (28)
F®|Xx) = 1-Pp, (24) The posterior density fyx(Xx | Y*) has the form in
a k _ - .1
fw} | Xx) = B—PDPE’(S | {zx}) fk|k(@ LY™) posterior probability
{vx} that no targets are present
= Ppp(ys|zr) (25) Fuw({zx} | Y*) = posterior probability
The overall likelihood function when the target exists, of one target with state zp
ie., when Xy = {x}, is obtained by substituting (21}, . - -
(29, and (2?)) in{( fg) and i given ll()y ing (21) Fue(Xk | YF), is a probability density in a sense that
oY | Xe) ffk1k(Xk | Y*)sx
= fo@| Xe)fa (1), - ve{me) b1 .
3 o ® | X fan (% — (i) = Fae®1 V%) + 37 [ funClond | ¥5) =129

ma First let us focus on fye({zx} | YF) =

= po(mi)(1— Pp) + pe(mx—_1) (PD z;a(yk(mm)) 1 -
: = Fe(Yalen) i1 {2eHO fiorp-2 BY ™)

= pelmx) (1 - Pp+ % zkp(y(i)]x)) +‘i—fZ(Yk|$k)

) x | Frie- o1 D feomk-1{{ze_1} | YL
We used the result in (22) to obtain the last step. .[ sk (fort | {zes i} | )

When the target does not exist, i.e., when X = {0}, ;
- the the typical observation set £ will have the genferz.l = E'E(Z—k) (1 - Pp+ E—’f\—v Ep(yk(i)[-’ck))
form i
Tp =Ty Uk (26) (0+ P f p(zx | z;:-l)p(]mk—llY""l)dmk-l)
However, unlike the case where the target exists, 3},
takes only one value, ie., &, = {0}. Then it is eas _ Pe(mi)py PV )
to verify zhat the lik,eliho,od ’;vill }{m‘}ze no contributioi - A (1 ~Pot Y Zp(yk(%)hk))
from the target and it is equal to
x j plzx | Zo-1)p(@a—2 [V dzi (30)
e l®) = feoa(Yel®) 27)
1 Amee=X - Tt is evident from equation (29) that
= fan(Ye [0) = mylorome—mry :
. ¢ fan@1 Y9 =1 [ fuelld 1Y) @D
= Amke_A
_ v Thus by deriving posterior for fik({zx} | Y*), we
= pe(m) can simultaneously get the posterior for fiu (0 | Y*).
where the cardinality of set Y = mx. Equations {30) and (31) form the Bayesian filtering
equations for the problem of single target tracking with
3.4 Bayes Update : track existence uncertainty. The posterior probability

The general form of the Bayes’ recursion is the same of target existence (persistence) is given by:

as in the case of the single sensor, single target tracking .
problem and is given by pu(posterior) = / Foe({ze} | Y5) (32)
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In the next section, we will show that under linear
Gaussian assumptions, one can derive IPDA.

4 Derivation of IPDA Filter

Integrated Probabilistic Data Association (IPDA)
filter, proposed in [8], is derived based on the work
of PDAF [11] by introducing the concept of track ex-
istence. However, we develop the same filter from the
random set formalism by approximating (30) and (31)
and introducing a Markov chain model for the evo-
lution of target persistence. The random set target
motion model in {7) encapsulates a model of random
set evolution, where, if no targets are present in the
scene then this will continue to be the case. If how-
ever, there is one target in the scene then either this
target will persist {with probability p,) or it will van-
ish {(with probability 1 — p,). These probabilities are
defined as as probabilities of target persistence in [9].
These parameters can be directly related to target ex-
istence Markov chain used in IPDA [8]. Both existence
and persistence model the same thing, i.e., if the tar-
get is not present then it will continue to be case and
if the target is present then it will continue to be so
~with finite probability. From this point of view, there
is no difference between, the target existence probabil-
ity defined in (8] and the target persistence probability
Py in {9]. In IPDA, a Markov chain model is used to
evolve the target existence {persistence} probability be-
tween sensor measurement times. In the original work
of IPDA [8], two separate Markov chains were proposed
- Markov chain 1 and Markov chain 2. Markov chain
2 deals with observability issue along with the target
existence (persistence). Here, we focus only on the
Matkov chain 1. Owing to this Markov model, all the
equations containing track existence probability term
in section (3), must replace the static probability of
track existence p, to a dynamic probability of track
existence prjk—1,v-

In the original derivation of IPDA, target existence
(persistence) is defined as a random variable taking val-
ues Ny and Ry, modelling target existence (persistence)
target non-existence (non-persistence). The Markov
chain that defines this transition between these states
over time is given by

Lo =L e ] [ o)

One important fact to be noted is that, in all the works
reported en IPDA, the Markov transition probabili-
ties from non-existence to existence is zero, and non-
existence to non-existence is 1. This in effect excludes
the event that the target can come into existence from
a non-existent state, enforcing the equivalence of exis-
tence and persistence. Thus probability of target per-

T
Y21

12

Y22 (33)

sistence can be equated to probability of target exis-
tence. As these probabilities evolve over time accord-
ing to a Markov chain, we need to define three aspects
of target existence. They are:

+ Prior probability of target existence and non-
existence, Pr_1jx—1,» and Pr_1pk_1%

e Predicted Probability of target existence, prr—_1,4
and pr_1jx 5

¢ Posterior probability of target existence, pyx.
and PklkT

Recognizing prjk—1,, = p(N&) and incorporating this
Markov chain into the random set formalism, and in-
voking linear Gausssian assumptions, we derive the
IPDA. The Markov transition density is then given by

J=[a7 1l

Thus there is one free parameter ¥ and the predicted
probability of target existence can be obtained as

M 0
11—y 1

Pr—1fk—1,9

Prlk—1,v
Pk~1lk-15

Dk|k—1,%

| e

Prjk—1,u MN1Pr-1k—10 + 0 X Pr_1k_17

= 1Pk-1k-1v (35)

and the predicted probability of target non-existence
is

MNi1Pe-1k-1v + 1 X Pr_1k—17
= (I =71)pr—1)k—1,0 + Pr—1|k—1,5(36)

Prlk—1,%

As all practical algorithms use some form of gating
and consider only the measurements that fall inside
the chosen gate, the probability of detection Pp needs
to be modified to include the probability of the target
originated measurement to fall within the gate, usually
denoted by Pg. The over all probability then becomes
PpPg and is subsequently used in all the equations in
place of Pp.

First, let us consider the simplifications that can be
introduced into (37): frx{{zx} | Y*)

Pelma )Pkik—1,0
A

x (1 - PpPg+ 2278V Zp(yk(iﬂa:k))

X./P(l‘k | Zk—1)p(wr—1|Y* " )dzs1

(37)

We can identify the integral as the Chapman-
Kolmogorov integral and it solves to a Gaussian den-
sity if p(ze—1|Y*"1) is Gaussian and the transition
density p{zglzg—_;) is also Gaussian. Under these
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Gaussianity assumptions, we note that the sclution
to Chapman-Kolmogorov equation is equivalent to the
Kalman Predictor equation and results in a Gaussian
density, usually represented by N{(z; £xjk—1, Prjk—1)-
H, in addition, the sensor is assumed to obtain target
originated measurements that are linear in state of the
target and is assumed to have been affected by additive
white Gaussian noise, then the measurement likelihood

plye(?) iiﬂk)_ = N(yx(i); Hzx, Br)

is also Gaussian where H is the measurement matrix
and Ry is the measurement noise covariance. Under
these assumptions, the posterior can be further simpli-
fied to: fra(XelY*) =

Pel{mi)Prik -1,
A

PpPoV & .
% {l—PDPG-I-—D—)‘E— E N(y}c;Hrk,Rk)}
i=1

X N (z#; Expk—10 Prji—1)
(38)

Define, AL 2 N(wt; 9%, Sk)
= [27rSk|‘i‘e:I:p{[y;; - ﬁ‘k]Tsk_l[yi - ﬁk]}i'

The posterior can be further simplified to

Sux(Xe|YF)
D\ —1,v N
= —Ei—k)gﬂk—l—’(l - PDPG)N(xhxklk—l:PHk—l)
Pe(mi)prie-1,0 P PGV

xN (ks Expp—1, Pklk—l)
(39)

The updated density can now be written in a simplified
form as

Fre(XxlY®)
= ﬂku(O)N(zk;ikm 1 Prje—1)

+ Z B w (DN (zi; & Ekpca Pix)}

i=1

(40)

where 3; are usually referred to as the data association
probabilities and are given by,

Biz(0) & A 'po(mi)prk-1s (41}
Beo® = A™p(mi)prp-1+(1 — PoPo) (42)
. A -1 PDPGV i
»3k,u(‘i) = A pc(mk)pk|k—1,v AL (43)

From (29), we have

Br,5(0) + Br (0) + 2 Brwli) =1

=1

(44)

From this, the normalization factor A can be obtained
as
A = pe(mu)piik—1,5 + Pelmi)Prjk-1,(1 — PpFPg)
Py PV
+Pc(m )Prik—1,0 G A}

= pe(mi){Prik-15 + pklk—l,v(l — PpPg)
PpPoV .
+Pk|k—1,v_D)‘G_A::)

Recognizing that prx_15 + Prig—1,0 = 1, and using

8 = PpPg — Y FefeV Al we have
A = pe(me){l~ dkprji-10) (45)
Substituting this in (41}, (42) and (43), we have
A Prik-13
0y & —% 46
Ara(0) 1 — bkprjk—1,0 (46)
(1 - PpPe)prik-1,0
Beu(®) & : a7
kv (®) 1'*5kPk|k 10 7
A L P ¥ ]gpklk 1,v
B v i T 48
e (2) 1 SkPrik—1,0 (48)

The posterior probaEility of target existence is the in-
tegral of the left hand side of (40}

[ ranttziv iz = Buuf0) + 3 Aol
i=1
1—4d
Thus, v —_— -
us, Pk, 1—6kpklk—1,vpk|k 1v

5 Discussion

Random sets as a formalism to address the problem
of simultaneously determining the number of targets
has received significant attention in recent years. How-
ever, to the best of our knowledge, there are few im-
plementable tracking algorithms that are derived from
such a formalism barring the recent work of Mahler (6]
on first and secend order moments for probability den-
sities on random sets. As the fully general problem of
multi-target tracking using random sets is extremely
difficult to solve and to visualize, we tried to apply the
formalism on a very simple problem where the random
set T of states has only the following two kinds of in-
stantiations: T' = @ (no targets present) and I' = {x}
(one target with state x is present). This, along with a
target existence (persistence) Markov model and some
simplifying assumptions, led us to IPDA.
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IMMPDA is another technique that addresses the
problem of target existence in an indirect way. It takes
the proof by contradiction approach; first it assumes
that the target exists and defines the idea of observ-
ability, then it argues, that if the probability of tar-
get observability is low then the target does not exist.
In contrast, IPDA explicitly models the target exis-
tence as a random variable and in so doing, it has,
in our opinion, made an attempt, albeit by accident,
to capture the defining elements of random sets. In
this paper, we have shown that, this is indeed the case
and we have derived IPDA completely from random
set formalism. IPDA has been shown to out perform
IMMPDA [12], hence we considered only IPDA in de-
tail. To the best of our knowledge, this is an original
derivation of IPDA using the random set formalism.
Based on the results obtained in this paper, it is evi-
dent that IPDA’s extensions to multi-target scenarios
will also be firmnly based on random set formalism and
demands further research.

6 Conclusions

We have adapted the random set formalism to ad-
dress the problem of simultanecusly addressing target
existence and target tracking problems. IPDA is one of
the first techniques that has addressed this joint prob-
lem without exploring any of its linkages to random
sets. We have explored the fundamental connections
between them and have shown that IPDA can be de-
rived from the random set formalism in a straight for-
ward manner. We conclude that IPDA is one of the
first realized filters with firm footing in random sets
which explicitly accounts for some of the defining el-
ements of the random set formalism and that Multi-
target extensions of IPDA like Joint IPDA, could be
one of the first realizable filiers of random sets in a
multi-target tracking problem with unknown number
of targets.
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