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ABSTRACT

We propose a distributed multisensor joint integrated probabilistic
data association (JIPDA) filter for multiobject tracking in decentral-
ized sensor networks. Conventional Chernoff fusion of the posterior
multiobject distributions of neighboring sensors presupposes a cor-
rect “hard” association of the objects tracked at the sensors. To avoid
detrimental effects of an incorrect hard association, we develop a fu-
sion method based on probabilistic (“soft”) object association. Our
numerical results demonstrate significant performance gains relative
to the hard association approach.

Index Terms— Distributed multiobject tracking, distributed mul-
titarget tracking, data fusion, distributed JIPDA filter, probabilistic
object association.

1. INTRODUCTION

The purpose of multiobject tracking is estimation of the time-
dependent number and states of multiple objects based on noisy and
cluttered sensor measurements [1-4]. In challenging scenarios, the
use of multiple sensors is helpful or even necessary. In particular,
decentralized sensor networks call for distributed multisensor algo-
rithms where each sensor runs a local tracking filter and exchanges
information with a set of neighboring sensors. Most distributed
multiobject tracking methods fuse the posterior probability density
functions (pdfs) of neighboring sensors [5-8].

The joint integrated probabilistic data association (JIPDA) filter
[3,9] is a powerful multiobject tracking method. In the case of dis-
tributed JIPDA filtering, the fusion of the posterior pdfs presupposes
a correct association of the single-object state vectors at different
sensors, whose correspondence is a priori unknown. To the best of
our knowledge, only one method for distributed JIPDA filtering was
proposed so far [10]. This method does not use hard association
decisions; rather, it incorporates so-called fusion weights in an ad-
hoc manner. These fusion weights can be interpreted as association
probabilities. However, the complexity of the method scales expo-
nentially with the number of object states.

Here, we propose a new probabilistic fusion method for dis-
tributed JIPDA filtering. Our method follows an approach that
we previously introduced in [11] for soft association of labeled
Bernoulli components in distributed labeled multi-Bernoulli filter-
ing [12-14]. Soft (probabilistic) object association is performed
by computing the posterior probability distribution of the possible
object associations and incorporating it in the fused posterior prob-
ability distribution of the multiobject state. An efficient algorithm
is obtained by approximating the association distribution by the
product of its marginals. Numerical results demonstrate significant
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performance gains compared to JIPDA fusion using hard object
association.

We will use the following basic notation. We write pdfs as f(-)
and probability mass functions (pmfs) as p(-). Vectors are denoted
by small boldface letters (e.g., ). Randomness of scalar or vector
variables is indicated by a sans serif font (e.g., x or x). The super-
script T indicates transposition.

The paper is organized as follows. The single-sensor JIPDA filter
is reviewed in Section 2. A basic distributed JIPDA filter relying
on hard object association is presented in Section 3. In Section 4,
we derive the proposed fusion method using soft object association.
Finally, numerical results are presented in Section 5.

2. REVIEW OF THE JIPDA FILTER

We consider I;, moving objects, where £ = 0,1, ... is a discrete
time index. The kinematic state x, ; of object i € T, 2 {1,..., I}
at time k usually comprises position, velocity, and possibly further
variables. At any given time k, object ¢ € 7, may exist or not.
In the JIPDA filter [3, 9], the multiobject state (i.e., the joint
state of all objects) is described by the random vector [x}, ef]”
where x £ [x; 1 -+ xj 7, ]" is the joint kinematic state and e; =
[er1--- ex.r,]" with ex; € {0,1} is an existence indicator vector,
i.e., ex,; =1 if object ¢ exists at time k and ey, ; = 0 otherwise.

The single-sensor JIPDA filter estimates the multiobject state
[xj, er]" from measurements z1.x = [21 - -+ 2] with 2 £ [z,
e zzl, Mk,]T, where M is the number of measurements produced
by the sensor at time ¥ € {1,...,k}. This estimation is based
on the posterior pdf f(xk,er|z1:.x). The JIPDA filter approxi-
mates the states [x{l ex,i]T of different objects 4 as conditionally
independently given 2., i.e.,

f(xk, ex|zik) = H f(®@ri, ex,ilz1:8)
i€

= H f(@riler,i, zin) plewilzie) . (1)

i€y,

s

Here, in particular, p(ex,; = 1|z1.x) is the posterior probability
that object ¢ exists, and f(xkilex,; = 1,21.%) is modeled as a
Gaussian pdf. On the other hand, f(x,|lex,; = 0,2z1.5) is obvi-
ously meaningless and therefore formally replaced by a “dummy
pdf” fo(xk,:). The time-recursive calculation of f(xk, ex|z1.x) is
described in [3,9]. For later use, we note that f(xx|z1.x) can be
obtained by marginalizing out ex from f(x, ex|z1.x), which yields

fl@elzi) = Y fl@eexlzin)

e, c{0,1} 1k

H Z f(xn,iler,i, z1:x) pler,i|z1:k)

€Ly e}, ;€{0,1}



er,s = 0]21:1)

= [T (fo(@e:) p(
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+ f(@rileri=1,z1x) pleri=1]z1:)) . (2)

3. DISTRIBUTED JIPDA FILTERING

We next consider distributed JIPDA filtering in a basic two-sensor
scenario and propose a two-sensor fusion algorithm. This algorithm
can be easily extended to distributed networkwide multisensor fu-
sion by using it at each sensor in turn to perform pairwise fusion
with each of the neighboring sensors in a recursive manner [11, 15].

Each sensor runs a local JIPDA filter. Suppressing the time index
k for simplicity, the multiobject states at sensors 1 and 2 at time k are
denoted as [xVT eWT]T and [xPT e®T|T, respectively, with x) =
x{MT xg)T]T’ e =1[eM... eng, x® =[xT... X5§>T}T
e®=[e?... eS?]T. WedefineZ; £ {1,...,I1}and 7o 2{1,...,
I>}, where I and I are the numbers of states at sensor 1 and 2,

respectively. The measurement sequences z1.x at sensor 1 and 2 are
denoted as z*) and 2, respectively.

, and

3.1. Chernoff Fusion of Posterior pdfs

According to (1), the posterior pdfs at the individual sensors are

)= [T @71, 2 p 712,
i€Zs (3)

for s € {1,2}. In the proposed distributed JIPDA filter, f()(x*),
eV |zM) and £ (2, e |2®) are combined into a fused pos-
terior pdf f(a, e|zY), 2?). Here, [2" "] is a “consensual” multi-
object state and the tilde in f indicates that the fused gosterior pdfiis
different from the true posterior pdf f(z,e|z M) 2 Our fusion
scheme is based on the Chernoff fusion rule [6]. In the 1dea11st1c case
where I = I, =1, 2V =2 =z, and eV =e? = ¢, the Chernoff
fusion rule is given by

FO (@, )|

r3 1 w 1—w
fla el 2®) = 5 (1P (@ elzM))” (/P (@, el ™)),
“
. w 1—w
withC 23 oy [ (f (2, e]zM))* (fP (2, e]2®))) “da
and some fixed w € [0, 1]. Next, we address the realistic case where
this idealistic assumption is not satisfied.

3.2. Object Association

In a practical implementation of the distributed JIPDA filter, it is
likely that [x(l)T (1)] tracked at sensor 1 and [x; )T 52)] tracked
at sensor 2 (for the same object index ¢) descrlbe different objects
because the order of the single-object states within the multiobject
states [xVTeMTT and [xPTe®T|T is usually different. Further-
more, there may be object states [x(s)T e55>] modeled by the local
JIPDA filter at sensor s € {1, 2} that do not correspond to an ac-
tually existing object, and, conversely, not every actually existing
object may be taken into account by sensor s. As a consequence,
it is likely that I; and I» are different, resulting in different dimen-
sions of the multiobject state vectors [x(VT eMT]T and [x(PT e2T)T,
Therefore, application of the fusion rule in (4) presupposes a perti-
nent association of the states [x(l)T (1)} and [x; 2T 52)] .

Without loss of generality, let us assume /2 > I 1 and consider sen-
sor 1 as a reference sensor. We will associate each state [X,EUT <1>]T,
i € I, at sensor 1 with some state [x§.2)T ef)f = xPTeI at
sensor 2, where j = a; € Z> is a function of <. Let us combine the

association variables a; € Z» for all < € Z; into the object associa-
tion vector a £ [a1 - - - ar,|" € T2'. The requirement that different
states at sensor 1 are associated with different states at sensor 2 im-
plies that all entries a; of a are different, which will be referred to as
an admissible association. We also define the association alphabet
A as the set of all admissible association vectors a

To account for the associations expressed by a, we modify the
Chernoff fusion rule in (4) according to

3 1
fale, el 2®) = 5 (S0 (@ =2, eV =]z D))

X (fP (@ =z, eP=elz?)) 7 (5)

with Co 2 S, [(F0@D) = @6 = efzM))”

X (f<2>( @ _ =, €<2 = e|z(2)))1_wdm. Here, x = [:c'f e m?l]T,
e=[er---en]|la®) = [mgl)T. .. mg?T]T’ M = [ef .. eg)]T,

mg) = [mffl)T- .. w((fj)ﬂ T, and eff> = [6((121> eE.?I) ] Inserting (3),

it can be readily shown that (5) can be expressed as

fa(wv e|z(l)7 z<2)) = H Pi,a; (€i) fi,a, (Tilei), (6)
i€y

where the fused existence pmfs p; o, (€;) are given by
= (P (0)* (P2(0)) 7%, esi=0,
Diya;(€i) = o @)

e (POW) (PR ) emt,
with PZ-(S) (e) being short for p*) (e§5> =e|z®), and the fused spatial

pdfs fi,q, (;|e;) are given by

fo(x:), ei=0,
fi,ai(wﬂei) = ﬁ(f(l)(wgl): ‘ 1) _ -1 z(l)))

X(f(Q)(wlei)Z i|eS (2> -1 z(z))) , ei=1.

. . ®)
Here, the constants in these expressions are

Ciai 2 (PV(0))” (P2(0))' ™
+ (PO W) (P (1) CL, ©)
and
o (f<1>(:c(1):mi|e(1):1 z(1)))w

X (fP (@D =zileP=1,2P))""“de;.  (10)

We note that pia, (0) + pi,a,(1) =1 and Ca = [[,c7,Ci.a;- Ac-
cording to (6), calculating f(x, e|z"), 2(?)) amounts to calculating
the single-object pmfs p; o, (e;) and pdfs f; o, (@:]e;).

4. FUSION WITH SOFT OBJECT ASSOCIATION

The correct association vector a is defined by the fact that, for each
1 €T, the states [x; 1T (U]T and [x.27 e{2]T describe the same ob-
ject. In practice, the correct @ is unknown at the sensors and must
be estimated. However, a “hard” estimation can lead to an incorrect
result, in which case the meaning of the expressions (7)—(10) and
of the overall fusion result (6) is unclear and poor tracking perfor-
mance of the distributed JIPDA filter will be obtained. Therefore, in
the following, we propose to avoid a hard association and present a
new “soft” (probabilistic) object association method. This approach
is analogous in spirit to the probabilistic data association that is per-



formed in many multiobject tracking methods to implicitly associate
measurements with objects [1].

4.1. Basic Formulation

To develop the probabilistic object association method, we model a
as a random vector a. Furthermore, instead of the fused posterior
pdf fa(ax,e|z™), 2?)) in (5), we consider the joint fused posterior
pdf of x, e, and a, which is defined for a € A as

1 w
D) 2 (@ =a,eMV=elzM))

* (7 (@D =, e = e] ),

f(w7 67 a|z

where C'£ 3" Cq,andfora € Z,'\ Aas f(z, e, a|zV, 2(?)

£ (). Combining (5) and (6) gives (f(l)( W=z eV = e|z(1)))w
2 2 1—

< (fP @ = @6l = ez?))" = Callics, fia, (®ile:)

X Pi,a; (€i). By inserting Ca =[], 7, Ci,a,, we finally obtain

f@,e,alzV,2?) = weo [[ fiai(@iles), (D)
i€y
with

1
ani Hcivaipivai (e), (12)

i€y
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where O =37 1 [licz, Cias-

4.2. Formulation Using the Augmented Association Vector

We,a =

To enable an approximate calculation of f(x|z), z2(?)), we intro-
duce the augmented association vector a’ £ [a} --- af,|" with en-
tries aj € Zo,0 2 {0} U Zo, where a} = 0 additionally expresses the
nonexistence of the ith object. An augmented association vector a’
such that all nonzero entries a; are different is said to be admissible,
and the augmented association alphabet A’ comprises all admissible
a’. Note that a’ expresses the same information as the two vectors e
and a together. For a’ € A’, we can reformulate Eq. (11) as

fla,a|2,29) = war [] flu (@), (13)
i€y )
where
MW (W) oD (1)y\@
(f (m; '=xile; =12 ))
fz,a;(wl) = (f(2>( Lg%_):mﬂeg):l,z@)))lfw, a, €Ty,
Jo(@i), a;=0,
14
with C;y o+ given by (10) with a; replaced by a;, and, consistently
with (12), )
Wa! = =7 Hﬂi,agv
Cﬂ/iEZl 3
with
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o 2 DN (PPt~ S
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ey ]
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For a’€ T\ A, we set f(z,a’|z", 2?) =0.

We now formally treat f (2, a’|z(Y), 2(?)) as the joint pdf of x and
a’ given zW =2 and 2» = z(g), and thus obtain the factorization

1) 2(2)) _

fla,d|z f(=la’, 2, 2) p(a’|2V, 2). (5)

By comparison with (13), the two factors are seen to be

= [ fia(@) (16)

f(z|d, 21 @)

i€y
and
_ 1 , ’ /
p(a/|z(1)’ 2(2)) _ Wa! = G Hiezl /Bz,ai , ac Aj
0, otherwise,
consistently with f(z, a’|z™"), 2(*)) =0 for a’ € T,')\ A"

4.3. Approximate Calculation of f(x|z"), z2(?)

We now define the unconditional marginal fused posterior pdf
f(w|z(1), z(2>) by marginalizing out the association vector a’ from
f(z,a'|zM), 2?), yielding

> f@a|z2®)
a’GIé}D

> p(@ 2V ) [] fla(@),  an

7 )
a’eTyl) i€y

Flal=, =) =

where (15) and (16) were used. Finally, to obtain the proposed prob-
abilistic object association scheme for the JIPDA filter, we approxi-
mate p(a’|z"), 2(?)) by the product of its marginals, i.e.,

pla’|z", 2?) ~ ] p(ai), a'eZly, (18)

ez

where e
pla)= > pla|zz?). (19)

a’“”EIIl !

Here, a'™* denotes the vector a’ with the ith entry, a; , removed, and
p(a}) is short for p(al|zV), ). Next, we insert (18) into (17) and
use Za’el,ilﬂ - ZCL'IGIQ,O o Za’llelz,o’ to obtain

fle|zM 2% =~ Z Hp a;)fi/,ag(wi)

’eIIl i€y

= H Z P(a;)fi/,a; (x4)

i€y al€Zs o

_H( a;=0) fo(z:) + Y _ p(a;) m(mz)>

i€y al€y

This expression can be written in the form of (2), i.e.,

fxlz®,2?) = [ (fo(z:) pi(ei=0)
=
+ fi(wilei=1) pi(ei=1)), (20)

where the fused existence pmfs p;(e;) are given by
pi(ei=0) = p(a§=0), 1)

=> pla (22)

a’ 612

pl(elfl) = 1*pz €=



and the fused spatial pdfs fi(a:i |e; =1) are given by

fil@ilei=1) = _1 > (@) fla(x),  (23)
a’, 612
both for i € Z;.

Our ultimate goal is to obtain the joint fused posterior pdf
f(x, |z, 2®). In (20), the marginal fused posterior pdf f(a|z*,
2(2)) is expressed in the same form as the marginal posterior pdf

f(xk|z1:x) in (2), which was obtained by marginalizing out e
from the joint posterlor pdf f(xk,ex|z1:x) in (1). This provides a
motivation for writing f(x, e|z™"), 2®)) in the form of (1), i.e.,

f(@,e|z,2®) = T fil@ile:) pi(e), 24)

i€y

where f;(x;|le; = 0) = fo(x:), fi(xile; =1) is given by (23), and
pi(e;) is given by (21) and (22). Indeed, one can easily verify that
(20) is obtained by marginalizing out e from (24).

The proposed JIPDA fusion scheme with probabilistic object as-
sociation is constituted by expressions (24) and (23) together with
the expressions of f; ! /(x;) in (14) and the expressions of p;(e;)
in (21) and (22). Accordmg to (22), each fused existence proba-
bility p;(e; = 1) is the sum of the I marginal association prob-
abilities p(a;), aj € I in (19). Furthermore, according to (23),
each fused state pdf f;(zi|e; = 1) is a weighted sum of I pdfs
fi.ar (x4), @i € Iz, which are obtained by the Chernoff-type pdf fu-
sion in (14) while the weights are given by p(a’})/pi(e; = 1) with
pi(ei=1)=>" aleT, p(a}). A highly accurate approximation to the
marginal association probabilities p(a;) can be calculated by means
of an efficient belief propagation-based algorithm.

Our JIPDA fusion scheme is valid for posterior pdfs of general
form, even though in the JIPDA filter the posterior pdfs are Gaussian.
The restriction to Gaussian posterior pdfs leads to a low-complexity
version of our fusion scheme. This version, as well as the belief
propagation-based algorithm for approximate marginalization men-
tioned above, will be described in a future publication.

5. NUMERICAL RESULTS

We consider a two-dimensional (2-D) simulation scenario with a re-
gion of interest (ROI) given by [—150, 150] x [—150, 150] and three
sensors located at p* = [-50 0], p® = [0 0], and p® =
[50 0]". We simulated ten objects during 200 time steps. This choice
allows us to demonstrate the strengths of our algorithm while not re-
quiring long simulation times. In each simulation run, the objects
appear at various time steps before time step 40 and at randomly
chosen positions in the area [—50, 50] x [—50,50], and they dis-
appear at various time steps after time step 150. The object states
Xk = [Xk,1 Xk,2 Xk,1 )'(k’Q}T comprise the 2-D position (xx,1,Xk,2)
and velocity (Xx,1,Xk,2) and evolve according to the nearly con-
stant velocity motion model [16, Sec. 6.3.2]. An object is detected
by sensor s € {1,2,3} with a probability p( )(@r) = po(wk) of

0.9 or 0.7; the resulting measurement is z( ©) = [Xg.1 xx2]" + v(s)
where the measurement noise v\* = [vfj)l vfjg] is independent and
identically distributed zero-mean Gaussian with standard deviations
Oy, = Oy, = 2. The clutter measurements are uniformly distributed
on the ROI with mean number pc equal to 5 or 25.

We compare the distributed JIPDA filter using our proposed fu-
sion method with soft object association (abbreviated as S-JIPDA)
with a distributed JIPDA filter using Chernoff fusion with hard ob-
jectassociation (H-JIPDA) and with a centralized multisensor JIDPA
filter based on the iterated-corrector approach [1, 3] (C-JIPDA). We

--- H-JIPDA —S-JIPDA (proposed) C-JIPDA

MOSPA error
MOSPA error

Il Il
100 150
&
(b)

Fig. 1: MOSPA error versus time for (a) pp(xr) =0.9 and puc =5

and (b) PD(mk) =0.7 and J2%el =25.

were not able to simulate the method proposed in [10] because the
exponential dependency of its complexity on the number of object
states causes it to be numerically infeasible in our simulation sce-
nario. S-JIPDA and H-JIPDA employ the following fusion schedule:
first, sensors 1 and 3 send their posterior pdfs to sensor 2, which re-
cursively fuses them with its own posterior pdf; then, sensor 2 sends
the fused posterior pdf to sensors 1 and 3, which fuse it with their
own posterior pdfs. The fusion parameter w is set to 0.5. For the
three filters, Fig. 1 shows the mean optimal subpattern assignment
(MOSPA) error [17] with cutoff parameter ¢ = 20 and order p =2,
averaged over the three sensors and 1000 simulation runs. It can be
seen that the MOSPA error of S-JIPDA is much smaller than that
of H-JIPDA and also much closer to that of C-JIPDA. Furthermore,
in the more challenging scenario considered in Fig. 1(b), the MO-
SPA error of S-JIPDA and C-JIPDA is only slightly larger than in
Fig. 1(a). We can conclude from these results that the proposed
JIPDA fusion method using soft object association significantly out-
performs the method using hard object association.

As mentioned in Section 4.3, S-JIPDA can be efficiently imple-
mented using a belief propagation-based marginalization of the ob-
ject association distribution p(a’|z(1), z(g)) (see (19)). The overall
complexity of the resulting S-JIPDA implementation scales only lin-
early in the number of object states. By contrast, the complexity of
the method in [10] scales exponentially. Finally, H-JIPDA involves a
two-dimensional assignment problem, whose approximate solution
typically scales quadratically; nevertheless, in many scenarios, the
total runtime of H-JIPDA can be smaller than that of S-JIPDA. A
detailed comparison of the runtimes of the various filters will be pre-
sented in a future publication.

6. CONCLUSION

In distributed JIPDA filters employing Chernoff fusion of the local
posterior multiobject distributions, incorrect results of “hard” object
association may lead to a performance loss. To avoid this loss, we
developed a fusion method that is based on probabilistic (“soft”) ob-
ject association. Our derivation of this method involved the reformu-
lation of the fused multiobject distribution in terms of an object asso-
ciation distribution and the approximation of the latter by the prod-
uct of its marginals. The proposed soft-association fusion method
is applicable to general nonlinear and non-Gaussian system models.
Numerical results demonstrated a significant performance advantage
over conventional fusion using hard object association. We note that
a more detailed presentation and additional results, including an effi-
cient belief propagation algorithm for approximately marginalizing
the object association distribution and a low-complexity version of
our fusion method for Gaussian posterior pdfs, will be presented in
a future publication.
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