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Abstract

This paper considers the distributed group target
tracking (DGTT) problem under sensors with
limited and different field of views (FoVs). Usually,
for the tracking of groups, targets within groups
are closely spaced and move in a coordinated
manner. These groups can split or merge, and
the numbers of targets in groups may be large,
which lead to more challenging issues related
to data association, filtering and computational
complexities. Particularly, these challenges may be
further complicated in distributed fusion system
architectures. To deal with these difficulties, we
propose a consensus-based DGTT method within
the belief propagation (BP) framework, which
introduces undetected targets inside the FoV or
new targets outside the FoV and performs the
probabilistic track association via BP. Meanwhile,
the obtained track association probabilities make
it possible to exploit a probabilistic consensus
fusion scheme for fusing local target densities.
Furthermore, the proposed method exhibits
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computational scalability scaling only linearly
on the numbers of group partitions, local
measurements and neighboring sensors, and
scaling quadratically on the number of targets.
Numerical results validate the performance of the
proposed method.

Keywords: group target tracking, distributed sensor
network, consensus fusion, scalability, belief propagation.

1 Introduction

Recently, the group target tracking (GTIT) problem
has become increasingly important and drawn
great attention, which is an integral part of many
applications in different fields, including battlefield
surveillance [1], traffic control [2], robotics [3],
ecology [4], etc. When compared to multi-target
tracking groups not only suffers the difficulties such
as missed detections, clutter, measurement origin
uncertainty [5, 6], but also encounters the group
structure uncertainty caused by group merging or
splitting [7], which result in more complex issues
related to data association, filtering, and computation.
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sensor network consisting of multiple interconnected
sensors with sensing, communication and processing
capabilities provides a desirable platform for the
challenging target tracking applications, since the
network system provides more information in time
and space and makes it possible to overcome the lack
of target observability from individual sensors with
limited FoVs. In particular, distributed sensor network
(DSN) has aroused tremendous interest as a result
of its attractive merits such as scalability, flexibility,
and robustness to faulty sensors. The optimal fusion
rule is given in [8], while the computational difficulty
of the common information among sensors limits its
use, promoting the development of robust suboptimal
fusion rules. Consensus provides a powerful tool for
the distributed computation over networks, which
aims to achieve the global fusion over the DSN
by iterating local fusion steps among neighboring
sensors. From a probability density perspective,
consensus-based distributed fusion is actually an
iterative calculation of the local Kullback-Leibler
average (KLA) of the state probability density
functions (pdfs) among neighboring sensors [9].
The KLA fusion rule [9] is also known as the
generalized covariance intersection (GCI) [10, 11]
or the exponential mixture density (EMD) [12, 13],
belonging to the type of geometric average fusion
of local pdfs. Furthermore, some studies focus on
another type of arithmetic average fusion can refer to
[14, 15]. Regarding the two fusion types, geometric
average fusion is more sensitive to missed detections,
whereas arithmetic average fusion is more sensitive
to clutter [16]. Based on the robust fusion rule,
a variety of distributed MTT methods have been
investigated, e.g., probability hypothesis density
(PHD) with EMD [13], cardinalized PHD with KLA
[17], Labeled multi-Bernoulli with GCI [18], etc. Most
of the aforementioned studies are presented without
FoV limitations, while the conventional KLA fusion
rule performs poorly when sensors in the network
have limited and different FoVs [19]. To overcome
this issue, some improvement methods are proposed
[20, 21].

Recently, a powerful BP method has attracted
substantial attention in the target tracking
community[22]. The BP method can efficiently
compute the approximations of the marginal
posterior pdfs or probability mass functions (pmfs)
for the random variables of interest, providing a
scalable solution to the challenging probabilistic
data association problem in MTT [23]. Based on

the BP scheme, various scalable target tracking
algorithms have been proposed for MTT from
different perspectives, e.g., scalable MTT methods
for tracking unknown number of targets [23, 24],
maneuvering MTT [25, 26], simultaneous cooperative
self-localization and MTT [27], etc. Recently, a variant
of the LMB-GCI method for DMTT, which does
not have FoV limitations, has been proposed by
integrating BP to address soft (i.e., probabilistic) label
association [28]. This approach demonstrates better
performance compared to those using a hard label
association scheme. Additionally, other BP-based
algorithms for extended target tracking can be found
in [29] and [30]. In the context of GTT, a group
expectation maximization BP method has been
proposed for tracking coordinated group targets [31].
To deal with group targets and ungrouped targets
seamlessly, a scalable group target belief propagation
(GTBP) method is proposed [32]. Given its strengths
in estimation accuracy, computational complexity, and
implementation flexibility [24], BP could prove to be a
highly effective tool for addressing the challenges in
DGTT.

In this paper, we consider the DGTT problem under
sensors with limited and different FoVs, and our main
contributions are outlined below:

e We present a consensus-based distributed GTBP
algorithm (DGTBP) for DSN. To address the
target identity inconsistency among local sensors
due to varying FoVs, we incorporate the
undetected targets inside the FoV and new targets
outside the FoV for track association. We then
efficiently compute the marginal track association
probabilities using BP, which are utilized for the
consensus fusion in a probabilistic manner.

e We clarify the computational complexity and
scalability of DGTBP. It exhibits computational
scalability that scales linearly in the numbers
of group partitions, local measurements and
neighboring sensors, while scaling quadratically
in the number of targets. Numerical results verify
the effectiveness and scalability of DGTBP.

The remainder of this paper is outlined as follows.
Section 2 introduces the problem background and
methodology.  Section 3 presents the proposed
consensus-based DGTT method, followed by a
particle-based algorithm implementation given in
Section 4. The numerical experiments and comparison
results are shown in Section 5. To the end, we conclude
this paper in Section 6.
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2 Problem Formulation

2.1 Description of DSN

This paper considers the GTT problem in a DSN, where
the sensors have limited and different FoVs. Generally,
there is no fusion center in the DSN, and each sensor
is restricted to processing local data and exchanging
information with its neighboring sensors. For ease
of representation, the DSN is described by a directed
graph D := (S,&), where § := {1,...,S}and £ C
S x § are the set of nodes and the set of edges between
nodes, representing sensors and sensor connections,
respectively. Here, (s,s’) € £ if and only if sensor s
can receive information from sensor s’. For each sensor
s € §,wedenote C; := {s' € §: (s,5) € £} as the
set of its neighboring sensors, i.e., these sensors in the
network that may transmit information to sensor s.
According to the definition, (s, s) belongs to £ for any
s € §,and thus s € Cs forany s € S. The FoV of sensor
s is denoted by FOV;.

2.2 Consensus on the Kullback-Leibler Average

Consensus algorithms provide a powerful tool for
distributed averaging, which aim to reach a consensus
over the DSN by iteratively performing the local
fusion of each sensor among its neighboring sensors.
Suppose that at each sensor s of the DSN, a pdf ps(x)
representing the local information is available, where
x is a random vector of interest. The weighted KLA
pdf p(x) among these local pdfs ps(x) is defined by

[9]:

pi= argmgnZWsDKL(p | ps) (1)

seS

where the weights 7, satisfying > _s7ms = 1 and 7, >
0,and Dk (p || ps) is the Kullback-Leibler Divergence
between the pdfs p(x) and ps(x),

p(x)
/p(x) log () dx

Further, the KLA pdf p(x) defined in (1) is given by

Drr(p | ps) = (2)

[T (ps(x)) ™ dx G)

seS

which requires all local pdfs ps(x),s € S. From
a distributed way, the following consensus iteration
updates the local average of each sensor by fusing
the local information of its own and the received
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information from its neighboring sensors.

T ((x)™

Pl = =

() dx

s'e€Cs

(4)

where 7, » are suitable non-negative weights satisfying
> sec, Ts,s = 1 for s € S, £ denotes the number of
iterations, and the iteration is initialized by setting

P (x) = pa(x).

2.3 System Model

At time k, each potential target (PT) of a local sensor
s is either a legacy PT (i.e., a PT survived from time
k — 1 to time k) or a new PT (i.e., a newly detected
target at time k). That is, the PTs can be divided
into two categories at each time step, namely the

legacy PTs and the new PTs. Let 5,(;)8 be the state
vector of the legacy PT i at time k, consisting of the
target position and possibly further parameters (e.g.,
velocity and acceleration), where ¢ € {1,...,nj5}
and ny, ¢ is the number of the legacy PTs at time k.
The detections of the legacy PTs are modeled by the
binary existence variables f,(;)s € {0,1},1ie., ;,(;)S exists
at time £ if and only if [,(;)8

(HT (nk,s)TyT (D (ng,s)1T
[gk,s U |* and Iy = [fk,s,...,zm " as

the joint state vector and existence vector of the legacy
PTs at time k, respectively. Let 1rov,(-) denotes the

indicator function that 1rov, (gl(j)s) = 1if zl(j)s is inside

= 1. We denote x;, , :=

the FoV of sensor s and otherwise 1rov, (XS)S) = 0.

Assume that at time k, sensor s receives my g

measurements and the joint measurement vector

) . T (mik,s)TyT
is denoted as z,, := [Zlas e D g . To

incorporate the newly detected targets at time k, mj, ¢

new PT states i,(:';)

where each i,(:;)

zgj;). The detections of the new PTs are also modeled
by the binary existence variables F,(;Z) e {0,1},
i.e., a measurement z,(:z) is generated by a new PT

(m) (m)

,m = 1,...,my are introduced,

corresponds to the measurement

X, if and only if 7 /7 = 1. We denote X, :=
()T L )T _ a 3 .
[x,ﬁi 7...,X](€T’Zk, ) T and T} = [r;;?_“’r}(g’zk, )]T

as the joint state vector and existence vector of the
new PTs, respectively. Notably, the new PTs at
time k& become the legacy PTs when receiving new
measurements at time k£ 4 1, which means that the
number of the legacy PTs at time k£ + 1 is updated
by niy1s = ks + mys. Since the number of PTs
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would increase with the accumulation of sensor
measurements, we consider at most N, PTs at any time
for sensor s € S and perform a pruning step at each
time step to remove unlikely PTs.

In GTT, the group structure describes the connection
between targets, which is a premise of the modeling
of the evolution of targets. In this paper, we make the
convention that at any time k, only the group structure
of the confirmed legacy PTs (that have been declared
to exist at the current time) is considered, and each
confirmed legacy PT can be partitioned to only one
group in a possible group structure. Concretely, we

[ (1) (nk,s)]T

use a group partition vector 8, = ks 1 9rs

to denote the group structure of all legacy PTs at time

k, where the element Q,(;)s > 0 if gg)s is confirmed and

gg)s = 0 otherwise. Furthermore, the group structure
of the new PTs at time k is denoted by the vector g, ,

with zero entries, and we denote the number of groups

partitioned by g, asn(g, ) := max{g,(cli, sy kn; S)}.
The unknown association between legacy
PTs and measurements at time k can be

described by a target-oriented association vector

aps = [a](glz,... a(nk“‘)]T

' ks
al(;) = m if the PT xk) generates the measurement

zgz),m e {1,...,mys} at time k£ and ak)s =0

otherwise. Following [22-24], we also use
a measurement-oriented association vector
brs = [bgi,... b(m’“’S)]T, where the element

' Vk,s
b,(:z) = i if the measurement z,(;z)

, where the element

originates from the
PT gl(f)s,z' e{l,...,ngs}and b,(j;) = 0 otherwise. The
expression of by, , is redundant with ay, 4, that is, one

of the two association vectors is determined and the
other is determined as well.

We denote the joint vectors of all the PT state, the
existence variable and the group partition at time k
as Xp s 1= [xgs,igs]T Tgs 1= [rgs,FES]T and gy s =
[gk 8k S] ,respectively. Let Ry, 5, Ry, ; and G,  be the
sets of all possible ry s, r;, ; and 8. respectwely For
notational convenience, we define the augmented state

vectors for the legacy PTs and the new PTs as X,(CZ)S =

[Xl(g?sTa ﬂ(ng and ?,(:;) = [x](:? r,(:z)]T, respectively.
The joint augmented state vector at time £ is given by
Yk,s = [Xg,s’yg,s]T‘

2.4 Factor Graphs and BP

The factor graph (FG) is a graphical model to describe
the factorization of pdfs [22]. We denote V and F as

the index sets of the variable node ¢ and the factor node
¢ in a FG with respect to the random variable x(*) and
the factor py, respectively. In a FG, the variable node
i and the factor node ¢ are connected by an edge if
and only if x( is an argument of py(-). Let F; and
V, denote the sets of the factor nodes connected with
the variable node i and the variable nodes connected
with the factor node ¢, respectively. Consider that a
posterior pdf p(x|z) can be factorized as [22]

p(xlz) o< [ ] pe (x4) (5)

peF

where x := (x( : i € V)T and x, := (x® : i € Vy)T
are the stacked vectors of i € Vand i € Vg, respectively.
According to the factorization, BP provides an efficient
way to approximate the marginal distributions, which
computes the message of each node in the FG and
passes the node’s message to the connected nodes [22].
Specifically, if the variable node x(*) is connected with
the factor node ¢, we denote the message passed from
the variable node x(® to the factor node ¢ and the
message passed from the factor node ¢ to the variable
node x as ¢y ;(x) and v;_,4(x?), respectively,
which are computed by

po—ri(xV) = / po(xs) [ vime(x)d(x4\x")

'€V \¢

H quﬁ/az ( )

'EFi\

Uz—>¢

(6)
where the symbol “—” indicates the flow of the
message, V¢\i is short for {7’ : i/ € V4,7 # i},
and [-d(x4\x?) is denoted as the integration over
x except x(@. Eventually, for each variable node x(®),
a belief p(x (z)) is obtained by the product of all the
incoming messages with the normalizing constraint,
which provides an approximation of the marginal pdf

p(x2).

2.5 Derivation of the Posterior pdf of GTBP

Let y1.x, €1:%, a1k, b1.x and zq.; denote the stacked
vectors of joint augmented state, group partition,
target-oriented association, measurement-oriented
association and measurements up to time &,
respectively. Herein, the subscript s representing the
sensor node is omitted for notational convenience
when there is no confusion. Following some
regular assumptions [23, 32], the joint posterior pdf
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p(ylzk, 81:k,A1:k, bl:k;|Z1:k) is written as

p(Y1:k7 81:k, A1:k, bl:k‘zlsk) X p(zlzk7 aj:k, bl:k7 Yik, gl:k)

= [ p(zr, ar, o, yir, 8o [yrr—1, 8r—1)
k=1
(7)
with

P(2k, ak, be, i, 8klYrk-1, 8k—1)
= p(Zk, Ak, bk7 Yk gk‘zld gk)p(zka gk ‘yk—l: gk—l)
where the calculation of p(zy, ax, bk, ¥, 8ily,,8,) is
provided in [32], and the augmented state and group

structure transition pdf p(zk, gk]yk_l, gr—1) can be
written as

p(zkagkb’k’—lagk—l)
p(Xk’gkv}Ik‘—lvgk—l)p(gkb’k—lvgk—l)
Let Ag ( ) = {i : = j,i = 1,...,n;} denote

the 1ndex set of PTs 1nc1uded in the group j in the
group partition g, and use y Ying () to denote the joint
8L

augmented state of the PTs i € A,k( 7). Then, we have

(8)

n(g,)
H p YkA L) |Yk 1Agk(]))

7=0
9)

P(Y, |8, Yi-1,8k-1)

where p(zk g (O)ka_l’Agk (0)) is given by
g 2,

p(zk,/\ ‘Yk’ 1Agk H p )‘yk 1
ZGAEk (0)
and the pdf p(zk Ag, |y,C LAg, ( (), J # 0 describing

the augmented state transmon den51ty of the group j
in the group partition g, can be factorized as

p(zk,Agk(j)kal,Agk 6) = ( H p(X;(j)|y1(£1))
ieAgk( \Ag, ()
H Pt Xk 1))p(x k,KEk(j)‘Xk—l,KEk(j))
ZEAEk( 7)
(10)
where ng(j) = {i: rk 1= T,(g) = 1,1 € Agk(j)} is

the index set of survival PTs in the group j, pe(X,(Ql)

is the survival probability, and x; »_ (;) represents
B

the joint state of the group j.

transition density p(x |x

Here, the group

e )) describes the

kA (j k— 1A
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evolution of the group j, and there are several studies
on group dynamics models that can be referenced
[4, 33-35]. For the group structure transition pmf
p(gk|yk,1, gr—1), a pseudo group structure transition
pmf is constructed as follows by introducing a scoring
function s(gk|xk_1, rp—1) [32,35],

S(Eklxk—la rk—l)
Zg;egk 5(§;|Xl~c—171‘k—1)

By using BP, the scalable GTBP method is developed,
providing an approximation of the posterior pdf

P(Yk|21:%). For further implementation details, please
refer to [32].

p(g, |yr—1,8k-1) := (11)

3 Consensus-based DGTT Method

3.1 Basic Idea

The KLA fusion rule provides an efficient and robust
way for distributed fusion over the network. However,
when executing KLA fusion, there exists a premise that
the targets from different local sensors are correctly
matched. For the DGTT problem, the fusion may be
problematic for the following reasons:

e In practice, sensors may have different sensing
capabilities and FoVs, leading to the difference in
the numbers of detected targets.

e Moreover, since each sensor in the network
processes its own data locally, the identities of
the same target may be different at these sensors.

e Particularly, GTT suffers more difficulties in data
association, filtering and computation than MTT,
and these challenges may be further complicated
in the DSN.

In this paper, we consider solving these problems
within the BP framework, where the flowchart of the
proposed method is shown in Figure 1. Specifically,
for each sensor in the DSN, the GTBP method is used
to track the group targets locally and then obtains
the local posterior pdf [32]. After exchanging the
information between sensors and their neighbors, the
track association problem is formulated by a FG and we
obtain the track association probabilities by running BP.
Finally, the KLA fusion is performed iteratively at each
sensor according to the received local posterior pdfs
from its neighbors and corresponding track association
probabilities. Notably, our proposed method for DGTT
using limited FoV sensors does not rely on any specific
local tracker, other GTT methods can also be used.
Details of the proposed DGTT method are presented
in the following subsections.
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Fused pdf at time k-1
Y

Sensor S

Local measurements

GTBP algorithm at time k

Local pdf at time k

Y

Probabilistic
track association

Sensors’ e(; \s

Local pdf

at time k

Y

KLA fusion

Sensor Network

Fused pdf at time k

Consensus Fusion

Figure 1. The flow of the proposed DGTT method.

3.2 Track Association and Consensus Fusion

For simplicity, let us consider the track association
between two sensors and the consensus fusion at
sensor 1 (reference sensor), which receives the local
pdfs from sensor 2 (neighboring sensor). Note that
under the setting of limited FoVs of sensors, the
KLA fusion rule cannot preserve the information
difference and tends to discard the targets located
outside the overlapping FoV [16]. To address this issue,
we consider dynamically introducing the undetected
targets inside the FoV (UTIF) and new targets outside
of the FoV (NTOF) of the reference sensor. Specifically,
subsections 3.2.1-3.2.2 propose the track association
and consensus fusion between the targets inside the
FoV of the reference sensor, and subsection 3.2.3
presents the consensus fusion for targets outside the
FoV of the reference sensor.

3.2.1 Probabilistic Consensus Fusion

In this subsection, we mainly consider the fusion
between the targets inside the FoV of sensor 1.
According to the FoV of sensor 1, the targets of its own
and received from sensor 2 can be divided into two
disjoint sets (i.e., inside or outside the FoV of sensor
1), respectively. We denote 7, ; := {1,...,np},5 =
1,2 as the index sets of targets at sensor s that are
inside the FoV of sensor 1, and the corresponding
local posterior pdfs are denoted as p(yy, s|21.,s), where
ng,s is the corresponding number of targets. Similar
to the introduction of new PTs at local sensors, the
UTIF at sensor 1 are modeled by introducing ny o
new PTs (that may be available from sensor 2), i.e.,

Vi1 = T oo Fo T Let yuy = [y, Fea)T

denote the joint augmented state at sensor 1 to be fused,
and 71 := {1,...,7,1} denote the corresponding
index set of targets, where 7, 1 := ny1 + ny 2. Herein,

the target indices are ordered, i.e., y,(j)l,i € fkl

corresponds to the original target yk 1 (at sensor 1)

(1 Ng,1)

for i < ny 1, or the introduced new PT Y. for
7> Nk,1-
The track association between sensors 1

and 2 is described by an association vector
T [rM, ..., 70T for sensor 1, where the
entries 70), i € T, ; are defined as

(2) (

) if x;,1 at sensor 1and x;7; at
JE Ik,27
() sensor 2 indicate the same target
TV = ;
0 if the target indicated by x,(f,)l is

undetected by sensor 2,

and for the introduced new PTi e ikyl\IkJ, 7@ =

if the target indicated X %, J € Iy at sensor 2 is

the UTIF at sensor 1. Otherwise, 7@ = 0, which
means the target xl(;)l does not exist. Analogously, it is
assumed that a PT at sensor 1 can be associated with
at most one PT at sensor 2, and vice versa. We denote
7. and T as the set of all possible 7 and its subset
satisfying the constraint, respectively. Let yj ,

(T (k1)1
[Yk 2 s Ygo

V.2 accordmg to 7. Note that y,

]T be the reordered vector of

(© ) is the dummy state

introduced for the indices Wlth 7@ = 0, and thus
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Y2 has matched dimension with yy 1. Then, the KLA
fusion rule with given 7 for sensors 1 and 2 can be
rewritten as

(1) (2072)™ (15

P (Vk11Z1:k,1, Z1:k,2) = e
A

where m; + my = 1, the pdf ps(yks) is short for
P(Yk,s|Z1:%,5) of sensor s, and the coefficient C; € [0, 1]
is given by

C- 22/(291(5%,1))#1 (p2(y72)) " d¥ k1 = H C; )
iej-k,l

(13)

o (2 7
J (pl(yfi)ﬁ) H(pa(yiy )>) *dy).
= p(Xk S|7“k o Bk s)p(rk S|Z1 s )s
= 1, we abbreviate p(Xk,s\Tk,s,lek,s) and

p(r](j)s |Z1.k 5) @S ps(x](;)s) and ps(r,(il,), respectively. Here,

where C; ) =
Note that ps(y,(C)s)
and if r,(;l,
the pdf p(xgl]r,&il, Z1:k,s) represents the dummy pdf

when r,g) = 0. We denote p%” )(y,(g )1) as

0 = 1) =
7 o( ™ 7() 7() T
(PP = D)™ (p2ey ey =1)™
wa
i, (i i
o = e =)
Cir®
(14)
with
i) (i (i e m
FUEL =1 = ) =10)" (e = D)
i) o (i o (7 s T@OYy 7
P30 = ()™ (a6 )™
and C; _;) can be rewritten as
Ciro = P () = 0)
(15)

Thus, Equation (12) can be rewritten as

[T "6

’LEI}CJ

p (Yk 1\Z1k1,Z1k2

Notably, the coefficient C'; can be used for measuring
of similarity between the local densities to be fused.
Under given 7, the larger is the coefficient C;; among
the local densities, the more the corresponding KLA
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fusion is coherent with the Principle of Minimum
Discrimination of Information. Thus, given local
densities to be fused, different track association vectors
7 result in different coefficients, and a larger C-
indicates that the corresponding track association
vector 7 is more likely. Based on this motivation,
we consider the track association problem in a
probabilistic way, where the track association vector 7
is random and the pmf of 7 is defined as

aCy,
0,

where o := 1/} __-C,. Consequently, the fused
posterior pdf p(¥x.1|21:k,1, Z1:%,2) is obtained by

ifreT

(16)
otherwise,

p(7) =

P(Yk1|Z1:8,15 Z1:82) = ZP(S’k,17T\Z1;k,1,Zl:k,2)

TET
= p(FralT 2101, Z102)P(T)
T€T
(17)

where p(yi1|7, 2161, 21:62) = DT (Vk1|Z1:k1,Z1:5,2)
is the conditional fused posterior pdf. The second
equality uses the definition that p(7) = 0if 7 € T.\T.
Similar to [28], we use the product of the marginal
pmfs of p(7) to approximate the pmf p(7), i.e

T) & H pir), reTe
Z'Gj-k 1

where p(7() := [ p(7)d(r\7()) denotes the marginal
pmf of the track assoc1at10n vector 7. Thus, the fused
posterior pdf p(¥x 1|21:x.1, Zk,2) is approximated by

Z H p (z lT(> ](g)l)

T€Te lEIk 1

i, 0,7 o (i
B (71 =

P(Yk1|Z1:8,15 Z1:1,2)

=11 >

i€Zy1 TV ET, 2U{0}

with 5-(70)) = 3, vez, yui0y PO (y;(f,)ﬁf
the second equality uses the fact that

2= 2 2

T€Te  tWel u{0}  FUrDer, ,u{0}

Remark 1 Notably, the original KLA fusion rule tends to
retain only targets that exist in all the local posteriors over the
network, which makes it unsuitable for the distributed fusion
under sensors with limited and different FoV's. Equation
(18) provides a probabilistic way to calculate the fused
density, where the information difference among sensors
is preserved.
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Since the knowledge of UTIF is unknown at sensor
1, we construct the prior pdf of UTIF as follows.
Let jk,? = {] d7 € Ikl\Ikl 7 = j €
Tk2, lrow (x,(j %) = 1} denote the index set of targets

at sensor 2 that are UTIF of sensor 1, the pdf p()vc,(;)l |Z1.1)
is given by the following Gaussian mixture model

1 o (i ;
p(x})|zk,1) = 3 NEDGER)P)

| Tk 2 (19)

where E[-] is the expectation operator, and P is a
prior covariance. The existence probability of UTIF
is a parameter, which may be set to a value related
to the detection ability of sensor 1 and the existence
probability of the corresponding PT received from
sensor 2. Furthermore, if the new PT i € jk,l\Im
at sensor 1 is matched with a dummy PT at sensor 2
(ie., 7 = 0), then it does not exist and is represented

by a dummy pdf fp ()“cl(j)l)

3.2.2 BP-based Track Association

To perform the probabilistic fusion rule (18), it is
necessary to calculate marginal pmfs of p(7). In this
subsection, we obtain the approximate marginal pmfs
of p(7) by running BP on the FG devised for track
association. According to (16), we have

) Il Cizors 7€

ZEIle

where ¥(7) = 1if 7 € T and ¥(7)
Similarly, we introduce the association vector ¥ :=
[, .. ,gm,g)f
¥U) € Tp 1 U {0}. Herein, we make convention that
9 = 0 means that the target indicated by xgj ) at
sensor 2 is the UTIF at sensor 1, i.e., 7(7k117) = j. The
association vector 9 for sensor 2 is redundant with
for sensor 1, that is, one of the two association vectors
is determined and the other is determined as well. By
introducing ), ¥ (7) can be stretched and equivalently

(20)

for sensor 2, where the entries

expressed as
(I Ow) I =
1€Tk 1 J€Ly 2 '€k 1\ Ik 1
where
g 0 79 =00 % ior o) =i £ %
k 1, otherwise,

0 ) =i — gy, 901 £ 0 or

W;IJ _ ) ﬁ(i,—Nhl) — 0’ T(i/) ;é ’[:, — nk‘,l

1, otherwise.

= 0 otherwise.

Thus, the pmf p(7) in (20) can be rewritten as

%,] i/,l

(T e TT0) T Gt
ieIk,l jeIk,Q iIEi-kyl\Ik’l

(21)

A FG representation of the factorization (21) is shown
in Figure 2, which enables the use of efficient BP
scheme for the track association problem.

lln5|de FoV Targets.

Sensor 2

N

Sensor 1

Figure 2. Factor graph representation for the factorization
of p(7,9) in (21). Herein, C(;) is short for C; ), € Ly 1.

Specifically, once the incoming messages C; ) to
the track association part have been calculated, the
iterative message calculation between 7(?), ¥() and

W,ij are performed. In the iteration, the messages
4] () (4]
sow,i’j—w(a‘)(ﬁj ), and gb@;;’j—w(i)
updated, where the superscript ¢ denotes the number

of iterations. Hereafter, we abbreviate them as gom

(70)) are iteratively

i—]
and (;5 iy for notational convenience. The calculation
of cpz[l)] fori € 7, ; and j € Zj o are given by

b _ )
eli= 2 Coond I L o

T ey, ,u{0} 7' €Tk 2\j

4]

Z*)j

andp,".. => Def0,5} Ci 1 )W’l withj =1 —ny for

i€y 1\Zg,1. Similarly, the messages gb
and i € 7;,; are computed by

¢ EZLZ - Z Wk

19(1'>eIk,1u{0}

iy for j € Iy o

[e—1]
nk 1 +J —J

IT «=)

€Ty 1\

(23)
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¢ i1 =1 4
and ¢ELZ = Zﬂ(j)ezk.,lum} W;Z Hi/elk.’l SDE/_HJ with i =
ni1 + j for j € Iy, o. The iterative loop of (22)-(23) is

initialized by setting

%[O—]m‘ = Z

7(%) €T 2U{0}

= D

(@) €{0,i—ng 1}

Ci ¥, 1 €Ty

[0]

<pi—>i—nk71

R
Ciro ¥y i € Lpn\ Iy

(24)

The implementation and termination of the iteration
(22)-(23) is analogous to the iteration data association
at local sensors [32]. We denote the number of
iterations when meeting the stopping criteria as L7,
then the beliefs p(7(?) = j) approximating the marginal
pmfs of p(7) are obtained as

. C, (L]

p(r? = j) = 20 7 (%)

Zj/ezk,Qu{o} Civj@jqi
with qbgLﬂ :=1fori € Z; and j € I, o U {0}, and
CLJ¢£ZTz} j=i—my
, —— o =1 =Nk
5(7-(1) - ]) — Ci,o-l—C/%,é‘(bg-LﬂTi} (26)
. J =0,

FaR)
Ci,O+Ci,j¢££}

for i € ikjl\Im. We summarize the BP-based
probabilistic track association algorithm as follows:

Algorithm 1 BP-based Probabilistic Track Association

Input: Local pdfs pi(y,1) and pa(yx 2) from sensors
1 and 2, respectively;

Output: Beliefs ﬁ(T(i)), 1€ fk,l, J €Iy U{0};

1: According to (15) and (19), compute the messages
C; - by using local pdfs;
2: Initialize w[oi ; by (24), and iteratively compute the

messages QSE.ZLV cpﬂj for{=1,...,Ly;

3: Compute the beliefs p(7(*)) via (25) and (26);
4: return the beliefs p(7("),i € Ty, 1, j € T o U{0};

3.2.3 Consensus Fusion for Outside-FoV Targets

Let M, 5,5 = 1,2 denote the index sets of targets at
sensor s, which are outside the FoV of the reference
sensor 1. We present the fusion scheme for targets M;, ;
and My, » that are outside the FoV of the reference
sensor 1 as follows.

e Step 1: For each target i € M (maintained
at sensor 1) that received from sensor 2 at the
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previous time step, update it by corresponding
new information received from sensor 2 at the
current time step.

e Step 2:  For the rest of targets (in My ) at
sensor 1, perform the track association and
consensus fusion with the rest of targets (in
My, 2) received from sensor 2 (as described in
subsections 3.2.1-3.2.2).

e Step 3: For the unmatched targets (in My 2)
received from sensor 2, maintain them at sensor
1.

3.3 Summary of the Proposed DGTT Method

As presented before, Equation (18) provides the fusion
rule for two sensors in a probabilistic way, where the
track association problem can be efficiently solved
by running BP on the devised FG. While in practical
distributed fusion system with multi-sensor, it is often
that more than two local posterior pdfs to be fused
and a common method is to perform the pairwise
fusion. Thus, the fusion of |Cs| > 2 sensors can be
implemented by sequentially using the BP-based track
association method and the pairwise fusion (18) |Cs|—1
times. Specific procedure is summarized in Algorithm
2.

Algorithm 2 Consensus Fusion Algorithm

Input: |C;| local pdfs to be fused at sensor s € S;
Output: The fused pdf at sensor s;

1: for s’ € Cs\s do

2: Divide the targets at sensors s and s into two
disjoint sets according to the FoV of sensor s,
respectively;

3: For the targets at sensors s and s’ that are inside
the FoV of sensor s, compute the marginal track
association probabilities by Algorithm 1 using local
pdfs (at sensors s and s'), and compute the fused
pdf at sensor s via (18);

4: For the targets at sensors s and s’ that
are outside the FoV of sensor s, performing
the consensus fusion scheme as described in
subsection 3.2.3;

5: Substitute the fused pdf for the local pdf at
Sensor s;

6: end for

7. return the fused pdf at sensor s;

Thus, the main steps of the overall DGTBP algorithm
is concluded as follows:
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e GTBP for local sensors: Each local sensor s € S
receives the local measurements z;, ; at time &, and
runs GTBP [32] to obtain the local posterior pdf;

e l[terative consensus fusion for each local sensor: After
the processing of local sensors, Lo consensus
iterations are performed over the DSN. In each
iteration, each sensor s receives the local pdfs
from its neighboring sensors s’ € Cy\s. After the
information exchange, each sensor s performs the
consensus-based fusion via Algorithm 2. Note
that the original local posterior pdf at each sensor
s is replaced by corresponding fused pdf after
running Algorithm 2, which is used in the next
consensus iteration.

e State estimation and pruning: After performing
Lo consensus iterations, the state estimations
and existence probabilities are obtained for each
sensor s € S through the corresponding fused
pdf. Finally, a pruning step is performed at each
local sensor to remove unlikely PTs based on the
existence probabilities.

3.4 Computational Complexity and Scalability

By exploiting the scalability of BP, we propose a
DGTBP method. For ease of representation, we analyze
the computational complexity of DGTBP under the
assumption of a fixed number of BP iterations, and we
use the maximum possible number of PTs Npax :=
max{Ni,..., Ng} appearing in the DSN to analyze
how the computational complexity scales in the
number of PTs. In fact, this upper bound Npmax
will not be reached in most cases due to the FoV
limitations. Specifically, for each sensor s € S, the
overall computational complexity mainly contains the
following two parts:

o The computational complexity of GTBP: As shown
in [32], the prediction of the group structure
requires to be computed |G, | times, that is,
its computational complexity scales as O(|G, _|).
Furthermore, the computational complexity of the
measurement evaluation and iterative data steps
association scales as O(NmaxM s)-

o The computational complexity of consensus fusion:
Each sensor s requires to perform |Cs| — 1
times of the pairwise consensus fusion based on
Algorithm 2. Thus, the computational complexity
of performing consensus fusion at sensor s scales
as O(|Cs]). Since the maximum possible number
of PTs is Nmax, the computational complexity of
(15), (22), and (23) scales as O(N?2_,) in each

max

pairwise fusion.

Thus, the overall computational complexity of DGTBP
at each sensor s € S scales linearly in the numbers
of group partitions, local measurements, and its
neighboring sensors, and quadratically in the number
of PTs.

Remark 2 Notably, the computational complexity can be
further reduced in different ways, e.g., gating preprocessing
of targets and measurements [5], censoring of messages
[29], preserving the M-best group partitions, etc.
Specifically, gating technology can be employed for keeping
the number of considered group partitions and the size
of iterative data association at a tractable level. Message
censoring ignores these messages related to new PTs that
are unlikely to be an actual target. Preserving the M-best
group partitions at each time step reduces the computational
complexity of calculating the messages that involve the
summation over possible group partitions.

4 Algorithm Implementation

For the suitability of general nonlinear and
non-Gaussian dynamic system, we consider the
Monte Carlo (MC) implementation of the proposed
DGTBP method in this section. Due to limited space,
we mainly present the details of the particle-based
probabilistic track association and consensus fusion
(i.e., step 3 in Algorithm 2), where the particle
implementation of M-best GTBP for local sensors is
provided in [32].
Nk,

Let {{(xg;),wg;))}fil &y denote the particle
representation of the belief p(xy, 5, r1 s) approximating
the local posterior pdf ps(yrs), s € {1,2}, where L,
is the number of particles. Note that the summation
D le:Z,:sl) provides an approximation of the marginal
posterior pmf ps(r,(;’l = 1). Before performing
the consensus fusion (18), the beliefs p(7() and
the pdfs pffm (Sr,(;)l) are required to be computed.
However, since each sensor has its own particle-based
implementation with its own support, the particle
representation of the fused pdf cannot be directly
computed. A natural and common way is to use the
union of the particles as the support, and adopt the
kernel density estimation (KDE) method[13]. A KDE

approximation of p; (x,(;)s) is given by

2y L i) Sk Xk
K(x) = — Y w K(—>—>> 27
( k,s) Vi lZ; k,s ( h ) ( )
where w,(jj) = wl(;;) / ZZL:Sl w,(j;’;), K(-) is a Kernel
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function, h is the bandwidth, and V}, is the volume
of K which depends also on h. The use of a Gaussian
KDE and corresponding choice of the bandwidth can
be seen in [13].

( )
Let X; ) := {x(” L U{x; (7D }ZLQ1 denote the union

of the particles! to represent puT ) (xk 1) in (14), which
can be seen as the samples drawn from the following
the mixture important sampling density,
(@ T
Ly (p1(x ;(ﬁ)l = )) +L2(p2(x,(§2 ) = x))"
Li+ Lo

O]

pIs(x) =

and the weights for particles X,
by

“) € & - are given

¢® (p1(x ffl )" (pa(x f%»m
T L )™ + Lo (e )™

i,7(%)

By using the KDE approximation (27), the weights can
be approximated computed as follows:

= Dzt (Ki(x Eiu)))m (IN{Z(XEQ(U))M
Ci\r i) L4 (K1(Xgl<i)))m + Lo (Kz( E )u)))ﬁ

=)
Gy r(i)

,T

where D~ is the normalization constant that

Cipr@
provides an approximation of the integral of
i 7 (1)
pr (%X1)

T k1)
1%, (o)

D & )

- =1

EIL )))7r1 ([}2(X@ <¢>))W2
T Ly(RKa(x) )™

O]

The particles X o € Ko with weights ZZ‘(IT)M

provide a partlcle representation of pﬁrT< Y (x; )1) Thus,

a particle-based approximation of C; ) in (15) is
given by
& 2
=~ i\ T
Ci,fw =(1— U’IE; 1)) H(1- Z l(c2 ))
=1 =1
I oy L, (28)
% T DN
=1 =1
Substituting CN’Z ) for C; ;) in (22) and (24), and then

the track associatlon between sensors are implemented
by running (22)-(23) iteratively. After the iteration

'For the introduced new PT i € Zy,\Zy1, the particles

{x; (e, l)} are sampled from the pdf (19).
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terminated, the beliefs p(7(")) approximating the
marginal pmfs of p(7 ) are obtained by (25)-(26). Let
Xi = U0 5(r0)>01 4, -() denote the union of the
sets of particles with p(7()) > 0. Therefore, the

fused posterior pdf ﬁﬂ(y,(;)l) in (18) can be represented

by the particles {x m, where each particle 5(,(;11)

equals to one of the partlcle belonging to X;, and the
corresponding weight is given as follows:

~(1, ~ (4 I'=1 ' l'=
wl(fz,l) = p(T(Z)) 5
1,70

Next, a resampling step is performed to reduce the | X;|
particles to L; uniformly weighted particles at sensor 1,
which are used for the next time of the pairwise fusion.

Remark 3 Note that in each consensus iteration, each
sensor is required to transmit its own particles to the
neighbors of sensors, which may be impractical in the
case of limited communication bandwidth. To reduce the
communication burden, one may further approximate the
particle representation of pdfs at local sensors by Gaussian
pdfs. Then, the Gaussian parameters (i.e., mean and
covariance) are exchanged between sensors as an alternative
[15, 28]. By this way, the consensus fusion are performed
by using the collected Gaussian pdfs at each sensor, followed
by the conversion of the fused pdfs into particles.

5 Experiments

5.1 Simulation Setting, Comparison Methods and
Performance Metrics

We simulate three GTT scenarios using different DSNs
of increasing complexity to verify the performance of
the proposed method. Specifically,

e Scenario 1 simulates two sensor nodes with limited
FoVs, merging and splitting group targets, which
is applied to validate the capability of handling
group splitting and merging of the proposed
method.

e Scenario 2 simulates multiple sensor nodes
with limited FoVs, multiple group targets, and
ungrouped targets, which is used for evaluating
the tracking performance of the proposed method.

e Scenario 3 simulates a large number of sensors
with limited FoVs and is used to validate the
scalability of DGTBP.

These scenarios are simulated in the 2-D case with 100
time steps and the time sampling interval AT = 2's,
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where the individual targets are described by the state
vectors x,(;) = [:Jc,gl),:'cg)7y,gz), g),(f)]T of planar position
and velocity. The numbers of group targets and
ungrouped targets are time-varying, and the ground
truths are simulated using the constant velocity (CV)
model and the coordinate turn (CT) model [5].

The target XS) generates a measurement zgz) =
(m)

[x](j)ay](:)]T — Pks T Mg,
if 1rov, (x,(;)) = 1 and it is detected by sensor s,

where py, ; is the location of sensor s at time k and

by sensor s if and only

N (77,(6”2); 0,R) is a zero-mean Gaussian process noise
with R = diag(o;,07) and o, = 10 m. The clutter

pdf fc(s) (z,(gr;)) is assumed uniform in the FoV of
sensor s. Furthermore, we employ the same birth pdf
és) (igz)) constructed by using the measurements at
the previous time step [36] for the fair comparison
of all tested methods. The Poisson mean numbers of
clutter measurements and new PTs for each sensor are
set to u?’ = 1land ,uff) = 5 x 10~* in these scenarios,
respectively.

We consider the particle-based implementation of
DGTBP, which adopts the algorithm paradigm in
Figure 1 for networks of sensors with limited FoVs.
To verify the performance of DGTBP, we compare it
with the distributed BP (DBP) method, which can be
obtained by employing the same algorithm paradigm
as DGTBP with the BP method [23] substituted for
GTBP executing at local sensors. Furthermore, we
also consider a centralized GTBP (CGTBP) method,
which is a generation of the GTBP method [32]
to multi-sensor case by using a sensor-sequential
processing summarized in [23] (cf. Section IX-B). The
results of BP, GTBP for local sensors are provided
as well. Due to the settings of limited FoVs, we

adopt the following detection probability pgf) (;,(;)S) =

W,gzz x Pp at any sensor s, where Pp = 0.99 and
W = Sk trov, D )wl /(0F, wl) is the

summation of normalized weights of these particles

inside F'OV;. Herein, the coefficient W,Ezz is used
to handle the case that targets move across the
boundaries of limited FoVs, which makes the detection
probability more adaptive. The number of particles
(for representing each legacy PT or new PT state),
the survival probability, and the thresholds for target

declaration and pruning are set to L, = 1000,

P (x\) 099, P. = 08, and P, = 1073,
respectively. In all simulations, a target is pruned if
its existence probability is less than P,,. Since DBP

and DGTBP do not require sharing FoV information

between sensors, an additional pruning rule is also
used for DBP and DGTBP, i.e., a target is pruned if it
is not associated with local sensor measurements and
other sensors’ targets in K, consecutive time steps.
Furthermore, we use the CV model with the process
noise Qcy = 02GGT for filtering, where o, = 3 m/s?
and

AT AT 0 0

2
0 0 A AT

G =

In the iterative data association for local trackers
and track association between sensors, the iteration
is stopped if the difference in the Frobenius norm
of the beliefs is less than 10™° in two consecutive
iterations or reaches the maximum number 100 of
iterations. Furthermore, these methods perform
message censoring (described in remark 2) with
thresholds 0.3 and 0.1 for the data association at
local sensors and track association between sensors,
respectively. In the implementation of GTBP, 5-best
group partitions are preserved at each time step. For
DBP and DGTBP, 3 consensus fusion iterations are
performed at each time step?. More specifically, in
each fusion iteration, the conversion of particles and
Gaussian pdfs mentioned in Remark 3 is applied, and
only the approximate pdfs of targets with existence
probabilities exceeding the threshold F. for target
declaration are transmitted.

To compare the tracking performance, we use the OSPA
distance d\(-, ) and the OSPA(?) distance d\) (-, - ; w)
as the performance metrics, which is capable of
capturing a variety of tracking errors, including
location and cardinality errors, track switching and
fragmentation [38, 39]. The cutoff parameter, the order
parameters, and the window length are set to ¢ = 50,
p =1,¢ = 2, and w = 10 (with uniform weights),
respectively.

5.2 Scenario 1: Two Nodes with Merging and
Splitting Group Targets
In scenario 1, we consider tracking an unknown
number of group targets with group splitting and
merging by using two sensors with limited FoVs. The
simulated ground truths, sensor locations, and FoVs
are shown in Figure 3. The two sensors are positioned
at [500 m, 3000 m]™ and [3200 m, 3000 m]™ with the
radius being 2000 m, respectively. Targets 1, 2, and 3
are born at the time step £ = 1 in the FoV of sensor

“Since the consensus weight selection problem is not our focus,
we adopt the Metropolis weights [37] in this paper.
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Figure 3. The ground truths simulated in scenario 1. Sensor

nodes, starting and stopping positions are marked with v,

o, and [J, respectively.

1 and then merge into one group and traverse the
overlapping FoV. Followed by the group splitting, the
three targets die at k =
Moreover, the group targets 4 and 5 are born at k = 11

and die at k = 90 in the FoV of sensor 1, respectively.

Target 6 is born at k£ = 21 in the FoV of sensor 2 and
dies at £ = 100 in the FoV of sensor 1. The maximum

possible number of PTs is set to 15 when using CGTBP,

and otherwise 10. The pruning length threshold is set

to Kpr = 2 in the implementations of DBP and DGTBP.

80 in the FoV of sensor 2.
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Figure 4. The estimated trajectories tracked by different
methods at sensor 1 in scenario 1, where the color coding
represents target identities. (a) BP; (b) GTBP; (c¢) DBP; (d)

DGTBP.

Figures 4(a)-4(d) plot the true trajectories and the
estimated trajectories tracked by BP, GTBP, DBP, and
DGTBP at sensor 1 of one example run, respectively.
As shown in Figures 4(a)-4(b), BP and GTBP only
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Figure 5. The average tracking errors of all sensor nodes in
scenario 1. (a) OSPA distance; (b) OSPA(?) distance.

can detect targets in the FoV of sensor 1 due to the
limitation of FoV, and GTBP obtains better tracking
performance (e.g., fewer track switchings) than BP for
the reasons of jointly estimating the group structure
uncertainty and enabling flexible modeling of group
motions and single-target motions. Figures 4(c)-4(d)
show that DBP and DGTBP can successfully detect and
track all targets inside and outside the FoV of sensor
1 with the complement information from sensor 2,
which significantly improve the tracking performance
than BP and GTBP used for a single limited FoV
sensor. Simultaneously, benefiting from the merits
of GTBP for tracking group targets, DGTBP has fewer
track switchings and can handle group splitting and
merging more accurately than DBP, thereby obtaining
better tracking accuracy, which is further verified in
Figure 5.

Figures 5(a)-5(b) plot the average OSPA and OSPA(?)
distances for scenario 1 over 50 MC runs versus the
time step, where the spikes result from the track
initiation, termination delays and window effects. The
comparison results are consistent with the phenomena
shown in Figure 4. More specifically, DGTBP and
DBP overcome the limitation of FoVs and further



ICJK

Chinese Journal of Information Fusion

reduce the tracking errors by making full use of the
complementary information obtained from sensor 2,
and DGTBP obtains better tracking accuracy than DBP.
The reasons are the same as those analyzed for Figure 4.
Furthermore, the performance of DGTBP is close to
that of CGTBP.

Next, we consider a more complex scenario with
multi-sensor, multiple group targets and ungrouped
targets. The simulated ground truths, sensor locations,
and FoVs are shown in Figure 6. A total of 14 targets
(including 5 group targets and 3 ungrouped targets)
are simulated with various birth and death times. The
maximum possible number of PTs is set to 27 when
using CGTBP, and otherwise 18. There are 5 sensors in
the network, where sensors 1-4 have a limited FoV with
a relative angle of interval [-45°, 45°] and a radius of
2100 m, and sensor 5 is with a relative angle of interval
[—180°, 180°] and a radius of 1500 m. In this DSN,
sensor 5 can exchange information with the other four
sensors. The pruning length threshold is set to K},; = 3
in the implementations of DBP and DGTBP.
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Figure 6. The sensor nodes and ground truths simulated in
scenario 2.

5.3 Scenario 2: Five Nodes with Multiple Group
Targets and Ungrouped Targets

Figures 7(a)-7(d) plot the true trajectories and the
estimated trajectories tracked by BP, GTBP, DBP, and
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Figure 7. The estimated trajectories tracked by different
methods at sensor 5 in scenario 2, where the color coding
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DGTBP at sensor 5 of one example run, respectively. Figure 8. The average tracking errors of sensor 5 in scenario
2. (a) OSPA distance; (b) OSPA(?) distance.

On the whole, the comparison results shown in Figure
7 are similar those shown in Figure 4. Notably,
DBP may further intensify the confusion on target

identities when performing distributed information fusion for the targets within groups (that located in
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the overlapping FoV), leading to the performance
degradation (see Figures 7(a) and 7(c)). Furthermore,
DGTBP can successfully detect and seamlessly track all
group targets and ungrouped targets inside or outside
the FoV of sensor 5, which further demonstrate the
effectiveness of DGTBP.

Figures 8(a)-8(b) plot the average OSPA and OSPA(?)
distances for scenario 2 over 50 MC runs versus the
time step. The comparison results are consistent with
the phenomena shown in Figure 7, which confirm
that DGTBP outperforms DBP, BP, and GTBP in terms
of the average OSPA and OSPA(?). The reasons are
the same as those analyzed for scenario 1. Moreover,
the tracking performance of DGTBP is close to that of
CGTBP.

5.4 Scenario 3: A Large-scale DSN
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Figure 9. The sensor nodes and ground truths simulated in
scenario 3.

In scenario 3, we investigate how the fusion time
scales in the network size to demonstrate the excellent
scalability and low complexity of DGTBP. We simulate
a DSN with 20 sensors for tracking 14 targets
(including multiple groups and ungrouped targets)
with different birth and death times, where the
maximum possible number of PTs is set to 30 when
using CGTBP, and otherwise 20. The simulated
ground truths, sensor locations, and FoVs are shown
in Figure 9, where each sensor’s FoV is with a relative
angle of interval [—22.5°, 22.5°] and a radius of 2300
m. Due to higher uncertainty of this scenario, the
pruning length threshold is set to K, = 5 in the
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implementations of DBP and DGTBP.

Figure 10 plots the average fusion time per consensus
iteration, the average OSPA distance, and the average
OSPA®) distance over 100 time steps and 10 MC
runs versus the number of communication sensors
at sensor 4 (i.e., the number of sensors exchanging
information with sensor 4). The results indicate that
the average fusion time per consensus iteration scales
linearly in the number of neighboring sensors, which
is consistent with the analysis in Section 3.4. Moreover,
DGTBP inherits the same scalability as GTBP in the
processing of local sensor data, i.e., scaling linearly
in the numbers of preserved group partitions and
local sensor measurements, and quadratically in the
number of targets. Furthermore, with the increase of
the number of communication sensors, the OSPA and
OSPA(?) errors decrease. The reason is that the use of
multi-sensor allows for greater temporal and spatial
coverage, and better precision (within the overlapping
FoVs) than individual sensors with limited FoVs. As a
consequence, DGTBP has excellent scalability and low
complexity, which is applicable for the DGTT problem.

" —o—OSPA Dist - DGTBP —&—OSPA® Dist - DGTBP
- A-Fusion Time _-A
OSPA Dist- CGTBP = OSPA® Dist - CGTBP __ -~ 140

LAt

o
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Number of Communication Sensors

Figure 10. The average fusion time per consensus iteration,
the average OSPA and OSPA(?) distances at sensor 4 versus
the number of its communication sensors.

6 Conclusion

This paper focuses on the DGIT problem under
sensors with limited FoVs, and propose a scalable
DGTBP method. By considering the group structure
uncertainty, the proposed method can seamlessly
track the group targets and ungrouped targets and
accurately capture changes in group structure such
as group splitting and merging. To deal with the
target identity inconsistency of local sensors caused
by different FoVs and distributed architecture, we
efficiently solve the track association problem based
on the BP scheme and perform the consensus fusion in
a probabilistic way. Particularly, DGTBP has excellent
scalability and low computational complexity that only
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scales linearly in the numbers of group partitions,
local measurements, and neighboring sensors, and
quadratically in the number of PTs. Numerical
results for challenging DGTT scenarios demonstrate
the effectiveness of DGTBP.
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