Decentralised multi-sensor target tracking with
limited field of view via possibility theory
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Abstract—Quantifying negative information in an efficient way
is a challenging task, especially when this information has to
be communicated on a network. In this article we leverage the
unique properties offered by possibility theory to quantify and
approximate the negative information arising in the context of
tracking a target with a sensor that has a limited field of view. We
also verify experimentally that the corresponding target tracking
methodology can be applied in a decentralised manner to a sensor
network, while maintaining a performance close to the idealised
case where the initial location of the target is better-known.

Index Terms—Uncertainty modelling; negative information;
information fusion; Bernoulli filter; inverted Gaussian mixture

I. INTRODUCTION

The specific problem of tracking targets over a sensor
network, where each sensor has a limited field of view (FOV),
has attracted a lot of attention in the past few years [1]-
[6]. Beyond the practical relevance of this problem, it is
interesting at a methodological level since it truly tests the
efficiency of the different techniques used to handle the sharing
of information over sensor networks. Indeed, limited FOVs
make such information sharing crucial to maintaining the track
continuity for the target(s) of interest.

The standard probabilistic techniques for fusing the in-
coming information at a node of a sensor network [7], [8],
such as covariance intersection (geometric averages) [9]-[11]
or arithmetic averages [12], consider different principles to
approximate the true (i.e., non-distributed) Bayesian posterior.
This posterior distribution is inaccessible in practice as it
would require gathering all the observations obtained on the
network at a single node and performing a standard Bayesian
update there, which goes against the objective of distributed
fusion. Therefore, we will refer to the non-distributed Bayesian
posterior as the “oracle” from now on.

Recently, a decentralised fusion method [13] leveraging the
special properties of possibility theory [14], [15] has been
introduced, which recovers a possibilistic version of the oracle
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(when performed exactly) while satisfying the requirements
of decentralised inference. The context in [13] is restricted
to the possibilistic Bernoulli filter [16], i.e., for a single target
whose existence is uncertain, but the method has been showed
to generalise to multiple targets in [17] via the possibilistic
labelled multi-Bernoulli filter, which is also introduced in [17].

In this work, we consider limited FOVs in the context where
a single target might or might not exist from the first time
step onward. This is a simplified setting compared to the
Bernoulli filter as there is no target birth, only a potential
preexisting target. Yet, this is still a challenging scenario
because of the importance of negative information which has
to be represented compactly in order to being communicated
efficiently on the network. This negative information comes
from the fact that we often do not know where the target is at
first and, in any case, we need to model that it might not have
been observed at all because of the presence of false positives.
Our objective is to find a way of handling the prediction,
update and fusion of this negative information with as few
approximations as possible in order to retain as much of the
efficiency of decentralised fusion method of [13] while dealing
with limited FOVs.

II. POSSIBILITY THEORY

This section provides a concise introduction to possibility
theory; more information and insight about this theory in the
context of target tracking can be found, e.g., in [18] and [13].
We will work on Euclidean spaces such as R for some d >
0 although generalisations to more sophisticated spaces are
straightforward.

The objective of possibility theory is to represent epistemic
uncertainty, that is, uncertainty which originates from a lack
of knowledge rather than from randomness. This type of
uncertainty is usually modelled by subjective probability dis-
tributions, with practical limitations emerging in cases where
there is little to no information available, as exemplified by



the well-known paradoxes [19] arising when using improper
prior distributions to model the total absence of information.

In possibility theory, probability distributions are replaced
by possibility functions, which are non-negative functions
with a maximum (or supremum) equal to 1. It can be
proved [20] that these possibility functions behave similarly
to probability distributions under suitable assumptions; in
particular, Bayesian inference for hidden Markov models can
be performed almost as usual, by simply replacing integrals
with maxima, leading to an analogue of the Kalman filter [21]
which enjoys the same computational efficiency and robust
behaviour as its probabilistic counterpart.

To make statements about possibility theory easier to formu-
late, we introduce as is usual a notion of uncertain variable
which stands as a replacement for random variables. If the
quantity of interest is an unknown true state z* € R?, then
we represent the possible values that x* take via a function
x : Q — R with Q the set of all possible states of the
entire environment. We denote by w* the true state of the
environment so that x(w*) = a*. The possibility function
describing x is denoted f, and the possibility of an event
x € B for some B C R? is max,cp fo(x). As in the
probabilistic context, an event with a possibility of 0 is known
to be impossible but, as opposed to probabilities, an event
with a possibility of 1 is an event against which there is
no information. This difference between the two frameworks
helps representing negative information, as required in the
context of interest, by setting fz(z) = 1 for all the values
x € R? about which there is no information. In the case where
there is no information at all, the possibility function f, can
be set to 1 everywhere, which we denote by f, = 1. Such an
uninformative possibility function is proper and can be shown
to avoid the above-mentioned paradoxes. Since possibility
functions become less informative as they increase in value,
we can define a partial order between them: If f, and fw
are two possibility functions describing two different levels
of information abgut x,' then fz can be said~to be more
informative than f,, if it holds that fg(x) < fz(z) for all
x € RY The inequality cannot be strict since it must hold
that fz(z) = 1 whenever fg(z) = 1. This is practically
relevant since one can replace f, by f» when the latter is less
informative for reasons such as computational convenience,
especially when fm takes a simple parametric form. Although
an information loss occurs in such a replacement, it does not
introduce any positive information whatsoever.

If « and another uncertain variable y on RY are jointly
described by a possibility function fg,, then the marginal
possibility function describing @ can be obtained via

fole) = max foy(z,y), o €RY

yeR?
and similarly for f,. Such a marginalisation allows for per-
forming predictions when x and y represent the state of a
target at different time steps. If it happens that fg ,(z,y) =

IThis is meaningful since information about an unknown but fixed quantity,
as opposed to the distribution of a random variable, is not unique.

fe()fy(y) for all (z,y) € R? x RY then x and y are
said to be independent. One can also obtain the posterior
possibility function f5 (- |y = y), in which case y is typically
considered as an observation. Instead, we will consider here a
more sophisticated setting [20] where the observation process
is random and characterised by a random variable Y | ¢ = x on
R?" distributed according to p(-| ). In this case, the posterior
possibility function fg(-|Y = y) is characterised by

Py | 2)fa(x)

maxg g P(y | 2') fa(27)’

fa(@|Y =y) = I'GRd,
where f, describes x. If f, is the uninformative prior, i.e.,
fe =1, and if p(- | x) is a normal distribution with mean x
and covariance X then the posterior possibility function is

fe(x|Y =y) =exp ( - %(x - y)TZ_l(ﬂc - y))
= N(z;9,%),

where - T is the transpose and where =: indicates that the r.h.s.
is defined by the Lh.s. of the equation. The possibility function
N(-;u,%) can be meaningfully referred to as the Gaussian
possibility function with mean p € R? and covariance X as it
satisfies very similar properties to its probabilistic counterpart.
One such property is that of conjugacy: if the prior f, is a
normal possibility function and p(- | z) is a normal distribution
of the form N(-; Hz,Y) for some d’ x d matrix H, then the
posterior f(-|Y = y) is also a normal possibility function.
The uninformative possibility function is part of this conjugate
prior family, so that we can initialise the information about
the target state to be uninformative about all or some of the
components of the state.

III. THE POSSIBILISTIC BERNOULLI FILTER

A. Original form

We consider the possibilistic Bernoulli filter (PBF) [16] as
it allows, in principle, to perform optimal decentralised fusion
[13]. More sophisticated methods such as the possibilistic
labelled Bernoulli filter [17] will be considered in future work.

We assume that the target’s state takes value in R¢, for
some d > 0. Since the state space is not bounded, it is not
possible to define uniform prior probability distribution for the
target, and negative information would be equally difficult to
represent with a probabilistic approach. At time step k — 1,
we consider an uncertain variable Xj;_1 defined on the set X
of subsets of R with no more than one elements, i.e. X € X
is either the empty set of a set of the form {z} for some
2 € R%. The uncertain variable X}_; models the fact that the
target may or may not exist at time step k — 1, with the event
X,_1 = 0 corresponding to the case where it does not exist.
Based on all the observations collected up to time step k — 1,
the information available about the uncertain variable X, _1

2The notation Y |& = a2 implies that Y is indeed random once the
deterministic but unknown quantity « is set to .



can be described by a possibility function Fj_; on X of the
form

Fooa(X) = {5k_1 it X =0

ag_1fe—1(r) if X = {x} for some x € R%

By construction, it holds that fx_; is a possibility function
on RY and that the set {(0,8s_1),(1,ax_1)} is the graph
of a possibility function describing the cardinality of Xj_;
(ALTERNATIVE: the possibility function defined by f(0) =
Br—1, f(1) = ap_1 describes the cardinality of X;_;). In
general, instead of defining Fj_; explicitly as above, we will
simply say that F}_; has parameters ay_1, Ox—1 and fr_1.

To describe the possibility of birth and death of the target,
we introduce a 2 X 2 transition matrix 7 with 7;; corresponding
to the transition from cardinality ¢ to cardinality j, e.g., 7o
corresponds to the possibility of a target death, which we
assume to be such that 79 < 1. Since we are considering the
case where there is no target birth, we set 7yp; = 0. It follows
that 799 = 711 = 1, since it must hold that max{r;p,7;1} =1
for any ¢ € {0,1}. It can then be shown that, under the
considered assumptions, the predicted possibility function
Fyx—1 has parameters a1, Brjrp—1 = max{fBy_1,x 1710}
and

frp—1(x) = sup g(z|2’)fr—1(z"),
z’ €R4

with g(-|’) the possibility function describing the target’s
state transition.

When receiving the next observation set Y, we compute
the updated possibility function Fj, with parameters

Br < K(Yk)Brir—1 (D

o X Q1 suﬂg) (Y| ) fropr—1(2) 2)
zeRd

fula) = Yy | @) frpp—1 (@) 3)

sup,epa £(Ye [ 2) fp—1(x)’
where k is the distribution of the set of false alarms and where

UYi | @) = max { fa(2)w(Y2), max aa(@)p(y | 2)s(Vi\{y}) },

with «q(x) and S4(z) defining a binary possibility function
corresponding to detection and detection failure, respectively,
and with p(-|x) the probability distribution characterising
the (conditionally random) observation process. We assume
throughout that the observation space is R, for some d’ > 0.

To implement this recursion in the linear-Gaussian case, we
assume that f_; takes the form of a Gaussian max-mixture,
that is

feo1(x) = max  wp_1iN(@s -1, Peog) 4
i€{1,...;Nr_1}
where, for each index i € {1,...,Ny_1}, wg_1,; is a non-

negative weight, ji;,_1; is a vector in R? and Py, is a pos-
itive semi-definite matrix. Under some additional assumptions,
e.g., supposing that S4(x) is in fact constant, the prediction
and update steps can be found to be closed-form, i.e., the
predicted and updated possibility functions f,—1 and fj are
also Gaussian max-mixtures.

B. Decentralised fusion for the PBF

We consider a network with n sensor nodes S;, ¢ €
{1,...,n}. The objective in this section is to track the target
in a decentralised manner by processing the observation at
each sensor node before exchanging the obtained posterior
possibility functions on the network and performing fusion at
each node. The communication and fusion steps are repeated
L times in order to ensure that the information from all sensors
has reached all nodes. The properties of possibility functions
allow to recover the possibilistic oracle when L goes to infinity
[13], a result that is unique to this approach. Examples of these
properties are:

1) if f is a possibility function then f“ is also a possibility

function for any w € [0, 1]

2) in particular, the normal possibility function is closed
under power, i.e., N(z; 1, X)* = N(z; u, ©/w)

3) if f is a possibility function representing some informa-
tion, then f¢ and f!~“ are two independent possibility
functions, i.e., there is no redundancy between the infor-
mation in f“ and the one in f!~¢

These properties can be used to ensure the independence of
the information maintained by each sensor node, by following
two principles:

1) The Markov transition at S; allowing to predict X, given
X1 is discounted by raising it to the power of w; €
[0,1], with Y0 | w; = 1.

2) If F,éi) is the posterior possibility function obtained at
sensor node S;, i € {1,...,n}, and if \; is the set of
neighbours of S;, then S; communicates (F},”)% to the
neighbour j € N, with 37\ v; = 1.

Additional motivation, details and proofs can be found in [13].

IV. FUSION WITH LIMITED FOVS

The Gaussian mixture implementation mentioned in Sec-
tion III-A assumes that the possibility of detection failure
Ba(z) is constant. This is not often the case in a multi-
sensor context since sensors generally do not have a FOV
that covers the entire area of interest, and rarely have a
constant probability of detection over their FOV in any case.
In addition, the probability of detection is often assumed to be
approximately constant across the likely states of a target in a
given term of the underlying Gaussian mixture. However, that
would not the case for a term corresponding to a potential
target that has never been detected since the beginning of
the scenario, especially in cases where the initial information
about the target location is scarce or unavailable. Indeed, in
these situations, the corresponding possibility functions would
have to model negative information, by representing the fact
that the target can be anywhere but close to a sensor. The
objective in this section is to devise a way to represent and
approximately propagate such negative information.

In the remainder of this section, we distinguish between a
component of a vector, e.g., the first component z; of the
vector z € RY for some i € {1,...,d}, and a mixture

term, e.g., a term w;N(x; pig—1,;, Pe—1,) of the mixture (4),



though we will also consider non-Gaussian mixture terms later
on. In addition, we distinguish between observable/hidden
components of the state z, i.e., components that are/aren’t mea-
sured by an observation y, and observed/unobserved mixture
terms, i.e., mixture terms that have/haven’t been updated by an
observation at least once throughout the previous time steps.

For a given sensor s € {1,...,n}, we consider a probability
of detection of the form pq () = pamaxN(Hz; Hxs, 0fcpy Lar)
where =, € R? is the state of Sensor s and I is the identity
matrix of dimension d’. Considering an arbitrary diagonal
matrix as covariance matrix would be a straightforward gen-
eralisation. In addition, we assume that the initial possibility
function, i.e., the possibility function at time £ = 1 when
no observation is available, denoted fi|o, is a product of two
possibility functions ffl o and flv‘o, one on the observable com-

ponents p € R% of x (positions in our context) and one on the
hidden components v € R% of z (velocities in our context),
with d, + d, = d. In particular, we assume that fﬁo =1. We
also assume that the possibility of detection is ag = 1, and that
Ba(z) = 1—pq(z) for any 2 € R?. Under these assumptions, a
subsequent possibility function f;_; cannot easily be assumed
to be a Gaussian max-mixture and, instead, we assume that it
is of the form fi_1(x) = max{wyx—1fur—1(2), for-1()},
where wy ;—1 € [0, 1], where f, x_1 corresponds to observed
mixture terms (detected at least once in times steps up to time
k —1) and f, r—1 corresponds to unobserved mixture terms,
i.e., those that have never been detected up to time k — 1.
The possibility function f, ;1 is assumed to be a Gaussian
max-mixture, i.e., it is of the form

for—1(x) = max

i€{l,...,N_1}

Wi—1,:N(2; e—1,i, Po—1,),

whereas fy -1 is assumed to be of a similar product
form as fio. In particular, we assume that f, . 1(x) =

fg,k—l(p)fg,k—l(v)’ with ft\ll,k—l(v) = N(v;0,0214,), and
with

o) =1—  max  Wr_1N(p; fir—1,i, %1 :1a,)

ie{l,....Ny_1}
= min 1 — Wp_1,:N(p; fle—1,i, 571 1a, )
ie{1,..,Ny_1}
which can be seen as an “inverted” Gaussian max-mixture.
This form is useful to represent negative information, e.g.,
when we only know that a target is unlikely to be close to
a sensor but could be anywhere else otherwise. However, the
usual Gaussian (max-)mixture properties regarding prediction
and update in the linear-Gaussian case cease to hold with
such an inverted mixture and approximations have to be
introduced. Since we will assume the independence of the
components in the possibility functions related to unobserved
mixture terms, one-dimensional techniques will be sufficient.
In particular, for any term of the form 1—wN(p; ji, 5214, ), we
will treat each marginal separately, that is for each component
jeA{l,...,d,}, we will consider the one-dimensional possi-
bility function f,, ;(p;) = 1 —wN(pj; jij, 52). We then define
support points p;1,...,p; v and approximate f;, ; via the set
of pairs {(pj1, ;)Y with aj; = f,.;(p;ji1), as shown in

Figure 1a where one support point is placed at ji; and the
others are placed arbitrarily at i; & & and [i; = 25. Although
very crude, this type of approximation will prove sufficient
for our purpose. Similar schemes based on a larger number of
random support points [22] could also be considered. Based
on the support points {(pj,;;)}y,, we can recover the
possibility function f, ; exactly, as long as one of the support
points is at ji;, via the optimisation problem

min 7 &)
subject to 1 — wN(pj; fij, 7 1) > ey for L € {1,..., N},

where 7 is the inverse variance, also known as the pre-
cision. The quantities w and ji; can be recovered from
{(pjro )}, as w = 1 — ajy= and ji; = pj- with
[* = arg min; or;,;. The optimisation problem (5) can be solved
easily as

7 = max - . (6)
(pja — #5)?

If the components of p were not independent, the optimisation
problem to find the precision matrix, i.e. the inverse covariance
matrix, would require to solve a (convex) optimisation problem
on the cone of positive definite matrices, which would require
a proper optimisation procedure [23], as opposed to simply
evaluating N — 1 quantities as in (6).

A. Prediction

The prediction of terms in f, ;—1 can be carried out as usual.
For terms in f, ;—1, we first have to derive a suitable motion
model that preserves the independence between position and
velocity. To this end, we consider a specific motion model
g(z|2') = N(z; G2', Q) with

_ 1 A 9 A*/4 A3)2

G—IQ®|:O 1:| and Q—U 12®|:A3/2 A2 3
where A is the time step. We derive the marginal motion
models for the positions and velocities respectively as

9p(p|p") = sup N(z; Ga', Q) fY 1 (v)
v,v!

= N(p;p',0215)
gv(v|v') = supN(z; Gz', Q) f 1.1 ()
p,p’

= N(v;v',AQIQ),

where 02 = A?02 4+ 0?A" /4 and where z and 2 are implicit
functions of p, v and p’, v’ respectively. Since the components
of gp(-|p’) are independent, we can easily get the Markov
transition of the j-th component of p, ;7 = 1,2, as the one-
dimensional Markov transition gy, ;(p; | p}) = N(pj; pj, 07).
In order to apply the marginal Markov transition g, (-|p’)
to the possibility function f§7k_1, we can use a support-
point approximation {(p; ;;, fp,i.j (p;’j’l))}fil for the j-th
component fp;; of the i-th Gaussian term f,; = 1 —
u”/k,l,,-N(ﬁk,l,i,5,%_17i1dp) of f5._i- Applying the one-
dimensional Markov transition g, ;(- | p’;) step to fy; gives

max }fp7i7j(p;,j,l)N(pj;p;',j,lyUg)a @)

e{1,...,N
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Fig. 1: Approximation, discount and prediction mechanisms
for ~a one dimensional inverted Gaussian of the form 1 —
0.9N(-;0,100).

which is a Gaussian max-mixture as shown in blue in Fig-
ure lc. To obtain an approximation for the j-th mixture term
of the predicted possibility function ff, flk—1 corresponding to
ff,k—l’ we once more define support points for each term
in the mixture (7) and define the set of weighted support
. 2 . .

point {(p; i, i i)}, as the union of all obtained sets
of points, hence the total of N? points. We then fit a new
Gaussian possibility function via an optimisation of the same
form as (5) to obtain the predicted possibility function as
shown in red in Figure lc. The prediction for the hidden
components of fy x—1 is standard, that is fx,k|k71(”) =
max,crdv QV(U ‘ U/)fcll,k\k71(vl)'

B. Update and fusion

Update and fusion can be treated in very similar ways,
which makes the following generalisation useful: in both cases,
we multiply together mixture terms of two distinct forms, some
being weighted Gaussian possibility functions (with relatively
small variances) and some being inverted Gaussian possibility
functions at the level of the observable components (with
relatively large variance). We define these terms in general
as

fio(®) = wiN(x; pi, P;)

and fi,u(-r) = zl::u(p) ;ju(v) with

fPulp) = min 1 —; ;N(p; fi j, 07 ;1a,)
j€{l,...N}
=! min ipj
je{1,....,N} "~
and fY(v) = N(v;piy, Piyv), with i = 1,2. The above-

mentioned assumption about the variallnce can be translated as

o 2 .
det(HPH") < det(a?,Jdep) = ;7 for any 4,i" € {1,2}
and any j € {1,...,N}, based on which we make the
approximation

fi,o(x)fi',u(x) ~ ﬁ,u(ug)fi,o(x)fﬁ’u(v) (8)

where p} is the vector of observable components of ;. This
approximation is based on the fact that f; , is nearly constant
where f; , is non-negligible. The product fi o(x)f20(z) is a
weighted Gaussian possibility function whose expected value
and variance can be computed exactly. For products of the
form f7 (p)fs.(p), we assume that one of the two terms
can be treated as a reference, say f{’, w» and support points
{140 17 (p1,.1)) Y, can be introduced for each mixture
term f,, j € {1,...,N}. The weight is then adjusted to
fou(@ii)f1 j(p1,51) and a new inverted Gaussian is refitted
via (5).

In the case of an update, we can set f;, as one of the
mixture terms in the predicted possibility function f, x—1
and f5, as the information produced by the observation y,
that is

p(y|x)
max, g P(y| ')

fao(z) =

We can also set fi, as one of the mixture terms in the pre-
dicted possibility function f Kk and f3., as the possibility
of detection failure B4 (which does not depend on v). For
instance, in this context, (8) corresponds to the usual approach
of considering the probability of detection constant over the
region where the target is likely to be.

In the case of fusion, all the considered terms are simply
discounted mixture terms from different sensors. However,
to implement a discount on an inverted Gaussian possibility
function, we resort once more to the support point method, as
illustrated in Figure 1b.

C. Algorithm

The proposed method is summarised in Algorithms 1, 2
and 3, which are adapted from their original form, given in
[13]. In Algorithm 1, the n X n matrix I' is such that I'; ;
is the discount when node S; sends information to node S;,
i,7 € {1,...,n}. In Algorithm 2, each observation in the
set {y1,...,yn} is assumed to be drawn from the normal
distribution N(-; Hz, R) when the target is at state x € R%,
with H the observation matrix and R the covariance matrix
of the observation noise. Also, o, and faj are implicitly
induced by the possibility function f, ;, with the former being
the standard deviation of the hidden components and the
latter being the possibility function describing the observable



Algorithm 1 Decentralised fusion at the sensor node S;

Input: Sequence of observation sets (V3)X_ | at S;; Total
number of time steps K; Discount factor w; € [0, 1]; Weight
matrix I'; Number of network iterations L

I: N« 0

2 a+1, 8«1

3wy — 1

4: forall k€ {1,...,K} do

5:

6: o+ &

7: B« max{f, ar%i}

8: for all j € {1,...,N} do

9: pj = Gpi

10: Pj <—GPjGT—|—Q/wi

11: end for

122 forall je{l,...,N} do

13: fu;j < PredictUnobserved( fy ;)

14: end for

15:

16: F® 5

LocalUpdate(Yk, a, B, (wj7 i Pj);‘vzlv Wu, (fu,j);’vzl)

17:

18 forallle{1,...,L} do

19: Broadcast F'®

20: Receive {F() : i’ € N;} from neighbours
21: for all i/ € \V; do

22: F® « Fusion(F®, FO) T, T; )
23: end for

24: end for

25: [ 1

26: (daﬁa (wjvuﬁpj);'\f:l’wuv(fu,j)ﬁ'vzl) «— F®

27: end for

components. Finally, 0; 4, denotes the 0 row vector of di-
mension dy. In all three algorithms, the functions related to
the unobserved components such as “PredictUnobserved()”
and “MultiplyUnobserved()” are not given explicitly as they
correspond to the methods detailed in Section IV-A and IV-B.

Since we consider that the state space is the whole of R<, the
product between two inverted Gaussian possibility functions
will always have a supremum equal to 1, which simplifies
some of the calculations.

V. EXPERIMENTAL RESULTS

Throughout this section, the units are the ones of the inter-
national system, e.g., meters and seconds, and are therefore
omitted. To assess the performance of the proposed method,
we consider a scenario with K = 50 time steps of duration
A = 1, where the target evolves according to the Markov
transition N(-; Gz, ), with G and Q as defined in Section IV,
with 02 = 1. The observation matrix is

1000]

H:{OOIO

Algorithm 2 LocalUpdate(Y, F)

Input: Observation set Y = {y1,...,yn }; Possibility

function under the form .
F= (Ol, ﬁv (wjv Hjs Pj);’vzlv W, (fu,j);’vzl))

1: for all j € {1,...,N} do

9

3 ﬁ)j — ﬁ(m(Y)wj

4 iy

5: Pj — Pj

6 for all m € {1,..., M} do

7

8 j <~ mN+j

9 cm,j + |27 R| 7Y N(y; Huj, HP;H' + R)
10: lf]j/ (—A Cm,jozdfﬁ(y \ {ym})UJj

11 (fjr, Pjr) < KalmanUpdate(u;, P;)
12: end for

13: end for

14:

15: for all m € {1,..., M} do
16 j <~ (M+1)N+m
’llA)j/(—l

18:  forall j€{1,...,N} do

19: ;s < min {d;/, f}j’j(ym)}

20: end for

2 by [27R| 7Y 2waby

22: /:fj/ — [y;,ol,dv]T

23: Pjr « blockdiag(R, 021,,)

24: end for

25: for all j € {1,...,N} do

26: fu,; < MultiplyUnobserved(fy,;, 84)
27: end for

28:

29: u +— max{wy, max; w;}

30: Wy — Wy/u

31 (1 )i N e ()i fu

32:

33: (ﬁ)j, ﬂj, Pj)évzl — Rcduction((tbj, ﬂj, Pj)§fl+1)N)
34:

35 & + ua/ max{ua, k(Y)8}

36: 3+ k(Y)B/ max{uc, 5(Y )5}

Output: F = (&, 3, (W, fi;, PNy, i, (fu))1)

and the covariance of the observation noise is R = 5%15. In the
proposed approach, the only information about the target at the
first time step is about its velocity, described by N(-;0,0215),
with o, = 5. In the generated scenarios, the initial location
of the target is actually always in the middle of the scene, at
[500, 500], the magnitude of its initial velocity is fixed to 10
and its direction is drawn uniformly at random between 0 and
2m. The target is then propagated until its time of death, at step
45, whereas the possibility of death is set to 779 = 0.01. The
sensors are fixed at locations [200, 200], [200, 800], [800, 200]



and [800,800], and their FOV is as assumed above via the
definition of pq, with oroy = 200 and with pg max = 0.9.
A realisation of such a scenario is shown in Figure 2. The
number of false alarms is Poisson distributed with parameter
5 and their location is drawn from the probability distribution
with the same shape as pq, that is N(-; Hz, O'%OVIQ) for the
s-th sensor, s € {1,...,n}; indeed, it makes sense that there
are less false alarms, e.g., due to background objects, where
the probability of detection is low. The terms of the observed
max-mixture are pruned when their weight falls below 1073
and are merged when the possibilistic Hellinger distance [18]
between them falls below 0.1.

The corresponding OSPA metric [24], averaged over 50
Monte Carlo runs, is shown in Figure 3. It confirms that
the proposed method, which is decentralised and exploits no
particular information about the initial target location, can do
nearly as well as the probabilistic and possibilistic oracles.
These methods are called oracles in this context for two
reasons:

1) All the observations from all sensors are collected at each
time step and processed in one central node, i.e., these
methods are not distributed.

2) These methods are given information about the location
of the target at the first time step under the form of a
normal possibility function / probability distribution with
expected value [500,500,0,0]" and covariance matrix
diag([25, 25, 5, 5])2.

The difference between the two oracles could be due to
differences in parameterisation, especially at the level of the
confirmation threshold: The possibilistic method confirm the
presence of the target if Jr < 0.05, i.e., if there is strong
evidence that the target is not absent, while the probabilistic
oracle uses a threshold of 0.1 for the highest weight in the
underlying Gaussian mixture. This very low threshold for the
probabilistic case is required because of the low probabilities
of detection occurring in the studied scenario, penalising
updates even when the model predicts the observation very
well. This is not an issue with possibilistic methods since
the possibility of detection is always equal to 1. The use of
such a low threshold in the probabilistic oracle means that the
algorithm takes time to detect the death of the target at time
step 45. A higher threshold would shift the problem to the
initialisation.

It was shown in [13] that the decentralised PBF could
very closely match the performance of the oracle, as opposed
to standard geometric/arithmetic average methods such as
[12], [25]; these methods will be further affected by the low
probabilities of detection that occur in the studied scenario,
and are therefore not considered here.

VI. CONCLUSION

By introducing general principles for representing negative
information in tracking, and by applying these principles in
the context of multi-sensor distributed fusion, we have shown
that it is possible to retain a very strong performance despite
the distributed setting and the realistic observation conditions.
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Fig. 2: A realisation of the considered scenario as a function
of the two positional components p; and ps with triangles
denoting sensor location, yellow concentric circles denoting
the 0.5, 1 and 2 standard deviations contours, with the red
circle and red cross denoting the location of at the first time
step and at the time of death, respectively, and with the red
line denoting the target trajectory.
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Fig. 3: OSPA distance for the proposed method, “Possibilistic

decentralised”, compared to the possibilistic and probabilistic

oracles, averaged over 50 Monte Carlo runs.

Indeed, we considered limited fields of view induced by an
exponentially decaying probability of detection, which are
difficult to handle despite being common with real sensors.
Future work will consider more sophisticated settings with a
general target birth scheme as well as an unknown number of
targets.
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Algorithm 3 Fusion(F, F',~,~")

Input: Two possibility functions under the form
F= (Oz,ﬁ, (wj, pj, Pj )é\/ 1awu, (fuj)g 1) and

F= (8, (w ],MJ,P’)J Ll ( 13])] 1) Discount
weights ~ and +/

D = = ks ks s s s e
S e AT - el

21:
22:
23:
24:
25:
26:
27:

28:
29:
30:
31:
32:
33:
34:
35:
: u 4+ max{wyw,, max; w; }
Dy 4 wawy /u
D (W)L (W)l /u

cforall j€{1,...,

R A A S

s wy — (wy)Y, W <—u(w{1)7/
:forall je{1,...,

N} do
fu,; ¢ DiscountUnobserved( fy ;)
end for
N’} do
1’1,j <+ DiscountUnobserved( 1/”)

: end for
:forall je{1,...,

N} do

for all j/ € {1,...,N'} do
m <+ (j 1)N/ +7
« (w; )”(w DN 1y, Py + P /)
(AV Pyt '
m(’Y(PJ

7 "(P)7Y)
g+ (Py) " dly)
end for

for all j' € {1,...,N'} do
m <« NN'+ (- 1N +j
(Wi flm, o) <=
FuseUnobsObs(wy, f j/, ((w;)7,
end for

end for

i, Pj /7))

for all j/ € {1,...,N'} do
for all j € {1,..., N} do
m <+ N(N'+N') + (j' —
(@ fims Prn) 4
FuseUnobsObs(wy, fu,;, ((
end for
end for
N+ NN'+ NN'+ N'N

N +j

)i Pi/y)

for all j € {1,...,N} do

fu.j < MultiplyUnobserved (fummm e, N} f"”)

end for

: (’II)J‘, ﬂj, Pj)é\/v:l — Reduction((wj, ﬂj, Pj)évzl)

¢ @+ uaa'/ max{uaa’, BB’}
0 B« BB/ max{uaa’, BB’}
Output: F=

( 5 (wjﬂlujﬂp)év 1»wu7(fuij)§v 1)




