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Abstract. This paper deals with the association step in a multi-sensormulti-
target tracking process. A new parameterless credal methodfor track-to-track as-
signment is proposed and compared with parameter-dependent methods, namely:
the well known Global Nearest Neighbor algorithm (GNN) and acredal method
recently proposed by Denœux et al.

1 Introduction

In a multi-sensor context, the target environment can be observed differently depend-
ing on sensors positions and observation capabilities. A centralized fusion process can
then help to enhance targets detections and recognitions. To realize the merging of tar-
gets data, the central system has amongst other things to order targets estimated data
in a common way, which is done through the track-to-track assignment step. Numer-
ous probabilistic methods have been proposed to solve this problem such as the Joint
Probabilistic Data Association (JPDA) method [1, 2] and theMulti-Hypothesis Track-
ing (MHT) method [2]. In the latter, probabilities of associations are propagated over
time, which makes this method more robust but also more computationally demanding.
Other probabilistic methods can also be found in [2–4].

The focus of this paper is on mono-hypothesis data assignments where matchings
between sensors estimates are computed at each time step andno other hypotheses are
conserved. In two dimensional assignment problems, which means data obtained from
two sensors, optimal matchings can be provided using the Munkres algorithm [5]. Per-
formances are therefore dependent on the manner that data are represented and given
to the optimal Munkres algorithm. In the standard Global Nearest Neighbor algorithm
(GNN) [2], data are simply Mahalanobis distances [6] between sensors positions esti-
mates, and a parameter is needed to manage targets which are partially observed (which
do not belong to all sensors fields of view). Recently, an equivalent belief-function-
based method was proposed by Denœux et al.[7]. Mahalanobis distances in this method
are transformed to mass functions. This method has the ability to perform multiple in-
formation based assignments but, as in GNN method, it still depends on a fix parameter
in order to build mass functions from distances. Some other equivalent credal solutions
can be found in [8, 9]. The method proposed in [8] models information in the same way
as in [7] and [9] proposes a comparison study of the recent belief functions assignment
methods.

In this paper, a new parameterless credal method based on likelihoods calculations
is proposed. Using single sensor simulations this method isshown to perform as good
as parameter-dependent methods when their parameters are optimally trained.
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The multi-sensor multi-target tracking architecture usedin this paper is presented in
Section 2. The proposed solution for the assignment problemis exposed in Section 3.
Comparison results are then provided in Section 4.

2 Multi-sensor multi-target architecture

A centralized multi-sensor multi-target architecture, simplified to two sensors, is illus-
trated in Figure 1. It represents the solution implemented by the authors, which has been
employed in previous works [10, 11] and which is used in this paper in Section 4.

Fig. 1. Track-to-track algorithm based on sensors estimates in a multi-sensor multi-target global
scheme.

Each sensor performs a complete tracking and a classification of each target. Details
about local tracking and classification algorithms can be found in [11]. Track-to-track
assignment can be exclusively performed using distances between sensors estimates, it
represents the solution without local classification feedbacks represented in Figure 1.

At each time stepk, the set of estimates performed by sensori is notedX̂i(k) =
{x̂1

i (k), x̂
2
i (k), . . . , x̂

ni
i (k)}, whereni is the number of targets observed by sensori at time

stepk, andx̂t
i (k), t ∈ {1, . . . ,ni}, is the state estimate of targett.

For each time stepk, the distance between the state estimate of targett by sensori
and state estimate of targetℓ by sensorj is defined by:

dt,ℓ(k) = (x̂t
i (k)− x̂ j(k)

ℓ)T(Covt,ℓ(k))
−1(x̂t

i (k)− x̂ℓj(k)), (1)

with t ∈ {1, . . . ,ni}, ℓ ∈ {1, . . . ,n j}, ni andn j respectively the number of targets ob-
served by sensorsi and j at time stepk, and the global covariance matrixCovt,ℓ(k)
taken equal to the mean value of the covariance matrix of target t estimated by sensori
(notedPt

i (k)) and the covariance matrix of targetℓ estimated by sensorj (notedPℓ
j (k)):

Covt,ℓ(k) =
1
2
(Pt

i (k)+Pℓ
j (k)) . (2)

Local classifications performed by sensors can be used to enhance track-to-track
assignment step. This is done using the feedback assignmentstrategy given in Figure 2.
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Fig. 2. Track-to-track algorithm based on sensors estimates and local classification results in a
multi-sensor multi-target global scheme.

Suppose targets local classifications results are given in the form of mass functions
m expressed on a the frame 2C, whereC = {c1,c2, ...} represents the set of all the
possible classes. Such additional information can then be used in the assignment step
as explained in details in [7].

The association methods compared in Section 4 to achieve track-to-track matchings
are all based on distances expressed by (1).

3 A non-parametric credal solution for the assignment problem

In this section, a parameterless credal method is presentedto perform the associations
from the distances expressed by (1). In this solution, mass functions modeling does not
need any parameter design. It is based on likelihoods seen asplausibility functions as
in Smet’s works [12] (Similar notions can also be found in [13]).

Time stepk has been omitted for the sake of simplicity.
Let rt,ℓ ∈ {0,1} be the relation that ˆxt

i is associated or not with ˆxℓj (rt,l = 1 means
that targett estimated by sensori corresponds to targetℓ estimated by sensorj, rt,ℓ = 0
otherwise).

For each estimated targett ∈ {1, . . . ,ni} given by a sensori, a plausibility func-
tion Plt is built on the setX̂∗t

j = {x̂1
j , . . . , x̂

n j
j ,∗ j} of sensorj known targets, element

∗t meaning that a new target is associated with ˆxt
i . The setX̂∗t

j can be shortly denoted
{1, . . . ,n j ,∗t}. The plausibilityPlt is defined by:

Plt({ℓ}) = Gℓ,t , ∀ℓ ∈ {1, . . . ,n j}, (3)

whereGℓ,t is a likelihood measure calculated as:

Gℓ,t =
exp[−d2

ℓ,t/2]
√

(2π)q|Covℓ,t |
, ℓ ∈ {1, ...,n j} , (4)

with q the dimension of the estimated state vector ˆx andCovℓ,t defined as in (2).
PlausibilityPlt({ℓ}) indicates the plausibility that target with state ˆxt

i is associated
with target with state ˆxℓj .
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The maximum plausibility that target with state ˆxt
i will be associated to one of the

n j already known targets by sensorsj corresponds to max
ℓ=1,...,n j

(Plt({ℓ}))≤ 1. This max-

imum can be lower than one, in particular if the frame of discernment formed by the
set of known objects is not exhaustive. Indeed, a target withstate ˆxt

i can correspond to
a new object (∗t). The plausibility of this event is thus defined by:

Plt({∗t}) = 1− max
ℓ=1,...,n j

(Plt({ℓ})). (5)

Plt is then defined on a an exhaustive closed-worldX̂j ∪ {∗t}, the corresponding
mass function is denoted bymt and is obtained by a direct application of the Generalized
Bayesian Theorem (GBT)[14,15], recalled here for convenience:

mt(A) = ∏
ℓ∈A

Plt({ℓ})∏
ℓ∈Ā

(1−Plt({ℓ})), ∀A⊆ X̂∗t
j . (6)

Each mass functionmt , regarding the association of target ˆxt
i , can then be combined

with any other mass functions based on other additional information (e.g. shape, color,
class, etc.) [7].

Once all mass functionsmt have been computed for each estimated targett, they are
transformed into pignistic probabilitiesBetPt using the pignistic transformation [14].

The best assignment relation is then chosen as the one maximizing the following
criterion:

max∑
ℓ,t

BetPt({ℓ})rℓ,t , ℓ= {1, . . . ,ni +n j}, t = {1, . . . ,n j} . (7)

with the following constraints:
ni+n j

∑
ℓ

rℓ,t ≤ 1 , (8)

n j

∑
t

rℓ,t = 1 , (9)

rℓ,t ∈ {0,1} .∀ℓ ∈ {1, . . . ,ni +n j},∀t ∈ {1, . . . ,n j} (10)

As Denœux et al.’s and GNN approaches, this problem can be solved using Hun-
garian or Munkres algorithms [5].

The constraint expressed by (8) means that sensori’s estimation of a given target
state can be assigned to sensorj ’s estimation of a given target state, if not, it is consid-
ered as a new target’s state. The constraint expressed by (9)means that a target known
by sensorj can be matched with a target of sensori. If the target is not known by sensor
i, it is assigned to the extraneous element (∗).

The assignment problem is illustrated in Table 1. Note that this description is based
on sensori′s point of view (to which elements of sensori are assigned the elements of
sensorj?). The same process may be performed for sensorj point of view (to which
elements of sensorj elements of sensori are associated). As Mercier et al.’s method
[8], this process is generally not symmetric.
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Table 1. Pignistic probabilities assignment matrix.

x̂1
i x̂2

i . . . x̂ni
i

x̂1
j BetP1,1 BetP1,2 . . . BetP1,ni

x̂2
j BetP2,1 BetP2,2 . . . BetP2,ni

...
...

... . . .
...

x̂
nj

j BetPnj ,1 BetPnj ,2 . . . BetPnj ,ni

∗1 BetP∗1,1 0 . . . 0
∗2 0 BetP∗2,2 . . . 0
...

...
... . . .

...
∗ni 0 0 . . . BetP∗ni ,ni

4 Simulations results

In this section, two scenarios of test are exposed to illustrate comparisons between GNN
algorithm, Denoeux et al.’s algorithm and the proposed algorithm.

GNN algorithm depends on a parameter notedλ which allows GNN algorithm to
manage objects detection, the realλ being equal to the maximum distance between an
observation and a prediction in Munkres algorithm. In Denœux et al.’s algorithm [7],
a parameter notedγ is used to transform distances into mass functions: the weight
exp(−γdt,ℓ), with dt,ℓ the distance between objectst andℓ, supports the belief in fa-
vor of the association oft with ℓ, and 1− exp(−γdt,ℓ) supports the converse (non-
association oft with ℓ).

Formalized in [9], a link between parametersλ andγ can be stated. Asλ is the
maximum distance from which a non association is established for each observation,
the following relation can be considered: exp(−γλ ) = 1−exp(−γλ ), which means:

γ =
− log(0.5)

λ
. (11)

A first scenario is illustrated in Figure 3. Four nearby targets have to be tracked. The
idea is to match estimations of sensor 1 (circles) to estimations of sensor 2 (stars). This
scenario 1 aims to show the impact on the association decision when parameters are not
optimally defined. False assignment rates averaged over 10 different measurement noise
realizations [11] for each association algorithm for different values of parametersλ and
γ are depicted in Figure 4. It can be seen that changes in parametersλ andγ have clearly
an effect on the performances of the parameter-dependent algorithms. Indeed, large
values ofγ correspond to low values ofλ which is seen as the detection distance. Low
values of the detection distance force the parameter-dependent algorithms to decide
that some or all the incoming targets are new ones and some or all known targets are
non-detected. This is the reason of the increasing false decision rates of the parameter-
dependent algorithms in Figure 3.

Maximizing plausibilities instead of pignistic probabilities in (7) in the proposed
approach give similar results in these scenarios.
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Fig. 3. Scenario 1 description: four conflicting targets. Estimations of sensor 1 are given by cir-
cles. Estimations of sensor 2 are given by stars.
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Fig. 4. False decision rates aggregated over 10 noise realizationswith different values of param-
etersγ (and thenλ (11)).

A second simulation, depicted in Figure 5, aims to illustrate the benefit of the use
of additional information in the assignment step (cf Figure2). In this case, classifica-
tion mass functions are combined with mass functions provided by distances for the
two credal algorithms. Since, the GNN algorithm is based on distances only as entering
data, no method allowing the integration of additional information for GNN algorithm
was already proposed. In this simulation, optimal parametersλ andγ are used. In Fig-
ure 6, it can be observed that additional information enhances the credal algorithms
performances. Additional information (classes, velocity, etc.) can help to resolve the
conflicting assignment situation. Thanks to the general formel aspect of belief func-
tions theory, multiple information can be modelled and combined, which leads to a
more accurate assignment decisions.
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Fig. 5. Scenario 2 description: two nearby targets. Estimations ofsensor 1 are given by circles.
Estimations of sensor 2 are given by stars.
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Fig. 6. False decision rates aggregated over 10 noise realizations, mono-information refers to
distance and multi-information refers to distance and class.

5 Conclusion

This paper provides a new parameterless credal method to theassignment task in multi-
target tracking.

Contrarily to equivalent methods which are parameter-dependent, this one does not
need any parameter. Parameters in the concerned methods allows new elements ap-
pearances to be managed (detection of new targets in the caseof observation-to-track
assignment or partially observed targets in track-to-track assignment). A more natu-
ral appearance management solution is provided in this paper, it is based on a better
understanding of targets environment.

Comparisons on conflicting scenarios show that the proposedmethod performs
equally to parameter-dependent methods, when their parameters are optimally trained.
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Moreover, it is shown that credal algorithms performances can be enhanced, when ad-
ditional information are available.

The ability of the credal methods to preserve the information on imprecise sets
would represent an important advantage for a future multi-scan and multi-hypothesis
based approaches.

The authors are very grateful to Prof. T. Denœux for having shared the MatlabTMcode
of Denœux et al.’s assignment algorithm [7].
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