Robust approaches for the data association proble
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Abstract— We consider the problem of data association which has an acceptable percentage of correct associations.eOn th
is central in multi-target tracking. Mathematically, this problem  other hand, in medium or high density configurations or with
can be stated as a multidimensional assignment problem. Due gangors of Jow accuracy, the model behaves poorly; there
to various sources of imprecision, the optimal solution of the . o o . A
multidimensional assignment problem can have low percentage IS altmb|guny.due to similarity of klnemat!c I'kel'hOOdS'_ &h
of correct association. In order to improve the association corret-  Optimal solution can have a poor association correctnede wh
ness, we propose to evaluate the objective function coefficisrty the correct solution can be largely suboptimal.
intervals ir]stead of point.values. This way, we obtain an interval The optimal solution of the model is supposed to be the most
programming problem. Different strategies are proposed to tacke  jixely solution. As the complexity of the observed situato
this new problem. Numerical examples for demonstrating the . . .
effectiveness of our approach are presented. increases, the number of amblguc_)u_s elementary ass_ofamon

increases also. Since such associations get a high likaliho
|. INTRODUCTION within the model, it usually happens that many solutions get

In the context of modern surveillance systems, the goalas overall likelihood very close to the overall likelihood o
to arrive at a precise assessment of the situation through the optimal solution. In such cases, any of these solutions,
combination of data from multiple sensors offering variouscluding the optimal one, could pretend to be the correct
information. This process refers to the subject of infoiorat association hypothesis. Therefore, it seems more realsottab
fusion. A central problem in information fusion is the datdry to build this hypothesis by considering several canidida
association problem which corresponds to partitioningeobs solutions rather than by selecting only one solution, even
vations into false alarms and tracks in such a way that thdirit has a slightly better likelihood. The general scheme
states can be estimated. A common surveillance configarationderlying our robust approaches is based on the generation
is described by a sequence of scans of a given surveillarifea set of good candidate solutions in some sense. Moreover,
region by several sensors. These observations are arrangedtake into account the fact that due to various sources
into m sets of observations. The sensors provide kinemati€ imprecision, it seems more appropriate to evaluate the
information such as range, azimuth, and elevation. likelihoods, represented by cost coefficients in the model,

Mathematically, the problem can be formulated as a mulksing intervals instead of point values. This way, we obtain
tidimensional assignment problem where decision varg@blan interval programming problem. Several approaches t@sol
correspond to elementary associations and the objectit@ ishis problem will be discussed. Among these, we describe and
maximize the likelihood that the associations correspand éxperiment a min-max regret approach which is frequently
targets [1]. Any feasible solution of this problem corresg® used when dealing with interval programming problems to
to a potential association hypothesis. For> 3, the multi- construct a robust solution [8], [9], [10]. Other robust ap-
dimensional assignment problem N-hard. Many heuristic proaches are based on the general idea of selecting several
algorithms have been proposed to find an approximate gmod candidate solutions and using a reliability index tovde
lution, such as Lagrangian relaxation [2], greedy roundirn association hypothesis.
adaptative search (GRASP) [3], genetic algorithms [4] and The reliability of any elementary association is computed
linear relaxation and rounding techniques [5]. Moreovar, ion the basis of a robustness concept stating that elementary
many cases, it is possible to resort to gating techniques [BFsociations which belong frequently to solutions thatpean
[7] which drastically reduce the number of decisions vddab of the set of good candidate solutions should be more reliabl
and make it possible to solve the problem optimally. The intuition is that elementary associations in the mdstyi

Even if a large part of the literature is devoted to this agpesolutions are the most likely to be correct. In this approaah
solving efficiently the multidimensional assignment pehlis  actually use a refined frequency index which takes into atcou
not the only challenge for data association problems. ldde¢he state estimation. Therefore, even if an associatiors doe
the quality of near-optimal, or even optimal, solution mapot belong to a given solution, the presence of associations
vary considerably depending on the context. In sparse camith similar states increases its frequency and conselyuent
figurations or with highly accurate sensors, the model befants reliability. This index will serve as an alternativeterion
well and the optimal, or even an approximate solution, oftdor the data association problem to constrrgdiust solutions



which are expected to obtain a better association correstnsubject to:
than the solution maximizing the likelihood criterion.

The focus of this paper is to describe robustness approaches na Nom
applicable for a large class of multiple-target trackinglaga- Z Z Tiy, i =1, 01 =1,...,m
tions, that exploit in a different way the information awedile ia=0 i, =0
in the model in order to improve the association correctness
The running time is not our main concern in this paper, as g -

opposed to the considerable interest showed, in recens,year ,
in the design of approximate algorithms for the multidimen- Z Z Z z i,
sional assignment problem. In order to evaluate propesy th
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relevance of the suggested approaches, we need to compute ij="1...,m; andj =2,....,m—1

optimal solutions. It appears, however, that through the us

of gating techniques, optimal solutions could be obtained i ny N —1

reasonable times for most of the approaches we tested. Z Z Tigoimr =1y i =1,..., 0y
In section Il, we briefly present the classical problem =0 4m_1=0

formulation and an extension involving interval coeffid&n Tiy ., € 10,1} forall 41, ..., iy,

Section 1l describes the use of a min-max regret approach

as a classical approach for interval programming problenyéheren; denotes the cardinality of set’ andx;, . ;,, are
In section IV, we present an alternative robustness approafinary decision variables such that . ;,, =1 if association
Section V describes experimental results on a 3 sensérs...i.. IS associated with a potential target and.. i, =0

passive data association problem. Finally, section VI jies Otherwise.
concluding remarks. The problem size can be reduced considerably by applying
gating techniques in order to prevent implausible assiociat
Il. PROBLEM FORMULATION [6], [7]. More precisely, some associations are so unlikely
The goal of this section is to describe briefly the formulatiothat the corresponding variables are never considered (see
of the data association problem as a combinatorial optimizeection V for an illustration in the context of passive dataca
tion problem. Good reviews can be found in [11] and [12Liation). Then, exact algorithms can be applied succedgsful
Givenm sets of observations, I&¥ = {2 } denote thg"" set practice. However, even when computing an optimal solution
of observations Wherej is a noise contamlnated observationits association correctness can be poor, as illustrateduby o
A dummy measurementj = (0 is added to model a missedexperiments which show that for medium density situations
detection or a false alarm which is an observation that dod$) targets), the optimal solution of model (2) detects, in
not match with any other observations. L&t= []~, Zi be average, less thah of the correct associations (see table ).
the set of all elementary associations that can be derived frIn complex situations, the model is only partially relevant
them sets of observations. An elementary association ;, ~ Point estimations of the objective coefficients are notats
is anm-tuple (iy, . ..,i,) corresponding to a potential targetbecause sensors precisions are limited.
A feasible solutionz to the data association problem, In this paper, we describe another formulation of the data
corresponding to an association hypothesis, consists et a @ssociation problem that aims at reflecting its impreciserea
of elementary associations in which every non dummy obsénstead of point values for the coefficients, . ; ., interval
vation from every set is assigned to exactly one associatiolues|[c; , ¢,  .,] are considered so as to integrate
There is no constraint on dummy observations. explicitly the imprecision in the estimation of the various
A likelihood p(z;, .. ,.) is computed to determine themodel parameters (confidence interval of states of targets,
probability that them-tuple (i1,...,4,,) fits a given target probability of detection and the probability of false alajm
t. The overall likelihood of a solution is computed by the Thus, we obtain an interval programming problem where each
product of the individual association likelihoods. association can have any cost value in its interval indepen-
The objective is to determine a solution corresponding¢o tldently of the other associations. A possible assignmenositf ¢
maximum overall likelihood. In order to have a linear objeet values to each association is calledseenario A standard
function, a logarithmic transformation is applied. Thetcok approach to handle an interval programming problem is to

associatiory;, ;. is then defined as solve its associated min-max regret version [9].
Ciy,osiy = —I0P(2iy,. i) (1) [1l. MIN-MAX REGRET APPROACH
The multidimensional assignment formulation of the data Min-max regret optimization deals with optimization prob-
association problem is obtained as follows lems where some numerical parameters occurring in the ob-
jective function are imprecise or uncertain. It aims at fmagi
n nom a feasible solution minimizing, over all possible scemsrio
min  cx = Z Z Civoi Ty (2) the maximum deviation of the value of the solution from the

=0 =0 optimal value of the corresponding scenario. Such a salutio



is often referred to as robust [8], [9], [10]. More formallgt IV. AN ALTERNATIVE ROBUST APPROACH
us consider an instandeof a minimization problenP and let An alternative idea to handle imprecision in model (2) is

X andS denote, respectively, the set of feasible solutions agdl determine a sef € X of candidate good solutions. Let
the set of scenarios. Thegret k(z, s) of a solutionz € X' 1 denotes its cardinality. The reliability of all elementary
under a scenarie € S is defined as associations is then computed on the basis of their respecti

R(z,s) = ¢z — ¢*2** (3) frequency inC . This index will serve as an alternative

e _ . . criterion to the data association problem and will be used to
where z** denotes the optimal solution corresponding tQ,nstruct robust solutions.

scenarios.

. , , . In section IV-A we show various strategies to generate’set
The maximum regrefR,,,...(x) of solutionz is defined as

and in section IV-B we explain how to construct the reliapili
Ripaz(z) = maéi R(z,s) (4) index.
se

The min-max regret optimization problem corresponding #. Construction of a set of candidate solutions
P consists of finding a solutiom minimizing the maximum  The intuition behind constructing the sét of good can-

regret R,,.q. (), or equivalently didate solutions is to try to include solutions which are as
legitimate as the optimal solution considering the imsigci
min Raz(z) = min rgleabzi{csx — "t} (5) inherent in the data process. A natural strategy to generate

multiple solutions is to consider the best solutions to the

In [13] a relaxation procedure to solve min-max problems R ultidimensional assignment problem. In [16], approxievat

prgsented. In [14] and [15] th|s.procedure IS extgnded lweso'best solutions are computed based on the algorithm dedcribe
min-max regret problem for linear programming problem

ith it | obiective function. Th 1 idea is t | i [17]. The later is general and can be applied to other
With an nterval objective function. 1he main idea 1S 10 $OW ¢, b inatorial optimization problems as well. It requirée t

at each |tetrat|otr)1;L of tt)he algq(rjlthm a relagggfg gf tlhethmln- resolution of several restricted instances of the origprab-
Max regret probiem by considenng a su =2 IS 1em which are solved in [16] using a Lagrangian relaxation
case (5) can be formulated equivalently as heuristic

In the interval data case, the strategy consists of gener-
ating a set of scenarios representing the cartesian product
subject to: of all cost intervals. The best solutions to these scenarios
sg*s < pse Sh constitute p_ote_:ntial solution§ since each scenario qmmru!s

- to an admissible cost assignment to each association. An
reX easy way to do this is to draw for each coefficient_ . ; ,

Let (", ") denote the optimal solution of (5) at iteration@ Value from a uniform distribution iric;, ;. @i,....i,]
h. The scenaria ™ (z") corresponding to the maximum regre@nd by repeating this to obtain a set bfscenarios. The

minr (6)

c’x —c

of " is then computed, i.e. dispersion of the resulting scenarios may, however, besrath
o T poor. In order to overcome this, we first generate a large
s~ (") € arg ax R(@",s) (") numberk of scenarios, and filter them in order to obtain the

most dispersed scenarios among thé&secenariosForward

The subset of scenarid" is updated filtering techniques have been devised for this purpose [18].

Shtl — shy{s=(z")} (8) Among the techniques discussed there, we usedirttepoint
and a new constraint, called cut 1, is generated and addeooi"(gs"de the neighborhootéchnique (FiPO).
the relaxed problem at iteration+ 1: B. A reliability index
GO I GO P Gl I (9) In [16], an index quantifying the reliability of the as-

Problem (6) is solved again until finding a solutioh such socu'?mons 1S cpmputed using a JPDA-like technique. More
that Ry (7") — r*. The number of iterations is finite p_ret_:lsel_y, this index depends on the frequency o_f the asso-
Themglzorithm peri‘ormance can be drastically imprO\'/ed bC|at|on in 'Fhek: best solutlon_s and the exponential of the

. ) ) i Tost deviations of these solutions from the best one. Ifetarg
replacing cut (9) in (6) by the following cut: density is hi . . L
ensity is high or sensors are imprecise, false assocgtion
er—c () @) <y (10) can have much better costs than the correct ones, and some
correct associations may not belong to théest solutions.
_ _ Furthermore, if a correct association belongs to bad ranked
c@)=ct(c-ga 11 solutions, its robustness, when computed this way, is égfdec
and costsé and ¢ correspond, respectively, to the scenarito be very small.
obtained by assigning to all variables costs correspontting Since the final goal of data association is to estimate
the upper bound, respectively lower bound, of their respectthe states of targets, we consider a new reliability index
costs intervals. This cut will be called cut 2. R(zi,....i,) Of each association;, ., which is computed

where

m



on the basis of the frequency of associatign __;  in the «— ghost target

set C' of candidate solutions and its state estimation. More
precisely, considering any solution € C, if an elementary
associatiorr;, . ;, belongs tar then its occurrence indicator
verifiesR(z;,...4,,,x) = 1. Otherwise, it has a value 0, 1]
depending on the similarity between the state correspgndin
to z;,.. ., and the states corresponding to all elementary
,,,,, i,, denote the state
vector of dimensionl corresponding to elementary association

Ziy,...in, @Nd X, ;- its covariance matrix. The occurrence sensor 1 sensor 3
indicator R(z;, ..., z) is defined as follows:
sensor 2
R(Zz‘l imgg) = Pr(n > d*(Zz‘l imal’)) (12) Fig. 1. A passive data association problem.
where 1 corresponds to a random variable havingya
distribution withd degrees of freedom and where §;, refers to an estimation of the line-of-sight angle
. from sensor; to the potential targety; corresponds to error
d* (2.4 = d(ps, i P 13 .y J
(Zir i T) zlmln@v (P i P ct,) - (13) standard deviation of sensgy andd verifies:
where Prin<dé)=1-« a7
d(Pis,..sims Pi.ir,) = (Piyooiy — pil....it.) wheren is a random variable having @? distribution with 1
S 4% ) Y —pa )T 14) degree of freedom and is thg desired precision.
Bt Bt )™ Pirsesin = Pigi,) (14) For the determination of interval costs, the lower bound

refers to the Mahalanobis distance [19]. The reliability, ; . corresponds to the cost obtained using maximum like-
R(zi,,....i,,) Of associatiore;, . ;. is then given as follows: lihood estimator and the upper bound,,;, is computed as

follows:

Reiin) = D RGisi) (9 Cuists = Coia + 0 18)
[AS

A 7/L"IL

R
By construction, this index varies between 0 dnd whered” verifies

After evaluating the reliability of each association, wen ca
construct the optimal solution of a new multidimensional as Prin<d)=1-a (19)
signment problem where the objective coefficients corrladpo\,\,here77 is a random variable having ¢ distribution with 2
to the reliability index and the goal is to maximize the glbbéljegrees of freedom.
reliability. This solution will be calledobustsolution. Using gating tests, the running time to compute an optimal
V. EXPERIMENTAL RESULTS solution to the maximum likelihood criterion (model 2) is, i

.average, 0.69 seconds for configurations with 5 targets and

The robustnessi. %ppro?]ches, as d(;escnbed n the pfe‘t’)'BF'fz seconds for configurations with 10 targets. On the other
sections, are applied to the passive data associationgmno hand, the running time of the relaxation procedure for sgvi

with three passive sensors (see Fig. 1). Each mea;uren}ﬁgtmin_max regret version using cut 2, as described in@ecti
corresponds to a line-of-sight angle from a sensor to a paten I, is in average 1.23 seconds for configurations with 5etsg

target. The_pr_esence of multiple _targets creates a numbe_ra% 8.16 seconds for configurations with 10 targets. When
false associations, calleghosts which make the data associ-

. e . : ) using cut 1, the running time is in average 23.09 seconds
ation problem difficult. Configurations presented in [1] werg, configurations with 5 targets and exceeds 500 seconds for

tested and 50 _random runs were made. The average angy figurations with 10 targets. All these computations were
targets separation to measurement error standard deviatio arried out on a Pentium4 2.5 GHz machine with 512MB

fixed at 5. Two configurations were tested: a difficult one wit AM using software ILOG CPLEX 8.1.

10 targets and an easier one with 5 targets. The prObab”.ityTables I-11l show the performance in terms of percentage of

of detection is set to 1 and the probability of false alarm Borrect associations of the various approaches descrited e

set to 0. Thus, the association diff_iculties arise mainlyn‘ro“er' The optimal solution to the maximum likelihood critan
ghlostlnc? phen<3||mepa aﬂd the (?er)sny ?fk':argetf.. di - will serve as a reference. In these tables, COR represeats th
n order to alleviate the resolution of the multidimensi n"’hverage percentage of correct associations for each type of

asISf:(gr;ment pr_ott)_lem, gatmg tests were performed to EElim'n%olutions, and IMP represents the percentage of improvemen
Uniikely assoclationes, i, i, | over the reference solution. All averages are computed over

3 L0 _ 3§, 50 randomly generated configurations.
Z(uy > 6 (16) The optimal solution to the maximum likelihood criterion
= % has an acceptable association accuracy in configuratias wi



low target density. However, when target density gets highe From these first experiments, it appears clearly that rebust
the optimal solution includes ghosts with low costs and theess approaches involving the selection of a set of candi-
correctness is poor, as shown in Table I. The optimal solutiolate solutions based on random cost generation give stable
to the min-max regret version of the three dimensional assigesults and dominate the usual, min-max regret, argest
ment problem improves the correctness both in easy (5 &rgetpproaches.
and complex (10 targets) configurations (13%). These first
results suggest that using interval costs reflecting imgpi@t
is beneficial. We investigated alternative approaches to the usual strat-
Tables II-11l exhibit the correctness of the robust solotio egy consisting of taking as association hypothesis ther(nea
which are computed, as described in section IV-B, after geneptimal solution to a multidimensional assignment problem
ating a setC of candidate solutions of size= 30, 50 or 100 where the objective is to maximize the likelihood that all
and computing the reliability of all associations that as the elementary associations in this solution are corresindJ
the gating test. We can see that, except for the approachl baibe same information as in the original model, but explgitin
on thek best solutions, almost all these strategies improve tiigerval costs, we can substantially improve the quality of
association correctness. Furthermore, these resultstaske s association, especially in difficult configurations. Nuioar
and do not depend much dnsince the correctness is almosexperiments show an improvement with respect to the clalssic
the same in the three cases. optimization lying between 10% and 61%.
Our methodology is general enough and can be applicable
to a large class of target tracking problems including theeca
where costs are based on different types of information.

VI. CONCLUSIONS

TABLE |
% ASSOCIATION CORRECTNESS

S targets 10 targets ACKNOWLEDGEMENTS
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