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Abstract—Many algorithms have been proposed in litera- Taking into account information about the coordinated
ture to deal with the tracking and data association problem. motion would be of great help. Consider a group of
A common assumption made in the proposed algorithms is  ¢qginated points and assume that some of them are
that the targets are independent. There are however many . .
interesting applications in which targets exhibit some sort of occluded or generate meas.urements which are. similar t9
coordination, they satisfy shape constraints. In the current those generated by other points or to false detections. Their
work a general and well formalized method which allows state can be better estimated exploiting the coordination
to embed such constraints into data association filters is and the measurements generated by the other points
prop_osed. The_resultlng algorithm performs robustly in chal- forming the given group.
lenging scenarios. . - .

The motion of a rigid pattern is only one example of
coordination. Think for instance to formations of robots
or to points placed on articulated bodies or to a network

Tracking and data association are key problems in margf systems which operate to achieve a common task.
interesting applications such as satellite surveillance sy&oordination is a natural concept for humans. Deriving
tems, air defence, air traffic control, visual tracking andt general model for arbitrary forms of coordination
motion capture. All these applications deal with a set ovould allow to develop algorithms capable og recognizing
points (or targets) moving in space and generating me&nd tracking reliably arbitrary coordinated groups.
surements of their positions. Tracking the points mearignfortunately, obtaining such a model does not seem to be
estimating their state recursively over time starting fronso simple.
the observations. If all points were equal and they wergo simplify the problem we note that, in many cases,
not producing an identifying label when they generate ththe measurements generated by points which would be
measurement of their position, the problem is associatirigtuitively classified as coordinated satisfy constraints
measurements to trajectories. The data association probl&hich are invariant with respect to the motion. Start from
is complicated further by false detections and missing data. simple case of coordination, the rigid motion. Rigidly
There is an extensive literature on this problem and standaitdked points exhibit constant distances and angles. The
methods can be found for instance in [1]. These includes thatter are a prior constraint on the positions of points
popular JPDAF (joint probabilistic data association filter)which are characterized by such distances or angles in
In [7] the MHT (multi hypothesis trackers) have beeneach instant of time.
introduced. In such techniques a target is described throu@imilar considerations hold for non rigid sets of targets
a mixture of gaussian densities. Monte Carlo approach@s well. Targets moving in formation are coordinated
have been recently adopted [13], [14] as well. Adaptiv@nd intuitively compact independently from the motion.
algorithms [12] have been proposed in order to cope withormally, each point could be represented by a node on a
particular uncertainties such as the unknown inputs whicgraph. An edge would be placed between two nodes if the
typifies maneuvering targets. In multiple models basegorresponding points were spatially close. The connectivity
techniques [8] each target is described by a finite numbef the graph could formalize the instinctive notion of
of state space models. compactness. Such connectivity holds independently from
In the approaches proposed in literature targets are modelléd@ trajectories that such points follow in the space or
independently. In some interesting applications there miglequivalently it is a prior constraint on the points positions
be some sort of coordination between targets; for instanéfom which the graph can be constructed at each instant

I. INTRODUCTION

one might have a set of targets rigidly connected. of time).
Finally, think to coordinated points forming a circle which
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A general method to embed such prior knowledge intdetails. A Monte Carlo approach is adopted in order to

standard tracking algorithms is presented. An overaistimate the positions of occluded points. In section VI the

observation model which takes into account also the pastate estimation process is presented. A general method
history of the measurements is obtained. Moreover which allows to embed the Monte Carlo estimates into the

general procedure which allows to learn the prior densititalman filters in order to obtain the overall state estimates

from appropriate data sequences is introduced. Such dengifyoccluded points is explained in some details. Finally, in

embeds prior knowledge and hence its validity extends teection VIl our methodology is tested on real data. The

arbitrary motions of the points which can be even quitexperiments performed demonstrate the validity of our

different from those observed during the learning phasepproach. The developed algorithm performs robustly in

In the sequel the motion invariant knowledge is calleghresence of many false detections and occlusions lasting
shape. The resulting algorithm copes robustly with quitseveral time steps.

unpredictable motions performed by points in presence of

high numbers of false detections and of occlusions lasting
Severa| Consecutive t|me Steps_ II. TRACKING AND DATA ASSOCIATION

The current work is strictly related to [4], [2] where & | et us consider the problem of tracking a set of points
constrained version of the JPDAF has been proposed f@jr targets) moving in space generating unlabefledea-
visual tasks. The main contribution of our approach igurements of their positions. We assume #tke point can

the general and well formalized way adopted to extenge described by a linear state space model of the form:
the standard tracking and data association techniques.

Our approach differs substantially from [4], [2] for what vi(k+1) = F; - (k) + vi(k)
concerns the occlusions as well. Moreover, a general yi(k) = H; - a5(k) + w(k)
learning methodology is introduced. The solution to the

problem of missing data is also the main innovatiofvherez; andy; are respectively the state (for instance po-
brought to our previous work [3]. Some analogies wittfition and velocity) and measurable position of targdthe

this work can be found in motion capture literature [9]Mmodel and measurement noisgsandw are assumed to be
[10] However the focus is on Speciﬁc and technicaWhite and zero mean gaUSSian distributed with covariances
aspects of the human body tracking rather than on tHé and R respectively.

development of a general and comprehensive methodolo$fy order to estimate the state of the poinbver time a

for tracking and data association problems capable to ddaflman filter is associated to the model (1). Assume a
with general form of coordination. In [6] the coordinationState estimate of each point is available at tine 1. The

of point features placed on a human body is described I§jate predictions for the next time stépcan be computed

a a convenient probability density function of positiong!sing the standard Kalman formulas. At timke a set of
and velocities. However the authors assume that thkx unlabelled measuremenigk) = [21(k), ..., 2a1, (k)]
trajectories are provided by an appropriate trackiné received. In what follows the time index is dropped
algorithm and such model is used for detection anWwheneverunnecessary and andP;” denote the prediction
labelling (recognition) of human parts. In [5] closelyOf statez;(k) and its error covariance respectively given the
spaced targets are not considered independently in ord8fasurements up to tinle— 1. If the measurements were
to avoid track coalescence. However the problem solvdabelled, i.e. we knew which measurement is associated to

and the proposed approach differ completely from thosehich target, they could be used to update in the standard
presented in this work. way the state predictions. To deal with unlabelled mea-

surements it is customary [1] to introduce tassociation

The paper is structured as follows: in section Il a briefventsor hypothesisy € ©. © is the association space, i.e.
introduction to the tracking and data association problerfie set of all possible ways to associate measurements to
and to the standard solutions is presented. An alternatif@'gets. According to an associatién each measurement
expression for the likelihood of the observation is derived €ither associated to a target or it is considered a false
in order to deal with missing data. In section Ill thedetectiod. The underlying assumption is that each target
shape constraints are introduced. A particular expressi@iher generates one (and only one) measurement or it is
for the prior density embedding the motion invariantoccluded, i.e. it is not guaranteed that every target generates
knowledge well suited to deal with rigid and articulatedone measurement.
bodies is presented. A general method which allows to Given an associatio, j(i,¢) will denote the measure-
learn such density from data is described. In section I¥nent associated to the poinbr equivalently:
an overall observation model taking into account targets
dynamics and shape constraints is introduced. In section
V such °V.er‘f"” model is 'e.r.nployed in the Com.pUtatlon of lUnlabelled means that it is unknown from which point a given
the associations probabilities. The computation of SuCReasurement has been generated.
probabilities in presence of missing data is treated in SOme?in this case one usually says that it comes frdutter.

)

Yi = Zj(4,0)



Conditionally on an associatiof the estimatez; o of the remaining part of this section a generic observation model
statex; and its error covarianc®; ¢ are given by standard p(yi,...,yn | Z7) is considered and a general expression
Kalman recursions associated to the model (1) driven bpr the computation of the likelihood of measurements
measurements; ; 4. For convenience of notation, we shallis derived. This will be adopted in section V whereby
denote withK,(y;, R) and Kp(R) respectively the state p(y,...,yn | Z~) has a more general form of (4) since

and covariance updategiven measuremeny; (R is the
covariance of the measurement noisen (1)), i.e.z; 9 =
K. (2j(i,0), R) will be the estimate of the state at tinie
given measurements up to tinkeand P,y = Kp(R) its

error covariance for all hypothes# which associates a

measurement to the poirt

When the pointi generates no measurement according to
the hypothesié, its conditional state estimate will coincide

with the prediction given by the Kalman filter, i.&; 9 =

K2

to the point;.

Finally, in order to iterate the procedure described abov
one needs to compute an overall state estimate for ead
point. This can be done starting from the conditional stat
estimates in the following way. Each conditional state esti-
mate is given a degree of reliability which is the posteriof
probability of the corresponding association event. Let us
denote withZ* = {z(0),...,z(k)}; in a Bayesian setting,

i.e. when a priorp(f) is given, each hypothesi8 has
associated a posterior probabilipf¢ | Z*) which can be
computed according to [1]:

p(@ ‘ Zk) = c-p(Z(k) | 9, Zk_l) 'p(‘ngk_l) (2)
c-p(a(k) | 6,2"1) - p(9)

wherec is a normalization constant. In what follows and
Z~ indicate Z* and ZF—! respectively.

An overall estimatet; of the stater;, and its error covari-
anceP; can be obtained as follows:

T = Zi‘i,e p(0 | Z)
0

Pi=Y Piy-pl0|Z)
(4

3

Expressions for the prior probability(¢) and for the
likelihood of the measuremenigz | 6, Z~) are given in
[1]. We introduce an alternative expression fde | 6, Z )

which will be very useful do deal with missing data in

section V.

The output variableg, ..., yn are described by an appro-
priate densityp(y1,...,y~n | Z~) which depends on the
past historyZ— of the observations. For instance, when
the points are described independently by (1), the density

p(y1, .., yn | Z7) is given by:

N
pyr,yn | 27) =[] plwi | Z7) 4)
i=1

wherep(- | Z; ) is a Gaussian density of medt - z;,
the predicted position of point provided by thei-th

Kalman filter, and covariancé/ - P, - HY + R. In the

3In filtering form.

z; and P; p = P for all § which assign no measurement

relations among points will be taken into account.
The likelihoodp(z | 8, Z~) can be factorized as follows:

p(z[0,27) =p(zp[0,27) p(zr [0,27) (5)

wherezr andzy denote the true (generated by points) and
false measurements according to the given associaion
respectively which are assumed to be independsiat- |
0,Z~) is usually taken uniform in the observed space.
In order to computep(zr | 6,Z~) we proceed in the
following manner.zr = {z;i0),i € Dy} where Dy
és the set of indices of all detected points (which have
’ﬁnerated a measurement according)tand j(i, 6) is the
measurement associated to pairm the current hypothesis
, 1.8, y; = zj(;,0). Denote withyp, = zr the following
set of equations:

YDy = 2T ¢ Yi = Zji,0) & € Dy

When the allN points are detected (.29 = {1, ..., N}),
p(zr | 8,Z7) can be computed through(y1, ...,yn | Z7)
as follows:

(6)

Some complications arise when the generic poiig oc-
cluded and the corresponding output variallés unknown
according to a given associatiénIn order to deal with this
problem the following solution is proposed. Denote with
My the set of occluded points according to a giveand
with y s, their unknown positions:

p(zr |0, Z27) =p(yp, =271 | Z7)

YMmy = {yi7i € M@}

The likelihood p(zr | 6,Z~) can be computed as in (6)
marginalizing over the positiong,,, of the missing points:

plzr |0,27) = /p(YDe =zr,yM, | Z7)dym, (7)
When the observation model is of the form (4)

Py, =21 y0, | 27) = [[ p(zji0) | Z7)
1€Dg

T el | Z77)

i€ My

8)

and the integration (7) yields:
plzr | 0,27) = H (2,0 | Zi)
i€ Dy

which is the standard expression used in [1]. Equation (7)
will be very useful in section V where a more complicated
observation model is considered.



In conclusion, from (7), (5) and (2), the posterior probabilityalgorithm (based on independent dynamics (1)) provides
p(0 | Z) of a given associatiod is given by: the trajectories of the points from which all the possible
_ pairwise distances are computed. At a given instant of time,
pO | 2) =c-p(0) -plzr [ 0,27): all past values of a given distance can be used to compute
'/p(YDe =z, yum, | Z7)dyu, ©) its mean and variance. Pairs of points whose distances
exhibit a variance greater that a convenient threshold are
Standard expressions fa() and p(zr | 6,Z~) can be ho longer considered. At the end of the learning phase all
found in [1]. pairs which have not been discarded form the Betind
the corresponding means and variances are available.
Ill. SHAPE CONSTRAINTS Meaningful results are obtained if the trajectories are
As anticipated in the introduction there might be someufficiently and persistently exciting [11].
sort of coordination between targets; their spacial con-
figuration may be conveniently described by an a priori
probabilistic model of the form IV. OBSERVATION MODEL
- In this section we introduce an overall observation model
pyr(k), - yn (k) (10) which combines (10) describing mutual configuration and
which depends only on the relative positions and not offt) modeling separately target dynamics.
motion of the single targets. We say that (10) describes theWe  assume the overall observation —model
shape constraints of the points. p(y1(k),...,yn(k) | Z7) can be factored in two terms
In the next sections a general methodology whicigmbedding (10) and (4) in the following form
allows to embed an arbitrary(y, ..., yn) into a tracking
algorithm is proposed. In the remaining part of this section pyr(k),.yyn(k) | Z7) =c- Hp yi(k

a particular expression fop(yi, ..., yx) Which is useful % (12)

to deal with rigid and articulated bodies is derived. Such -p(y1(k‘),-.-,yN(k))
expression will be used in the experiments presented in

section VII. The observation model (12) takes into account all the

available information and it is employed in the computation
In order to construct the modgly:, ..., yx) we start by Of the associations probabilities as explained in the next
choosing properties of the positions of points which cag€ction.
be reasonably described by prior constraints. If the points
form rigid or articulated patterns pairwise distances between
rigidly connected points are a reasonable choice. In real
scenarios the configurations of points may not be perfectly In order to compute the posterior probability (9) of a
rigid and therefore a probabilistic model is more suited. Wgiven associatiorf the likelihood (7) of the true measure-
assume the distance between paiand j can be modeled mentszT_needs to be computed. Si_milarly to (8), the overall
by a gaussian density with meanj and Variancea-?j_ observation model (12) can be written as follows:

V. ASSOCIATIONS PROBABILITIES

It is convenient to introduce the s& of pairs of points ( ” |z H . | Z0)-
whose distances are characterized by variances which aré Y Pe — 27> Y Mo " P(Zi(i.0)
sufficiently small (the variances would be equal to zero if e (13)
pairs were perfectly rigid). Let us define H pyi | Z;7) - D(ypo = 27, M5)
N(d ‘ i 02) o 1 efé (d_5)2 . . zEMle .

) = oo which substituted into (7) yields:
The densityp(y; (k), ...,yn(k)) is chosen of the following p(zr | 0,Z7)=c- H p(zi0) | Z; )
form*: i€Dy

(14)
plyr(k), oy (k) = ¢ [T NUlwiR)=y; (0| | pij, 07) / 11 pwil 27) P(yps = 21, y01,) Ay,
(,))ER ( ) Y iEMg
11 . .

wherec is a normalization constant anf- || denotes the The integral in (14) is solved through a Monte Carlo

approach. The reason is twofold. First, it is simple and
consistent. Second, as a byproduct, it yields for free a set of
fair samples from the posterior distribution of the occluded
oints positions. This allows to compute mean and covari-
nce and hence provides a natural gaussian approximation

“Even thoughly: (k) — y; (k)| is aways positive we still assume that Of the more complicated posterior as discussed in some
it can be approximately described by a gaussian density. details in the next section.

Lo norm.

The meansy;; and the variancegr,fj can be learned
from data in the following manner. A standard trackin£



Following Monte Carlo approach one draws an approprithe densityp(y s, | yp, = zr, Z~) is approximated (see
ate numberN, of independent and identically distributed(15) and (16) and recall factored sampling techniques) by
samples: the following set:

v 2 " ie Mgy~ [ pC127) n=1,.,N, {5, 7™y, n =1,..., N} (19)
iEMy
(15)  Such set can be used to compute a gaussian approximation

and computes the-th weight through the following expres- of the density(y s, | yp, = 21, Z~) which will be useful

sion: ) in order to compute the state estimates of occluded targets:
77(7’) — ﬁ(st =Z7,YMy = y]\/fs) (16) ( ‘ H N ‘ )
=z 7 ) iy
Finally, the integral is computed as follows: PRYMy 1 Yo =21 ety W | Gi0, 2o,
N .
/ H p(yi | Z7) - plyps = 20, Y01,) dyaz, Zﬂ(n) 7.0 and X, o are the weighted sample means and co-
iEM, ne1 variances respectively computed starting from (19). The

(17)  posterior densityp(yy, | yp, = zr,Z~) embeds all

and substituted in (14) yields(zr | 6, Z7). the available information: the predictiong,” provided

by the Kalman filters, the shape constraipts) and the
. measurements; of the detected points (see equation (18)).
ence, it is reasonable to say that, and ﬁ:yiﬂ are the
estimates and the error covariances of the positions of
occluded points according to a given hypothesis

VI. STATE ESTIMATION

A Kalman estimator based on the model (1)
associated to each target. Consider a targetvhich
is detected according to a given associatién The
corresponding measuremefbt(l 9) is used to update the
i-th Kalman estimator as in standard methods (see section Uio=FE[H - -z;|0,2r,p,Z;]]
). Nevertheless_ the probablll_ty of the hypothedgisis {iy o= Var[H - z; | 0,27,p, 7]
computed in a different way with respect to the standard ¢
approaches, i.e. taking into account the shape informatiovherez; is the state of point and H is the output matrix
encoded inp(yy,...,yn) as explained in the previous in the state model (1)p and Z; indicate explicitly that
section. The associations probabilities contribute to thiéae prior constraints and the predictions provided by the
computation of the overall state estimates (3) which hend¢éalman estimators are used to obtainggh and X, 4.
depend on the shape information as well. When H is the identity matrixg; , and 3, , are the

conditional state estimate (according &p and the error

Consider now a point which generates no measurementovariance respectively. Whef is not the identity matrix
according to the associatigh In the standard approachesand it is not invertible (for instance in those cases in which
the corresponding Kalman estimator cannot be updated ahdth the position and velocity of a point are embedded in
the conditional state estimates of pointoincide with its the state vector) the following solution can be adopted.
state predictions as explained in section Il. Associate to the occluded poiitan unknown fictitious
When an appropriate prior densjtyy,, ..., yn ) is available, measurement = H - z; + w wherew ~ N'(0, R) and R is
a better solution can be adopted. The conditional densitynknown. Such measurement is supposed to be equivalent
p(ym, | YD, = z7,Z ) of the occluded points positions to the information given by and by the measurements
ym, given the detected onasp, and the past history =  of the detected points in the given associatébor more

(20)

of the observations can be written as follows: formally:
= 7~
P | ¥0, =27, 27) = PP =20Vt | Z7) E[H - 2,(0, 27,5, 7 = E[H - 2,]0, %, 7;
p(yp, =27 | Z7) (21)
VarlH - x;|0,2r,p,Z; | = Var[H - 2|0, 2, Z; |

The probabilityp(yp, = zr,yam, | Z7) is given by (13)
andp(yp, = zr | Z~) does not depend oy, , hence the The conditional estimates of the state given the measure-
following expression holds: ment z and the past history; are given by the Kalman
_ _ estimator:
p(Yuy | YDy =21, 27) o [] p(z5000) | Zi7)-
i€Dg E[H -240,2,Z ] =H - K,(z,R)
1 pwi 1 Z7) - Pyp, = 21, 11,) Var[H -x|0,2, 2] = H-Kp(R) - H”
iEMy

(22)

) B where K, (z, R) and Kp(R) indicate the state estimate and
and noting thaf [, ,, p(z;(i,0) | Z; ) does not depend on ihe relative error covariance provided by the estimator (see
¥Yu,, the following expression is fmally derived: section 1) whose explicit expressions are the following:

v o, =22,27) o T] wlwi | 20)ly, = 22,y {Kw<z,R>=f—+p—HTA—1.e

ieM 23
o (18) Kp(R) =P~ — P~ HTA"'HP~ (23)



2~ and P~ are the state prediction and the corresponding?(
error covarianceg = z — Hz~ is the innovation and\ is

the innovation covariance which is given by the following i 9 ‘o
expression: Q@
A=HP H" + R L
e @
In order to obtain the state estimditg (z, R) and the corre- Q

sponding error covarianckE p(R) the unknowns quantities
A~! ande need to be computed. From equations (20), (218ig. 1.  On the left hand side a picture of the scene is reported. Five

nd (22) follows that points are placed on the cover of a book. Many points are located on
and (22) follows tha other objects. On the right hand side the overall set of observations at a
i=H- -K.(z. R given instant of time is depicted (the measurements of the five points on
R4 2(2 R) (24)  the book are highlighted).
Y, =H Kp(R) -H"

where the subscripts and 6 are dropped for convenience
of notation. Using (23) in (24) yields

§=Hi™ +SA e 05 - i
3, =S—SA7'S \\,

where S = HP~H”. From the second equation of (25)
follows that

1 S 1( I ¢ S 1 ) (26) R B R N N TN T R
A= ST  (26)  vmw wow o R

(I is the identity matrix) which is meaningful under theFig. 2. The trajectory of the y-coordinate of a point of interest. At first,
foIIowing condition: shape is not embedded into the tracker. The point is given many labels

because the tracker is distracted by the measurements generated by other
points. Moreover, an occluded point cannot be tracked reliably for many
frames and it is given a new label when it is detected again. The segments

L . . . . of the point trajectory identified by many different labels are manually
Substituting (26) in the first equation of (25) yields themnerged together and reported on the left hand side. Vertical lines indicate

3, < HP~HT

expression for the innovation: the time instants in which the point is given a new label. Note that in
~ certain intervals of time the trajectory is not available since the point is
e = (I — Zys—l)—l(g —Hz™) (27)  occluded. When shape information is considered the tracker reconstructs

reliably the trajectory of the point which is reported on the right hand side.
Using (26) and (27) in (23) yields the expression of the
state estimate

- —gTao-1/7 _$ o—1 ¥ oo—1y-1,
Koz, B) =27+ PTHS™(I = %,57)(I = £,57) as explained in section lll. The algorithm performs robustly.

(9 — Hi™) The state estimates are not affected by the many observa-
=i +P HY(HP HT)"Y(y— Hz™) tions close to those generated by the points of interest. The
= K,(§,R=0) trajectories of occluded points are reconstructed reliably.

_ _ The tracking algorithm does not exhibit such robustness
and of the estimate error covariance: when shape knowledge is not considered (see figure (2)). In
Kp(R)y=P~ — P HY(HP H")~'[I - i)y(HP*HT)*l]- absence of shape one could improve performances adopting

. HP- for instance multi hypothesis techniques. However, many

measurements which are not generated by targets of interest

- — 7T — 7T\ —1 - — 7T o—1
P —P H (HP"H")""HP™ + P H"5"" are persistently present in the observed space. This implies

~f)yS*1HP* in general many and persistent hypothesis (i.e. high ambi-
— Kp(R=0)+ P—HTS—lin—lHP— guity) on the state of a given point of interest. Moreover,

when shape is not available, it is not possible to reconstruct

VII. EXPERIMENTS the trajectories of occluded targets even using sophisticated

The algorithm is tested on real data obtained through taacking algorithms.

motion capture system. Points on a rigid body are movinglso computational aspects have been examined. The bot-
in space and generating measurements of their positiorieneck of the algorithm could be considered the Monte
Many other observations are generated by other points (s€arlo computations performed to deal with missing points.
figure (1)). Moreover some of the points of interest can bén order to reduce the number of times numerical integration
occluded for several frames. has to be solved hypothesis that a certain target is occluded
The dynamics of targets are described by (1) where the statee considered only if there are no other associations where
of each point is formed by its position and velocity. Theit is matched to some measurement which have a reasonably
shape model is of the form (11) and it is learned from dathigh likelihood.



VIIl. CONCLUSIONS AND FUTURE WORK [13]

A general and well formalized methodology which
allows the integration of prior probabilistic shape[14]
constraints into data association filters has been presented.
Such methodology is flexible since the shape prior can be of
arbitrary form. Shape constraints can be learned from data
and their validity extends to arbitrary motions. A general
and comprehensive solution to the problem of missing
data is given. The resulting algorithm performs robustly in
presence of many false detections and occlusions lasting
several consecutive time steps.

Short term future work concerns the on line learning of
shape constraints which is done embedding the learning
phase into the tracking process. This would eliminate
the off line learning which requires sufficiently and
persistently exciting data sequences without heavy clutter
and long occlusions. Clearly, prior information implies
great robustness and hence it should be used whenever
possible.

A long term goal is the derivation of a general description
of coordination which would lead to the development of
powerful tracking algorithms capable of recognizing and
tracking groups of targets exhibiting arbitrary forms of
coordination.
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