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Abstract—T he particle filtering technique with multiple cues as well as for traffic flow measuring [5], accident detection on
such as colour, texture and edges as observation features isighways, and routine maintenance in nuclear facilities.
powerful technique for tracking deformable objects in image
sequences with complex backgrounds. In this paper, our réFhis paper addresses the problem of tracking multiple tar-
cent work [1] on single object tracking using particle filters is gets in video sequences. The objective is to detect and track
extended to multiple objects. In the proposed scheme, tractargets which can undergo non-rigid deformations, rotations
initialisation is embedded in the particle filter without rely- or partial occlusions. Tracking is based on multiple inde-
ing on an external object detection scheme. The proposegendent particle filters and the Probabilistic Data Association
scheme avoids the use of hybrid state estimation for the e¢PDA) algorithm which afford to handle the uncertainty due
timation of number of active objects and its associated stateo the measurement origin. The data association algorithm
vectors as proposed in [2]. The number of active objects andlso helps to recover from partial occlusions. The proposed
track management are handled by means of probabilities algorithm can estimate the number of active targets in the
the number of active objects in a given frame. These probavideo sequence and can accordingly increase the number of
bilities are shown to be easily estimated by the Monte Carldracking filter(s) or stop unwanted tracking filter(s).
data association algorithm used in our algorithm.

In many of the previously developed tracking techniques, the
The proposed particle filter (PF) embeds a data associatidiirst fundamental problem encountered is the object segmen-
technique based on the joint probabilistic data associatiotation which extracts the areas (or objects) of interest from the
(JPDA) which handles the uncertainty of the measuremenscene. The extracted regions are used as measurements (ob-
origin. The algorithm is able to cope with partial occlusionsservations) for tracking algorithms. These foreground seg-
and to recover the tracks after temporary loss. The probabilmentation techniques are typically computationally expen-
ities calculated for data associations take part in the calculasive because they operate over the whole image scene [6].
tion of probabilities of the number of objects. We evaluate
the performance of the proposed filter on various real-worldAlgorithms which attempt to find the target of interest with-
video sequences with appearing and disappearing targets. out using segmentation have been proposed for single target
tracking based on cues such as colour, edges and textures [1].
Recently, the integrated detection and tracking using parti-

TABLE OF CONTENTS cles has been extended for multiple targets. Many of these

1 INTRODUCTION schemes rely on hybrid sequential state estimation. In [2],
the state vector denoting all the existing targets is augmented
2 PROBLEM FORMULATION by a discrete random variable which represents the number
3  MULTIPLE TARGET TRACKING of existing objects in a video sequence. The patrticle filter
4 JOINT PROBABILITY DATA ASSOCIATION developed in [7] has multiple models for the object motion,
and comprises an additional discrete state component, de-
5 EXPERIMENTAL RESULTS noting which of the motion models is active. The Bayesian
6 DiscussioN Multiple-Blob Tracker (BraMBLe) [8] presents a multiple-
7  CONCLUSIONS person tracking system based on statistical appearance mod-
els. The multiple blob tracking is managed by incorporating
1. INTRODUCTION the number of objects present in the state vector and state vec-

_ _ . . tor is augmented as in [2] when a new object enters the scene.
Tracking a group of targets in a video sequence is a common
problem in many video surveillance applications. Video sur-The problem of multiple target tracking is more challenging
veillance addresses real-time observation of targets such @san the single target tracking and several issues which do
humans or vehicles in some environment, leading to a denot exist for single target tracking, has to be resolved for the
scription of the objects’ activities with the environment or syccessful application of multiple target tracking algorithms.
among them. It has been used for security monitoring [3], [4]One issue is the management of multiple tracks caused by
newly appearing targets and the disappearance of already ex-
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handled by the hybrid state estimation framework for jointwhereF is the transition matrixk” = I for our random walk
tracking of all existing targets (with an extended state vecimodel) andv;_ is the process noise, assumed to be white,
tor). Joint tracking of targets avoids the possibility of severalzero-mean, Gaussian, with a covariance magrix
independent filters, but the identity of the individual targets

might be lost, especially when targets are close to each otheColour measurement model

A separate single tracking filter can be applied to multiple

. : The work described in this paper is based on colour measure-
target tracking, only when all targets are fairly well spaced.

ment cue. Other measurements cues, e.g. texture, edges or

motion and joint variations of any of them can be used as

When the targets are closer and/or cross each other, it h?ﬁe measurement cue. The choice of the specific cue depends
been shown in aerospace applications [9], [10], [11], that data ' b P

- . ; .~on many factors such as the resolution of the video, back-

association techniques can be used to track without loosin . :
the identity of each targets. However, the methods developearound/foreground envwonment and dynamic nature of the
) ' targets to be tracked. Following [14], [15], we do not use the

in [12] for radar data are not applicable to vision problemsemire imagez;, as a measurement, but rather we extract from

due to the absence of measurement equations in explicit fornt1|.qe image the colour histograg, computed inside the im-

!n [12] thg varying number of targetg 1S es’qmated via CIUSter'%ge region that is specified by the state veatgrThe center

ing techniques and the data association is performed by th fi h h i

2-D assignment algorithm (see e.g. the review from Chapte'rS de_lned by(xf“’y’?)' Furt ermore, we adopt the Gaus&gn
e density for the likelihood function of the measured colour his-

2 o [13)). togram as follows:
In this paper, a sequential Monte Carlo version of the data 1 D2
association scheme is presented for tracking multiple targetsp(qk|zx) o< N (Dy;0,0%) = oy P {—20@ }, 2)

and the track management is handled by existence probabili-

ties calculated from the data association stage. This proposgghereD,, is the distance between the reference histogram
scheme is simple and does not demand high computationgk objects to be tracked and the histogrgacomputed from
resources. the current frame, in the region specified by the state vector

) ) ) xj. The standard deviatiom of the Gaussian density in (2)
This paper is organised as follows. The model of the movis 3 design parameter.

ing object is described in section 2. The particle filter (PF)

JPDA algorithm is given in section 3. Section 4 yields the|f the two histograms are calculated ovébins, the distance

new implemented Joint PDA scheme. Section 5 contains thg), petween two histograms is derived in [14] from the Bhat-
experimental results, followed by a discussion in section 6acharya similarity coefficient and defined as:

Finally, the conclusions are highlighted in section 7.
D2=1-Y o (u u).
2. PROBLEM FORMULATION b 2o V" (u)e()

The aim is to sequentially perform simultaneous detection 3. MULTIPLE TARGET TRACKING

and tracking of objects described by the same specified coloufhe myltiple target tracking is based on a sequential Monte
histogramg”, in @ video sequenc&y, = {z1,22,.... 2k}, Carlo filter and a Monte Carlo data association is avoiding
wherez; denotes the image (vector of pixel values) at dis-the ambiguities caused by the different measurement origin.

crete time instant. The state space approach requires|y this section, we explain the conceptual ideas behind the
to specify a motion model, i.e., the evolution of the Stateparticlefilter.

p(xk|xr—1), and a measurement model, i.e., the link between
state and current measuremefit|x). The next two sub- Sequential Monte Carlo
sections describe the model of the object motion and the mea-

surement likelihood function. Sequential Monte Carlo technigues also known as particle fil-
tering and condensation algorithm and their applications in
State vector and dynamic model the specific context of visual tracking, have been described in

) ) ) . length in the literature [16], [17], [18].
The state vector at franmieof a single object typically consists
of kinematic and region (or shape) parameters. For simpliceqy racking the object of interest, the posterior state distri-
ity we use the random walk model, with the following state y,tion (.| z,.), also known as filtering distribution has to
vectorxy, = [zx, yx] , Where(zy, yx) denotes the center pe calculated at each time step. In Bayesian sequential esti-

of the image region used for the colour histogram computamation the filtering distribution can be computed according
tion. Note that Other Va”ables can be added, SUCh as W|dtﬂ) the two Step recursiomrediction step

and height of image region, velocities and scale change rate,

depending on the application. The state dynamics is typicall
degcribedgbyaIinerfrpmodelz Y P yp(w”Zk*l) :/p(wk‘xkfl)p(gck*l‘Zk*l)dmk*l’ ®)

xp =Fx)_ 1+ v () and



filtering step is referred to as thaearest neighbour standard filtemd it
uses only the closest observation to any given state to per-
p(xk|Zk) x p(zr|zr)p(Tr]| Z1-1), (4)  form the measurement update step. The method can also be
- L implemented as a global optimisation, so that the total num-
where th? pr.edlctllon_ste.p fo_llows ffom marglna||sat.|on, andber of observations for tracking the statistical distance is min-
the new filtering distribution is obtained through a direct aP-imised. Another multi-target tracking association method is

pllica_tion of the Baye;’ rule. This recursi_on requires t.h_e SPECHe Joint Probabilistic Data AssociatioJPDA) which is an
ification of a dynamic model (see section 2) describing theextension of théProbability Data Associatioralgorithm [9]
state evolutionp(xx|xr—1) and a model that gives the like-

, ) . .~ to multiple targets. It estimates the states by a sum over all
lihood of any state |n.the_ I'gh.t.Of. the Cl.ment obse_rvgtmn,the association hypothesis weighted by the probabilities from
p(zx|ax). The recursion is initialised with some distribu- o jielihood. The most general data association method is
Flon fgr t_he |_n|t|a_d statep(xo). .Once .the sequence of filter- a computationally intensive algorithm called the multiple hy-
Ny dlstr_lbutlon IS "T‘OW”' point estlma_tes of th? state C?’"&othesis tracking (MHT), which calculates every possible up-
be obtained according Fo any appropr!atg function, !eadm ate hypothesis [21]. In [22], the so-called probabilistic MHT
for example to the Maximum a Ffo_sterlorl (MAP) EES'“mate'(PMHT) method is presented, using a maximume-likelihood
arg maxg, p(@r|Zx), and to the Minimum Mean Square Er- o6 in combination with the expectation maximisation
ror (MMSE) estimate @;.p(zx| Z1.)dy.- (EM) method. A comparative study of JPDAF and PMHT
The basic idea behind the patrticle filter is very simple. Start—IS made in [23].
ing with a weighted set of .samplés:,(jll,w,(ﬁl}ﬁil approx- | [24], the solution to the assignment problem for data as-
imately distributed according fe(x).1Z—1), new samples  socjation is proposed within the Bayesian framework by in-
are generated from a suitable proposal distribution, whickororating the association in the estimation equations. In
may depend on the previous state and the new measuremenss) [26], this idea is suggested for particle filtering, when
i.e., mff) ~ qp(wklicglp zy), i = 1,...,N. To maintain a the problem of maintaining a track on a target in the presence
consistent sample, the new importance weights are setto  of intermittent spurious objects. Samples are drawn from the
overall target probability density. The so-called joint-filter in
[27] is a solution to the joint data association and estimation
problem for particle filters. The estimation is performed by
a particle filter and a Gibbs sampler [28] is used for the data
with Zf\; w,(f) — 1. The new particle se{tzgj), w,(j) N s association. T_he case with unknown number of targets is han-
then approximately distributed accordingtr),|Z;,). The dled by a multiple hypotheses test.

performance of the particle filter depends on the quality of the

proposal distribution. In this paper, we use the state evolutioff? this paper, the JPDA approach is used, which is an ex-
modelp(zy|z)_,) as a proposal distribution and this makes tension of the PDA approach [9], [10] for single targets. In

the new importance weights in (5) become proportional to thdhe JPDA, a known number of targetss assumed. The in-

o plzile )@z )

(1)
wy” o< wy”y @
ap(Tkle),”, Zk)

; (5)

corresponding particle likelihoods. This implementation ofdeX? = {1,...,7} designates one among thdargets. The
the sequential Monte Carlo method corresponds to the boof€asurements at time stéare denoted as;, = {2},
strap filter as proposed in [19]. where an artificial measuremesy is introduced to handle
false alarms or clutter and the number of measurements is
4. OINT PROBABILITY DATA ASSOCIATION given bym,. The measurement to target association proba-

S o _bilities are evaluated jointly across the targets. 4 éenotes
Data association is a problem of crucial importance for multi-the joint association event (the time indéxs omitted for
ple target tracking because of the necessity to relate each megmpiicity) and6? is the particular event which assigns the
surement to the correct object. Several methods have begReasurement to the target. By assuming that the estima-
proposed in the estimation and tracking literature [9], [10].tion problem is Markovian and by applying the Bayes’ theo-
In general multi-target tracking deals with state estimation ofem, the joint association probabilities are
an unknown number of targets. Some methods consider spe-
cial cases with a constant or known number of targets. The
observations are assumed to originate from different targets 1

. . P6|Zy) = —p(zk|0, X1)P(0| X k), 6

or from clutter. The clutter is a special type of the so-called (612) cp( ¢l k)P 01X k) ©)
false alarms, whose statistical properties are different from ) o
the targets. In some applications only one measurement is adherec is a normalisation constant aid. = {1, ...,z }.
sumed available from each target, where in other applicationddditionally, it is assumed that the measurements are de-

several returns are available. This will of course reflect whictfected independently of each other. The probability of the as-
data association method to use. signment conditioned on the sequence of the targets’ states

P(0|X ) is approximated by
Several classical data association methods exist [20]. The
simplest is the nearest neighbour (NN) method. In [9], this PO|Xy) =P, ™(1— PD)"P}"X_(T_”), )



wherePp denotes the probability of detectiom|s the num-
ber of z; assignments an®r 4 denotes the probability of The JPDA patrticle filter for multiple target tracking
false alarm.

4 1. Initialisation.
The innovation between thgth measurement; and the

predicted measuremerﬁi,C of targett at time stepk is Setk = 0, generateV Samplesmgf()) for all targets
vl, =z, — 2], andSJ, is the corresponding innovaton ~ t=1,....7 indepenplently:c% is drawn fromp(z o),
covariance matrix. Then the normalised innovat'dipf is fori=1,..., N particles
defined as
. . ‘ 4 2. Fort =1,..., 7 targets,
di,k = (Vg,k:)T(Sg,k)_lyi,k' (8)

Forj =0,..., m; measurements

By assuming that the measurement is of dimengifrit fol- Computeﬁ{yk _ Zeg‘kee P(6]Z,) as the

lows that theM/ -dimensional Gaussian association likelihood

for the j-th measurement to the target summation over all the joint events in which the
i) 1 { 7(d{.k)2 } o marginal evenﬂ{’k of interest occurs.
pWyy) = 5 exp - )
(QW)M/Q\St,kP/Q 2 Fori =1,... N particles compute the independent

where\S{7k| is the determinant oﬁ{ N weights for each particle according to

wi) = S 81, p(=1|x\)) and normalise the

. - T - L. t, Jj=0"M1
Finally, the probability of an individual joint association event , @
is given by weights for each targetn!’) = ——tk
’ i=1 Wik
P(0|Zy) = Py (1 — Pp)" P 11 pvi,)- (10) For each target, generate a newfsef;’ } .,

o1 €0 by resampling withV times from{a:gf,)c N |, where
As shown in [29], the nhumber of associations increases expo- P(:B(i*) _ w(i),t) — W
nentially with an increase in the number of measurements and bk bk bk
targets, rendering the use of all hypothesis infeasible for even

ol g Fori =1,... N predict new particles
moderate values for these quantities. The number of possi-

ble associations, given thatNp of the  targets have been O NN (S BN O)
detected, is tk+1 = Tl tk
End For
mk!T!
Nx.(Np,7) = (11)
] — (7 — !
ND.(mk ND).(T ND) End FOI’
and so the total number of possible hypotheses (siigés
not known) is 3. Increase: and iterate to step 2.
min(my,T)
Y. NaWNp,7). (12)
Np=0 The algorithm assumes knowledge of the maximum number

Even for the case of three targets and three measuremenig targets,T..It starts with a gingle filter with uniformly dis- .
this amounts to 34 hypotheses. Therefore, in practice, it iglbuted particles across the image scene. The variance of this

common to apply gating techniques [9] to reduce the numbeﬁ”t_er is used to monitor the convergence of the filter. Once
of hypotheses and the computational cost respectively. this flltgr shows convergence (by convergence we mean that
the variance of the PF, is less than a certain threshold value)

Monte Carlo JPDA anew filter is initialiged with particles a priori uniformly dis-

tributed across the image except at the region around the tar-
In this subsection, we describe the Monte Carlo JPDA used iget tracked by the first filter. The prior around the region
our tracking algorithm. The Monte Carlo version of JPDA hastracked by the first filter (the exclusion region) is zero. This
been studied by several authors (see e.g. [30], [31]). A recerfelection of prior distribution avoids the likelihood of two fil-
paper of Vermaak et al. [32] surveys most of the approachegrs tracking the same object. The variance of this second
developed earlier. In [32] marginal filtering distributions for filter monitors the convergence of the new filter. Once the
each of the targets are represented with Monte Carlo samplesecond filter reaches convergence, another filter is initialised
or particles, instead of based on a Gaussian approximatiofith a prior from the region not covered by the first two fil-
as it is done in the standard JPDAF. The JPDA particle filteters. During the tracking process the number of objects and
implemented in our paper is given below:



the identity of active objects are estimated as shown in thés shown in Figure 1 (frame 20), this filter initially attempts
next paragraph. This is used to detect when an object disape track all red players but gradually converges to the red per-
pears from the scene and to stop the corresponding trackirgpn on the right (frame 40). At frame 41, a new filter is ini-

filter. tialised with an initial prior distribution uniformly distributed
across all regions except the region around the already tracked
Let P(H|Z})) (t = 1,...,7) denote the posterior probabil- object. The frame 41 shows these samples. This selection of

ity of the existence of number of targets. In general, this the initial prior avoids the occurrence of a new filter tracking
probability depends on the ‘full’ hypothesis list which con- the already tracked person by the first filter. At frame 52, both
siders all possible hypotheses from fraine framek. How-  filters are tracking two persons and at frame 53, a new filter
ever, it can be approximately estimated from the hypotheseghird filter) is initialised with a prior covering all regions ex-
assumed in the Monte Carlo JPDA. According to the totalcept two regions already tracked by first two filters. After
probability theorem, the existence probabilitytafumber of  ten frames (at frame 63), all three objects are tracked by the

targets is given by proposed algorithm.
P(Hi|Zy) =Y P(0|Zy), t=1,...,7. (13)
0ex:
0.9
whereXt _is _the event_ (hypothes_is) thalnumber_ _of targets o s 0t &W
exists. Similarly to this, joint existence probabilities of spe- ; “\gﬁ%‘ 5 T& * 3,
cific targets (such as the existence of target 1 with target 2 or o ‘

target 1 with target 3) also can be estimated. Hef;,, .., 0.6 ] _
be the hypothesis that, ¢, . . . , ¢, targets exist, with being 0s e e e e
the number of active targets. Then the existence probability 04 — > — Pr (three targets are active)

of this event is given by: 03

P(Hi, ty,...1,|Z k) = Z P(0|Zk), (14) o

0€Xt) tg,....tp 01

wherey;, ,......, denotes the events that targts, to, . . . , , } Brame number 200 20

exist. These probabilities are used for the purpose of track
management_ If a target (tracked by the a|gor|thm) disapFigUre 1. Probabilities of the number of targetS: one active
pears from the scene, the changes in the number of objec@ject; two active targets or three active targets

is reflected in the probabilitie®(H;|Z},). From the proba-

bilities P(Hy, 1,,....+,1Z), we can obtain the identity of the 1

target which just disappeared. Accordingly, we can stop the ool et and 2 are acivel |
corresponding filter and reinitialise for tracking a new target. o b | — Pr(target #2 and #3 are active)| |
The use of these probabilities in track management is further ' 90 %
explained in the next section with examples. orr N ﬁ
0.6

5. EXPERIMENTAL RESULTS 05l M) J
The proposed algorithm is tested over real-world video se- o4r ‘ ‘
guences with a changing number of football players (the same 03r \‘ %)
as in [2]). The aim is to track all red players. The max- 02f ‘ ‘ J\ &l
. . ) o
imum number of targets is three (= 3). The algorithm o1 s 3 g ‘
is implemented withV = 500 samples for each filter, with . ¥ - ‘
U = 128 x 128 x 128 number of bins for the colour cue, with 0 50 100 150 200 250

Frame number

a system noise covarian€@ = diag{15, 15} and a mea-

surement noise covariane@ = 0.12. The number of mea- Figure 2. Probabilities of joint existence of possible two

surements available is;, = 3 and they are obtained from targets

image regions specified by the state vector. When the number

of objects being tracked is less thaw, = 3, the remain-

ing observations are image regions pointing to a region withAt frame 82, the person tracked by the first filter leaves the

no relevant colour information. This serves as clutter in thescene. This is also indicated by the changes in the joint exis-

visual tracking process. tence probabilities shown in Figure 1. As seen from the Fig-
ure 1, the dominant probability changes from the probability

Figure 3 shows several frames to illustrate the work of theof having three objects to the the probability of having two

proposed algorithm. At frame 1, one filter is initialised with objects. As seen from frame 83, the first filter was stopped

random samples uniformly spread all over the image framewhen the person disappeared. The same filter is initialised to



Frame 1 Frame 20

Frame 40 Frame 41

Frame 53

Frame 63 Frame 82

Frame 115

Figure 3. Image frames of a football sequence: detected and tracked players are marked with a rectangle and the circles denote
the locations of particles
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