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ABSTRACT

This paper presents a probabilistic framework for off-line
multiple object tracking. At each timestep, a small set of
deterministic candidates is generated which is guaranteed
to contain the correct solution. Tracking an object within
video then becomes possible using the Viterbi algorithm. In
contrast with particle filter methods where candidates are
numerous and random, the proposed algorithm involves a
few candidates and results in a deterministic solution. More-
over, we consider here off-line applications where past and
future information is exploited. This paper shows that, al-
though basic and very simple, this candidate selection al-
lows the solution of many tracking problems in different
real-world applications and offers a good alternative to par-
ticle filter methods for off-line applications.

1. INTRODUCTION

Tracking visual objects in image sequences is a key task
for a wide range of applications in different domains (traffic
surveillance, video summarisation, etc.). It has been exten-
sively studied and many methods have been proposed. Par-
ticle filter based methods have become very popular indeed.
They are powerful, simple and can handle complex situa-
tions in particular multiple objects tracking [1, 2]. They are
specially suitable for applications where on-line processing
is required. In many such applications past information is
used to determine the current position of the tracked ob-
ject(s).

The First Key Idea in this paper is to acknowledge that
in many applications, tracking could be performed off-line.
Information retrieval in sport footage [3] and video indexing
are typical examples of such applications. In this context,
a global analysis of the video can be performed to extract
object paths, that is, visual features are first extracted from
all the frames and then analysed in a second step. In such
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a scenario exploiting both the past and future information
could lead to useful gains.

The Second Key Idea in this paper is to consider the pos-
sibility of generating at each timestep, a candidate set of
solutions that is guaranteed to contain at least one solution
that is correct. In that case a deterministic process can yield
the MAP estimate for tracking. This may seem wishful, yet
it is worthwhile to consider this alternative route to track-
ing because such simple scenarios do indeed exist and can
arise from realistic problems. Given the difficulties posed
by the correct application of particle filters, in particular the
problem of degeneracy of particles, it is useful to consider
alternative strategies where those are viable. The success of
this approach depends entirely on the process for generating
candidates, it must be simple, and reliable enough that the
candidates always contain the correct state. It is interesting
to note that Kernel Particle Filter in [4] have introduced the
notion of pre-processing as a means of improving particle
diversity in the particle filter for a tracking problem. The
reader can consider that this paper takes that idea one step
further and proposes that if the candidate selection stage is
reliable enough (which it can be) sampling can be avoided.

Organisation of the Paper. An overview of the methodol-
ogy for off-line object tracking is presented in section 2. It
is explained how, by defining a suitable candidate selection
and a set transition probabilities, tracking an object within
the video becomes equivalent to finding the most likely path
in the candidate trellis using the Viterbi algorithm [5].

Although basic and very simple the candidate selection
process allows the solution of many tracking problems in
different real-world applications. It also allows the easy in-
tegration of specific rules related to the object motion. The
paper presents in sections 3 and 4 two applications that rep-
resent domains in which tracking is amenable to this kind
of idea.

The first application considered aims at detecting the
arms of a child in a psychological assessment exercise. Track-
ing is used only to take temporal information into account
and avoid false detections due to occlusions. It is a sim-

0-7803-9134-9/05/$20.00 ©2005 IEEE



ple application that allows to introduce the framework. The
second application is more challenging and concerns player
detection and tracking in soccer video footages. Problems
of introduction of a new players in the scene, disappearance
of a tracked player and occlusions have to be dealt with.

2. OVERVIEW OF THE METHODOLOGY

Consider that xn is the random variable corresponding to
the object position x (which may be 1 or 2D depending on
the application), where n ∈ [1;N ], and N is the number
of frames of the sequence. Bayes theorem states that the
posterior distribution of the object position throughout the
sequence x1:N can be written as

p(x1:N |y1:N ) ∝ p(x1:N ) p(y1:N |x1:N ) (1)

where p(x1:N ) corresponds to the prior on the object po-
sitions and p(y1:N |x1:N ) corresponds to the likelihood for
the object positions given the data model y1:N —which cor-
responds here to the frames of the sequence.

We assume that the likelihood can be computed inde-
pendently on each frame p(y1:N |x1:N ) =

∏
n p(yn|xn).

In general there are a large number of possible states (each
pixel location in each image, and in each frame). Reduc-
ing the number of states will reduce the computational load.
The idea is to propose a limited number of states as can-
didates from some pre-process. One option is to generate
these candidates as the peaks of the likelihood p(yn|xn).
The likelihood presenting r peaks is then approximated by
the following grid-based distribution:

p(yn|xn) ∝
r∑

i=1

p(yn|x(i)
n ) δ(x(i)

n − xn) (2)

The candidates solutions of the tracking follow some
rules depending on the application (feasible moves, scenar-
ios of occlusions, . . . ). These rules are encapsulated in the
prior function which gives the transition probabilities be-
tween candidates. Then from the rules and the candidates
we can apply Viterbi [5] to extract the most likely path,
which is actually a Maximum a Posteriori estimation. For
more than one object, we can iteratively apply Viterbi and
remove the corresponding candidates from the set of candi-
dates. The posterior of the successive tracks is decreasing
and the number of objects to track can be automatically de-
termined by thresholding the posterior.

The success of the method depends on the simplicity of
the object detector which is performed on the whole pic-
ture. A few particle filter trackers [6, 2] propose a similar
approach by sampling part of the particles directly from the
likelihood. For instance [2] uses Adaboost to detect the en-
trance of new players.

A somehow similar candidate refinement as been used
in Kernel Particle Filter [4]. But here candidates are fully
deterministic as well the resulting tracking. This implies
also that our method requires much less candidates.

3. APPLICATION TO A SIMPLE CASE STUDY

In this section, we show how the framework can be applied
in a real application. The application aims at detecting the
position of the hands of a child performing a psychological
exercise [7] as presented in figure 2.

Candidates are found by projecting the colour skin seg-
mentation [7] of the frames on the horizontal axis and tak-
ing the main peaks of the projection as candidates for the
hands positions (see figure 2). The likelihood of these can-
didates is proportional to the value of the projection. The
presence of the instructor can generate spurious peaks in
the skin colour projection and we select up to the 5 most
important peaks.

Transition probabilities are set to prevent large displace-
ments of the hands: p(xn|xn−1) ∼ N (0, 3)

Once the hand candidate positions have been collected,
we can apply the Viterbi algorithm to extract one hand tra-
jectory. To track the other hand, it suffices to remove the
candidates corresponding to the first track and then to apply
again Viterbi on the reduced set of candidates. The figure 2
shows some example of results (see also [8]).

4. APPLICATION TO MULTIPLE OBJECTS
TRACKING

This section proposes a more difficult tracking application:
the tracking of soccer players [9]. We need to extract candi-
date positions of the players and to set the rules explaining
the dynamic of the players.

4.1. Player Candidate Positions

Playground Extraction. The playground can be efficiently
extracted using a colour segmentation of the pitch followed
by simple morphological operations to fill in holes and re-
move spurious detections.

Player Detection. Colour is a relevant feature to charac-
terise players. As shown in figure 3 a colour segmenta-
tion will result in a map of blobs corresponding to the play-
ers. It is possible then using a Mean Shift procedure to ex-
tract the centre of mass of these blobs and locate the player.
This method has to be related to the colour histogram based
mean-shift techniques used in [10, 11] which are known to
be robust. The method is also fast, because the mean shift
can be done on downsized pictures, and generates a small
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Fig. 1. Example of player occlusion: the blue player on (b)
is fully occluded. The tracking method assigns temporary
the position of the red player to the blue one.

set of candidates for each frame (typically less than 20 can-
didates).

4.2. Set of Rules

From the set of candidate players, we need to explicit in
particular how a player can move, how it can appear or dis-
appear from the field of the camera and lastly how it can be
occluded by other players.

Player Motion. Even though the frames are not registered,
a player displacement of 50 pixels represent a minimum
pace of 50km/h and is impossible (p(xn|xn−1) = 0).

Player Apparition/Disappearance. Players can only ap-
pear and disappear on the borders of the frames. To allow
this event at any time of the video, we add two abstract
states positions xa and xb. xa indicates that the player is
not yet visible and xb indicates that the player is not any
more visible. It is then possible to express transition proba-
bilities. In particular p(xn = xa|xn−1 = xb) = 0 (which
means that a player cannot appear more than once). We
can express also the probability of apparition by p(xn /∈
{xa,xb}|xn−1 = xa) = g(xn), where g is a decreasing
function of the distance of the candidate to the border of
the frame and is equals to 0 when the candidate is 50 pixels
away from the frame border.

Occlusions by another Team-Mate. In this case the colour
detection will only spot one player, and this single candidate
position corresponds to two different tracks. To overcome
this problem, each time Viterbi has been run for a player,
instead of removing candidates from the pool, the candidate
positions are kept but penalised by reducing their likelihood
(division by 3). Penalising the previously selected candi-
dates avoid to generate multiple instance of the same track
but still allows for temporary overlap of the tracks.

Occlusions by an Opponent. If a player is occluded by an
opponent, its colour is also occluded and the player cannot
be detected. In this situation we use the candidate positions
of the opponent team. Practically we add the candidate po-

sitions of the other team to the current set of candidates,
but with a much lower likelihood (division by 3). Figure 1
shows the results obtained for such a scenario. The blue
player is not found on the middle frame and is temporary
assigned to the position of the red player.

Post-Processing Rules. Since the model is based on a Mar-
kov Chain of order 1, post processing rules allow for in-
tegrating richer features to filter the results. One can de-
cide if a player visible only on a few frames is worth being
tracked. One can also set, as mentioned earlier in the paper,
a threshold for the posterior. If the posterior of the tracking
is too small, the object is insignificant and the multitracking
process stops.

Figure 4 shows some results for the tracking of the blue
team and video material is available online at [8]. It is
noteworthy that the results are obtained deterministically
and can be reproduced identically, whereas with particle fil-
ter methods, the results are partly random and will differ
slightly in applications to the same footage with the same
initial conditions, with a non-zero possibility of outright
failure in any given instance.

5. CONCLUSION

In this paper we have shown that in some applications, when
the image data is such that the object detection task is quick
and robust, 1) random candidate generation in particle fil-
ters can be efficiently replaced by a deterministic candidate
selection that results in deterministic solutions and 2) for
off-line applications the Viterbi algorithm can be applied to
exploit the whole available temporal information.
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