An MCMC-based Particle Filter for Multiple Person Tracking
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Abstract

This paper presents a Markov Chain Monte Carlo
(MCMC) based particle filter to track multiple persons
dedicated to video surveillance applications. This hy-
brid tracker, devoted to networked intelligent cameras,
takes benefit from the best properties of both MCMC
and joint particle filter. A saliency map-based proposal
distribution is shown to limit the well-known burst in
terms of particles and MCMC iterations. Qualitative
and quantitative results for real-world video data are
presented.

1. Introduction and framework

Visual multiple-target tracking (MTT) has received
tremendous attention in the Vision community due to
its video surveillance applications, e.g. to help extend
independent living for the elderly in their own homes.
Deploying a network of ceiling-mounted cameras is a
deep challenge because it should be easy to install by
a non-expert user while the cameras should have on-
board CPU resources in order to exchange only high
level data (such as positions and characteristics of the
targeted persons) over the network. Since there are no
intelligent cameras dedicated to human tracking (as op-
posed to human detection) available off-the-shelf cur-
rently, our tracker is devoted to an intelligent camera
based on FPGA boards in order to execute parts of the
algorithm in parallel (figure 1). Besides this broader
technologic aim, the traditional challenge with MTT is
to simultaneously track persons who can a priori enter,
exit, pass close to one another or merge in the scene.

The classical MTT literature adresses these difficul-
ties thanks to either a decentralized [8, 12] or central-
ized [3, 4, 13] solution. The former, based on (possibly
interactive) distributed filters i.e., one filter per target,
suffers from “data association errors” whenever targets
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Figure 1. Delta Technologies wireless
camera and FPGA board close-up [1].

pass close to one another. Besides, the centralized ap-
proach estimates a joint state which concatenates all of
the targets’ states and so estimates both discrete (num-
ber of targets) and continuous variables (positions). By
characterizing all possible associations between targets
and observations, this formulation deals more appropri-
ately with the joint data association problem.

The literature proposes two major stochastic cen-
tralized approaches to MTT: Markov Chain Monte
Carlo (MCMC) and joint particle filter (PF). The for-
mer [4, 9, 13] is based on a sequential and iterative sam-
pling of the posterior probability and handles properly
the discrete events like jump dynamics (targets appare-
ance/disappareance) but is not parallelizable. The draw-
backs are twofold: (1) its non parallelisation on clusters,
(2) the speed of the Markov chain which strongly de-
pends on the proposal probabilities and original state.
On the other hand, the joint PF [3, 5] samples more
efficiently the diffusion dynamics, i.e. the continuous
variables, and is easily parallelised. The main reserve
remains the exponential increase with the number of
tracked targets even if an efficient proposal distribution
can limit this phenomenon.

From these insights, we design a hybrid tracker
which encapsulates the best properties of MCMC and









Figure 3 illustrates a run on a sequence in-
volving three persons. The entire video and
more illustrations are available at the URL
http://www.laas.fr/ izuriarr/.

On average, the algorithm tracks the targets correctly
on a no-event situation (i.e., the target does not leave or
enter the scene) during a 95% of the frames (the 5% of
failures accounts for the cases where, as in Figures 3(c)
and 3(d), targets are lost due to occlusion).

As for event detection, the tracker correctly detects
new entrances on their first frame of appearance in a
90% of cases, and a 100% by the third frame. Exits tend
to take longer, with only a 40% detected on their first
exit frame, and a 90% by the fourth frame. Appearances
and disappearances have similar results, with a high per-
centage of appearance events being detected early on
(around 95% by the second frame, after the person be-
comes visible again), while disappearances take around
five frames. Acceptance of false events is uncommon,
with an average of one ocurrence per 150 frames, and is
generally corrected within a single frame.

(a) Frame 11: A targetenters the  (b) Frame 39: A second target
scene enters the scene

(c) Frame 108: Target 2 oc- (d) Frame 112: A few frames af-
cludes Target 3, so the tracker is  ter the occlusion has cleared, tar-
confused get 3 has recovered

Figure 3. Snapshots of a test sequence in-
volving three people.

4. Conclusion and future works

In this paper we have proposed a novel PF algorithm,
in which particles are placed in high probability areas
via the use of saliency maps and a rejection sampling
algorithm. Then the particles are run through a short

MCMC process in order to manage entries and exits in
a probabilistic fashion.

Current investigations concern extending the algo-
rithm by using knowledge of camera model and the as-
sumption that motion is on a known plane; this allows
us to make inferences in 3D and account for changes
in image due to perspective effects. Our mid-term re-
search goal concerns the algorithm implementation in a
manner suitable for an FPGA-based intelligent camera.
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