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Real-time Tracking of Multiple Persons using Multi-modal Information

Hyun-Woo Kim"
ABSTRACT

This paper presents a real-time tracking method of multiple persons using stereo from a top-down view. Tracking in a
top-down view is effective to overcome occlusion problem among multiple persons, but visual cues are weak and depth
estimation isn’t accurate enough especially when wide-view lenses are used to cover large field of view. We approach the
problem with a two-step probabilistic method: deterministic and stochastic searches. The deterministic search reduces the
candidate locations/scales of the tracking objects by maximizing a 1-D rotation/scale-invariant depth similarity. Then, a
customized particle filter is followed to finely estimate the locations/scales of the object by a 2-D search in a stochastic
manner. The depth similarities from the previous deterministic search are incorporated into the stochastic particle filter as an
importance function. Finally, the proposed algorithm has been tested on various situations and evaluated quantitatively in a

person counting scenario.
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. Introduction

Video analysis of human activity has been studied
forseveral decades in computer vision society with
manyapplications, such as video surveillance,
content based video service, virtual reality, customer
relationship management, biometrics, and intelligent
interface. Recently, social demands (e.g, aging
population and personal security) and emerging new
computing environments (e.g., smart home and
ubiquitous computing) have been accelerating its
related researches and developments.

Visual tracking of multiple persons is a
fundamental component of human analysis. It
provides moving trajectories of multiple persons and
their body parts as well, and is used as a key input
for human activity analysis.

To track persons, a lot of different approaches in
different camera configurations have been
developed. Recently, the probabilistic tracking
approaches have been spotlighted because of its
effectiveness to fuse multiple observations in its
probabilistic framework. The methods can be
classified into the deterministic searching and the
stochastic searching methods.

The deterministic searching methods are known to
be fast to track objects, while it can be applied when
the motion can be modeled by a Gaussian
Comaniciu and Meer [1] presented a color-based
tracking method, called the "Mean Shift" algorithm.
Tracked objects are modeled as a color probability
distribution, and in the tracking stage the position
and scale of the object were estimated by searching
candidate regions with a metric derived form the
Bhattacharyya coefficient. Kang et al. [2] modeled

motion and appearance of moving objects separately
using two probabilistic models. The tracking was
performed by the maximization of a joint probability
model.

The stochastic searching methods extend the
motion model into non-Gaussian motion in the
presence of complex background clutters. Recently,
the particle filer has been developed and used by a
lot of researchers. Isard and Blake [3] introduced the
Condensation (Conditional density propagation)
algorithm in computer vision society as the transfer
of the particle filter. Owing to the probability
approximation using particles, the particle filter can
handle any motion model. It was found to be very
robust in the presence of background clutters.

Nait-Charif and McKenna [4] proposed the [LW
(Iterative Likelihood Weighting) scheme, achieving
accurate tracking even when the modeling of motion
dynamics is poor. In the PETS-ICVS 2003 workshop,
they presented outstanding results on the same video
data set given by the committee. However, the
stochastic approaches using particle filter can be
slow without clever handling of the particle numbers
and modeling customized to the individual
problems.

Recently, Tarek Yahiaoui et al. [5] developed a
people counting system based on dense and close
stereovision using a novel stereo matching
algorithm. This has been done in laboratories, but
our work focus on industrial applications by

overcoming challenging environmental varjations.
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Fig. 1 Visual fracking from a top-down view.

In this paper, we combine the advantages of both
approaches without forcing the Gaussian modeling
of motion. A 1-D deterministic search dramatically
reduces candidate regions with a confidence
measure, and a simple and accurate 2-D stochastic
search is followed. Specially, we focus on the
real-time visual tracking of multiple persons from a
top-down view, and apply it to count the number of
enter/exit persons in doorway. The typical situation
is depicted in Figure 1. The left and the right images
show a camera setting and a view from the camera,

respectively.

Il. Review of Particle Filter

Suppose that X and D, denote the state vector

and the measurement vector at the discrete time &

respectively. According to the Bayesian theory and

probability  propagation theory, a tracking
framework can be formulated by
P(Xy)=p, O

P, | D)= IP(Xk | X, )P [ Dy )dx, (2)

p(x, D) p(y, |x,)p(x, D, ) €

Here, Equations (1), (2), and (3) correspond to
initialization, propagation (prediction), and update
stages in visual tracking, respectively. Since generally
the motion probabilities cannot be represented by
deterministic
implemented by particles (samples) using
Monte-Carlo simulation [6]. This technique is called
the ‘particle filter,"because the probability is

parametric, models, they are

represented by particles instead of a set of

parameters.

lll. Probabilistic Tracking

We adopt the particle filter to implement our
tracking algorithm but several parts are modified for
a fast and accurate tracking. To do that many things
should be specified, e.g., state/measurement model,
state transition model, the number of samples, etc.
We incorporate a rotation-invariant visual cue into
the framework for a fast deterministic search
providing self-adaptation of the sample number.

Our algorithm uses a two-step-search approach.
The first step is a deterministic search using a
rotation-invariant depth cue, and a stochastic search
using a particle filter follows. This approach
accelerates tracking speed without resorting to local
minima. The search steps are implemented in the
propagation (prediction) and update stages of the
particle filter, respectively. Including initialization,
the proposed algorithm consists of three stages, and

the overall flow is as shown in Figure 2.
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Fig. 2 The overall flow.

3.1 Initialization Stage

We assume petsons are detected each frame. The
detection is done using stereo-based segmentation [7]
and is tuned to segment the head-shoulder parts of
persons because it is the most invariant part among
the frames from a top-down view.

Among the detected persons, non-overlapping
persons with the currently tracked ones are
determined as newly appearing persons, and they
are initialized. In this stage, the 1-D depth map and
color histogram of the detected persons are stored,

depth color

denoted by Yo and Yo
respectively. The 1-D depth map is computed by the

in a vector form,

average of depths. First, the detected region is
notmalized by a square with the length of the
average of the width and height of the rectangular
region, and the depths in the same distance are

averaged. We consider the 1-D depth map as a depth
feature of the detected person. When the persons are
segmented, it can be considered to be invariant
under rotation change and insensitive to scale as
well. Practically, even non-symmetric segmentation
worked reasonably.

As an initial state, the center position and the scale
is stored, denoted by Xo = {Xo s Vool ~0} where

Xoand Yo means the x and y position of the center
and scale is chosen as 1.0 (a reference) with the width

and height of the initial region. Assuming uniform
distribution, in Equation (1), Po set to be 1/ Vo,

where Vo is the number of initial particles specified

by users.
Reference Search line
P
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Depth
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Fig. 3 Deterministic search and depth probability.

3.2. Propagation Stage

In this stage, the particles are propagated to
predict the location/scale of the tracked object.
Generally, the propagation is modeled according to
the known/learned motion dynamics of the object. In
however, the

noisy  environments, previous

observation is not accurate enoughto predict the next

_62_



SEEANN BEH AT AF 2

locations. Moreover, complex motion dynamics
including crossing of objects and agile motion is not
easy to model. Some researchers have been tried to
learn the dynamic model using examples, but it is
not easy and time-consuming job to learn all possible
situations.

We propose a deterministic search using a
semi-rotation/scale-invariant feature. Instead of
assuming an unrealistic, simple dynamic model, the
model is substituted by a depth probability
computed by 1-D search. Because it uses the current
measure, it may be included into a part of the update
stage. However, it can be considered as a
propagation (prediction) stage because it models the
motion dynamics and is followed by random
propagation. Note that this is very similar to
importance sampling in ICONDENSATION [8].
Therefore, Equation (2) is approximated by

p(x, D, )=
jp(xk [x, )p(x;, | Dk—l’f)k)dxk—l

)

~

where D denotes the partial observation from
the current frame.
This search is done in sampled positions on 12

directions in an ellipsoidal neighboring region with a

center of the previous estimated position Xi-1
ignoring the scale factor. The depth probability is
computed by the average of the correlation with a

reference depth map, and it is represented by

px,,|ID,,D,)= (yZepth )ryg'epth’ ©)

depth
where Y« denotes the depth map around the

sample position Xk-1 in time k. Based on the
computed depth probability, Equation (5) gives the
searching candidates around the position with high
depth probability. The method is depicted in Figure
4

Depth Probabiity Color Probability

Motion Probability Total Probability

T8 4 ofE BH 8%

Fig. 4 Multiple cue fusion.

More beauty of this approach is that the number of
particles can be automatically adjusted based on the
statistics computed from the depth probability. The
number of particles is determined by multiplying a
specified maxnumber IV of particles by the ratio 7.

The ratio is compute by

J.(Xk—l _ik—l)Tp(Xk—l | DX, =X, )dx,
r=
J.(Xk—l _ik—l)T(xk—l —X;)dx, (6)

Physically, it represents the ratio between the
position variance under the depth distribution and
that under uniform distribution. As the computed
distribution has uniform, it becomes 1, while as the
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computed distribution has a delta function (ideal
measurement), it becomes 0. That is, when the 1-D
search gives more localized position result, less

particles is needed.

3.3. Update Stage

The update stage is straightforward thanks to the
previous propagation stage. The main issue is what
kinds of visual cues are effective and efficient for
tracking from a top-down view. We found depth cue

depth . motion
A and motion cue Y& are  very

distinguishable from background and other objects,

color
and color cue Y&  can be used to distinguish a
person from other persons. The total likelihood is the
multiplication of those probabilities and it is

represented by

depth

POy, Ix)=py™ [ %)
color

POy X)) ply ™ 1x,) - ()

The depth probabilities are computed by the
average of the distances between the observed
depths and the reference depth of the initial region.
The motion probabilities are computed by the
average of the distances between the observed pixels
and the reference pixels of background images,
considering pixel variances. For the color probability,
color histogram similarity is adapted [9]. To exclude
the effect by background and noise, each point is
multiplied by the corresponding motion probability.
Finally, the position and scale are determined by the
average of the total probability (Equation (3)).

(©) (d)

a8 5 ofA3 XMzl E9e o
Fig. 5 An example of support mask management. {al The
disparity image. (0), (c), and (d) The images after the
first, second, and last persons are tracked respecively.
The corresponding frame is shown in Figure 6ib).

IV. Multi-Object Tracking

Tracking from a top-down view makes the
multi-object tracking problem easy and fast because
there is little occlusion by other persons. That is,
since there is little possibility where multiple persons
occupysame position, the extra problem related to
multiple persons is how to prevent multiple
persons’occupancy at a time in the same position. It
is done by managing a binary mask, which stores the
already occupied regions by other persons, and we
call the mask a "support mask. First, the map with
the same size of the image is set to 1. Then, a person
tracked using a single tracker and the estimated

position occupied by the person is set to 0 to be
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masked. For the next person, the masked region is
not considered in likelihood estimation, so more than
one person cannot exist in the sample position at the
same time. Note that it allows small overlaps
between persons to tolerate the estimation error
during single object tracking. An example of the
support mask overlaid on a depth image is shown in
Figure 5. A snapshot of an experiment is shown in

Figure 6.

Enter: 0

Exit : 13

several complex situations such as pause, U-turn,
carrying on objects, etc. To evaluate the performance
in real time, although they are processed in offline,
our evaluation software simulates online execution
by simulating running time. We used a Pentium 4 PC
witha 2.7G Hz CPU.

, o mon [

basic |complex | Pause | U-tum |Objects |Crossing

Close |Tailgaitin
contact 9

DO Scene number 65 75 6 8 9 13 20 19

(@ {b)
J2 6 A2 S3 o
Fig. 6 A snapshot of an experimental result. (@) The
estimated depth using stereo. (b) The tracked trajectories.

V. Experimental Results

We attached a stereo camera, STH-MDCS-Cfrom
VIDERE Design, on the ceiling at the 2.6 m far away
from the floor, and 3.5mm lenses give a large field of
view, 5SmX 4m, with disadvantage of large image
distortion. From the system, we captured 140 scenes
with 15 min run time for each from a doorway and
hallway in our lab, and the scenes are classified into
several situations for evaluation purpose. The
numbers of collected scenes with respect to the
situations are presented in Figure 6. They are
classified in two classes, basic and complex
situations. The basis situations include normal
pass-by persons with various moving velocities and

directions, and the complex situations include

O 7. MY Holg Ex
Fig. 7 The numbers of the collected scenes with respect
to the situations.

The performance of the tracking algorithm is
evaluated by the difference between the estimated
value and the ground truth value of the remaining
person inside room, i.e., the difference between the
count of entering persons and that of exiting persons
normalized by the total number of entering and

exiting count. It is represented by

est
i

Z[ person.™ (8)

Z,‘ente};’m —exit]™ —enter + exit
4

Err=

true . true
where €71€7; " and €X1l; " denote the ground

truth counts of enter and the exit at the scene I,

est . est
respectively, and €7€7; " and €XU; " represents

the corresponding computed counts. The number of
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true |
persons P€rson;  is computed by the max number

of the scene 1 , represented by

true

persofi“=entef"+exif "+ paus&“+u_turf™ 9)

frue est
where denotes PAUSE; and U _turn

denotes the number of persons with pause and
u-turns, respectively.

[t took 25 mm seconds to track one person, and3-4
frames per second were handled including detection
and stereo processing. The resulting error rates are
presented in Figure 7. The error rates for 65 basis
situations and 75 complex situations was 9.6% and
19.4%, and that of the total 140 scenes was 15.9 %.
These error rates do not exactly correspond to the
exact tracking failure rate because the scenes are
captured separately each by each, not from a
continuous video streams. We may say the tracker is
successful for the basic situations and some complex
situations. The strange high error rate in complex
situation with 1 person is because of the division by
the  small

Additionally, many errors came from the extremely

number of maximum persons.
poor accuracy in the image boundary because the
data set is collected without considering the stereo
performance.

To show the performance in complex scenarios,
the error rates are described in each situation. Figure
7(b) shows which situation is the most difficult to
track: carrying on objects, long pause during
walking/running, U-turns, close contact, crossing,
and tailing gating in order. We say tracker failed in
the hardest

Specifically, carrying on objects with comparable

situation, carrying on objects.

heights with humans failed and it could be excluded
by the sophisticated person detector in the future.

60.0
50.0

40.0 |_
30.0

20.0
0.0

1 person 2-3 persons | over 4 persons Total

OTotal 20.8 15.4 13.0 15.9
M Basic 6.3 13.1 4.8 9.6
O Complex 50.0 16.3 20.0 19.4
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Fig. 8. The resulting error rate. (a) The error rate graph
with respect to the person number and large-scale
classification. (o) The error rate graph for the complex
cases.

[V. Conclusions

We proposed a two-step probabilistic tracking
method of multiple objects using the particle filter
framework. The 1-D  deterministic  search
dramatically extends the search region and reduces
the search regions in the following 2-D stochastic
search in a robust way. Although we evaluated the

algorithm in the context of person counting from a
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top-down view, it can be applied different contexts
easily. For example, we can track human faces with
fast 1-D search step with skin color feature.
Experimental results showed the trajectories from the
tracker are robust enough to be used for counting

pass-by persons.
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