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Abstract

An algorithm is described for 3D tracking of the hands and head of a person or
several interacting people viewed by a set of cameras. The problem is posed as a
general multiple object tracking problem in a multiple sensor environment and a
two layered solution is proposed. The proposed solution includes a low-level particle
�ltering layer to track individual targets in parallel, and a �nite state machine to
analyze the interactions between the targets and apply application speci�c heuris-
tics. The cases in which the limbs join and separate, or disappear and reappear are
also addressed. The accuracy of the tracking algorithm is evaluated using a set of
experiments. Also, a set of activity recognition experiments in visual surveillance
show the usefulness of the system in recognizing activitieswhich involve interactions
between the hands and head of people and objects. A color analysis scheme and a
technique for combining information from di�erent cameras are presented. They are
used to detect carried objects and exchanges between the hands.

Key words: 3D hand and head Tracking, particle �lter, �nite state machi ne,
object exchange, activity recognition
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1 Introduction

2 Introduction

One of the major subjects of research in the �eld of computer vision is un-
derstanding the human movement. Extensive work has been performed on
tracking the entire body to estimate motion paths or body gestures. This is
especially useful in the area of visual surveillance to recognize activities. Some
recent works in this area are [1{6]. On the other hand, much research has
focused on a single or a few body limbs. The most important limbs are the
hands and head.

The problem of tracking hands and heads of people in space can be posed
as an instance of the Multiple Target Tracking (MTT) problem which has
been extensively studied in the �elds of radar and signal processing [7,8]. The
main challenge is the assignment of observations to the multiple targets [9] to
simultaneously solve the two distinct problems of data association and target
location estimation. Multiple hypothesis tracking [10], probabilistic multiple
hypothesis tracking [11], and joint probability data association [12] are the
classical approaches for data association used in the literature.

The problem of target tracking becomes more challenging when interactions
between the targets need to be addressed. Khan et al. [13] showedhow a
Markov random �eld motion prior can substantially improve tracking when
targets interact. They also incorporated Markov chain MonteCarlo sam-
pling to improve e�ciency. In some applications, the number oftargets in
the scene is unknown and even variable over time. S•arkk•a et al. proposed
Rao-Blackwellized Monte Carlo data association [14] and extended it to track
an unknown and time varying number of targets [15]. They modeled both the
target states and the data associations and also the births and deaths of the
targets as hidden stochastic processes observed through measurements.

Employing particle �ltering for multiple target tracking h as received much
attention in the last decade [9,7,15]. Avitzour [16] and Gordon [17] investi-
gated the feasibility of this technique for MTT from a theoretical perspective.
Morelande and Musicki showed that the use of particle �ltering is particu-
larly advantageous in scenarios where targets are in close proximity [18]. In
such scenarios, the posterior distribution is multi-modal and tracking multi-
ple modes becomes more e�ective. Inherent characteristics of particle �lters
makes this approach feasible.

In the �eld of computer vision, particle �ltering is used for multiple target
tracking. Yang et al. [19] modeled multiple objects using color and edge orien-
tation histogram features and applied a particle �ltering algorithm for track-
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ing. They tracked the objects in a 2D image space using a single camera.
In other work, Isard and MacCormick [20] proposed a likelihoodfunction for
tracking multiple blobs. They used a particle �lter to infer the number of ob-
jects as well as their con�gurations. Qian el al. [21] employed singular value
decomposition to cluster the samples related to di�erent moving targets and
tracked the posterior distribution of the motion parameters using particle �l-
ters. Shan et al. [22] employed a combination of a particle �lter and mean shift
for 2D hand tracking in image space.

In most work considering target coincidence, the consistency ofthe behavior
or appearance of the targets are the main cues to distinguish the targets after
they separate [23,13]; however, in the application addressed in this paper, none
of these assumptions hold. In fact, the targets being tracked (hands and head)
occupy a very small portion of the image and also change their appearances
constantly (especially the hands). Meanwhile, after coincidence, the hands
usually do not continue their motions in the same direction, so the motion
continuity assumption is also violated. In fact, the behavior of the limbs after
an interaction is determined by the activity they are involved in.

In this paper, we address the problem of tracking the hands andhead of a per-
son or multiple people interacting with each other in a scene viewed by a set of
cameras. We pose a multiple target tracking problem and proposea two-layer
solution consisting of a particle �ltering layer and a �nite state machine. Also,
we discuss the activity recognition problem for the set of activities involving
heads and hands of human subjects. Color analysis of the area surrounding
the hands is presented to determine whether a person holds an object or not.
A new approach is suggested to determine the reliability of each image and to
combine the color information extracted from di�erent cameras.

3 Overview of the Tracking Method

The proposed tracking algorithm consists of two layers:

(1) Low level layer: Here, a set of parallelparticle �lters are deployed. Each
particle �lter tracks an individual target in the tracking sp ace. In this
layer, no interaction is considered between these �lters. The only relation-
ship between the �lters is through the shared observation space where a
set of common observations are made.

(2) High level layer: Here, the particle �lters are assigned a state based on
their likelihood levels as well as their interactions. Each particle �lter
can be in one of the following states:Uninitialized, unlabelled, normal,
combined, or lost. Assigning a state to each target enables handling situ-
ations where a few targets join and separate or disappear and reappear in
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the scene. The identity of the targets being tracked are also determined
in this layer. Labelling the targets in the scene is essential inactivity
recognition as addressed in this paper.

4 Single Target Tracking Using Particle Filters

Particle �ltering [24,25] is a powerful method for target tracking. In this sec-
tion, we discuss how a particle �lter is deployed for tracking asingle target.

4.1 Bayesian Target Tracking

Consider a system with dynamic equation

xk = f k(xk� 1; vk� 1) (1)

where xk is a n-tuple state vector in the state space,vk� 1 is an i.i.d. noise
process andf k : < n � < n ! < n is a non-linear function. Also, consider an
observation space, where each observation vectorzk is related to the state
vector xk through a non-linear function

zk = hk(xk ; nk) (2)

wherenk is also an i.i.d. process independent fromvk . The tracking problem
is to estimate the state variablexk from the set of all the observationsz1:k

measured from the beginning to the current time instantk.

According to the Bayesian approach, the best estimation forxk is performed
through a recursive process including the following two steps:

(1) At time k, the prior pdf of the state vector is predicted using theChapman-
Kolmogorov equation[26] and theMarkov property [27] of the process:

p(xk jz1:k� 1) =
Z

p(xk jxk� 1)p(xk� 1jz1:k� 1)dxk� 1 (3)

wherep(xk jxk� 1) can be computed using equation (1).
(2) When the observationzk becomes available at timek, the prior can be

updated usingBayes' rule:

p(xk jz1:k) =
p(zk jxk)p(xk jz1:k� 1)

p(zk jz1:k� 1)
(4)
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Di�erent methods and algorithms have been proposed to solve the above equa-
tions in an optimal or sub-optimal way; however, each one of these solutions
is based on a set of limiting conditions and assumptions.

4.2 Particle Filtering Methods

Particle �ltering is one way of approximating the optimal solutions of the
target tracking problem while relaxing the linearity of the state dynamics
and the Gaussian models. Particle �ltering methods are explained in the this
section.

Estimating probability density functions usingMonte Carlo simulationsis one
of the approximations to analytical solutions. This approachis usually used
when the underlying density is complex and not necessarily parametric. The
Sequential Importance Sampling (SIS) Algorithm[24,25] referred to as boot-
strap �ltering [17], the condensation algorithm [28,29], andparticle �ltering
[30] is a Monte Carlo method which represents the posterior density function
by a set of random samples each having a weight proportional to its likelihood.

Let f x i
0:k ; wi

kgN s
i =1 denote the vectors of sample points from the posterior density

function p(x0:k jz1:k) at time instants 0 to k (p(x0) is actually the prior) and
their corresponding weights. Then, at timek, the posterior density can be
approximated as

p(x0:k jz1:k) �
N sX

i =1

wi
k � (x0:k � x i

0:k) (5)

with � (:) de�ning the unit impulse function. Note that the weights need to be
normalized to represent the probability density function.

The goal of all particle �ltering approaches is to determinegood values for the
weights wi

k . In the SIS algorithm, these weights are estimated based on the
Importance Sampling Principle[31]. According to this principle, if the desired
density function p(:) is di�cult to draw sample from, yet is calculable at any
single point, the samplesx i are instead sampled from another distribution
q(:), the Importance densityand the weights of the samples are determined as

wi =
p(x i )
q(x i )

(6)

It can be shown [32] that using the importance sampling principle and the
Markov property of the process, the weights in equation (5) areupdated at
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each time frame using

wi
k / wi

k� 1
p(zk jx i

k)p(x i
k jx i

k� 1)
q(x i

k jx i
k� 1; zk)

(7)

and the posterior densityp(xk jz1:k) is approximated as

p(xk jz1:k) �
N sX

i =1

wi
k � (xk � x i

k) (8)

This approximation converges to the true posterior density asthe number of
samples,Ns increases.

Even though the above algorithm works e�ectively in approximating the true
posterior density without having prior knowledge about its shape, it faces
some common problems:

(1) In [33], it has been shown that the variance of the weightswi
k increase

over time. This makes the degeneracy problem inevitable where all except
a few of the particles have negligible weights. To avoid this, aresampling
mechanism is deployed to replace the low-weight samples with ones with
higher weights. In fact, the probability of selectingx i

k for the new set
equals its normalized weightwi

k . The weights of all the particles are now
reset to wi

k = 1=Ns. Also, a qualitative measureNef f is de�ned to deter-
mine when the resampling process is required:

Nef f =
1

P N s
i =1 (wi

k)2
(9)

A small value of Nef f indicates severe degeneracy and the need for re-
sampling.

(2) The weight formula of equation (7) shows that the varianceof the weights
wi

k increases as the two density functionsp(:) and q(:) deviate from each
other. This means that if the importance densityq(xk jx i

k� 1; zk) is not
selected properly, the chance of degeneracy problem increases. This re-
quires us to choose the importance density as close to the true density
p(xk jx i

k� 1; zk) as possible. One convenient choice for the importance den-
sity is the prior density function:

q(xk jx i
k� 1; zk) = p(xk jx i

k� 1) (10)

Making this choice, the weight update equation (7) can be rewritten as

wi
k / wi

k� 1p(zk jx i
k) (11)
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The Sequential Importance Sampling algorithm explained above is the basis
for most of the particle �ltering methods; however there are some other algo-
rithms used in the literature, which can be considered as special cases for SIS.
Sampling Importance Resampling (SIR)�lter, Auxiliary Sampling Importance
Resampling (ASIR) �lter, and Regularized Particle �lter (RPF) are some ex-
amples of these methods. Sampling Importance Resampling is discussed in the
following section. For learning about di�erent particle �lt ering methods and
also a comparison between all the methods discussed in this section, refer to
[32].

The Sampling Importance Resampling (SIR) �lter is another Monte Carlo
method for solving recursive Bayesian �ltering problems. The algorithm is
obtained by making the following modi�cations to the SIS algorithm:

(1) The prior density p(xk jx i
k� 1) is chosen as the importance densityq(xk jx i

k� 1; zk).
This choice eliminates the need for involving the observations in the sam-
pling step. This eases the sampling process and importance weight calcu-
lation and is useful especially in cases where observations havea complex
nature.

(2) The resampling step is applied at every time instant. This means that
wi

k� 1 = 1=Ns 8i and therefore

wi
k = �p (zk jx i

k) (12)

where� is the normalizing factor.

The independence of the sampling step from the observationszk results in
exploring the state space without observation, which may cause ine�ciency or
sensitivity to outliers. Also, the resampling step may reduce the diversity of the
particles. Therefore, some further steps may be taken and some application-
based heuristics be applied to improve the performance of the SIR algorithm.
The extra steps and heuristics for our particular problem willbe discussed
later.

5 Multiple Target Tracking

The goal of a multiple target tracking system is to track a set ofN moving tar-
gets in an n-dimensional space called thetracking space, while being observed
by M sensors. The motions of the targets are considered independent from
each other and follow dynamical models with variable accelerations. Along
their trajectory in space, some of these targets may pass near each other or
even join each other and move together for a while; our assumption is that
no more than two targets join or become very close to each otherat the same
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time. Even though removing this assumption is not theoretically hard, it is
beyond the scope of this paper.

One particular property of the problem addressed here is that the multiple
deployed sensors make their observations in a space which is di�erent (and
usually of lower dimension) than the tracking space. This space is called the
observation space. One important point to notice is that the di�erence between
the two spaces we are working with implies that no target can betracked
merely using the information acquired by a single sensor. It is assumed that
any target must be detected by at least two sensors to be trackable. A situation
where a single target is detected by fewer than two sensors is referred to as a
lost track.

As mentioned in section 3, the tracking process consists of two steps. In the
�rst step, each target is tracked using a particle �lter as explained in section
4.2. We focus on the Sampling Importance Resampling (SIR) method and its
corresponding equations; however, other particle �ltering methods can also be
used.

According to equation (12), the likelihood functionp(zk jx i
k) needs to be com-

puted to determine the particle weights. Applying Bayes' rule,the likelihood
function can be rewritten as

p(zk jx i
k) = � 0p(x i

k jzk)p(zk) (13)

with � 0 being the normalizing factor. In a multiple object environment, there
are multiple observationszk = f zj

k jj = 1; :::; Ncg. Therefore, equation (13) can
be rewritten as

p(zk jx i
k) = � 0

N cX

j =1

 (zj
k)p(x i

k jzj
k)p(zj

k) (14)

where (zj
k) 2 [0; 1] is an indicator function with the property that

N cX

j =1

 (zj
k) = 1 (15)

In our multiple target tracking problem, the likelihood and indicator func-
tions should be calculated for all the parallel particle �lters. The problem of
determining the set of indicator functions n (zj

k) for n = 1; :::; Nc turns into
the data association problemfor multiple target tracking. There are several
methods for data association which can be divided into two mainclasses:
Unique-neighbordata association methods which associate each observation
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with one target track and all-neighborsdata association methods which ex-
ploit all the observations for updating all the target track estimates [15]. In
the former class, for any targetn and at any time instant k, all the  n (zj

k)
values are zeros except one.Multiple hypothesis tracking (MHT) [10] which is
one of the methods of this class, calculates the likelihood of the observations
and the posterior probability of the hypotheses and stores onlythe most prob-
able hypothesis.Probabilistic multiple hypothesis tracking (PMHT)[11] is a
modi�cation of the MHT, where by assuming independence betweenthe data
associations and the target tracks, it reduces the computational complexity.

In joint probability data association (JPDA) [12] which is one of the meth-
ods of the second class, each of the target estimates gets updatedusing every
observation with weights that depend on the predicated probabilities of the
associations [15]. Since, in our problem, the number of observations is consid-
erably more than the number of targets and each target might correspond to
several observations, a similar approach is taken for the association. In fact, by
assigning n (zj

k) = 1 8j; k; n , the likelihood p(x i
k jzj

k) determines how much
each of the observation prior probabilityp(zj

k) should be involved in the target
posterior density estimation.

5.1 Observation Prior Probability Estimation

In this section, we discuss how to determinep(zj
k), the prior probability of the

observations. As mentioned earlier, it is assumed that the observation space
is di�erent from the tracking space; however, to evaluatep(x i

k jzj
k) as required

in equation (14), x i
k and zj

k need to be compared in a common space. There
are two options:

(1) All the particles from the tracking space can be projected to the obser-
vation space of each sensor, which is usually of a lower dimension,and
then be compared to the available observations of that sensor. All the
likelihoods need to be aggregated to make the �nal likelihood measure.

(2) As an alternative, the observations may be re-projected tothe tracking
space; however, since we assumed lower dimensionality for the obser-
vation space, no single observation can determine a single pointin the
tracking space. Therefore, observations from di�erent sensorsshould be
combined to construct points in the tracking space, which we call candi-
date points. Consequently, based on equation (14), for each particle, the
posterior probability of each particle is a combination of its likelihood
for all the candidate points multiplied by the prior probability of the
candidate points.
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Each of these approaches has disadvantages. In the former method, all the
particles of all the �lters need to be projected to all the sensor spaces, which
is a computationally-intensive process. Also, since some of the targets might
not have been detected by some sensors, trying to �nd likelihoodsin those
observation spaces is futile. On the other hand, in the latter approach, com-
bining two observations corresponding to two di�erent targets will result in an
invalid candidate point in the tracking space. However, since there are ways
to evaluate the validity of each candidate points, this approach is selected.

Let zj
km denote thej th observation made by themth sensor at timek where

j = 1; :::; Nom and m = 1; :::; M . As mentioned earlier, it is assumed that
having the information of a target point acquired by two sensors, we are able to
re-project this information to the tracking space. This re-projection is de�ned
using a functionR as

Z c
k = R(zj

km ; zj 0

km 0) (16)

whereZ c
k denotes thecth re-projected observation point, called thecandidate

point in the tracking space. Using candidate points in the tracking space,
equation (14) can be rewritten as

p(zk jx i
k) = � 0

N cX

c=1

p(x i
k jZ c

k)p(Z c
k) (17)

Note that, as mentioned earlier, we assign (Z c
k) = 1 for c = 1; :::; Nc and

remove them from the formula.

Combining all the pairs of observation points acquired by di�erent sensors,Nc

candidate points are obtained whereNc can be computed as

Nc =
MX

m=1

MX

m0= m+1

NomNom0 (18)

with Nom and Nom0 being the number of observations made by sensorsm
and m0 respectively; however, it is clear that not all of these candidate points
correspond to valid targets. For example, if observations associated with two
di�erent targets made by two di�erent sensors make a pair and are re-projected
to the tracking space using equation (16), the result will be an invalid point
and should be treated as afalse alarm; therefore we need to devise a scheme to
determine these points. This scheme uses the prior probability measurement
in a way that small p(Z c

k) values are assigned to the invalid points. Also, due
to noise, some of the observations may not be as accurate and theyshould
also be penalized in the same way.
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Uninitialized Unlabelled Normal

Combined

Lost

Fig. 1. Finite state machine for multiple target tracking.

To evaluate how good a candidate point is, the prior measurep(Z c
k) is con-

structed with three terms:

p(Z c
k) = po(Z c

k)pt (Z c
k)pb(Z c

k) (19)

where po(Z c
k) is a means for evaluating the quality of the measurements in

the observations space,pt (Z c
k) is a function depending on the error of the re-

projection from the observation space to the tracking space andpb(Z c
k) is a

function of the error in projecting the candidate points back to the observation
space. It is worth noting that in some applications, some of these terms may
be redundant and would therefore be removed, but as it will beshown in
section 6.4, we estimate and use all these terms in the hand/head tracking
application.

5.2 High Level Tracking Layer

In our multiple target tracking problem, a Finite State Machine (FSM) is
deployed to detect events such as when track of a target is lost or targets join
and follow the same track. Figure 1 shows the states and transitions of the
FSM. Note that the states are assigned to each of the trackers; therefore at a
certain time, two di�erent trackers may be in di�erent states.

The states of the FSM are de�ned as follow:

Uninitialized State : In the beginning, all trackers are in the uninitialized
state. As time passes, observations are made by the sensors and candidate
points are de�ned. As the prior probability p(Z c

k) becomes larger than a thresh-
old, a new tracker is initialized and the likelihood evaluation is performed using
equation (17). The initialized tracker then moves to the unlabelled state.
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Unlabelled State : In this state, the location of the tracker in the tracking
space is initialized and tracking via a particle �lter is in progress; however,
the type of the target is not determined. This is only an issue inapplications
where targets are of variant types. For example, in the hand/head tracking
application, the targets are head, left hand, and right handof a person or a
group of people. Activity recognition applications heavilydepend on the types
of the targets. In such applications, it is important to �nd cuesfor target type
recognition so that a target is labelled properly. When a target under track is
labelled, the tracker makes transition to the normal state.

Normal State : When a target tracker is initialized and labelled, it movesto
the normal state. In this state, the target can be tracked e�ciently by a particle
�lter through prior and likelihood measurements and posterior probability
estimation as explained in section 4.2.

Combined State : As two sample targetsT i and T i 0
get close to each other,

independently tracking them becomes di�cult. This is due to the fact that
the observations corresponding to the two targets may join in some sensors.
Also, the error of re-projectingzj

m and zj 0

m0 corresponding respectively toT i

and T i 0
in sensorsm and m0 becomes smaller and even comparable to the

error for the true candidate points representingT i and T i 0
. In this situation,

some of the particles may assign higher likelihood to the invalid candidate
points or even the other valid candidate points. This makes the posterior
probability p(zk jx i

k) a multi-modal distribution with modes becoming similar
in a probabilistic sense. As a result, individual tracking of the targets loses
accuracy. The proposed action in such situation is to combine the two trackers
and track them using a single particle �lter. This is done when the maximum
likelihood points of the two distributions have a distance lessthan a threshold.

As long as the two trackers are in the combined state, the modes of the pos-
terior probability p(zk jx i

k) should be extracted and monitored. As the two
targets move, the positions of these modes change accordingly. They move
apart when the targets move away from each other. This trend �nally results
in separation of the two targets, which can be detected by thresholding the
distances between the modes. At this time, the two target trackers each re-
ceive a mode and both change their states to the unlabelled state, where they
need to be assigned correct labels corresponding to their types.The cues for
labelling the targets at this stage are application dependent; the hand/head
tracking based cues will be discussed later.

Lost State : As mentioned earlier, it is assumed that to re-project a target
to the tracking space, it should be observed by at least two sensors; however,
there might be cases where a particular target is detected by fewer than two
sensors at the same time. In this scenario, no candidate point will represent
the desired target and the corresponding tracker should move tothe lost state;
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Fig. 2. Sample input images taken by four cameras from two video sequences.

however detection of this situation is challenging. When a desired candidate
point is not available, the particles tend to approach othercandidate points
which represent other targets. The proposed solution is to test the posterior
probabilities against a threshold. The lost state is similar to the uninitialized
state with the di�erence that it tries to use prior information of the target
position to retrieve the track.

6 Multiple Hand/Head Tracking

Based on the algorithms presented in the previous sections, we now address
the problem of tracking multiple human hands and heads viewed by multi-
ple cameras. It is assumed that the subjects' heads and hands are the only
unclothed body parts so that other skin-color regions in the foreground are
randomly appearing noise.

Figure 2 shows two typical multi-camera frames selected from two video se-
quences with one and two subjects respectively. In our experiments, four color
cameras view the scene from di�erent directions.

6.1 Pre-processing Steps

Before starting the tracking process, several pre-processing steps are per-
formed: camera calibration, background modeling and training of the color
segmentation module.

Camera Calibration : The cameras are calibrated with respect to a common
world coordinate frame creating a set of projection matricesPm for m =
1; :::; M . Knowing the matrices Pm , any image point (um ; vm ) on the mth

camera can be projected into the 3D line of sight which can be computed as
the intersection of two planes de�ned asB10 + B11X + B12Y + B13Z = 0 and
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B20 + B21X + B22Y + B23Z = 0. The 3D line can be determined by a pair of
3D vector and 3D point denoted as (v; p) wherev and p can be computed as

v =

0

B
B
B
B
B
@

B11

B12

B13

1

C
C
C
C
C
A

�

0

B
B
B
B
B
@

B21

B22

B23

1

C
C
C
C
C
A

(20)

and

p =

0

B
B
B
B
B
@

�
B 10 B 23 � B 20 B 13 +( B 11 B 23 � B 21 B 13 )�

B 22 B 13 � B 12 B 23

B 10 B 22 � B 20 B 12 +( B 11 B 22 � B 21 B 12 )�
B 23 B 12 � B 13 B 22

1

C
C
C
C
C
A

(21)

with � being an arbitrary real value and� de�ning the cross product of two
vectors. This 3D line will be used later in the re-projection process to �nd 3D
candidate points.

The important issue in the calibration process is the relative accuracy between
the cameras. In fact, it is very important that the two 3D line of sights cor-
responding to a single 3D point and two cameras, pass nearby each other in
3D space. If some of the cameras are not well calibrated, the accuracy of the
candidate points would be reduced and the number of candidate points in 3D
space would increase; this would degrade tracking performance. The calibra-
tion method used is based onvanishing points [34,35] and requires a set of
parallel lines in the three directionsX , Y and Z and also a few 2D image
points with known spatial coordinates.

Background Modeling : We employ the color code bookmethod for back-
ground modeling and subtraction [36]. By removing the background from the
image, the silhouettes of human subjects are obtained, which are used to es-
timate the prior probability of the candidate points as explained in section
6.4.

Skin-Colored Regions Segmentation : To segment skin-colored regions
from the images, we employ a method based on neural networks [37]. A sepa-
rate skin color detection module is trained for each camera, because di�erent
cameras have di�erent internal parameters such as brightness,contrast, white
balance and so on.
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6.2 Image Observations and Accuracy Problem

Images are captured simultaneously from all the cameras at 15 fps. Each
image is then processed separately and blobs are segmented. If the images are
captured from a scene in whichNh human subjects are present, we ideally
expect to extract 3Nh regions from each image corresponding to the hands
and heads of the subjects; however, due to a variety of reasons, the number of
extracted regions usually deviates from this ideal number:

(a) (b) (c) (d)

Fig. 3. Skin-colored regions segmentation and sources of inaccuracy: (a) Occlusion
and false alarm, (b) Unsegmented region and false alarm, (c)False alarm, (d) Joined
regions.

(1) Due to occlusion, some limbs are invisible in some images. The occlusion
problem is especially severe when multiple people are in the scene. Also,
shadows and lighting conditions might change the color of somelimbs,
thereby leave them unsegmented in some images. These cases are shown
in �gures 3(a) and 3(b). In �gure 3(a), the left hand is occluded by the
body and in �gure 3(b), the right hand is undetected due to shadow and
its small size.

(2) Some of the limbs may be too close to each other or reside on the same
line of sight from the camera so that they join and make a single region in
the image. Figure 3(d) shows a case where a hand and head are segmented
as a single region.

(3) Even though the background subtraction module �lters all the skin-
colored objects in the background, there is possibility that some regions
other than the hands and head are segmented from the foreground area.
These spurious regions may appear on any part of the person's body.
Figures 3(a), 3(b) and 3(c) show examples of such regions. Fortunately,
these undesired blobs usually appear in non-consistent regions across the
images, therefore they are likely to be assigned negligible weights when
re-projected to 3D space.

Due to these problems, the actual number of detected blobs is usually di�erent
from the ideal number, therefore we retain thed3�N he largest blobs with� > 1
to increase the change of including all desired blobs and discard the remaining
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segmented blobs. Finally, the blobs with sizes smaller than a certain threshold
are �ltered and removed. For themth camera, this leavesNom blobs which will
be used in the re-projection process as explained in the following section.

6.3 Computing 3D Candidate Points

To re-project the extracted blobs to 3D space, every blob should be represented
by a single point. We select thecenter of massof the blob as the representative
point. This selection however, adds another source of inaccuracy as the center
of mass of the objects in di�erent cameras are not generally the projection
of the same 3D point. This is especially true for the head, whichis a larger
object. A person's hair also increases the error as it may cover large portions
of the head from some viewpoints, e�ecting the skin-color based segmentation.

As explained in section 6.1, having a calibrated camera, we �ndthe 3D line
of sight in our tracking space corresponding to any single point in the image
acquired by a camera. A pair of lines corresponding to the images of a 3D
point projected in two cameras are used to reconstruct the point in space. In
fact, the point ideally lies on both lines and therefore on the intersection of
them in space; however, due to the noise terms introduced earlier as well as
digitization e�ects, the lines will not actually meet in space. As a result, the
3D point is approximated by the closest point in space with respect to the
two lines. This point is the midpoint of a line segment which is orthogonal
to both lines. Let (v j

m ; p j
m ) and (v j 0

m0; p j 0

m0) denote two 3D lines corresponding,
respectively, to the projections of thej th selected point on themth camera
and the j 0th point on the m0th one andv and p be computed using equations
20 and 21. Therefore, the 3D pointZ(X; Y; Z ) can be approximated as

Z = ( p j
m + v j

mc1 + p j 0

m0 + v j 0

m0c2)=2 (22)

wherec = ( c1; c2)T can be computed as

[v j
m � v j 0

m0 (v j
m � v j 0

m0)]c = p j
m � p j 0

m0 (23)

Also, the distance between the 3D reconstructed pointZ and each one of the
3D lines can be computed as

djj 0

mm 0 = kp j
m + v j

mc1 � p j 0

m0 � v j 0

m0c2k=2 (24)

The distance djj 0

mm 0 is a measure of the accuracy of the 3D reconstruction
process. For example, if thej th selected point on themth camera and thej 0th

point on the m0th camera do not actually represent the same 3D point in space,
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this error would be large, whereas for image points representing the same point,
the error would be small. Also, the more accurate the image observations are,
the smaller this measure would be. As a result,djj 0

mm 0 is included in the prior
probability estimation of the 3D candidate points as explained in the next
section.

6.4 Prior Probability Estimation for 3D Candidate Points

In this section, we discuss how to assign a prior probability to allthe 3D
candidate points computed in the previous section. These prior probabilities
will be then used in the likelihood estimation for the particles according to
equation (17). Let Z c = R(zj

m ; zj 0

m0) denote the re-projection (reconstruction)
of the cth 3D candidate point being observed as the two image pointszj

m and
zj 0

m0 in the mth and m0th cameras respectively. According to equation (19), the
prior probability for Z c is comprised of three terms corresponding to the image
space, 3D reconstruction and its back projection to the image space. All these
terms are de�ned as zero-mean Gaussain functions with some error terms as
the variables and tune the variances based on a set of training videos.

The �rst term, which evaluates the compatibility of a pair of observations, is
based on a functionDv(zj

m ) which measures the relativev coordinate of an
image point with respect to the range ofv coordinates of the silhouette of the
person in the image. The prior probability termpo(Z c) is de�ned as

po(Z c) = exp(
� (Dv(zj

m ) � Dv(zj 0

m0))2

2� 2
v

) (25)

based on the fact that the relativev coordinates ofzj
m and zj 0

m0 should be close
if the two points correspond to the same 3D candidate point. Notethat this
relies on the assumption that all the cameras are located such that 3D points
with larger Z coordinates will have smallerv coordinates in all the images.
Di�erent con�guration of the cameras requires modifying this term.

The second term,pt (Z c) measures the accuracy of the 3D re-projection and is
a function of the distancedjj 0

mm 0 computed in equation (24).pt (Z c) is de�ned
as

pt (Z c) = exp(
� (djj 0

mm 0)2

2� 2
d

) (26)

which decays exponentially as the re-projection errordjj 0

mm 0 grows. Even though
pt (Z c) seems a reasonable means to rule out invalid points; cases remain where
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the image points corresponding to two di�erent objects in thescene reconstruct
a candidate point with small distance errordjj 0

mm 0. For example, when two limbs
lie along the same line of sight from the perspective of one of thecameras. To
detect such points, we rely on the other two termspo(Z c) and pb(Z c) which
are based on information in the image domain.

The last prior probability term, pb(Z c) is a function of Ds(z0c
m ), the distance

of z0c
m , the projection of the candidate pointZ c on the mth camera image to

the silhouette of the person segmented by the background subtraction module
and is de�ned as

pb(Z c) =
MY

m=1

exp(
� (Ds(z0c

m ))2

2� 2
s

) (27)

This term is especially useful to identify those candidate points which relate
two inconsistent image points, yet make a small distance error in 3D space.

Figure 4(a) shows all the 3D candidate points projected into one of the camera
images for a sample frame. As can be noticed, the number of candidate points
is more than desired. The reason is that the combination of all pairs of points
are considered. One way to �lter most of these points is through thresholding
the prior probabilities. For example, �gures 4(b),(c),(d) show the points which
pass a threshold of 0.1 forpo(Z c), pt (Z c) and pb(Z c) respectively. Figure 4(e)
also show the points with �nal prior probability p(Z c) larger than 0.1.

Since the re-projection process only considerspairs of image points and there
are usually more than two cameras involved in the tracking, itis very common
to have several candidate points representing a target. Close candidate points
are combined to save redundant computations by eliminating the weaker point
and boost the prior probability of the other one. The rate of boosting is a
fraction of the prior probability of the eliminated point. Figure 18(f) shows
the �nal three candidate points after �ltering the points based on the prior
probabilities and joining close points. It is worth noting that in spite of the
e�ectiveness of the prior probability estimation, some spurious 3D candidate
points may appear in some of the frames; however, the particle �ltering method
and the history it creates for the trajectories is usually robust enough to avoid
the confusion caused by these points.

7 Application: Activity Recognition for Visual Surveillan ce

The proposed hand/head tracking system can be applied to visual surveillance
and human-computer interaction. In visual surveillance applications, we are
usually interested in recognizing the type of activities happening in the scene.
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(a) (b) (c)

(d) (e) (f)

Fig. 4. 3D candidate points projected back to the image: (a) All the candidate
points, (b) Candidate points passing the po(Z c) threshold, (c) Candidate points
passing thept (Z c) threshold, (d) Candidate points passing thepb(Z c) threshold, (e)
Candidate points passing thep(Z c) threshold, (f) Candidate points after �ltering
by p(Z c) and joining close ones.

Even though solving this problem in general is an extremely di�cult problem,
in this section it is shown how to use the information generated by the system
to recognize and classify a certain class of activities. Our goalis to classify
activities merely by knowing the trajectory of the hand and head motions
throughout the sequence, estimated using our tracking method.

There are two classes of activities we are interested in: the �rstclass includes
activities which involve only the motions of the hands and/or the head and
interactions between them. Examples of these activities areclapping and hand
shaking and are discussed in section 7.1. The second class of activities involves
carrying objects with the hand. Examples are object exchanges between hands
of a person or two people, picking up an object from the scene, and placing
an object in the scene and those discussed in section 7.2. For the activities of
this class, we need to detect at certain time instants during theact whether
the person holds an object or not.

7.1 Activity Classi�cation based on Limb Interactions

To classify the activities which involve interaction betweenthe limbs, we de-
tect the moments two or more limbs coincide or separate as wellas the type
of limbs involved in that coincidence. This information is provided by the pro-
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posed tracking system. Coincidence of two limbs happens when the trackers
associated with them make the transition from the normal state tothe com-
bined state (see section 5.2). Also, they separate when the trackers make the
transition from the combined state to the unlabelled state. In the unlabelled
state, the problem is how to label the targets so they can returnto the normal
state. As explained in section 5.2, some application based cues are required
to label the targets in the unlabelled state. All the activities considered in
this section share the property that the coincident limbs subsequently sep-
arate from each other. Therefore, by computing the angle between the two
3D vectors connecting the two targets before joining and after separation, the
targets can be labelled.

Knowing the type of the interacting limbs, we can limit the list of possible
activities. For example, if two hands of the same person join andseparate, this
is a cue for clapping or object exchange between the hands. Also,if two hands
of two di�erent people join and separate, it could be a hand shake or object
exchange. To choose the right activity from these alternatives, we detect if any
of the hands holds an object and whether this object moves from one hand to
another after the separation.

7.2 Carrying Object Detection

The proposed technique for detecting whether the person carries an object is
through color analysis of the pixels around the hand region. The detection
steps are as follows:

(1) As a �rst step, it is determined for each hand whether it is visible in a
camera or not. the 3D estimated location of the hand to each camera is
back projected and veri�ed whether the projected point resides within
the boundary of any segmented skin-colored blob in the image. If a blob
is detected, it is considered as the region of the desired hand.

(2) For each visible hand in an image, an appropriate region around the
corresponding blob is selected for color analysis. The color histogram
of the pixels in that selected region is constructed and normalized. The
modes of the color histogram are extracted and, for each mode,it is
veri�ed whether it corresponds to a connected region in the image. If
such a region is found, the mode is retained, otherwise it is eliminated.

(3) The modes of all the histograms acquired at di�erent timesby di�erent
cameras are combined and aweighted average distributionis constructed.
The weight of each histogram depends on the quality of the selected region
and is determined base on the relative position of the hand withrespect
to the body.

(4) The weighted average distributions of di�erent hands arecompared at two
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Fig. 5. The selected regions for color analysis: (a) Input image and silhouette and
the selected circular regions, (b) The selected regions after �ltering, (c) Normalized
color histogram of the two selected regions..

di�erent time instants, called decision points, to detect the carried object,
its color and the potential exchange. The �rst time instant is when the
hands coincide with each other and the possible object exchange occurs.
The second time instant is when the hands separate above a minimum
pre-de�ned distance. This usually creates a few frames of delay which is
required to collect enough data for updating the color histogram of the
hands, thereby identifying whether an exchange has occurredor not.

The following subsections explain these steps in detail.

7.2.1 Hand Region Selection

At each image acquired by the cameras, if a skin-colored blob corresponds to
a tracked hand, a circular region around that blob is selectedto be used in
the color analysis. These circular regions are then �ltered using the silhouette
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Fig. 6. The normalized color histogram of the selected regions in �gure 5 after kernel
density estimation and the location of the modes.

of the body generated using the background subtraction module. Also, if the
area inside the circle contains more than one connected foreground region,
the region containing the skin-colored blob is preserved and the others are
eliminated. The skin-colored blob is also excluded from the region and the
remaining pixels presumably correspond to an object, the sleeve or dress of
the person (depending on the relative position of the hand to the body) and
noise pixels. Next, the color histogram of the remaining region is generated
and analyzed. Thehue is used as the color indicator.

Figure 5(a), depicts the regions selected for the two hands ina sample frame
image in which the person holds a small green object in his left hand. The
region of the pant which is pointed to by arrow is eliminated as it is not con-
nected to the hand. Figure 5(b) shows the �ltered version of thetwo selected
regions in 5(a). Figure 5(c) shows the normalized color histogram of the two
selected regions. As can be seen, the histogram of the left hand shows large
values around the green color (e.g.hue � 65� ). Also note that although the
detected skin-colored region is �ltered, the amount of skin-colored values in
the histogram is still signi�cant due to failure of the color detection module.

7.2.2 Color Histogram Modes Extraction

To detect the modes of the distribution,kernel density estimationwith a
gaussian kernel is applied to the histogram and local maxima areselected.
Several modes may be found in the histogram; however most of these modes
appear due to scattered noise. To remove these, the modes of the histogram
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Fig. 7. The modes of the histogram in �gure 6 after connectivity veri�cation.

are back projected to the image to determine whether they form a connected
region or not. If a connected region of minimumn pixels (e.g. n = 10) is
found in which all the pixels have the hue value in the range [hue� �; hue + � ]
with � � 3� , then the modehue is retained otherwise it is eliminated. It is
worth noting that after all the �ltering, there may still be mo des which appear
due to noise. These modes will be �ltered by the subsequent step. Figure 6
shows the histograms of �gure 5(c) and the position of the modes after kernel
density estimation. Figure 7 shows the retained modes after theconnectivity
veri�cation process.

7.3 Estimating the Relative Hand Position

The modes of the color histograms extracted from the individual cameras
are combined to increase the reliability of the process. However, at each time
instant, some cameras are located in a better position with respect to the
person and collect more reliable data. By detecting those cameras, a larger
weights can be assigned to them in the weighted average distribution.

A selected region around a hand is considered more reliable when the number
of pixels not belonging to potential object is minimal. Thisoccurs when the
hand is stretched out from the body and the camera views the body from
an appropriate angle. To determine the reliability of a selected region, the
pixels of the body silhouette which lie on the bounding circle(see �gure 8)
are extracted and an-tuple vector vc of 0's and 1's is created. Values 0 and 1
correspond to foreground and background pixels respectively. The reliability
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Fig. 8. Reliability measurement of the selected regions: (a) Hand outside the body,
(b) Hand in in-out position (c) Hand inside the body.

factor � is then de�ned as

� =
n �

P n
i =1 vci

n
+ � min (28)

where� min is a constant positive number to be used as the minimum reliability
factor. The larger the value� is, the more reliable the selected region would
be. For instance, in the case of �gure 8(a), the majority of the undesired
pixels belong to the sleeve of the person's dress which does not constitute a
big portion of the region. Also, knowing the location of the sleeve from the
1's in the vector vc, we are able to remove them. As a result, the selected
region in �gure 8(a) can be considered a reliable selection. This consideration
is re
ected in the large value of� . In contrast, in the case of �gure 8(c) with
the hand residing inside the silhouette of the body, many pixelsbelonging
to the person's dress may be contained in the region inside the circle. This
reduces the utility of the color analysis, therefore, a small value � is assigned
to this region.
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Another point to note is that an iterative process can be added to determine
the appropriate radius of the circle. In fact, we can start from a small circle,
which merely covers the skin-colored blob and grow the circlegradually until
a su�ciently small or large value for � is measured or the circle reaches a
pre-de�ned maximum size. When the value� is determined, the circle size is
modi�ed accordingly; for example, if � is very small (the hand is inside the
silhouette), the circle size is modi�ed to the smallest possible size to exclude
as many pixels of the person's dress as possible.

7.3.1 Object Exchange Detection

To detect the exchange of an object between two hands or gaining or ceas-
ing to carry an object in case of pick and place actions, the weighted average
color histograms are analyzed at two di�erent time instants called the decision
points. The �rst time instant called the climax point is when two hands coin-
cide or when a hand stops moving for a few moments to pick up or place an
object. The exchange moment can be detected using the FSM used for track-
ing. To recognize the climax point of the pick and place activities, which are
categorized asballistic movements[38], motion �eld estimation is deployed.
The second decision point in which the histograms need to be examined is
when the hands are separated by a minimum pre-de�ned distance from each
other. This is usually a few frames after separation of the two hands or after
the still moment for pick and place cases. From the modes of the averaged color
histograms of the hands, it is determined whether the hand holds an object
or not. Also, comparing the modes of the hands at the two decisionpoints,
we can recognize whether the objects has been transferred from a hand to
another or not. This information can consequently lead us to the recognition
of the type of activity. Table 1 shows this categorization fora set of activities
involving the interaction of two hands. For example, if thereis no object in
either of the two hands (indicated by 0 in the table) before ofafter the climax
point, the activity is either a hand shake or a clap depending on the number
of involved people. Or, if an object is detected in one hand before the climax
point and in another one afterwards, an exchange has happened. If there is
only one hand involved in the activity, the presence of an object in the hand
before or after the climax point distinguishes the two pick andplace activities.

To determine whether a hand holds an object or not, the modes of the color
histograms detected in section 7.2.2 from di�erent images arecombined. This
is useful due to the observation that the hand or the carried object may be
invisible or partially visible in one camera or another. The fusion method
used here is theBeamforming method [39] which asserts that if a signal is
transmitted over several noisy channels, the optimal way of combining the
outputs of the channels is computing the weighted average ofall the channels
such that the weight of each channel is inversely proportionalto the variance
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First Hand Second Hand First Hand Second Hand Activity

(Before) (Before) (After) (After) Type

0 0 0 0 Hand Shake or Clap

0 1 1 0 Exchange

1 0 0 1 Exchange

0 - 1 - Pick

1 - 0 - Place

Table 1
Activity Recognition based on the Object Location Before and After the Climax
Point

of noise of the channel. Ifpj
mk (c) denotes the pdf of the modes of the color

distribution for the selected region around thej th limb on the mth camera at
time instant k, a weighted average pdfpj (c) is de�ned as

pj (c) =
P K 0

k= K
P M

m=1 � j
mk pj

mk (c)
P K 0

k= K
P M

m=1 � j
mk

(29)

with � j
mk denoting the reliability measure� for the j th limb as computed in

section 7.3. The reliability factor� j
mk can be considered inversely proportional

to the noise of the channel (i.e. camera). The time periodk = [ K; K 0] is a pe-
riod before the decision point. Also the period begins after or ends prior to
the instant the circular regions of the two limbs intersect. This avoids the
case in which the object appears in both selected regions. Another possible
enhancement is to attenuate the noise level of the distribution by subtracting
the distributions of the two hands of the same person from each other and re-
moving the negative distribution components. This can be especially e�ective
to remove the color of the dress from the histogram. Performingthe above
process on the two interacting hands at the two decision pointsand compar-
ing the modes of the distributions, it can be determined if there has been any
object in a hand and whether it has changed its position between the hands.
An example is shown in the experimental results section.

8 Experimental Results

The performance of the tracking method was measured with a set of video se-
quences including one person or two interacting people. Our system processes
around 4 frames per second on a 3GHz PC. To measure the accuracy ofthe
particle �ltering technique deployed for tracking, the estimated 3D coordinates
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Fig. 9. Performance evaluation of the tracking system. The tracking error is shown
as the di�erence between the ground truth values and the actual estimated values.

of the two hands and the head of a person were compared with ground truth
values. The ground truth measurements were obtained by selecting the loca-
tions of the limbs manually in all the images of sample frames and projecting
them to 3D space. Figures 9 and 10 compare theX , Y and Z coordinates of
the 3D limbs obtained by the two methods in two di�erent videosequences.
As seen in the graphs, the tracking error is always less than 100mm. The two
sequences used for this evaluation show a person moving hands andhead in
space while standing or sitting behind a desk. The average distance error in
the standing sequence for the head, left and right hands are 52:5, 37:4 and
43:9 millimeters respectively. For the sequence with a person doing normal
activities while sitting at a desk, the average distance error for the head, left
and right hands are 45:0, 37:9 and 33:9 millimeters respectively. The larger
errors for the head are expected as the head is a larger objectand is often
partially occluded by the hair from certain directions. Figures 11 and 12 show
a few selected frames from the two video sequences. The analysis of the desk
sequence shows that the moment the person picks up a cup to drink can be
detected by color analysis of the frames before and after thatmoment.
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Fig. 10. Performance evaluation of the tracking system. Thetracking error is shown
as the di�erence between the ground truth values and the actual estimated values.

In another experiment, the two hands of a person were tracked when the
person clapped. Utilizing the �nite state machine and heuristics for labelling
the targets after separation, the system successfully retains thetracks and
distinguishes the two hands before and after the clapping point. Figure 13
shows three sample frames before, during and after the clapping.

Several videos with two interacting people were also evaluated. One expected
problem in this type of scene is the high rate of occlusion. The occlusion
becomes worse when the two subjects approach each other. Increasing the
number of cameras in the scene and uniformly distributing themaround the
room can reduce the occlusion signi�cantly; however these improvements will
also increase the required computation. Also, having six targetsin the scene
instead of three (four hands and two heads) increases the numberof candidate
points in the tracking space, thereby increasing the number offalse alarms.
However, our system worked well in most cases. The only inevitable problem
is the occasional track loss due to a shortage of observations. Figure 14 shows
sample frames of the video of the subjects shaking hands. The colored markers
show the location of the tracked limbs back-projected to the images. As de-
picted in the last row, the two shaking hands were distinguished and labelled
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Fig. 11. Sample frames of a sample sequence.

Fig. 12. Sample frames of a sample sequence with a person working at a desk.
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Fig. 13. Sample frames of the hand clapping sequence.

successfully after separation. Meanwhile, as can be seen, the left hand of a
person is lost in the 2nd and 3rd rows due to the shortage of observations.
Table 2 shows the states of the tracked limbs at each row of the �gure 14. The
letters H, L and R stand for head and left and right hands respectively. The
indices are used to indicate the two subjects.

Row Normal Combined Lost

Top L 1, R1, L 2, R2, H1, H2 - -

Middle L 1, H1, H2 R1, R2 L 2

Bottom L 1, R1, L 2, R2, H1, H2 - L 2

Table 2
The state of the hands and heads in di�erent rows of �gure 14: H, L and R stand
for head and left and right hands respectively. The indices are used to indicate the
two subjects.

To test the performance of the proposed object exchange detection scheme,
a sequence was examined in which a person exchanged a small greenobject
between the two hands. Figure 15 shows thepj (c) for the two hands at two
time instants. Figure 15(a) shows the average histograms for thetwo hands at
the moment they join. Figure 15(b) shows the same histograms a few frames
after the hands separate. By looking at this �gure, it is clearthat the green
object (e.g.hue � 60� ) has been moved from the left hand to the right hand
at the time the hands met. This can be inferred easily using analysis of the
modes of the four distributions. Figure 16 shows several frames of the same
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Fig. 14. Sample frames of two people do the hand shaking. The white markers show
the estimated location of the limbs. Left hand of a person is lost in the 2nd and 3rd
rows due to shortage of observations

video sequence. The average histograms of 15(a) and 15(b) are measured at
the frames of the 3rd and 5th rows.

9 Summary

A general approach for multiple target tracking using multiple sensors was
presented. The approach included a low-level particle �ltering layer for track-
ing individual targets and a high-level �nite state machine for analyzing the
interaction between the targets as well as appearance and disappearance of
each target. A multiple hand/head tracking system was then designed based
on this two-level tracking method. Some application speci�cheuristics were
added to improve the performance of the system. An object detection ap-
proach was also presented based on the color analysis of regions around the
hands. It was shown that fusion of the information acquired by all the cameras
improves the quality of object detection. As an application,a set of activities
involving interaction between people and objects were investigated.

The set of experiments performed show the potential and also limitations of
the approach. In fact, the proposed system can be e�ective in tracking the
hands and heads of people and detecting the objects they may carry, which
can be very helpful in visual surveillance applications; however, if the subjects

32



Left

Right

Left

Right

(a)

(b)

Hue

Hue

Hue

Hue

Fig. 15. Weighted average distributions at two decision Points: (a) At the climax
point, (b) A few frames after after the climax point.

get too close to each other, the occlusion of the limbs reduces the performance
of the system. Adding some modeling and detection modules focusing on the
body structure of the people can improve the quality of the system.
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