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ABSTRACT

Cyclic motion underlies several human activities including
exercising,running, and walking. Accurate tracking of such
motion in video data helps in developing computer-aided
applications such as gait analysis, person identification, pa-
tient rehabilitation, etc. This paper presents a set of novel
techniques for tracking cyclic human motion based on de-
composing complex cyclic motion into simpler motion com-
ponents and introducing phase coupling between the com-
ponents. The intensity of coupling is adaptively adjusted
during tracking such that a strong coupling is triggered when
self-occlusion occurs. In our experiments we use sequential
Monte Carlo methods for tracking a walking human. We
show that this adaptive phase coupling of component mo-
tions handles occlusion and self-occlusion with significantly
improved accuracy while avoiding the limitations caused by
a poorly trained dynamic model.

1. INTRODUCTION

Cyclic motion performed by human beings such as jogging
and walking comprise of repetitive movements of individ-
ual body parts like arms and legs. Analysis of such motion
is crucial in developing computer-aided applications such
as gait analysis, person identification, patient rehabilitation,
sports training, computer animation, and quantification of
human activities [1, 2, 3]. However, recovering such mo-
tions from video data is a challenging vision task and is
commonly known as the tracking problem. The difficulties
arise due to non-linear dynamics of the limbs, similarity be-
tween limbs, and severe self-occlusions.

To overcome these difficulties, tracking is often posed as
Bayesian estimation of hidden states of a state-space model
and prior knowledge is incorporated through modeling. Es-
sentially tracking consists of two types of modeling: mo-
tion modeling, and observation modeling. Motion model-
ing represents what we know about a specific motion pat-
tern, while observation modeling characterizes our knowl-
edge about object appearance.

A well-trained temporal motion model helps in easing
the above-mentioned problems in tracking. For example, an
iterative training procedure is used in [4] to train an accurate
moticn model to realize robust tracking. However, training
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an individual motion model for each tracking task is unre-
alistic in practice. Most of the time a generic motion model
is used, e.g., in [5, 6, 7], cyclic motion is represented by
temporal curves of the joint angles obtained from a training
data set. A key disadvantage of such a generic model is the
limited amount of variations that a genertc mode! could cap-
ture. Although efforts have been made to train a model with
larger sets of ground-truth data, data collection and model
training is not a trivial task [8). Accordingly, the process
noise in the state-space model generaily should have a rela-
tively arge variance if the model is expected to work for a
large variety of subjects. For a sample-based tracking tech-
nique such as particle filter [4], this requires a large sample
set in order to maintain estimation accuracy. However, this
requirement is difficult to satisfy when the state-space is of
high dimensionality, as is the case in human motion recov-
ery [9]. On the other hand, using a small process noise will
produce tracking resulis that tend to agree with the motion
model and ignore the image evidence. This is especially
undesirable in applications like gait analysis because strong
prior tends to eliminate individual features that are impor-
tant for object recognition.

Observation modeling is used to collect image evidence.
Obviously, if a motion mode] is weak the tracking algorithm
should rely more on image evidence and the target repre-
sentation should be made more robust. This can be partly
accomplished by fusing multiple image cues. [5, 6] employ
only edge information and hence are susceptible to clutter.
In {7}, both edge and region information has been used.

In this paper, we employ a particle filter to track a watk-
ing human. We focus on the problem that given a (weak)
generic walking model, how can we best utilize it in motion
tracking without incurring undesired dependence on it? Our
proposed solution is that instead of taking the model as a
whole for prediction, we relax the model’s constraints by di-
viding a cyclic motion into its component motions and pre-
dicting each component motion separately. The component
motions are loosely coupled by phase locking to ensure that
the tracker gives physically plausible estimates. This phase
locking is reinforced during self-occlusion. In our experi-
ments we show that this two-pronged approach consisting-
of individual component prediction and adaptive phase cou-
pling handles self-occlusions and occlusion with improved
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accuracy without introducing undesired dependency on the
motion medel. Fig.1{a) shows the decomposition of a cyclic
motion into atomic components consisting of the motion of
four limbs. Note that this modeling is different from search
space decomposition [10, 11], where components are as-
sumed to be independent with each other.

We start by defining cyclic motion by its components
in section 2. Based on this definition, a component motion
tracking method using particle filter is proposed in section
3. Experiment results are presented in section 4.

2. CYCLIC MOTION

Motion can be defined as a d-dimensional function ' (t)
whose value at time ¢ is the instantaneous configuration of a
continuously moving object. Following the definition in [3],
a motion C (t) is called cyclic if C (t+T) = C(t). Note
that global translation of the object is not captured in this
definition. Since for cyclic motion C {t} forms a closed tra-
jectory in the object’s configuration space, we could denote
the trajectory by a parametric curve M (p) , where the pa-
rameter p € [0, 1}, called phase in this paper, indicates the
current configuration of the object in one motion cycle.

For cyclic human motion, M (p) often represents a tem-
poral trajectory of a human model in a high dimensional
configuration space. Furthermore, this coarse definition con-
ceals many detailed structures in the motion. Direct ob-
servation of human motion indicates that M (p) can often
be decomposed into several meaningful component motions
mi(p),t € {1,..., Nas} with each component of an object
following its mation trajectory, but with (possibly) differ-
ent phases. The swinging motion of the four limbs during
walking is an example, as seen in Fig.1(a). This observa-
tion is confirmed by studies in human perception of cyclic
motions [12, 13}. [12] suggests that phase locking among
the components remain approximately constant for a given
human. The phase lock varies for different types of motion
such as walking versus running. Phase locking of motion
components has been used for gait analysis in [13]. Here
we apply it to tracking,

Suppose we have an articulated object O consisting of
N¢ component motions, denoted by ¢;(t), 5 € {1,..., N¢}.
We then refine the definition of cyclic motion in terms of its
component motions.

Definition 1 An object O with N components is said
to perform a cyclic motion if :

(1) Each component motion ¢;(¢) forms a closed trajec-
tory m;; (p) in its configuration space, where ; denotes the
index of the trajectory corresponding to component j and
1 € {1, . Ny}, Ny < Ngandp € [0, 1).

(2) All component motions share a common frequency,
i.e., at any time ¢ there exists a T such that

¢ (t+T) =c; (), ¥j € {1,..., Ne}

Knee Angle

Hip angle,

(b)

Fig. 1. (a) Decomposing cyclic motion. (b) Tracking com-
ponent motion. -

(3) There is a constant ¢, & [0, 1} associated with each
component such that

¢ (ty =my; ((% + ¢j) mod 1) =, (p; (£))

where mod denotes modulus operator, and p; (t) the j-th
component phase at time ¢t.

Based on this definition, the object’s instantaneous con-
figuration is uniquely determined by its component phases.
Note that given the phase p; (t) , the phases of all other
components can be determined from their phase locking re-
lationship (we assume the phase relationship for a given mo-
tion patiern is known a priori):

pe(t) =(p; () —¢; + &) mod 1, Vk # 5

Therefore, the motion trajectories and the phase lock infor-
mation fully characterize our prior knowledge about a cyclic
motion.

In extreme cases, the object is taken as a whole and the
motion only has one component. On the other hand, taking
each state element as a component completely decomposes
the motion. We next formulate tracking based on this model
and show that the phase locking between components pro-
vides a flexible tool for reinforcing or relaxing the prior mo-
tion model.

3. SEQUENTIAL MONTE CARLO TRACKING OF
CYCLIC MOTION

3.1. Component motion tracking by particle filter

Denote the target state and observation at time ¢ as x; and
y: respectively. Let Y, = {yq,...,¥:} be the history of
observations up to time £. Particle filter provides a sample-
based solution to the state-space model [4].

Denote the sample set at time ¢ as {SE”), n=1,.,N.
Our model prediction takes a projection-drifi-diffusion ap-
proach. Suppose x; and si") can be decomposed into com-

ponent configurations {x, ;} and {si?}, ji=1,..,Ng.
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For each sample in the previous time step, we project the
sample onto the trajectory of the corresponding component
motion. The projection then undergoes a drift aloag the
trajectory, and lakes a random walk afterwards (diffusion).
The projection is defined as follows:

Definition 2 Given a hypothesis configuration s( "™ of
component § and its assocnated trajectory m;; (p) , we call

a phase i, “(") = Proj (s ( 47+, (p)) the projection of s( ")

onmy; (B ) where

Proj (s, m,, (¢)) = exg min { |m, (p) — s{7)

with [|-|| denoting the Euclidean distance.

1t is not difficult to find a closed form solution to the
above equation when the trajectory.is a parametric curve
such as a B-spline curve. With this projection, the configu-
rationt of component j at next time step £+ 1 can be predicted

by adding a phase velocity sample to ﬁgz) :

P, = (Pz; +Ap‘")) mod 1, n=1,.,N

where Apf) ~ N (Ap, o) are Gavssian distributed sam-
ples with variance o, and mean Ap (in cycle/frame). The
hypothesis component configurations implied by phase sam-
ples ;E)g'fr]l ; then take a Gaussian random walk in the com-
ponent configuration spaces:

(n)

~(n)
Se41,5

= M, (pt+1 j) +Vip1 5 = 1,...N
where v,y ; is process noise with Gaussian distribution
N(0,2v) . viyq,; should be sufficiently large such that
the limitations inherent in the model will not mislead the
tracker. Fig.1(b) shows this three-step process for tracking
component motions.

3.2, Adaptive phase coupling

In order to ensure that the tracker provides physically plau-
sible estimates and to combat self-occlusion, an adaptive
phase coupling between component motions is introduced
by augmenting the observation mode] with a phase coupling
term:

P (yel%e) = pimg (velxt) [ PCogx ((prs ~ pex) mod 1)
ik
where pjmg (¥4|Xx) denotes the image evidence term and

PC, ;i (-} models the phase coupling between component
7 and k:
PGk (x} = N ((¢; -

The intensity of phase coupling can be controlled by the
Phase Coupling (PC) variance oy . Since for a given

¢k) mod l, o'f,yjk)

cyclic motion we could predict self-occlusion by observ-
ing any previous component configuration (phase), adap-
tive phase coupling is achieved by using a strong coupling
(smaller PC variance) during self-occlusion and a weak cou-
pling (larger PC variance) otherwise. Define Range of Self-
occlusion (HoS) as the set of phase values over which self-
occlusion occurs. In our experiments on human walking we
let o, ;1 be a raised cosine function of one of the previous
component phase estimate fi;_1 ; :

(1—a)o+ aocos (Znﬁ'f—l'fﬂ) ,
. Pn—pi
Ot gk (Pe-1,5) = if 1€ RoS

o, otherwise

where

RoS = [p1,pr], Pe-1,; = Proj (Re—1,5,ms, {p)} -

RoS, o and o control the range and intensity of phase cou-
pling.

4. EXPERIMENTS

‘We applied the above modeling to pose recovery of a watk-
ing human’s two legs. We used several video sequences
consisting of both indoor and outdoor scenes. In all the se-
quences the method is found to provide better performance
than conventional tracking. Here we present the resulis of
one of the test videos. The video contains 226 frames of a
subject walking in a plaza in near frontal-parallel view, with
occlusion occurring when the subject walks behind trees,
lamp posts and benches. We use a cardboard model whose
configuration is determined by 6 parameters: the (i, ¥) lo-
cation of the pelvis and two joint angles for each of the
two legs. We employ temporal joint angle curves obtained
from medical studies [6] (averaged over 30 individuals) and
assume smooth motion for the pelvis location as well as
the phase changing rate. The walking motion is then de-
composed into two components by taking each leg as one
component. The two components follow the same trajec-
tory in two-dimensional space (Fig.1(h)), with an expected
phase difference ¢y — ¢ = 0.5. The walking motion of
one leg during a motion cycle contains two disjoint RoS’s:
RoS =10.2,0.4)U[0.7, 0.9]. Whenever one of the estimated
component phases falls within RoS, adaptive coupling is
triggered.

We take both color and edge cues fo evaluate particles:
Pimg (¥elxe) = HJ —1 Pedge (yelx, i) Peotar (¥slxe, j) The
edge module is determined by the pixel value of the edge
map on the perimeter of the model. For the color module,
histogram intersection is computed between the hypothesis
histograms and the color model histogram.

We initialize the tracker by manually specify the model
configuration in the first frame. After a few pilot studies, the
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(a) Tracking by component motion with adaptive phase coupling

(b) Conventional tracking with high process noise (c) Conventional tracking with lower process noise

Fig. 2. Some results of component motion tracking and conventional tracking (zoomed in).
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