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Abstract

A likelihood formulation for detailed human tracking in rea l world scenes is pre-
sented. In this formulation, the appearance, modelled using feature distributions
de�ned over regions on the surface of an articulated 3D model, is estimated and
propagated as part of the state. The bene�t of such a formulation over currently
used techniques is that it provides a dense, highly discriminatory object-based cue
that applies in real world scenes. Multi-dimensional histograms are used to repre-
sent the feature distributions and an on-line clustering algorithm, driven by prior
knowledge of clothing structure, is derived that enhances appearance estimation and
computational e�ciency. An investigation of the likelihoo d model shows its pro�le
to be smooth and broad while region grouping is shown to improve localisation and
discrimination. These properties of the likelihood model ease pose estimation by
allowing coarse, hierarchical sampling and local optimisation.
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1 Introduction

The recent growth of research interest in human body tracking has been in-
nervated by the problem's challenging nature and motivatedby the potential
solutions' applications in areas such as gestural interfaces, surveillance, mon-
itoring, security, motion capture, games and sport. Tracking people is made
particularly di�cult by their complex appearance and motion; indeed the two
primary problems are how to establish a good, realistic appearance model and
how to e�ciently estimate the model parameters over time. The focus of this
work is to address the former problem, that of modelling human appearance
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in real-world scenes. Di�culties in constructing an appearance model for hu-
man tracking are that the clothing is not knowna priori , lies on an irregular
3D surface, is often textured and changing over time and thatbody parts
frequently undergo self-occlusion. Many current state-of-the-art trackers (e.g.
[1]) rely upon a simple appearance, such as tight, high contrast, un-textured
clothing and/or a simple or known background in order to be successful. Such
assumptions are inappropriate for applications such as surveillance and mon-
itoring [2,3]. The di�culty of modelling human appearance is also apparent
from work in rendering realistic images of people (see for example [4]).

Human tracking research often uses a generative, high-level model. Firstly,
a model is established describing the pose of the human. The aim of the
tracking system is then to estimate the (posterior) probability p(X t jYt) of
the parameters of this modelX t = f x0; :::; xT g, based upon the observations
Yt = f y0; :::; yT g and a body of prior knowledgep(X t ) (where x 2 < n , yt

represents an image frame andt 2 [0; T]). In general, distributions at new
times can be found using (2).

p(xt jYt ) =
Z

:::
Z

p(X t jYt )dx0:::dxt � 1 (1)

/
Z

:::
Z

p(Yt jX t )p(X t )dx0:::dxt � 1 (2)

The �rst term on the RHS of (2) represents the likelihood of a path through
state space given the image sequence and the second term is the prior over that
path. In can be seen that the dimensionality of this integralgrows with time
as more information is considered and direct evaluation becomes prohibitively
expensive. Therefore, it is usual to consider the state evolution to be a Markov
process and the distributions can then be found recursively:

p(xt jYt ) / p(yt jxt )
Z

p(xt jxt � 1)p(xt � 1jYt � 1)dxt � 1 (3)

The �rst term on the RHS of Equation (3) represents a single image likeli-
hood model and the second represents the probability of transitioning from
the previous posterior distribution. It is important to realise that the poste-
rior probability distribution is induced by the chosen likelihood model and
motion model. Accurate modelling of these terms allows for easier and more
accurate estimation. The topic of this paper is the derivation and evaluation
of a likelihood model that allows accurate, e�cient tracking in real world en-
vironments. Since the focus of the paper is on developing andevaluating an
e�cient, highly discriminatory likelihood we approach the problem as one of
recursive maximum likelihood. Prior constraints on pose, such as modelling of
human motion, are not discussed in this paper.
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To begin we ask the question: what are the properties of a goodlikelihood
formulation? A good generative model will be able to utiliseall the relevant
input data, transformed and weighted appropriately and will therefore be able
to re-synthesise an appropriate representation of the input data given the
solution. A good likelihood model should have characteristics which allow for
e�cient, accurate estimation, such as a strong, broad response around the
solution and large discriminatory power to reduce the e�ectof false maxima.

A di�culty in the case of visual human tracking, is that, due t o the large un-
certainty in a foreground and background appearance, single frame likelihood
models have poor discrimination. Such models may be constructed by mak-
ing limiting assumptions but the resulting systems will notallow for accurate
estimation in other, more realistic, scenes.

Here we propose to construct a likelihood model by propagating the fore-
ground appearance as part of the state. The state then consists of both a
pose component and a texture component, i.e.x � f xshape; xtexture g. Such a
dynamic likelihood model should have as many of the properties identi�ed
above as possible. However, problems arise when trying to estimate a com-
plex, changing appearance given the limited amount of available data and
computational resource. Furthermore, model initialisation is essential when
using a dynamic likelihood. Existing tracking systems typically require man-
ual initialisation and this approach is similarly adopted in the experiments
described here. While this paper investigates the results obtained by apply-
ing a dynamic likelihood model, the method presented shouldultimately be
considered to be part of a larger system that combines staticand dynamic
likelihood components for automatic (re)initialisation and e�cient, iterative
tracking.

1.1 Outline

Section 2 discusses previous work on human appearance modelling, divid-
ing the discussion into shape modelling and likelihood modelling. Section 3
describes our method of tracking based upon recursively updating poseand
appearanceparameters. In particular, Section 3.2, the main contribution of
the paper, discusses the form of the appearance model, its prior constraints
and the foreground appearance grouping procedure. Tracking results are then
presented in Section 4 along with an investigation of the form of the likelihood.
Finally, Section 5 presents the conclusions of the work and discuss what we
consider to be some promising future directions.
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2 Background

Gavrila [5] and Aggarwal and Cai [6] provided general reviews of human track-
ing research up until 1998. Research was classi�ed according to the nature and
complexity of the body model and corresponding search space. Moeslund et
al. [2,7] reviewed the research performed up until 2000 and described research
from four system areas: initialisation, tracking, pose estimation and recogni-
tion. Appearance modelling can be naturally partitioned into a shape model
that describes the pose of the target and a likelihood model that links this
model to measurements in the image.

2.1 Shape Models

2D Contour Models Contour body models have been used for tracking hu-
mans, e.g. [8]. These systems involve learning the principal shape contour
deformations. However, silhouette contour models alone are not always ap-
propriate for the applications under consideration since they do not describe
poses such as the hands moving over the body. Recently, models have been
proposed that combine the occluding contour with internal pose informa-
tion [9,10]. Contour models are of particular interest whena model is not
known a priori or when it is easier to learn the important variations.

2D Articulated Models Since the structure of the body is well studied and
relatively simple at a coarse level, it is natural to consider articulated body
models. These models capture the kinematic structure usingshape primi-
tives connected in a hierarchical fashion. View-based articulated modelling
is exempli�ed by the work of Ju et al. [11]. Cham and Rehg [12] described
a scaled prismatic model which parameterises foreshortening and avoids
certain singularity problems.

3D Articulated Models Modelling the subject in 3D has the advantages of
automatically handling self-occlusion and multiple viewpoints. Hierarchical
assemblies of 3D components are used as proposed by Marr and Nishi-
hara [13] and adopted in the early work of Hogg [14]. There is alarge
variation in the complexity of the primitive shape components, but typi-
cal choices are cylinders, truncated cones with elliptic cross sections and
super-quadrics. For example, Kakadiaris and Metaxas [15] proposed using
tapered super-quadrics and �tting these primitives using multiple orthogo-
nal views. In order to reduce the size of the state space, joint angle ranges
are often used and some state components, such as the size andshape of the
body parts, are considered �xed or well estimated. Spring type joints have
been proposed to better model the full range of body motions around the
more complex sites such as the shoulder. Bregler and Malik [16] describe the
twists and exponential map formulation in which transformations are spec-
i�ed by a rotation around a 3D axis and a translation along that axis. This
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formulation linearises the kinematics and removes certainsingularity prob-
lems. Sminchisescu and Triggs [17] proposed incorporatingdata to specify a
prior on the part sizes and checked pose con�gurations so as to avoid body
part inter-penetration. Karaulova et al. [18] used a learnt hierarchical PCA
model of the kinematic structure.

In certain applications, such as medical analysis, simple part-based tech-
niques are too crude a model and a more 
exible description ofthe surface
of the body is required. Plankers [19] describes a body modelling scheme
where rigid body parts are replaced by articulated soft objects. Each of
these objects de�nes a �eld which in turn speci�es the body surface. This
model can then be �t to the subject's body using optimisationtechniques
and used for tracking. Due to the large number of degrees of freedom, these
models are less suited to the applications under consideration here.

2.2 Likelihood Models

The range and complexity of clothing and scene conditions complicates the
tracking problem. Many trackers rely on simple visual conditions such as tight,
textureless clothing and high contrast, uncluttered background to be success-
ful. The following sections present accounts of likelihoodmodels and the trend
toward integration of multiple measurements in a robust fashion. An attempt
is made to summarise the advantages and disadvantages of di�erent cues.

Edges Matching using edges is popular because the feature is relatively in-
variant to illumination changes and is fast and easy to extract. The disad-
vantages are that (i) it has poor discrimination due to textured clothing,
background clutter and low contrast part boundaries, and (ii) it only pro-
vides a sparse cue. Gavrila and Davis [20] derived a corrective term from
the edge response using a robust Chamfer distance. Wachter and Nagel [21]
matched edge �lter responses to Gaussian pro�les from partsthat did not
overlap other body parts. Ronfardet al. [22] used learnt Gaussian derivative
�lter responses for body parts and the whole body.

Colour and Texture Colour and texture information, although more sus-
ceptible to lighting changes, provide dense cues for tracking. Colour and
texture information have been used to model both the foreground and back-
ground scene content. Tracking simple targets using colourhas been investi-
gated in some detail e.g., [23,24,25]. These techniques however are either not
applicable to constrained articulated models (e.g. mean shift) or do not take
into account the structure of the target's appearance (clothing), as is the
focus here. A special case of foreground modelling is the useof skin colour to
�nd body parts. Wren et al. [26] modelled the foreground and background
colour statistically and used clustering to �nd blobs coarsely corresponding
to body parts. Forsyth and Fleck [27] used learnt texture distributions to
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�nd naked people in single images. Sidenbladhet al. [28] considered learning
the principal components of the texture on the surface of a 3Dcylindrical
body-part model. A disadvantage of this technique is that the appearance
is learned o�-line.

Optical Flow Cedras and Shah [29] surveyed motion-based recognition sys-
tems. Optical 
ow �elds can be used to estimate parametric motion mod-
els, providing dense cues that are reasonably insensitive to illumination
changes. Several authors have used robust, correlation-based optical 
ow
methods [11,30,16]. However, these systems often assume that only the tar-
get is moving. They su�er from accumulation of errors, do notallow single-
frame pose estimation and rely upon the brightness constancy assumption.
Sidenbladhet al. [31] used optical 
ow in a Bayesian framework with explicit
occlusion handling to track a 3D model. Songet al. [32] used the position
and 
ow of Lucas-Kanade feature points to detect and label human motion
in the presence of simple background movement.

Cue Fusion The aim of cue fusion is to combine multiple complementary
sources of information to improve the likelihood model. Forexample, Wachter
and Nagel [21] combined an intensity template found from theprevious
frame with an edge pro�le and reasoned that the former stabilised track-
ing whilst the latter enhanced localisation. Deutscheret al. [1] used edge
detection and background subtraction from multiple viewpoints to track
through various complex motions. Moeslund and Granum [33] used skin
colour from a stereo pair to constrain a search for the arm silhouette. Zhao
et al. [34] integrated line measurements with piecewise surface colour his-
tograms. Sminchisescu and Triggs [17] combined a correlation-based optical

ow �eld with edge features weighted by their proximity to th e 
ow �eld
boundaries. Background modelling to �nd the silhouette hasbeen combined
with edge detection [1,35]. Darrellet al. [36] used depth to segment subjects
in cluttered environments and colour and texture cues to �ndidentify the
head and hands. Okadaet al. [37] integrated optical 
ow and depth infor-
mation to estimate the 3D pose of the subject. Sidenbladh andBlack [38]
advocated learning �lter responses for people in images rather than form-
ing ad hocmodels. Edge strength, ridge response and optical 
ow responses
were combined to track upper body movement. They concluded that edges
and ridges provide sparse information and that colour or texture may pro-
vide better results. Park et al. [39] used a watershed colour segmentation
technique to �nd regions. Pose estimation was accomplishedusing region
shape and a skin colour classi�er.
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Fig. 1. The 
ow of control in the tracking system.

3 Method

Many of the systems described above rely upon likelihood models that assume
restrictive scene conditions such as tight, high contrast,textureless clothing
or a static, simple or known background. The system presented here is less
restrictive in that it copes with textured and loose-�tting clothing. This section
describes a tracker based upon propagating foreground appearance, adapting
the appearance and a simple iterative (maximum likelihood)inference scheme
that is adequate for short term tracking (as is often reported in the literature)
using this likelihood. The 
ow of control in the system is illustrated in Figure 1.

3.1 Shape Model

The body is highly deformable and exact modelling of its formis infeasible and
unnecessary in this context. Its important properties can be captured using
an articulated body model. A 3D articulated shape model is used since it has
a low dimensionality, captures the kinematic structure of the body, allows for
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Fig. 2. The model overlaid on a frame from a waving gesture sequence used through-
out the paper to illustrate ideas. Notice the approximate alignment of the edges.

Fig. 3. Frames 0, 10 and 26 from a waving sequence used throughout to illustrate
ideas.

easy encoding of prior knowledge such as joint limits, automatically handles
self-occlusion and enables changes in body part appearancedue to rotation in
depth to be handled explicitly.

The shape component of the state space,xshape, then in general becomes the
relative position and orientation of the primitives, theirshapes and their sizes.
Each of the shape primitives, indexed byb 2 f 1:::Bg, has a surface that is
naturally described using some co-ordinate system, a pointin which is denoted
by ! b. For example, the surface of a �xed size cylinder is conveniently described
by a length and an angle, i.e.! b = ( l; � ). A point on the subject is then speci�ed
by the pair (b; ! b). In order to project a surface point onto the image plane,
the co-ordinates are �rst converted to Cartesian form. Homogeneous, relative
transformations are then chained together to transform up the kinematic tree
into world co-ordinates and �nally, using a camera model, toproject onto the
image plane.
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In the particular implementation described here, the body was represented
using elliptic cross-section cylinders with constant, manually initialised sizes
and shapes. The camera was modelled using an orthographic projection since
the sequences under consideration did not contain strong perspective e�ects
and the likelihood model was relatively insensitive to small changes in shape.
However, the extension to perspective projection is straightforward. Indepen-
dent movement of the head, hands and feet was not modelled, leaving a total
of 22 degrees of freedom, encoded as 3 root translations,TT orso, and 19 rota-
tional degrees of freedom,f Rbg, four for each limb and three for the torso.
Prior knowledge on joint angles was encoded using a quadratic ramp function
at boundaries. The shape component, which is illustrated projected onto an
example image in Fig. 2, can thus be written as:

xshape = f TT orso; f Rbgg (4)

3.2 Likelihood Model

Likelihood evaluations are performed by projecting the model onto the image
and comparing observed image features with expected values. Features are
denoted here by~q. The expected features at a point, such as pixel colour or
local �lter responses, will have a (multi-modal) probability distribution rather
than a single value due to body and clothing model inaccuracies, discretisation
and noise. In general, these feature distributions are not known a priori . Here
we consider adynamic likelihood model where the features for regions on the
surface of the 3D articulated model are initialised in the �rst frame and then
propagated as part of the state:

xtexture = f p(b;! b)(~q); ! b 2 
 bg: (5)

Using a dynamic likelihood model can greatly improve discrimination. How-
ever, it is well known that errors in appearance estimates can cause a tracker
to diverge. In order to reduce such errors the foreground appearance is only
updated using points that are very di�erent from the foreground and by group-
ing points based upon prior expectations of clothing structure. Nevertheless,
the reliability of long term tracking will be improved by incorporating static
likelihood models. Since the focus of this paper is the dynamic likelihood this
is left to future work.

In this paper we consider only colour distributions, the primary reasons being
their quasi-invariance to viewpoint and ease of implementation. Since cloth-
ing is often textured these distributions can be multi-modal. Therefore, (non-
robust) template tracking is inappropriate. Matching using distributions pro-
vides greater discrimination than matching individual measurements. We pro-
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pose using normalised multi-dimensional histograms to represent the feature
distributions and denote them byH (b;! b) . Other possible distribution statistics
include, for example, cumulative histograms and moments.

In order to �nd the likelihood of a hypothesised pose, rays are cast into the
scene at each pixel to determine the point of intersection, if any, with the
shape model. Hypothesized histograms,H 0

(b;! b) , are collected for each region
on the articulated model from the current image. These are compared to
the propagated appearance using a distribution similaritymeasure,S. The
likelihood is then de�ned, in Equation (6), as the sum of similarities weighted
by the visibility of the region in the image, whereV denotes the set of pixels
corresponding to the body.

pdynamic (yt jxt ) /

P
f V g S(H 0

(b;! ) ; H (b;! ))

jV j
(6)

3.2.1 Clustering using split and merge

Estimating the feature distributions at points on the body is di�cult given the
limited image data available. Furthermore, the distributions are varying over
time due to illumination changes and clothing movement. However, we observe
that many of the points on the surface of the body belong to thesame piece
of clothing and will therefore often have similar distributions. A clustering
routine can group points on the 3D model to improve estimation. We use
a computationally e�cient, iterative grouping scheme. Consider estimating
a `grouped' histogram, ~H , using all the `raw' foreground histograms,f H g
(by marginalising over parts and positions on the parts and only considering
pairwise terms):

~H (b;! b)(qjf H g) =
X

b0

X

! 0
b

H (b0;! 0
b)(q)p(b0; ! 0

bjH (b0;! 0
b) ; H (b;! b) ; b; ! b) (7)

We model the second term on the RHS in a Bayesian fashion usinga likelihood
given by a similarity measure,S, on the `raw' histogram bins and a prior
determined from knowledge of clothing structure:

p(b0; ! 0
bjH (b0;! 0

b) ; H (b;! b) ; b; ! b) / S(H (b0;! 0
b) ; H (b;! b))P(b0; ! 0

bjb; ! b) (8)

Incorporating prior knowledge on clothing structure in this way should make
the tracker less prone to drift due to errors in foreground appearance estima-
tion. Direct use of the sum in (7) is computationally expensive since it involves
summing over all points on the body for each unestimated histogram bin. It
can be seen that large contributions to the sum must be similar to the his-
togram in question and therefore similar to each other. Therefore, the sum is
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b ! b b0 ! 0
b p(b0; ! 0

bjb; ! b)

Upper Arm l; � Upper Arm l; � + �� 0.9

Head l; � Hand - 0.7

Upper Arm l; � Upper Leg - 0.3
Table 1
Example histogram merge priors

reasonably well approximated by the average bin value takenfrom the group
of similar regions.

To perform region merging, a thresholdK is introduced. It controls the level
of detail represented by the system and encodes the model order. When K
is large, the system behaves like a template tracker by preserving individual
regions. WhenK is small, the system behaves like a blob tracker, ultimately
representing the person using a single distribution. For a particular sequence,
with a particular image resolution, target size and level ofnoise, there will be
an optimal choice of threshold for tracking that balances appearance estima-
tion with excessive loss of local structure. The merging decision criterion then
becomes:

S(H (b0;! 0
b) ; H (b;! b)) >

K
p(b0; ! 0

bjb; ! b)
(9)

The clothing structure prior, p(b0; ! 0
b)j(b; ! b), in (9) is learned from example

images of di�erently clothed people by manually aligning the model to the
image and performing an exhaustive pairwise comparison. The prior is set
to the average of the observed similarities. Examples are shown in Table 1.
Subjective priors were assigned based on an informal analysis of example im-
ages. Learning more complex clothing structure priors fromlarge data sets is
deferred to future work.

Merging is an O(u2) operation, where u is the number of unique regions.
However, this cost is greatly outweighed by the improvementin computational
e�ciency due to reductions in the number of region comparisons and storage
overhead. Fig. 4 illustrates a body part model with region grouping leading
to shared feature distributions.

Since regions can erroneously merge we also introduce a splitting operation.
However, performing this in a similar manner to merging requires unique his-
tograms to be stored for every atomic region, resulting in a large storage
overhead. Therefore, we currently use an heuristic splitting criterion based
upon a threshold on the sum of histogram lookups in an atomic region from
the current image. This rule is particularly e�cient which i s important since
it is performed for every atomic region in every frame.
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Fig. 4. A body part where grouped regions have associated feature distributions.

3.2.2 Region Comparison Techniques

Many histogram similarity measures have been proposed. These include inter-
bin measures such as the Bhattacharyya, Je�rey, Minkowski,Intersection, � 2,
and Kullback Leibler, and intra-bin measures such as QBIC and the Earth
Movers distance, see e.g. [40]. Inter-bin measures are favoured here because
of their lower computational cost. Sum of histogram back-projections, which
is quicker to calculate online, can also be used but allows less discriminatory
power since it uses each of the measurements independently,ignoring how
these are distributed.

3.2.3 Background Model

The distribution induced by the likelihood model describedso far cannot be
used to disambiguate certain poses. For example, consider the waving se-
quence, where the lower arm, which is uniformly coloured, rotates in depth. As
the arm foreshortens the hypothesised histograms will remain approximately
constant and therefore so will the likelihood. This problemis illustrated in
Fig. 5. To overcome this problem multiple solutions could bepropagated us-
ing a semi-parametric or non-parametric density representation [12,41]. How-
ever, this approach is particularly expensive when propagating an appearance
estimate and only delays decision making to a higher-level stage. For these rea-
sons the approach taken in this work was to condition the likelihood to max-
imise the foreground usage as determined by a statistical background model.
The background is modelled using a multi-variate Gaussian in chromaticity-
intensity space for each pixeli . These Gaussian densities are recursively up-
dated as described by McKennaet al. [42]. The resulting modi�ed likelihood
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Fig. 5. Visualisation of the likelihood whilst rotating the lower right model arm
against frame 10 of the waving sequence. The solution is centralised. Abscissa: out
of plane rotation, ordinate: in plane rotation. The central ridge in the �rst plot has
a large likelihood and illustrates the inability of the model to resolve out of plane
rotations. The second plot illustrates how conditioning the likelihood to maximise
foreground usage results in a single solution.

is illustrated in Fig. 5 and is de�ned as:

p(yt jxt ) = pdynamic pbackground (10)

pbackground (yt jxt ) =
P

i 2 V pf (i )
P

i 2 I pf (i )
(11)

wherepf (i ) denotes the foreground probability density at pixeli , I is the set
of all pixels in the image, andV is the set of pixels corresponding to the body.
The e�ects of shadow could be reduced by using a model similarto McKenna
et al [42].

3.2.4 Appearance Update

Fig. 6 shows a cropped region from the back-projection of thearm histogram
onto two frames, two seconds apart. It can be seen that the foreground appear-
ance changes over time, sometimes quite quickly. The histograms are recur-
sively updated to account for such changes using Equation (12). The rate of
adaptation is controlled by a constant,c. To reduce the chance of the tracker
drifting the appearance histograms are updated using only those pixels that
are su�ciently di�erent from the background. Speci�cally, the histogram H t

used for estimation at timet is formed from a weighted average of the his-
togram at time t � 1 and a histogram,H 0

t , formed from those pixels on the best
pose estimate that are di�erent from the background (based upon a threshold).

H t = cH0
t + (1 � c)H t � 1 (12)
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Fig. 6. Probability map for a lower arm histogram for frames from the waving
sequence two seconds apart. It can be seen that the distribution has changed. The
background has also changed.

3.3 Inference Method

The focus of this paper is not a new inference technique. However, the ad-
vantages of the described dynamic likelihood over existinglikelihoods, such
as its broad, smooth likelihood pro�le, can allow for easierand more accurate
inference. In the implementation described here, an iterative maximum likeli-
hood optimization scheme was employed. A key reason for choosing maximum
likelihood over a Bayesian �ltering scheme, such as particle �ltering, is that
the enlarged state space requires much more memory.

In the �rst frame, the pose was manually initialised and initial surface feature
distributions extracted. Then for each subsequent frame a two stage search was
�rst performed. Firstly, the state space was coarsely sampled around an esti-
mate given by the constant velocity motion model. The numberand spacing
of samples was chosen empirically using the likelihood response. For example,
in the case of the upper arm with three degrees of freedom, sampling at four
half limb widths in all directions at two half limb width inte rvals requires 64
samples. Then the best results of the hierarchical coarse sampling were used
to seed a local gradient-based search. Including the hierarchical sampling re-
duces the chance of getting trapped in local maxima, therebyallowing larger
inter-frame motion. It is particularly useful when self-occlusion of the human
body causes gradient information to be lost.

4 Results

As previously mentioned, zeroth-order chromaticity-intensity statistics were
used as features. A good histogram size was found empirically to be 12� 12� 8
bins. No prior colour information was used. The system was implemented in
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C++. Preprocessing to �nd the histogram bins, an e�cient model projection
implementation and loop unrolling resulted in e�cient likelihood calculations,
the main computational burden for most trackers. The systemrequired around
100MB to store the appearance model and made of the order of 10; 000 sam-
ples per frame at around 10ms per sample on a 2Ghz PC. Whilst the compu-
tation time for an edge based likelihood (e.g. [21]) is 1 to 2 orders of magnitude
less, many more samples will be needed for reliable trackingand the �nal re-
sult will be less discriminatory, particularly in scenes with large amounts of
clutter.

4.1 Likelihood Investigation

Fig. 7 shows di�erent similarity measures as the model upperright arm un-
dergoes image-plane rotation. It can be seen that grouping has a large e�ect
on the pro�le of the response. A large amount of grouping causes local de-
tail to be lost and localization su�ers. In the case of too little grouping, the
histograms are poorly estimated and the response is less smooth and has sig-
ni�cant secondary maxima. It can also be seen that some similarity measures
produce smoother responses and are less sensitive to the amount of group-
ing. In particular, the Bhattacharyya coe�cient was found to work well for
tracking and grouping. The back-projection worked well when all background
pixels were su�ciently di�erent from the foreground.

4.2 Grouping Results

Fig. 8 illustrates the result of applying the grouping scheme to the �rst frame
in the waving sequence. The number of unique regions is plotted against time.
It can be seen that the system quickly converges to a stable region represen-
tation. It can be seen that occasionally split and merges areperformed after
the system has reached a steady state, this is primarily due to new regions
becoming visible.

4.3 Tracking Results

In this section we present the results of tracking for qualitative evaluation.
Comparing the results to ground truth is deferred to future work. Fig. 9 shows
the result from successfully tracking in an everyday indoorscene. The subject
is wearing loose-�tting clothes with both textured and plain regions. The back-
ground contains a signi�cant amount of clutter, similarly coloured objects and
uneven, natural lighting. The sequence was captured at 12 frames per second
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Fig. 7. Investigating the e�ects of region grouping and di�e rent similarity measures.
Plots show the dynamic likelihood, pdynamic (scaled to the unit interval), versus
upper arm rotation (degrees) for frame 10 of the waving sequence for three levels
of grouping: solid= 5 regions, dashed= 20 regions, dotted= 120 regions. The true
rotation angle was 39� .

and at a resolution of 640� 480 pixels. The frame-rate was lower than is usual,
making tracking more di�cult. The sequence contains 72 frames (6 seconds)
which compares favourably to the length of sequences used inrelated published
results. The update constantc in Equation (12) was set to 0.2. The reader is re-
ferred to the full video sequence atwww.computing.dundee.ac.uk/staff/troberts/ .

It can be seen that the tracker maintains lock throughout thesequence in-
cluding during the frequent self-occlusions. The hierarchical sampling along
with a low frame rate makes the result a little jumpy. Furthermore, in some
frames the upper arm is localised only approximately due to constraints on the
model deformations. A strength of this region-based formulation is that the
tracker degrades gracefully under such conditions. The most signi�cant error
is that it switches the legs half-way through the sequence. This is due to the
low frame rate and highly symmetric appearance and could be overcome by
using a better motion model. In the �nal frames, tracking of afoot is inaccu-
rate because of the heavy shadowing and the similarity of thebackground and
foreground distribution. The e�ects of shadowing have not been investigated
further. The tracker is prone to error when applied to sceneswith complex
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Fig. 9. Tracking a highly textured subject through a walking cycle containing self-
-occlusion and motion blur in a cluttered indoor scene at lowframe rate.
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motions or large appearance changes. The use of a motion prior and a static
likelihood cue would reduce such errors.

5 Conclusions and Future Work

A likelihood formulation was presented to allow for detailed, accurate pose
estimation in unknown scenes. The model was based upon estimating the
feature statistics of regions on the surface of a 3D articulated body model. Two
problems with this approach are computational e�ciency (in terms of both
memory and computation time) and density estimation. A region grouping
algorithm was presented to overcome these di�culties and its bene�ts were
illustrated.

The tracker worked well in some real world scenes of moderatecomplexity
and, due to the properties of the likelihood model, inference was e�cient and
straightforward. However, in scenes with more complex motions or signi�cant
appearance changes the tracker would be expected to diverge. We believe that
combining dynamic and static cues and incorporating a pose prior and motion
model would signi�cantly reduce this problem and is the mostpressing issue
to address in future work. In this regard the method should beseen as a �rst
step towards addressing how to incorporate a model of estimated appearance
into a human tracking system. In addition several other possible directions for
future research can be identi�ed:

Shape Model The body model used is somewhat restrictive and sometimes
only allows approximate registration. This can be seen whenthe shoulder
moves relative to the torso, for example. Spring-type joints could be used
to improve this situation. However, more detailed modelling increases the
dimensionality of the search space. It would also be interesting to model
other object occlusion to allow for tracking in more realistic environments.

Likelihood Model The method proposed here is extensible to other feature
statistics such as texture descriptors. We plan to investigate their use in
this context. The model should also be combined with a staticlikelihood
component to allow for automatic (re)initialisation.

Inference We plan to use the feature histograms to construct a body part
importance sampling function which will allow for a greaterrange of move-
ments and recovery from error. A method for propagating multiple state
estimates (particles) when the state incorporates a dynamic appearance
component is also needed.
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