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Abstract

A likelihood formulation for detailed human tracking in real world scenes is pre-
sented. In this formulation, the appearance, modelled usig feature distributions
de ned over regions on the surface of an articulated 3D modelis estimated and
propagated as part of the state. The benet of such a formulaion over currently
used techniques is that it provides a dense, highly discrinmiatory object-based cue
that applies in real world scenes. Multi-dimensional histgrams are used to repre-
sent the feature distributions and an on-line clustering aborithm, driven by prior
knowledge of clothing structure, is derived that enhances ppearance 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 impree localisation and
discrimination. These properties of the likelihood model ase pose estimation by
allowing coarse, hierarchical sampling and local optimisgon.
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1 Introduction

The recent growth of research interest in human body trackahas been in-
nervated by the problem's challenging nature and motivatetdy the potential

solutions' applications in areas such as gestural interfes, surveillance, mon-
itoring, security, motion capture, games and sport. Trackig people is made
particularly di cult by their complex appearance and motion; indeed the two
primary problems are how to establish a good, realistic appeance model and
how to e ciently estimate the model parameters over time. Tle focus of this
work is to address the former problem, that of modelling hummaappearance
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in real-world scenes. Di culties in constructing an appeaance 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 thabody parts

frequently undergo self-occlusion. Many current state-d@he-art trackers (e.g.

[1]) rely upon a simple appearance, such as tight, high coast, un-textured

clothing and/or a simple or known background in order to be sicessful. Such
assumptions are inappropriate for applications such as swillance and mon-
itoring [2,3]. The di culty of modelling human appearance s also apparent
from work in rendering realistic images of people (see forarple [4]).

Human tracking research often uses a generative, high-levaodel. Firstly,
a model is established describing the pose of the human. Themaof the
tracking system is then to estimate the (posterior) probality p(XjY;) of
the parameters of this modelX; = fXg;:::; Xrg, based upon the observations
Yy = fyo;:5;yrg and a body of prior knowledgep(X:) (where x 2 <", y;
represents an image frame ant 2 [0; T]). In general, distributions at new
times can be found using (2).

Z z
p(xijY)= i p(XijYo)dXoidxe 1 (1)
Z 4
Iz p(YX)p(X)dXeridXe 1 (2)

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

z

P(XejYe) I p(YejXe)  P(XejXe 1)P(Xt 1jY: 1)0dX; 1 (3)

The rst term on the RHS of Equation (3) represents a single imge likeli-

hood model and the second represents the probability of traitioning from

the previous posterior distribution. It is important to realise that the poste-
rior probability distribution is induced by the chosen likdihood model and
motion model. Accurate modelling of these terms allows fomasier and more
accurate estimation. The topic of this paper is the derivatin 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 aegaluating an

e cient, highly discriminatory likelihood we approach the problem as one of
recursive maximum likelihood. Prior constraints on poseush as modelling of
human motion, are not discussed in this paper.



To begin we ask the question: what are the properties of a godi#lelihood
formulation? A good generative model will be able to utilisall the relevant
input data, transformed and weighted appropriately and wiltherefore be able
to re-synthesise an appropriate representation of the inpudata given the
solution. A good likelihood model should have characteriss which allow for
e cient, accurate estimation, such as a strong, broad respwse around the
solution and large discriminatory power to reduce the e ecof false maxima.

A di culty in the case of visual human tracking, is that, due to the large un-
certainty in a foreground and background appearance, simgframe likelihood
models have poor discrimination. Such models may be constted 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 propagag the fore-
ground appearance as part of the state. The state then cortsisof both a
pose component and a texture component, i.& f Xshape; Xiexwre 9. Such a
dynamic likelihood model should have as many of the properties idermtd
above as possible. However, problems arise when trying tdieste a com-
plex, changing appearance given the limited amount of avalle data and
computational resource. Furthermore, model initialisabn is essential when
using a dynamic likelihood. Existing tracking systems tymally require man-
ual initialisation and this approach is similarly adopted n the experiments
described here. While this paper investigates the resultdtined by apply-
ing a dynamic likelihood model, the method presented shouldtimately be
considered to be part of a larger system that combines statend dynamic
likelihood components for automatic (re)initialisation ad e cient, iterative
tracking.

1.1 Outline

Section 2 discusses previous work on human appearance minagl divid-

ing the discussion into shape modelling and likelihood moldleg. Section 3
describes our method of tracking based upon recursively ugtthg poseand
appearanceparameters. In particular, Section 3.2, the main contribubn of
the paper, discusses the form of the appearance model, itsgprconstraints
and the foreground appearance grouping procedure. Trackimesults are then
presented in Section 4 along with an investigation of the for of the likelihood.
Finally, Section 5 presents the conclusions of the work andsduss what we
consider to be some promising future directions.



2 Background

Gavrila [5] and Aggarwal and Cai [6] provided general reviesnof human track-
ing research up until 1998. Research was classi ed accomlito the nature and
complexity of the body model and corresponding search spad#oeslund et

al. [2,7] reviewed the research performed up until 2000 and debed research
from four system areas: initialisation, tracking, pose eshation and recogni-
tion. Appearance modelling can be naturally partitioned ito a shape model
that describes the pose of the target and a likelihood modehat 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 princlipghape contour
deformations. However, silhouette contour models aloneeanot always ap-
propriate for the applications under consideration sinceney do not describe
poses such as the hands moving over the body. Recently, madehve been
proposed that combine the occluding contour with internal pse informa-
tion [9,10]. Contour models are of particular interest whem 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 considearticulated body
models. These models capture the kinematic structure usirgipape primi-
tives connected in a hierarchical fashion. View-based attilated modelling
is exempli ed by the work of Juet al. [11]. Cham and Rehg [12] described
a scaled prismatic model which parameterises foreshortegi and avoids
certain singularity problems.

3D Articulated Models Modelling the subject in 3D has the advantages of
automatically handling self-occlusion and multiple viewpints. Hierarchical
assemblies of 3D components are used as proposed by Marr andhN
hara [13] and adopted in the early work of Hogg [14]. There is large
variation in the complexity of the primitive shape componets, but typi-
cal choices are cylinders, truncated cones with elliptic @ss sections and
super-quadrics. For example, Kakadiaris and Metaxas [15tqposed using
tapered super-quadrics and tting these primitives using mltiple orthogo-
nal views. In order to reduce the size of the state space, joingle ranges
are often used and some state components, such as the size simape of the
body parts, are considered xed or well estimated. Spring pe joints have
been proposed to better model the full range of body motionsaund the
more complex sites such as the shoulder. Bregler and Malil6[Hescribe the
twists and exponential map formulation in which transforméions are spec-
i ed by a rotation around a 3D axis and a translation along tha axis. This



formulation linearises the kinematics and removes certasingularity prob-
lems. Sminchisescu and Triggs [17] proposed incorporatidgta to specify a
prior on the part sizes and checked pose con gurations so asdvoid 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, simpleg-based tech-
niques are too crude a model and a more exible description tife surface
of the body is required. Plankers [19] describes a body mddej scheme
where rigid body parts are replaced by articulated soft obgts. Each of
these objects de nes a eld which in turn speci es the body sfiace. This
model can then be t to the subject's body using optimisationtechniques
and used for tracking. Due to the large number of degrees oéé&dom, these
models are less suited to the applications under considet here.

2.2 Likelihood Models

The range and complexity of clothing and scene conditions roplicates the
tracking problem. Many trackers rely on simple visual contions such as tight,
textureless clothing and high contrast, uncluttered backgund to be success-
ful. The following sections present accounts of likelihoanodels and the trend
toward integration of multiple measurements in a robust fagon. An attempt
is made to summarise the advantages and disadvantages ofatent cues.

Edges Matching using edges is popular because the feature is rélaty in-
variant to illumination changes and is fast and easy to exti@. The disad-
vantages are that (i) it has poor discrimination due to textuwed clothing,
background clutter and low contrast part boundaries, and {j it only pro-
vides a sparse cue. Gavrila and Davis [20] derived a correetiterm from
the edge response using a robust Chamfer distance. WachtaedaNagel [21]
matched edge Iter responses to Gaussian pro les from parthat did not
overlap other body parts. Ronfardet al. [22] used learnt Gaussian derivative
Iter 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 traokj. Colour and
texture information have been used to model both the foreguod and back-
ground scene content. Tracking simple targets using colohas been investi-
gated in some detail e.g., [23,24,25]. These techniques boer are either not
applicable to constrained articulated models (e.g. meanisf) or do not take
into account the structure of the target's appearance (clting), as is the
focus here. A special case of foreground modelling is the v$skin colour to
nd body parts. Wren et al. [26] modelled the foreground and background
colour statistically and used clustering to nd blobs coarsly corresponding
to body parts. Forsyth and Fleck [27] used learnt texture disibutions to



nd naked people in single images. Sidenbladkt al. [28] considered learning
the principal components of the texture on the surface of a 3Bylindrical
body-part model. A disadvantage of this technique is that th 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 miwon mod-
els, providing dense cues that are reasonably insensitive tilumination
changes. Several authors have used robust, correlationsbd optical ow
methods [11,30,16]. However, these systems often assuna tnly the tar-
get is moving. They su er from accumulation of errors, do noallow single-
frame pose estimation and rely upon the brightness constanassumption.
Sidenbladhet al. [31] used optical ow in a Bayesian framework with explicit
occlusion handling to track a 3D model. Songt al. [32] used the position
and ow of Lucas-Kanade feature points to detect and label hman 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. Faexample, Wachter
and Nagel [21] combined an intensity template found from therevious
frame with an edge pro le and reasoned that the former stabfled track-
ing whilst the latter enhanced localisation. Deutscheet al. [1] used edge
detection and background subtraction from multiple viewpmts to track
through various complex motions. Moeslund and Granum [33]sad skin
colour from a stereo pair to constrain a search for the arm Bouette. Zhao
et al. [34] integrated line measurements with piecewise surfacelaur his-
tograms. Sminchisescu and Triggs [17] combined a corretatibased optical
ow eld with edge features weighted by their proximity to the ow eld
boundaries. Background modelling to nd the silhouette habeen combined
with edge detection [1,35]. Darrelet al. [36] used depth to segment subjects
in cluttered environments and colour and texture cues to nddentify the
head and hands. Okadaet al. [37] integrated optical ow and depth infor-
mation to estimate the 3D pose of the subject. Sidenbladh ar8lack [38]
advocated learning lIter responses for people in images har than form-
ing ad hocmodels. Edge strength, ridge response and optical ow resmses
were combined to track upper body movement. They concludedhdt edges
and ridges provide sparse information and that colour or téxre may pro-
vide better results. Parket al. [39] used a watershed colour segmentation
technique to nd regions. Pose estimation was accomplishagsing 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 meld that assume
restrictive scene conditions such as tight, high contrastextureless clothing
or a static, simple or known background. The system preseutéhere is less
restrictive in that it copes with textured and loose- tting clothing. This section
describes a tracker based upon propagating foreground appa&nce, adapting
the appearance and a simple iterative (maximum likelihoodpference scheme
that is adequate for short term tracking (as is often report in the literature)
using this likelihood. The ow of control in the system is ilustrated in Figure 1.

3.1 Shape Model

The body is highly deformable and exact modelling of its forns infeasible and
unnecessary in this context. Its important properties can & captured using
an articulated body model. A 3D articulated shape model is esl since it has
a low dimensionality, captures the kinematic structure oftie body, allows for



Fig. 2. The model overlaid on a frame from a waving gesture segnce 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 througit to illustrate
ideas.

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

The shape component of the state spac®snape, then in general becomes the
relative position and orientation of the primitives, theirshapes and their sizes.
Each of the shape primitives, indexed by 2 f 1:::Bg, has a surface that is
naturally described using some co-ordinate system, a pointwhich is denoted
by ! . For example, the surface of a xed size cylinder is convenity described
by a length and an angle, i.el , = (I; ). A point on the subject is then speci ed
by the pair (b;!p). In order to project a surface point onto the image plane,
the co-ordinates are rst converted to Cartesian form. Homgeneous, relative
transformations are then chained together to transform uphte kinematic tree
into world co-ordinates and nally, using a camera model, t@roject onto the
image plane.



In the particular implementation described here, the body as represented
using elliptic cross-section cylinders with constant, marally initialised sizes
and shapes. The camera was modelled using an orthographiojection since
the sequences under consideration did not contain strongrppective e ects

and the likelihood model was relatively insensitive to smiathanges in shape.
However, the extension to perspective projection is stradaforward. Indepen-

dent movement of the head, hands and feet was not modelledaveng a total

of 22 degrees of freedom, encoded as 3 root translatiomgeso, and 19 rota-

tional degrees of freedomf R,g, four for each limb and three for the torso.
Prior knowledge on joint angles was encoded using a quadatamp function

at boundaries. The shape component, which is illustrated pjected onto an
example image in Fig. 2, can thus be written as:

Xshape = f Trorso; f RbOQ (4)

3.2 Likelihood Model

Likelihood evaluations are performed by projecting the maa onto the image
and comparing observed image features with expected valué®atures are
denoted here byg The expected features at a point, such as pixel colour or
local Iter responses, will have a (multi-modal) probabiliy distribution rather
than a single value due to body and clothing model inaccurass, discretisation
and noise. In general, these feature distributions are nohkwn 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 st frame and then
propagated as part of the state:

Xtexture = fp(b;! b)(ﬂ); ! b 2 b0 (5)

Using a dynamic likelihood model can greatly improve diserination. How-

ever, it is well known that errors in appearance estimates saause a tracker
to diverge. In order to reduce such errors the foreground apprance is only
updated using points that are very di erent from the foregraind and by group-
ing points based upon prior expectations of clothing struare. Nevertheless,
the reliability of long term tracking will be improved by incorporating static

likelihood models. Since the focus of this paper is the dynariikelihood this

is left to future work.

In this paper we consider only colour distributions, the pmary reasons being
their quasi-invariance to viewpoint and ease of implementian. Since cloth-
ing is often textured these distributions can be multi-modka Therefore, (non-
robust) template tracking is inappropriate. Matching usirg distributions pro-
vides greater discrimination than matching individual meaurements. We pro-



pose using normalised multi-dimensional histograms to regsent the feature
distributions and denote them byH 4. ,). Other possible distribution statistics
include, for example, cumulative histograms and moments.

In order to nd the likelihood of a hypothesised pose, rays arcast into the
scene at each pixel to determine the point of intersectionf any, with the
shape model. Hypothesized histogramsi (Ob;!b), are collected for each region
on the articulated model from the current image. These are nmpared to
the propagated appearance using a distribution similarityneasure,S. The
likelihood is then de ned, in Equation (6), as the sum of sinharities weighted
by the visibility of the region in the image, whereV denotes the set of pixels
corresponding to the body.

P
fVg S(H(Ob;!); Hp:))

Vi (©)

pdynamic (Ytht) /

3.2.1 Clustering using split and merge

Estimating the feature distributions at points on the body & di cult given the
limited image data available. Furthermore, the distributbns are varying over
time due to illumination changes and clothing movement. Hogwer, we observe
that many of the points on the surface of the body belong to theame piece
of clothing and will therefore often have similar distributons. A clustering
routine can group points on the 3D model to improve estimatm We use
a computationally e cient, iterative grouping scheme. Corsider estimating
a ‘grouped' histogram,H, using all the ‘raw' foreground histogramsfH g
(by marginalising over parts and positions on the parts andrdy considering
pairwise terms):

. X X 0-
H (b1, (dif HQ) = H w1 0(A)P( ! gH w1 95 Hipir ) D3 o) (7)

1

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

P(B% L S H @01 03 Hibn i 05 10) 1 S(H e 03 Hon )P (83 g 1) (8)

Incorporating prior knowledge on clothing structure in thg way should make
the tracker less prone to drift due to errors in foreground ggearance estima-
tion. Direct use of the sum in (7) is computationally expense since it involves
summing over all points on the body for each unestimated hsgram bin. It
can be seen that large contributions to the sum must be similao the his-
togram in question and therefore similar to each other. Thefore, the sum is

10



b b K LY | p(B ! gty
Upper Arm | [; Upper Arm | |; + 0.9
Head l; Hand - 0.7
Upper Arm | [; Upper Leg - 0.3

Table 1
Example histogram merge priors

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

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

K

o(: 1 §b; 1) ®)

S(Hwr 9 Hepi ) >

The clothing structure prior, p(%! Jj(b;!y), in (9) is learned from example
images of di erently clothed people by manually aligning te model to the
image and performing an exhaustive pairwise comparison. &hprior is set
to the average of the observed similarities. Examples aretn in Table 1.
Subjective priors were assigned based on an informal anatyef example im-
ages. Learning more complex clothing structure priors frotarge data sets is
deferred to future work.

Merging is an O(u?) operation, where u is the number of unique regions.
However, this cost is greatly outweighed by the improvemerih computational

e ciency due to reductions in the number of region comparises and storage
overhead. Fig. 4 illustrates a body part model with region guping leading
to shared feature distributions.

Since regions can erroneously merge we also introduce atspyj operation.

However, performing this in a similar manner to merging redres unique his-
tograms to be stored for every atomic region, resulting in aatge storage
overhead. Therefore, we currently use an heuristic splittg criterion based
upon a threshold on the sum of histogram lookups in an atomiegion from
the current image. This rule is particularly e cient which is important since
it is performed for every atomic region in every frame.

11
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Fig. 4. A body part where grouped regions have associated faare distributions.

3.2.2 Region Comparison Techniques

Many histogram similarity measures have been proposed. Weinclude inter-
bin measures such as the Bhattacharyya, Je rey, Minkowskintersection, 2,
and Kullback Leibler, and intra-bin measures such as QBIC a@hthe Earth
Movers distance, see e.g. [40]. Inter-bin measures are faenl here because
of their lower computational cost. Sum of histogram back-mjections, which
is quicker to calculate online, can also be used but allowsstediscriminatory
power since it uses each of the measurements independenitdyyoring how
these are distributed.

3.2.3 Background Model

The distribution induced by the likelihood model describedo far cannot be
used to disambiguate certain poses. For example, considdretwaving se-
guence, where the lower arm, which is uniformly coloured, tades in depth. As
the arm foreshortens the hypothesised histograms will remmaapproximately
constant and therefore so will the likelihood. This problemis illustrated in
Fig. 5. To overcome this problem multiple solutions could beropagated us-
ing a semi-parametric or non-parametric density represeation [12,41]. How-
ever, this approach is particularly expensive when propatiag an appearance
estimate and only delays decision making to a higher-levehge. For these rea-
sons the approach taken in this work was to condition the likkhood to max-
imise the foreground usage as determined by a statistical dground model.
The background is modelled using a multi-variate Gaussiam ichromaticity-
intensity space for each pixel. These Gaussian densities are recursively up-
dated as described by McKennat al. [42]. The resulting modi ed likelihood

12
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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 cemtlised. 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(Ytht) = pdynamic pbackground (10)
10
pbackground(ytjxt) = _P|2V— (11)

i21 P (1)

where p; (i) denotes the foreground probability density at pixei, | is the set
of all pixels in the image, anadV is the set of pixels corresponding to the body.
The e ects of shadow could be reduced by using a model simillr McKenna
et al [42].

3.2.4 Appearance Update

Fig. 6 shows a cropped region from the back-projection of tteem histogram
onto two frames, two seconds apatrt. It can be seen that the fsground appear-
ance changes over time, sometimes quite quickly. The histags are recur-
sively updated to account for such changes using Equation2)l The rate of
adaptation is controlled by a constant,c. To reduce the chance of the tracker
drifting the appearance histograms are updated using onljhose pixels that
are su ciently di erent from the background. Speci cally, the histogram H;
used for estimation at timet is formed from a weighted average of the his-
togram attimet 1 and a histogramH?, formed from those pixels on the best
pose estimate that are di erent from the background (basedpon a threshold).

Hi=cH2+ (1  OH 1 (12)

13



Fig. 6. Probability map for a lower arm histogram for frames from the waving
sequence two seconds apart. It can be seen that the distribign has changed. The
background has also changed.

3.3 Inference Method

The focus of this paper is not a new inference technique. Howee, the ad-
vantages of the described dynamic likelihood over existingelihoods, such
as its broad, smooth likelihood pro le, can allow for easiesind more accurate
inference. In the implementation described here, an iterae maximum likeli-
hood optimization scheme was employed. A key reason for cko@ maximum
likelihood over a Bayesian lItering scheme, such as partel ltering, is that
the enlarged state space requires much more memory.

In the rst frame, the pose was manually initialised and inital surface feature
distributions extracted. Then for each subsequent frame avb stage search was
rst performed. Firstly, the state space was coarsely samgdl around an esti-
mate given by the constant velocity motion model. The numbeand spacing
of samples was chosen empirically using the likelihood resise. For example,
in the case of the upper arm with three degrees of freedom, saling 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 coarsengaling were used
to seed a local gradient-based search. Including the hiechical sampling re-
duces the chance of getting trapped in local maxima, therelallowing larger
inter-frame motion. It is particularly useful when self-oclusion of the human
body causes gradient information to be lost.

4 Results

As previously mentioned, zeroth-order chromaticity-intasity statistics were
used as features. A good histogram size was found empirigat be 12 12 8
bins. No prior colour information was used. The system was ptemented in

14



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 systemequired around
100V B to store the appearance model and made of the order of, D00 sam-
ples per frame at around 1Ms per sample on a &hz PC. Whilst the compu-
tation time for an edge based likelihood (e.g. [21]) is 1 to 2aers of magnitude
less, many more samples will be needed for reliable trackiagd the nal re-

sult will be less discriminatory, particularly in scenes wh large amounts of
clutter.

4.1 Likelihood Investigation

Fig. 7 shows di erent similarity measures as the model uppeaight arm un-

dergoes image-plane rotation. It can be seen that grouping$ a large e ect
on the pro le of the response. A large amount of grouping caes local de-
tail to be lost and localization su ers. In the case of too lile grouping, the
histograms are poorly estimated and the response is less stmoand has sig-
ni cant secondary maxima. It can also be seen that some siraiity measures
produce smoother responses and are less sensitive to the amaf group-

ing. In particular, the Bhattacharyya coe cient was found to work well for
tracking and grouping. The back-projection worked well wheall background
pixels were su ciently di erent from the foreground.

4.2 Grouping Results

Fig. 8 illustrates the result of applying the grouping schemto the rst frame
in the waving sequence. The number of unique regions is plett against time.
It can be seen that the system quickly converges to a stablegien represen-
tation. It can be seen that occasionally split and merges agerformed after
the system has reached a steady state, this is primarily du® thew regions
becoming visible.

4.3 Tracking Results

In this section we present the results of tracking for qualitive evaluation.

Comparing the results to ground truth is deferred to future wrk. Fig. 9 shows
the result from successfully tracking in an everyday indocene. The subject
is wearing loose- tting clothes with both textured and plan regions. The back-
ground contains a signi cant amount of clutter, similarly mloured objects and
uneven, natural lighting. The sequence was captured at 12afnes per second

15
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Fig. 7. Investigating the e ects of region grouping and di erent similarity measures.
Plots show the dynamic likelihood, pgynamic (scaled to the unit interval), versus
upper arm rotation (degrees) for frame 10 of the waving sequece for three levels
of grouping: solid= 5 regions, dashed= 20 regions, dotted= 20 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 fraras (6 seconds)
which compares favourably to the length of sequences usedefated published

results. The update constant in Equation (12) was set to 0.2. The reader is re-
ferred to the full video sequence atww.computing.dundee.ac.uk/staft/troberts/

It can be seen that the tracker maintains lock throughout thesequence in-
cluding during the frequent self-occlusions. The hieraratal sampling along
with a low frame rate makes the result a little jumpy. Furthemore, in some
frames the upper arm is localised only approximately due taastraints on the
model deformations. A strength of this region-based formation is that the

tracker degrades gracefully under such conditions. The masgni cant error

is that it switches the legs half-way through the sequence.his is due to the
low frame rate and highly symmetric appearance and could bereycome 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 theckground and
foreground distribution. The e ects of shadowing have not ben investigated
further. The tracker is prone to error when applied to scenewith complex
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Fig. 8. Results from applying region merging to the rst frame of the waving se-
guence. Top: visualisation of the largest grouped regionsBottom: plot showing the
behaviour of the grouping algorithm for three di erent merg e thresholds.
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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 pramd a static
likelihood cue would reduce such errors.

5 Conclusions and Future Work

A likelihood formulation was presented to allow for detaild, accurate pose
estimation in unknown scenes. The model was based upon estng the

feature statistics of regions on the surface of a 3D articutd body model. Two
problems with this approach are computational e ciency (interms of both

memory and computation time) and density estimation. A regin grouping
algorithm was presented to overcome these di culties and & bene ts were
illustrated.

The tracker worked well in some real world scenes of moderatemplexity
and, due to the properties of the likelihood model, infereecwas e cient and
straightforward. However, in scenes with more complex mains or signi cant
appearance changes the tracker would be expected to divergée believe that
combining dynamic and static cues and incorporating a poseipr and motion
model would signi cantly reduce this problem and is the mospressing issue
to address in future work. In this regard the method should beeen as a rst
step towards addressing how to incorporate a model of estited appearance
into a human tracking system. In addition several other pogsle 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 whehe shoulder
moves relative to the torso, for example. Spring-type joist could be used
to improve this situation. However, more detailed modellig increases the
dimensionality of the search space. It would also be intetesy to model
other object occlusion to allow for tracking in more realist environments.

Likelihood Model = The method proposed here is extensible to other feature
statistics such as texture descriptors. We plan to investage their use in
this context. The model should also be combined with a statitikelihood
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 greaterange of move-
ments and recovery from error. A method for propagating muiple state
estimates (particles) when the state incorporates a dynamiappearance
component is also needed.
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