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Abstract. Optical motion capture can be classi�ed as an inference problem:
given the data produced by a set of cameras, the aim is to extract the hidden
state, which in this case encodes the posture of the subject's body. Problems with
motion capture arise due to the multi-modal nature of the likelihood distribu-
tion, the extremely large dimensionality of its state-space, and the narrow region
of support of local modes. There are also problems with the size of the data,
the dif�culty with which useful visual cues can be extracted from it, as wellas
how informative these cues might be. Several algorithms exist that usestochastic
methods to extract the hidden state, but although highly parallelisable in theory,
such methods produce a heavy computational overhead even with the power of
today's computers. In this paper we assume a set of pre-calibrated cameras and
only extract the subject's silhouette as a visual cue. In order to describethe 2D
silhouette data we de�ne a 2D model consisting of conic �elds. The resulting
likelihood distribution is differentiable w.r.t. the state, meaning that its global
maximum can be located fast using gradient ascent search, given manual initial-
isation at the �rst frame. In this paper we explain the construction of the model
for tracking a human hand; we describe the formulation of the derivatives needed,
and present initial results on both real and simulated data.

1 Introduction

In the last few years there has been an ever growing demand forfast and reliable mo-
tion capture systems. There are countless applications, the most signi�cant ones being
surveillance for crime prevention and public safety, human-computer interaction (HCI)
including interaction with game consoles, animation and many more. The only com-
mercially available systems to date are marker-based e.g. [1] and [2], whose intrusive
nature makes them inappropriate for surveillance or HCI applications.

One of the main problems related to motion capture is the multi-modality of the
likelihood distribution. Several systems exist that use Monte Carlo Sampling (MCS)
techniques to reliably handle several modes [3], [4], [5], [6], but although highly paral-
leliseable in theory, the extremely large dimensionality of the likelihood and the narrow
nature of its local modes imply that an enormous number of particles needs to be main-
tained throughout tracking. Despite their robustness and their parallelisation potential,
such methods produce a heavy computational overhead even with the power of today's
computers, and tracking may only be applied in post-process. One can deal with the
`curse of dimensionality' by considering prior information about the motion of the sub-
ject to be tracked [7], [8]. Although this results in a signi�cant increase in speed of
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performance, such methods require lengthy training sessions and are limited in track-
ing a set of pre-speci�ed movements. Finally there also are systems that rely on the
use of higher-level features such as passive markers [1], active markers [2], voxel data
[9], correlation data [10], depth maps [11] etc. to de�ne a likelihood distribution with
fewer local modes, but special equipment needs to be used anddata acquisition becomes
expensive and cumbersome.

A signi�cant amount of literature already exists on model-based human hand track-
ing [5], [6], [8], [11], [12], [13]. Stenger et al. present impressive results using edge
data in [12], but their tracked gestures involve movement ofvery few �ngers and the
state-space for the likelihood only consists of 7 dimensions. In [13] they introduce Hier-
archical Filtering where a pre-computed hierarchical tree(whose nodes represent sam-
ples in the state-space) is compiled before tracking begins, for the purpose of saving
on-line processing time. The precision of this system depends on the resolution of the
samples stored on the leaf nodes of the tree, and the extracted gestures can be shaky.
Bray et al. introduce the Smart Particle Filter [11], which uses a gradient-based algo-
rithm on multiple samples to prevent convergence on a local maximum. Their tracker is
facilitated by the use of 3D depth maps generated by a structured light sensor. Although
tracking in 3D is now a lot easier and their results are impressive, assumption of the
light sensor makes an HCI system based on their algorithm less appealing.

The demand for interactive systems for use at home suggests that HCI technology
has to be fast and cheap. Hence, the visual features used for tracking need to be sim-
ple enough for the system to be able to obtain in real time. Furthermore, the tracking
method needs to be a gradient-based one, this way ensuring that the subject's pose is
estimated as fast as possible. A very limited number of systems follows these guidelines
[14] but to date no such system is convincingly accurate and robust. In this paper we
present a system to track a human hand in all its 26 degrees of freedom with no need
for a training session, and making no pre-assumptions on thegesture to be tracked. We
only use silhouette data, which is the simplest and easiest-to-extract low-level feature
available. Silhouettes can be extracted in real-time by thecheapest camera equipment
[15] and can be processed with minimal computational overhead. We de�ne a differ-
entiable likelihood distribution, meaning that tracking can take place much faster using
gradient ascent, given adequate manual state initialisation at the �rst frame.

2 Formulation

The state vectorx denotes any possible posture that the subject may attain at any given
time tk . Let P(x) be a description of the process that produces the observation Zk ,
under some arbitrary posture for the subject. Assuming thatmodelling of this process
is realistic, we have

Zk = P(� ) + v ; (1)

where the observationZk is the silhouette data extracted from thekth frameset captured
by the cameras,v is a zero-mean random process which describes the discrepancy be-
tween the model and the observation, and� is the true state of the subject that also
brings the model closest to the observation.P(x), Zk andv are all vectors of sizeP,
whereP is the total number of pixels in our set of cameras. Our task isto �nd the
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best estimate for� ; we choose the maximum likelihood (ML) estimate, which also
minimisesthe negative log-likelihood, i.e.,

x̂ML = arg min
x

�
Zk � P (x)

� T �
Zk � P (x)

�
: (2)

To converge tôxML we use the Gauss-Newton method for Non-Linear Least Squares.
For each iterationi a new approximation for̂xML is given by,

x̂ i +1 = x̂ i +
�
JT

P (x̂ i )JP (x̂ i )
� � 1

JT
P (x̂ i ) (Zk � P (x̂ i )) (3)

whereJP (x) �
�
rP (x)

� T
is the Jacobian of the model's silhouette.

3 The Model

3.1 State

The full state vectorx holds position and orientation information for every bone in the
subject's skeleton. The �rst three coef�cients ofx constitutex sp, the spatial position of
the skeleton's root (which for our case represents the wrist). The rest of the coef�cients
in x combine in groups of three, and each such group formsxb, a vector which contains
orientation information for boneb w.r.t. its `parent' bone, i.e. the bone to whichb is
attached to. In other words,

x =
�
xT

sp xT
1 xT

2 : : : xT
b : : : xT

B

� T
(4)

whereB is the total number of bones,x sp = [ x y z]T , andxb 2 R3. Usingxb we can
de�ne

qb = [ q0 qx qy qz ]Tb =
�
cosjxbj

sin jxbj
jxbj

xT
b

� T

: (5)

The parameters stored inqb are the coef�cients of a unit quaternion. A rotation matrix
giving us the rotation of boneb w.r.t. its parentbp can be formed from the quaternion
coef�cients as follows:

R B
b =

2

4
q2

0 + q2
x � q2

y � q2
z 2(qx qy � q0qz ) 2(qx qz + q0qy )

2(qx qy + q0qz ) q2
0 � q2

x + q2
y � q2

z 2(qy qz � q0qx )
2(qx qz � q0qy ) 2(qy qz + q0qx ) q2

0 � q2
x � q2

y + q2
z

3

5 (6)

where the superscript B (note different fromB ) emphasises that this rotation relates to
a bone. The rotation of the subject's root boneR B

1 (x) is de�ned w.r.t. the 3D origin.

3.2 Skeleton Model

The 3D structure and functionality of the subject are modelled by a knowledge base
of the subject's underlying skeletonS, which is de�ned as a tree structure and can
concisely be represented bycb, the chain of bones from the root bone up to boneb. For
each bone we also de�ne a binary vectorfb 2 R3, whosei th entry if non-zero, indicates
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freedom of boneb to rotate about itsi th principal axis of rotation. Finally we de�ne a
lengthsb for each bone. Put in a more formal notation, the de�nition ofthe underlying
Skeleton model parameters includes de�nitions forf cb; fb; sbgB

b=1 . There are a total
of B = 25 bones in our current implementation of the Skeleton model, including carpal
bones, metacarpals and phalanges. The mobility of the wristjoint is represented byf1 =
[1 1 1]T , while all carpals and metacarpals havefb = [0 0 0]T , proximal phalanges
havefb = [1 0 1]T , and intermediate/distal phalanges havefb = [1 0 0]T .

Clearly, the underlying skeleton's con�guration in 3D space is always dictated by
the state, and it is this con�guration that we are interestedin extracting. Any topol-
ogy that the skeleton may attain at any time can be expressed as S(x). This can be
described as the 3D space positiont B

0;b and orientationR B
0;b of every boneb in the

skeleton w.r.t. the 3D origin:

S(x) =
�

t B
0;b (x) ; R B

0;b (x)
	 B

b=1
; (7)

where the superscripts specify that these translations androtations refer to the Skeleton
model's bones. Each bone's rotation w.r.t. the 3D origin is given by

R B
0;b(x) =

Y

m 2 cb

R B
m (x) ; (8)

whereR B
m (x) is the state-de�ned rotation matrix for bonem w.r.t. its parent bone, as

de�ned in (6). The ordering of rotationsR B
m (x) is also important and the� -notation

used above preserves their ascending order w.r.t. their bone indexm. The bone's centre
is given by

t B
0;b(x) = x sp(x) +

X

m 2 cbp

sm R B
0;m (x)e2 +

1
2

sbR B
0;b(x)e2 (9)

wheree2 = [0 1 0]T is the default (x = 0) orientation of the bones, andbp is the
parent-bone ofb, i.e. the penultimate entry incb. A visualisation of the Skeleton model
is shown in Fig. 1(a).

3.3 Corpulence Model

A visual description of the 3D nature of the subject can only be completed when its
soft tissue and skin, here collectively referred to ascorpulenceC, is taken into account.
This involves modelling the visible soft tissue that surrounds the underlying skeleton.
To model the corpulence, each boneb is assigned a total ofEb ellipsoids. Each el-
lipsoid � b is associated with 3 radii along its principal axes, a translation t E

� b
and a

rotationR E
� b

w.r.t. the centre of boneb. Note that the superscript E indicates that these
translations and rotations refer to the ellipsoids of the Corpulence model, not the bones
of the Skeleton model. Formally, the Corpulence model parameters are described by
�

r i;� b ; t E
� b

; R E
� b

	 E b

� b =1 for each individual boneb. Most of the bones in our human hand
model are dressed withEb = 2 ellipsoids, of which one usually represents a joint be-
tween boneb and its parentbp. For those ellipsoids not representing a joint, the major
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axis radius is half of the bone's length, i.e.r y;� b = 1
2 sb. This arrangement gave a real-

istic representation of the 3D nature of a real human hand.
Now, apart from being a 3D entity,C also has to be differentiable. For this reason

we use quadric �elds [16], represented by symmetric4 � 4 matricesQ. Quadrics have
been used extensively in the literature, mainly because their contours produce primitives
visually suitable for modelling limbs [5], [6], [7], [10], [12], [13]. WhenQ is of full
rank, the quadric �eld's zero-contour coincides with the ellipsoids de�ned above. For
the case of each ellipsoid� b associated to boneb, we can therefore de�ne a quadric
centred at the 3D origin:

Q � b =

0

@
D � b 0

0T � 1

1

A ; (10)

whereD � b is a3 � 3 diagonal matrix whosei th entry along the diagonal is1=r 2
i;� b

. The
Euclidean transformation to move it from the origin to its state-dictated position is given
in homogeneous coordinates by

T � b (x) =

0

@
R B

0;b(x)R E
� b

t B
0;b(x) + R B

0;b(x)t E
� b

0T 1

1

A (11)

The transformed quadric is

Q0
� b

(x) = T � T
� b

(x)Q � b T � 1
� b

(x) (12)

and every such quadric will produce a smooth 3D �eld, de�ned for every pointM in
space as

C� b (x ; M ) =

8
<

:

M T Q0
� b

(x)M if M T Q0
� b

(x)M � 0

0 otherwise
; (13)

whereM = [ X Y Z 1]T . This will create a �eld spatially con�ned within the
limits imposed by the surface of ellipsoid� b. The full Corpulence model consists of one
such �eld due to every ellipsoid� b present in every bonebof the Skeleton model:

C(x; M ) = min
� b

� n
fC� b (x ; M )gE b

� b =1

oB

b=1

�
(14)

where themin operator chooses between several quadric �elds� b, if more than one are
non-zero at any 3D positionM . A visualisation of the Corpulence model is shown in
Fig. 1(b).

3.4 Projection Model

Under the assumption of pin-hole cameras we use perspectiveprojection with our 3D
Corpulence modelC(x) to de�ne corresponding conic �elds on the image plane onto
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which each of its quadric �elds will project. These conic �elds are de�ned through their
conic envelopesC0�

� b
:

C0�
� b

(x) = PQ 0�
� b

(x)P T (15)

whereP is the3 � 4 camera projection matrix that holds both intrinsic and extrinsic
calibration parameters for each of the cameras, andQ0�

� b
(x) is the envelope of the state-

transformed quadric �eld associated with ellipsoid� b. For our model, all the quadrics
are of full rank, and the quadric envelope is given by

Q0�
� b

= Q0� 1
� b

: (16)

The resulting conic envelopeC0�
� b

is a 3 � 3 symmetric matrix of full rank, and the
projected conic is therefore given by

C0
� b

= ( C0�
� b

) � 1 : (17)

It should be noted here that all conics are3� 3 symmetric matrices, and that full-ranked
quadrics project to full-ranked conics, i.e. that ellipsoids always project to ellipses. The
2D conic �eld that forms the projection of each 3D quadric �eld onto the image plane
becomes

P� b (x ; m) =

8
<

:

m T C0
� b

(x)m if m T C0
� b

(x)m � 0

0 otherwise
(18)

for every pixelm = [ u v 1]T . In general there will be one such conic �eld due to
every ellipsoid� b de�ned by the Corpulence model. The full Projection model, which
forms the basis of our comparison with the visual cue extracted from the data, is there-
fore given by

P(x; m) = min
� b

� n
fP � b (x ; m)gE b

� b =1

oB

b=1

�
; (19)

where themin operator chooses between several conic �elds� b, of different bonesb, if
more than one are non-zero at any pixelm. Finally,P(x) is a consideration of all pixels
m present in the cameras, making it aP-sized vector:

P(x) =
�
P(x; m 1) : : : P(x; m p) : : : P(x; m P )

� T

; (20)

whereP is the total number of pixels present in the cameras. The projection of our
human hand model, viewed as an image, can be seen in Fig. 1(c).The relationship
between the Skeleton, Corpulence and Projection models is shown in Fig. 1(d).

4 Derivatives

Differentiating (20) w.r.t.x givesJP (x), a P � S matrix, whereS is the number of
state parameters allowed to change through tracking. The(p; s) component ofJP is

[JP (x)]p;s =
@P(x; m p)

@xs
: (21)
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S(x 0 ) , C(x 0 )

P (x 0 )

camera's image
plane

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

Fig. 1.Skeleton, Corpulence and Projection models for the human hand. For allthese models the
state for the hand's rest-positionx 0 was used.(a) Skeleton modelS(x 0). Each bonebis drawn as
a cylinder with positiont B

0;b and orientationR B
0;b w.r.t. the 3D origin. Lighting conditions have

been used for illustration of the three-dimensionality ofS(x 0). (b) Corpulence modelC(x 0).
Each boneb of the Skeleton model is now dressed withEb quadric �elds. Note that for visual-
isation purposes only the contourC(x 0) = 0 is displayed. Lighting conditions have also been
used here.(c) Projection modelP (x 0). The corpulence is now projected to a 2D image, as seen
from the viewpoint of the reader. Each quadric �eldQ 0

� b
from the Skeleton model projects down

to a conic �eld C 0
� b

. (d) Illustration of Skeleton, Corpulence (drawn semi-transparent here) and
Projection models as viewed from an arbitrary viewpoint.

Using (19),
@P(x; m p)

@xs
=

@P" b (x ; m p)
@xs

; (22)

where"b refers to the conic that minimised (19), i.e.

"b = arg min
� b

� n
fP � b (x ; m)gE b

� b =1

oB

b=1

�
: (23)

From (18),

@P" b (x ; m p)
@xs

=

8
><

>:

m T
p

@C 0
" b

@xs
m p if m T

p C0
" b

(x)m p � 0

0 otherwise.

(24)

The gradient of the transformed conic can be calculated by differentiating (17):

@C0
" b

@xs
= � C0

" b

@
�
C0�

" b

�

@xs
C0

" b
(25)

and from (15) we have
@(C0�

" b
)

@xs
= P

@(Q0�
" b

)
@xs

P T : (26)

Equation (16) gives
@(Q0�

" b
)

@xs
= � Q0�

" b

@Q0
" b

@xs
Q0�

" b
(27)
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and using (12),

@Q0
" b

@xs
=

@(T � T
" b

)
@xs

QqT � 1
q + T � T

q Qq
@(T � 1

q )

@xs
; (28)

where
@(T 0� 1

" b
)

@xs
= � T � 1

" b

@T " b

@xs
T � 1

" b
: (29)

From (11) we have

@T " b

@xs
=

0

B
@

@R B
0;b

@xs
R E

" b

@t B
0;b

@xs
+

@R B
0;b

@xs
t E

" b

0T 0

1

C
A ; (30)

where the gradient for the position of boneb is found by differentiating (9):

@t B
0;b

@xs
=

@x sp

@xs
+

X

m 2 cbp

sm
@R B

0;m

@xs
e2 +

1
2

sb
@R B

0;b

@xs
e2 : (31)

For the cases when1 � s � 3, the reduced-state parameterxs corresponds to the

spatial position of the root bone, i.e.xs 2 x sp, and
@R B

0;m

@xs
= 0. This is because the

state-dependent rotation matricesR 0;m (x) only depend on the orientation of the bones
insidecb, as indicated by (8) and are therefore independent w.r.t. the parameters stored
in x sp. The gradient for the position of boneb in this case is therefore

@t B
0;b

@xs
=

@x sp

@xs
= es ; (32)

wherees 2 R3 is the unit vector along thes-axis, and calculation of[JP (x)]p;s stops
here. For the rest of the state parameters4 � s � S, the reduced-state parameter
corresponds to a rotation for a speci�c bone� , i.e.xs 2 x � , and we have

@t B
0;b

@xs
=

X

m 2 c �;b p

sm
@R B

0;m

@xs
e2 +

1
2

sb
@R B

0;b

@xs
e2 ; (33)

whereci;j is a subset ofcj and contains all the bones between bonesi andj inclusively

(note that this also means that bonei is closer to the root thanj ). Now,
@R B

0;b

@xs
is non-zero

only when bone� 2 cb, in which case

@R B
0;b

@xs
= R B

0;� p

@R B
�

@xs
R B

�;b ; (34)

whereR B
i;j represents the rotation of bonej w.r.t. the frame of reference of bonei and

is given by
R B

i;j =
Y

m 2 c i o ;j

R B
m ; (35)
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with i o being the offspring ofi insidecj , i.e. the entry incj following the entry fori . It
should be noted here that with the above de�nition,R B

i p ;i = R B
i , and thatR B

i;i = I 3.
The derivative of the state rotationR B

� w.r.t. the state is found by differentiating (6),
and e.g. the (1,1) component of the resulting3 � 3 matrix is given by

 
@R B

�

@xs

!

(1 ;1)

= 2
�

q0
@q0
@xs

+ qx
@qx
@xs

� qy
@qy
@xs

� qz
@qz
@xs

�
; (36)

whereq0 ; : : : ; qz are the quaternion coef�cients associated with bone� , as de�ned

in (5). The rest of the components in
@R B

�

@xs
are found similarly. Finally, the derivatives

of the quaternion coef�cients w.r.t. the state parameters are found by differentiating (5):

@q0
@xs

= � sin jx � j
@jx � j
@xs

(37)

@
@xs

2

4
qx

qy

qz

3

5 =
�

cosjx � j
jx � j

@jx � j
@xs

�
sin jx � j
jx � j2

@jx � j
@xs

�
x � +

sin jx � j
jx � j

e� ; (38)

where1 � � � 3 is the index ofx � that corresponds tos, and

@jx � j
@xs

=
xs

jx � j
: (39)

5 Results and Discussion

In all our experiments we used a reduced state vector containing only those elements
of the full state that are free to change. This was done with the help of thefb's, and
produced a dimension for the (reduced) stateS = 26. In the remainder of this paperx
will refer to the reduced state. For every frame in our experiments we used equation (3)
to search the 26-dimensional state-space for locatingx̂ML . The initial state per frame
was taken to be the ML estimate from the previous frame. Then,for each iterationi
in a frame, we employed equations (8) to (20) to calculateP(x̂ i ) and (21) to (39) to
calculateJP (x̂ i ). The initial state for the �rst frame in our experiments was chosen to
be the hand's rest-positionx0 (see Fig. 1), so we only had to manually select the 6 state
parameters for the position and orientation for the root-bone.

We �rst investigate the performance of the system running onsimulated data. For
the production of the simulated data we used our model to get images similar toP(x)
in Fig. 1(c). The state that produced the simulated data was discarded and the algorithm
was employed to recover it. The top row in Fig. 2 shows the simulated data from a
selection of frames as seen from one of the 2 cameras used for the experiment, and a
visualisation of the Corpulence model at the convergedx̂ML , as seen from the same
view. It should be noted that under this scenario we are tracking the (simulated) subject
using a perfect model, since the model can describe the data with no error.

In reality the observationsZk are binary silhouette images, implying that our model
will neverbe able to fully describe the visual data with no error, thus making tracking
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Fig. 2. Results from two experiments based on simulated data. For each experiment we show the
silhouette dataZ k (black-and-white image) as recorded by one of the cameras, and the locus
C(x̂ ML ) = 0 under lighting conditions, from the same viewpoint.Top Row: Experiment based
on purely simulated data using 2 cameras.Bottom Row: Experiment based on `semi'-realistic
(binary) data from the same simulated gesture using 6 cameras; the degree of ambiguity is now
greater, hence a greater number of cameras was needed.

more dif�cult. To produce such `semi'-realistic data we thresholded every pixel inP(x)
such that a binary image was produced from each viewpoint. The second row of Fig. 2
shows the semi-real data for the same selection of frames, seen from the same view-
point as for the previous experiment, and a visualisation ofthe Corpulence model at the
converged̂xML , as seen from the same view. It has to be stressed that as the simulated
hand closes into a �st, the semi-realistic dataZk is now a lot more ambiguous (com-
pare the silhouette data in the last snapshots of row 1 against those of row 2 in Fig. 2),
meaning that several distinct values forx exist that produce a model observationP(x)
close to the data. In such casesx̂ML is not unique, and� lies on anS-dimensional
ridge. Any algorithm that maximises the likelihood will be unable to choose between
positions along this ridge, and the subject's true state� is thereforeunobservable. Due
to this ambiguity the converged statex̂ML deviates signi�cantly from� and tracking
with 2 cameras loses its realism at this stage. For this reason we used 6 cameras for this
experiment; the fact that more cameras helped the tracker converge to a state close to�
demonstrates that using data from different viewpoints reshapes the likelihood distribu-
tion and parts of the ridge are now suppressed so as to create abetter-de�ned maximum,
thus improving the observability for� .

Finally, we tested the system under real data captured by 3 calibrated cameras run-
ning on 25 frames per second. We recorded our data in a controlled environment to
make segmentation easy; alternatively we could have used one of the existing real-time
foreground segmentation algorithms, e.g. [15]. We allowed10 iterations for our sys-
tem to converge tôxML in each frame of the data movies and this took around 2.5s
per 3-camera frameset using Matlab, meaning that future implementation of our system
in C will have real-time capability. Fig. 3 shows the data andthe tracking results for
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Fig. 3. Results from three experiments based on real data.Top Row: Minimal degree of self-
occlusion is encountered.Middle Row and Bottom Row: Severe cases of self occlusion as the
hand closes to a �st. Despite the lack of observability and our tracker converging to ax̂ ML 6= �
(e.g. bottom row, second snapshot from left), the deviation betweenx̂ ML and� is small enough
for the tracked gesture to maintain its character. When the state becomes observable, the tracker
is able to converge to the uniquex̂ ML = � once again.

three different gestures as seen by one of the cameras. Again, our system's capability to
track is reduced when the real data correspond to a hand closing to a �st. In such cases
(e.g. bottom row, second snapshot of Fig. 3) the converged statex̂ML corresponding to
these frames is close but not equal to� , which is further down the sameS-dimensional
ridge. Unfortunately, addition of more cameras was not an option in our real-data ex-
periment. Nevertheless, in subsequent frames, where thereis less self-occlusion and the
state is more observable given the data (meaning thatx̂ML is unique once again), the
tracker converges to the global maximum, and correct tracking resumes.

6 Conclusions

In this paper we have presented a system that can track a humanhand of 26 degrees
of freedom, relying exclusively on 2D silhouette data whichare easily available with
no need for special equipment or dedicated hardware. Our system is the �rst in the
literature to utilise derivatives of conic �elds in order toestablish a silhouette-driven
gradient-based tracking scenario. The state-space of the resulting likelihood distribu-
tion is thus searched faster, and the tracker converges to the global maximum in a min-
imal number of iterations. Despite the limited number of cameras used in our real-data
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experiments at this stage, our results are very promising: gestures suffering from exten-
sive self-occlusion are tracked successfully, whilst maintaining realism in the recovered
motion. Contrary to several existing systems, our algorithm requires no training stage,
which means that any previously unknown gesture can still betracked.

Limitations to the tracking ability of our system arise mainly due to the inherent
ambiguity associated with silhouette data: in cases of severe self-occlusion the state
becomes unobservable and the tracked gesture becomes less realistic. We can make sure
that the state remains observable by using data from more cameras, but this comes at
the cost of signi�cant rises in processing time. Although this limitation is not a problem
in the majority of the gestures encountered in HCI applications, we aim to address this
issue by considering constraints about the subject's posture without limiting the tracking
ability of the system to pre-speci�ed gestures. This may be done via a consideration
of the functional limitations of the skeleton and its rigidity as in [6]. Finally, we will
address the issue of state initialisation for the �rst frameby means of MCS methods.
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