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Abstract
We present a novel approach for visual tracking of structured behaviour as observed in human–computer interaction. An automatically acquired variable-length Markov model is used to represent the high-level structure and temporal ordering of gestures. Continuous
estimation of hand posture is handled by combining the model with annealed particle ﬁltering. The stochastic simulation updates and
automatically switches between diﬀerent model representations of hand posture that correspond to distinct gestures. The implementation
executes in real time and demonstrates signiﬁcant improvement in robustness over comparable methods. We provide a measurement of
user performance when our method is applied to a Fitts’ law drag-and-drop task, and an analysis of the eﬀects of latency that it
introduces.
 2007 Elsevier Inc. All rights reserved.
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1. Introduction
Over the last decade, there has been an increased
research interest in unencumbered human–computer interaction. Traditional virtual reality (VR) equipment, such as
gloves and 3D mice can be detrimental to users’ interaction
and immersion in a VR environment. Visual-based hand
tracking has been seen as a cost-eﬀective, non-invasive
alternative.
However, as early research demonstrated [28,19,27],
hand tracking poses several diﬃcult challenges due to the
high dimensionality of the search space, fast movements
and frequent self-occlusions. Recent research has introduced multiple cameras and better shape detectors [20],
or has taken various Bayesian approaches like Kalman ﬁl-
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tering [26], tree-based ﬁltering [35] or particle ﬁltering [30]
to improve robustness.
The Kalman ﬁlter [37] is an optimal solution if the process being estimated can be represented by a Gaussian.
Monte Carlo particle ﬁlters [12,21] estimate the required
densities with a set of discrete weighted samples. They have
been applied successfully in the context of computer vision
[17,38], and expanded to handle mixed-state particles [18],
to avoid local maxima via annealing [8], and to track over
discontinuous changes in the observations [14]. An overview of this family of algorithms is given by Arulampalam
et al. [2].
To tackle the problem of robustness of hand tracking in
the context of human–computer interaction, we exploit the
fact that interaction is mainly composed of structured
behaviour; in other words, there is a high-level structure
governing the hand’s movement and temporal ordering
of diﬀerent gestures. Thus, a learnt model of human
behaviour can be utilised to help the tracker reduce the
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dimensionality of the search space and provide predictions
for discontinuous appearance changes. Since we are concerned with recovering both semantic and manipulative
gestures, we require a method that can encode both highand low-order temporal dependencies. A powerful and
eﬃcient method to achieve this is through the use of a
variable length Markov model [11].
We present a novel hand tracking algorithm applied to
human–computer interaction (Fig. 1) by combining particle ﬁltering with annealing and variable length Markov
models (VLMMs). Discontinuous changes in the observations are handled by the learned behaviour model which,
together with an eﬃcient scheme for particle evaluation,
provides real-time performance and robust tracking of
hand postures and several diﬀerent gestures. The underlying behaviour model also works reliably when tracking
unstructured motion; in the case of previously observed
events, the algorithm falls back to a ﬁrst-order Markov
model, while for unseen events the tracker reverts to regular particle ﬁltering.
The closest related work to our Bayesian tracking
framework is the work by Isard and Blake [18] and Heap
and Hogg [14], but there are some important diﬀerences.
We use a high-order temporal model (which we learn automatically) for propagating particles and handling discontinuous changes in hand appearances. The previous work
uses only a ﬁrst order dynamic model which can be seen
as a special case of a VLMM (see Section 6 for a comparison). A further diﬀerence is our proposed hand representation which makes the evaluation of particles more eﬃcient.
Our method also allows for automatic recovery and re-initialisation after tracking failure.
In this work, we have also undertaken an evaluation of
our visual tracking system as an input device for a VR system and the eﬀects of latency in user performance. This has
received little attention in previous video-based hand tracking research. We evaluate the tracker’s usability with a Fitts’ law drag-and-drop task. Fitts’ law is a widely studied
model of hand positioning for target acquisition, and can
be applied both to pointing with hands and with input

devices such as a mouse. In this paper, we compare user
performance in three diﬀerent scenarios: visual tracking,
mouse input with a delay matching the camera latency,
and ﬁnally non-delayed mouse input.
Section 2 describes the hand model representation and
hand feature detection that is used in our system, whilst
Section 3 discusses particle ﬁltering as applied to the problem of video-based hand tracking. Section 4 introduces variable-length Markov models, and describes the general
approach of combining them with a particle ﬁltering framework, and Section 5 describes the model evaluation part of
our system. Section 6 contains test results that show the
robustness and accuracy of our proposed algorithm. Section 7 presents the results from user evaluation and latency
analysis. Lastly, in Section 8, we comment on the results
and discuss future work.
2. Hand representation
2.1. Hand model
Our hand model consists of a hierarchical set of bones
{B0, . . . ,Bn}, connected by joints {J0, . . . ,Jn}. One can think
of it as representing a skeletal kinematic structure, where
the joints correspond to ﬁngertips, phalange links and palm
(see Fig. 2).
A joint Ji has a parent joint Jp, except for the root joint
J0 which is at the top of the skeletal hierarchy. Ji is deﬁned
by its joint position Pi, which is a 3D space transformation
relative to the parent joint. Pi is composed of a rotational
part Ri and a translational part Ti; we use a quaternion
and vector representation, respectively. Each joint of the
model is assigned a set of predeﬁned rotational constraints,
which allow natural postures only. In order to increase ﬂexibility, the translational part Ti of the transformation is
also varied, thus eﬀectively allowing us to increase the
length of the bones to compensate for scale.
In our system, we represent a hand model with a conﬁguration vector Xk which consists of the ordered set of joints
transformation Pi:
X k ¼ fR0 ; R1 ; . . . ; Rn ; T 0 ; T 1 ; . . . ; T n g

Fig. 1. Manipulation of simple virtual objects with our tracker.

ð1Þ

where conﬁguration vectors Xk can be of diﬀerent dimension depending on the gesture observed in a particular
frame (see Fig. 2).
Rotational constraints over the hand joints are speciﬁed
in terms of an axis of rotation Ai and minimum and maximum angles hi,min, hi,max. In [23] and [22], the constraints
are found by performing PCA over test joint angles gathered with a data glove. In our system, we enforce such constraints by using a quaternion representation of the joint
rotations following the approach of Baltman et al. [3].
Additionally, distance constraints, speciﬁed as minimal
and maximal distances between two joint positions di,min,
di,max, are enforced in a similar manner.
The problem of solving several concurrent constraints
arises. With a complex kinematic model such as the hand,
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Fig. 2. Two examples of hand models.

it is not possible to ﬁnd a closed form solution for all constraints at once. The simplest and most eﬀective approach
is to use constraint relaxation [3], which amounts to solving
one constraint at a time over several iterations. By satisfying the diﬀerent constraints in sequence, the model converges towards a global conﬁguration that satisﬁes all
constraints at the same time. The number of iterations controls how closely the model satisﬁes the constraints. A larger number of iterations results in stronger constraint
satisfaction, while a smaller one gives a looser ﬁt, but the
conﬁguration still tends to stabilise over time.
2.2. Feature detection
In our tracking framework, images are captured using a
commodity IEEE 1394 camera, at 320 · 240 pixels resolution, and frames are transformed from YUV into HSV colour space to make our method less sensitive to lighting
conditions. HSV is one of the most commonly used colour
spaces for performing skin colour segmentation because it
limits the overlap between skin colour and background colour distributions and is relatively invariant to minor illuminant changes [34,31].
Background subtraction is performed using an adaptive
Gaussian mixtures algorithm described by Stauﬀer and
Grimson [33]. Hands are detected by a simple thresholding

operation on the pixels’ hue value; as skin colour is characterised by low hue, thresholding tends to eliminate the
eﬀects of moving shadows that cannot be reliably detected
by the background subtraction algorithm (see Figs. 3b
and c).
Palms and ﬁngertips are detected using a circular Hough
transform. Canny edge detection is ﬁrst applied to the
images, followed by three separate Hough transforms.
Two of the transforms detect ﬁngertips and have small
radiuses (typically 10 and 12 pixels for the experiments
described in this paper). The other transform detects the
palm centre, with a large radius (typically 64 pixels); as
the palm does not always generate a circular shape, the
result from this last transform is averaged with the centroid
of the skin coloured blob in order to make detection of the
palm centre more robust (see Fig. 4a). This approach is
robust to changes in scale (most commonly observed when
the hand moves perpendicularly to the image plane).
Experimental results that demonstrate operation at diﬀerent scales are presented in Section 6.
Simple heuristics are used to detect the wrist and knuckles. The contour of the hand (obtained after background
subtraction and skin colour thresholding) is simpliﬁed into
a single polygon (typically of approximately 20 segments),
using the OpenCV software library [16] for contour detection and simpliﬁcation. We ﬁnd the wrist by ﬁrst searching

Fig. 3. Image processing: (a) Original image, (b) background subtraction and (c) skin detection.
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Fig. 4. Feature detection: (a) Hough transform, (b) detecting hand wrist and knuckles.

for the longest parallel segments of the contour and then
ﬁnding the point which lies midway between the segmented
points of shortest distance. The knuckles are found by ﬁrst
identifying the contour segments that correspond to ﬁngertips (using the results from the Hough transform), and then
searching for the corresponding ﬁnger base, by comparing
segment lengths. All the lengths are measured as percentages of the total contour length; this allows hand contours of
arbitrary scale to be processed.
Examples of detected features are shown in Fig. 4; as
can be seen, features are not always reliably detected—in
this case, only three of the knuckles have been found. From
our experiments, we have found that this does not seriously
aﬀect the reliability and robustness of the tracker since the
high-level tracking, which will be described in later sections, is robust to false positives or missing data that might
result from this stage of feature detection. However, more
experiments are needed to quantify this.
3. Particle ﬁltering
Suppose we have a sequence of image frames and we wish
to track a hand through time. Let Xk be a hand’s model conﬁguration vector with dimension d, and zk be the observations for frame k. Conﬁguration vectors of diﬀerent
dimension d can be used in the same sequence, as their length
depends on the gesture observed in a particular frame.
A particle ﬁlter [2] approximates the posterior density
P(Xk|z1:k) with a set of weighted particles {(x1w1),
i
i
. . . ,(xNwN)}. The particle
P i weights w  P(zk|Xk = x ) are
normalised so that
w ¼ 1. The estimated state vk can
be obtained
either
by
the
weighted average of the particles
P i i
vk ¼
x w or an approximation of the mode
vk ¼ xj ; j ¼ argmax wi .
i¼1 ... N

Our approach to particle ﬁltering is partially based on
the sampling importance resampling (SIR) algorithm
[12], where the particles are drawn from the importance
density P ðxik jxik1 Þ. After evaluating wi / P ðzk jxik Þ, the particles are resampled with replacement from the set with

the systematic resampling algorithm [2] which operates
in O(N) time.
Often, in order to maintain a fair representation of the
density, a large number of particles, N, is required. However, in such a case a major bottleneck is evaluating p(zk|xi),
or in other words obtaining the weights for the particles.
This is due to the fact that for each particle, a non-trivial
comparison between the state predicted by the particle
and the state inferred by the observations has to be performed. In practice, using a particle ﬁlter to solve a problem where xk has a large dimension can easily become
intractable without placing constraints on the object and
providing additional enhancements to the basic algorithm,
such as observation labelling or hierarchical search. This is
caused by the need for a large N, as many particles are
needed to cover a reasonable part of the search space.
In this paper, we address two of the pitfalls commonly
associated with particle ﬁlters: the high computational cost
and the lack of recovery process. We also show that robustness and accuracy beneﬁt from the predictions of a learnt
high order dynamic model.
4. Tracking in a particle ﬁltering framework using variable
length Markov models
Frequently, human–computer interaction conforms to a
highly structured behaviour; that is, sequences of primitive
movements and gestures that exhibit some high-level structure. We capitalise on this by describing a particular behaviour as a sequence of model conﬁguration vectors
X0,X1, . . . Xn, where Xi correspond to diﬀerent hand postures and have varying dimensions. This representation is
further simpliﬁed by clustering the conﬁguration vectors,
and using the descriptions of the corresponding clusters
(behavioural prototypes) in place of the individual Xi.
By incorporating probabilistic knowledge of the underlying behavioural structure in the way we sample our particles, we can propagate particles only in plausible
directions, and also provide automatic transitions between
the diﬀerent model conﬁgurations. Accurate prediction can
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greatly reduce the number of required particles. A suitable
way to obtain such knowledge is a variable-length Markov
model (VLMM). The choice of a VLMM as a mathematical framework for modelling complex, non-linear hand
motion is based on its ability to capture dependencies at
variable temporal scales in a simple and eﬃcient manner.

The transition probabilities and priors are derived from
estimates of P(an|a1a2 . . . an1) and P(a1a2 . . . an) calculated
for various values of n (n = 1, 2, . . . , N). The estimates are
given by:

4.1. Variable length Markov models

and

Variable length Markov models (VLMMs) deal with a
class of random processes in which the memory length varies, in contrast to nth order Markov models. They have
been previously used in the data compression [6] and language modelling domains [29,13]. More recently, they have
been successfully introduced in the computer vision
domain for learning stochastic models of human activities
with applications to behaviour recognition and behaviour
synthesis [11,10].
In this paper, we extend our previous work and utilise
the generative capabilities of variable length Markov models for the purpose of improving the robustness
and eﬃciency of object tracking systems. In particular,
we integrate annealed particle ﬁltering with a VLMM in
such a way that both continuous hand transformations
and a discrete representation of structured behaviour are
jointly represented. The VLMM in the particle ﬁlter eﬀectively constraints the space of plausible hand postures
and hand posture transitions for speciﬁc gestures, and also
allows for switching between diﬀerent hand posture models
that correspond to diﬀerent gestures.
The advantage of a VLMM over a ﬁxed memory Markov model is its ability to locally optimise the length of
memory required for prediction. This results in a more ﬂexible and eﬃcient representation which is particularly attractive in cases where we need to capture higher-order
temporal dependencies in some parts of the behaviour
and lower-order dependencies elsewhere.
Assume w is a string of tokens used as a memory to pre^ 0 jwÞ of
dict the next token a 0 according to an estimate Pða
0
P(a |w). The main idea behind the variable length modelling
^ 0 jawÞ that premethod is that if the output probability Pða
0
dicts the next token a is signiﬁcantly diﬀerent from
^ 0 jwÞ, then the longer memory aw may be a better predicPða
tor than w. A weighted Kullback–Leibler divergence [29] is
used to measure the additional information that is gained
by using the longer memory aw for prediction instead of
the shorter memory w. Since there are cases where the statistical diﬀerence is large yet the probability of observing
aw itself is small, Ron et al. [29] proposed weighing the
KL divergence by the prior probability of observing aw:
^
DH ðaw; wÞ ¼ PðawÞ

X
a0

^ 0
^ 0 jawÞ log Pða jawÞ :
Pða
^ 0 jwÞ
Pða

ð2Þ

If DH(aw,w) exceeds a given threshold e, then the longer
memory aw is used, otherwise the shorter memory w is considered suﬃcient for prediction.

vða1 a2 . . . an1 an Þ
P^ ðan ja1 a2 . . . an1 Þ ¼
;
vða1 a2 . . . an1 Þ
vða1 a2 . . . an Þ
P^ ða1 a2 . . . an Þ ¼
;
v0

ð3Þ

ð4Þ

where v(a1a2, . . . ,an) is the number of times the string of tokens a1a2, . . . ,an appears in the training data and v0 is the
total length of the training sequences.
The training algorithm involves building a preﬁx tree
[13] where each node corresponds to a string up to a predetermined length N. The transition frequencies are
counted by traversing the tree structure repeatedly with
strings of length N where the strings are generated by
sliding a window of ﬁxed length N along a training
sequence of tokens. Transition probabilities are computed
using Eq. 4 and a pruning procedure is then applied,
while the preﬁx tree is converted to a prediction suﬃx tree
[29]. For each node np in the preﬁx tree, a corresponding
node ns in the suﬃx tree is created if and only if the
Kullback–Leibler divergence between the probability distribution at np and the probability distribution at its
ancestor node in the preﬁx tree is larger than threshold
e. Finally, the suﬃx tree is converted to an automaton
representing the trained VLMM. A more detailed description on building and training variable length Markov
models is given by Ron et al. [29].
A VLMM can be represented by a probabilistic ﬁnite
state automaton (PFSA) M ¼ ðQ; R; s; c; sÞ: R is a set of
tokens that represent the ﬁnite alphabet of the VLMM,
and Q is a ﬁnite set of model states. Each state corresponds to a string in R of length at most N M ðN M
P 0Þ, representing the memory for a conditional transition of the VLMM. The transition function s, the output
probability function c for a particular state, and the
probability distribution s over the start states are deﬁned
as:
s:QR!Q
c : Q  R ! ½0; 1;
s : Q ! ½0; 1;

q 2 Q;
X

X

cðq; aÞ ¼ 1

a2R

sðqÞ ¼ 1

q2Q

The VLMM is a generative probabilistic model; by traversing the model’s automaton M we can generate
sequences of the tokens in R. By using a set of behavioural prototypes as the alphabet, we can capture the
temporal ordering and space constraints associated with
the primitive movements and gestures. Consequently, traversing M will generate statistically plausible examples of
the behaviour.
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4.2. Training the VLMM
Recall that a particular behaviour is represented by a
sequence of hand model conﬁguration vectors X0,X1, . . . Xn,
where Xi corresponds to diﬀerent hand postures and have
varying dimensions. To train the VLMM, we ﬁrst capture
multiple training sequences of a particular behaviour and
identify the model conﬁguration Xk observed in each frame
k. Thus, we obtain training data sets of model conﬁgurations {X dk }, where d is the dimensionality of hand posture
Xk; note that these data conﬁgurations may belong to different training sequences.
Similarly to previous work (e.g. Toyama and Blake
[36]), we use prototypes for visual tracking. In order to
get a discrete representation of behaviour, we cluster each
{X dk } to obtain the prototypes Cd . Instead of manually
choosing the number of clusters, we used an algorithm by
Singer and Warmuth [32] to ﬁnd a lower estimate of their
optimal number; the actual clustering was done with a simple agglomerative scheme.
S
After obtaining all Cd , we set C ¼ Cd . Next, for each
frame k in a particular training sequence, we identify which
prototype cdi the observed model conﬁguration Xk is closest
to. We do so by ﬁnding the nearest neighbour of Xk (in
Euclidian space) from C. An image sequence is now represented by a sequence in the alphabet of the prototypes C.
These sequences are then used for training the VLMM.
The memory size wM and threshold e parameters are used
to control the actual VLMM construction, depending on
the nature of the training data. The choice of values for
these parameters can be based on a measure of how well
the learned model describes the training data. One such
measure, traditionally used in text compression [4] and language modelling [13,15], is the model cross-entropy rate (or
^ M.
model entropy) [7,15] H
In our case, given a sequence S ¼ cr1 . . . crn of prototype
labels of length n, an estimate of model entropy for the
learnt VLMM model is given by [10]:
^M ¼ 1
H
n

n
X

log P ðcri jqri Þ:

training and test data. Otherwise, signiﬁcantly diﬀerent values indicate a model that is overﬁtted to the training data
and thus more training is required.
4.3. Using the VLMM in a particle ﬁltering framework
VLMMs as described in the previous section operate
with discrete tokens, while tracking human hand posture
is concerned with estimating a continuous state. Particle ﬁltering oﬀers a way to represent a continuous function with
multiple discrete samples. In this section, we describe how a
VLMM can handle estimation of a continuous state by
combining both approaches. A concise description is provided in Algorithm 1 (see Fig. 5).
We augment the state of each particle xi so that it contains both the model conﬁguration vector Xi and a PFSA
state qi. For a particular frame k, let Xk and qk correspond
to a particle xk (in the following, we drop the index i for
convenience). We choose the following importance density
to update a particle xk:
X k  P ðX k jX k1 ; qk1 Þ

ð6Þ

P ðX k jX k1 ; qk1 Þ / P ðX k j X k1 Þ P ðqk1 jX k Þ

ð7Þ

ð5Þ

i¼1

where P ðcri jqri Þ ¼ cðqri ; cri Þ.
A measure of how well the learned VLMM describes the
training data is given by calculating the model entropy Eq.
(5) over the training data. A good approximation of
observed behaviour is indicated by a low model entropy
value. In the general case, an increase in the value of e will
result in an increase of the model’s entropy whereas an
increase on the model’s maximum memory wM will
decrease the model entropy (however, increasing wM does
not always guarantee lower model entropy, see [13,15]
and [10] for details.)
The performance of the model can then be measured by
the model entropy over the test data. A model that has
achieved a good generalisation of the observed behaviour
will have very close model entropy values over both the

Fig. 5. VLMM Particle Filtering.
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The particle’s weight wk is computed as:
wk / P ðzk jX k Þ

ð8Þ

Since we apply resampling at each time index k as in the
SIR algorithm, a particle’s weight at k  1 is simply the
constant wk1 = 1/N and therefore can be omitted.
P(zk|Xk) is therefore approximated by the set of normalised
weights wk; details on how we evaluate an individual particle’s weight are given in Section 5.
Sampling from the importance density is done as follows. We ﬁrst determine the new VLMM state qk, ﬁrst by
randomly choosing the next hand model cluster ck 2 C
with probability c(qk1,ck) and then setting qk = s(qk1,ck).
Note that since the VLMM is trained without removing
repeated clusters, it is possible that ck ” ck1. When this is
the case, drawing from P(XkjXk1) is done by updating
Xk through the process model. In our system we set
Xk = Xk1 + vk where vk is a random Gaussian variable;
we also ensure that Xk remains a plausible example of ck,
by satisfying the constraints imposed by the cluster. When
ck „ ck1, or in other words a transition between two diﬀerent conﬁguration clusters occurs, we sample around the
new cluster’s centre, or in other words Xk = ck + vk.
This approach was found to work well, as long as the
behaviour prototypes are organised in suﬃciently ﬁnegrained clusters; therefore, a requirement is that model
convergence can happen over a single run of the particle ﬁlter. In other words, it must be ensured that no cluster size is
so big that a model sampled from the cluster centre cannot
converge on a conﬁguration sampled from its boundary
over a single run. This is reﬂected in the algorithm which
generates ck, which requires that the cluster sizes fall below
a certain threshold before stopping.
This scheme is trivially extended to an annealing particle
ﬁlter; we use the same approach to annealing as in
Deutscher et al. [8]. With annealing, the particle ﬁlter runs
multiple iterations over a single frame. A weighting function Wj is used at each iteration j; we implement these by
b
biasing the particle weights wi ¼ wi j . The bias factors bj
are ordered in such a way that they cause the particles to
gradually migrate toward the global maximum avoiding
the problem of local minima. Deutscher et al. provide a
more thorough and formal description of the procedure
which is beyond the scope of this paper. For a particle at
frame k, xk, qk is updated only at the ﬁrst annealing
iteration; we then update the hand models as X ij;k 
P ðX ij;k j X ij1;k ; qik1 Þ, where j indicates the annealing
iteration and X i0;k ¼ X ik1 .
The particle ﬁltering process described here eﬀectively
generates a statistically plausible sequence of behaviour
prototypes ci 2 C. Transitions and temporal ordering
between diﬀerent model conﬁgurations and behavioural
prototypes are thus automatically provided by the VLMM.
Even if a particular model conﬁguration is completely discarded during the resampling stage, the expectation is that
in some future frame, the VLMM will re-introduce instances of it in the set. Furthermore, such newly introduced par-
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ticles correspond only to prototypes that have been
observed in the training sequences.
We handle the problem of unseen events with a backingoﬀ scheme as in [11]. If we are presented with a prototype ck
such that c(qk1,ck) = 0 for all particles, then the particles are
returned to the initial model state and their memory is deleted. We detect such situations by comparing the maximum
particle weight wmax;k ¼ maxðwik Þ with a predeﬁned threshold
WT. This threshold is determined from a maximum error
between a model conﬁguration and the observations for a
particular frame, which can be speciﬁed before each the start
of the tracking process. Details on how the weights wik are
determined are presented in the next section.
The augmented particles xik ¼ ðX ik ; wik ; qik Þ form a discrete
representation of the belief that a certain prototype c is
observed in the current frame k. The most probable prototype cmax has the maximum number of particles qik  cmax
in the set. Furthermore, since diﬀerent particles xik can correspond to the same prototype, we can use the ﬁlter to estimate problems in the continuous domain.
5. Observation model
The choice of an appropriate model conﬁguration is
governed by two considerations: ﬁrst, we want to reduce
the dimensionality of the conﬁguration vectors, and second, we seek to minimise the time spent evaluating the
weights of the particles.
Ideally, we want to process the image data only once per
frame, in order to have fast weighting of the particles xi.
Conventionally, the particles xi are evaluated by projecting
their state estimate into image space and computing the difference between contours generated from the projection,
and contours observed in the image (e.g. [17]). Clearly, this
rapidly becomes unfeasible if we are to maintain a large
number of particles N at real-time frame rates.
Our solution to this problem is as follows. In the feature
detection stage, we identify ﬁngertips, palms and other
parts of the hand, in order to reduce the complexity of evaluating the likelihood of a particular model conﬁguration.
Evaluating an estimate of the error of a particular particle
is then trivial. Let {F0, . . . ,Fn} be the set of identiﬁed feature points, and {P0, . . . ,Pm} be the set of the joint positions of a model conﬁguration Xi projected on the image
plane. Both Fi and Pi consist of a 2D point in image space
p and a semantic label l, which corresponds to the type of
feature that the point represents (ﬁngertip, palm base, etc.).
We then compute the weight wi as
X
2
1=
ðpP i  pF j Þ
ð9Þ
where pP i is the 2D point corresponding to projected joint
position Pi and pF j is the closest 2D point for a detected
hand feature Fj, where the semantic labels match
(lP i ¼ lF j ). In other words, the estimate of the error of a
particular feature is computed by ﬁnding the Euclidean
distance between the model joint and the closest of the
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detected features. This operation is computationally inexpensive compared to projecting the model into image space
and ﬁnding the edge distances. Furthermore, the image
data is accessed only once per frame, rather than for every
particle. We found that the accuracy provided by this simple algorithm was suﬃcient for a useful vocabulary of motion and gestures.
6. Tracking results
In this section, we present the results of our tracker’s
performance and compare them with other similar methods. Cases of both structured and unstructured gestures
are considered, and a comparison of tracking without the
use of a behaviour model is provided.
For the experiments presented in this paper, the VLMMs
were trained using a maximum memory length wM ¼ 4 and
threshold e = 0.00001. A lower estimate for the number of
prototypes used for training the behaviour model was determined using the algorithm described by Singer and Warmuth
[32] (see Section 4.2). In order to ensure that particle models
stay within the cluster bounds, an oriented bounding box for

each cluster was also computed. At runtime, the weight of a
particle is decreased if the particle falls outside the bounds of
the cluster it was sampled from.
For all experiments, the estimate of the tracker was
computed as follows. For each frame in a test sequence,
the hand posture was obtained by calculating the weighted
sum of each of the models in the particle ﬁlter’s sample set.
For each particle, the predicted feature points were computed and then scaled with the particle’s weight wi; the
sum of all scaled feature points yielded the estimate of
the ﬁlter. The error of the ﬁlter was computed as the sum
of the distances between the predicted model and the
ground truth, divided by the number of bones in the model.
Eﬀectively, the tests measured the error as the Euclidian
distance for each joint of the model that represents the
tracker’s estimate.
Ground truth data was obtained by manually annotating the input images and assigning labels to the diﬀerent
hand features that are detected by the tracker. For each
experiment, the mean and standard deviation of the error
is reported. The results are averaged over 50 runs of the
particle ﬁlter.

Fig. 6. Tracking results demonstrating the handling of fast motion and frequent gesture changes. Even though the video sequence exhibits a lot of fast
motion, tracking is successful due to the model’s knowledge of the underlying behaviour.
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The error in the ground truth data may be as much as 6
pixels in the worst case (approximately one-third of the
width of a ﬁnger), giving a maximum error in the reported
results in the order of 8 or 9 pixels, or about 7.5 mm. It
should be noted, however, that in interactive applications
(such as the Fitts’ law experiment) users automatically
compensate for such errors by moving their hand—the
set-up is a closed loop feedback, so that small errors are
not noticeable at all to users, provided that the jitter is low.
6.1. Qualitative and quantitative results
This section presents qualitative and quantitative results
of tracker performance. In particular, we assess tracker
performance in handling fast motion, discontinuous changes in shape appearance, and arbitrary rotation and scale of
the hand.
Fig. 6 demonstrates tracking using a VLMM, given a
video sequence that exhibits fast motion and frequent
changes of gestures. The test video sequence consists of
988 frames; training was done on ﬁve separate, smaller video sequences, using the same person. Thirty-two clusters
were used for training the VLMM. There were four diﬀerent models in total: an open hand (comprised of 11 model
bones), grabbing gesture (six bones), pointing (three bones)
and a closed hand (only the centre of palm was tracked).
The performance of the tracker was evaluated by varying the particle set size (10 diﬀerent particle set sizes,
between 100 and 1000). Fig. 7 shows the average error values for the whole sequence. The reported results are averaged over 50 runs of the particle ﬁlter. As we can see, the
error steadily decreases as more particles are added.
To investigate the accuracy and robustness of the tracker given a video sequence that involves arbitrary rotation
and scaling, a test video sequence of 950 frames exhibiting
3D rotation and signiﬁcant scale variation of the hand was
used (see Fig. 8). Five smaller sequences of 100 frames each
were manually annotated to obtain training data for the
behaviour model. Automatic clustering of the training data
generated 31 separate hand model clusters. As in the previ-

9

ous experiment, there were four diﬀerent types of hand
models: open, closed, grasping and pointing hand.
Fig. 9 shows the average error per model joint and its
standard deviation for the entire sequence, given diﬀerent
numbers of particles. The reported results are averaged
over 50 runs of the particle ﬁlter. As can be seen from
the data, the proposed tracker performed robustly, maintaining a low error variation throughout the test sequence.
The accuracy, although worse compared to that exhibited
in the previous test, is still quite low at approximately 2.5
pixels per bone. Again, the change in accuracy starts to
decrease more gradually with particle set sizes of above
300.
The feature detection algorithm also managed to provide accurate observations in over 80% of the frames
where the scale of the hand in the images was signiﬁcantly greater than at the beginning of the sequence. In the
rest of the frames, the high-level tracking managed to
continue without suﬃcient evidence in terms of detected
feature points, because the search was guided by the
VLMM.
As can be seen from this experiment, the proposed algorithm can successfully cope with sudden changes in appearance and variable scale. This is due to the combination of
ﬂexible feature detection and robust behaviour modeling,
which learns discontinuous model transitions and compensates in the cases where no reliable evidence can be
obtained. Fig. 8 demonstrates handling of 3D rotation
and Fig. 9 shows the corresponding errors.
6.2. Tracking with and without a behaviour model
To evaluate the eﬀect of the learnt behaviour model
when tracking a single gesture, a short section from the previous test sequence was used, exhibiting an example of
structured motion. The sequence was ﬁrst tracked without
using a behaviour model (Fig. 10). As we can see, the perjoint error is quite high, averaging nearly three pixels.
Increasing the particles beyond 500 provided little
improvement to accuracy.

Full set of observations, with VLMM
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Fig. 7. Mean error and standard deviation, with VLMM. The tracker successfully estimates a complex motion with 4 diﬀerent gestures.
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Fig. 8. Tracking results demonstrating the handling of 3D rotation and change of scale. We used 300 particles and three iterations for annealing.

Handling 3D rotation and scaling
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Fig. 9. Mean error and standard deviation of the tracker estimates for the sequence with 3D rotation and change of scale.

Tracking the same sequence with a VLMM (Fig. 11)
provided better accuracy and most importantly, reduced
jitter. This was due to the fact that the VLMM spread
the particles in ways consistent with the training set, thus
reducing the random eﬀects of the Monte Carlo particle ﬁlter algorithm. The results demonstrate that even in the case

when only a single gesture has to be tracked, employing a
behaviour model has an advantage over a purely stochastic
method.
We also used a separate test sequence of unstructured
behaviour (i.e. random movements not observed during
training) to investigate what impact using a VLMM has
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Tracking without a VLMM
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Fig. 10. Mean error and standard deviation of the estimates when tracking structured motion without a VLMM.

Tracking with a VLMM
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Fig. 11. Mean error and standard deviation of the estimates when tracking structured motion with a VLMM.

over accuracy and robustness. We compared the performance of our algorithm with that of a simple SIR particle
ﬁlter. There was only one gesture present in the sequence,
as it is not possible to have automatic switching between
diﬀerent model conﬁgurations with the SIR scheme. The
results are presented in Fig. 12. The pixel errors are similar
for both approaches, which shows that using a VLMM
does not have a negative impact when tracking unstructured behaviour.
This is due to the fact that the weights of the particles
are adjusted according to two criteria: ﬁrst, how closely
they match the cluster they are taken from and second,
how closely they match the actual observations. Even in
the case when the particles are outside the bounding box
of the cluster they belong to, they are bound to be in a consistent posture because of the model constraints that have
been imposed. A particle will receive a higher weight if it
matches the observations well. The stochastic nature of
the updating of the particles’ states ensures that particles
that fall outside the cluster bound will not be resampled
if they correspond well to the observations. One can therefore see that the tracking with a behaviour model falls back
to the simpler SIR case when there is unstructured behaviour that was not observed during training.

6.3. Tracking with a VLMM compared to a ﬁrst-order
Markov model
Finally, in this section we evaluate the robustness of the
algorithm in detecting which gesture is observed in a particular frame and compare its performance when using a ﬁrstorder Markov model (FOMM) instead of a VLMM.
We used four model conﬁgurations representing diﬀerent gestures: grab, measure, point and move. The current
gesture was determined by identifying which model conﬁguration had the most particles representing it in the set. We
trained the VLMM using 17 sequences, each approximately 10 seconds long. The training data were clustered into
ﬁve clusters for the grab, measure and point gestures, and
two clusters for the simpler move model.
For testing, a particle ﬁlter with 800 particles and three
annealing layers was used, over a longer (1 m, 30 s)
sequence of structured behaviour comprising the above
gestures. Our results showed that the tracker failed to identify the correct gesture in 5 out of 625 frames. Fig. 13 shows
the distribution of particles for a short interval of the test
sequence. The frames where the particles’ VLMM states
were reset can be seen in Fig. 15. In order to detect tracking
failure, we tested whether the pixel error (summed over all
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Fig. 12. Comparison of cumulative pixel errors using VLMM and SIR for a test sequence of unstructured behaviour with a single gesture; note similar
performance.
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Fig. 13. Number of particles tracking diﬀerent gestures in a short example interval of one test sequence, using a VLMM.

model joints) of the mode exceeded the value of 10 pixels.
As can be seen, the tracker successfully recovered each time
the particles’ memories were deleted.
The VLMM managed to successfully learn the transitions between diﬀerent model spaces and was able to predict the changes with a great degree of accuracy. It is
worth noting that handling diﬀerent models in this way
would be hard to achieve with an ordinary particle ﬁlter;
unless a separate ﬁlter were used for each model type.
We also evaluated the algorithm when using an FOMM
(as used in [14]) rather than a VLMM. Our results showed
that the tracker failed to identify the correct gesture in 164
out of 625 frames. Fig. 14 shows the distribution of particles for a short interval of the test sequence, where the
FOMM failed to capture the spatial and temporal ordering
of the behaviour. As this particular test sequence exhibits
longer temporal dependencies, the short memory length

of the FOMM becomes inadequate in some frames. The
advantage of the VLMM is that it can automatically decide
how to adjust the memory length for a particular example
sequence, thus opting for a shorter memory when long temporal memory is not needed.
7. User evaluation
To test the viability of visual tracking with our algorithm as an input system for HCI, a user evaluation experiment was conducted that involved participants completing
a Fitt’s law task (see Fig. 16).
In this experiment, the primary focus was on testing our
approach for a simple, but representative ‘drag and drop’
task. The training data used was provided by a single user,
and the experiment was conducted using 10 diﬀerent
participants.
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Fig. 14. Number of particles tracking diﬀerent gestures in a short example interval of one test sequence, using a FOMM.
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Fig. 15. Cumulative pixel error (summed over all model joints) for one whole test sequence of structured behaviour using a VLMM.

Fig. 16. An example test case from the Fitts’ law task used for evaluating
user performance.

7.1. Fitts’ law
Card, English and Burr [5] were the ﬁrst to introduce
human performance models in studies of input devices.
They applied Fitts’ law to computer pointing tasks. Their
intent was to standardise usability studies, using a single

metric that could be compared across diﬀerent experiments. Fitts’ law relates the time taken to acquire a target—that is, to select it, for example by clicking on it
with a mouse—with the distance that the hand needs to
travel and the size of target. Intuitively, time increases as
the distance increases and the size decreases, and vice versa.
Fitts’ law can be used to estimate the ‘throughput’ of an
input device; that is, the number of target selections that
can be performed in a certain time. The more ergonomically eﬃcient a device is, the greater its throughput.
Fitts’ law deﬁnes the logarithmic relationship between
the time to select a target, the distance to that target and
its size. Several variants of Fitts’ law have been proposed
that incorporate empirically derived constants in order to
give the best possible linear relationship for the log function. We use MacKenzie’s deﬁnition of Fitts’ law [24],
based on the original Shannon formula of information in
a noisy channel, to avoid problems of negative values:
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ID ¼log2

D
þ1
W



MT ¼a þ b ID
where D and W are target distance and size respectively, ID
is the index of diﬃculty, MT is movement time, and a and b
are empirically determined constants, depending on the input system that is used.
Fitts’ law can be tested experimentally by recording the
times taken by human subjects in a controlled target acquisition task. From the average timing data across all users,
one can construct a regression line which describes the eﬃciency of the device. This regression line can be compared
with that of other devices.
7.2. Description of the experiment
The main objectives of our simple drag-and-drop experiment were: to demonstrate that Fitts’ law holds when
using our proposed tracker as an input device, to compare
the tracker with an equivalent mouse-based interface, and
to explore the eﬀect of latency on task performance. As Fitts’ law predicts motor movement, a correctly operating
tracker should exhibit similar characteristics to other input
devices, such as the mouse, although one might reasonably
expect users to be more familiar with, and therefore faster
in completing tasks with the latter.
Prior research has demonstrated that latency impacts
negatively on user performance for these types of tasks.
The threshold above which latency (or delay) becomes
noticeable is around 50 ms—as has been demonstrated
for both visual and haptic feedback [25]. The latency introduced by our tracker arises from several sources. First,
images are acquired on a separate processor. The images
are then compressed and sent over a fast network to the
PC executing the tracker code. This preprocessing and data
transmission consumes 40 ms. Next, background subtraction and feature detection are performed, followed by the
tracking process, and ﬁnally the display of the projected
view of the hand model.

We ran our drag and drop experiment with three diﬀerent conﬁgurations of input device: our visual tracker, a
standard mouse, and the same mouse with 40 ms of added
latency. The 40 ms of mouse lag was introduced to account
for the image acquisition and preprocessing, while the base
case with no added latency is, in some sense, the gold standard. In the case of the mouse with added latency we further constrained the frame rate to be 25 FPS to match the
image capture frame rate sustained over the network.
There were 10 participants—three female and seven
male—all right-handed, experienced computer users. The
participants in the experiment started at a ﬁxed position,
acquired a square red object and moved it to a square green
target of the same size and then released it (see Fig. 16). In
the case of visual tracking, the participants started each test
case with their hands closed, then picked up the object with
two ﬁngers held out as if grasping it, and released it over
the target by opening their hand. In the two other cases,
the mouse was used for dragging and dropping the object
in a standard fashion. The sensitivity of the mouse was
adjusted so that the amount of hand movement—the distance to the target and its size—was identical for each case.
We measured separately the times taken in the acquisition
and dragging sub-tasks.
The independent variables were the dragging distance
D = {8, 16 ,24} units (1 U = 8 pixels), the sizes of the object
and the target W = Æ4 ,5æ units, and the approach angle
from the object to the target AA = Æ0, 90 ,180 ,270æ;
the distance from the starting position to the object
depended on the approach angle. The 24 possible cases
were randomised, and the participants repeated the experiments under the three diﬀerent conditions: ﬁrst with visual
tracking, next with mouse input delayed by 40 ms and
frame rate constrained to 25 frames per second, and ﬁnally
with normal mouse input.
7.3. Results of performance evaluation
Figs. 17 and 18 show the regression lines for the average
time taken to complete the tasks as a function of the index
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Fig. 17. Time taken to complete the acquisition task as a function of the index of diﬃculty.
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Fig. 18. Time taken to complete the drag task as a function of the index of diﬃculty.
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Fig. 19. Time taken to complete the acquisition task as a function of the distance (1 unit = 8 pixels).

of diﬃculty ID. As can be seen, the relationship is linear
and this is consistent with Fitts’ law. The results show that
for the acquisition task over shorter distances (small IDs),
the performance of the participants when using our algorithm was comparable to using the mouse. However, for
larger distances, the time is longer by over 0.5 s. This is

accounted for by the extra time needed by the particle ﬁlter
to obtain an initial estimate with a suﬃciently large support
map in the particle set. For the dragging task, we observe
that completion time with visual tracking is at most 1.5 s.
longer than with the other input schemes. We ascribe this
to the lack of tactile feedback when moving the object,
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Fig. 20. Time taken to complete the drag task as a function of the distance (1 unit = 8 pixels).
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Fig. 21. Time taken to complete the acquisition task as a function of the size (1 unit = 8 pixels).
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Fig. 22. Time taken to complete the task as a function of the size (1 unit = 8 pixels).
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Fig. 23. Percentage of errors for all experiments.

which some users complained of. Two participants reported hand fatigue at the end of the visual tracking test.
Figs. 19–22 show the time taken to complete the task
respectively as a function of the distance travelled, and
the size of the object and target. The overall trend is similar
in all cases and demonstrates that the completion time
decreases as the size of the target becomes bigger and the

distance that needs to be travelled becomes smaller. Again,
the results are consistent with Fitts’ law and with previous
research [9,1], which shows that user performance decreases as input delay increases.
Finally, Fig. 23 shows the percentage of errors with the
three diﬀerent input methods. We count as an error every
occurrence when the object is not dropped inside the target.
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Fig. 24. Latency analysis. There is a 132 ms delay between capturing an image and the tracker estimates being displayed to the user.

As might be expected, the lowest number of errors was
made with the undelayed mouse. The number of errors
increased by four when the latency from the camera was
introduced. With visual tracking, the number of errors
doubles over that observed with delayed mouse input.
To explain the performance of the participants, we measured the latency introduced by the various stages of the
visual tracking pipeline. The results are summarised in
Fig. 24. As already stated, the time for the current frame
to be compressed and sent over the network is approximately 40 ms. After the image is transmitted, background
subtraction and feature detection consume most of the time
(around 60 ms). The stochastic Bayesian simulation itself
has a relatively low impact of 16 ms per frame. The rest
of the delay is accounted for by the display routines and
the time it takes for the image to be displayed on the computer screen with a refresh rate of 80 Hz. One can see that
despite the fact the framerate sustained by the tracker is 15
FPS, the total latency for the whole pipeline is close to
132 ms. Although the tracker is robust to failure and operates in real time, the fact that such high latency is introduced results in degraded user performance.
8. Discussion
In this paper, we have demonstrated a system that combines behavioural knowledge with a stochastic simulation
to achieve robust tracking of hands. Distinct gestures are
handled by using diﬀerent models; transitions between
them are learned with a variable-length Markov model that
captures both high- and low-level structure. An eﬃcient
way to evaluate likelihood allows us to achieve real-time
performance, even when using computationally expensive
techniques such as annealing. The cost of this robust tracking is quite modest—around 16 ms.
We also provided an evaluation of our proposed system
with a Fitts’ law task. The results from this highlighted two
important issues. First, latency in the data acquisition, processing and display pipeline, has a detrimental eﬀect on
user task performance. The eﬀects of latency are often
ignored; some papers concentrate on frame rate, which is
not the same thing. For interaction, latency cannot be
ignored, and warrants further investigation. In this paper
we have shown where this latency arises and this indicates
where attention must be focused in future. Second, gestures
must be carefully designed so that users can employ them

comfortably and straightforwardly to signify diﬀerent
actions. In the experiment reported here we opted for a
design where the users picked up an object by ‘holding’ it
between their ﬁngers. Some users had diﬃculty with this
because they were ‘grasping at thin air’. The results indicate
that what seems natural may not, in fact, be the most eﬀective design; this too warrants further exploration.
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