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Real-time hand tracking using a mean shift embedded particle filter
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Abstract

Particle filtering and mean shift (MS) are two successful approaches to visual tracking. Both have their respective strengths and weaknesses.
In this paper, we propose to integrate advantages of the two approaches for improved tracking. By incorporating the MS optimization into
particle filtering to move particles to local peaks in the likelihood, the proposed mean shift embedded particle filter (MSEPF) improves the
sampling efficiency considerably. Our work is conducted in the context of developing a hand control interface for a robotic wheelchair. We
realize real-time hand tracking in dynamic environments of the wheelchair using MSEPF. Extensive experimental results demonstrate that
MSEPF outperforms the MS tracker and the conventional particle filter in hand tracking. Our approach produces reliable tracking while
effectively handling rapid motion and distraction with roughly 85% fewer particles. We also present a simple method for dynamic gesture
recognition. The hand control interface based on the proposed algorithms works well in dynamic environments of the wheelchair.
� 2007 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

As computers become pervasive in our daily life, people are
in great need of natural and efficient human–computer inter-
action (HCI). Currently the most popular and dominant mode
of HCI is still based on devices such as keyboard and mouse,
which is inconvenient and unnatural for human beings, and also
limits the speed of interaction. The more intuitive and friendly
interaction can be achieved if computers could capture and
understand human motion. Visual analysis of human motion
would bring a revolution to HCI [1].

Hand gesture is the meaningful or intentional movements
of human hands and arms. As a universal body language of
mankind, hand gesture is one of the most natural and effec-
tive means for humans to communicate non-verbally with oth-
ers. The ability to recognize hand gestures is indispensable
and important for successful interpersonal social interaction.
Vision-based hand gesture recognition [2], enabling comput-
ers to understand hand gestures as humans do, is an important
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technology for intelligent HCI. Therefore, visual analysis of
hand gestures has attracted much attention in the last decade,
and much progress has been made [2].

Our research goal is to design and implement a realistic real-
time control interface for a robotic wheelchair based on hand
gesture recognition. The block diagram of our work is shown
in Fig. 1. As an important step, this paper mainly focuses on
real-time hand tracking in dynamic environments of the moving
wheelchair.

1.1. Related work

Hand tracking, aiming to estimate continuous hand motion
in image sequences, is a challenging but essential step for hand
gesture recognition. Due to its critical role in vision problems
involving hand motion, hand tracking has gained wide interest
in recent years [3–17]. Here we briefly review some previous
work on hand tracking in order to put our work in context.

Hand motion is performed in the 3D space, and captured
in 2D image sequences. So hand tracking can be carried out
in the 3D space or in the 2D image plane. The existing hand
tracking approaches can be mainly classified into 2D meth-
ods and 3D methods. In 2D methods, a hand is represented
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Fig. 1. Block diagram of the developed hand control interface for the wheelchair.

by its geometric features such as contours [3,18] and finger-
tips [4], or its non-geometric features such as color [5] and
texture. Isard and Blake [18] adopted parameterized B-spline
curves to model hand contours, and tracked hands by tracking
the deformed curves. However, since hand contours are view-
dependent and vary dramatically in natural hand motion, the
contour-based trackers usually constrain the viewpoint and as-
sume that hands keep several predefined shapes. For example,
McAllister et al. [3] developed a contour-based bimanual track-
ing system in which the viewpoint is constrained. Fingertips
are another effective geometric features for hand tracking, for
instance, Oka et al. [4] proposed to track multiple fingertips
for hand gesture recognition. Skin color is a distinctive feature
of hands if no other exposed skin body parts or skin-colored
objects in background, so many color-based trackers were uti-
lized to track hand motion [5,19]. Originating from the idea
that different types of image features are visible depending on
the scale of observation, Laptev and Lindeberg [5] built a hi-
erarchical hand model based on multi-scale image features for
hand tracking.

Every single type of features has its limitations, for example,
skin color is not reliable due to varying illumination. In order
to overcome weaknesses of each individual feature, many al-
gorithms were proposed to integrate multiple cues for robust
hand tracking [6,12,13,20,21]. Isard and Blake [20] described
an approach to augment the contour tracker by skin-colored
blob tracking for hand tracking. In Ref. [6], Huang and Reid
developed a joint Bayes filter to combine particle filter (PF)
and hidden Markov model (HMM) for tracking and recognition
of the articulated hand motion. Color and shape were utilized
as hand representation, and particle filtering was adopted for
color-region tracking to assist HMM in analyzing hand shape
variations. Kolsch and Turk [12] recently proposed to integrate
optical flow and color cues for fast hand tracking with flocks
of features.

The 2D hand tracking is computationally efficient for real-
time applications. Hence many existing applications are based
on 2D approaches [22]. However, 2D tracking usually can only
track global hand motion, and cannot determine articulated mo-
tion of fingers. In contrast, 3D hand tracking can locate hands
in 3D space and provide 3D position and orientation informa-
tion explicitly.

Recently 3D model-based tracking has been an active and
growing research area [7,11,15,17,23]. It has the ability to
cope with occlusion and self-occlusion, and can obtain de-
tailed and accurate motion data that can be used in many

applications. Model-based tracking usually estimates the state
of a hand by projecting the pre-stored 3D hand model to the
image plane and comparing it with image features. Lu et al. [7]
presented a model-based approach to integrate multiple cues
such as edges, optical flow and shading information, for ar-
ticulated hand motion tracking. A forward recursive dynamic
model was adopted to track the articulated motion in response
to data derived 3D forces. The generalized force was derived to
adjust the model shape at each step. Sudderth et al. [11] adopted
non-parametric belief propagation for visual tracking of a ge-
ometric hand model. Chang et al. [15] recently proposed a
model-based tracking method, which integrates both sequen-
tial motion transition information and appearance information.
In Ref. [8], the concept of eigen-dynamics was proposed to
model the dynamics of natural hand motion. Hand motion
was modeled as a high-order stochastic linear dynamic system
(LDS) consisting of five low-order LDSs, each of which corre-
sponds to one eigen-dynamics. The 3D tracking can also base
on 3D data obtained by stereo cameras or scanners [9]. More
recently Inaguma et al. [14] proposed to set a 3D search vol-
ume for efficient palm tracking using two cameras. Although
providing more accurate results than 2D tracking, 3D meth-
ods usually suffer from high computational cost due to the
articulated hand motion and the large number of degrees of
freedom. Thus, 3D tracking is seldom feasible in real-time
applications.

1.2. Overview of our work

In this paper, we present an effective approach to real-
time hand tracking in dynamic environments of the robotic
wheelchair. Considering simplicity and practical feasibility, we
perform hand tracking in the 2D image plane. Although many
methods have been developed, most of them are designed for
a specific problem, and are based on some assumptions (e.g.,
constrained viewpoint, static background, clutter-free environ-
ments). If applied directly to natural hand gesture tracking
in the moving wheelchair, they faces two major difficulties:
(1) the background is dynamically changing and cluttered
due to the wheelchair’s free movements in indoor or outdoor
environments, and illumination also varies considerably. So
hand tracking is required to be robust enough in the realistic
situation. (2) The control interface is required to work in real
time. Moreover, the wheelchair performs other tasks such as
self-localization and obstacle avoidance when interacting with
users, so hand tracking must be efficient and low cost.
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In this work, we address these difficulties in the context of
developing the hand control interface for the wheelchair. The
presence of background clutter, complex dynamics of hand mo-
tion, and varying illumination result in that hand tracking is a
typical non-linear and non-Gaussian problem. Particle filtering
[24] (also known as the CONDENSATION algorithm [18]) pro-
vides a robust Bayesian framework for this problem, thanks to
its ability to handle multi-modal problems by maintaining mul-
tiple hypotheses. So particle filtering is adopted as the tracking
framework in this paper. However, for PFs, to guarantee their
robustness, sampling must be sufficient to capture the varia-
tions in the state space. Dense sampling of PFs brings high
computation load, so conflicts with the low cost demand of the
hand control interface. One has to devise tracking schemes that
succeed with fewer particles. Some techniques have been pre-
sented to improve the sampling efficiency of particle filtering
[20,25–31]. One can reduce the number of particles by choos-
ing a better proposal distribution [25]. Importance sampling
[20] was introduced to obtain better proposal by combining pre-
diction based on previous configuration with additional knowl-
edge from auxiliary measurements. For tracking more than one
object, partitioned sampling [26] was presented to reduce the
number of particles needed; however, this approach is based on
an assumption that the configuration space can be sliced in par-
titions. Another way to obtain better sampling is to introduce
optimization procedures that move particles to peaks of the den-
sity [27,28]. However, during optimization the particles do not
follow the posterior distribution anymore, so these methods do
not produce an approximation to the desired posterior [29,30].

By incorporating an efficient non-parametric optimization
into particle filtering, we present a novel method to improve
the sampling efficiency of PFs. Mean shift (MS) is a gradient-
based optimization method, and has been successfully used for
real-time tracking [32]. However, MS trackers cannot guaran-
tee global optimality, and easily fall into local maxima. We
propose to embed the MS optimization into particle filtering
for better sampling, to combine advantages of the two tracking
approaches. The mean shift embedded particle filter (MSEPF)
allows to use much fewer particles to maintain multi-modes.
We realize real-time reliable hand tracking in the wheelchair
using the proposed MSEPF. The proposed tracking method
in fact is a general approach, and can be applied to tracking
problems. Following real-time hand tracking, we present a
simple method for dynamic gesture recognition. Online gesture
recognition works well in the wheelchair, which illustrates the
superior performance of the presented algorithms in dynamic
environments.

This paper is an extended version of our previous work de-
scribed in Ref. [33]. The major modification lies in the formu-
lation and justification of the improved tracking scheme, more
experiments, and hand gesture recognition. The main contribu-
tions of this paper are summarized as follows:

• By incorporating the MS optimization into particle filter-
ing to move particles towards local modes, we develop the
MSEPF algorithm for efficient visual tracking, which de-
creases the required particles greatly.

• We realize real-time hand tracking in the wheelchair using
MSEPF. By fusing color and motion cues, an effective obser-
vation model is presented for the MS iteration and likelihood
function.

• We introduce a simple method for dynamic gesture recog-
nition. The hand control interface based on the proposed
algorithms works well in dynamic environments of the
wheelchair.

The remainder of this paper is organized as follows. Section 2
describes the proposed MSEPF algorithm. Section 3 discusses
real-time hand tracking using MSEPF, respectively, detailing
dynamical model, observation model, MS analysis, and likeli-
hood function. Hand gesture recognition is then presented in
Section 4. Experimental results are discussed in Section 5, and
Section 6 concludes the paper.

2. The MSEPF

2.1. Particle filtering

Tracking objects efficiently and robustly in complex environ-
ments is a challenging issue in computer vision. Visual track-
ing can be regarded as the estimation of the system state that
changes over time using a sequence of noisy measurements
made on the system. The goal of Bayesian tracking is to recur-
sively compute the posterior density p(xt |z1:t ) of the current ob-
ject state xt conditioned on all observations z1:t = (z1, . . . , zt ),
up to time t . The probability density function (pdf) p(xt |z1:t )
can be obtained recursively in two stages: prediction and up-
date. If the time-varying state xt is modeled as a first-order
Markov process, the pdf p(xt |z1:t ) is derived as

p(xt |z1:t ) = �p(zt |xt )p(xt |z1:t−1), (1)

p(xt |z1:t−1) =
∫

p(xt |xt−1)p(xt−1|z1:t−1) dxt−1, (2)

where � is a normalizing constant that is independent of
xt , p(zt |xt ) is the likelihood function, p(xt |xt−1) is the dy-
namic model, and p(xt |z1:t−1) is the temporal prior over
xt given past observation. p(xt |xt−1) and p(zt |xt ) are not
required to be Gaussian here.

Particle filtering [18,24] is a technique for implementing a
recursive Bayesian filter by Monte Carlo simulations. In parti-
cle filtering, the required posterior density is approximated by
a weighted particle set {(s(n)

t , �(n)
t )}Nn=1 at each time t . Each

particle s
(n)
t represents one hypothetical state of the object, and

is weighted by a discrete sampling probability �(n)
t =p(zt |xt =

s
(n)
t ), the probability of that the current observations were gen-

erated by the hypothetical state. The state at each time t can
finally be estimated based on these particles and weights. The
particle set is propagated according to the system dynamic
model over time. We summarize the particle filtering algorithm
in Fig. 2. PFs can cope with non-linear dynamics and non-
linear observations, by maintaining multiple hypotheses. Man-
aging multi-modal density allows PFs to handle clutter and re-
cover from failures in visual tracking. Due to its robustness,
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Fig. 2. The particle filtering algorithm.

particle filtering has attracted significant attention [20,34,35] in
computer vision community. PFs were originally proposed to
utilize edge-based image features [18,20]; recently color-based
PFs were introduced [34,35].

The success of particle filtering depends on its ability to
maintain a good approximation to the posterior. To capture
the variations in state-space, a certain number of particles are
required to guarantee sufficient sampling, and this number in-
creases exponentially with the state dimension. High computa-
tion cost caused by a large number of particles usually makes
PFs infeasible for real-time applications.

2.2. Mean shift

MS tracking algorithms are another type of successful ap-
proaches taken in visual tracking, and have recently become
popular due to their simplicity and effectiveness [32,36–38]. In
MS trackers, a color histogram is usually used to describe the
target region [32]. The Bhattacharyya coefficient or other simi-
larity measures is employed to measure the similarity between
the template (or model) region and the current target region.
Tracking is accomplished by iteratively finding the local min-
ima of the distance measure functions.

As an efficient gradient-based optimization method, MS has
fast convergence speed and low computation cost. Moreover,
MS is a non-parametric method, and provides a general op-
timization solution independently from target features. How-
ever, MS cannot guarantee global optimality, and is susceptible
to fall into local maxima, in case of clutter or occlusion. As
demonstrated in Ref. [35], MS trackers easily fail in tracking
rapid moving objects, and cannot recover from failures. There-
fore, their efficiency is traded off against robustness. Kalman
filter and its extensions can be used to improve their robustness
[37]. However, as they are based on a deterministic algorithm,
MS trackers cannot deal with multi-modal problems.

2.3. The MSEPF

Particle filtering and MS both have their respective strengths
and weaknesses. In this work, we propose to combine ad-
vantages of both approaches for improved tracking. By in-
corporating the MS optimization into particle filtering, we
present a simple and efficient method to improve the sampling

efficiency of PFs. Compared to the conventional particle fil-
tering, the number of particles required is reduced greatly.
The proposed method is similar to Ref. [23] in the sense that
particles are moved to the local maxima in the likelihood by
a local optimization. However, we adopt a computationally
more efficient non-parametric approach by introducing the MS
iteration.

After propagating particles via the dynamic model p(xt |xt−1),
the MS optimization is run for each of the particles. Particles
are moved in the gradient ascent direction in the likelihood
until they converge to their neighboring local peaks. The re-
sulting particle set maintains fair representation of the modes
of the distribution, and provides good local characterization
of the likelihood. As the local maxima are always represented
well by the particle set, much fewer particles are needed to
maintain the multi-mode distribution. However, we cannot use
the new particles directly for particle filtering, as these particles
are not sampled from the prediction density (temporal prior)
p(xt |z1:t−1), otherwise the whole concept of a Bayesian ap-
proach would be lost. We can use the new particle set without
destroying the original distribution by adopting the technique
called importance sampling [20].

Importance sampling applies when auxiliary knowledge is
available in the form of an importance function gt (xt ) describ-
ing which areas of state-space contain most information about
the posterior. The idea is to concentrate particles in those areas
of state-space by generating s

(n)
t from gt (xt ) rather than sam-

pling from the temporal prior ft (xt ) ≡ p(xt |z1:t−1). Indeed,
the MS optimization tends to move particles to such promising
areas upon convergence. So the particles after running the MS
optimization can be regarded as sampling from an importance
function gt (xt ). A correction term f/g must be added to the
weights of the particles as

�(n)
t = ft (s

(n)
t )

gt (s
(n)
t )

p(zt |xt = s(n)
t ) where

ft (s
(n)
t ) = p(xt = s(n)

t |z1:t−1) (3)

to compensate for the uneven distribution of particles. The pre-
diction density p(xt |z1:t−1) is a mixture of continuous density
kernels shaped by the dynamic model p(xt |xt−1), so the effect
of the correction ratio is also to preserve the information about
motion coherence which is present in the dynamic model. Al-
though the particles are generated according to gt , the distribu-
tion approximated by {(s(n)

t , �(n)
t )}Nn=1 still generates p(xt |z1:t ).

In this way, the integration of the MS optimization does not
change the probabilistic model, while improving the sampling
efficiency.

In practice, the importance function gt may omit some likely
peaks, so we combine the particles generated by standard sam-
pling from p(xt |z1:t−1) and particles generated by importance
sampling using gt as the particle set for particle filtering. There-
fore, as long as p(xt |z1:t−1) and gt do not simultaneously fail
to predict the object state, tracking will succeed. The functions
ft (xt ) and gt (xt ) are not available in closed form, but can be
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Fig. 3. The mean shift embedded particle filter.

approximated as a mixture of Gaussian G:

ft (xt ) = 1

N

N∑
n=1

G(s
(n)
t , �)(xt ), (4)

gt (xt ) = 1

2

(
1

N

N∑
n=1

G(s
(n)
t , �)(xt )

+ 1

N

N∑
n=1

G(s
∗(n)
t , �)(xt )

)
, (5)

where s
∗(n)
t denotes the new particles after running the MS

optimization. We summarize the MSEPF algorithm in Fig. 3.

3. Real-time hand tracking using MSEPF

The MSEPF algorithm applies to any visual tracking prob-
lems. In this section, we present a specific implementation of
MSEPF for real-time hand tracking in the wheelchair.

3.1. Dynamic model

Following the methodology in many hand tracking methods
[10], we represent hands by rectangles bounding themselves,
which gives model independence from hand shapes. Suppose
the size of the rectangle is constant for simplicity, the hand
state is defined as

x = {x, y},
where x is the state variable, (x, y) is the coordinate of the
rectangle center. The dynamics of hand motion is modeled as

xt − xt−1 = xt−1 − xt−2 + wt−1, (6)

where wt−1 is a zero-mean Gaussian stochastic component.
The particle set is propagated by this simple constant velocity
model (Step (2) in Fig. 3).

As described in Ref. [39], the dynamic model can be learned
from a set of pre-labeled training sequences. Although it can

make strong prediction for particle propagation, the learned
dynamic model is not universal. For example, it cannot make
effective prediction in sequences that are not included in the
training set. In our work, it is difficult to learn a strong dynamic
model for all kinds of natural hand motion. Therefore, we adopt
the above weak constant velocity model, which is natural and
universal for hand motion though its ability of prediction is
limited.

For PFs, when adopting a weak dynamic model, a large num-
ber of particles will be required for reliable tracking. How-
ever, in MSEPF, particles are moved to local modes actively
after propagated by the dynamic model; this can be regarded
as compensating the dynamic model with current observation.
So MSEPF can cope with weak dynamic models to a certain
extent, and allows reliable tracking with much fewer particles.

3.2. Observation model

To perform the MS optimization and particle weighting, it is
necessary to derive a reliable observation model. When users
perform natural hand gestures in front of the wheelchair, hand
motion may be rapid and the shape of hands in image sequences
varies greatly, so it is difficult to track hand reliably based on
geometric features such as hand contours. Here we utilize non-
geometric features such as color and motion to describe hands.

Skin color is a distinctive feature of hands if no other exposed
skin body parts or skin-colored objects in background exist,
so skin color cues have been widely utilized in hand tracking
[5,6,12,19–21]. Color cues have many merits such as invariance
to rotation and scale changes, and robustness to partial occlu-
sions [34]. Following Bradski [36], we first learn a histogram-
based skin color model, then convert the input image to the
color probability distribution image via the skin color model.
Fig. 4(b) is one frame from an example sequence, and Fig. 4(c)
is the corresponding color probability distribution image. As it
is well known, the distribution of skin color may change due to
varying illuminations. In the HCI situation of the wheelchair,
the illumination changes much due to the wheelchair’s move-
ment. So we make the skin color model self-adaptive online
[40], which is updated frame by frame with the tracked skin
color cue. In this way, our approach can handle changing illu-
minations to a certain extent.

In a realistic HCI environment, there are many skin-colored
objects in background such as faces. To deal with the distrac-
tion caused by skin-colored objects, we further include motion
cue in the observation, as hands correspond to motion regions
in image sequences. We assume that other skin-colored ob-
jects like faces in background move more slowly than hands.
As background changes all the time due to the wheelchair’s
movement, not background substraction but temporal image
differencing is adopted here to detect motion. We use the
temporal differencing method described in Ref. [41], which
computes the absolute value of differences in the neighborhood
surrounding each pixel, and then derive the accumulated differ-
ence by summing the difference of all neighboring pixels. When
the accumulated difference is above a predetermined thresh-
old, the pixel is assigned to the moving region. Applying the
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Fig. 4. (a) Frame 89; (b) frame 90; (c) the color probability distribution image of frame 90; (d) the motion–color probability distribution image of frame 90.

threshold to the accumulated difference rather than the indi-
vidual pixel difference has an effect similar to morphological
dilation, which can fill small gaps in motion regions. As only
the motion of skin-colored regions is useful for particle weight-
ing, we further apply the logical AND operator between the
color probability distribution image and the difference image to
obtain the motion–color probability distribution image, which
displays the moving skin-colored regions. Fig. 4(a) and (b) are
two consecutive images from a sequence, and Fig. 4(d) is the
corresponding motion-color probability distribution image.

The color cue and motion cue are calculated as

Mc =
∑
x

∑
y

Ic(x, y), Mm =
∑
x

∑
y

Im(x, y), (7)

where Mc is the zeroth moment of the rectangle in the color
probability distribution image, Mm is the zeroth moment of the
rectangle in the motion–color probability distribution image,
Ic(x, y) and Im(x, y) are the pixel values at (x, y) in the color
probability distribution image and the motion–color probabil-
ity distribution image, respectively, and x and y range over the
rectangle. It is observed that the motion–color probability dis-
tribution image contains reliable motion and color cues when
hand moves rapidly. On the other hand, when a hand moves
slowly, particles can be mainly weighted by the color cue in
the color probability distribution image. So we take a linear
combination of color cue and motion cue:

M = (1 − �) · Mc + � · Mm

=
∑
x

∑
y

((1 − �)Ic(x, y) + �Im(x, y)), (8)

where M is the integrated zeroth moment, the coefficient � is
proportional to the hand velocity when the hand velocity is less
than a threshold, otherwise � = 1, i.e., � = min{k√ẋ2 + ẏ2, 1}.
Here ẋ and ẏ are the motion of x and y,

√
ẋ2 + ẏ2 is the hand

velocity, and k is an empirical constant we set 0.04 typically.

3.3. MS optimization

Based on the above observation model, we present a simple
and efficient MS iteration to drive particles to local peaks in
the likelihood (Step (3) in Fig. 3).

Given a particle s(i) corresponds to the position C0(x0, y0),
we choose C0(x0, y0) as the initial location, and initialize the
iteration number as itn = 0.

Step 1: Compute the observed color and motion cues in the
rectangle:

M00 = M =
∑
x

∑
y

((1 − �)Ic(x, y) + �Im(x, y)) ,

M10 =
∑
x

∑
y

x · ((1 − �)Ic(x, y) + �Im(x, y)) ,

M01 =
∑
x

∑
y

y · ((1 − �)Ic(x, y) + �Im(x, y)) , (9)

where M00 is the zeroth moment, M10 is the first moment for x,
and M01 is the first moment for y. � is the coefficient described
in Eq. (8).

Step 2: Compute the mean location (the centroid) of the
rectangle based on the zeroth and the first moments:

x1 = M10

M00
; y1 = M01

M00
(10)

and then center the rectangle at the mean location C(x1, y1).
Also increase the iteration number: itn = itn + 1.

Step 3: If ‖C1 − C0‖ < � or itn > itn0, stop the iteration and
update the particle s(i) with the position C1. Otherwise, set
C0 = C1 and go to Step 1.

The first stop condition is that the mean position moves less
than a predefined threshold �, and the other is that the iteration
number is larger than a predefined threshold itn0, which is set
to avoid high computational cost due to the excessive iteration.

3.4. Likelihood function

This section introduces the likelihood function used in par-
ticle weighting (Step (5) in Fig. 3). The likelihood p(zt |xt )

relates the observation zt in the image to the state xt . For a
particle s(i), its observation is the color and motion cues in the
rectangle it corresponds, as defined in Eq. (8). To calculate the
likelihood, we use a similarity function which defines the dis-
tance between the target and the candidate defined as

Dis =√
1 − M/M0, (11)

where M0 =∑
x

∑
y1 is the number of pixels in the rectangle.

Then the likelihood of the particle s(i)

�(i) = −1√
2��

e−Dis2/2�2
(12)

is specified by a Gaussian with variance �.� is an empirical
constant selected by observing the tracking performance in pilot
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Fig. 5. The observation curve of the multi-mode distribution in a real-world image. The right side is surface plot of the observation in the white rectangle
area of the left image.

studies. To illustrate the effectiveness of the likelihood function,
Fig. 5 shows the observation distribution in one frame: the right
side plots the observation curve of the area around the hand
in the left image. Due to skin-colored sunlight regions in the
background, the observation distribution is multi-mode.

4. Hand gesture recognition

Following real-time hand tracking, we can perform hand ges-
ture recognition to control the wheelchair. Hand gesture recog-
nition is usually categorized as image-based (or static) and
sequence-based (or dynamic), based on whether the temporal
information is used in recognition. In this section, we present a
simple method to perform online dynamic hand gesture recog-
nition in the wheelchair.

Dynamic hand gestures are characterized by the spatio-
temporal structure of their motion patterns. So they are usually
recognized by analyzing gesture trajectories, which are ob-
tained by hand tracking in image sequences. Gesture trajecto-
ries can be statistically modeled in state space using algorithms
such as HMM [42] and TDNN [21]. In Refs. [43,44], gestures
were represented as template trajectories, and the input trajec-
tory was matched with the stored templates. Davis and Bobick
[45] presented a non-trajectory approach, temporal templates,
for action recognition. Specifically they used motion-energy
image (MEI) and motion-history image (MHI) to collapse
space–time action into static images. MEI represents where
motion occurs in an image sequence, and the pixel intensity
in MHI is a function of the temporal history of motion at
that point. By converting spatio-temporal motion into static
images, the approach avoids explicit temporal analysis and
sequence matching. Moreover, this method is computationally
efficient, and does not need complex training. However, there
are two limitations in this non-trajectory method. First, the
action recognition is only based on global shape analysis of
the motion region, so spatio-temporal characteristics of motion
patterns are lost. Second, MHI and MEI are generated by image
differencing which is not suitable for dynamic background.

To address these problems, by introducing trajectory into
temporal templates, we present a simple method for dynamic
gesture recognition. As MEI can be generated by thresholding
MHI above zero, we only adopt MHI to represent hand motion.

Fig. 6. Examples of gesture WV, CW and HR (from top to bottom).

Fig. 7. Generation of TTBT for gesture ACW.

For the gesture image sequence I (x, y, t), we first obtain mo-
tion regions in each image by hand tracking. Let D(x, y, t) be
the binary image sequence indicating regions of hand motion,
the special MHI H�(x, y, t) for hand gesture is defined as

H�(x, y, t)

=
{

� if D(x, y, t) = 1,

max(0, H�(x, y, t − 1) − 1) otherwise,

where � is the duration of the template [45]. In this way, the
spatial–temporal trajectories of hand gestures are retained in
the static image. The trajectories are called temporal template
based trajectories (TTBT). Compared to the original tempo-
ral templates, TTBT contains explicit spatio-temporal informa-
tion of hand motion, thus can better distinguish hand gestures.
Moreover, as it is generated from hand tracking results, TTBT
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Fig. 8. TTBT of five predefined gestures (from left to right: WV, ACW, CW, HR, VT).

does not require static background and can work in dynamic
environments.

In our work, we defined five simple dynamic gestures:
“wave” (WV), “move horizontally” (HR), “move vertically”
(VT), “move clockwise” (CW), and “move anti-clockwise”
(ACW). Examples of gesture WV, CW and HR are shown in
Fig. 6. The generation of TTBT for gesture ACW is demon-
strated in Fig. 7. TTBT for the five gestures are shown in Fig. 8.

We perform hand gesture recognition based on the statis-
tical analysis of TTBTs shape and orientation. Following the
methodology in Ref. [45], we adopt seven Hu moments to de-
scribe the shape of TTBT. The description is invariant to trans-
lation, rotation and scale. As these moments are of different or-
ders, we use the Mahalanobis distance metric for classification.
The TTBT of HR and VT have similar shape, so do those of
CW and ACW. As shown in Fig. 8, these gestures have differ-
ent motion orientation. So we further use the motion orienta-
tion information of TTBT to distinguish gestures whose TTBT
have similar shape.

As hand gestures may be performed at varying speeds, we
adopt the backward looking algorithm in Ref. [45] to efficiently
search over a wide range of �. In the training phase, we measure
the maximum and minimum duration that hand gestures may
take, �max and �min. In recognition phase, we choose �� to be
((�max − �min)/(n − 1)), where n is the number of temporal
windows to be considered; then at each time step, we can obtain
n different � by

�i = �max − �� · (i − 1), i = 1, . . . , n.

Therefore, n different TTBT are derived to perform gesture
recognition.

5. Experiments

In this section, we first carry out extensive experiments to
evaluate the developed hand tracking algorithm. Then we con-
duct online gesture recognition in dynamic environments of the
moving wheelchair, to validate the performance of the proposed
algorithms in real-world applications.

5.1. Hand tracking

We performed hand tracking experiments on more than 30
video sequences of hand gestures. The video sequences were
captured at rate 12fps using a Sony camera equipped on the
wheelchair in common office environments. Each sequence
contains around 400 frames, and the image resolution is 240 ×
180 pixels. No constraints about illumination and background
were set in capturing, so varying illumination and cluttered

Table 1
Tracking performance of MSEPF (50 particle), PF (200 particles) and MS

MSEPF PF MS

Correct tracking rates 100% 100% 73.3%

background exist in some sequences. The proposed algorithms
were implemented on a HP Notebook (Pentium 2.4G, Window
2000) with MS Visual C + +.

5.1.1. Comparative study
We first access the proposed MSEPF algorithm’s perfor-

mance in comparison to the MS tracker and the conventional
PF. For the sake of fair comparison, PF adopted the same dy-
namic model and observation model (likelihood function) as
MSEPF, and MS was implemented as the CAMShift algorithm
[36], which uses the same color information as MSEPF. With
regards to the number of particles, 200 particles were used for
PF and 50 particles for MSEPF.

We define tracking to be lost when the center of hand region
(ground truth) is not in the rectangle anymore. The tracking for
the sequence was stopped then, even though the hand might
later have coincidentally caught the tracker again due to the
hand’s path intersecting the erroneously tracked location. The
ground truth was manually labeled. Table 1 shows the overall
tracking performance of the three trackers. We can observe that
MSEPF (50 particles) and PF (200 particles) provide superior
tracking performance over MS. Some sample tracking results in
one test sequence are shown in Fig. 9. In this sequence, the sub-
ject has continuous body movements, and there is skin-colored
sunlight on the upper body; so the observation distribution is
multi-modes in many frames (as shown in Fig. 5). The track-
ing accuracy of the three algorithms for part of this sequence
is plotted in Fig. 10. As can be seen in Figs. 9 and 10, MSEPF
and PF successfully track the hand, whereas MS occasionally
loses the hand, for example, in frame 63, due to the confusion
caused by the skin-colored sunlight. As only a single hypoth-
esis is carried, MS cannot deal with multi-modal distribution,
so easily converges to a local maximum, and it cannot recover
from the lost track. In contrast, PF and MSEPF can robustly
track the hand through clutter, as they maintain multiple modes
simultaneously.

To investigate how much the embedded MS iteration can
improve the sampling efficiency of PF for hand tracking, we
also performed comparative study on the number of particles
between MSEPF and PF. Fig. 11 presents the tracking results
when varying the number of particles. It is observed that, as
hand motion varies much and a weak dynamic model is adopted,
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Fig. 9. Some tracking results of MS, PF and MSEPF for one test sequence (frame 61 to frame 64). Top row: MSEPF. Middle row: PF. Bottom row: MS.
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Fig. 10. Comparison of the tracking accuracy for one test sequence. Left: x coordinate. Right: y coordinate.

PF requires at least 150 particles for stable tracking in all test
sequences, while MSEPF requires only 20 particles.1 With re-
gard to the computation time, PF (150 particles) spends 63 ms
on average for each frame, whereas for MSEPF (20 particles),
though MS iterations added, each frame only costs an average
time of 28 ms as the number of particles is decreased greatly.
Therefore, in the application of hand tracking, MSEPF de-
crease 85% particles than PF, and thus is much faster than PF.
Table 2 summaries the optimized tracking performance of the
three algorithms on all test sequences. We observe that MSEPF
achieves better tracking results than both PF and MS. Although
it is faster than MSEPF, MS cannot achieve stable tracking
and sometimes loses the track. Obviously, the efficiency im-
provement of MSEPF over PF depends on how good particle
positions update that the MS iterations can provide, which is

1 It is worth pointing out that, as shown in Fig. 3, for MSEPF with
N particles, 2N particles are used in particle weighting. So the optimized
MSEPF actually uses 40 particles in particle weighting for successful tracking.

variable across different tracking problems at hand. Thus, it is
difficult to provide a general conclusion on how many parti-
cles can be saved in MSEPF. What we can conclude is embed-
ding the MS optimization into PF improves the efficiency of
the conventional PF.

Another question is how to design the number of particles. In
our study, we decided the optimal number of particles via a few
pilot studies as said above. The existing applications usually se-
lect the number of particles using ad hoc criteria, or statistical
methods such as Monte Carlo simulator or some standard sta-
tistical bound [46]. For example, Boers [46] presented a method
to relate the required number of particles to the accuracy by
which the conditional pdf p(xt |z1:t ) is being approximated by
the discrete distribution, and derived statistical bounds for the
number of particles.

Most of the existing PFs select a fixed number of particles
in advance. However, this is not necessary, and can be highly
inefficient, as the dynamics of most systems usually produces
great variation in the complexity of the posterior distribution
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Fig. 11. Tracking performance vs. the number of particles. Left: MSEPF. Right: PF.

Table 2
Optimized tracking performance of MSEPF, PF and MS

Algorithm Particles
required

Average time/
frame (ms)

Average position
error (pixels)

MSEPF 20 28 5.8
PF 150 63 8.7
MS — 20 Track lost sometimes

over time. For example, in the beginning, a large number of
particles is needed as the variance is high due to uncertainty
in the initial state, while as time evolves the variance reduces,
only a small number of particles suffices to perform good esti-
mation. Recently, several approaches have been introduced to
adapt the number of particles over time [47–50]. The adap-
tive approach in Refs. [47,48] adjusts the number of particles
based on the likelihood of observations, i.e., generating parti-
cles until the sum of the non-normalized likelihoods exceeds a
pre-specified threshold. Fox [49] proposed to adapt the size of
particle sets based on the approximation errors introduced by
the sample-based representation. Soto [50] more recently pre-
sented a self-adaptive PF that uses statistical methods to adapt
the number of particles and the propagation function at each
iteration. Therefore, in order to further optimize the number of
particles, we will study how to improve MSEPF by adapting
the number of particles over time.

5.1.2. More tracking results
To verify the effectiveness of the proposed observation

model, we run the algorithm on some sequences containing
distraction caused by skin-colored objects in the background.
For comparison, we also implemented the tracking algorithm
using the observation model based on color cue only. Fig. 12
shows some tracking results of one test sequence with two
different observation models. (note: all video demonstrations

V 1.V 7 are available at http://www.dcs.qmul.ac.uk/∼cfshan/
hand_gesture.html). It is observed that the tracker with the ob-
servation model based on color cue only loses the hand due to
the confusion caused by the face, whereas the tracker with the
proposed observation model successfully handle the distrac-
tion. So the measurement based on fusion of color and motion
cues is much reliable than the one using the individual cue.
More tracking results about handling skin-colored distraction
are shown in Fig. 13.

Some tracking results of one sequence containing varying
illumination are shown in Fig. 14. As the skin color model is
adapted during tracking, the algorithm can handle skin colors
change due to varying illumination to a certain extent. Fig. 15
shows that the algorithm successfully tracks rapid hand motion,
even if the search regions do not overlap in consecutive frames.
In contrast, MS loses the target in this situation.

The above experiments demonstrate that the developed hand
tracking algorithm achieves reliable tracking in an efficient way,
i.e., the average tracking rate of 35 Hz, which builds foundation
for late hand gesture recognition.

5.2. Online dynamic gesture recognition

We first performed off-line experiments to evaluate the per-
formance of the proposed dynamic gesture recognition method.
We had four people perform each gesture eight times. Out
of the 160 gesture sequences, 80 were randomly chosen for
training, 16 from each class. The remaining gesture sequences
were used to test. The overall recognition rate is 97.3%. To
compare with the temporal templates in Ref. [45], we con-
ducted same experiments using temporal templates. As tempo-
ral templates are generated by image differencing, many motion
in the background are included in them, which make gesture
recognition much difficult. Furthermore, the shape descrip-
tion of temporal templates is not distinguished enough for

http://www.dcs.qmul.ac.ukcfshanhand.html
http://www.dcs.qmul.ac.ukcfshanhand.html
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Fig. 12. Comparison between two different observation models for one test sequence (frames 5 to 8). Top row: Observation model based on color and motion
cues. Bottom row: Observation model based on color cue only. The video demo V 1 is available online.

Fig. 13. Tracking results of two sequences with skin-colored distraction. Top row: Frames 45, 47, 49 and 50. Bottom row: Frames 19, 21, 22 and 24. The
video demos V 1 and V 2 are available online.

Fig. 14. Tracking results of one sequence with illumination changes (frames 77, 103, 176 and 229). The video demo V 3 is available online.

Fig. 15. Tracking results of one sequence with rapid hand motion (frames 71 to 74). The video demo V 4 is available online.

Table 3
Recognition performance of TTBT and temporal templates

Methods Recognition rates

TTBT 97.3%
Temporal templates [45] 49.1%

hand gesture recognition. Comparison results summarized in
Table 3 demonstrate that the proposed TTBT is more effective
than temporal templates for dynamic hand gesture recognition.

Following off-line experiments, we implemented a hand
control interface based on dynamic gesture recognition in the
wheelchair. The control interface worked well in dynamic en-

vironments. The video demo V 5 of controlling the wheelchair
via dynamic gesture recognition is available online.

6. Conclusions and discussions

Vision-based hand gesture recognition is an important
technology for intelligent HCI. In this paper, we address real-
time hand tracking and gesture recognition in the context of
developing a hand control interface for a robotic wheelchair.
By integrating the MS optimization into particle filtering, we
propose an improved PF MSEPF for efficient and robust track-
ing. Real-time hand tracking in the wheelchair is implemented
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using MSEPF. Extensive experiments demonstrate that MSEPF
is superior to the MS tracker and the conventional PF. Our
approach produces reliable tracking while effectively handling
rapid motion and distraction with roughly 85% fewer particles.
We also present a simple but effective approach for dynamic
gesture recognition. The hand control interface based on the
proposed algorithms works well in dynamic environments of
the wheelchair.

As only color and motion cues are used, our hand tracking
algorithm in fact is a general method and could be used in
many tracking problems. We are considering to include other
features, e.g., texture of hands, for more robust hand tracking.
Although the proposed MSEPF is effective for hand tracking,
further investigation should be conducted to verify its effective-
ness in other tracking problems, especially the higher dimen-
sional problems such as 3D articulated object tracking, as the
number of particles required in high dimensional space is more
prohibitive. As far as dynamic gesture recognition is concerned,
the TTBT models are learned from only one view at the mo-
ment. We will combine multiple views in training, which will
improve the recognition performance.
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