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Juan Jośe Pantrigo
juanjose.pantrigo@urjc.es

Antonio S. Montemayor
antonio.sanz@urjc.es

Universidad Rey Juan Carlos
Tulipán s/n 28933 Ḿostoles, Spain
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Abstract

This paper presents an hybridization of Particle Filter
and Local Search algorithms, called Local Search Particle
Filter (LSPF), and its application to Human-Computer In-
teraction. The proposed algorithm combines both sequen-
tial Monte Carlo (Particle Filter - PF) and local search met-
hods to achieve an accurate real-time hand tracking. The
system allows to control different mouse actions through
a reduced set of hand movements and gestures. Hand are
segmented using a skin-color model based on explicit RGB
region definition. The proposed hybrid tracking method in-
creases the performance of general particle filter. It also
improves the quality of the hand tracking task (the stan-
dard deviation between hand spatial positions for LSPF is
reduced a 75% with respect to the PF algorithm). More
precisely, a local search enhances a hand-simulated mouse
cursor to smoothly move and thus recognize gestures for
performing their associate actions.

1. Introduction

Automatic visual analysis of human motion is an active
research topic in Computer Vision and its interest has been
growing during last decade [14]. Human-computer inter-
action is evolving towards non-contact devices, using per-
ceptual and multimodal user interfaces. That means the
system allows the user to interact without physical contact,
using voice and/or gestures [5]. This form of interaction
is targeted by Intelligent User Interfaces (IUI) [8], a sub-
field of Human-Computer Interaction (HCI). The goal is to
improve human-computer communication using new tech-
nologies and also techniques for Artificial Intelligence. In
particular, Computer Vision is very useful for IUI [15], pro-
viding new ways of interaction making use of body parts
motion. In this way, by providing new forms of interac-
tion, based on video or audio processing instead of traditio-
nal computer devices like keyboard or mouse, handicapped
people can access the computers more easily. Gesture tra-
cking by monocular vision is an important task for the de-
velopment of such systems. Recently, the field of Computer
Vision has devoted considerable research effort to the de-
tection and recognition of faces and hand gestures [9]. The

multiple applications of this topic have fostered the organi-
zation of a biannual IEEE conference specifically devoted
to Face and Gesture Recognition [2][1] since 1995.

To locate the regions of interest, this kind of systems
needs from a previous object tracking procedure. Tracking
human movement (in our case, the hand) is a challenging
task which strongly depends on the considered application
[3]. Most reported work on vision-based HCI relies on vi-
sual tracking and visual template recognition algorithms.

Recent research in human motion analysis makes use of
the particle filter (PF) framework. PF algorithm (also ter-
med as Condensation algorithm) enables the modeling of
a stochastic process with an arbitrary probability density
function (pdf), by approximating it numerically with a set
of points called particles in a state-space process [4]. One
main aim of particle filtering is accurate tracking of a varia-
ble of interest as it evolves over time [12], such as objects in
video sequences for determine their kinematic information.

The main contribution of this paper is the development
of a single-object visual tracker based on the hybridiza-
tion of particle filters (PF) and local search LS algorithms
and its application to Human-Computer Interaction. Local
search particle filter (LSPF) hybridizes both PF and LS fra-
meworks in two different stages. In the PF stage, a particle
set is propagated and updated to obtain a new particle set.
In the LS stage, the best particle found are refined using a
local search procedure. LSPF algorithm significantly im-
proves the performance of general particle filters. This al-
gorithm forms the basis of a mouse controlled system. This
approach allow us to interpret different mouse actions by
means of movements and gestures of hands in real-time
using a standard PC computer.

2. Particle Filters

To make inference about a dynamic system, two different
models are necessary: (i) a measurement model requiring
an observation vector (z) and a system state vector (x), and
(ii) a system model describing the evolution of the state of
the system [4].

The objective in the Bayesian approach to dynamic state
estimation is to construct the posterior pdf of the state.
Usually an estimate is required at every time step. In the
framework of Sequential Bayesian Modelling, posterior pdf



Figure 1. Particle Filter scheme.

is estimated in two stages:

1. Prediction: the posterior pdfp(xt|z1:t−1) is propagated
at time stept using the Chapman-Kolmogorov equa-
tion:

p(xt|z1:t−1) =
∫

p(xt|xt−1)p(xt−1|z1:t−1)dxt−1

(1)

2. Evaluation: the posterior pdfp(xt|z1:t is computed at
each time step by applying the Bayes’ theorem, using
the observation vectorz1:t:

p(xt|z1:t) =
p(zt|xt)p(xt|z1:t−1)

p(zt|z1:t−1)
(2)

These equations constitute the theoretical Bayesian solu-
tion to the dynamic estimation problem. Unfortunately, the
propagation of the posterior pdf cannot be calculated analy-
tically except for a little set of cases [4]. For example, the
Kalman filter assumes the posterior pdf is always Gaussian,
and grid-based methods assumes a discrete and finite num-
ber of states. Nevertheless, the general case has interest for
many applications [6].

Particle filters (PF) are a special class of sequential es-
timation methods in which theoretical distributions on the
state space are approximated by simulated random measu-
res [6]. This pdf is represented by a set of weighted samples,
called particles{(x0

t , π
0
t ), . . . , (xN

t , πN
t )}, where the parti-

cle weightsπn
t = p(zt|xt = xn

t ) are normalized. In Figure
1 an outline of the Particle Filter scheme is shown.

PF algorithm starts by setting up an initial population
x0 = {xi

0 | i = 1, . . . , N}, of N particles using a known
pdf. The measurement vectorzt at time stept, is ob-
tained from the system. Particle weights at time step t,
πt = {piit | i = 1, . . . , N} are computed using a fitness
function. Weights are normalized and a new particle setx∗t
is selected. As particles with higher weights can be chosen
several times, a diffusion stage is applied to avoid the loss of
diversity inx∗t . Finally, particle set at time stept + 1, xt+1,
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is predicted using a defined motion model. Therefore, PF
can be seen as algorithms handling the particles time evolu-
tion. The set of particles in PF move according to the state
model and their evolution is related to their weight values
as determined by the likelihood function [6].

3. Local Search Particle Filter

Local Search Particle Filter (LSPF) algorithm is intro-
duced to be applied to estimation problems in sequential
processes that can be expressed using the state-space mo-
del abstraction. The aim of this algorithm is to improve
the efficiency of the standard particle filters, by means of a
local search procedure. This proposal is specially suitable
for applications requiring high quality estimations. LSPF
integrates both local search (LS) and particle filter (PF) fra-
meworks in two different stages:

• In the particle filter stage, a particle (solution) set is
propagated over the time and updated with measure-
ments to obtain a new one. This stage is focused on
the time evolution of the best solutions found in pre-
vious time steps.

• In the local search stage, the best solution from the
particle set are selected and a local search procedure is



Figure 3. Measurement model: (a) input frame
and b) resulting skin detection.

performed in its neighborhood. This stage is devoted
to improve the quality of the PF estimate.

Figure 2 shows a graphical template of the LSPF met-
hod. Dashed lines separate the two main components in the
LSPF scheme: PF and LS, respectively. LSPF starts with
an initial population of N particles drawn from a known pdf
(Figure 2: INITIALIZE stage). Each particle represents a
possible solution of the problem. Particle weights are com-
puted using a weighting function and a measurement vector
(Figure 2: EVALUATE stage). LS stage is later applied for
improving the best obtained solution of the particle filter
stage. First, a neighborhood of the best solution are defi-
ned (Figure 2: NEIGHBORHOOD stage). Then, solution
weigths are computed until a better solution is found in the
neighborhood of the initial one (Figure 2: EVALUATE UN-
TIL FIRST IMPROVEMENT stage). This procedure is re-
peated until there are no better solutions in the neighbor-
hood than the initial one. Once the LS stage is finished, a
new population of particles is created by selecting the indi-
viduals from the whole particle set with probabilities accor-
ding to their weights (Figure 2: SELECT stage). To avoid
the loss of diversity, a diffusion stage is applied to the par-
ticles of the new set (Figure 2: DIFFUSE stage). Finally,
particles are projected into the next time step by making
use of the update rule (Figure 2: PREDICT stage).

This algorithm have similarities with the LS-N-IPS (lo-
cal searchN-interacting particle filter) proposal [13]. While
LS-N-IPS performs a local search over all particles, LSPF
only applies the improvement procedure to the best particle
found in PF stage. Thus LSPF is more efficient than LS-N-
IPS since local search is an expensive task. This approach
is successful in a wide variety of visual tracking problems.

4. System Description

Our proposed LSPF approach is applied to determine the
position of hands and face in 2D image sequences. Each
particle in the particle set describes a possible solution to
the tracking problem. Theparticle structureused in this
work is:

[x, y, ẋ, ẏ] (3)

Figure 4. (a) Local search execution order and
(b) an example of execution.

wherex and y are the spatial positions, anḋx and ẏ re-
presents the first derivative of magnitude (velocity). The
number of particlesN in the particle setS is experimentally
chosen to be 100. The local search is performed over the
best solution found by the particle filter.

Theobservation modelspecifies the image features to be
extracted. To construct the weighting function it is neces-
sary to use adequate image features. In this work we have
used a pixel-based skin color detection method (see Figure
3). In this method an explicit region of RGB color space
is defined as skin. A pixel(R,G, B) is classified as skin if
[10]:

(R > 45) & (G > 40) & (B > 20) &
(max(R, G,B)−min(R, G,B) > 15) &
(|R−G| > 15) & (R > G) & (R > B)

(4)

The main advantage of this method is the simplicity of
skin detection rules that leads to construction of a fast pixel
classifier. Particle weights are computed as the number of
skin pixels belonging to a 50 x 75 pixels rectangular win-
dow located in[x, y].

Thesystem modeldescribes the temporal update rule for
the system state [16]. The tracked object state consists of a
given number of spatial (linear or angular) coordinates and
the corresponding velocities, deriving in a first-order mo-
tion model. Two excitation forcesF andG (modeled by
random Gaussian variables with zero mean and normal de-

(a) (b) (c)

Figure 5. Mouse events: (a) No pushed but-
ton, (b) left button pushed and (c) right button
pushed.
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Figure 6. Estimated trajectories in (a) sta-
tic, (b) horizontal and (c) vertical movements,
using PF and LSPF.

viationσF andσG respectively) allow changes in the object
state (position and velocity). The value ofσF andσG de-
pend on expected changes in the position and velocity of the
tracked object. The update rule used in this work is perfor-
med by these two equations:

xt+∆t = xt + ẋt∆t + Fx

ẋt+∆t = ẋt + Gx
(5)

wherex represents some spatial (linear or angular) variable,
∆t is the time step andFx andGx are random Gaussian
variables with zero mean and normal deviationσF andσG,
respectively.

A standardfirst improvement local searchwas embed-
ded into the PF scheme. Given a solution, a neighborhood
is explored until a new high quality solution is found. Then,

this new solution replaces the old one and the procedure is
repeated until no improvement is produced. To avoid the
deviation of consecutive estimations, the local window is
adjusted always as shown by the numerical ordering of Fi-
gure 4a. This is achieved by performing the local search
procedure in the same order (see Figure 4b for an example).
The distanced of Figure 4a which measures the minimal
spatial resolution step between consecutive movements are
set to 3 pixels.

Two different gestures are recognized to simulate a click-
left and click-right mouse button (Figure 5). Left button is
clicked by closing the hand. When this gesture is performed
the lower half of the window remains full of pixels classified
as skin, whereas the upper half becomes empty (Figure 5b).
On the other hand, right button is simulated by rotating the
hand 90. In this gesture, left half of the window remains full
of skin pixels, and the right half becomes empty (Figure 5c).

(a)

(b)

(c)

(d)

Figure 7. Static hand detection. (a) Input
frame, (b) skin detection, (c) PF estimation
(d) LSPF estimation.



Table 1. Standard deviation and range in different sequences (pixels).
Std. Dev(σ) Range(r)

PF LSPF PF LSPF
σx σy σx σy rx ry rx ry

Static 11.86 8.65 1.40 1.97 56 51 6 9
Horizontal - 50.19 - 11.83 - 171 - 63

Vertical 10.21 - 4.55 - 53 - 24 -

5. Experimental Results

In order to evaluate and compare the quality of the algo-
rithms, some video sequences have been tested. We deve-
loped a real time software implementation using a 2.8 GHz,
512 MB DDRAM Pentium 4 under Windows XP Professio-
nal SP2 equipped with DirectX 9.0, and image sequences
with resolution of 320 x 240 pixels. The throughput obtai-
ned was 30 frames per second.

Microsoft DirectX [7] is a group of multimedia techno-
logies designed for multimedia software developers. Di-
rectShow is a DirectX component that takes charge of audio
and video streams [11] in a highly modular way. It can be
used to solve problems in Machine Vision and other kinds
of Audio or Video Processing tasks, including the real-time
processing of signals. In particular, we have implemented
some DirectShow transform filters to include the functiona-
lity, such as skin detection and the particle filtering variants
(PF, LSPF). It is important to avoid confusion between these
implementation aspects (Directshow filters) with a classic
filtering or the particle filter itself.

Human-Computer Interaction based on visual tracking is
a very sensitive task. Presence of noise, illumination chan-
ges or any other artifact lead to a probable skin detection
failure, which is the input of our tracking system. If the
posterior process is not quite robust then accumulated errors
will result in an unmanageable situation for a simple visual
mouse controller.

Three experiments have been carried out to evaluate
the performance of proposed Local Search Particle Filter
(LSPF) that is, compared to a standard Particle Filter. The
first experiment consists in a simple hand detection that re-
mains almost static during 70 video frames (6a). The se-
cond and third experiments deal with a semi-constant mo-
tion of a human hand in horizontal and vertical directions,
respectively (6b and 6c). All these experiments show some
kind of sensitivity results of the algorithms. Table 1 reflects
them by showing the standard deviation (σ) and range (r, in
pixels) of the estimated positions in both coordinates (x, y)
for the PF and the LSPF algorithms while tracking a human
hand. For the horizontal movement, we have measured the
σy andry, and viceversa, for the vertical movement. Note
that PF data show an unacceptable performance in theσ
andr values of the estimated location of the object being
tracked. On the other hand, LSPF operates with very low
deviations which result a smoother and accurate tracking.

Figure 6 shows the estimated trajectories for a (a) sta-

tic, (b) horizontal and (c) vertical movements. They clearly
illustrate that the proposed LSPF provides a more accurate
tracking quality than PF approach. Figure 7 shows some
examples of the static hand detection. Figure 7c shows a
failed estimation for the PF that is clearly avoided using a
Local Search method 7d. Note the correspondence of the
graph in Figure 6a with Figures 7c and 7d.

6. Conclusion

The main contribution of this work is the development of
the Local Search Particle Filter algorithm (LSPF). LSPF hy-
bridizes the local search procedure and the particle filter fra-
mework to solve tracking problems. Experimental results
have shown that LSPF appreciably increases the efficiency
of particle filtering, and improves the estimation quality and
smoothing trajectories of a standard PF. In fact, the standard
deviation between hand spatial positions for LSPF is redu-
ced a 75% with respect to the PF algorithm. As a result,
the algorithm performs accurate tracking in real-time on a
standard computer. The proposed algorithm is the kernel of
a vision based mouse system which allows to control and
command the cursor of a computer using a standard web-
cam.

As future works, we propose the application of more
avances heuristics to human-computer interfaces in order to
recognize other gestures, and also track difficult body parts
such as head or legs. The adaptation of these techniques
can be very appropriate for the development of handicap-
ped people technologies. In this work we have not make a
robust skin detection under uncontrolled conditions, so this
is also proposed as a future work.
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