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Abstract

This paper presents a work in progress for indoor
and outdoor target detection and feature extraction
in video sequences. The framework can be applied
to Aml systems related to surveillance activities.
The system is based on a Local Search Particle Fil-
ter (LSPF) algorithm, which tracks a moving target
and calculates its bounding box. Possible applica-
tions of this prototype include assisted monitoring
to supervise video sequences from different came-
ras, and scene analysis for domotic environments.

1 Introduction

The term Ambient Intelligence (Aml) was coined
by Philips Research [1] and it is beyond Ubiqui-
tous Computing. This recent research field aims to
build digital environments that are aware of the hu-
man presence, their behaviours and needs [2]. Thai
[3] characterizes some of the key properties in Aml
systems as: context awareness, system personali-
zation, system anticipation, embedded devices and
adaptability. Based on this paradigm, different AmI
frameworks have been developed [3], mainly focu-
sed on the context-awareness issue that centres on
the fact that the system can recognize people, their
situational context, their actions and interactions.
Different scenarios for the application of AmlI prin-
ciples are related to public transport environments
[4], intelligent buildings [S] and other public pla-
ces [4]. For example, in the case of intelligent buil-
dings some technical innovations are embedded to
the building to adapt it to changing conditions, to
increase the comfort of the people in the building
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or to make a more efficient usage of resources (air
conditioning, lighting, humidity subsystems, etc).
Another important issue in this context is security.
The safety of people in these buildings can be in-
creased by embedding an appropriate video survei-
llance subsystem to prevent uncontrolled access to
the building area (both indoor and outdoor regions).
This system should ideally be able to track the mo-
vements of a particular suspicious subject or a se-
quence of people (also for a car in the parking area),
and to detect the actions performed by suspicious
target. Video analysis in the context of Aml would
also be useful to accurately count the number of
people in specific building halls in order to smartly
adapt the temperature or air conditioning conditions
to the changing presence of persons. This dynamic
system adaptability requires from near real-time vi-
deo analysis requirements to make the surveillance
tasks practical. We present in this paper a work in
progress focused on analysis of image sequences.
The resulting subsystem could be embedded into a
video surveillance system for Aml applied to the
indoor and outdoor security of a controlled envi-
ronment (i.e. a public building and their parking
regions).

The considered video analysis task consists in ex-
tracting quantitative measures from a moving tar-
get (human or vehicle) in a video sequence. This
work is related to several important areas in compu-
ter vision which can be classified into three groups:
low-level image preprocessing, object analysis and
representation, and feature extraction from the tra-
cked target shape or from its movement. A subse-
quent analysis of the target actions in surveillance
tasks based on the extracted information of each
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Figure 1: Particle Filter scheme.

frame is also further required but is not the goal of
this work.

The scope of automatic visual surveillance te-
chnologies has shifted to the preventive tasks [6].
However, new technical challenges appear for the
actual and potential applications of surveillance
systems. These challenges include video proces-
sing capabilities, acceptable trade-off between sys-
tem performance and involving costs, robust multi-
ple object detection and tracking, and adaptability
to uncontrolled changing environments [7][8].

Visual tracking provides a useful tool in survei-
llance systems such as the extraction of regions of
moving targets [9]. Two of the most popular tra-
cking methods include the Kalman filter (KF) and
the particle filter (PF) algorithms. The KF is a recur-
sive solution to the discrete-data linear filtering pro-
blem. KF models stochastic processes with Gaus-
sian probability density functions (pdf) parameteri-
zed by their respective mean and covariance. The
PF algorithm, enables the modeling of sequential
stochastic processes with an arbitrary pdf, by appro-
ximating it numerically with a set of points (called
particles) in a state-space process [10]. In Compu-
ter Vision, PF is known as Condensation algorithm
and it has been successfully applied to many video
surveillance systems [9][11].

In this work, we have designed and implemented
a video-based feature extraction module as a com-
ponent of visual tracking system. For the proposed

implementation, we make use of the Local Search
Particle Filter (LSPF) framework to perform an ac-
curate and fast tracking. The rest of the paper is
described as follows: Section 2 presents the particle
filter framework and extends it including an optimi-
zation stage, Section 3 describes the proposed video
analysis system and Section 4 its evaluation. Fina-
Ily Section 5 summarizes the conclusions and future
work.

2 Local Search Particle Filter

To make inference about a dynamic system, two dif-
ferent models are necessary: (i) a measurement mo-
del 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 [12]. The ob-
jective in the Bayesian approach to dynamic state
estimation is to construct the posterior pdf of the
state.

Particle filters (PF) approximates the theoreti-
cal distributions on the state-space are by simula-
ted random measures [13]. This pdf is represen-
ted by a set of weighted samples, called particles
{(x?,n?), R (xﬁv F )}, where the particle weights
) = p(z:|x; = x') are normalized. In Figure 1 an
outline of the Particle Filter scheme is shown.

PF algorithm starts by initiating a set xo =
{xp | i=1,...,N} of N particles using a known
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Figure 2: Local Search Particle Filter scheme. Weight computation is required during EVALUATE and EVALUATE UNTIL

FIRST IMPROVEMENT stages (*)

pdf. The measurement vector z; at time step ¢ is
obtained from the system. Particle weights at time
step t, ;; = {pi£ |i=1,...,N} are computed using
a fitness function. Weights are normalized and a
new particle set x;° is selected. As particles with
higher weights can be chosen several times, a diffu-
sion stage is applied to avoid the loss of diversity in
x;. Finally, particle set at time step ¢ + 1, X;41, is
predicted using a defined motion model.

Local Search Particle Filter (LSPF) algorithm is
introduced to be applied to estimation problems in
sequential processes that can be expressed using the
state-space model abstraction. The aim of this algo-
rithm is to improve the efficiency of the standard
particle filters, by means of a local search proce-
dure. This proposal is specially suitable for applica-
tions requiring high quality estimations. LSPF inte-
grates both local search (LS) and particle filter (PF)
frameworks in two different stages:

o In the particle filter stage, a particle (solution)
set is propagated over the time and updated
with measurements to obtain a new one. This
stage is focused on the time evolution of the
best solutions found in previous time steps.

e In the local search stage, the best solution
from the particle set is selected and its neigh-
borhood is evaluated searching for a better so-
Iution. This stage is devoted to improve the
quality of the PF estimate.

2.1 Local Search Particle Filter Basic Algorithm

Figure 2 shows a graphical template of the LSPF
method. Dashed lines separate the two main com-
ponents in the LSPF scheme: PF and LS, respec-
tively. LSPF starts with an initial population of N
particles drawn from a known pdf (Figure 2: INI-
TIALIZE stage). Each particle represents a possi-
ble solution of the problem. Particle weights are
computed using a weighting function and a measu-
rement vector (Figure 2: EVALUATE stage). LS
stage is later applied for improving the best obtai-
ned solution of the particle filter stage:

First, a neighborhood of the best solution is de-
fined (Figure 2: NEIGHBORHOOD stage). Then,
solution weigths are computed until a better solu-
tion is found in the neighborhood of the initial one
(Figure 2: EVALUATE UNTIL FIRST IMPRO-
VEMENT stage). This procedure is repeated un-



til there are no better solutions in the neighborhood
than the initial one.

Once the LS stage is finished the process con-
tinues with the rest of the particle filter stages: In
the selection one, a new population of particles is
created by selecting the individuals from the whole
particle set with probabilities according to their
weights (Figure 2: SELECT stage). To avoid the
loss of diversity, a diffusion stage is applied to the
particles 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).

2.2 Implementation details of the LSPF

In particular, LSPF can use different weighting
functions and also different state-space topologies
in PF and LS stages. In this work, PF uses a 2D
search-space where the state of the individual i at
time 7 is defined by two variables (xi7 yﬁ) describing
the position of the target in the image. The quality
or weight of a solution is proportional to the quan-
tity of pixels detected as object in the background
substraction result, taking into account a window or
bounding box of predetermined size (12, IS ).
However, LS stage performs a local search in a
4D search space, instead of the 2D one shown in
Figure 2. Therefore, the state of the individual i
is defined by four variables (xi, y",l)’;,l'(',). The new
variables l,’; and l; determine the size of the boun-
ding box that fits the target. The local search proce-
dure performs an iterative exploration of the neigh-
borhood of the best solution (x”**', y?") and initial
bounding box dimensions (l)?,l;) ). Now, the qua-
lity or weight of a solution is not only proportional
to the quantity of pixels detected as object but also
inversely proportional to the background pixels in
the bounding box. In this way, given two bounding
boxes with the same number of object pixels, the
larger one will represent a lower quality solution.
The local search procedure tries to find the best so-
lution using this fitness criterion. First, LS performs
an evaluation of the weight of every solution in an
8-neighbor space from the initial position (x',y').
For each neighbor it is evaluated the weight while
changing the size of the bounding box (li,l;). This
process is repeated until no better solution is found
in the neighborhood. As a result, we obtain a boun-

ding box centered and fitting the target.

3 Overview of the developed video analy-
sis system for automatic surveillance

This section sketches the feature extraction subsys-
tem corresponding to the surveillance application
for both indoor and outdoor areas. For example, in
the indoor case a video camera can be placed at the
end of a corridor in order to capture the complete
area, where we expect people to walk without stop-
ping many times or during a long period of time.

We have developed a MATLAB prototype for the
visual tracking feature extraction component that
works under a standard PC equipped with a web-
cam. Figure 3 shows the graphic user interface
(GUI) of the implemented subsystem. This GUI
visualizes different measures of interest extracted
from the video sequence, related to shape and ki-
nematics of a target being tracked.

On the top left side of the GUI, we show the ac-
tual video frame. In this image, we draw the sma-
llest enclosing rectangle and the convex hull of the
moving target. We also represent the background
subtraction image (left bottom) in which our LSPF
algorithm is applied to detect and track the moving
target along the video sequence. The foreground
moving object is represented in white while the ba-
ckground is set to black at each photogram.

In order to compute measurements of the tracka-
ble target, a background subtraction is used as mea-
surement model for the LSPF algorithm. Given the
background image I and the actual video frame at
time ¢, I-, a new binary image results from applying
a threshold to the difference image |I% — Ig|. This
binary image is the measurement model.

The set of extracted features for the target are
grouped into four categories: position, shape, ki-
nematics and occupation area. The position featu-
res correspond to the coordinates of the target cen-
troid and its orientation with respect to the horizon-
tal axis. The extracted shape features are: major
and minor axis length, perimeter in pixels, solidity
(computed as the ratio between the target area and
its corresponding convex hull) and its Euler num-
ber (computed as a difference between the number
of connected components and the number of holes
in the target). We extract two kinematic features:
velocity and acceleration of the considered object.
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Figure 3: Application GUI.

The occupation features are related to the different
area measures of the target.

Finally, we also define three global description
parameters (right-bottom part of the GUI): position,
shape and size ratio. The position feature means the
region of the image where the target is placed. We
consider nine possible positions: north-east, north,
north-west, east, cent, west, south-east, south and
south-west. The shape feature considers the global
shape of the target that is extracted from its con-
vex hull (it can be a rectangle, a square, a circle or
another shape). The size ratio represents how big is
the object area with respect to the image area (we
considered three possibilities: small, medium and
large). This set of qualitative features can easily
be extended (i.e. to incorporate the target trajec-
tory in the video sequence), and these features can
be used to establish a set of surveillance rules to
support decision-making. In particular, we can de-
fine different security levels depending on the po-

sition and/or the recognized actions performed by
the target: “safe”, “warning” and “alert” levels. For
example, in an indoor video sequence (as presen-
ted in figure 4.b) a person walks along a corridor.
The “safe” level is activated when the person advan-
ces in normal conditions, that is, when the person is
approaching to or moving away the video camera
at reasonable speed The “warning” level is activa-
ted when the person stays in the place without noti-
ceable motion. Finally, the system turns to “alert”
when the person adopts a suspicious attitude (i.e.
he/she throws away an object).

4 System evaluation

We tested our visual tracking feature extraction
subsystem on multiple indoor and outdoor video se-
quences. Figures 4.a and 4.b respectively show two
different surveillance situations where a car is mo-
ving through a parking area and where a man ap-



Figure 4: (a) Outdoor sequence, (b) Indoor Sequence.



pears at the end of a corridor and he is moving ahead
to the camera. For simplicity, we only show the
top-left image in the GUI (i.e. the actual photogram
where the tracked target is perfectly delimited by its
convex hull and its smallest enclosed rectangle). In
most analyzed image sequences the target position
and size are perfectly described by the LSPF algo-
rithm. We have successfully tested our prototype
using different video sequences with varying illu-
mination conditions and tracking only one moving
target.

5 Conclusions

This paper shows a work in progress of indoor and
outdoor target (person or vehicle) detection and fea-
ture extraction in video sequences. It can be applied
to Aml frameworks related to the security of intelli-
gent buildings. The core of the system is a LSPF
algorithm, which tracks the moving target, calcula-
tes its bounding box and computes different shape
and motion parameters. This system can be inte-
grated as monitoring tool in order to help and assist
to human operators to supervise video capture from
many different cameras. It can also be used as an
analysis component of a domotic environment.

As future works we propose to establish a com-
plete set of rules to enrich the identification of dan-
gerous situations. Also, as the system increase its
functionality it would be desirable to work under a
well established rule combination framework such
as a fuzzy rule-based system. In the proposed pro-
totype we handle only one trackable object, so a
multiple object tracking system would improve the
system capabilities.
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