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In memory of aunt Bahya (1945-2009)
Your amazing bravery, relentless resolution, and deep concern for
knowledge seekers will inspire me always.

I will never forget you.

To whom it may concern !
Keep reaching for that rainbow !

Sara Paddison, The Hidden Power of the Heart :

“When the heartis enlivened again, it feels like the sun coming out after a week of rainy days.
There is hope in the heart that chases the clouds away. Hope is a higher heart frequency and
as you begin to reconnect with your heart, hope is waiting to show you new possibilities
and arrest the downward spiral of grief and loneliness. It becomes a matter of how soon you
want the sun to shine. Listening to the still, small voice in your heart will make hope into a
reality.”






Résumé

Dans cette these, nous voulons reconnaitre les gestes (par ex. lever la main) et plus généralement
les actions bréves (par ex. tomber, se baisser) effectués par un individu dans une séquence vidéo.
De nombreux travaux ont été proposés afin de reconnattre des gestes dans un contexte précis
(par ex. en laboratoire) a I'aide d'une multiplicité de capteurs (par ex. réseau de caméras ou in-
dividu observé muni de marqueurs). Malgré ces hypotheses simplificatrices, la reconnaissance de
gestes reste souvent ambigiie en fonction de la position de 'individu par rapport aux caméras.
Nous proposons de réduire ces hypotheses afin de concevoir un algorithme général permettant
de reconnaitre les gestes d’un individu évoluant dans un environnement quelconque et observé a
U'aide d’un nombre réduit de caméras. 1l s’agit aussi d’estimer la vraisemblance de la reconnais-
sance des gestes en fonction des conditions d’observation.

La méthode proposée consiste a classifier un ensemble de gestes a partir de I'apprentissage de des-
cripteurs de mouvement. Les descripteurs de mouvement sont des signatures locales du mouve-
ment de points d’intérét (c.-a-d. coins) associés aux descriptions locales de la texture du voisinage
des points considérés.

En effet, a chaque personne détectée dans une scéne, nous associons un ensemble de points ca-
ractéristiques suffisamment distribués tout au long de son corps. A chaque coin, nous associons
un descripteur HOG (Histogram of Oriented Gradients) qui est ensuite suivi a I'aide d’un filtre
de Kalman. Ainsi, nous calculons un descripteur de mouvement pour chaque descripteur HOG
suivi. Un geste est représenté par un ensemble de descripteurs de mouvements locaux.

Afin de reconnaitre des gestes, nous proposons d’apprendre et de classifier les gestes en se ba-
sant sur 'algorithme de catégorisation k-means et le classificateur des k-plus proches voisins.
Pour chaque vidéo dans la base de données d’apprentissage, nous générons tous les descripteurs
de mouvements locaux correspondants et nous les annotons avec le label du geste correspon-
dant a la vidéo. Ensuite, chaque vidéo d’apprentissage étant pris séparément, les descripteurs
sont groupés en k catégories en utilisant I'algorithme k-means. Le parametre k est fixé empirique-
ment. Chaque catégorie de descripteurs est associée aux gestes correspondants : des descripteurs
similaires peuvent étre annotés par des gestes différents. Finalement, étant données toutes les
catégories de descripteurs annotées comme base de données, I'algorithme des k-plus proches voi-
sins est utilisé pour classifier les gestes réalisés dans les vidéos de la base de données test. Une
vidéo est classifiée en tenant compte du nombre de voisins ayant voté pour un geste donné et
générant ainsi la vraisemblance de la reconnaissance.

L’approche a été validée sur les bases de données de gestes publiques KTH et IXMAS ; des résultats
encourageants ont été obtenus.
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Abstract

In this thesis, we aim at recognizing gestures (e.g. hand raising) and more generally short actions
(e.g. falling, bending) accomplished by an individual in a video sequence. Many techniques have
already been proposed for gesture recognition in specific environment (e.g. laboratory) using the
cooperation of several sensors (e.g. camera network, individual equipped with markers). Despite
these strong hypotheses, gesture recognition is still brittle and often depends on the position of the
individual relatively to the cameras. We propose to reduce these hypotheses in order to conceive a
general algorithm enabling the recognition of the gesture of an individual acting in an uncons-
trained environment and observed through a limited number of cameras. The goal is to estimate
the likelihood of gesture recognition in function of the observation conditions.

We propose a gesture recognition method based on local motion learning. First, for a given indi-
vidual in a scene, we track feature points over its whole body to extract the motion of the body
parts. Hence, we expect that feature points are sufficiently distributed over the body to capture
fine gestures. We have chosen corner points as feature points to improve the detection stage and
HOG (Histogram of Oriented Gradients) as descriptor to increase the reliability of the tracking
stage. Thus, we track the HOG descriptors in order to extract the local motion of feature points.

In order to recognize gestures, we propose to learn and classify gesture based on the k-means
clustering algorithm and the k-nearest neighbors classifier. For each video in a training dataset,
we generate all local motion descriptors and annotate them with the associate gesture. Then, for
each training video taken separately, the descriptors are clustered into k clusters using the kmeans
clustering algorithm. The k parameter is set up empirically. Each cluster is associated to its cor-
responding gesture, so similar clusters can be labeled with different gestures. Finally, with all
generated clusters as a database, the k-nearest neighbor classifier is used to classify gestures oc-
curring in the test dataset. A video is classified according to the amount of neighbors which have
voted for a given gesture providing the likelihood of the recognition.

We demonstrate the effectiveness of our motion descriptors by recognizing the actions of KTH
and IXMAS public databases.
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Chapter 1

Introduction

An eye is not a camera. A brain is not a computer.

Paul F. Wehlan

s a major fulfillment of machine intelligence, gesture recognition has been a prominent

domain of research since the last three decades. Gestures are an important form of hu-
man interaction and communication: hands are usually used to interact with things (pick
up, move) and our body gesticulates to communicate with others (no, yes, stop). Thus, a
wide range of gesture recognition applications has been experienced up to now thanks to
a certain level of maturity reached by sub-fields of machine intelligence (Machine learn-
ing, Cognitive Vision, Multi-modal monitoring). For example, humans can interact with
machine through a gesture recognition device (c.f. Wii-mote in (Schlomer et al. 2008), Cy-
berGlove in (Kevin et al. 2004) and Multi-touch screen in (Webel et al. 2008)). Nonetheless,
contact device based methods are intrusive and require the user cooperation to use correctly
the device. Therefore, vision-based methods propose to overcome these limits and allow the
recognition of gestures remotely with or without slight user cooperation (e.g. body markers,
cloth conditions). Since it is preferable to avoid these constraints, vision based methods have
to overcome several challenges such as illumination changes, low-contrasted or/and noisy
videos. Nevertheless, methods based on cameras tend to be brittle and less precise than the
ones based on contact devices.

In this thesis, we aim at developing a gesture recognition system from video sequences.
After presenting the motivations of this Ph.D. thesis in section 1.1, the key concepts related
to the thesis topic are over-viewed in section 1.2. The context of the study is described in
section 1.3. Section 1.4 states the objectives, the hypotheses and the contributions of this
work and section 1.5 concludes this chapter by exposing the manuscript structure.

1.1 Motivations

esture recognition from video sequences is one of the most important challenges in
G computer vision and behavior understanding since it offers to the machine the ability
to identify, recognize and interpret the human gestures in order to control some devices, to
interact with some human machine interfaces (HMI) or to monitor some human activities.
Generally defined as any meaningful body motion, gestures play a central role in every-
day communication and often convey emotional information about the gesticulating per-
son. During the last decades, researchers have been interested to recognize automatically

1



2 1. Introduction

human gestures for several applications: sign language recognition (Fang et al. 2007), so-
cially assistive robotics (Baklouti et al. 2008), directional indication through pointing (Nickel
& Stiefelhagen 2007), control through facial gestures (Baklouti et al. 2008), alternative com-
puter interfaces, immersive game technology, virtual controllers, affective computing and
remote control.

In this thesis, the goal is to propose a real-time gesture recognition approach for smart en-
vironments. A smart environment is a physical world in which a set of sensors (e.g. cameras,
microphones, pressure sensors), actuators (e.g. magnetostriction/electrostriction actuators),
interfaces and processing units is integrated (i.e. embedded) seamlessly in order to react to
some events and/or provide some services to present people. In the context of this thesis,
we are interested in recognizing human gestures from video sequences to monitor human
activities for healthcare and surveillance services.

The main challenge of vision-based gesture recognition is to cope with the large variety
of gestures. Recognizing gestures involves handling a considerable number of degrees of
freedom (DoF), huge variability of the 2D appearance depending on the camera view point
(even for the same gesture), different silhouette scales (i.e. spatial resolution) and many res-
olutions for the temporal dimension (i.e. variability of the gesture speed). Moreover, we
need also to balance the accuracy-performance-usefulness trade-off according to the type of
application, the cost of the solution and several criteria:

e The number of cameras is crucial in a vision system and especially for gesture recog-
nition purposes. Indeed, gestures appear differently from different points of view and
even a human being cannot recognize or can mistake certain gestures if they are seen
from an unusual point of view. So, the number of cameras depends on the type of the
approach and application. Generally, we expect that the trade-off between the num-
ber of cameras and the methods ensures a sufficient robustness for gesture recognition
even in case of point view changes.

e Another important issue is the type of cameras and the precision of the obtained 3D
information: using a stereo-camera can provide a true 3D information for most of the
points in the scene which is not possible with a regular monocular camera. However,
3D world information is only important for 3D approaches and becomes superfluous
in case of methods based only on image plan information (2D). A Pan-Tilt-Zoom (PTZ)
camera enables to obtain high resolution image of gestures.

e Robustness to image noise (background and foreground) and occlusions (partial or
full) are also challenging issues. In fact, to the best of our knowledge, there is no perfect
low-level vision algorithms (e.g. segmentation, detection and tracking). So, gesture
recognition methods need to take into account noise, missdetections and occlusions.

o Gesture recognition methods generally expect video sequences with a good quality
(reasonable image resolution and frame rate). The distance to the observed person

Human Gesture Recognition



1.2. Key Concepts 3

from the camera must not be too big since the shape of the person body parts must
be distinguishable. The speed of detected gestures is usually related to frame-rate:
we cannot expect recognizing rapid gestures with an insufficient frame-rate (e.g. four
frames per second is required for detecting the blink of an eye).

e Last but not least, gesture recognition methods need to cope with illumination condi-
tions and contrast changes. The cloth of detected people and the illumination changes
should not influence the recognition process.

Note that the quality of low-level video processing usually influences the quality of gesture
recognition. Depending on the application, one can privilege one aspect of the trade-off.
For instance, for surveillance we can tolerate a certain degree of imprecision in detection
and a certain delay. However, for robots interacting with humans the detection needs to
be rigorous and real-time. Monitoring human activities for healthcare and/or surveillance
is the most challenging application for gesture recognition since we cannot expect any user
cooperation and the cameras are relatively far from the targets.

1.2 Key Concepts

he main concepts related to the topic of gesture recognition from video sequences are:
computer vision, behavior understanding, people and body part detection, people and
body part tracking, and posture detection.

Computer Vision also called Machine Vision (when focusing on industrial applications)
is the broader research field of gesture recognition. On the frontiers of artificial intelligence,
Machine Learning (Cognitive Vision), and Image/Signal Processing, it aims at developing
artificial systems that analyze and understand video streams (i.e. sequence of images) or
static images which are not, generally, intended to emulate human vision. Computer vision
is considered as the cross-road of several research fields: Mathematics (Geometry, Statisti-
cal Analysis, Optimization problems), Physics (Optics), Imaging (smart cameras), Robotics
(robot vision), Neurobiology (biological vision). Biological inspired methods (e.g. attentional
vision) are also part of computer vision. Algorithms in computer vision are generally catego-
rized into three levels: (1) low-level vision algorithms (i.e. image processing related directly
to pixels without deep analysis), (2) middle-level vision algorithms (i.e. pattern matching,
object detection and tracking) and (3) high-level vision algorithms (i.e. interpretation and se-
mantics extraction from images).

Behavior Understanding is the sub-field of computer vision that is interested in detect-
ing events and activities of human beings. Activities and events can be primitive or complex.
This includes both detection of events such as intrusion in safety zone (e.g. forbidden access)
and probably reacting (e.g. firing an alarm, calling police). Gesture recognition is the branch
of behavior understanding that focuses on any human body motion in order to recognize
this gesture as a meaningful behavior for later analysis. Algorithms for behavior under-

Human Gesture Recognition



4 1. Introduction

standing belong to high-level vision.

People detection and body part detection is concerned with detection of people and/or
their body parts. These middle-level algorithms require often low-level algorithms like back-
ground updating and foreground segmentation. The main challenge of people detection is to
cope with different styles of clothing, various types of posture and occlusions (partial/total
with static objects or with other people). The three main categories of people detectors are:
(1) Holistic Detectors, (2) Part-based Detectors and (3) Hybrid Detectors using both global
and local cues. In holistic detection, a global search in the whole frame is performed. Peo-
ple are detected when the features, considered around a local window, meet some criteria.
Global features can be used such as edge template (Papageorgiou & Poggio 2000) or also
local features like Histogram of oriented Gradient (HoG) (Dalal & Triggs 2005). Concern-
ing part-based methods, people are considered as collections of parts. Part hypotheses are
generated by learning local features such as edgelet features (Wu & Nevatia 2005), orienta-
tion features (Mikolajczyk et al. 2004). Then the part hypotheses are joined to form the best
assembly of people hypotheses. Note that the task of part detection (e.g. face, arm, legs) is
challenging and difficult. As for hybrid detectors, they combine both local descriptors and
their distribution within a global descriptor. For instance, (Leibe et al. 2005) introduce the
Implicit Shape Model (ISM) where the global descriptor is the silhouette composed of edges
matching with a learned model. In the training process, a codebook of local appearance is
learned. During the detection process, extracted local features are used to match against the
codebook entries, and each match casts a vote for the pedestrian hypotheses which are re-
fined to obtain the final detection results.

People and body part tracking consist of matching the people or their part during a lap
of time (i.e. several frames). This is a wide domain of research in computer vision and is
of paramount importance in gesture recognition. The motion can be local (e.g. motion of
feature points, motion of body parts) or global (e.g. the whole body motion signature). The
main goal is to extract people motion features in order to analyze them for gesture recog-
nition. Once the movement of the body or its parts is detected, computations are made to
identify the type of motion which are known as the motion analysis step. This analysis may
be then used by different middle-level algorithms: object tracker (when we deal with object
motion) and gesture recognition (wWhen we deal with object and body part motion). More
details about this key concept are described in the next chapter.

Posture detection can be viewed as a sub-field of gesture recognition since a posture
is a “static gesture”. In practice, posture recognition is usually at the crossroad between
people detection and gesture recognition. Sometimes we are only interested in the posture
at a given time which can be performed by a people detector (Zuniga 2008). In other cases,
posture detection can be sometimes considered as a first step for gesture recognition, for
instance, by associating postures to states of a Finite State Machine (FSM) (Boulay 2007). The
challenges of posture recognition are seamlessly the same as gesture recognition except that
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Figure 1.1: Behavior Understanding

the temporal aspect is not accounted. Like the equivalent trade-off in gesture recognition,
an adequate balance between accuracy, precision and processing time is usually difficult to
find. Yet again, we provide more details on this key concept in the next chapter.

1.3 Context of the Study

nderstanding the context of the gesture recognition study is important in order to local-
U ize the gesture recognition task in the whole behavior understanding chain. Figure 1.1
illustrates the general structure of a behavior understating framework. Thus, gesture recog-
nition is the kernel of any advanced behavior understanding framework unless only basic
and simple behaviors have to be monitored. A video understanding system aims at au-
tomating the recognition of specific human behaviors from video sequences. During the last
decades, several video understanding frameworks have been proposed:

o (Jaimes et al. 2003) propose a framework for video indexing using rules constructed
from a priori knowledge and multimedia ontologies with a rule-based engine. The au-
thors introduce the idea of representing perceptual concepts in terms of textual words.
The presented method for scene understanding follows these steps: scene cut detec-
tion, feature extraction and visual detection.

e (Qureshi et al. 2004) introduce a cognitive vision system for space robotics. The pro-
posed system is composed of two modules: (1) an object detector and tracker pro-
cessing video streams from a calibrated passive camera-pair and (2) a cognitive vision
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controller based on symbolic scene description and symbolic reasoning for scene inter-
pretation and planning for the robot motion.

(Wang et al. 2003) overview approaches for human motion analysis. The authors empha-
size three steps for a video understanding process: human detection, human tracking and
activity understanding. They underline the challenges in object segmentation, occlusion
handling, 3D-modeling, object tracking, multi-view processing and activity recognition.

This thesis work has been conducted in the PULSAR project-team (former Orion) at IN-
RIA Sophia Antipolis - Mediterranean research center. The PULSAR team has developed
a Scene Understanding Platform (called previously VSIP (Avanzi et al. 2005) and currently
SUP) for activity recognition and more precisely for real-time semantic interpretation of dy-
namic scenes observed by sensors. Several algorithms of this platform (e.g. object detection
and tracking) have been used as a preprocessing stage for the proposed gesture recognition
method. However, this recognition method is independent of the preprocessing stage. Also,
the current work can be used as a first step for the behavior understanding process of the SUP
platform which integrates a behavior recognition module based on a priori knowledge (e.g.
model of the empty scene, models of predefined scenarios) and a reasoning mechanism for
real-time detection of temporal scenarios. However, the platform lacks a gesture recognition
module which is independent from a specific application. Therefore, we aim at developing
a general approach for gesture recognition independently from the type of application.

Additionally, the current work has been conducted in cooperation with ST Microelec-
tronics under the “smart environment” project which aims at embedding real-time vision
algorithms to video cameras. ST Microelectronis is interested to sell cheap smart cameras
for general public specially for video surveillance and homecare applications (i.e. ambient
intelligence).

1.4 Objectives and Contributions

pon this thesis, our main objective is to develop a novel approach for recognizing ges-

tures from video sequences. The goal is to recognize gestures but not their high level
semantics because the meaning of a gesture depends on cultural environment and varies
through different situations. The proposed approach should be suitable for healthcare and
surveillance services and thus robust to noisy video sequences which are the case of real-
world data. For instance, real-time processing is a desirable feature. More precisely, we
require that the approach satisfies the following constraints:

e Mono-camera application: a monocular camera should be sufficient to recognize a ges-
ture. Given the price of cameras and the space to be monitored in healthcare or surveil-
lance applications, only one camera is observing the same scene to avoid redundancy
(few overlapping cameras).

e Fixed camera: Surveillance and healthcare applications use mostly fixed cameras. Since
we use the SUP platform which contains algorithms specific to fixed cameras, we limit
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our work to this category of camera. However, the proposed approach does not require
this constraint: a mobile camera can be used with the appropriate people detector.

Real-time application: algorithms requiring less computing resources will be prefered.
For this reason, and as explained in the next chapter, we have chosen to develop a
method based only on image plan information rather than on 3D world.

Embeddable approach: The targeted applications request embedding the vision sys-
tem in a hardware implying less resources (in terms of memory and processing) to
be allocated to the gesture recognition process. Nowadays, engineers require systems
with lower energy consuming (i.e. energy safe) which contrasts with the requirement
of sophisticated image processing algorithms.

For the good usage of the approach, we also assume the subsequent hypotheses:

Availability of a People Detector: whatever the acquiring device is, we assume that
an adequate people detector is available to determine and identify where people are
in the video stream. A people tracker may also be used in order to track individuals
throughout image sequences. Once people are isolated, the gesture recognition system
can be applied to each person in the video in order to detect relevant gestures.

Video Sequence Quality: a reasonable image resolution and frame rate are required.
Since we have chosen to implement a 2D plan information based method, a minimal
frame-rate is required to capture most of motion. For instance, tested videos have a
frame-rate around twelve frames per second. The image resolution must be taken in
adequation with the distance of the targeted people from the camera: we expect that
the shape of body parts can be discernible.

Interaction and Crowd level: we are mainly interested in detecting single person ges-
tures and not interaction gestures (e.g. hand shaking, hug). However, the developed
method should be extensible to this type of interaction. A high density level of crowd is
to be avoided since the increasing probabilities of occlusions and mismatches in peo-
ple tracking. Nonetheless, if a robust people tracker is available for handling crowd
scenes, the proposed system should perform as well.

The developed method has to recognize gestures like hand waving, boxing and jog-
ging (c.f. KTH database (Schuldt et al. 2004) or IXMAS database (Weinland et al. 2007))
and may be extended to more complex gestures for more challenging videos (c.f. Ger-
home (Ger 2009) or TrecVid (Tre 2008)). Figure 1.2 illustrates the type of gestures that
we want to recognize.

In this thesis, we try to answer two central questions in gesture recognition:

Which representation of gesture can account faithfully of the associated motion ?

Which strategy of recognition is the more adequate to give better results given the
chosen representation ?

Human Gesture Recognition
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(a) boxing (b) clapping (c) waving

Figure 1.2: Frames illustrating some gestures from our experiment dataset (KTH)

Beneath this work, our contributions can be summarized as follows:

1. Proposing a new feature tracker to determine the regions of the human body where
relevant motion can be extracted.

2. Proposing a new gesture representation: “Gesture Descriptor” based on “Local Motion
Descriptors” which are computed from the tracked features. We model a gesture as a
set of local motion signatures taking advantage of local motion descriptors. These de-
scriptors are computed over the whole body and tracked over sufficiently large period
of time. Therefore, we also benefit from the strength of global motion descriptors.

3. Proposing an effective and efficient learning-classification framework for gesture recog-
nition based on the proposed gesture representation.

1.5 Overview of the Manuscript

n this section, we overview the remaining contents of this manuscript which is structured

into five main chapters. The next chapter presents the state-of-the-art of human gesture
recognition. The proposed method is over-viewed and detailed in chapters 3, 4 and 5. The
seven and last chapter consists of a conclusion where a review of the contributions and an
overview of perspectives are presented.

Chapter 2 recalls the previous work on gesture recognition by presenting an up-to-date
state-of-the-art. After a brief presentation of the types of gesture, the enabling technologies
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(i.e. sensors for gesture capture) and the main tools (i.e. techniques) for gesture recognition
are over-viewed. Then, we discuss the different representations and models of gestures.
Approaches for human gesture recognition are discussed and categorized into six groups:
(1) feature extraction and statistical classification-based methods, (2) model-based methods,
(3) template matching-based methods and (4) hybrid methods which combine several of the
former techniques. Finally, we review the application areas of gesture recognition by pre-
senting the specificity of each application domain and adequate methods for each of them.

Chapter 3 presents a global and broader view of the proposed approach. Subsequently
to objectives and hypothesis enumeration, the two main parts of our work are presented:
(1) gesture descriptor generation and (2) learning-classification algorithms. The design and
implementation issues are then discussed.

Chapter 4 details the process of building a gesture descriptor. First, we present the pre-
processing steps consisting of people detection and feature selection. Second, we describe
how to compute 2D descriptor (e.g. HoG) associated to a feature point (e.g. corner point).
Finally, we explain how to track this descriptor and how to build local motion descriptor
which constitutes the gesture descriptor.

Chapter 5 concerns the learning-classification framework. A broader view of the frame-
work is given. Then, we detail the learning algorithm (i.e. codebook generation) and the
classification process. The implementation of the latter is discussed in two parts: (1) current
work for the offline version and (2) future work for the on-line version.

Chapter 6 reports the experiments and their results. The experimental protocols is first
presented and parameter settings are discussed. Second, the validation of feature tracking
on synthetic data and real world video sequences (e.g. KTH (Schuldt et al. 2004)) is presented.
Then, we compare the results to those obtained with our implementation of the KLT tracker.
Finally, we evaluate the learning-classification framework and compare the obtained results
to recent state-of-the-art methods of gesture recognition.

Human Gesture Recognition






Chapter 2

State of the Art

I never came upon any of my discoveries through the process of
rational thinking.

Albert Einstein

2.1 Introduction

uman gesture recognition consists of identifying and interpreting automatically human
H gestures using a set of sensors (e.g. cameras, gloves). In this chapter, we present an up-
to-date review of the state-of-the-art in human gesture recognition which includes gesture
representations, recognition techniques and applications. To study gesture recognition, it
is essential to understand the definition and the nature of gesture as seen by the literature.
Several questions rise when we try to define the word “gesture”: What are the different
categories of gesture ? Why do we use gestures ? What kind of information can be conveyed
by gestures ? We try to answer these questions in the subsection 2.1.1. In subsection 2.1.2,
we introduce the two main categories of existing approaches in human gesture recognition
according to the type of the used sensors:

¢ Non-vision-based approaches: using instrumented gloves and tracking devices (e.g.
joystick).

¢ Vision-based approaches: using one or many cameras.

Subsection 2.1.3 overviews the main tools used by human gesture recognition approaches.
In our review, we focus mainly on vision-based approaches. So, the main following sections
are related to this category. In section 2.2, we describe the different models used to represent
gestures. The different techniques are discussed in section 2.3 and the different applications
in the section 2.4. We conclude the chapter by the section 2.5 which discusses the challenges
in human gesture recognition and introduces our approach.

2.1.1 Definition and Nature of Gesture

Generally speaking, we can define a gesture as a body movement. A gesture is a non-vocal
communication, used instead of or in combination with a verbal communication, intended
to express meaning. It may be articulated with the hands, arms or body, and also can be a
movement of the head, face and eyes, such as winking, nodding, or rolling eyes. Gestures
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12 2. State of the Art

constitute a major and an important mean of human communication. Indeed, (Pei 1984) enu-
merates seven hundred thousand of non-verbal communication signals which include fifty
thousand two hundred facial expressions (Birdwhistell 1963) and five thousand of hand ges-
tures (Krout 1935). However, the significance of a gesture strongly differs from a culture to
another: there is no invariable or universal meaning for a gesture. For example, pointing
with an extended finger is common in United-States and Europe but it is considered as a
rude and offensive gesture in Asia. This implies that the semantic interpretation of a ges-
ture depends strictly on the given culture. In addition, a gesture can be dependent on an
individual state: for example, hand gestures are synchronous and coexpressive with speech,
glance and facial expressions which reflect the individual mood. According to (Hall 1973),
when two people engage a discussion, thirthy five per cent of their communiction is verbal
and sixty five per cent is non-verbal. We can categorize the non-verbal communication into
seven classes (Hall 1973):

1. Body language: facial expressions, postures, eye gaze (e.g. amount of gaze, frequency
of glances, visual contact, patterns of fixation, blink rate), gestures, attitude.

2. Appearance: cloth, personal effects (e.g. jewelry, sunglasses).

3. Voice: pitch, tone, intonation, loudness, flow and pause, silence, laughter.
4. Space and distance: proxemics and proxemic behaviour categories.

5. Colors: cold or hot colors, color interpretation.

6. Chronemics (relation to time): punctuality, willingness to wait, speed of speech, will-
ingness to listen, monochronic time schedule, polychronic time schedule.

7. Haptics: touching as non-verbal communication depends on the context of the situa-
tion, the relationship between communicators and the manner of touch. Touching is
a particular type of gesture: handshakes, holding hands, kissing (cheek, lips, hand),
high fives, licking, scratching.

Gestures can be categorized with respect to different criteria. For instance, (Ottenheimer
2005) distinguishes five types of gestures:

1. Emblems: an emblem (or quotable gesture or emblematic gesture) is a gesture which
can be directly translated into short verbal communication such as goodbye wave in
order to replace words. These gestures are very culture-specifics.

2. Illustrators: an illustrator is a gesture that depicts what the communicator is saying
verbally (e.g. emphasis a key-point in the speech, illustrates a throwing action when
pronouncing the words “he threw”). These gestures are inherent to the communica-
tor’s thoughts and speech. Also called gesticulations, they can be classified into five
subcategories as proposed by (McNeill 1992):

e beats: rythmics and often repetitive flicks (short and quick) of the hand or the
fingers.
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e deictic gestures: pointing gestures which can be concrete (pointing to a real loca-
tion, object or person) or abstract (pointing abstract location, period of time).

e iconic gestures: it consists of hand movements that depict a figural representation
or an action (hand moving upward with wiggling fingers to depict tree climbing).

e methaphoric gestures: gestures depicting abstractions.

e cohesive gestures: they are thematically related but temporally seperated gestures
due generally to an interruption of the current communicator by another one.

3. Affect displays: an affect display is a gesture that conveys emotion or communica-
tor’s intentions (e.g. if the communicator is embarrassed). This type of gesture is less
dependent on the culture.

4. Regulators: a regulator is a gesture that controls interaction (e.g. control turn-taking in
conversation).

5. Adaptors: an adaptor is a gesture that enables the release of body tension (e.g. head
shaking, quickly moving one’s leg). These gestures are not used intentionally during
a communication or interaction: they were at one point used for personal convenience
and have turned into a habit though.

A gesture can be also conscious (intentional) or non-conscious (reflex, adaptors). In addition,
a gesture can be dynamic or static. In the latter case, the gesture becomes a posture. Finally,
we can classify gestures according to the body parts involved in the gesture: (1) hand ges-
tures, (2) head /face gestures and (3) body gestures. Figure 2.1 illustrates a taxonomy of ges-
ture categories which resumes all the criteria except the last one. This is not the unique way
to classify gestures. Indeed, we can find in literature several other categorizations. However,
we believe that the presented taxonomy accounts for almost all the aspects of gestures. In
our work, we focus on dynamic gestures of the body and short actions independently from
their semantic interpretation.

2.1.2 Enabling Technology

In this subsection, we overview the enabling technology for gesture recognition. As seen
in the previous chapter and above, there are two main kinds of devices: (1) contact-based
devices and (2) vision-based devices. Hereafter we discuss the two kinds of devices.

Contact-based technology

Contact-based devices are various: accelerometers, multi-touch screen, intrumented gloves
are, for instance, the main used technologies. Some devices, like Apple(©iPhone®), include
several detectors: multi-touch screen and an accelerometer for instance. Other devices use
only one detector: the acclerometers of the Nitendo(©Wii-mote ®. Therefore, we can cate-
gorize these devices into five categories:
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Figure 2.1: A taxonomy of gesture categories

e Mechanical: for instance, Immersion(© proposes the “CyberGlove II®” which is a
wireless intrumented gloved for hand gestures recognition. Animazoo(©proposes a
body suit called “IGS-190®” to capture body gestures. Figure 2.2 illustrates mechan-
ical devices for gesture recognition. This kind of device is usually used in association
with other types of device. For instance, (Kevin et al. 2004) introduce a method for
trajectory modeling in gesture recognition with cybergloves and magnetic trackers.
Similarly, the IGS-190 body suit is coupled with eighteen inertial devices (gyroscopes)
which enable motion detection.

o Inertial: these devices measure the variation of the earth magnetic field in order to de-
tect the motion. Two types of device are available: accelerometers (e.g. Wii-mote(®)) and
gyroscopes (e.g. IGS-190®). (Schlomer et al. 2008) propose to recognize gestures with
a wii-controller independently from the target system using Hidden Markov Mod-
els (HMM). The user can learn personalized gestures for multimodal intuitive media
browsing. (Noury et al. 2003) and (Bourke et al. 2007) propose to detect fallings among
normal gestures using accelerometers.

e Haptics: multi-touch screens become more and more common in our life (e.g. tablet
PC, Apple©iPhone®). (Webel et al. 2008) propose to recognize multi-touch gestural
interactions using HMM.

e Magnetics: these devices measure the variation of an artificial magnetic field for mo-
tion detection. Unlike inertial devices, magnetic devices have some health issues due
to the artificial electro-magnetism.

e Ultra-sonic: motion trackers from this category are composed of three kinds of device:
(1) sonic emmiters that send out the ultrasound, (2) sonic discs that reflect the ultra-
sound (wired by the person) and (3) multiple sensors that time the return pulse. The
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(a) Instrumented glove: Immersion cyberglove 2 is equipped with (1) potentiometers that measure rotation of
joints with known length and rigid links and with (2) optic fibers which measure the amount of light passing
through cables in order to measure bend.

(b) Body suit: the Animazoo IGS-190 contains eighteen gyros for gesture recognition.

Figure 2.2: Overview of mechanical gesture recognition devices

position is computed according to the time of propagation/reflection and the speed of
sound. The orientation is then triangulated. These devices are not precise and have
low resolution but they are useful for environment that lacks light and has magnetic
obstacles or noises.

Vision-based Technology

Vision-based gesture recognition systems rely on one or several cameras in order to analyze
and interpret the motion from the captured video sequences. Similarly to contact-devices,
vision-based devices are various. For instance, we can distinguish the following sensors:

e Infrared cameras: typically used for night vision, the infrared cameras give generally
a brittle view of the human silhouette.
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Criterion Contact-devices Vision-devices
User cooperation Yes No

User intrusive Yes No
Precise Yes/No No/Yes
Flexible to configure Yes No
Flexible to use No Yes
Occlusion problem No (Yes) Yes
Health issues Yes (No) No

Table 2.1: Comparison between contact-devices and vision-devices

e Traditional monocular cameras: the most common cameras due to their cheaper cost.
Specific variant can be used such as fish-eyes cameras for wide-angle vision and time-
of-flight cameras for depth (distance from the camera) informations.

e Stereocameras: stereovision delivers directly a 3D world information by embedding
the triangulation process.

e PTZ cameras: Pan-Tilt-Zoom cameras enable the vision system to focus on particular
details in the captured scene in order to identify more precisely its nature.

e Body markers: some vision systems require to place body markers in order to detect
the human body motion. There are two types of marker: (1) passive such as reflective
markers shining when strobes hit and (2) active such as markers flashing LED lights (in
sequence). In such system, each camera, lighting with strobe lights or normal lights,
delivers 2D frames with marker positions form its view. Eventually, a preprocessing
step is charged of interpreting the views and positions into a 3D space.

Advantages and Disadvantages of both technologies

Both of the enabling technologies have its pros and cons. For instance, contact-devices re-
quire the user cooperation and can be unconfortable to wear for long time but they are pre-
cise. Vision-based devices do not require user cooperation but they are more difficult to
configure and suffer from occlusion problems. Table 2.1 resumes the main advantages and
disadvantages of both technologies. For instance, contact-devices are more precise except the
utrasonic’s. Also, they generally have not occlusion problems except the magnetic sensors
(metal obstacles) and ultrasonic sensors (mechanical obstacles). Concerning health issues,
we notice that some contact-devices can rise some problems: allergy for the mechanical sen-
sor material, cancer risk for magnetic devices.
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Figure 2.3: Tools for gesture recognition: clustering and classifying algorithms (e.g. Mean Shift clus-
tering + Support Vector Machine (SVM) classifier) are suitable for recognizing postures (i.e. static
gestures) and gestures modelized by motion features (i.e. spatio-temporal features) since they do not
handle the temporal aspect. However, when dealing with dynamic gestures with only spatial models
(e.g. 3D skeleton model), temporal aware tools are needed such as HMMs and Time Delay Neural
Networks (TDNN).

2.1.3 Tools for Gesture Recognition

The problem of gesture recognition can be generally divided in two sub-problems: (1) the
gesture representation problem (c.f. next section)