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Abstract
With the increased interest in human-computer interaction (HCI), there has

been rapid growth of research related to gesture recognition in recent years.

Hand gesture recognition from visual imagesforms an important part of this
research. This thesis reports on our research on recognition ofdynamic hand
gestures having different spatio-temporal characteristics. We develop methods
to recognize dynamic hand gestures with (1) local hand motion only where only
the fingers and the palm tnove without any movement of the whole hand, (2)
global motion only where the hand as a whole moves in space to make different

gestures, and (3) both local and global motions where the fingers and palm
create different hand poses as the arm traverses along a trajectoiy in space.

We use the concept of object-based video abstraction for segmenting the
frames into video object planes (VOPs) with each VOP corresponding to one
semantically meaningful hand pose or position in space. A gesture is repre

sented as a secjuence ofkey video object planes (key VOPs) that correspond to
significantly dijfererit VOPs in the video sequence. A local-motion gesture is
modelled as a sequence ofstates, each state con esponding to the hand shape
in each ofthe key VOPs. The state along with the temporal information in terms
ofthe number of VOPs between two con.secutive key VOPsforms afinite state
machine(FSM)for the gesture. Recognition ofthis type ofgesture is performed
on the basis ofFShA matching. For gestures with global motion only, gesture
trajectories obtainedfrom the key VOPs are usedfoT recognition via trajectory

matching under time normalized condition. To accomplish trajectory guided
recognition we propose to use some basic static and dynamic trajectoryfea
tures. In case ofgestures having both local and global motions, recognition
is accomplished by combining trajectory matching with the FSM-based hand
pose matching. For recognition ofa continuous stream ofgestures, a gesture
is discriminatedfrom the movement epenthesis. A movement epenthesis phase
due to local hand motion is modelled using the FSM-based representation and

that due global hand motion is represented by fuzzy modelling of hand motion
parameters. Experimental results show that the proposed gesture recognition
methods perform well in recognizing dynamic hand gestures suitablefor HCI
applications.
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Chapter 1
Introduction

Geslun' recognition is an important area of research in the field of computer vision.
The most recent application ofcomputer vision is the development ofthe Human Computer
Interactive (HCI)systems. In theframework of human-machine nonverbal communication,
the visual inteiface becomes important in establishing communication channelsfor under

standing human intention from the human behaviour, such as the facial e.xpressions. hand
gestures, etc. With the increased interest in HCI. there has been rapid growth of studies
related to ge.sture recognition in recent years. Hand gesture recognitionfrom visual images
forms an important part of this inteiface. It has potential applications in machine vision.
virtual reality, robotic control and so on.

The Koalofthis research work is to build a system that recognizes natural hand gestures
in a vision-based setup. The work aims at recognizing wide classes ofisolated hand gestures
having different spatio-temporal characteristics. Simultaneously, we also try to recognize
continuous stream of hand gestures by detecting gesture boundaries.
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1.1 Human Computer Interaction (HCI)

1.1

Human Computer Interaction (HCI)

Human computer interaction (HCI) is the study of people, computer technology, and the
ways they influence each other. It involves the design, evaluation, and implementation

of interactive computing systems tor use by a human. In general, HCI is a very broad

interdisciplinary field involving computer scientists, psychologists, cognitive scientists, and
other disciplines [Donato et al. (1999) and Sebe et al. (2004)].
The function of an HCI system is to enable a human to communicate with computer
in a wav which is more natural and convenient than the tiaditional input devices such as

a mouse, a keyboard, a joystick, etc. Accordingly, the primary aim of the HCI research

is to build up a platform through which a human can communicate with a computer using
"natural" means that humans employ to communicate with one another [Pavlovic ct cil.

(1997)]. "With this motivation, automatic speech recognition had been a topic of research
for dec'itles, and several commercially successful speech-based HCI systems have been

developed [Georgila et al. (2003)]. Inspired by the success with speech-based HCI, there
has been a growing interest in trying to introduce other human-to-human communication
modalities into HCI in recent years. These include gestures formed by the movement of

one or more body parts. Human gesture is one common and natural means of non-verbal
communication among people. Next to speech, it is the most obvious choice for natural
interfacing between a human and a computer. A gestuie-based HCI system allows a peison
to input commands using natural movements of the hand, head and other body parts. It
has applications in industry such as to control a robotic arm. It also allows a person to
communicate with a computer via a sign language and thus allows people with disability
to interact with a computer more easily. In lecent yeais, theie has been a significant effort
devoted to body motion analysis and gesture recognition.

1.2

Gesture for Human Computer Interaction

A gesture is an expression made by some bodily movement and is used by a person to
express some meaning. It is generally made up of facial expiession, hand expression and/or
movement ot other body parts. In geneial, the most common form of gestures is made up
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1.2 Gesture for Human Computer Interaction

of moveniLMits of the hand and/or arm associated with facial expressions. In this, the hand is

used to make different message signs while facial movements are used to reflect the mood
and emotion of the person.

Acc(Mxling to Knapp and Hall ''Gestures are movements ofthe body {or some part of it)
used to communicate an idea, an intention, or afeeling. Many of these activities aie made

with the anus/hands. Gestures petform manyfunctions. They may replace speech, regulate

the flow and rhvthm of interaction, maintain attention, add emphasis and/or clarity to the

speech..." [Knapp & Hall (1997)]. The Webster's Dictionary defines gestures as "...the use
of motions of the limbs or body as a means of e.xpi ession, a movement usually of the body

or linibs that expresses or emphasiz.es an idea, sentiment, oi attitude . Therefore, the term
gesture refers to some semantic interpretation that is associated with a particular movement

of the body. In particular, hand and arm gestures had been covered extensively in subjects
like social science and conversational and behavioral psychology [Efron (1941), McNeill

(1992), Quek et al. (2000)]. However, in the context of HCI, the notion of gestures is
somewhat different. In an HCI system, hand and other body parts are used as natural

manipulators as well as for conveying messages for contiol of computers and machine
functions [Pavlovic et al. (1997)].

1.2.1

Hand gestures

A hand gesture is a means of communication, similar to the spoken language. Hands are our

most dextrous body parts, and they are used in both manipulation and communication. The
hand is the most fluent and articulate part of the body, capable of expressing almost infinite

meanings. Hand gestures play the role of a natural and intuitive communication mode for
all human dialogues and constitute the majority of gestures used by humans. They range
from simple actions like using the hand to point at an object to the more complex ones that
express feelings and allow one to communicate with others.
Hand gestures are used widely in every day life, from being used to emphasize speech

in ordinary conversation, to being used as a vital communication tool for deaf and mute
people. When hand gestures are used to communicate woids tor the deaf, each individual
gesture is an element of a large set of gestures called the sign language. There are manv
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variations of sign languages in use; they have been invented to meet the communicative
needs of deaf communities in various cultures. When used in association with speech, the
meanings of different gestures also depend on the people and the culture. That means, there

is no universal set of gestures used by humans all over the world. There may be a gesture
having different meanings among people of different countries, races and cultures. This

creates ambiguity and makes it difficult to model hand gestures for general use. Neverthe

less, a set of specific hand gestures can be always predefined in an application so that the
ambiguity can be limited.

Gesture continuum

Kendon described a gesture contimnim as depicted in Figure 1.1. In his definition, there are
five different kinds of gestures. As the list progresses from left to right in Figure 1.1, the

association of the gesture with speech declines, language properties increase, spontaneity
decreases, and social regulation increases [Kendon (1988) and Kendon (1990)]. Following
are the five kinds of gestures:

• Gesticulation: These are spontaneous and natural movements of the hands that ac

company speech. They themselves have no meaning and are used only to emphasize
some spoken words or phrases.

• Language-like gestures: These are meaningful gestures that are used as replacement
of some particular words or phrases during conversation.
• Pantomimes: These are gestures that define objects or actions. They may occur with

or without accompanying speech.
• Emblems: These are familiar gestures such as "V for victory", "Thumbs-Up" etc.

used commonly by people and bear some special meanings. They are often culturally
specific.

• Sign languages: These are gestures used mainly by the deaf and mute communit>'
as total replacement of speech. These gestures fonn a linguistic system with proper
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grammar and well defined syntax. Examples of sign languages are the American Sign
Lancuase (ASL), the British Sign Language, the native Indian Sign Language etc.

Language-like
Gesticulation

^
-►

Pantomimes

Emblems

gestures

languages

Figure 1.1: Kendon's gesture continuum.

Tj'pes of hand gesture

The richness and complexity in gestural communication makes the problem of gesture anal
ysis and cesture study a difficult task. Despite this, researchers have been able to understand
and describe the nature of gesture to a significant degree. For example, Stokoe represented

gestures in terms of four aspects comprising the shape, the position, the orientation and the
movement of the hand [Stokoe (I960)]. Based on this, hand gestures are described in terms
of the following four major attributes:
1 . Hand configuration {i.e., posture),
2. Palm orientation,

3. Hand position, and
4. Hand movement.

In general, hand gestures can be classified into two categories: (1) Static hand gestures
which rely only on the information about the flexure angles of the fi ngers, and (2) dynamic
hand gestures which rely not only on the flexure angles but also on the hand trajectories
and orientations. Dynamic hand gestures can be further divided into two subclasses. The
fi rst subclass is the gesture with local hand motion and consists of hand gestures involving
movement of the fi ngers only without changing the spatial position of the hand. The second
subclass is the hand gesture with global hand motion and consists of hand gestures that
involve movement of the hand/arm in space. Therefore, dynamic gestures are composed
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of at least two different hand shapes and/or positions connected sequentially in time. Sam

ples of dynamic hand gestures are spatio-temporal patterns. A static hand gesture may be
viewed as a special case of dynamic gesture with no temporal variation of the hand shape
and position.

Taxonomy of hand gestures

Hnnd / Arm Movements

Unintentional Movements

Manipulative

Communicative

Symbols

Mimetic

Deictic

Referential

Motlalizing

Fi^^ure 1.2; A taxonomy of hand gestures foi HCI [Pavlovic et al. (1997)].

As shown in Figure 1.2, all hand/arm movements can be classified as either meaningful
gestures or unintentional movements. Unintentional movements are those movements that
do not convey any meaningful information. On the other hand, gestures generally convey
some meaning and may be manipulative or communicative. Manipulative gestures are the
ones that are used to make objects in an environment to act as per the gesture commands

(object movement, rotation, etc). They can serve as a natural way to interact with virtual
objects (virtual reality). Communicative gestures are those that have an inherent purpose of
conveying some messages. They are usually accompanied by speech. Communicative ges
tures can be either acts or symbols. Symbols are those gestures that have a linguistic role.

A sign language is an important example of communicative gestures consisting of symbols

TH-1870_02610203

1.2 Gesture for Human Computer Interaction
or signs. In the HCI context, communicative gestures are the most commonly used ges
tures since they can often be represented by different static hand postures. A symbol may
represent some referential action or be used as a modalizer. Finally, acts are gestures that
are directly related to the inteipretation of the movement itself. Such movements are clas
sified as either mimetic (which imitate some actions) or deictic (pointing acts). In mimetic
gestures, motions fonn an object's main representative feature.

1.2.2

Hand gesture modelling

The first step in a hand gesture recognition task is to choose a mathematical description or
model of the gesture. In fact, the scope of a gestural interface for HCI is directly related to

the proper modelling of hand gestures. Modelling of hand gestures depends on the intended
application within the HCI context. For some applications, a very coarse and simple model

may be suflficient. However, if the purpose is a natural-like interaction, a model has to allow

many, if not all, natural gestures to be interpreted by the computer.
A gesture model should consider both the spatial and temporal characteristics of the
hand and its movements. The models are generally represented in parametric forms, with

the parameters belonging to their respective parameter spaces [Pavlovic et al. (1997)].

Based on this concept, a hand gesture may be defined as a stochastic process in the ges
ture model parameter space and over a suitably defined time interval. Each gesture can be

represented as a trajeetory in the model parameter space. Figure 1.3 shows two different
gestures in a three-dimensional parameter space. Because of the stochastic property in the
definition of gestures, no two samples of the same gesture will result in exactly the same
hand and arm motions or the same set of visual images i.e., gestures suffer from spatiotemporal variation.

Temporal modelling of gestures

The temporal progression of hand gestures, especially those that accompany speech gen
erally consists of three stages: pre-stroke, stroke, md post-stroke [McNeill (1992)]. The

pre-stroke prepares the movement of the hand. The hand waits in this ready state until
the speech arrives at a point of time when the stroke is to be delivered. The stroke is the
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Gesture 2

Gesture 1

Figure 1.3: Gesture as a stochastic process [Pavlovic et al. (1997)].

actual gesturing phase when the hand moves very fast. Thus, the stroke is often character
ized by a peak in the hand's velocity. The hand is retracted during the post-stroke. This
phase is referred to as co-articulation and is strongly influenced by the gesture that follows.

Co-articulation is the phenomenon in which one gesture influences the next in a temporal
sequence [Vogler & Mextaxas (1997), Shamaie et al. (2001)].
Spatial modelling of gestures

Dynamic hand gestures are generally seen as hand and am movements in the 3D space.
As illustrated in Figure 1.4, there are two approaches to gesture modelling that may be
adopted in hand gesture analysis and recognition. The first approach tries to identify ges
tures directly from the visual images and is called the appearance-based modelling. This
means that the model parameters are not derived from the 3D spatial description of the
hand but are obtained by relating the appearance of a given gesture to the appearances of a
set of predefined template gestures. Parameters of such models may be either the images
themselves or some features derived from the images. Appearance-based models directly

link the appearance of the hand and arm movements in visual images to specific gestures.
A different kind of appearance-based modelling uses 2D hand image sequences as ges-
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lure templates. Here each gesture in the gesture vocabulary is modelled by a sequence of

temporally connected representative images, each image corresponding to one view of the

gesturing hand [Pavlovic et al. (1997)]. For instance, a video of the entire human hand in
motion may be used as the template for each of the gestures contained in the gesture vocab
ulary [Darrell et al. (1996), Darrell & Pentland (1995)]. Contrary to this, images of fingers

only may be employed as templates in a finger tracking application [Crowley et al. (1995)].

Spatial Gesture Model

3D Hand Model - Based

Appearance - Based

Parameters:

Parameters:
images

• joint angles
image geometry parameters

• palm position
image motion parameters

fingertip position and motion

Figure 1.4: Spatial models of gestures [Pavlovic et al. (1997)].
The second approach to gesture modelling is based on 3D hand model. This descidption
is derived using articulated model of the human hand and arm to estimate their motion
parameters. Such movements are later recognized as gestures. The models obtained m this
approach may be classified in two board categories.
• volumetric models, and
• skeletal models.

Volumetric models are used to describe the 3E) visual appealance of the hand and aims.

They aic generally employed in computer animation, but have also been used in computer
vision applications [Thalmann & Thalman (1990)]. In the field of computei vision, volu-
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(a)

(b)

(c)

(d)

(e)

Figure 1.5: Different hand models, (a) 3D Textured volumetric model, (b) 3D wireframe

volumetric model,(c)3D skeletal model,(d) Binary silhouette,(e)Contour [Pavlovic et al.
(1997)].

metric models of the human body are used for analysis-by-synthesis tracking and recogni

tion of the body's posture [Koch (1993), Wren et al. (1996)]. Volumetric models require
more parameters than image-based models and hence lead to more expensive computa
tion during the matching process. A more appealing approach, suitable for real-time com
puter vision, is based on modelling of the human body using simple 3D geometric struc
tures [Rourke & Badler (1980)]. In this approach, structures like cylinders, spheres, ellip

soids and generalized cylinders are used to approximate the shape ofsimple body parts, like
finger links, forearm, orupperarm [Azarbayejani et al.(1996), Clergue et al. (1995), Down
ton & Drouet (1991), Etoh et a/. (1991) and Gavrila & Davis (1995)]. Instead of dealing
with all the parameters of a volumetric hand and ami model, models with a reduced set of
equivalent joint angle parameters together with segment lengths are often used. Such mod
els are known as skeletal models. Skeletal models are extensively studied in human hand
morphology and biomechanics[ Thompson (1981)].

1.3 Hand Gesture Recognition for HCI
As discussed earlier, gestures may be described as the manner in which a person moves his
body and limbs to express an idea or a sentiment. Gestures are natural means of conveying
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information and used for everything from pointing at a person to get his/her attention to

conveying infomiation in day-to-day life. This has motivated the use of gestures for com

municating with computers. They may provide an attractive and user-friendly alternative to

interface devices like keyboards, mice and joysticks. Therefore, a very interesting current
topic in technology development is to create a system which can identify/interprete hmnan

gestures automatically and use them to convey infonnation or for device control.

To exploit the use of gestures in HCI, it is necessary to equip the computer with the
algorithm by which the gestures can be interpreted. The first step towards interpretation

of gestures requires that dynamic and/or static configurations of the human hand, ann, and
even other parts of the human body be measurable by the machine. Initial attempts to solve

this problem resulted in mechanical devices that directly measure hand and/or arm joint

angles and their spatial positions. One such commonly used device is the DataGJove that
accomplishes this goal, but has an unnatural feeling and is cumbersome to the user. The sec

ond approach is the vision-based approach that determines hand configuration information
by analyzing the gesture image/video captured by one or more cameras. We will discuss

these two approaches in the sections to follow. Irrespective of the method for acquisition of

gesture data, gesture interpretation involves recognition of patterns. We also present a brief
outline of the concept behind pattern recognition.

1.3.1

Pattern recognition

Pattern recognition (PR) is an important field in computer science. It is concerned with
the description and/or classification (recognition) of a set of patterns. Patterns may be
concrete patterns, such as characters, pictures, music, physical objects, etc., or may be
abstract patterns that include argument, solution to a problem, etc. Recognizing concrete
patterns necessitates sensory (visual and acoustic) recognition while abstract patterns need
conceptual recognition.

Human beings perform the task of recognizing objects around them in almost every
instant of time and act in relation to these objects. When a person perceives a pattern, he
makes an inductive infei'ence and associates this perception with some general concepts he

has derived from his past experience. Research in pattern recognrtron is concerned wrth
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building human-like intelligent systems that can perfonn the same task without any human

intervention. The advantage of such a system is that it is possible to do bulk recognition in
less time compared to that by a human. But, it generally lacks the capability to handle any
ambiguity and/or uncertainty which a human recognition system can do quite efficiently.
However, with the advances in technology, it has become possible to build recognition
systems with comparable reliability.

As illustrated in Figure 1.6, a pattern recognition problem can in general be split into
two subproblems, viz.,(1)Problem of representation (2)Problem of decision.
Pattern Recognition

Output
Representer

Decider

Figure 1.6: General pattern recognition problem.

The problem of representation is concerned with converting input data {e.g., an image) to
an output representation, often in the form of a set offeatures extracted from the input data.

The representation is in a fonn that is suitable for the decision process to recognize the
presented pattern accurately.

Steps in pattern recognition

The two main tasks involved in any PR system

feature extraction/selection and classifi

cation [Duda et al. (2002)]. Feature extraction/selection is the process of choosing a set of
attributes from a given pattern that best represents the pattern. Classification assigns input
data into one or more of all the pre-specified pattern classes. Accordingly, we may now
have the following definitions.

Pattern class: This is a set of patterns, sharing some common attributes, known to orig
inate from the same source. The key in most PR applications is to identify suitable
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attributes (features), to define a good measure of similarity and formulate an appro
priate matching process.

Classification: This is the process of assigning input object into one or more of 3C classes
via extraction and analysis of significant attributes present in the object. Classification

of objects is an important area of research and has practical applications in a variety
of fields, including pattern recognition and vision analysis.

Recognition: Recognition (or identification) involves comparing an input image to a set of
models in a database. A recognition scheme usually determines confidence scores or

probabilities that define how closely the image data fits into each model.
Detection: Detection is sometimes called recognition, which makes sense if there are dis

tinct different classes of objects and one of them needs to be recognized. A special

case of recognition is verification or authentication, which judges whether an input
data belongs to one particular identity or not. An important application of verification
is in biometrics, which has been applied to faces, fingerprints, gait. etc. [Choudhury
er al. (1999)].

Types of classifier

1 . CTisp classifier: In this, an input pattern is classified to only one of the X classes
and is excluded from belonging to the remaining (X - 1) classes. That means, the
classifier takes crisp (hard) decision for classification.

2. Fuzzy classifier: A fuzzy classifier assigns an input pattern to each of the X classes
with different degrees of belongingness, generally measured usmgfuzzy membership
functions. This is soft classification.

.T Classifier with reject option: Computer recognition may not be appropriate for de
cision making in cases where there exists high degree of uncertainty, imprecision
and/or ambiguity. In order to avoid making of any wrong decision, rejection of such
an ambiguous case is generally recommended. An input pattern is rejected by a clas
sifier when there is no clear 'winner from among the !TC pattern classes.
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Training

Training is defined as the process of developing the decision rules in a classifier from prior

knowledge about the problem at hand, via extraction of significant attributes of each pattern

in a given set of training patterns that bears all relevant prior information about the problem.
In other words, it is the process of finding an appropriate classification function fc that
maps a given input point in the pattern space to one of the classes in the decision space to

which the input pattern may belong. The process involves learning characterizing properties

for each class from the set of typical training patterns that provides significant information

on how to associate input data with output decisions. Training may be either supervised or
unsupervised, depending on whether the class labels of the training patterns are known or

Testing

Once a classifier is designed via training, it is necessary to check the performance of the
designed system. This is called testing. Testing means submitting the test patterns to the

designed classifier and then evaluating the performance of the system. Generally, the clas

sification accuracy of the system is taken as the measure for its performance that is defined

Accuracy Rate =

Total number of correctly recognized test patterns

Total number of test patterns

(1.1)

Accordingly, the classification error rate is given as
Error Rale = 1 - Accuracy Rate

(1.2)

In a classifier with reject option, the accuracy rate is given by the same expression as in
equation (1.1), whereas the eiTor rate and the rejection rate are given as
Total number of incorrectly recognized test patterns
Error Rate

Rejection Rate =
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Total number of test patterns

Total number of rejected test patterns
Total number of test patterns

(1.3)

(1.4)
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Here we observe that

Error Rate + Rejection Rate = 1 — Area,racy Rate

1.3.2

(1.5)

Gesture recognition as a pattern recognition problem

Gesture recognition is basically an object recognition problem [Birk & Moeslund (1996)].

Given an object recognition problem, it can be viewed in two different ways following

the appearance-based and model-based approaches as discussed earlier. As depicted in
Figure 1 .7, there is no abstraction level in an appearance-based method while with a modelbased method an abstraction level is present, e.g., providing implicit information of the

presence of a joint between the palm of the hand and a finger. Clearly, gesture recogni
tion can be viewed as a problem of pattern recognition, where the input from either of the
two sensors described in Sections 1.3.3 and 1.3.5 is to be classified. As with any pattern

recognition problem, the task of gesture recognition also consists of two major components:
feature extraction and classification.

Matching

Processing

Model based

Appearance based

Processing

PicTure 1.7: Different appi-oaches for object recognition.

As with any pattern recognition problem, the task ot gesture recognition also consists of
two major components: feature extraction and classification. The design process tor most
gesture recognition systems may be split into two phases. (1) the tiaining phase and (2)
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the recognition phase. The training phase allows the user to 'tell' the system what a new

gesture 'looks' like. This phase captures the spatio-temporal variations among different
gesture samples and develops a set of models representing the gestures in the vocabulary.

These gesture models allow for spatial and temporal variations among samples of the same
gesture. They must also allow for continuous gesture recognition, that is, when the user
is allowed to continually move his hand making any number of gestures in sequence and

the system must be able to identify meaningful gestures embedded in this continuous hand
movement. The trained system then recognize similar gestures when it is deployed.

O

Recognized
Sensor

Processing

Feature

Gesture

Extraction

Classification

Gestures

Gesture
Database

Figure 1.8: Hand gesture recognition system.

As shown in Figure 1.8, the first step in gesture recognition is to sense different aspects
of gesture, viz., hand position, hand configuration and hand movement. This may be done
directly with sensing devices such as magnetic field trackers, DataGloves and datasuits
which are attached on the user, or indirectly using cameras and computei vision techniques.

Sensing technologies differ from one another in terms of accuracy, resolution, latency, range
of motion, user comfort and cost. Therefore, integration of multiple sensors in gesture
recognition is a complex task. In case of gesture recognition using a sensing device, the
main interest is primarily in the interpretation of the sensor data to recognize the gestural
information. The output of the sensor processing step is a time-varying sequence of param
eters describing positions, velocities, and angles of the fingers. The parameters produced
by the sensors may be transformed into a global coordinate space, processed to produce
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sensor-independent features, or used directly in the classification step. Because hand ges

tures are highly variable from one person to another and from one example to another, it is

essential to capture the essence of a gesture, its invariant properties and use these to rep
resent the gestures. The choice of representation is a significant issue in building gesture

recognition systems. The systems may be fully trained when in use, or they may adapt over
time to the current user.

Static hand gesture recognition may be accomplished by a straightforward implemen

tation of the steps in Figure 1.8, using template matching, geometric feature classification,
neural networks, or other standard pattern recognition techniques. Dynamic hand gesture

recoiznition, however, requires consideration of temporal events. This is typically accom

plished through the use of techniques such as time-compressing templates, dynamic time
warping, finite state machines, hidden Markov models (HMMs), and Bayesian networks.
Another important issue in dynamic hand gesture recognition is the hand tracking in the

gesture video sequence. Tracking may be considered as a repeated frame-by-frame pro
cess of detection of objects that locates objects and reports their changes in positions over

time [Gavrila (1999)]. Since straightforward tracking is computationally expensive and
time consuming, various methods exist for real-time application. These methods improve

tracking by explicitly taking temporal continuity into account and using prediction to limit
the space of possible solutions.

1.3.3

Gesture recognition using data gloves

In the glove-based approach, some mechanical or optical sensors are usually attached to

a glove which transduces finger flexions and abductions into electrical signals in such a
way that the hand configuration at every instant of time is easily determined. The relative
position of the hand is determined by some additional sensors (magnetic or acoustical)
mounted on the glove. A detailed survey of glove-based input devices can be found in
[Sturman & Zeltzer (1994)].

Over the years many advanced glove devices have been designed such as the Data

Glove. Sayre Glove. Dexterous HandMaster and PowerGlove etc. [Watson (1993)]. The
most successful commercially available glove is by tar the VPL DataGlove. It was devel-
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Figure 1.9: Cyber gloves (Source: Virtual Technologies, Inc.).

oped by Zimmerman during the 1970s[Zimmerman & Lanier(1987)]. It is based on optical

fiber sensors along the back of the fingers. Flexing the fingers bends the optical fibers, at
tenuating the light they transmit. The analog signal is sent to a processor which determines

the joint angles based on the light intensity, as calibrated for a given user. A gesture recog
nition software package included with the DataGlove makes it possible for the user to define

commands for different hand configurations. Another useful sensory device is the Polhemus 3SPACE sensor in which the position and orientation of the hand can be calculated. It
can track six degrees offreedom using electromagnetic induction. A transmitter and a fixed
receiver mounted on the glove is the basis for computing the position and orientation of
the hand. Glove-Talk is another gesture-to-speeeh interface, developed by Pels and Hinton,
that uses a VPL DataGlove connected to a DECtalk speech synthesizer via five independent

neural networks [Fels & Hinton (1993)]. They defined a 203 gesture-to-word vocabulary

and used Glove-Talk to map complete gestures to complete words. The CyberGlove de
veloped by James Kramer, is a light-weight flexible glove with sensors which accurately

measures the positions and movements of the fingers. There are 18 or 22 sensors in the
CyberGlove and a serial cable is comieeted to the host computer. Baudel and Beaudouin-

Lafon developed a real-time glove-based Charade system in which hand gestures are used
to control browsing in a hypertext presentation [Baudel & Beaudouin-Lafon (1993)]. It can
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rcc(,)gnize sixteen hand gestural commands, each of which comprises three phases; start

posture, dynamic phase, and end posture. The commands are distinguishable based on the

start posture as well as the dynamic phase. A data glove with reducing sensors based on
magnetic induction has been presented in [Fahn & Sun (2005)]. This data glove has the

ability of measuring 10 degrees of freedom using only five sensors that are attached on the
palm.

Although glove-based gesture recognition is generally very accurate, the main disad

vantage is that the gestural interfaces require the user to wear a cumbersome device, and

carry a load of cables that connect the device to a computer. This hinders the ease and
naturalness with which the user can interact with the computer controlled environment.

1.3.4

Perceptual interface (PI)

In recent years, a new area, referred to as perceptual interface (PI), has emerged. The

general focus of the researches in this area is to integrate multiple perceptual modalities
(such as computer vision and speech processing) into the usei inteiface. In the context of
computer vision technology, the primary aim of the PI is to use vision as an effective input
modality in human-computer interaction.

PI are characterized by interaction techniques that combine an understanding of natu

ral human capabilities with computer PO devices and machine perception and reasoning.

They seek to make the user interface more natural and compelling by taking advantage of
the wa^- in which people naturally interact with one another. These include both verbal
and non-verbal communications. Broadly defined, perceptual interfaces are highly inter

active, multimodal interfaces that enable rich, natural, and efficient interaction with com

puters [Turk & Kolsch (2004) and Turk (2004)]. A multimodal interface is a system that
combines two or more input modalities in a coordinated manner. Perceptual interfaces are
inherently multimodal.

There are two main features of Pis. First, they are highly interactive. Unlike traditional

passive interfaces that wait for users to enter commands before taking any action, they
actively sense and perceive the world and take actions based on goals and knowledge at
various levels. Second, they are multimodal, making use of multiple perceptual modalities
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visualization

COMPUTER

HUMAN

Perception

II. .

Multimodal

Figure 1.10: Information flow in perceptual interfaces [Turk & Kolseh (2004)].

in both directions - from the computer to the user, and from the user to the computer. They

take advantage ofa wider range of modalities, either sequentially or in parallel. The concept
of perceptual interface is depicted in Figure 1.10.

The motivation behind perceptual interfaces is two-fold:(1)the changing nature ofcom
puters, and (2) the desire for a more powerful, compelling user experience than what has
been available with graphical user interfaces(GUI). Neither mouse nor keyboard, for exam
ple, is very appropriate for communicating 3D information or human emotions. Interfaces
must become more natural, intuitive, adaptive, and unobtrusive to accommodate a wider

range of scenarios, tasks, users and preferences. These are the primary goals of research
in perceptual interface. There has been increased interest in building interfaces that use
these technologies to use the natural human capabilities to communicate via speech, ges

ture, expression, touch, etc. The multimodal context-sensitive human-computer interaction
is likely to become the single most widespread research topic of the artificial intelligence
research community [Pentland (2000) and Jaimes & Sebe (2005)].
Computer vision is one vital element for perceptual interfaces. Whether alone or in con-
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junction with other perceptual modalities, visual information provides useful and important

cues to interaction. The presence, location, and posture of a user may provide important

contextual information; a gesture or facial expression may be a key signal; the direction of

gaze may disambiguate the object referred to in language as this object" or "that object".

1.3.5

Vision based gesture recognition

Computer vision supports a wide range of human tasks, including recognition, navigation,
and communication. In the context of perceptual interfaces, its primary task is to detect and

recognize meaningful visual information that beais messages for communication. Using

computer vision to sense and perceive the user is often referred to as Vision Based Interactioiu or Vision Based Interfaces (VBI). VBI demands more fine-grained analysis, where

subtle facial expressions or hand gestures may be veiy impoitant. Figure 1.11 shows the
elements of VBI, where hand gesture recognition is one of the important elements.

Hand tracking

Hand gesturing
Arm gesturing

Head tracking
Gaze tracking
Lip reading
Face recognition
Facial egression

Body tracking

Activity anafysis

Figure 1 .1 1 ■ Elements of vision based interfaces (VBI).

A vision-based approach is more natural and convenient than a glove-based approach.
It IS easy to be deployed and can be used anywhere m the field of view of a visual camera.
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Camera

Conqiuter
Hand

fi

Figure 1.12: Vision based hand gesHire recognition.

The operator does not need to master special hardware. Vision also allows a variety of

gestures to be used, since it is basically software based. Yet it is more difficult due to
the limitations of today's computer vision in handling a highly non-convex and flexible

object such as a human hand. Several different approaches for vision based HCI have been
proposed so far [Rehg & Kanade (1994), Maggioni (1995), Freeman & Weissman (1995),
Nam & Wohn (1997), Landay & Myers (1998) and Segen & Kumar (1998)]. As shown

in Figure 1.12, the straightforward approach to vision-based gesture recognition is simply

to acquire visual information about a person under a certain environment and try to extract
the necessary gestures. This approach has to perform the following steps: segmentation
of the moving hand from a very complex environment, analysis of hand motion, tracking
of hand position relative to the environment, recognition of hand postures, etc. Each of
these tasks is a different problem in itself. To lower the burden, some systems use passive

markers or marked gloves. The others use restrictive setups like unifoma background, very
limited gesture vocabulary, or just a simple static posture analysis. Some of these methods
developed are given below.

Markers are usually placed on the fingertips. They are coloured in such a manner that

they can be easily detected using the image histogram analysis. Once the markers are de-
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tected and tracked, the gestures can be recognized using appropriate classifieation schemes.
Maggioni described a hand tracking systeiu (called Gesture-Computer) that is based on the

use of a speeially marked glove [Maggioni(1995)]. The glove has two slightly off-centered,

differently coloured circular regions. Using single camera images, Gesture-Computer com
putes several image geometry parameters based on the first and seeond moments and uses
them to estimate hand positions and orientations. Rehg & Kanade (1994) proposed a eom-

plete hand gestural interfaee, called DigitEyes, applicable in a relatively uncluttered back
ground. With DigitEyes, finger tip and link parameters can be extracted from either 2D

or 3D video images using edge-based techniques. These parameters are then applied to a
3D cylindrical kinematic model of the human hand with 27 degrees of freedom. Hand/arm
silhouettes are one of the simplest yet widely used features. Silhouettes may be easily extraeted from loeal hand/arm images in restrieted background setups. In the case of eomplex

backgrounds, techniques sueh as the colour histogram analysis is employed. In his VideoPlaee, VideoDesk and VideoTouch, Krueger used silhouettes to analyze images and identify

users body parts [Krueger (1991), Krueger (1993)]. Davis and Shah used simple markings
on the fingertips for tracking the finger movements [Davis & Shah (1994a)]. Stamer and

Pentland designed eolour gloves to track both hands to recognize signs from the American

Sign Language (ASL)[Stamer & Pentland. (1995)]. Segen and Kumar used some edgebased techniques to extract local features such as "peaks" and "valleys" from hand posture
images [Segen & Kumar(1998)]. Gestures are then classified based on these local features.
Soiue systems have taken a speech-vision combined approach [Thorisson (1994), Maes
et al. (1997), Vogler & Mextaxas(1997)and Vogler & Metaxas(1998)]. Sueh a multimodal
approaeh is proiuising in offering a more natural human-eomputer interface.

1.3.6

Advantages of vision based gesture recognition

Using computer vision in human-computer interaction can enable interaction that is diffi
cult or irnpossible to achieve with other modalities. Visual infonnation is clearly important
in human-human eoiumunication, as meaningful information is conveyed through identity,

facial expression, posture, gestures, and other visually observable attributes. Therefore, in
tuitively it is possible to have natural human-computer interaction by sensing and perceiving

TH-1870_02610203

1.4 Difficulties in Hand Gesture Recognition

these visual cues from video cameras appropriately placed in the environment.
The main advantage with vision-based gesture recognition is that computer vision gen

erally requires cheap input devices. A digital camera can be integrated into a single chip.
Mass-production is therefore much easier to realize than for other input-devices with me
chanical parts, such as the cyber-glove. Also, the cost for image processing hardware can

be saved, as the main processors of most computers are now fast enough to take over this

task themselves. More importantly, computer vision is versatile. While other input devices
such as mouse,joysticks and track-pads are limited in scope to a specific function, computer

vision offers a whole range of possible future applications not only in the field of humancomputer interaction, but also in areas such as user authentification, video conferencing and
distant-learning. Another important advantage of computer vision is its non-intrusiveness.
Cameras are open input devices which do not need direct contact with the user to sense
actions. The user can interact with the computer without wires and without manipulating
intennediary devices.

1.4

Difficulties in Hand Gesture Recognition

The ability for computers to visually recognize hand gestures is essential for future HCI.
However, vision-based recognition of hand gestures, especially dynamic hand gestures, is

an extremely challenging interdisciplinary project due to the following three reasons:
1. Hand gestures are rich in diversities, multiple-meanings, and have space-time vari
eties;

2. Human hand is a complex non-rigid object; and

3. Computer vision itself is an ill-posed problem
The difficulties associated with hand gesture recognition are explained below.

1.4ol

Difficulties due to nature of the hand

Estimation of hand configuration is extremely difficult due to the high degrees of freedom

and the problem of occlusion. Even obtrusive data gloves are not able to acquire the hand
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state perfectly. Compared to sensors for glove-based recognition, computer vision (CV)
methods are generally at a disadvantage. For monocular vision, it is impossible to know
the full state of the hand unambiguously for all hand configurations, as several joints and

finger parts may be hidden from the camera's view. Applications in VBI need to keep these
limitations in mind and focus on gestures which may not require full hand pose infomiation. Generic hand detection in unconstrained settings is a largely unsolved problem. In

view of this, systems often use colour segmentation, motion flow, background subtraction
techniques, or a combination of these to locate and track hands in images.

1.4.2

Difficulties due to gesture parameter variation

The problem of variation in gesture may be attributed to the signing person himself. There
exists spatio-temporal variation when a user perfonns the same gesture at different times.

Every time the user perfonns a gesture the shape and the speed of the gesture generally
varies. Even if the same person tries to perfonn the same sign twice, small variation in
speed and position of the hands will definitely occur. Moreover, as shown in Figure 1.13,

the shape of the hand is another variable parameter. The system must accommodate these
variations while still maintaining an accurate representation of the gestures.

Figure 1.13: Variation of hand shapes.

TH-1870_02610203

1.4 Difficulties in Hand Gesture Recognition

1.4.3

Difficulties in continuous gesture recognition

The task of locating meaningful patterns from a stream of input signal is called pattern

spotting [Rose (1992)]. Gesture spotting is one of the challenging aspects in the field of
gesture recognition, where it is required to detect the start point and the end point of a

gesture pattern in a continuous stream of video. This difficulty is due to two aspects of sig
nal characteristics: segmentation ambiguity [Takahashi et al. (1992)] and spatio-temporal

variability [Baudel & Beaudouin-Lafon (1993)]. The segmentation ambiguity may be at

tributed to the non-gestural hand movements between different gestures resulting in move

ment epenthesis. This creates problem in determining the beginning and end of a gesture
during continuous gesturing. As the user's hand goes from the end ofone gesture to the start
of another gesture it makes an intermediate movement linking these two gestures. For suc
cessful recognition, the system must be able to detect sign boundaries automatically while

discarding movement epenthesis. Moreover, a gesture sign is affected by the preceding and

the subsequent sign. This is called co-articulation. The other diificulty in gesture spotting
comes from the fact that the same gesture varies in shape and duration from one signer to
another. The variation also exists even when the same gesture is made by a particular signer

at different times. An ideal gesture recognizer should be capable of extracting gesture seg
ments correctly from a continuous input video sequence and match them with reference

patterns or templates allowing a wide range of spatio-temporal variability.

1.4.4

Difficulties associated with image processing techniques

Some major difficulties associated with image processing techniques during gesture recog
nition are as follows:

A gesture recognition system generally uses a single colour video camera in order to
minimize the necessary hardware components and calibrations. Using a single colour
video camera and consequently the projection of the 3D scene on a 2D plane results

in the loss of depth infonuation. Therefore, reconstruction of the 3D trajectory of the
hand in space is not possible.

Illumination change in the testing environment is a major problem during hand image
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segmentation.

For reliable recognition, hand image segmentation via background motion compen
sation and accurate motion estimation of the hand is an essential requirement. Unfor

tunately, like other image processing problems, hand tracking and segmentation in a
cluttered background is a critical probleiu in hand gesture recognition. In most occa

sions, the background is not a simple background. Also, the background may contain

other body parts captured by the camera. Moreover, the occlusion due to other body

parts or self occlusion may cause problems during segmentation.
The processing of a large amount of image data is time consuming and so real- time
recognition may be difficult.

1.5

Applications of Hand Gestnres

Generally one can speak of two groups of gesture based applications: gesturing with the
purpose of providing multidimensional control and gesturing as a symbolic language. Both
tjroups aim at rendering the computer transparent to the user. A short desciiption of diffeient
hand gesture based applications is given below.

1.5.1 Application in human computer interaction
As discussed earlier, gesture recognition plays an impoitant role in man-machine interac
tion. The use of hand gestures has become an important pait of HCI in recent years [Ag-

garwal & Cai (1997), Kjeldesen & Kender (1996), Pavlovic et al. (1997), Malkawi &
Srinivasan (2005) and Gibet et al. (2005)]. Compared to many existing interfaces, hand

gestures have the advantages of being easy to use, natural and intuitive. For HCI to be truly
natural, technology to understand both speech and gestuie togethei must be developed. De
spite the importance of complex hand gestures in noimal human-to-human inteiaction, most
research to date in HCI and most virtual environment technology focus on the development

of gesture based systems where gestures tend to be less ambiguous, less spontaneous and
natural, more learned, and more culture-specific.
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Human-robot interaction has recently drawn increased attention. Autonomous mobile
robots can recognize and track a user, understand his verbal conamands, and take actions to
serve him [Huang & Weng (2004)] .

1.5.2

Virtual reality

Virtual reality (VR) is a technology which allows a user to interact with a computersimulated environment, be it a real or imagined one. The human hand serves as an ideal

manipulation device for virtual reality. By mapping the hand's position in the real world

onto the position of a virtual hand in a virtual world it is possible to create the illusion that a
person can manipulate viitual objects. This allows a person to be situated in a virtual world
and interact with it through their gestures. The glove environment has been used in com
puter games with the purpose of giving game programmers new input alternatives. Zeller

et al. presented a visual environment for very large scale biomolecular modeling applica
tion [Zeller. et al. (1997)]. This system permits interactive modeling of biopolymers by

linking a 3D molecular graphics and molecular dynamics simulation program. Hand ges
tures serve as the input and controlling device ofthe virtual environment. In [Berry(1998)],

Pavlovic and Berry integrated controlling gestures into the virtual environment BattleField,

in which hand gestures are used not only for navigating the virtual environment, but also as
an interactive device to select and move the virtual objects in the BattleField .

1.5.3

Telepresence

In any remote or hostile enviromnent, manually controlled systems may be required to per

form complex manipulation. Often it is not possible for the human operator to be physically
close to the machine. Telepresence deals with the ways of providing a remote operator with
as much support as possible. The support may be mapping the movements and pose of
the operators anu to a robot ami. The real-time ROBOGEST system constructed at the
University of California, San Diego, presented a natural way of controlling an outdoor au
tonomous vehicle by use of a language made of hand gestures [Katkere et al. (1994)]. Areas
where telepresence shows prospects include space and undersea missions, in maintenance
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of nuclear reactors and medicine [Hirche & Buss(2004)]. Major requirement in most telep
resence systems is the ability to work in realtime and the need for feedback to the operator.

1.5.4

Automatic sign language recognition

Sign languages are natural languages that use different means of expression for commu
nication in everyday life [Pedersen (1991)]. More particularly, it is the only means of
communication for the hearing impaired. Thus, it offers enhancement of communication

capabilities among nonnal beings and provides replacement for speech among deaf and
mute people. Because of this, automatic sign language recognition has attracted vision re
searchers for long. Examples of some sign languages are the American Sign Language,

the British Sign Language, the native Indian Sign Language, the Japanese Sign Language,
and so on. Generally, the semantic meanings of the language components in all these sign

languages differ, but there are signs with a universal syntax. Lor example, a simple gesture

with one hand expressing 'hi' or 'goodbye' has the same meaning all over the world and in
all forms of sign languages. In a sign language, the signs are generated by combinations of

hand motions and finger gestures, frequently augmented with mouth movements according
to the spoken language. Hand motions are distinguished from one sign to another by the

spatial motion pattem, the speed, and in particular by the body parts that the signer touches
at the beginning, during or at the end of a sign. In addition to the hand movement, the fin
ger configuration during the slower parts of the hand movements also provides significant
meaning to a gesture.

Recognition of a sign language is very important not only from the engineering point

of view but also for its impact on human society. A functioning sign language recognition
system can provide an opportunity for the deaf to communicate with hearing people without
the need for an inteipreter. It can be used to generate speech or text making the deaf more
independent. Unfortunately, there has not been any system with these capabilities so far.
Research has been limited to small-scale systems capable of recognizing a small subset of

a full sign language. The reason for this is the difficulty in recognizing a full sign language
vocabulary - recognition of gestures representing words and sentences undoubtedly is the
most difficult problem in the context of gesture recognition research.
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1.6

Hand Gesture Recognition: The State of the Art

As explained earlier, gesture recognition is the task in which the data analyzed from the
visual images of a gesture is recognized as a specific gesture. The first phase in a recognition
task is choosing a model of the gesture. As discussed in Section 1.2.2, the mathematical
model should consider both the spatial and temporal characteristics of the hand and hand

gestures for accurate recognition. The approach used for modelling plays an important role
in the nature and performance of gesture interpretation. Once the model is decided, image
features are extracted from one or more input video streams and the model parameters are

computed in an analysis stage. These parameters constitute some description of the hand
pose or trajectory and depend on the modelling approach used. Some of the important
problems involved in this analysis stage are hand localization, hand tracking, and selection
of suitable image features. The computation of model parameters is followed by gesture

recognition in which the parameters are classified and interpreted in the light of the accepted
model and the mles imposed by some grammar derived through training. Vision-based hand

gesture recognition generally involves the following steps.

• Image acquisition: The process of getting the gesture images/videos into the system.
• Preprocessing: The process of enhancing the relevant features in the input image/video.
This step involves one or more of the following processes —
- Tracking of the gesturing hand;

- Segmentation of the hand from the stationary background.
- Nomialization of the hand image (Hand must be noiTnalized so that it is aligned

in the same way every time independent of rotation, translation and scaling).

• Representation: The process of representation of the data in a suitable manner.
• Classification: The process of classifying the gestures via matching of the shape, pose
and position of the hand.

• Post-processing: The process of evaluating the result of the classification.

In the following, we discuss different approaches developed in various literatures for gesture
analysis (segmentation and feature selection) and gesture recognition.
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1.6.1

Capturing the hand motion

Capturing the hand motion involves finding the global and local motions of the moving
hand. Highly articulate human hand motion consists of the global hand motion and the

kical finger motion, which may be expressed as M = [Mq-Ml], where M is the hand
motion. Mo is the global motion and Ml is the local motion [Wu & Huang (2001)]. Global

hand motion that presents large rotation and translation may be written as M = [R,t],
where R and t are rotation and translation, respectively. Local hand motion is articulate.

and self-occlusion makes its detection and tracking difficult. Local hand motion may be

parameterized with the set ofjoint angles (or hand state) as Ml = [©] where © is the joint
angle set. Consequently, hand motion may be expressed as M = [R,t, ©], One important
issue in tbis context is how to track reliably the global hand motion from a given gesture

video sequences. As discussed below, several techniques can be used for hand tracking in

a long rTesture video sequence and subsequently some useful features may be extracted for
recognition.

Hand localization and feature detection

Hand localization means locating hand regions in image sequences, i.e., the hand is to be

segmented out from the background. As discussed earlier, meaningful gestures are repre
sented by temporal hand movements and/or hand postures. Hand postures express certain

concepts through hand configurations, while temporal hand gestures represent certain ac
tions by hand movements. Sometimes, hand postures act as special transition states in

temporal gestures and supply a cue to segment and recognize temporal hand gestures.
The feature selection stage is concerned with the detection of features which are used
for the estimation of parameters of the chosen gestural model. Hand image features can be

geometric features such as points, lines, contours, and silhouettes [Kuch & Huang (1995)].
Fingertip is one of the frequently used features, because the positions of fingertips are al
most sufficient to recognize some gestures due to the highly constrained hand motion [Lee
& Kunii (1995)]. Colour markers are often used to track the 3D positions of fingertips
[Davis & Shah (1994b)]. Some researchers have also estimated the positions and orienta
tions of fi ngertips by fitting a 3D cylinder to the images. Line fitting is another frequently
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used technique to detect the fingertips [Rehg & Kanade (1995)].
Hand tracking

For hand gesture recognition, it is necessary that the static and/or dynamic configuration
of the liuman hand is measured by the machine, thereby extracting gesture features to be
used in classification. As discussed in Section 1.3.3, initial attempts to measure hand con

figuration resulted in mechanical devices, e.g., glove-based devices, that directly measure
hand/arm joint angles and their spatial positions. For example, Fels and Hinton used data

gloves and Polhemus sensors to extract 3D hand location, velocity, and orientation. Feature
vectors were then formed to represent hand gestures and were used to train a multilayer

neural network for translating hand gestures to synthesized speech [Fels & Hinton (1993,

1997)]. Some other Polhemus/Glove-based hand gesture recognition techniques include

[Quam (1990), Sturman & Zeltzer (1994), Kong & Ranganath (2004) and Kevin et al.
(2004)].

Awkwardness in using gloves is overcome by using vision-based non-contact interaction

techniques. These use colour-based vision segmentation, silhouettes or edges to track the
hands and fingers. Most of the works on vision-based gestural HCI have mainly been
focused on the recognition of static hand gestures or postures. But, hand gestures are in

general dynamic actions where the motions of the hands convey as much infomiation as

their postures do. So, appropriate interpretation of dynamic gestures on the basis of hand
movement in addition to shape and position is necessary.

All vision based approaches to hand/finger tracking require to locate hand regions in

video sequences. Skin colour offers an effective and efficient way to segment out hand
reizions. Colour cues are applicable because of the characteristic colour footprint of the

human skin. Most of the colour segmentation techniques rely on histogram matching

[Ahmad (1994)] or employ a simple look-up table approach based on the training data

for the skin and possibly its surrounding areas [Quek et al. (1995), Kjeldsen & Kender
(1996) and McKenna & Morrison (2004)]. However, many of these techniques are plagued
by some difficulties such as large variation in skin tone, unknown lighting conditions and
dynamic scenes. This frequently results in undetected skin regions or falsely detected as
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nonskin regions. An approach based on the 2D locations of fingertips and palms was used

by Davis and Shah as early as in 1994 [Davis & Shah (1994a)]. Similarly, some of the

gesture recognition applications use uniquely colored gloves or markers on hands/fingers

[Cipolla a cil. (1993), Lee & Kunii (1995) and Maggioni (1993)]. The use of background
restriction or coloured gloves makes it possible to localize the hand efficiently and even in

real-time, but imposes the obvious restriction on the user and the interface setup.
The motion cue is also commonly applied for segmentation and is used in conjunction

with certain assumptions about the gesturer. In the HCI context, these assumptions include
for example the following;

• Only one person makes gestures at any given time

• The signer is usually stationary with respect to the background. Hence, the main

component of motion in the visual image is usually the motion of the arm/hand of the
sesturer and can thus be used to segment out the moving parts of the gesturer.

This localization approach is followed in [Freeman & Weissman (1995), Quek (1995)]. The
disadvantage of the motion cue approach lies in its assumptions. While the assumptions

hold over a wide spectmm of cases, there are occasions when more than one gesturer is
active at a time or the background is not stationary.

To capture articulate hand motion, both global hand motion and local finger motion
should be determined from video sequences. It is a challenging problem to capture and an

alyze the hand motion, because the hand is highly articulate. Simple 2D motion trajectories
can be extracted from the image sequences using 2D tracking that also supplies localized
information such as the hand bounding boxes and the centroid of hand blobs. In some cases,
these Vy features are sufficient for gesture recognition. There are many 2D tracking algo

rithms such as those based on colour tracking, motion tracking, template matching, blob

tracking, and multiple cues integrating. Although 2D tracking gives the positional informa
tion of the hand, some recognition applications still need more features such as the hand
orientation and the hand shape. This is taken care of in 3D tracking approaches that try to

locate the hand in 3D space by finding the 3D position and orientation of hand. However,
since the hand cannot be treated as a rigid object, it is very difficult to estimate the hand
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orientation. The 3D position of the hand may be located by stereo camera or model-based
approaches. In the 3D model-based approach, the hand configuration is estimated by tak
ing advantage of 3D hand models [Kuch & Huang (1995), Lee & Kunii (1995), Rehg &
Kanade (1995), Heap & Hogg (1996), Pavlovic et ah (1997) and Wu & Huang (1999a)].
With a single calibrated camera, local hand motion parameters can be estimated by fitting
the 3D model to the observation images. 3D model based methods take advantage of a

priori knowledge built into the 3D models. This approach aligns a 3D model to images
or even range data by estimating the parameters of the model. In 3D model-based meth

ods, image features may be looked as the image evidence or image observation of a 3D
model that is projected onto the 2D image plane. A 3D model with different parameters

will produce different image evidence. Model-based methods recover the joint angles by
minimizing the discrepancy between the image feature observations and the projection of
the 3D model. However, they lack simplicity and computational efficiency. An alternative

approach is appearance-based modeling[Wu & Huang (2000a)]. It emphasizes the analysis
of hand shapes in images, in which 2D deformable hand shape templates are used to track
a moving hand in 2D. However, this method is insufficient to recover full articulations,
because it is difficult to infer finger joint angles based on appearances alone. Although

it is easier for the appearance-based approach to achieve user-independence than the 3D
model-based approach, there are two major difficulties associated with this approach, viz.,
automatic feature selection and training data collections[Wu & Huang (2001)].

Another important approach for hand tracking is the prediction algorithm combined
with Kalmanfiltering and application of probabilistic reasoning for final inference [Zieren
et al. (2002), Wu & Huang (2001) and Ramamoorthy et al (2003)]. Kalman filtering is
a state estimation method based on Gaussian distribution. Unfortunately, it is restricted

to situations where the probability distribution of the state parameters is unimodal. It is
inadequate in dealing with simultaneous multi-modal distributions in the presence of oc

clusion, cluttered background reseiubling the tracked objects, etc. Moreover, this approach
requires a fine initial model and also demands additional eomputations whenever there is
any rotation and change in shape of the model. Kalman filtering is based on small motion
assumption that often fails to hold in hand motion [Wu & Huang (2001)]. The Conden-
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sation algorithm [Isard & Blake (1996)] has shown to be a powerful alternative. It is a

conditional density propagation method for visual tracking. Based upon sampling the a
posteriori distribution estimated from the previous frame, these samples iteratively propa
gate to successive images. By combining a tractable dynamic model with observations, it

can accomplish highly robust tracking of object motion. It usually requires a relatively large
number of samples to ensure a fair maximum likelihood estimation of the current state.

1.6.2

Static hand posture recognition

Since hand postures not only can express some concepts, but can also act as special transi
tion states in temporal gestures, recognizing or estimating human hand postures is one of
the main topics in gestures recognition.

One approach is the 3D model-based approach, in which the hand configuration is es

timated by taking advantage of 3D hand models [Kuch & Huang (1995), Lee & Kunii

(1995), Rehg & Kanade (1995), Heap & Hogg (1996), Wu & Huang (1999a)]. Because
hand configurations are independent of view directions, these methods can directly achieve
view-independent recognition. Different models use different image features to construct
feature-model correspondences. Joint angles can be estimated by minimizing a projected
surface model and some image evidences such as silhouettes in the light of analysis-by-

synthesis [Davis & Shah (1994b), Kuch & Huang (1995), Lee & Kunii (1995)]. This

approach needs good surface models and the process of projection and comparison is ex
pensive. Alternatively, point and line features are employed in kinematical hand models to
recover joint angles [Rehg & Kanade (1995), Wu & Huang (1999a)]. Hand postures can be
estimated accurately if the con'espondences between the 3D model and the observed image
features are well established. Physical models and statistical models were also employed
to estimate hand configurations [Heap & Hogg (1996)] . Many current methods require
reliable feature detection, which is plagued by self-occlusion. Another drawback is that it

is not easy to achieve user independence, because 3D models should be calibrated for each
user.

Triesch and Malsburg employed the elastic graph matching technique to classify hand
postures against complex backgrounds [Triesch & Malsburg (1996)]. Hand postures are
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represented by labeled graphs with an underlying two-dimensional topology. Attached to
the nodes are jets, which are a sort of local image description based on Gaborfilters. Gabor
lilters are defined by harmonic functions modulated by a Gaussian distribution [Kamarainen

et al. (2006)]. This approach can achieve scale-invariant and user-independent recognition,
and it does not need hand segmentation. Since using one graph for one hand posture is
insufficient, this approach is not view-independent.
Nolker and Ritter detected the 2D location of fingertips by the Local Linear Mapping

neural network (LLN)[Nolker & Ritter (1998)]. The 2D locations are mapped to 3D posi

tion by the Parametric Self-Organizing Map (PSOM) neural network. The PSOM has the
ability to perform an associative completion of fragmentary inputs. By this means, their

approach can recognize the hand pose under different views.
Because the estimation of hand joint angles is difficult, an alternate approach is the

appearance-based approach which aims at characterizing the mapping from the image fea

ture space to the possible hand configuration space directly from a set of training data
[Rosales cfe Sclaroff(2000), Wu & Huang (2000b)]. This approach often involves learning
techniques.

1.6.3

Dynamic gesture recognition

There are some similarities between dynamic gestures and speech so that some techniques

in speech may be applied to gestures. However, dynamic gestures are more complicated
than speech. Some low-level movements can be recognized using dynamic models. Again,
some gesture semantics can be exploited to recognize high-level activities [Wu & Huang
(1999b)]. Example-based learning methods can also be used for this purpose.
Gesture recognition by modeling the dynamics

Modelling the low-level dynamics of human motion is important not only for human track
ing, but also for human motion recognition. It serves as a quantitative representation of
simple movements so that they can be recognized in a reduced space by the trajectories of
motion parameters. Models of low-level dynamics are generally not sufficient to represent
more complicated human motions. Some low-level motions can be represented by simple
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dynamic processes, in which the Kalman filter is often employed to estimate, interpolate
and predict the motion parameters. This simple dynamic model is not sufficient to model
most cases of human motion, and the Gaussian assumption of the Kalman filtering is not

satisfied in practical cases. A conditional density propagation (Condensation) algorithm

proposed by Isard and Blake adopts the stochastic differential equation to describe complex
motion models, and combines this approach with deformable templates to cope with peo

ple tracking [Isard & Blake (1996)]. Later, this idea was extended by Black and Jepson to
recognize gestures [Black & Jepson (1998a) and Black & Jepson (1998b)].
Fentland and Liu represented human behavior by a complex, inultistate model[Pentland
& Liu ( 1999)]. They used several alternative models to represent the human dynamics, one

for each class of response. Model switching is based on the observation of the state of

the dynamics. This approach produces a generalized maximum likelihood estimate of the
current and future values of the state variables. Recognition is achieved by detemiining
which model best fits the observation.

Rittscher and Blake proposed a technique in which the idea of model switching and con
densation are combined [Rittscher & Blake (1999)]. They used mixed discrete/continuous

states to couple perception with classification. In this method, the continuous variable
describ'\': the motion parameters and the discrete variable labels the class of the motion.

Finally, an ARMA model is used to represent the dynamics. This approach can achieve
automatic temporal sequence segmentation. There is also some work dealing with specific

gestures. Cohen et al. used dynamic models to represent circle and line gestures to generate
and recognize basic oscillatory gestures such as the crane control gestures [Cohen et al.
( 1996)].

Gesture recognition by modeling the semantics (state-based approaches)

Modelling the dynamics alone may not be sufficient for dynamic hand gesture recognition.
The Finite State Machine (FSM) is a usually employed technique to handle this situation.

The most important feature of an FSM is its state-transition function. The states are used to
decide vhich reference sequence matches with the test sequence. It allows a more sophisti
cated analysis of data with spatio-temporal variability. Some of the state-based approaches
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were proposed in [Davis & Shah (1994b), Bobick & Wilson (1997) and Hong et al. (2000)].
Davis and Shah introduced a simple real-time method for dynamic gesture recognition
by tracking the trajectory of each fingertip, wearing a marked glove, and using the extracted
motion as basis for recognition [Davis & Shah (1993) and Davis & Shah (1994a)]. The dis
placement and direction of each fingertip are computed, and by averaging the information
obtained for several samples of the same gesture a model database is created. The database

of motion codes is then compared to the motion code of a new gesture, and recognized if

present in the database. An FSM is used to model all the gestures. Davis and Shah charac
terized a gesture by four phases: (1) static start position, for at least 3 frames;(2) smooth
motion of the hand and fingers until the end of a gesture;(3) static end position for at least

3 frames; and (4) smooth motion of the hand and fingers back to the start position. A major
disadvantage of the system is that the user is constrained to follow these four phases. If the

start and stop positions are not correctly detected, the FSM will work asynchronously and
fail to recognize the gestures.

Similar to Davis and Shah, Bobick and Wilson made the assumption that the variabil

ity of a gesture is captured implicitly by a number of examples of that particular gesture
[Wilson & Bobick (1995a) and Wilson & Bobick (1995b)]. They represented a gesture by
summarizing a set of local motion trajectory variances of a number of training examples of

each gesture. The actual recognition is performed by determining whether a new trajectory
is consistent with those obtained from training.

An important state-based approach to dynamic gesture recognition is by using the hid
den Markov models (HMM) which has been proved to be the most efficient tool, as of

now, in classifying dynamic data. The HMM is a doubly stochastic state machine, a proba
bilistic network with hidden and observable states [Brand et al. (1997)]. The hidden states

"drive" the model dynamics - at each time instance, the model is in one of its hidden states.
Transitions between the hidden states are governed by probabilistic rules [Rabiner & Juang

( 1993)]. The observable states produce outcomes during hidden state transitions or while
the model is in one of its hidden states. Such outcomes are measurable by an outside ob
server. The outcomes are also governed by a set of probabilistic mles. The HMM involves
two stages: training and classification. In the training stage, the number of states of an
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HMM must be specified, and the corresponding state transition and output probabilities are

optimized in order that the generated symbols conform to the observed image features of
the examples within a specific movement class. In the matching stage, the probability with

which a particular HMM generates the test symbol sequence corresponding to the observed
image features is computed.
An HMM-based hand gesture recognition system was developed by Yamato et al. who
made use of the mesh features of the 2D moving human blobs such as motion, colour and

texture, to identify the human behavior [Yamato et al. (1992)]. In the learning stage, the

HMMs are trained to generate symbolic patterns for each action class, and the optimization

of the model parameters is achieved by forward-backward algorithm. Given an image se

quence, the output result of forward calculation is used to guide action identification during
recognition. However, the selected mesh features do not match the human posture space
and are sensitive to positional displacement.

Schlenzig et al. described and implemented a telepresence system, called ROBOGEST,

rising a recursive filter applied on a predefined set of gestures to control a moving vehi

cle [Katkere et al. (1994), Schlenzig et al. (1995)]. The predefined gestures to control the
vehicle included those to stop, toggle direction, accelerate, and reset. The gestures were

modeled using an HMM with the state representing the gesture sequences with the obser

vations being the current static hand poses. At each time step, the recursive filter updates
its estimate of what gesture is currently being performed based on the extracted pose infor
mation.

Lee and Xu also developed an interactive gesture recognition system based on the HMM

[Lee & Xu (1996)]. Their focus was on designing a system that is able to learn new gestures
and accordingly update the currently available gesture model in the online mode. Such a

system can be applied for a broader range of applications. The system uses DataGlove for
detecting hand movements. In another work, Pentland and Liu used the HMM to model the
state transitions among a set of dynamic models [Pentland & Liu (1999)]. Bregler also took
the same approach in [Bregler (1997)]. The HMM has the capacity for not only modelling
the low-level dynamics, but also the semantics in some gestures. In [Stoll & Ohya (1995)],
Stoll and Ghya employed the HMM to model semantically meaningful human movements.
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In this, one HMM is learned for each motion class. The data used for modelling the human

motions is an approximate pose derived from an image sequence. Nam and Wohn presented
an HMM based method to recognize some controlling gestures [Nam & Wohn (1996)].
Their approach takes into account not only hand movement, but also hand postures and
palm orientations.

Darrell and Pentland introduced a hidden state reinforcement learning paradigm based
on the partially observable Markov decision process to gesture recognition by which an
active camera is guided [Darrell & Pentland (1996)]. Wilson and Bobick extended the stan

dard HMM method to include a global parametric variation in the output probabilities of the

HMM to handle parameterized movements. Using a linear model to derive the theory, an

expectation-majcimization(EM) method for training the parametric HMM was formulated.
During testing, the parametric HMM simultaneously recognizes the gesture and estimates

the quantifying parameters [Wilson & Bobick (1998)]. They presented results on two dif
ferent movements - a size gesture and a point gesture, and showed robustness with respect
to noise in the input features. Later, several other HMM-based hand gesture recognizers

were developed in [Vogler & Metaxas (1998)], Chen et al. (2003) and Ramamoorthy et at.

(2003)]. But. since the output probability of feature vectors of each state in an HMM is

unique, the HMM can handle only piecewise stationary processes which are not adequate

in proper gesture modelling. When the Markov condition is violated, conventional HMMs
fails. Thus, HMMs are ill-suited to systems that have compositional states [Brand et al.
(1997)].

Other techniques

As discussed earlier, most of the model based methods use DataGlove to read the hand

configuration. DataGlove provides data represented in a way that makes it easy to model.
In model-based recognition, the recognition process typically fits the input data to a model

and therefore belongs to the group of structure based methods. Obvious choices for a model
are the joint angle between the palm and each finger, the shape of the palm, the location
of the hand relative to the user, etc. Rehg and Kanade described a real-time model-based

dynamic gesture recognition [Rehg & Kanade (1993)]. Using simple features extracted
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from natural images of a human hand they were able to extract the pose of a kinematic 27

degrees of freedom articulated hand. The solution consisted of three basic components: a
state model, feature measurements, and state estimation. The state model is composed of

the pose of the palm (seven states) and the joint angles of the fingers (five states for the
thumb foLir states for the rest) giving a 28-dimensional state vector. The features for the
hand consist of finger links and fingertips. A state estimate (prediction) is calculated for

each image to obtain a state that best fits the measured features. Features are matched by
a nearest-neighbor classifier. Since the initial pose of the hand must be known for tracking
the hand is initially placed in a known position and pose which initialize the system.
Takahashi and Kishino created a user-dependent glove environment system that was

able to recognize 34 gestures out of 46 Japanese Kana alphabet using a joint angle and
hand orientation coding technique [Takahashi & Kishino (1991)]. The user makes each of

the 46 gestures 10 times to provide data for the Piincipal Component Analysis{Y*CA) and
cluster analysis. The PCA can be seen as a mix ot two methods: template matching and

statistical classification. The PCA proved suitable for real-time applieation and is a way

of representing data before classification. Most recently, Kato et al. proposed an efiacient

representation of hand motions by the Independent Component Analysis(ICA)[Kato et al.
(2006)]. The ICA basis vectors represent local features, each of which coiTcsponds to
the motion of a particular finger. In the ICA-based model, hand poses can be represented

by five parameters with each parameter corresponding to a particular finger motion. This
representation is more efficient in modeling hand motions for tracking and recognizing
hand-finger gestures in an image sequence.

As discussed earlier, vision based interfaces eliminate the difficulties posed by sen

sory devices. The simplest method for recognizing gestures is probably template matching.
mainly used with the vision environment [Kaneko & Hori (2003)]. It is an appearancebased method with no representation stage, since an input image is used directly m the

decision process. The classification is based on a similarity function which measures the
similarity between the input image and a number of stored template images of the gestures
to be recognized. The similarity function is often the sum of squared distances or a nor
malized correlation. The input image is classified on the basis of this similarity measure.
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To ax'oid the problem of classifying an image that does not represent a gesture, an input is
rejected from classification if the similarilx' measure falls below some predefined threshold.
A drawback of template matching is its sensitivity to scaling, translation and rotation. The

method is also computationally demanding and hence there is an upper limit of the number

ol' template gestui'es to be matched. Another problem is that of generating the templates
that will give user independence and illumination independence.
Darrel and Pentland presented a real-time glove-tree system tor recognizing dynamic

gestures from a sequence of images [Darrell & Pentland (1994), Darrell el oL (1995)]. Their

approach employs an automatic appearance-based method to build a set of view-models
that each gesture model is generated from. In the ott-line mode, the first \'iew is chosen

by the user as an image in the sequence. The next view is tound by correlating the first
imaue \\ ith the subsequent images. When the correlation tails below a preset level, a new
view of the current image is created. New views are chosen until the gesture is completed.

Several examples of each gesture is used to create a mean and variance of the correlations.

A uesture is now described by the views that were chosen over time. The next step is to
aliun the gestures in time; this is done by the Dynamic Time Warping (DTW) technique.
In the online mode, a gesture will be correlated with all the views of a model with respect
to time. A score plot of the new sequence compared to each of the stored views makes

it possible to match a new sequence with a gesture that is already known. The method
is computationally very demanding because the number of correlations needed for each
sequence is proportional to the number of gestures to be recognized. Also, the normalized
correlation that is used to match the 2D views is very sensitive to noise.

Freeman and Roth outlined a system for controlling the television through gestural in

puts [Freeman & Roth (1 995) and Freeman & Wcissman (1 995)]. Their idea was to exploit
the television's capability of visual feedback. Based on graphics shown on the TV, the
viewer sees how to move his hand to issue commands normally issued through a remote

control. Their approach cmplovcd the Orieniaitonal Histograms in the recognition ot ges
tures. The orientational histogram is a simple way ot describing the information contained
in an image. An orientational histogram may be based on the gradient of the image mapped
according to its direction. The orientation is mapped into polar coordinates and compared
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to the orientation template of each predefined gesture. The orientational histogram has one

major advantage that it is insensitive to illumination changes, but also has a major disad

vantage of being sensitive to rotation and translation.
The research in neural networks has shown great promise in pattern recognition. The

reason for the popularity lies in the fact that once it is configured using a set of training

examples it forms an appropriate internal representation and decision system. The repre
sentation is distributed across the network as a series of interdependent weights instead of
conventional local data stiaicture. Generalization is an iinportant advantage of the system,

i.e. to a certain degree the variability of the gestures between samples can be compensated

by the network. However, neural nets have several serious drawbacks. A large amount
of training examples are required to obtain a precise recognition. The training phase is

computationally demanding and must be repeated if a new gesture is to be added. Another

problem is to understand how the network actually obtains its weights through training. The
net itself is considered as a black box in which only the number of input and output nodes

are set by the designer. Boehm et ai used the neural network to recognize dynamic gestures

[Boehm et al. (1994)]. One reported disadvantage in their method is the large processing
time for each gesture.

Miners et al. presented a graph-based approach to understand the meaning of hand

gestures hy associating dynamic hand gestures with known concepts and relevant knowl
edge [Miners et al.(2005)]. They used only a small vocabulary as well as a small knowledgebase.

1.6.4

Sign language recognition

The most complicated part of dynamic hand gesture recognition is the sign language recog
nition as both local and global motions of the hand are necessary in addition to temporal
information. Sign language recognition is a multidisciplinary research area involving pat
tern recognition, computer vision, natural language processing and psychology. It is a

comprehensive problem because of the complexity involved in the visual analysis of hand
gestures and the highly structured nature of the sign languages. Sign languages are wellstructured languages with a phonology, morphology, syntax and grammar distinctive from
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spoken languages. The structure of a spoken language makes use of words linearly, i.e., one
after the other, whereas a sign language makes use of several body movements parallelly in

the spatial as well as in temporal space. The linguistic characteristics of a sign language are
different than that of spoken languages due to the existence of several components affectins the context such as the use of facial expressions and head movements in addition to the
hand movements.

In sign language recognition, there are two kinds of gestures to be recognized: one is
the isolated gesture, and the other is the continuous gesture. While the presence of silence

(significant hand pause) makes the boundaries of isolated gestures easy to spot, continuous

sign recognition is much harder as there is no silence between the signs [Wu & Huang
(1 999b)]. Therefore, recognition of gestures representing words and sentences, as they do in

sign languages, undoubtedly represents the most difficult recognition problem. Researches
till date have been limited to small scale systems capable of recognizing only a minimal
subset of a full sign language.

The earliest reported work on sign language recognition is available in [Stamer & Pent-

land.(1995) and Starner et al. (1998)]. Starner and Pentland developed a glove-based sys

tem capable of recognizing a subset of the American Sign Language(ASL). In this method,
tracking of both hands is done by extracting a feature vector consisting of the .v and y po
sitions of hands, the angle of axis of the least inertia (found by the first eigenvector of the
hand blob), and eccentricity of the bounding ellipse. These give a rough description of the

hand shape, orientation and trajectory. Through the use of the time context provided by an
HMM it is possible to recognize the sentence-level ASL. There is no explicit modeling of

the fingers. A disadvantage of the system is that it is user dependent.
As discussed earlier, one major problem associated with continuous hand gesture recog
nition is "co-articulation". There are several approaches to deal with the co-articulation

problem. In one method, Vogler and Metaxas used the context-dependent HMMs. The
idea of context-dependent HMMs is to train bi-sign or even tri-sign context dependent
HMMs. They also proposed an unsnpervised clustering scheme to obtain the necessary

classes of "phonemes" for modelling the movements between signs [Vogler & Mextaxas
( 1997), Vogler & Metaxas (1998) and Vogler & Metaxas (1999)]. The ASL signs are bro-
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ken into phonemes such as movements and holds. Phonemes are used instead of whole

signs as the basic units. HMMs are trained to recognize the phonemes. Since the number

of phonemes is limited, it is possible to use HMMs to recognize large vocabularies.
Liang and Ouhyoung [Liang & Ouhyoung (1998)] also used the HMM approach for
recognition of continuous Taiwanese Sign Language with a vocabulary of 250 signs. The

temporal segmentation is performed based on the discontinuity of the movements according

to four gesture parameters namely posture, position, orientation and motion.
The time-delay neural network (TDNN) is an interesting approach for analyzing time-

varying data [Hu et al. (2004)]. In the TDNN, delay units are added to a general static
network. Some of the preceding values in a time-varying sequence are used to predict the

next value. As larger data sets become available, more emphasis is given to neural networks

for representing temporal information. The TDNN has been successfully applied to hand

gesture recognition [Yang & Ahuja (1998)] and lip-reading [Meier et al. (2000)]. Yang
and Ahuja used the TDNN to classify motion patterns [Yang et al. (2002)]. The TDNN is
trained with a database of ASL signs where the input is the motion trajectories extracted
via multi-scale motion segmentation.

Another important research area of sign language recognition is the finger spelling

recognition. For this, finger motions have to be detected accurately. Some of the related
works cii e given in [Jerde et al. (2003), Chandran & Sawa (2004) and Wu et al. (2005)].
Though researchers proposed different methods for sign language recognition, none
of these methods are successful to address all the problems encountered in sign language

recognition simultaneously. This has motivated the ongoing research in the field of gesture
recognition and sign language interpretation.

1.7

Motivation of the Thesis

As discussed earlier, HCl demands for recognition of wide classes of natural gestures in
a vision based platform with minimum hardware and simplified algorithmic requirements.
Different algorithms for recognition of hand gesture have been proposed till date but none
of them i:. totally successful in recognizing different types of hand gestures in a common
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framework. The research in vision-based gesture tracking and recognition is still far from

maturity [Wu & Huang (2001)] and has not yet advanced to a stage where it can be suc

cessfully deployed as a user interface in consumer-grade applications. The main challenges
in this context are robustness, user independence and view independence. Vision-based

recognition must achieve precision in two complementary domains - very fast tracking of

the position of the hand in the 3D space and exact estimation of the configuration of the

fingers in the hand. To combine these requirements in one system is a major challenge.
Therefore, in order to develop a natural and reliable hand gesture interface, substantial re

search efforts in computer vision, graphics, machine leaming, and psychology is necessary.
Accordingly, this thesis looks into several aspects concerned with hand gesture recognition
and aims at developing algorithms that take care of some of these aspects. The motivation
behind this research work are given below.

1 . Development of a hand tracking and segmentation method with better performance
in a single-camera setup.

2. As discussed earlier, the hand gesture recognition problem can be categorized as
follows.

• Recognition of static hand postures.

• Recognition of dynamic hand gestures having only local hand motions (only
fingers and palm have motions while the arm does not move).
• Recognition of dynamic hand gestures having only global hand motions (the

position of the hand in the space changes due to arm motion while the fingers
and palm do not make any meaningful movement).
• Recognition of dynamic hand gestures having both local and global hand mo
tions.

• Recognition of continuous hand gestures in which the user continually makes

gesture signs. Here a sequence of meaningful gestures are embedded in a con
tinuous video stream with co-articulation and unintentional movements in be
tween gestures.

Existing algorithms for recognition cannot recognize hand gestures having different
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spatio-temporal behaviours in a common platform. These algorithms are only suc
cessful in recognizing only a particular type of hand gesture. Therefore, it is neces

sary to develop a scheme that will integrate different gesture recognition methods in
a common system.

3. All the finite state machine representation algorithms [Davis & Shah (1994b), Bobick

& Wilson (1997), Hong et al. (2000)] use each frame in the gesture sequence to build

up the gesture model. This seems to be computationally inefficient. Since there exists
large amount of temporal redundancy between frames in a video sequence, it is quite

possible to obtain the gesture model from only a selected number of frames in the
sequence.

4. Recognition of continuous hand gestures in the vision based setup is an interesting
and open research challenge. This is due to the effect of co-articulation and the dif
ficulties in gesture spotting. Till now very little work has been reported to cope with

this problem. The methods proposed so far do not address the problems encountered
in recognizing all types of continuous hand gesture in a vision based platform.

5. As discussed earlier, sign languages, although different in form, serve the same func
tion as a spoken language. They are natural languages which are used by deaf-andmute people all over the world. As a consequence, the development of a system for

translating a sign language into a spoken language will be of great help for commu
nication between a mute person and a nonnal being.

1.8

Objective of the Thesis

The goal of this research work is to build a system that uses natural gestures as a modality
for recognition in a vision based setup. Our focus is to recognize dynamic hand gestures

having different spatio-temporal characteristics for HCI applications.
The thesis aims at developing algorithms for tracking and segmentation of the hand

with reduced computational load and better performance. We propose to borrow some of
the concepts used in the MPEG-4 video standard for this purpose. Particularly, the thesis ap
plies the concept of key video object planes for gesture summarization. This summarization
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will be used for representation of gestures with local hand motion only by an FSM-based

method. For representation of gestures having global hand motion only, a trajectory-based
method will be used. These representations will be used for identifying gestures. The pos
sibility of incoiporation of the shape, the spatial position and motion of the hand in a single
recognition system is to be investigated for recognizing wide classes of gestures. The other

issue to be investigated is segmentation of a continuous stream of hand gestures having dif
ferent spatio-temporal and motion behaviours. It will be done using hand pauses as well as
motion information thereby eliminating co-articulation occurring in between gestures.

1.9

Organization of the Thesis

This thesis contains six chapters, including present one. Chapter 2 discusses the proposed
scheme for recognition of hand gestures that consists of local hand motions only. We pro

pose a method for hand tracking and segmentation followed by construction of the finite
state machine model based on shape and temporal information necessary for recognition.

Chapter 3, presents the proposed approach for dynamic hand gesture recognition that in
volves only global hand motion. The method for extraction of hand motion trajectory and
selection of some essential trajectory features for recognition are explained in this chapter.

Chapter 4 explains the proposed dynamic hand gesture recognition model for gestures hav

ing both local and global hand motions. For this, the hand shape information in the form of
key video object plane and spatio-temporal information in the form of motion trajectoiy are
used. We develop a scheme for determining the nature of the input gesture and subsequently

apply the appropriate gesture recognition algorithm. Methods for continuous hand gesture
recognition is proposed in Chapter 5. A discussion on different problems encountered in
continuous hand gesture recognition is included in this chapter. We propose a method to
determine the nature of hand movement at every instant of continuous gesturing thereby

identifying gestural and co-articulation phases in the input video stream. Finally, we draw
our conclusion in Chapter 6 highlighting the strengths and shortcomings of our schemes
and ouiiining possible extensions.
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Chapter 2

Recognition of Hand Gestnres having
Local Motions only

One form of dynamic hand gestures is that in which the gestures are performed by
bending one or more fingers and/or turning the palm in different orientations while the
hand as a whole is held fixed in space. That is, this type of gestures consists of motions
localized at the finger joints and/or the wrist while there is no global motion of the whole
hand. Accordingly, we refer to gestures of this type as hand gestures having local motions
only. In this chapter, we develop a novel scheme for recognizing this type of gestures. In
our method, wefirstform the video object plane(VOP)from everyframe in a given gesture

sequence, where the gesturing hand is the video object. Thus, a series of VOPs is obtained
from the given gesture video sequence. Next, the key VOPs(KVOPs) in the sequence are
selected on the basis of the measure ofchange in hand pose -for a given key VOP, the next
key VOP is the one in which the object (hand) changes its shape significantly. By doing

so. an entire video clip is transformed into a small number of representative VOPs that are

sufficient to define the input gesture. Subsequently, we model the gesture as a finite state
machine (FSM), where each state is defined in terms of hand shape parameters in each

key VOP and the condition for state transition is determined by the duration of a KVOP.
During recognition, the states ofan input gesture are matched with that ofa prototype FSM
available for each gesture in the vocabulary. In our experiment, the proposed method is

used to identify different gestures and a recognition rate of more than 90% is obtained.

This proves the effectiveness of the proposed KVOP based recognition of gestures having
local motions only.
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2.1

Proposed Scheme for Gesture Recognition

One fonn of dynamic hand gestures that is used in many HCI applications is one in which

different gesture signs are generated hy hending one or more fingers and/or turning the palm
in different orientations while the hand as a whole is held fixed in 3D space. That is, this

type of gesture consists of motions localized at the finger joints and/or the wrist while the
hand as a whole does not move. Accordingly, we refer to gestures of this type as those

having local motions only. One such gesture sequence is shown in Figure 2.1.

4

i
Figure 2.1: A gesture video sequence showing only local hand motions.

As we see in this figure, the position of the hand in each frame is more or less fixed
and the gesture is foiTned only hy changing the hand pose. Another common example
of dynamic hand gestures having local motions only is finger spelling. A letter in a sign
language is represented hy a static hand pose, and a sequence of such different hand poses
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Figure 2.2: A finger spelling gesture sequence representing "ABCD" in ASL.

is used to spell a word. For example, Figure 2.2 shows making of"ABCD" in American
Sign Language (ASL).

In view of the various problems posed by one or the other algorithms mentioned in
the previous chapter, we propose a novel scheme for recognition of hand gestures having
only local motions. The algorithm is efficient both in terms of overall system complexity
and recognition accuracy. When viewed in a vision based gesture recognition system, the
change in hand pose appears as deformation in hand image shape. Accordingly, we propose

to identify these gestures by exploiting hand shape information. The proposed algorithm is
based on thefinite state machine(FSM)representation of gestures using key video frames

in a given gesture sequence. The gesture corresponding to the input sequence is represented
by a sequence of states where every state is defined in terms of hand shape parameters in
each key frame. Finally, recognition is accomplished simply by matching the FSM of the
input gesture to that of each gesture in the vocabulary.

In the proposed technique, we use the concept ofobject-based video abstraction, as used
in the MPEG-4 video coding standard, for segmenting each frame in the input gesture se
quence into a video objectplane(VOP), where the gesturing hand is considered as the video
object(VO). A binary image for the hand is subsequently derived and is tracked from one

frame to the next using the Hausdorfftracker [Huttenlocher et al. (1993b), Meier & Nagan
(1998)]. Next, the key VOPs in the sequence are selected on the basis of the Hausdorff dis

tance measure, thereby transforming an entire video clip into a small set of representative
VOPs that are sufficient to represent a particular gesture sequence in a summarized form'.
The frames corresponding to the key VOPs are the key frames that best represent the con'This work has been published in IEEE TENCON 2004(Refer item 5 in Page 198 for details)
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tent of the sequence in an abstracted manner. A gesture can now be defined as an ordered

sequence of states, where the hand shape information in every key frame forms a state and

the number of frames between one key frame and its next key frame gives the time dura
tion for which the hand remains in that state. This constitutes a finite state machine(FSM)
representing the input gesture. For recognition, the FSM representing the input gesture are

matched to each of the prototype FSMs contained in the gesture database, each correspond
ing to one particular gesture sign in the gesture vocabulary. The matching is done on the
basis of state (hand shape) and duration of each state - the input gesture is identified as the
one for which the FSM matching score is maximum.

One notable advantage of the proposed scheme is its robustness to background noise

inherent in HausdoiTf tracking. The Hausdorff tracker can track the object very efficiently
even without background filtering [Huttenlocher et al. (1993a), Meier & Nagan (1998)].
Furthermore, the Hausdorff tracker has the provision of tracking the hand even when it dis

appears momentarily from the capture range of the catuera or when there is sudden change
in the hand shape. The algorithm can also be modified by including background motion es
timation and computation, as proposed by [Meier & Nagan (1998)], so as to extract VOPs

even when the background is moving. Another advantage with Hausdorff tracking is that it

is computationally more efficient than some other well known object tracking methods like

Kalman filter based tracking. This is because, Hausdorff tracking requires no extra compu
tation, such as affine transformation, on account of scaling and rotation of the video object.
In this, "shape change" of the tracked object can accommodate scaling and rotation in suc
cessive frames of the gesture video sequence. The only computation required on account of

shape change is the model update in each frame which is generally computationally much
cheaper than affine transformation.

Compared to the HMM based systems, where the number of states and the structure
of the HMM must be predefined, a gesture model is available immediately in an FSM
based system. As pointed out in [Bobick & Wilson (1997)], the statistical nature of an

HMM precludes a rapid training phase. While well-aligned data segments are required to
train an HMM,the training data are segmented and aligned simultaneously during training
to produce a finite-state machine for a gesture. Another advantage of using the FSM is
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that it can handle patterns of different lengths and states. An FSM can adapt quickly to
accommodate spatio-temporal variability during the training phase and is therefore robust
to any variation in length of the input gesture sequences.

The major contribution here is that the proposed recognizer compares only the selected
key frames of the input video sequence with the existing key frames in the prototype FSMs.
This greatly enhances the recognition speed. The proposed scheme is unlike other tem

plate matching algorithms [Cui & Weng (1997), Polana & Nelson (1994), Bobick & Davis

(1996)], where an image sequence is first converted into a sequence of static shape patterns

and then compared to some pre-stored action prototypes during recognition
The basic steps in the proposed algorithm for recognition of dynamic hand gestures
having local motions only are -

1. VOP generation from the input gesture sequence in which the gesturing hand is con
sidered as the video object. The idea of VOP extraction comes from the MPEG-4
video coding standard, but with slight modification so as to make it suitable for the

present purpose, as will be explained later in this chapter.
2. Extraction of key VOPs in the gesture sequence on the basis of object shape similarity
between successive VOPs, measured in terms of the Hausdorff distance measure.

3. FSM representation of the gesture sequence with each key VOP representing a state
defined in terms of the hand shape in that frame.

4. Recognition via the FSM of an input gesture, and subsequent FSM matching.

These steps are described in detail in the sections to follow.

2.2
2.2.1

Video Object Plane Generation
Overview of MPEG = 4 video coding standard

The MPEG-4 video coding standard enables various content-based functionalities for mul

timedia applications. Unlike its predecessors, viz.-, MPEG-1 and MPEG-2, MPEG-4 targets
more than just coding gains [Tsaig & Averbuch (2002)]. To provide new functionalities for
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multimedia applications, such as content-based interactivity and content-based scalability,
it introduces a content-based representation scheme in which a video scene is treated as

a composition of different moving objects (video objects) that may be separately encoded

and decoded. For this, a prior decomposition of a scene into video objects is necessary.
Subsequently, each video object in a frame is represented by a video object plane (VOP)

which is nothing but a snapshot of the object at that particular frame instance. Thus, each
frame of a video sequence is composed of a set of VOPs corresponding to all the video
objects in the scene.

A video object(VO) extraction scheme for real-time object-based applications should
meet the following criteria:

1. Segmented objects should conform to human perception, i.e., semantically meaning
ful objects should only be segmented;

2. Segmentation algorithm should be efficient and fast; and
3. Initialization should be simple and easy for users to operate, i.e., human intervention
should be minimized.

In view of this, the following two well established methods may be employed for MPEG-4
based video object segmentation.

2.2.2 Edge change detection for VOP generation
One approach to VOP generation is via inter-frame change detection for automatic spotting

of objects and new appearances in a video sequence [Kim & Hwang (2002)]. This method
of VOP generation allows for large nonrigid motions compared to the other approach based

on object tracking. However, in algorithms based on inter-frame change detection, object

boundaries tend to be irregular in some critical image areas due to lack of spatial edge
information. This drawback may be overcome by using spatial edge information to smooth
and adapt the object boundaries in a post-processing stage; the spatial edge information can
be incorporated in the motion detection stage to simplify the algorithm and generate noise
robust results.
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The following three steps describe the process of edge change detection for VOP ex
traction.

(1) Canny edge detection

In the first step, the edge maps of the video frames are obtained by using the Canny edge

detector. Canny proposed an approach to edge detection that is optimal for edges corrupted
by white noise [Canny (1986)]. The optimality of an edge detector is related to three criteria,
as given below.

• The detection criterion expresses the fact that important edges should not be missed
and that there should be no spurious response.

• The localization criterion says that the distance between the actual and the located

position of the edges should be minimal.

• The elimination of multiple responses criterion requires minimal multiple responses
to a single edge. This is partly covered by the first criterion, since when there are two

responses to a single edge, one of them is considered as false. This third criterion
solves the problem of detecting edges cormpted by noise and works against nonsmooth edge operators.

(2) Extraction of moving edge map

As depicted in the block diagram of Figure 2.3, the moving edge ME„ of the n*''' frame
11, is extracted based on the edge maps DEn of the difference image | /(„-i) — In |, En of
the current frame, and E;, of the background. The moving edge model generated by edge
change is given by selecting all edge pixels within a small distance Tchauge of DEn,le..

change ^ {g ^
"

| mill |1 6 - 2:|
|< T change}
xeDEn

(2.1)

In addition to this, the moving edges of the previous frame can be referenced to detect
temporarily still moving edges, i.e..

MEf^ = {ee En \e<^ E„. miii |
|c - .7- ||<
.}. t: lyi thji - 1
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Figure 2.3: Block diagram illustrating the process of VOP extraction.

where T^nu is some predefined constant. The final moving edge map for current frame /„ is
expressed by combining the two maps as

me,, =

U MEf

(2.3)

(3) Extraction of VOP

Once the edges of the moving objects in a video frame are deteeted from the moving edge

map, the VOPs corresponding to the video objects may be conveniently extracted. The
region inside the first and the last edge points in a row is the horizontal candidate for the
object in a frame while that in each column is the vertical candidate. The VOP is then
generated from the horizontal and the vertical candidates in a frame, and processed further
by using morphological operations.
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2.2.3

Hausdorff tracker and VOP extraction

The other method for VOP extraction is by using Hausdorff tracker for tracking moving

objects over frames in a sequence. The core of this technique is an object tracker that estab
lishes the temporal correspondence of objects throughout a video sequence. The advantage

of this approach is that the tracker can keep track of objects even when they stop moving
for an arbitrarily long time. This is important for content-based functionalities. After a

binary model for an object of interest is derived from the edge image, the tracker matches
the model against subsequent frames in the sequence and updates the model in every frame
to accommodate for rotation and change in shape of the object. Thus, the output of the

tracker is a sequence of binary models that guides the extraction of the VOPs [Meier &

Nagan (1998)]. This is discussed in details below.
Overview of Hausdorff distance

The main issue in any pattern recognition problem is to determine the extent to which one

shape is similar to another. The matching technique may be viewed as measuring the degree
of resemblance between two objects that are superimposed on one another. In other words,

the matching technique is usually regarded as maximization of a measure of similarity.
Therefore, to recognize objects reliably, the key is to find an efficient approach for image

matching leading to object search and identification. It is desired that the method is easy
to implement, less time-consuming and produces reasonably good results. In model-based
object recognition, the matching is accomplished through geometric comparison of shapes,
and one such efficient approach is object shape matching by the Hausdorff distance mea
sure [Huttenlocher et al. (1993a)]. The HausdoiTf distance is a non-linear operator, which
measures the mismatch between two sets of image points in space. Although the Haus

dorff distance is not the only reasonable way to judge similarity between two sets of spatial
points, it has been proved to be very effective in image matching problems. The HausdoiTf
distance measures the extent to which each point in a 'model' set lies near some point in

an 'image' set and vice versa. Unlike most shape comparison methods, the Hausdorff dis

tance is not based on finding correspondence between model and image points. It measures
proximity rather than exact superposition. Thus, it is more tolerant to perturbations in the
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Cr^
O

h(l. O)

h(0,I)

niodel point

image point

Figure 2.4: Computation of Hausdorff distance between two sets of points.

positions of the points.

As discussed earlier, the Hausdorff distance can be used to measure the similarity be

tween two shapes. The edge pixels that form the object model are considered as a set of

feature points denoted as O = {oi,

Om}, where m is the number of object edge points.

The same applies to the edge image in which searching is made for the candidate object.

The image set is denoted as / = {zi,

An}' where n is the number of image edge points.

The Hausdorff distance H(0,1) between the two sets of points O and I is defined as given
below.

H{0,1) = max{h{0.1).h{I. O)}
where

/z(0,1) = inaXof^eO'^'^''^iiei I I

(2.4)

-k

(2.5)

h{I, O)= rnaXi^ei^^^'''^o,,€0|
|k — (>k

(2.6)

Here|
| . I j iJ> a suitable norm {e.g., the Euclidean norm). Thus, for every model point o^,
the distance to the nearest image point ii is calculated and the maximum value is assigned

to h{0. I). Similarly, for each image point ?/, the distance to the nearest model point Ok is

computed, and h{I, O) is set to the maximum over all image points. Finally, the HausdoiTf
distance is the larger of the two. This is illustrated in Figure 2.4. As we see, here li{I. O) >

/i{(J. 1) and hence H{O.I) = h{I,0). It is obvious that for H{0,1) = d, every model
point is within the distance d, from any point in I.
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However, the definitions in equations (2.5) and (2.6) may sometime cause some prob
lems. First, if one model or image point is outlying, the resulting Hausdorff distance will

be very large, even if all other points match perfectly. Therefore, a generalized Haus

dorff distance calculation, as proposed by [Huttenlocher et al. (1993a)], is generally used.

In this, instead of using equations (2.5) and (2.6), the distances
, V A- = i

|
| o^. — z, |
|

m, are sorted in ascending order and the p"' value is chosen. Let this be

denoted as /q,(0.1). Similarly,

O)is defined as the y"' value of the ordered distances

I I ii - Ok- I I -V / = 1

.n. With proper choices of p and j, we can essentially

choose how many model points are near to image points and vice versa. The maximum

between hp{0.1) and hj{I, O) is the generalized Hausdorff distance.
The Hausdorff distance may be used for estimating motion of an object from one frame
to next by matching the object in a frame to that in the previous frame. The best match

is found by minimizing the Hausdorff distance between the current frame object and the

object in the previous frame translated by all possible motion vectors. The motion vector
corresponding to the best match gives the motion of the object from the previous frame

to the current frame. Thus, the object can be tracked over all frames in a sequence, as

described below. The Hausdorff distance based matching technique is computationally
cheaper and faster compared to most other object matching techniques. Moreover, it is

robust to noise and changes in shape [Meier & Nagan (1998)]. Further simplification in
Hausdorff distance calculation may be achieved by using distance transform algorithm, as
discussed in Appendix A.

Hausdorff object tracker

For tracking of non-rigid moving objects in complex scenes, Huttenlocher et al. (1993^^
used a model-based method in which two-dimensional models are extracted from the im

age data, and matched to successive frames in the image sequence. Since a model-based
approach is able to exploit global attributes of the tracked object, it can provide signifi
cant advantages over purely local methods in situations where the environment is cluttered
there are multiple moving objects, or when there is a large motion of an object from one
frame to the next. Moreover, the model of an object is acquired dynamically from the
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image sequence, rather than being provided a priori. The main condition for successful

tracking is that the two-dimensional shape of an object does not change by a very large
amount between two successive frames in an image sequence. In this algorithm, an object
is represented as a sequence of binary images, each corresponding to every frame in the
input image sequence. Subsequently, tracking is accomplished by object matching from
one frame to the next using Hausdorff distance between the corresponding binary images.
As shown in Figure 2.5, video object tracking using the Hausdorff tracker consists of
two steps:
• Model initialization

• Model update

Model initialization

(Initial Segmentation)

Model update
(Tracking)

Figure 2.5: The basic two steps in a Hausdorff tracker.

The basic steps involved in model initialization are shown in Figure 2.6. The initial object
model is obtained from the difference image of the first two consecutive frames and the

change detection mask(CDM)is obtained by simple thresholding. The algorithm preserves
the connectedness of the object model during the thinning process, which is essential for
obtaining a 'nice' model. Generally, a short edge component is considered to have been

generated by noise. So, during the process of connected component labelling (CCL), the
final model is obtained by eliminating short edge components with an appropriate choice
of threshold for the edge length.

As the tracked object moves across a video sequence, it may rotate or change its shape.
To alio v for this, the model is updated in every frame. As shown in Figure 2.7, tracking

progresses by comparing the model Mt in a given frame If to the image If^i in the next
frame, thereby finding the transformation specifying the best match of that model to that
image. Then a new model, Af?+i, is fonned by selecting the subset of /,+ i that is 'near'
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Indipcndently moving
component extraction
Edge detection

Thinming

Intersection

Initial Model

Figure 2.6; Flowchart depicting the process of model initialization in a Hausdorff tracker.

Edge detection

Previous model

Hausdorff tracker

Updated model

Figure 2.7: Flowchart depicting the process of model update in a Hausdorff tracker.

TH-1870_02610203

2.2 Video Object Plane Generation
to the transformed model. This new model, Mf+i, represents the shape of the object in

the next frame. The method of tracking an object is therefore based entirely on comparing
two-dimensional geometric structures, as represented by binary image models, between
successive frames in the video sequence. There is no computation of local differential

image quantities such as the optical flow or motion field. Also, there is no a priori model
of the object being tracked. The major aspects of the tracker are listed as follows.

• Decomposing the image of a moving 3D object into two parts - a 2D motion model
and a 2D shape change model. The shape change is assumed to be relatively small
from one frame to the next, but the motion may be relatively large.

• Capturing the 2D shape change between successive frames via analysis of 2D ge
ometric models that evolve over time. The models provide global geometric con

straints necessary for tracking an object.
• Fast 2D model matching using the minimum Hausdorff distance. The Hausdorff

distance measures proximity without computing an explicit correspondence.
Extraction of VOPs

The output of the Hausdorff tracker is a sequence of binary edge images representing the

object of interest. Now, the next step is to extract the corresponding object from the video
sequence. This is done by finding the first and the last model points for each row as well
as for each column in a frame. The pixels in between are assigned to the VOP, and thus the

VOP for every frame is generated.

2.2.4

Method for VOP generation in the proposed gesture recognition
scheme

The VOP generation method adopted in the proposed gesture recognition scheme may be
divided into the following four stages as depicted in Figure 2.8.
• Stage 1: Initial hand model extraction.

Stage 2; Edge detection in the input video sequence.
TH-1870_02610203
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Stage 3: Object tracking and model update.
Stage 4: VOP extraction.

Stage 1

Change detection

Stage 2

Median filtering

Edge detection

Thinning

Background filter
Connected component
labelling
Hand tracking
(HausdorfT tracker)

Model update

M

stage 4

/

Finding horizontal and vertical
component of each VOP

Logical AND operation between
horizontal and vertical candidates

Morphological filtering and
VOP extraction

Figure 2.8: Block diagram for the VOP generation method used in our algorithm.

The RGB frames of the input gesture sequence are converted to gray scale images and the
initial hand model is generated from the starting two frames, as shown in Stage 1 block of

Figure 2.8. In Stage 2, the edge image for each frame is obtained. This edge information
is used tor model update as well as for tracking in Stage 3. Finally, in Stage 4, VOPs are
extracted from the corresponding updated model.
The main tool used in this algorithm is an object tracker that matches a two-dimensional
(2D) binary model of the video object against subsequent frames using the Hausdorff dis
tance. The best match found indicates the translation that the object has undergone, and the
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model is updated in every frame to accommodate for rotation and change in hand shape.
However, the method will be effective only if the video object shape changes slowly from
one frame to the next which we assume to be true in the rest of the thesis.

The video object extraction and VOP generation method was applied for object based

video coding as in MPEG-4 [Meier & Nagan (1998)], object based video abstraction for
surveillance [Kim & Hwang (2002)], etc. However, our algorithm differs from the method

in [Meier & Nagan (1998)] and [Kim & Hwang (2002)] in the sense that we propose to use
nu'dian filtering and logical AND operation suiting the purpose of application, as explained
below.

Initial hand model generation

An initial model is necessary for tracking of video object in successive video frames of the

input video sequence. This is accomplished via the following steps.
1 . Change detection-. This step generates a change detection mask by thresholding the
difference image formed from the two starting frames in the input gesture sequence.
2. Median filtering-. The threshold difference image contains isolated white spots. Me
dian filter reduces these noisy spots thereby generating a smoother initial model.

3. Thinning-. Moiphological thinning is applied to reduce the width of the edges of the
hand model.

4. Connected component labelling-. This process eliminates short edges in the model.
An example of initial model generation using all these steps is illustrated in Figure 2.9.

Edge detection and background filtering
Once the initial hand model is obtained, the next task is to determine any change in the hand

shape in subsequent frames with respect to the initial model. Background filtering is one
desired step when VOPs are extracted from cluttered background. Removal of background

edges reduces the number of points to be considered during the process of shape change
detection and thus speeds up the process of model updation and tracking. However, the
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Figure 2.9; Initial model generation, (a)-(b) First two frames (c) Edge image of the first
frame (d) Difference image (e) Thresholded difference image (f) Median filtering of thresh
old difference image (g) Thinning (h) Connected component labelling. The edge image of
the first frame is included to show the background edges.

algorithm is capable of functioning even without background removal as long as the back
ground does not change significantly. This is because the proposed algorithm uses shape
variation information for gesture modeling. As long as the background edges are more or

less staiionary in a sequence, the performance of the algorithm is not affected.
Hand tracking and model update

The Hausdorff object tracker finds the position where the input hand model best matches the

next edge image and returns the motion vector MVi that corresponds to the best translation.
As the tracked object moves across frames in a video sequence, it may rotate or change

its shape. To allow for this, the model is updated in every frame using the motion vector
information. First, the current model AF-i is dilated and then shifted by the motion vector

M\). Then, the portion of the edge image

that overlaps this modified model is selected

as the new model image M,.

For calculating the Hausdorff distance in different steps of the algorithm, we have used
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the (lisTcuicc transform algorithm [Borgefors (1986)] described in Appendix A which in

turn is computed using the Chamfer 5-7-1 1 mask shown in Figure 2.10. Figure 2.11 shows

an example of a distance transformed image formed by computing the distance transform
at all pixel points in an image.

Figure 2.10: Chamfer 5-7-11 mask.

Fi'jure 2.1 1 : Original edge image and the corresponding distance transformed image.

Finding lost hand during tracking

The tracking method described so far may encounter tracking drift if the hand temporarily

disappears from view or changes shape suddenly fiom one frame to the next. In such
cases, no matching for the current model M, can be found in the frame Ij+i. When this

happens, we compare additional models to fiame U+i. These additional models are the
models from few previous frames, which are chosen as canonical" views of the hand; the
set of canonical hand models is constructed by selecting "distinctive looking" hand models
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from certain frames of the image sequence. This is nothing but a "hunt down" approach,

because the past history of the system is used to hunt for the missing hand. In this, the
"canonical" hand models are matched to the image

until either a good match is found,

or the set of canonical models is exhausted. The first canonical hand model that matches

the image is then used to constmct Mi+\ in the normal manner. If none of the canonical
models match /j+i then the tracker has lost the object(hand) in that time frame and no hand

model M,+ \ is constructed for such a frame. After each model

is created, if at all the

hand is not lost, it is compared with the current set of canonical hand models. If the new
model is sufficiently different from all the other hand models in the canonical model set,
then it forms a new view of the hand and is added to the set.

The technique discussed above is very useful when the hand suddenly disappears from

the capture range of the camera and reappears after few frames. Moreover, this technique
can also cope with the problem of sudden change in hand shape to some extent.
VOP extraction

Finally, the VOP corresponding to the gesturing hand is generated for every frame in the in
put gesture sequence. After finding all the horizontal candidate and the vertical candidate
for the video object (hand) in a frame, the VOP is generated by the logical AND operation

between them and further processed by morphological closing and filling operations. To
find the horizontal candidate, the hand model image is scanned from left to right. The edge

points and all the pixels between two edge points along each scan-line are the elements
of the horizontal candidate. For determining the vertical candidate, the same procedure is

repeated for each column. It is to be noted that in contrary to the existing VOP genera
tion algorithm given in [Meier & Nagan (1998)] wherein logical OR operation is used, we
propose the logical AND operation between the horizontal candidate and vertical candi
date'. This is because, by using the OR operation it is not possible to obtain a hand image
in which the fingers are distinctly separated from each other which otherwise is possible
with the AND operation. This is illustrated in Figure 2.12. It is seen that for hand images,
logical OR operation between the vertical candidate and horizontal candidate results in a
'This work ha.s been published at ICSCt 2005 (Retei item 10 in Page 199 for details)
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blob with all fingers joined together. This results in loss of finger shape information in

the hand image. But, in our case, shape of each individual finger is important as different

gestures are expressed by moving fingers in different ways. On the other hand, as shown
in Figure 2.12(e), the proposed AND operation can result in a hand image in which the fin
gers are distinguishable as desired for the present purpose. An example of VOP generation
using the proposed scheme is given in Figure 2.13 that shows the extracted VOPs from a
long gesture video sequence.

Figure 2.12: Results of logical OR and AND operations between horizontal and vertical
VOP candidates, (a) Updated model (b) Horizontal candidate (c) Vertical candidate (d)
Result of OR operation, where fingers of the hand are lost (e) Result of AND operation,
where fingers of the hand are retained.

2.3 Key VOP Identification and Extraction
Key frame based visual representation has been used in frame-based video indexing sys
tems where the key frames are used to represent the salient content of a video sequence.
Besides visual summarization, representation using key frames allows some of the still im

age features (such as shape, texture and colour) to be used for video retrieval. Accordingly,
many algorithms have been proposed for key frame selection in a digital video indexing
and retrieval system. Some of these algorithms are applied to uncompressed video, and

they involve comparing colour and motion histograms, computing pixel differences, or edge
tracking [Boreczky & Lawrence (1996), Lupatini et al. (1998)].
While key frames provide a summary of the video content, they are unable to provide
an accurate description of the individual objects in a video scene. In MPEG-4 video cod-
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%

H

Figure 2.13: Extracted VOPs from the hand video sequences

ing standard, object-based video representation using video object planes (VOPs) offers
a framework that is well suited for object-based video indexing and retrieval. In such a

framework, the concept of "key frame" is replaced by that of key video object plane (key
VOP) that may be used for visual summarization of the content corresponding to a video

object. However, unlike key frame selection, very little work has been reported on key
VOP selection. One of the very few algorithms for key VOP selection was given by Erol
and Kossentini and used in MPEG-4 based video coding [Erol & Kossentini (2000)]. Their

method is based on the shape content of video objects - significant changes in shape of
the video objects are detected by comparing the shape content of the VOPs on the basis of

Hamming or Hausdorff distance measures. That is, for a given key VOP in the sequence.
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the next key VOP is the one for which this shape change measure exceeds some predefined
threshold.

2.3.1

Proposed method for key VOP selection

Typically, key VOPs are selected such that they reflect significant changes in the shape,
colour, and texture contents of a video object. Using shape content of a video object for

key VOP selection has many advantages overusing colour and/or texture content. First, the
texture and colour of a video object are generally consistent during the object's lifespan.

On the other hand, the shape of a video object may vary significantly due to the object's
movement, structure, occlusion, etc. Therefore, a significant change in the content of a

video obiect is more likely to be detected if the object's shape is employed as a measure.

Secondly, unlike the texture information, the shape information may be coded losslessly or
near-losslessly. Since the human perception is very sensitive to the artifacts at the edges,

shape information is often more truthfully represented than the texture information. There
fore, using shape information makes the key VOP selection algorithm significantly less

dependent on the rate-quality constraints associated with coding of the video object. Using
the shape of a video object instead of its colour or texture is also potentially more compu
tationally efficient. Because of these reasons, we propose to select key VOPs in an input

gesture video sequence on the basis of the shape information of the gesturing hand.
In order to detect significant changes in the shape content, a shape similarity measure

is required. For this, the Hamming or the Hausdorff distance measures may be used to es
timate the difference between two hand shapes, as used in [Erol & Kossentini (2000)]. The

Hamming distance measures the point-by-point difference between two shapes, whereas the
Hausdorff distance measures the largest distance between the contours of two hand shapes

as explained in the previous section. Both of these distance measures are commonly used in
shape matching, and both have different implementation and computational complexities.
However, unlike the Hamming distance where all the points in the objects contribute to the
measure of the distance between two video objects contained in their respective VOPs, the

Hausdorff distance depends only on the two object points (one in each of the two VOPs
under consideration) that have the largest distance between them. Moreover, unlike the
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th reshold used in the Hamming distance based algorithm, the threshold used in the Haus-

dorff distance measure for shape similarity measurement does not depend on the activity
level of the video object [Erol & Kossentini (2000)]. In view of the advantages offered

by the Hausdorff distance based shape similarity measure over that based on the Hamming
distance, we propose to use the Hausdorff shape similarity measure for detecting key hand
poses in the gesture video sequence.

In the proposed method, we first generate binary alpha planes from the extracted VOPs

of the gesture sequence. A binary alpha plane indicates whether a pixel belongs to a VOP
or not. After getting the binary alpha planes, the key VOPs are selected on the basis of

shape similarity measure using Hausdorff distance. The process for key VOP selection
starts with selection of the first VOP in the video sequence as the first key VOP in the

sequence. Following this whenever the Hausdorff distance between the object(hand) edge
in a candidate VOP and its preceding key VOP is larger than a threshold, the candidate VOP

is selected as a new key VOP. The threshold is determined as

T = Xy/n-iin{Mi,

+ min(Vi, Va)^

(2.7)

where A is a predefined scale factor that is constant for all VOPs, Mi and Ni are the widths

and heights of the key VOP respectively, and M2 and N2 are the widths and heights of

the key VOP candidate respectively. Thus, the threshold varies with the dimensions of the
VOPs.

2.3.2

Key VOP selection using ART shape description

Another approach to shape similarity measurement is by using Angular Radial Transform
(ART) shape descriptor that may be used for key VOP selection in a sequence of dynamic

hand gesture'. Region-based shape descriptor is useful in expressing pixel distribution in
a 2D object region. It can describe complex objects consisting of multiple disconnected
region!-

well as simple objects with or without holes. An ART based shape descriptor

has been adopted in MPEG-7 [Erol & Kossentini (2001)]. Conceptually, the descriptor
'Thi.s work has been published in ICVGIP 2004(Reter item 4 in Page 198 tor details)
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works by decomposing the shape into a number of orthogonal 2D complex basis functions,
defined by the Angular Radial Transform [Bober (2001), Manjunath et al. (2002)]. Con

sequently, the normalized and quantized magnitudes of the ART coefficients are used to
describe the shape. ART is a unitary transfomi defined on a unit disk that consists of the
complete orthonormal sinusoidal basis functions in polar coordinates. From each shape, a
set of ART coefficients K,„, is extracted as
"271

r\

(2.8)

F
^ nrn =
'0

Jo

where /(/x 0) is an image intensity function in polar coordinates, and

are the ART

basis functions that are separable along the angular and radial directions, and are defined as
follows;

Vnmip.d) = — exp(jm0)i?,„(p)

Rn{p) =

1

if 77, = 0

2 COs(7r77p)

if 77

(2.9)

(2.10)

0

The ART descriptor is the set of normalized magnitudes of these complex ART coefficients.

Twelve angular and three radial functions are used {n < 3, m < 12) as in [Bober (2001)].
For scale normalization, ART coefficients are divided by the magnitude of ART coefficient

of the order n = 0,777. = 0. The ART coefficient of order n = 0,77?, = 0 is not used as a

descriptor element because it is constant after normalization.
The distance (or dissimilarity) between the two shapes described by the ART descriptor

is calculated using a suitable norm like the
between d"' and

norm. Therefore, the measure of dissimilarity

VOPs may be given as

Dissimilarity =^ \^ Md[i] - ^,,[1]
t

/here M,i and A/^ are the arrays of ART coefficients for these two VOPs.

V

'^

\'
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2.4

Proposed Finite State Machine Representation of Dy
namic Hand Gestures

The block diagram in Figure 2.14 depicts the process fl ow in our proposed hand gesture
recognition system. First, the sequence of VOPs for different hand shapes in the gesture

video are obtained using the method described in Section 2.2.4. During this phase, the
Hausdorff tracker tracks the change in hand positions from one frame to the next in the

input gesture video sequence. Next, the key VOPs are extracted by measuring inter-frame

hand shape similarity using Hausdorff distance measure, as described in Section 2.3.1. By
this, all redundant frames in the input gesture sequence are eliminated. Redundant frames

are those frames between two key frames over which the hand does not move significantly.

Therefore, the hand shapes in these frames are more or less similar to that in the immedi

ately preceding key frame and hence may be discarded from consideration. Thus, the input
gesture sequence is compressed (summarized) to a set of few key frames only. Following
this, a fi nite state machine (FSM) for the input gesture is constmcted in which every key

frame corresponds to one gesture state. Finally, recognition is accomplished by matching
ki

the input sequence of gesture states and the temporal information with those of each proto
type FSM contained in the database of the recognition system; the gesture corresponding to
the matched FSM is the recognized gesture' . The database is constmcted through training
that involves formation of a set of FSMs for a given gesture vocabulary — one FSM cor

responding to each gesture sign in the vocabulary. That means, the training phase allows
the user to 'tell' the system in the FSM terminology what a gesture 'looks' like, while the

recognition phase attempts to match an unknown gesture performed by the signer to a set
of trained gestures.

However, instead of comparing the input FSM to all the prototype FSMs we propose

to compare only the fi rst state of the input to that of the prototype FSMs in the gesture
vocabulary using ART shape descriptions. By doing so we can select one or few likely
voctl

FSMs and discard all others from consideration in the recognition (matching) process. This
greatly speeds up the recognition task.
'This work has been published in ICSCI 2004 (Relei item 6 in Page 198 tor details)
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INPUT GESTURE VIDEO SEQUENCE

VOP GENERATION

KEY VOP SELECTION

ART SHAPE
DESCRIPTOR

GESTURE SUMMARIZATION AND
REPRESENTATION BY FSM

GESTURE RECOGNITION

FSM DATABASE

GESTURE CLASS / RE.IECTION

Figure 2.14: Block diagram for the proposed scheme of gesture recognition.

2.4.1

Characteristics of hand gestures

In this work, we observe several important characteristics associated with dynamic hand

gesture recognition that are useful in developing the finite state machine required for recog
nition. These characteristic properties of dynamic hand gestures have been observed in our

experiments through visual analysis of a number of gestures. These are listed below —
1 . Es'cry gesture has finite completion time, i.e., a particular gesture is generally com
pleted within a fixed interval of time.

2. During gesture recognition by a human, the human visual system generally gives
more emphasis to the initial and the final states of the hand as compared to the inter
mediate states.

3. A human recognizes a particular gesture only when it conforms to some predefined
spatio-temporal variations and crosses a minimum matching level.
Based on these observations, we develop the FSM based gesture recognition system, which
covers a 11 these aspects for recognition of hand gestures.
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2.4.2

Proposed finite state machine(FSM)for gesture representation

Finite state machines(FSM)are used to represent different possible interaction modes and

their transitions. FSMs are directed graphs that are used extensively in computer science to

model a language. In gesture recognition they have been used to represent a gesture to be

recognized [Davis & Shah (1994b), Hong el al. (2000)]. They are very easy to work with
and allow recognition to be done in real-time.
An FSM consists of a finite set of states, represented as circles in most diagrams and
rules for transition from one state to another. Mathematically it may be defined as

A = (Q.S,a,go,F)

where Q

^

(2.12)

of states in the FSM, a defines the set of state transitions while S contains

the conditions for the transitions, qo is the initial state, and F is the set of final states. Since

a gesture may be defined as an ordered sequence of states in the spatio-temporal space, in
the present context, we represent a particular gesture as a sequence of key VOPs associated
with their corresponding frame duration. In other words, the proposed FSM for gesture

representation consists of a finite number of key VOPs as states and the corresponding key
VOPs durations, as shown in Figures 2.15 and 2.16. In Figure 2.16, each state's transition

time is shown by the symbol r, denoting the duration of the key VOP in terms of the number
of frames between the current and the next key VOP. The transition from one state to the

next takes place in a linear manner and is determined by the transition time of the key VOP.
The arrow showing a self-looping of a particular state implies that it remains in the current
state unless conditions for state transitions are fulfilled. The transition time

is indicated

along the arrow.

2.4.3

Training - forming prototype FSMs for gestures in the vocabu
lary

As discussed earlier, the training phase creates a prototype FSM for every gesture in the

gesture vocabulary. For this, a set of training gesture sequences is collected for every gesture

sign in the vocabulary. The training samples are collected from different signers performing
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Figure 2.15: Summarization of long gesture video sequence.

Figure 2.16: Finite state machine for gesture representation

the same gesture sign for several times. This takes into account all possible variations across
different instances of one particular gesture.

As a first step towards FSM formation, VOPs are extracted and key VOPs are selected

in each training sequence. The key VOPs are binarized to form binary alpha planes by

assigning "1" to the hand-pixels in a VOP and "0" to the background pixels. Different
training sequences for the same gesture results in different binary alpha planes for the same

key VOP. The next task in system training is to group these binary alpha planes into a mean
binary alpha plane that represents the state coiTesponding to the key VOP. Thus the states
of the prototype FSM for the gesture is obtained.
Next, the duration of each key frame is measured in terms of the number of video frames

between the concerned key VOP and the next key VOP. This gives the time duration during

which the gesturing hand remains in the same state, that is the hand pose and shape do not

change much during this period of time. Accordingly, the following measures for the
state duration are calculated from the set of training samples and are incorporated in the
prototype FSM.
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• r. gi\ cs the duration for which the hand t:iay retnain in the /''' state.
• r,,,

gi\ es the tna.xiinnin duration for whicit the hand tnay rctnain in the /'*' state.

• r,,,,,,, gi\ es the minimum duration for which the hand tiiay remain in the /"' state.
it is to be noted that in order to take care of the slight variation in gesturing speed from
one sample instance to another, time duration of a state is not considered as one particrdar
value, but in terms of time range which lies between

and

These values are

computed during training, as e.xplained below. A state remains in the same condition i.e.,

no sttite trtmsitioti occurs only when r,,,],,, < r., <

. Algorithm 2.1 gives the steps of

generation of the FSM corresponding to a data sequence for a particular gesture.

Al'^orithin 2.1: Gcncrdtiou of FSMfrom a rraining data sequence
l)egin

read the training data sequence r/,,,
uenerate VOPs {\'()Pi. \'O

OP,, ,)

1 ccid /P//,/./

I<\'()P^ — TOP,

/

\ assign V'OPi as key VOP

1
do // <— // + 1

if shape of \'OP„^i and VOP,, are not sitnilar
/ ^ 1 -r I

K\'()P, ^ \'()P„

count and store r,, for A I OPi
iiiitil n ^

re til 1 11

KV'OP.
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Further, the number of key VOPs depends on the threshold used for shape similarity
measurement — lower is the threshold value, more will be the number of key VOPs in

a gesture sequence. Also, as gestures suffer from large shape variation from sample to
sample, the number of key VOPs is generally not same in all the samples of a particular
gesture. So, it is unlikely to obtain an FSM of unique number of states from each of the
training samples for a given gesture even when the shape similarity threshold is fixed at a

particular value. To take care of this, we select a fixed value for the threshold and propose to
adopt a "majority-based" scheme. Let, the majority of the training samples produce FSMs
of length A'. Then, in order to take care of the variation in nutuber of states of FSM, we
select only these FSMs of length K while all other FSMs are eliminated from the training

process. The final model for the giveii gesture is obtained from these selected FSMs only by
takiiig average for each state and determining T,„ax( and

for each state. The procedure

is applied for all gestures in the vocabulary and a database of FSM models, one model for
each gesture is generated. This database is used for the purpose of recognition, as described
in the next section.

2.5

Gesture Recognition by FSM Matching

In the recognition phase, the user continuously performs unknown gestures that the system
identifies as meaningful gestures. We assuiue that the starting point of the input gesture

sequence is known. With this assumption, the FSM corresponding to the unknown gesture
is generated. The first state of the FSM along with its transition time is compared to that
of the first state in each of the FSM models stored in the database. All model FSMs whose
first state matches with the computed first state and the transition time satisfies the time

constraint

< r,; < r,naxi are considered in the next stage of recognition, while the

remaining FSMs are discarded from further consideration. The state matching is done via

shape similarity measurement with certain degree of tolerance.
As the signer continues to make the gesture, the second key VOP in the sequence is
obtained and the corresponding state and the time durations are extracted. The second state
and the corresponding transition time are compared with those of the short-listed model

/
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FSMs in the first step in the same way as done for the first state. Based on the comparison
residts, some FSMs may be discarded from the list and some will be retained. The process
continues as all subsequent key VOPs in the input gesture sequence are obtained. Thus,

as the gesturing progresses, the search domain gradually reduces. Finally, the input is
recog

nized as that gesture corresponding to the FSM in the list whose final state is reached

successfully.

Variation in number of FSM states during recognition

The number of key VOPs and hence the number of states in a test gesture sample will

depend on the choice of threshold for key VOP selection. Also, due to hand shape variation
the number of states in a gesture generally differs from sample to sample. Hence, the

number of states in a test gesture sequence may not be same as that of the prototype FSM

corresponding to the gesture to which the input really matches. As shown in Figure 2.17,
Case I is the ideal situation, where the number of states in the two sequences are equal.
For recognition of this type of gesture sequence no extra decision and/or computation is

required other than state and transition time matching. For Case II and Case III, where
there are missing or redundant states respectively in the test gesture sequences, straight

forward state matching will not serve the purpose. Here FSM matching is performed either

by skipping the redundant states in the input or by ignoring the missed states in the prototype
FSM, as the case may be, while taking into account the duration of the missed or redundant
states, as illustrated in the figure. For the example of missing state given in the figure, the

input FSM matches to the prototype FSM if
1. the first, second and the last states of both the FSMs match perfectly satisfying the

corresponding time duration constraints.
2. the third states of both the FSMs match, and

3. the time duration of the third state in the input (ra) satisfies the combined time con

straint of the third and fourth states (r^ -1- t^i) of the prototype FSM.
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Siinilarl_\', Ibr Case III in the figure, the input matches tiie prototype FSM if
1 . the fu'st, second, third and the last states ofboth the FSMs match pertcctly satisfying
the corresponding time duration constraints.
2. the Iburlh state ofboth the FSMs matches, and

3. the time duration oi'the fourth state (T]) in the prototype FSM satisfies the combined
time constraints of tbe fourth and fifth states (ri +

in the input FSM.

Thus, the transition time plays a crucial role in resolving the issues of missing and redundant
states.

Iii|>ui gcsliire

^ A S^

l-S.M in (liHahiisc

lit|)iil gi'sliiie

I .SM ill (latiihtise

I tiput gcvl tin

l"S\l ill (lafiiliase

Figure 2.17: Recognition in case of FSMs having different number of states. Dotted arrows
indicate the states that are compared to each other. Case 1 is an ideal case where the nutiiber
t)f states in both input and database hSMs are same. Case 11 shows an input with one
missinu state while Case III shows an input with one redundant state.
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Threshold for state matching during recognition

It is very unlikely to obtain exact shape matching between the states of the input gesture

sequence and the best match FSM in the database. This is because of the spatial and shape
variations that will naturally occur between different tokens of the saiue gesture performed
at different instants of time even by the saiue signer. Also, there is always some variation

in gesturing from one signer to another. Therefore, it is necessary to introduce some toler
ance for the mismatch between the two states (one corresponding to the input and the other

corresponding to the FSM to which the input is compared). The compared states are to
be declared "not matching" only if the dissimilarity lueasure between theiu exceeds some

predefined threshold'. This threshold value is decided during the training process by evalu
ating the maximum variation that occurs among the training samples. However, the degree

of variation in hand shape is not same for all different states in a gesture and depends on
the nature (hand pose) of the state. For example, less variation is observed in cases of hand

completely closed or coiupletely opened, while luore variation is observed for states corre
sponding to half open hand. This suggests that the choice of the threshold value should be
different for different states corresponding to different hand poses - more the shape varia
tion is observed, higher the value of the threshold and vice versa. The idea behind this is

that for higher variation in the shape parameter there is less chance of rejection during state
matching.

Flexible state matching for recognition
Another consideration in setting the threshold for shape matching is the order in which the

state occurs in a gesture sequence. We observe that generally during gesture recognition

human gives more emphasis to the first and last position of the hand in the gesture sequence
while the importance of all intermediate states is relatively low. Based on this observation,

we design our recognizer such that it matches the shape matching criterion very strictly
for the starting and ending states while it is less stringent for intermediate states, as per the
fiexihilin\function shown in Figure 2.18. The flexibility is introduced by weighting the state
'Tlii.s work has been published in IEEE Inclicoit 2005(Reter item 1 1 in Page 199 for details)
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matching threshold values obtained before. The modified threshold value for a particular
state IS e I veil as

11 ciqhfcd Threshold = Threshold x (1 + Flexibility value)

(2.13)

where the flexibility value is determined by empirical study from the flexibility function
given in Figure 2.18. For example, let the threshold value obtained for a particular hand

shape (state) s, be r,. as obtained through training. Then, if this state

appears as the

first state in an FSM, then its threshold value will not change. On the other hand, if this

state appears in the middle of a gesture sequence then the corresponding threshold will be
modified to i.(i T)., thus allowing for more shape variation during matching.

Flexibility

Intermediate

Figure 2.18; Variation of threshold flexibility for recognition.

FSM indexing for fast recognition

The searching of a suitable FSM in response to a particular input gesture may be accelerated

by indexing the FSM database by using the Angular Radial Transformation (ART)defined
in Section 2.3.2. For every prototype FSM in the database, the shape description of the
first state is obtained using the ART. We used 35 ART coefficients for representing a shape.
Therefore, for every FSM in the database we obtain a set of ART coefficients that forms a

shape description vector corresponding to the hand shape in the very first state of that FSM.

The shape description vectors thus obtained from the total database are then vector quan-
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tized to form a set of codebook vectors and the FSMs are indexed as per the quantization

indices in the codebook. That means, FSMs with similar starting states are assigned the
same index and each index corresponds to one or more FSMs in the database, as shown in
Figure 2.19.

Indexing

Figure 2.19: Indexing of FSMs by ART shape descriptions, where (n > m).

During recognition, the ART shape description coefficients for the hand shape in the first
state of the input gesture is computed. This set of ART coefficients is then compared (in
terms of

norm) to the codebook vectors generated above and the index corresponding to

the best match is determined. Subsequently, prototype FSMs bearing this best match index

are only considered while all other unlikely FSMs are discarded from further consideration.

This greatly helps in reducing the number of searches during the reeognition phase.
Recognition of static hand gestures

The FSM based representation and recognition scheme proposed for dynamic hand gesUires
is also extendable to static hand gestures. A static hand gesture may be viewed as a special

case of dynamic hand gestures that consists of only one state occuiring for indefinite time.
Accordingly, a static hand gesture may be represented by an FSM that consists of only one

state occurring for infinite time. It may be recognized by simple shape matching.
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M()\ement epentliesis ami eo-ai ticiiiation deteetion during recognition

C()-cii-iniiUi!i())i is obscrx cd in the case ofa continuous hand gesture sequence where differ

ent gestures tire connected one after another in sequence [Shamaie et al. (200 1)]. Movement

epenthesis occurs due to unwanted hand movement during transition from one gesture to
the next. As explained earlier, for recognition, tiie input gesture states are matched with the

states ol'each i'SM in the gesture \'Ocabulary database obtained through training. Recogni
tion is nothing but a string matching between the input state sequence and the state sequence

of tin I'S.M. i-\n- an input seqtience, the gesture recognizer decides whether to stay at the cur
rent state or to jump to the next state based on the shape similarity and duration criteria. If
all the stiites of the input are passed successfully then a gesture is recognized. Else, the

input is considered to be a non-gestural sequence and is possibly the co-articulation phase
in between two gesture phases. Thus, the proposed FSM based technique has the poten
tial for eo-artietilation deteetion in a mtilti-gesture situation. The details of FSM based
co-articulation detection is inx estiuated in Chapter 5.

2.6
2.6.1

Experimental Results
Test gesture sequences

The input images were captured by a CCD camera at a resolution of 120 x 160 pixels. The
videos were acquired as RGB colour video and converted to gray-scale frames for further
processing.

For experiments, we created a video database ol ten dillerent gestures, each ha\'ing

local motions only. The proposed algorithm was applied to a database containing 2000

gestures of these classes performed by 10 persons. Each person was asked to do his/her
gestines 20 times for etieh of the 10 gestures. The gesture data was partitioned into two sets
one lor training and the other for testing. The choice ol these gestures is in \ iew of their
practical applications in human-computer intenictive systems like remote robot control and
hand gesture based menu activation in window based soltvvares. The hrst four gestures are
selected on the basis of Sebastien MarceFs online database and other six are defined to meet
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the above requirements. These gesture sequences are -

1 . Stop-grasp-OK sequence (OK): Starting from a closed position, the hand (palm)

gradually opens completely and then closes again.
2. Clic sequence (CLIC): The gesture starts with the index finger stretched upward
while all other fingers are closed. The index finger then gradually closes and opens
back to the initial position.

3. No sequence (NO): At start, the hand shows one by one finger in the up position with
left sided inclination. The hand then gradually goes to the right inclination and finally
to the left original inclination while making the same sign.
4. Rotate sequence(ROTATE):The hand is completely opened with all fingers stretched

up that sways from left to right and then back to left.
5. Close to Open (CO): The hand just goes from closed to complete open position. This
is shown in Figure 2.20(a)

6. Open to Close (OC): It is just the opposite of "Close to Open sequence", as depicted
in Figure 2.20 (b).

7. Close to One (CONE): Here the hand is initially in closed position, and then it

slowly moves to one sign indicative position with the index finger stretched upward,
as shown in Figure 2.20(c).

8. Close to Two (CTWO): This is similar to "Close to One" sequence except that the
hand moves to make sign for two with index and middle fingers stretched upward.
This is illustrated in Figure 2.20(d).

9. Close to One and then Two (COT): At the staiting the hand is totally closed. Then

slowly it shows one indicative position and then gradually it moves to two sign in

dicative position. Then the hand waits in this position for a considerable period of
time to indicate the end of the gesture.

10. Open to One (GO): The hand is completely open at start and slowly it turns into one
sign indicative position.
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2.6.2

Experimental conditions

Experimental Constraints

In our gesture recognition experiment, the user is constrained to the following four condi
tions for making a gesture. Accordingly, the proposed recognizer is capable of identifying

gestures only in a constrained condition. The conditions are as follows;
1 . The hand is to be inserted after some time within the capture range of the camera so

that the background image can be captured.
2. The hand should remain still in start position until gesture motion begins.

3. The fingers and the palm must be moved smoothly and gently.
4. After completion of a gesture, the fingers and the palm must remain in the final ges
ture position for a sufficient period of time to indicate the end of the gesture.

Choice of background

In our experiment, we use a comparatively simple background as seen in Figure 2.20. More

over, all the experiments are performed under nearly constant uniform illumination condi
tion. This is because hand segmentation and subsequent gesture recognition in a cluttered

moving background and/or under variable lighting condition are beyond the scope of the
current research.

2.6.3

Gesture summarization

Selection of parameters

A VOP was generated from each frame using the procedure explained in Subsection 2.2.4.

The values of different parameters needed in our experiment for various stages of VOP
generation are tabulated in Table 2.1. The parameters are determined by trial and errors.
Some of the experimental results are presented in Figures 2.9-2.13.
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Table 2.1: Different parameters used for VOP generation
Stages

Parameter and Value

Comment

Determined by trial and error
Chanse detection

Threshold = 8

and then kept constant

for all the sequences.
Edge detection

SIGMA= 0.25

Standard deviation of Gaussian

(Canny detector)

Low Threshold= 0.08

and Hysterisis thresholding.

High Threshold= 0.2
Median Filtering

Window size 3x3

Removes isolated edge points.

Connected

Edge-length Threshold = 8

Edges shorter than 8
are eliminated.

component labelling
Background filtering

BGS= 1, BGE=10

Starting and Ending frame no.
for background reference,

Hand tracking

p■ — j = 10000

p, j represents rank

coiTesponding to
generalized Hausdorff distance.

(Determined by trial and error)

X_SEARCH= 16

Object searching range.

Y_SEARCH= 16

Model update

DIST_THRES= 5

Within this distance, pixels
of the old model ai'e updated.

VOP extraction

Filter Threshold = 2

Short nudesired

edges are removed.
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Key VOPs extraction

The first set of experiments illustrates the concept of key VOPs. The scale factor A in

equation 2.7 is experimentally chosen as 3 and kept constant throughout the experiments.
For illustration, the image sequences con-esponding to "Rotate","No","Clic" and "StopGrasp-OK from the Sebastien Marcel's online database were considered. The results of

key VOP selection for these four image sequences, are shown in Figures 2.21-2.24. The
first row of each figure shows the original image sequence, second row shows the difference
edge images, third and fourth rows show horizontal and vertical candidates of a particular
VOP respectively. The AND combination of vertical and horizontal candidates of each

VOP is shown in the fifth row. After morphological filtering we get the binary alpha plane
corresponding to each VOP, as shown in the sixth row. The last row of each figure shows
the finally extracted key VOPs with all in-between redundant frames discarded.

Table 2.2 shows the number of key VOPs obtained in the test video sequences. We
observe that the number of key VOPs obtained is considerably less than the total number
of frames in the sequence. So, gesture summarization will indeed reduce the computational
burden in the recognition process.

2.6.4

Gesture classification results

The classification results on the test data using the proposed method of recognition are
shown in Table 2.3 in the fonn of the confusion matrices, the accuracy rates, the error rates

and the rejection rates. A confusion matrix consists of rows indicating the actual pattern
(gesture) classes and columns for the classes recognized by the recognizer. Hence the
scores on the leading diagonal represent correctly classified gestures. Scores off the leading
diagonal illustrate how the incorrect classifications are distributed. The other teimis in the
table are explained in Section 1.3.1.

It is observed that good recognition performance is achieved for all the gestures under

consideration. The highest recognition rate of 96.7% is achieved for the NO sequence and
the OC sequence. However, we note that, the proposed recognizer makes false judgement
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Figure 2.21: Key VOP selection for "Rotate" sequence
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Figure 2.22: Key VOP selection for "No" sequence
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Figure 2.23; Key VOP selection for "Clio" sequence

Figure 2.24: Key VOP selection for "Stop Grasp OK" sequence
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Table 2.2: Table showing summarization of the gesture sequences

Gesture

No. of frames in

Total no. of frames in

sequence

the sequence

summarized sequence

cue

ROTATE

CONE
CTWO
COT

in classifying CTWO and COT sequences in some critical conditions. The ambiguity in
recognition occurs if the hand makes very slow transition from one state to the next. This

suggests that for the COT sequence, the hand should not stay in 'one' indicating position

for a long time and transition from 'one' to 'two' should be very gradual and steady to avoid
this ambiguity.
Results of gesture recognition on the same sequences using an HMM (hidden Markov
model) classifier [Ramamoorthy et al. (2003)] are given in Table 2.4 for comparison. It

is seen that gesture recognition and classification accuracy rate of the proposed method is
comparable to that of the HMM based recognition. Similar performance of classification is
observed in the case of each individual sequence.
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Table 2.3; Experimental Results; Confusion matrix showing the gesture recognition rate
using the proposed FSM-based method.

No. of training samples per class; 50
No. of test samples per class; 150

No. of test pattern assigned to different classes
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00
Table 2.4: Experimental Results: Confusion matrix showing the gesture recognition rate
using HMM classifier.

No. of training samples per class: 50
No. of test samples per class: 150
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2.6 Experimental Results

Static gesture recognition

As pointed out earlier, the proposed system degenerates into shape-based matching in the
case of static gestures. To test the recognition capability of the proposed shape matching
in the case of static hand gestures, we used four hand shapes as shown in Figure 2.25.
In all these cases, 50 training samples and 150 test samples were used. Table 2.5 shows
the accuracy rates in case of the selected static gestures. The recognizer gives an average
accuracy of more than 99%, which is a very good recognition rate for any Hirman Computer

Intelligent Interaction (HCII) system. The slightly lower recognition performance may be
attributed to the confusion in classification between gestures 'One' and 'Two' when two

fingers are not clearly distinguishable in the later case.

Figure 2.25; Some of the experimental static hand shapes showing "Close","Open""One'
and "Two", respectively.

Table 2.5: Table showing static gestures recognition rates
No. of training samples per class: 50
No. of test samples per class: 150

Static gestures Recognition rates
CLOSE
OPEN
ONE
TWO
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2.7

Concluding Remarks

In this chapter, we have developed an FSM based novel technique for recognition of hand
gestures having local motions only. One notable advantage of finite-state machine represen

tation ot gesture is that it can handle gestures of different lengths. In the gesture represen
tation scheme, we have considered several characteristics that are observed in real gesmre
sequences. For recognition, we have taken clues from the gesture recognition by human and
have accordingly set different matching thresholds for different states in an input gesture.
As discussed in this chapter, the Hausdorff tracker used in our method takes care of

rotation and scaling of the hand thereby saving some amount of computations necessary
for determining affine motions. Further, incorporation of median filtering in the model for

mation stage enhances the tracking performance. More importantly, introduction of logical
AND operation in the final VOP generation step preserves the finger infoiTnation in the
gesturing hand.

Experimental results confima that by using key VOPs,a particular gesture can be uniquely
modeled in terms of a finite number of states with every key VOP as a state. The advantage

of key VOP based state representation is that only the shape similarity measurement for key
VOPs are required instead of all frames in the video sequence. This greatly enhances the

recognition speed.

We compared our proposed recognition system to an HMM based recognition system.
HMM classifiers are very efficient for classifying dynamic data patterns. Nonetheless, our

system yields slightly better recognition accuracy for the selected gestures than the HMM
based approach. This proves the effectiveness of the recognition system proposed in this
chapter
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Chapter 3

Recognition of Hand Gestures having
Global Motions only
In this chapter, we consider anotherform ofdynamic hand gestures that are character
ized by total movement ofthe hand (arm) in space. For these types ofgestures, the shape
ofthe hand (palm) during gesturing does not bear any significance. We refer to this type of

gestures as hand gestures having global motion only. For these types ofgestures, hand mo
tion trajectory and the associated trajectoryfeatures are usefulfor recognition. In our work,
we propose a model-based methodfor tracking hand motion in space, thereby estimating

the hand motion trajectory. We also employ the dynamic time warping (DTW) algorithm
for time alignment and normalization ofspatio-temporal variations that exist among sam
ples belonging to the same gesture class. During training, one template trajectory and one
prototypefeature vector are generatedfor every gesture class. Features used in our work
include some static and dynamic motion trajectoryfeatures. Recognition is accomplished
in two stages. In the first stage, all unlikely gesture classes are eliminated by comparing
the input gesture trajectory to all the template trajectories. In the next stage,feature vector

extractedfrom the input gesture is compared to all the class prototypefeature vectors using
a distance classifier. Experimental results demonstrate that our proposed trajectory based
gesture classifier is capable ofyielding more than 95% ofclassification accuracy and hence
is suitablefor application in a Human Computer Interaction (HCI)platform.
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3.1

Proposed Scheme for Gesture Recognition

In this chapter, we consider one fonn of commonly used dynamic hand gesture in which the

2D gesture trajectory alone builds up a particular message. For these types of gestures, as
the hand moves in space, there is not much change in the hand shape, finger configuration
and palm orientation. That means, in these types of hand gesmres there is global motion of

the hand as a whole, while there is no partwise local movement in the hand. Examples of
few such gestures are shown in Figure 3.1.

Dynamic hand gestures of this kind may be interpreted as a set of points in a spatiotemporal space represented by {{xi. yi). {xo. y-^)
)}' where
is the
instant
spatial position of a predefined reference point on the hand. This is illustrated in Figure 3 2
that shows the hand trajectory in the spatio-temporal space, where the spatial position ofthe
hand in every frame along the temporal (time) axis is projected onto the x^-plane. There

fore, an essential step for recognizing such a gesture is to estimate the 2D gesture trajectory
Eventually, the gesture can be recognized by identifying the trajectoiy via analysis of some
selected hand motion parameters.

As mentioned above, the first task in recognizing gestures having global motion is to
track hand motion from the input gesture video sequence and subsequently estimate the tra

jectory along which the hand moves during gesturing. While trajectory estimation is quite
simple and straightforward in glove-based hand gesture recognition system that provides
spatial information directly [Quam (1990), Stunuan & Zeltzer (1994)], trajectory estima
tion in vision-based system may require applying complex algorithms to track hand no "

tions across frames using image silhouettes and edges. One such method is given by Yang

Figure 3.1: Gestures representing "two","three","wavy hand" and "square" respectiv 1
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Figure 3.2: 2D hand motion trajectory in spatio-temporal space.

et al.(2002)that uses skin colour to segment out hand regions and subsequently determines

2D motion trajectory. However, hand tracking algorithms in general are plagued by some
difficulties such as large variation in skin tone, unknown lighting conditions and dynamic
scenes.

For simple and small motion, the Kalman filter may be employed to estimate, inter

polate and predict the motion parameters. But, this requires fine initial model and also

demands additional computations whenever there is any rotation and change in hand shape.
Also, the Kalman tracker is very much sensitive to background noise and is based on small

motion assumption that often fails to hold in hand gesture motion [Wu & Huang (2001)].
Moreover, the Gaussian assumption in case of Kalman filtering is usually invalid in real
world situation.

In [Black & Jepson (1998a)], Black and Jepson extended the Condensation (conditional

density propagation) algorithm to determine temporal hajectories . Since a sampling tech

nique is used to represent the probability density in the condensation algorithm, their ap
proach avoids some difficulties associated with Kalman filtering. Motivated by this. Black

,
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3.1 Proposed Scheme for Gesture Recognition

et al. used the mixed state condensation algorithm to recognize a large number of c^estures

using temporal trajectories [Black & Jepson (1998b)]. Here, the authors focused solely on
applying condensation to identify temporal trajectories, and left for future work the problem

of leveraging the temporal models as constraints on object tracking. As such, they ignored

the tracking aspect of the problem all together; only simple phicons (physical object icons)
of distinctive colours are tracked by a colour blob tracker. Developing temporal trajectories
using the condensation algorithm is a relatively ad-hoc process that may have difficulties in
capturing the way in which different individuals make the same gesture. Moreover, in this

approach all the trajectory points are considered for building up a trajectory model as well
as for recognition. This seems to be computationally inefficient.

In an attempt to overcome all the above luentioned difficulties, we propose a model-

based method for tracking hand motion in a gesture sequence'. In our work, we use the con
cept of object-based video abstraction via segmenting the frames into video object planes
(VOPs) with the hand as the video object. Next, a binary image for the moving hand is
created and is used for tracking in subsequent frames using the Hausdorff tracker. The al

gorithm for the tracking process has been described in the preceding chapter. Next step
of the proposed scheme is to select few key VOPs. Following this, we employ a centroid
based method for estimating the hand trajectory, where centroids of the key VQPs

culated on the basis of moment equations as well as from respective motion vectors The
computed centroids are then joined in the temporal sequence to obtain the final estimated

trajectory. This is followed by final smoothing of the extracted trajectory and subsequently
approximated the trajectory by applying MPEG-7 motion trajectory representation tech
nique [Manjunath et al. (2002)].

For pattern classification purpose, we propose to compare an input trajectory pattern
with all predefined prototype gesture trajectory patterns using Dynamic Time Warn' o
to

(DTW). The DTW is a template-based dynamic-programming matching technique that is
applied to problems with temporal variability. It provides for nonlinear time aligm-uent and
normalization thereby eliminating the temporal variability that exists between differrent tra

jectories. Further, in our proposed pattern matching technique, instead of consideriing all
'This work has been published in ICSCI 2005 (Refer item 10 in Page 199 for details)
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the trajectory points, we map some selected points (key points) on the template trajecto

ries onto the test trajectory. This discrete trajectoiy matching technique greatly reduces the
computational burden.

The next important step in gesture recognition is to select suitable and appropriate mo
tion features that describe the extracted input trajectory in tenns of numerical values. Since
hand gestures generally show large variations in shape, motion and textures, selecting good
features is crucial for accurate recognition. In view of the present problem, we propose to

use some basic trajectory features like the ti-ajectoi-y length, the number ofsignificant curves

in the trajectory and the velocity features so as to accomplish trajectory guided recognition
successfully. Velocity features include the mean and the standard deviation of the speed

by which the hand moves during gesturing, and the number of minima in the velocity pro
file that corresponds to the number of sharp corners in the trajectory. While the trajectory

length and number of comers may be considered as static features, velocity features are
the dynamic features considered for defining the nature of the hand motion. Finally, trajec
tory classification is accomplished on the basis of the Euclidean distance between the set
of static and dynamic features extracted from the input and each of the prototype gesture

trajectories contained in the gesture vocabulary database'.
In a nutshell, the proposed method estimates hand motion trajectory from the segmented

out VOPs which preserve the spatio-temporal infonnation about the input hand gesture.
Recognition of gestures is then accomplished via matching of trajectory shape and trajec
tory features. For fast recognition, we select few key points on the gesture trajectory and use

only these key points for trajectoi-y matching as well as for feature extraction. Key-point

based trajectory representation significantly reduces memory requirement for storing the
trajectory information. In the proposed method, spatio-temporal variation is collectively
coped with the DTW-based nonlinear time alignment of trajectories and the maximum

boundary deviation {MBD) - based shape similarity measurement. Once a paiticular ges
ture has been recognized, it may be mapped to a comesponding action for human-computer
interaction. Thus the proposed system is suitable for HCI applications.
'This work has been published in Journal of Experimental and Theoretical Artificial Intelligence (Refer
item 1 in Page 198 for details)
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3.2

Proposed Trajectory Estimation Algorithm

3.2.1

Hand tracking and estimation of the motion vector

One obvious and essential step in hand motion trajectory estimation is to determine the
motion of the gesturing hand from one frame to the next in the sequence. For this, we

employ a hand tracking algorithm that is based on an object tracker that matches a two-

dimensional binary image of the object (hand) in subsequent frames using the Hausdorff

distance. In our proposed technique, VOPs for different hand positions are obtained from
the input gesture video sequence, where the hand is considered as the video object. The
details of VOP estimation are described in Chapter 2. In the next step, the Hausdorff object
tracker finds the position where the input hand image best matches the next edge image

and returns the motion vector that represents the best translation. The best match found

indicates the translation the object has undergone, and the model is updated with every
frame to accommodate for rotation and change in shape.

In the hand tracking process, we use a simplified Hausdorff tracker with reduced compu

tational load. Considering the VOPs O and /, our aiiu is to find the motion vector between
() and 1 through the Hausdorff tracker. As explained in Chapter 2, an effective way to

approximate the Hausdorff distance is the generalized Hausdorff distance in which the dis

tances /n

|1

|
|for all

G O are sorted in ascending order and the

value is

chosen as hp{(), /). Similarly, /?y(J, O) is defined as the j"' value of the ordered distances
|1 n - o/,|
|for all q e I. The maximum of these two gives the generalized Haus

dorff distance H{(). /). In order to speed up the computation, the generalized Hausdorff
distance is calculated via distance transform [Borgefois (1986)] which in turn is accom

plished using the Chamfer 5 — 7 — 11 mask. Further reduction in computation is achieved

by searching the shifted hand image only at pixel locations in a search window around the
model image in subsequent VOPs. The algorithm for determination of motion vector MVj
for the

VOP relative to the (? — 1)"* VOP may accordingly be described as given below.

102
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Algorithm 3.1: Estimation of Motion vector
Given (/ — 1)"' VOP C) and the i"' VOP I, a set of translated vectors T
and integers p and j

begin

for' ^

/„) G T

Calculate distance transform of edge images O and I.

Calculate hj,j{(). 1).
Calculate h ,j{I. O).

Determine//((fC/) =

.O)}.

end.

Find iniri{Ht{(). I)) overt G T.

Note the translation vector t = (t',., t^) corresponding to min{H{0,/)}.
Mv, =
return MV,

3.2.2

Determination of the hand image centroid

In order to form the trajectory from the positions of the hand across the gesture sequence,
it is necessary to define a single point on the hand and the trajectory can be obtained by

joining the coordinate of this reference point in every frame in the sequence. For this, we
choose to use the centroid of the hand as the reference point. This is because even if there
is some local motion in the fingers, the centroid will be approximately at the center of the
palm and hence the coordinate of this centroid in a frame will best represent the position of
the hand in that frame.
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The centroid ol" the hand in a frame can be easily computed from the first moment of
the binary image of the hand. The VOPs obtained are binarized to form binary alpha planes
by assigning "T" to the hand-pixels in a VOP and "0" to the background pixels. After
determining the binary alpha plane corresponding to each VOP, the centroid of the hand in

each VOP in the gesture sequence is determined using ()"' and T"' order moments. The 0^''
and the 1"' moments are defined as [Jain (1989)]:

Mod

X]X!

The centroid

(3-1)
(/,.) is calculated as

,r,. =

(3.2)

In the above equations, /(.r, y) is the pixel value at the position (.x, y) of the image. Since
the background pixels are assigned "0", the centroid of the hand in a frame is essentially the

centroid of the binary alpha plane. Therefore, in moment calculation, we may either take
the summation over all pixels in the frame or over only the hand pixels.
Once the centroid of the hand in the first VOP is known, the centroids in all subsequent

VOPs can also be determined using the motion information obtained above. The centroid
in a VOP, say the

VOP, is determined by shifting the centroid of the previous VOP by

the motion vector MV, corresponding to the cument frame. However, slight changes in the
shape of the hand in successive frames may cause shifting of actual centroids from that
computed from the motion vectors, as shown in Figure 3.3. In view of this, an estimate for

the centroid c, of the

VOP is obtained by taking the average of the two centroid values

computed from the moments and the motion vector respectively'. The averaging is done to
reduce the variance of the estimation error. This is illustrated in Figure 3.4.
'Thi work has been published in Springer-Verlag 2005 (Refer item 2 in Page 198 for details)
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### f ♦ % H
Figure 3.3: Centroids calculated by motion vector and moment equations in VOPs.

Centroid computed by
Motion Vector

Motion

Vector

Final Centroid

Centroid computed by
Moment Eqn.

Figure 3.4: Pictorial illustration for estimation of centroids in VOPs.

3.2.3

Trajectory formation and smoothing of the final trajectory

The final gesture trajectory is formed by joining all the calculated centroids in sequential
manner vhile preserving the temporal information. However, the trajectory may be noisy
due to the following reasons:

Centroids may be far away from the actual trajectory due to change in hand shape.
Hand trembling and unintentional movements during gesturing may cause deviation
of the centroids.

All real gesture trajectories are generally open in practice as it is quite unlikely that
in the case of closed gestures a signer will be able to complete a trajectory exactly
at the point from where he has started. So, the unclosed end points may result in an
open trajectory even if the actual trajectory is a closed one.
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Therefore, in order to take care of this, the final trajectory is smoothened out by removing
isolated noisy points with thresholding and replacing each point by the mean of the specified
point and its two neighbours. Thus {.r,. u,) is replaced by

't - Ih) — ((■'>-! + av + .r,+i )/3.

+ yt + yf+ij/S)

(3,3)

To tackle the third point, the distance between two end points is computed. If it lies within

a threshold, the two end points are merged.

3.2.4

Key VOP based trajectory estimation

The computational burden in estimating the hand trajectory may be significantly reduced by
selecting the key video frames in the input gesture video sequence. Since during gesturing

the human hand generally does not move very fast, the position of the hand in space does not
change much from one frame to the next. Moreover, if we consider trajectory points from
all the frames, the estimation error in any frame will change the trajectory. The trajectory
will follow the estimation error and may not be smooth as a result. So the lines, curves

etc., may not be smooth and a somewhat jerky trajectory may be obtained. For example, a

square may have sides as if they are serrated. Instead, if we consider trajectory points only
from some key frames and subsequently interpolate the curve/line in between, the resulting
trajectory will have a smoother appearance.

Therefore, for trajectory formation it may not be necessary to consider all the frames in

a gesture sequence. Accordingly, we propose to select few key VOPs determined for the
sequence. If the hand moves by a very small amount (both locally and globally) from one
frame to the next, then the corresponding VOPs will be more or less alike. Based on this,

the key VOPs in a gesture sequence are identified using the Hausdorff distance measure.
Starting with the fi rst VOP as the first key VOP, for every key VOP, the next key VOP is
selected as the one for which this measure exceeds a predefined threshold. After getting all
the key VOPs in a sequence, hand trajectories are obtained by following the same procedure
as above, but considering the key VOPs only.
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3.2.5

Template trajectory generation

For trajectory guided dynamic hand gesture recognition, it is necessary to generate a proto

type trajectory delining each gesture in the vocabulary to which an input gesture trajectory
is to be compared for recognition purpose. For this, a sufficient number of training samples

corresponding to a particular gesture are collected from a number of different signers, each
signer making the same gesture at different times and under different conditions. The tra

jectories obtained lYom all the training sequences are aligned using the DTW technique, as
described later in Section 3.4, and the mean trajectory is derived. This forms the prototype
template trajectory corresponding to the gesture sign under consideration.

3.2.6

Key trajectory point selection on the template trajectory

All the template trajectories obtained above, one trajectory per gesture in the vocabulary,

form the gesture database to which an input test gesture is to be matched during recognition.

Each trajectory is stored in the form of an ordered set of coordinates
where (.7;,. y,) is the spatial position of the hand centroid in the

yi), {x2, ^2),

)},

VOP (key VOP). That

means, the number of points in the set equals to the number of VOPs(key VOPs). Flowever,
it may not be always necessary to store all the trajectory points. For example, a square ges

ture trajectory can be conveniently described by just the four comer points. In view of this,
we propose to extract few key trajectory points to be stored in the database. This greatly re
duces the memory requirement as well as speeds up the trajectory matching process during
recognition.

Each key point on the trajectory is defined by its coordinate (xi,yi) in 2D space and
the corresponding time instant tj. These key points represent the prominent locations of the

hand in the gesture trajectory. The number of key points is chosen by the user in such a way
that the global precision and compactness required for the application is met. Variable time
intervals between the key points are chosen to match the local trajectory's smoothness. The
basic principle behind key trajectory point selection is merging of adjacent approximation
intervals m the estimated template trajectory, until the interpolation error exceeds a pre
defined threshold, as used in MPEG-7 motion trajectory approximation [Manjunath eT al.
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(2002)]. We applied piecewise approximation of spatial positions of the centroids in suc

cessive VOPs following the motion trajectory approximation and representation technique
as described below.

Trajectoiy approximation

First order approximation:

.r(f) = ,r, ^ r,(f - f,). where v, =

J-,+1 - Xj

^i+i

Second order approximation:

■rif)
1
wli(u-(^

r,

- -r, + v,{t-t,) +-ai(t-tif
=

■' (+1
t,+\ — I,

^ +
+\
-od'i+i
- ti)
I

The value of /y(/) may also be approximated in a siiuilar luanner. Here Vi and a, represent
hand velocity and acceleration respectively and are considered to be constant over the time

interval [fj. ^,+i]. The coordinate pairs {x^. ji i) and {x,+l, y^+l) are the hand positions at
times

and ti^i.

The details of MPEG-7 based motion trajectoiy representation is discussed in Appendix

B. We applied the sequential algorithm [Manjunath et al. (2002)] for selection of key tra
jectory points. The algorithm starts with an approximation inteiwal, which is the union of

the fi rst two intervals. It sequentially adds the following points to expand this interval, until
the interpolation error exceeds a given threshold. The process repeats for every three suc
cessive points in the trajectoiy path. The end points of each expanded interval constitute
the key trajectory points.

3.3

Feature Extraction from Template Trajectories

Trajectory guided gesture recognition requires matching/comparing of an input gesture tra
jectory to each of the prototype gesture trajectories contained in the database. This may be

accomplished either by direct trajectoiy shape matching and/or by trajectoiy feature match
ing. In our recognition method, we propose to employ both shape matching as well as
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feature matching, as described in Section 3.4. For feature based trajectory matching, we

propose to use some static and dynamic features extracted from a given gesture trajectory'.
Static features relate to the shape of the trajectory while the dynamic features relate to the
nature of hand motion during gesUiring. The static features considered in our work corre

spond to the total length ot the extracted trajectory, location of key trajectory points and

the orientation ot hand in the gesture trajectoiy. The only motion infonuation proposed
for trajectory classification is velocity. However, we also consider the acceleration feature

which is used not for trajectoiy luatching but for moveiuent epenthesis determination in
continuous gestures, as described in Chapter 5. The choice of all these features is based

on obseiwations over a large nuiuber of gesture saiuples. We observed the nature of hand
motion when gestures are perfonued by different signers and the above luentioned features

are proposed after anal\ zing their behaviours. We define the static features as low level
features while dynamic features are high level features. This is because, even if the static

features correctly match during classification, i.e., even if the shape features match, it may
not represent actual hand trajectory until motion parameters are compared. Motion features
represent the dynamics of hand motion in the gesture trajectory. Therefore, for correct and

precise recognition, both low level and high level features are required to be considered
during trajectory matching.
3.3.1

Static features

Static features are derived from the contour of the gesture trajectory in space. Therefore,
these features are related to the shape of the gesture trajectory pattem. However, the overall
size of the gesture trajectoiy may differ from one signer to another. Also, it is possible
that different signers make gestures at different positions in the camera fi-ame. This also

applies to gestures perfonned by the same signer but at different times and under different

conditions. Accordingly, for tmthful recognition of gestures, the algorithm demands for
features that are invariant to size and position, i.e., scale and translation (ST)invariance is
desired.

'This work has been published in iEEE CIS- R.4M 2006(Refer item 12 in Page 199 for details)
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Translation invariance can be easily obtained by considering the positions of the trajec
tory points relative to one reference point defined with respect to the trajectory pattern. The
reference point that we have ehosen is the center of gravity defined as

i =l)

where (./■ , . /y,) is the

(=0

key trajectory point, and .V + 1 is the total number of key points.

Key Point

ix.y)
Center of Gravity

Figure 3.5: Distances of the key trajectory points from the center of gravity.

For scale invariance, it is necessary to calculate the overall size of the gesture pattern
in space and then normalize the extracted feature values with respect to the pattern size.

This size is given by, as we propose, the average positional distance of all the key trajectory
points from the center of gravity, calculated as
1

^

+1 ^

where the distance of a key point from the center of gravity is simply the Euclidean distance
between them, i.e..

L, = \/(xi - .t)2 -f (y, - ji )'^
This is depicted in Figure 3.5. The static features that we propose to use are -
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Trajectory Icngtli, and

Number of signiticant curves on the trajectory.

Trajectory length

For determining the trajectory length (i.e.. the total length traversed by the hand during
a gesture), the sum of all the Euclidean distances between all pairs of consecutive key
trajectory points is calculated.

^

~ -I'l+i) + {iji — yi+i)"}-

(3.10)

where N + 1 is the total number of key points on the trajectory. However, for a closed tra

jectory, the starting point (.j q. ijo) iJ' same as the end point (:r,v, y^r) and so only N number
of distinct key trajectory points are available.

The trajectory length calculated above will vary with the size of the gesture pattern.
So, in order to make it size-invariant, the size-normalized trajectory length is computed by

dividing the calculated absolute trajectory length I by Lavg obtained in equation (3.8).
For a well-defined gesture pattern, this normalized trajectory length is generally fixed.

For example, the normalized trajectory lengths in case of ideal gesture patterns representing

"One", "Square" and "Circle" are 2, 4\/2 and 27r, respectively. However, real gestures
generally do not follow the ideal trajectories but it is expected that this feature value will be
near about the ideal one.

Number of significant curves on the trajectory

This feature is given by the number of key points on the gesture trajectory at which the
curvature of the trajectory exceeds some predefined value giving rise to some shai"p curves
in the trajectory. That means, these are the points at which the hand changes the direction
of motion by a significant amount. In order to extract this information, the direction of hand
motion at every point on the trajectory is calculated as

(3.11)
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The number of significant curves (A ^) in the gesture trajectory is then obtained as the num

ber of points at which the change in direction of hand movement exceeds some predefined
threshold T,,. i.e.,

+ i - (9,| > Tq. From a large number of visualization experiments,

it is observed that a human can generally perceive change in direction of hand movement

only when the amount of angular displacement is approximately 45° or more. Below this,
confusion occurs in recognition. Accordingly, we select the threshold Tq equal to 45°.

3.3.2

Dynamic features

Motion features are computed from the spatial positions of the hand in the gesture trajectory
and the time interval between two prominent hand positions. The two motion features, viz.,
the velocity (r,) and the acceleration (a,) of the hand during gesTiring at different positions
in the trajectory are computed as given below.

A+i

fz

^ Vi+x

Vi I

A+i

J

^ 0, 1, 2,

". = ^^^^,^ = 0,1,2,

-1

N-2

''i+\ —

(3.12)

(3.13)

In most situations, the velocity feature plays a decisive role during the gesture recognition
phase. It is based on some of the important observations as listed below.

1 . The magnitude of the velocity (speed) is generally more or less constant over a
smooth trajectory, e.g., gestures representing "One","Circle , etc.

On the other hand, large variation in speed is observed in trajectories with sharp
changes in direction, e.g., gestures representing "Square , Wavy hand", etc.

2. Gestures with linear trajectories (straight line segments) are generally perfornied at
approximately constant high speed, e.g., the gesture representing "One".

On the other hand, gestures with smooth non-linear trajectoiies (arcs, circles etc)
are generally performed at approximately constant but medium speed, e_g.^ gesture
representing "Circle".
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3. In gestures with sharp changes in trajectory direction, the speed of the hand generally
becomes very low at points of such sharp changes. Ideally, the hand pauses (speed
becomes zero) at these points.
Accordingly, we have the following deductions:

• The average speed is generally medium or low - the more the number of direc
tion changes, the lower is the average speed.

• The mean deviation of the speed from the average speed is generally large.

• The speed of the hand becomes very low at points of sharp changes in the tra
jectory direction.

Based on the above deductions, we propose the following features for defining the dynamics
of a gesture trajectory.

1. Average speed c,,,.,, over the whole trajectory length.
2. Standard deviation a,, of the speed over the whole trajectory length.
3. Number of minima

in the velocity profile that have speed below some threshold

Note that for any gesture the hand always starts froiu a pause and ends in a pause state. To

take care of this, the starting and ending points in the velocity profile are not considered
in determining

Also, the threshold

smooth trajectories the number

is generally chosen very small so that for

is zero.

The above three features give the characteristics of the hand motion while forming dif
ferent gesture patterns in space. For example, the trajectory for "One" gesture will give

high Varq. low a,, and

= 0. Similarly, "Circle" will give medium Vavg, low cr.„ and

= 0. On the other hand, a "Square" gesture will give medium or low
and

high a,,

3. Figure 3.6 shows the typical velocity profiles for gestures representing

"Circle" and "Square" respectively.

From a number of experiments, we find that the acceleration feature does not play much

significant role for trajectory classification/matching. However, this feature may be useful
in discriminating co-articulation phase in a continuous dynamic gesture sequence. During
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Figure 3.6; Typical velocity plots of gestures representing (a) Circle and (b) Square.

continuous gesturing, one gesture follows another in a sequence. It is observed that during
transition from one gesture to the next the hand generally moves with high acceleration

from the end point of one gesture to the start position of the next gesture. Based on this ob
servation, we explore the use of the acceleration feature for movement epenthesis detection
in Chapter 5.

3.3.3

Forming prototype feature vectors and knowledge-base for ges
ture matching

The set of feature values extracted from the template trajectory for a particular gesture, as

described above, fonus the prototype feature vector that gives the mathematical description
for that class of gesture. As pointed out earlier, the selected featmus are trajectory length

(/), number of significant curves on the trajectory {No), average speed (Vavg), standard
deviation of the speed (cr,.) and the number of minima in the velocity profile

Thus,

the feature vector is given by

(3.14)
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On the other hand, different features may be weighted according to the degree of their
importance. Thus the modified feature vector F having ic, weight value for

feature may

be written as:

w-2 No

(3-15)
U'4 (71.

Note that it is not always mandatory to consider all these features for classification.
Depending on the nature of gesture trajectory different featm-e combinations and weights
may be considered.

Finally, all prototype feature vectors, one per gesture class, together form the knowledgebase which is used for gesture matching during classification, as described in the next sec-

3.4
3.4.1

Proposed Method for Gesture Classification
Gesture trajectory estimation

For an input test gesture, the first step in recognition involves gesture trajectory estimation.
The method employed for the purpose is same as that during training and as described in
Section 3.2 above.

3.4.2 Shape based trajectory matching
As a first level of gesture classification, the shape of the gesture trajectory obtained above
is compared with each of the template (prototype) trajectories in the knowledge-base. The
measure used for trajectory shape matching is maximum boundary deviation(MBD)which

is defined as the maximum of the distances of all pixels in the input trajectory to their
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nearest pixel in the template trajectory, expressed as
MBD = max min Hp, — Qk

(3.16)

P.eP qh<^Q

where j j . j represents Euclidean distance, P represents the set of points on the input
trajectory, and Q represents the set of points on the template trajectory. This is illustrated
in Figure 3.7. Essentially, the MBD measure is the Hausdorff distance measure used for
shape comparison.
MBD

Input test trajectory

Template trajectory

Figure 3.7: Trajectory shape matching.

To allow for certain degree of shape variance in the matched trajectories, a threshold
Ts is defined. Template trajectories that have MBD less than Tg with respect to the input
trajectory are the candidate trajectories considered for matching in the next stage while all
other template trajectories are rejected from further consideration. This reduces the overall
computational load.

3.4.3

Nonlinear time alignment and normalization of motion trajecto

ries by dynamic time warping
Dynamic time warping

Dynamic time warping (DTW) is a template-based dynamic matching technique widely
used in several algorithms for speech recognition [Rabiner & Juang (1993)]. Even if the
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time scales of a test sequence and a reference sequence are inconsistent, DTW can still suc
cessfully establish matching as long as the time ordering constraints hold. Dynamic time
warping is a method for computing a nonlinear time normalization between a template vec
tor sequence and a test vector sequence. These two sequences may be of different lengths.
For example, Forner-Cordero et al. showed that the intrapersonal variations in gait of a sin

gle individual can be better captured by DTW rather than by linear warping [Fomer-Cordero
et al. (2006)]. The DTW algorithm, which is based on dynamic programming, computes the
best nonlinear time normalization of a test sequence in order to match a template sequence
by performing a search over the space of all allowed time normalizations. The space of all
time normalizations allowed is judiciously constmcted using certain temporal consistency
constraints. Following is the list of all the temporal consistency constraints that we have

used in the DTW implementation for motion trajectory normalization.

• End point constraint-. The beginning and the end of each sequence should be rigidly

fixed. For example, if the template sequence is of length I and the test sequence is of
length .7, then only those time normalizations that map the first point of the template

to the first point of the test sequence and also map the
sequence to the

point of the template

point of the test sequence are allowed.

• Monotonicity constraint'. The warping function that maps the test sequence time to
the template sequence time should be monotonically increasing. In other words, the
sequence of "events" in both the template and the test sequences should be same.

• Continuity constraint: The warping function should be continuous.
Dynamic programming is used to efficiently compute the best warping function and the

global warping error. Figure 3.8 demonstrates the matching technique in DTW where cor
respondence between points in two curves is determined.

Time alignment and normalization by DTW and key point selection
The pattern-matching technique for gesture recognition needs to be able to compare se
quences of motion features of the extracted trajectory. The problem associated with the
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Curve 2

Curve 1

Figure 3.8; Correspondence between points in two curves in DTW.

comparison of motion features of a gesmre trajectory arises from the fact that different mo
tion features are seldom realized at the same speed across different instances of the same

gesture. Hence, when comparing different tokens of the same gesture, variations due to
difference in gesturing speed should not contribute to the dissimilarity score. Variation

in speed and time of performing a particular gesture results in variation in length of the
extracted trajectory. Thus, there is a need to normalize these fluctuations prior to the com

parison of motion trajectory. The fundamental point is that finding the "best" alignment
between a pair of patterns is functionally equivalent to finding the "best path through a
grid mapping the motion features of one pattern/trajectory to those of the other pattern.
Finding this best path requires solving a minimization problem to evaluate the dissimilarity
between the two motion trajectories. This may be accomplished by the DTW algorithm.
The goal of the DTW algorithm is to find an optimal time-alignment between two patterns

R (Reference) and T (Test) by evaluating various permitted pairings between the points

of the two sequences, and selecting the best alignment path through these points based on
some optimality criteria and search constraints [Sakoe & Chiba (1978), Rabiner & Juang

(1993)]. A basic version ofthe DTW algorithm is illustrated in Figure 3.9. In this figure, the
two axes represent the trajectory points in sequence, where the horizontal axis corresponds
to the input test trajectory T and the vertical axis corresponds to the reference trajectoiy R.

There are many possible pairings of these points subject to the constraints of monotonicity.
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continuity, boundary alignment, and search window width, as expressed by the following
conditions on the arrays / and j of the indices of T and R respectively.

• Monotonicity condition: /{k — 1) < i{k) and j{k — 1) < j{k)

• Continuity condition: i{k) — i{k — 1) < 1 and j{k) — j{k — 1) < 1
• Boundary condition: /(I) = 1. j(l) = 1 and i{K) = I. j{K) = J, where K is
the final index and / and J are the total number of points in T and R respectively.

• Search window condition: | i{k) — j{k) \< r, where r is the maximum permitted
search window width.

• Slope constraint condition: The path should not be too steep or too shallow. This
prevents very short sequences matching with very long ones.

9(1,J)

g(2.1) g(3,1)

Search Window

/

Figure 3.9: Finding the optimal warping function using DTW.

The cumulative distance g{i,j) between the two sequences from the beginning (origin of
the grid) of the trajectories to point (T j) in the grid is calculated as
g{i^ - l.j) +d{ij)
g{i.j) = rmn

g{t.j - 1)+ d{ij)
g{i - l,j - 1) +d{ij)
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Figure 3.10: Key point seleetion in the input trajectory by DTW matching.

Here d{i,j) is the distance between the i*'' point ofthe first gesture trajectory R and

point

of the second trajectory T under consideration. The initialization of the above recursion is

done by5f(l,l) = (i(l,l). The overall distance or distortion between the two sequences is
given by D = g{I, J), where / and J are the total number of points on the two trajectories.

A nonnegative function w{k) is used to weigh d{i{k),j{k)) while finding the optimal path.
This gives flexibility to the optimal warping path.

The optimal warping function or path is found recursively by starting at point (/, J)and
backtracking to the beginning of the gesture trajectories. This is shown by the red coloured
line segments in Figure 3.9. The choice of the slope of the path and a weighting function

w{k) to weigh d{i.j) in equation (3.17) is to be made for optimal warping [Sakoe & Chiba

(1978)]. For our purpose, we select slope equal to zero and a weighting function evaluated

w{k) — {(i(A:) ~ i{k — 1)} +

j{^

1)}

(3.18)

The basic concept of the proposed trajectoiy matching under time nonnalization is shown
in Figure 3.10. Here the vertical and horizontal axes represent the spatial axes of a chosen
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template trajectory and that of the input candidate trajectory, respectively. The black dots
on the template trajectory indicate the key points chosen for matching. The optimal warping

function that establishes the best correspondence between the points of the input trajectory
with the master template trajectory is indicated by the red coloured dotted line segments.

The key points of the test trajectory are determined by finding points corresponding to the

pre-calcLilated key points of the template trajectory through the optimal warping function'.

3.4.4

Feature extraction and classification

In the final stage of classification, feature values are extracted from the time aligned (nor

malized) input gesture trajectory as described in Section 3.3 and the test feature vector is
formed as given in equation 3.15.

The feature vector thus formed is compared to each of the prototype feature vectors
of the candidate trajectories in the knowledge base except for those gesture trajectories that
have been rejected in the first level of classification in the form of trajectory shape matching.

The vectors are compared in terms of the Euclidean distance. The input pattem is classified
to that gesture class for which the distance measure is minimum. However, if this minimum

distance is greater than a threshold To then the input gesture is rejected from classification

in the sense that the input gesture does not resemble any gesture in the vocabulary.
To estimate the threshold Tp, all the sample training trajectories are treated as the input
trajectories. The minimum of the distances of the pairs of feature vectors for each gesture

class is determined. Assuming that the training set does not contain any noisy gesture
pattern, the maximum of all these minimum distances serves as a good measure of the
threshold.

The minimum distance classifier may be alternatively implemented through the Mahalanobis distance (Appendix B). It is to be noted that calculation of Mahalanobis distance
requires to know the covariance matrix describing the spread of the feature vectors for each
gesture class. This may be estimated during the training phase demanding additional com
putation.
'This work has been published in IICAI 2005 (Refer item 7 in Page 199 for details)
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The flowchart show ing the proposed training and classification algorithms for trajectory

guided gesture recognition are shown in Figure 3.11 and Figure 3.12.

3.5

Experimental Results

In our experiment, we considered planar hand gestures generated in front ofthe camera. The
gesture recognition system was implemented on a personal computer with an image cap

ture board. The input images were captured by a CCD camera at a resolution of 120 x 160
pixels. The gesture videos were recorded at a nonnal frame rate (30 frames per second).

A vocabulary of ten different gestures having only global motion was used. For their sim
plicity, these gestures may be suitable to several special applications like robot control and
gesture based window menu activation in an HCI platfonu. They are the gestures showing
"One", "Two", "Three", "Five", "Six", "Seven", "Alpha", "Square", "Circle" and "Dia

mond", as illustrated in Figure 3.13. All these gestures are single handed gestures. Each of
them are free of intermediate movement epenthesis. The proposed algorithm was applied to
a database containing 1500 gestures of these classes perfonned by 10 persons. Each person
was asked to do his/her gestures 15 times for each of the 10 gestures. The gesture data

were partitioned into two sets, one for training and the other for testing of the proposed
algorithm. The partitioning of data is done as shown in Table 3.1. The training and testing
gesture data used for our experiment were naturally generated without any constraints on
the speed or size of a gesture.

The extracted trajectories for six of these gestures, viz., "Circle", "Square", "One",

"Two", "Seven" and "Six" are shown in Figure 3.14. The first row shows the extracted
trajectories and second row shows the trajectories after smoothing. Figtire 3.15 shows the

trajectories obtained using only the key VOPs. Visual analysis shows that the proposed
trajectory estimator extract different gesture trajectories as desired for the present ptirpose.
The smoothing operation removes some of the jerks in the gesture trajectories present be
fore smoothing. Further, the gesture trajectories extracted from the key VOPs shows com
paratively smoother trajectories. For example, the geshire trajectories "Two", "Circle",
"Square" and "Six" extracted from key VOPs appear less noisy than those estimated from
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Input gesture video sequence

VOP generation and selection

of the key VOPs

Hand tracking and estimation
of the motion vector

Calculation of VOP centroids

Trajectory formation and
smoothing of trajectory

Template trajectory formation

Key trajectory point selection
U

S£

-I
o

^

Feature extraction from key
trajectory points

Construction of knowledge-base
containing key points and
prototype feature vector for
every gesture class

Determination of threshold

for taking recognition decision

Knowledge base and parameters required for classification

Figure 3.1 1 : Training algorithm.
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Input gesture video sequence

Trajectory estimation for the input gesture

Shape based trajectory matching
and elimination of unlikely gesture class

Time alignment and normalization by DTW
and key points selection on the trajectory

Feature extraction from key points and
formation of test feature vector

Final classification by distance measure

Gesture class / Reject

Figure 3.12: Classification algorithm.
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all the VOPs. These motion trajectories encode dynamic characteristics of hand gestures.

As discussed earlier, the shape based trajectory matching selects those trajectories which

are similar in shapes w ith the test trajectory. The feature matching step matches features
of the test trajectory to those of the trajectories selected during shape matching. In our
experiment, we assigned equal weights of 1.0 to all the component of feature vector F.
Table ."^.2 shows the classification accuracy in case of the selected gesture vocabulary. In

all these cases the proposed recognizer gives recognition accuracy of 90.0% or more with
an overall average accuracy of 95.80%, which may be considered as a good recognition

rate for HCI applications. For the gesture trajectory "one", rVng is high and

= 0 and

on this basis we achieved cent percent recognition accuracy for this gesture. It is seen that
the proposed system gives reasonably good recognition accuracy for gesture trajectories
having sharp corners, where the velocity of the hand drops to a minimum value. In all these

cases, velocity based features shows good discriminative power in classification. On the
other hand, for trajectories with minimum number of corner points, the dynamic features

are less dominant. The low recognition rate of gesture trajectories "Circle" and "Six" may
be attributed to this. Moreover, it is seen during experimentation that most errors come
from the failure of hand extraction that distorts the hand trajectory data. This is because

some images were blurry due to rapid hand movements, thus affecting the segmentation of

the hand. So, the motion trajectories might not have been extracted correctly.
Recognition rate obtained in our experiments is comparable to most other recognition
methods available in the literature. For example, a stroke-based composite HMM method

has been used by Kim and Chien for recognizing 3D hand trajectory gestures with an aver
age accuracy rate of 96.88% [Kim & Chien (2001)]. But, the method uses cybergloves. As

discussed earlier, Yang et al. proposed a method for extraction of 2D motion trajectories

based on skin colour and subsequent gesture recognition by TDNN. Recognition rate of
96.21% was obtained on test set of gestures [Yang et al. (2002)].

Since, not many vision based approaches for trajectory guided recognition have been
reported tor the class ot gestures considered in this work, our method promises to be a

significant development in the field of recognition of dynamic hand gestures having only
global motion.
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Figure 3.13: Hand gestures showing different motion trajectories corresponding to "One''
"Two","Three", "Five", "Six", "Seven", "Alpha", "Circle", "Square" and "Diamond" re
spectively.

Table 3.1: Gesture patterns for training and testing

Gesture

Meaning

Training Data

Circle

o

Decision

55

Three

5*

1

Seven

Total
indicates start point of a gesture
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Figure 3.14; Original extracted trajectories are shown in first row and smoothed trajectories
for the same are shown in second row of the figure. The gestures represent (a) Circle (b)
Square (c) One (d) Two (e) Seven and (f) Six, respectively.

Figure 3.15: Trajectories of(a) Circle (b) Square (c) One (d) Two (e) Seven and (f) Seven,
respectively extracted from key VOPs.

TH-1870_02610203

3.5 Experimental Results

Table 3.2: Experimental re.sults demonstrating the percentage of accuracy in gesture recog
nition using our proposed method.

(*estiire

Meaning

Test Data

Correct

Reject

Recognition(%)

Square

Decision

Seven

Alpha

Total

95.84

^ indicates start point of a gesture
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3.6

Concluding Remarks

A method for trajectory guided dynamic hand gesture recognition is presented in this chap
ter. The advantage of the system lies in the ease of its use. The user does not need to wear
a glove, neither is there the need for a uniform background. Trajectory estimated from the

corresponding VOPs in a gesturing sequence bears spatial information regarding hand po

sitions in dynamic gestures and is utilized in the gesture classification stage. Recognition is

performed in two stages - unlikely gesture classes are eliminated through simple trajectory
point matching in the first stage. This greatly enhances the overall speed of recognition.
The second stage of recognition involves feature vector matching. The choice of features in
our algorithm is based on observations on the characteristics of real gestures. Experimen

tal results confinTi the appropriateness of these proposed trajectory features. However, one
limitation of the proposed system is that the DTW has to align the test and prototype trajec
tories during each classification. This increases the computational load of classification for
large vocabulary size.
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Chapter 4

Recognition of Hand Gestures having
Local and/or Global Motions

The most common form of dynamic hand gestures used in Iniman-coniputer interaction
as well as in sign language communication is gestures having both local and global mo
tions. In general, a gesture max be petformed by local hand motion, global hand motion
or combination of both. In Chapter 2, we have developed a shape based algorithm for
recognition of gestures composed oflocal motion only. A trajectoiy matching approachfor
recognition of gestures fortned by global hand motion is presented in Chapter 3. In this
chapter, we now propose an algorithm to combine these two recognitioti schemes in. such
a way that any gesture can be recognized in a common system irrespective of the nature
of hand motion. The proposed system is designed to identify the form of the input hand
gesture and subsequently use appropriate algorithm(s)for recognition. The system uses the
FSMfor representing local hand motion gestures, while the spatial hand position and hand
motion features are considered for recognition when the gesture involves global motion.
Experimental results show that the proposed system is capable of recognizing a wide class
of gestures in a common vision-based recognition system and hence is vety much suitable
for HCI applications.
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4.1

Introduction

In the previous two chapters, we have developed schemes for recognition of two different

kinds of dynamic hand gestures - gestures formed by local hand motions only and gestures
formed by global hand motion only. But, commonly used dynamic hand gestures, e.g., hand
gestures for sign language, are mostly made up of both local and global motions. Generally
the hand makes different shapes while moving along a gesture trajectory. One example
of such gestures is shown in Figure 4.1. Gestures of this type are formed by bending one
or more fingers and/or turning the palm in different orientations while the hand (arm) as
a whole moves in space. The manner in which this shape change occurs provides clues

about the finger/palm motions and the activity performed by tlie hand during gesturing.
Recognition of these gestures, hence, should consider the spatio-temporal variations of the

hand in the gesture sequence. In simple words, the recognition system should exploit both
local and global types of hand motion.

Motion trajectory

Figure 4.1: Hand moves in a trajectory showing different hand shapes.

The signs used in a sign language present typical examples for gestures having both
local and global hand motions. The manner in which shape change occurs provides clues

about the finger motions and the activity performed by the fingers during finger spelling.
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Motion types
detection

Hand shape

Input (Jcsturc
Sequence
Hand detection

Hand trajector>'

Recognizer

I Gesture class

Hand motion

Non-gesture

Figure 4.2: Recognition of gestures having both local and global motions.

Sign language recognition by itself is a multidisciplinary research area involving pattern

recognition, computer vision, natural language processing and psychology. It is a compre

hensive problem because of the complexity involved in the visual analysis of signs and the
highly stmctured nature of sign languages. In addition to hand movement, several com

ponents such as the use of facial expressions and head movements, affect the context of a
sign language. While the structure of spoken language makes use of words linearly, i.e.,
one after the other, a sign language makes use of several body movements in parallel in
a spatio-temporal space. Thus a recognition system solely based on hand gestures cannot

give the lull context of the sign language. Most of the sign language recognizers available
for different sign languages mainly deal with global hand motion in space while utilizing
very limited information on local motion of the hands [Yang et al. (2002), Holden et al.

(2005)]. Because of this, these systems cannot differentiate two signs having same gesture
trajectory even if the hand shapes are significantly different.

The gestures normally used in HCI applications contain restricted motions of the hand.

This is done with an aim to increase the recognition accuracy by the available recognition

techniques [Pavlovic et al. (1997)]. But, user friendly HCI applications demand for hand
gestures which have both local and global motions. Most of the literature on isolated hand
gesture recognition in a vision based setup has not considered the case of gestures hav
ing both these components of motion. The proposed integration is motivated by the need

for a general recognizer capable of recognizing isolated gestures having different spatio-
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temporal behaviour. It analyzes local as well as global hand motion infomiation to arrive at
a recognition decision.

The integrated recognition scheme is outlined in Figure 4.2. It utilizes the hand shape,
the gesture trajectory and the hand motion information for recognition. The major step in
the proposed integration is the detection of the type of motion of the hand in the gesture

sequence. The success of the subsequent recognition system is dependent on the success of
this step. We first develop a simple procedure to detect the type of motion. The following
sections present the proposed integration.

4.2

Proposed Integrated Gesture Recognition Scheme

Recognition methods developed so far are gesture type specific - the shape based approach

is developed specifically for gestures having local motions only while the trajectory guided
recognition scheme is applicable in case of gestures having global motion only. However, it
is desired to have a recognition system that is capable of recognizing a gesture irrespective
of the nature of the hand motion. For this, we develop a scheme which can detect the

nature of hand motion involved in the input gesture and then apply recognition algorithm
appropriate for that gesture'.

The proposed scheme incorporates three different basic stages for gesture recognition.
They are FSM-based shape matching, trajectory shape matching and matching of gesture
trajectory features. As discussed in Chapter 2, local hand motion is quantified by shape
information. Thus, a gesture can be modelled in the form of an FSM where each gesture

state corresponds to a particular hand pose in the gesture sequence. Consequently, gesture
recognition can be accomplished simply by the FSM matching. On the other hand,for ges
tures having only global hand motions, hand shape information does not play any role in

classification. As discussed in Chapter 3, for recognition of this type of gestures, we con
sider hand spatio-temporal information in the form of a motion trajectory and recognition
is performed via trajectory matching. Trajectory matching is done on the basis of trajectory
shape comparison followed by matching of some important trajectory featrtres for better
'Thi.s work has been published in ICoMMS 2006 (Refer item 14 in Page 199 for details)
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accuracy. Finally, for recognition of gestures having both local and global hand motions,
we propose to combine the shape-based and trajectory-based schemes. The basic steps in
the proposed recognition scheme are given by the flow-chart in Figure 4.3.

4,2.1

Gesture type detection

The shape of an object can be represented by means of boundary, region, moment and struc
tural description [Jain ( 1989)]. We can use these representations for making measurements

of shapes and decide whether a particular shape has undergone any change from a frame to
another frame. The centroid and central moments may be used to conveniently represent

many shape features. Our goal being to detect only changes in shape, rather than represent
ing the shape accurately, we propose to use the centroid as the only parameter to detect the
change of a hand shape during gesturing.
The spatio-temporal location of the hand in a gesture sequence can be represented by

the locations of the centroids in the key VOPs relative to the first key VOP of the sequence.
The centroid of a shape represented by a VOP was defined in Chapter 3. The nature of

hand motion associated with an input gesture may, therefore, be determined on the basis of
displacement of the key VOP centroids in the 2D image plane.

In the case of gestures having local motion only, the motion of the centroids include the
following;

• Movement because of the change of shape of the hand; and
• Movement because of hand trembling.
• Movement because of occlusion. This motion of the centroid is not considered in
present context.

While the movement of the centroids because of the change of hand shape is limited by the
size of the hand, there is a signer-dependent shift because of hand trembling. However, the
resulting movement of the centroids is relatively small. On the other hand, in the case of
gestures having global motions, the centroids will follow the motion trajectory and as such
there will be significant movements of the centroids in the 2D plane. Thus, the spread of
the centroids in the 2D plane can be used to identify the type of motion present in a gesture
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Figure 4.3; Block diagram for the proposed gesture recognition system.
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sequence. Figure 4.4 and Figure 4.5 illustrate the relative movements of the centroids in the

case of gestures ha\ ing local motion and global motion respectively.
The proposed method considers the centroids of the key VOPs rather than those of the
VOPs. Because, there is a significant change in the video content from the frame corre
sponding to one key VOP to the next. A circular region is considered around the centroid
of the first key VOP. The diameter of this circular space represents the allowable movement
of the VOP centroid on account of hand trembling and hand shape change. If all the VOP

centroids are within this circle, as in Figure 4,6, then the input gesture is considered to
be composed of local motions only. Else, global movement of the hand is detected. The
diameter of the circular region may be determined during the training session.

To consider the abnormal hand trembling/movement and sudden change in the hand
shape (which may occurs only in a few key VOPs of the sequence), one criterion may

be fixed for taking the decision about the spatio-temporal behaviour of a gesture. If the
majority of the centroids lie within the circular region, then the sequence may be considered
as a gesture sequence having only local hand motions. Otherwise, the sequence has global

hand motions. A statistical measure for the majority of centroids can be experimentally
determined.

4.2.2

Gesture recognition modules

For gestures having only local hand motions, recognition is performed by the FSM rep

resentation of the input gesture sequence, as explained in Chapter 2. The input gesture

sequence is summarized on the basis of shape similarity measurement of the video object
planes and subsequently represented by a finite number of states along with associated tem
poral information. Finally, this representation is used for recognition.

For recognition of gestures having only global hand motions or gestures having both
local and global hand motions, recognition is accomplished in two or three hierarchical
levels as described below.

• Level 1: First, the motion trajectory is estimated and smoothened out. After find
ing the gesture strokes, the next task is to find all those gesture signs in the gesture
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2D plane in case of gestures having global
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Figure 4.6; Cluster of centroids in 2D plane in case of gestures having local motion only.

vocabulary that have similar trajectory patterns. For this, we measure shape simi
larity between tbe input gesture trajectory and the template trajectories contained in
our gesture vocabulary database. These template trajectories, one trajectory per sign,

are generated and stored during the training phase. This is the first level of recogni

tion hierarchy in which all unlikely gesture patterns whose trajectories are very much
different from the input are discarded from further consideration.

Level 2: In the second level, the input gesture is classified on the basis of hand pose
and shape (finger movement and palm orientation). This is accomplished via gesture
representation by the FSM and subsequent FSM matching for gesture classification,
as described in Chapter 2. However, the scheme described in Chapter 2 is for geslxires
without any global motion whereas in the present case it is required to compensate

for the global motion by which the whole hand moves in space. Foi this, the motion

vector to the centroid of each key VOP with respect to the centroid in the fiist key
VOP is determined and the hand is translated back by an amount equal to the motion
vector.

It is to be noted that all the gesture patterns shortlisted in the first level are those
whose 2D trajectory patterns resemble the trajectory ot the input gesture. Some of
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these gestures in the vocabulary may be combination of both global and local mo

tions while the others are composed of global motion only. For the first kind, hand
shape \ ariations due to the local motion are modeled in the form of an FSM. In the

second stage of recognition, the FSM derived from the input (after compensating for
the global motion, as described in the previous paragraph) is matched to the FSM rep
resentations available for the second kind of shortlisted gesture patterns. We arrive

at a final decision only if all the input states pass successfully during the matching

process. Else the input is deemed to be a gesture composed of global motion only
and we move on to the third level of recognition.

Level 3: In the third level, as shown in Figure 4.7, the key points on each model

trajectory (corresponding to those gestures selected in Stage 1 but with global motion
only) are mapped onto the test trajectory by the DTW algorithm. This is to tackle

nonlinear time alignment between the test and template trajectories'. Thus, the shape
similarity measurement and the DTW-based state mapping collectively cope with the

problem of spatio-temporal variation. Following this, the static and dynamic features

quantifying a given gesture trajectory, as proposed earlier in Chapter 3, are extracted

from the input test trajectory pattern. The feature vector thus formed is compared to

each of the prototype feature vectors of the candidate trajectories in the knowledge

base except for those gesture trajectories that have been rejected in the first level of
classification in the form of trajectory shape matching. The comparison is done on
the basis of the Euclidean distance measure and the input is classified to that gesture
class con-esponding to the nearest prototype vector.

4.3

Experimental Details

4,3.1

Experimental data sets

In the first set of experiments, we considered all the ten gestures with only local hand
motions as defined in Chapter 2. These experiments validate the proposed method foi
determination of types of motion present in a gesture sequence.
'This w(irk has been published in NCC 2006 (Rcl'er item 13 in Page 199 tor details)
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Motion trajectories

Model (rqjector}' selection

Template trajectory
knowledge base
DT\V hasrd key point mapping

Trajectory features extraction

Figure 4.7; Mapping of key points from template to test trajectory.

In the second set of experiments, we selected ten different gestures which have both

local and global hand motions. These gestures are shown in Figure 4.8. Here hand moves
in space with the hand shape changing continuously while making a gesture. These selected
gestures are easy to perform and may be suitable for HCI applications.
In the third set of experiments, we considered several static and dynamic gesture signs

which are selected from the online dictionary of native Indian sign language by William

Tomkins. The signs used in the experiments are given in Figure 4.9 and Figure 4.10. Fig

ure 4.10 shows the pictographs of the dynamic signs. Figure 4.11 illustrates five frames of
five of the signs used. The set of dynamic gestures considered here includes gestures with
either global motion only or both local and global motions.

The experiments with sign language gestures are restricted to hand movements only.
Recognition of facial expressions and head movements is beyond the scope of the current

research. Furthermore, for the sake of simplicity, we considered dynamic gestures with
single hand motion only although it is possible that both hands are involved in generating a
particular sign. The proposed recognition technique may be extended to application to such
cases.

4.3.2

Experimental setup

Figure 4.12 shows the experimental setup and the system command window used in the
experiment. The system is implemented on an Intel Pentium IV (HT Technology) based

system on Microsoft Windows XP® platform. The hand images are captured by a single
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(a) Gesture No. 1

(b) Gesture No.2

(c) Gesture No.3

(d) Gesture No.4

(e) Gesture No.5

(I) Gesture No.6
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(g) Gesture N<x. 7

m~m

T

(i) Gesture No.9

(h) Gesture Na 8

B
(j) Gesture Na 10

Figure 4.8: Gestures having both local and global hand motions.
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Figure 4.9: Some statie hand postures of the native Indian sign language.
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Figure 4.10: Dynamic hand signs (pictographs) of the native Indian sign language taken
from William Tomkin's online database.
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^

ii

\

!/■
Figure 4.11: Five frames of the signs from the native Indian sign language (a) Arise (b) Fire
(c) Yes (d) Give and (e) Jump, respectively.
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camera mounted in such a way that it covers the whole hand action during video acquisition.

The videos were acquired as RGB colour video and converted to gray-scale frames for

further processing. The system is designed to recognize hand gestures by using both finite
state machine and the extracted hand trajectories. As in any recognition system, the system
is first trained to adjust all parameters of the recognition system. Recognition is performed

by considering hand shapes, spatial hand positions and trajectory based features along with

temporal information. Finally, the recognition results are displayed on a command window

in the form of a text message indicating the gesture name as identified by the system'.
4.3.3

Experimental results

Gesture type detection

For the training sequences of gestures considered in Chapter 2, we plotted the centroids of
key VOPs in a 2D image plane. We observed a cluster of centroids as shown in Figure 4.13.

The cluster indicates that considered gesture sequences have only local motion. A circular
region is constructed to cover all the centroids in the 2D image plane. Now, for all the

testing gesture sequences considered in Chapter 2, the location of centroids in the 2D plane
is observed. It is seen that, for all these testing gesture sequences, centroids of key VOPs

lie in the circular region as fixed during the training. For all the gesture sequences (where

significant amount of global motions present) considered in Chapter 3, no such cluster
formation is observed. In these cases, a significant number of the centroids of key VOPs
in the sequence are outside the circular region. Figure 4.14 shows the relative movements

of centroids for all the testing samples corresponding to "Square gesture. It is seen that
the proposed centroid based method has a good discriminative power in detecting types

of motion present in a gesture sequence. It is to be noted that, the method may fail to
judge a global motion in a sequence which has small global motion in all the frames of the
sequence. In this case, it is confused with a sequence that has only local hand motion. So,
in the pi\.sent cases we selected gestures that have significant amount of global motions, so
that they are no way confused with gestures having only local hand motion.
'This work has been published in IEEE TENCON 2005 (Refer item 9 in Page 199 for details)
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Figure 4.12: Test setup and command window for the proposed gesture recognition system
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Recognition of gestures having local and global motions

Next step of the proposed recognition system is to pass a gesture sequence to an appropriate

recognition engine for classification. Gestures having only local hand motions are classified
by the FSM matching, while gestures having only global hand motions are classified by the
trajectory guided recognition. Recognition rates for these two cases are given in Chapter 2
and Chapter 3 respectively.

To test the performance of the proposed system for recognition of gestures having both
local and global hand motions, the ten different hand gestures as defined in Section 4.3.1
are used. Table 4.1 shows the gesture recognition results for the second set of experiments.
The overall recognition rate is 94.3% for the selected gesture vocabulary. The recognition

rate so obtained is satisfactory for HCI applications.

Recognition of signs of the native Indian sign language
Table 4.2 shows the recognition rate for the 16 selected hand posture gestures (static ges

tures) in the native Indian sign language'. A static hand pose gesture may be viewed either

as a special case of local motion gesture (that is represented by a single-state FSM of infinite

duration, as described in Chapter 2), or as a special case of local-plus-global motion gesture

(where the gesture trajectory is a single point in space). For these gestures, only appearance
and/or shape of the hand is considered for recognition. The overall recognition rate is found
to be above 95%. In this case, two handed static gestures ('Bowl' and 'Bridge') show rea

sonably good recognition accuracy. For recognition of dynamic hand gestures in the native
Indian sign language, we selected altogether 24 different signs having both local and global

hand motions, each sign representing a single word. Table 4.3 shows the recognition rate

for these selected words. The average recognition rate obtained in this case is also above
95%,.

Therefore, the gesture recognition module developed in this chapter proves to be very

efficient m recognizing a wide class of dynamic hand gestuies having both global and/or
local hand motions. In the gesture recognition experiments discussed above, training and
'This work has been published in IEEE Indicon 2006 (Refer item 15 m Page 199 for details)
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testing samples are obtained by collecting gestures perfonned by 10 different signers at
different instants of time and conditions. Each signer is provided manual instructions for

performing different gestures. For a few signers, wider abnormal spatio-temporal and shape
variations for some of the gestures are obtained, which affect the overall recognition rates.

In the event of low illumination, self occlusion of fingers and palm affects the performance
of the hand segmentation algorithm and in turn it greatly reduces the recognition accuracy.

4.4

Concluding Remarks

In this chapter, we have developed a universal hand gesture recognition system in the sense
that the proposed gesture recognition system can handle different types of isolated dynamic
gestures in a common platform. We considered scenarios where the time variation of the

shape of the hand provides cues about the identity of the the activity performed by the hand.
The proposed scheme is corroborated by experimental results for different hand gestures as

well as static and dynamic signs from the native Indian sign language. The experimental
results show very high recognition accuracy for all these cases. The system is also suitable
for static hand gestures which may be considered as special cases of dynamic gestures.

The proposed recognizer may be suitable for recognizing hand gestures for HCI applica

tions. However, it is to be noted that the proposed gesture recognizer cannot be considered
as a complete sign language recognizer, as for complete recognition of sign language, in
formation about other body parts i.e., head, arm, facial expression, etc. are essential. The
main motivation behind experiments on the signs of the native Indian sign language is to
validate the proposed hand gesture recognition scheme.
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Table 4.1 ; Experimental Results: Confusion matrix showing the gesture recognition rate
using the proposed gesture recognition scheme.

No. of training samples per class: 50
No. of test samples per class: 150

No. of test pattern assigned to different classes

Actual class
labels

u

^ 'a?
a
Gesture No. 1

140

Gesture No. 2

0
135

10
0

13

Gesture No. 3

144

0

0

Gesture No. 4

0

146

0

Gesture No. 5

0

137

Gesture No. 6

0

10

3

0

0

136

0

0

Gesture No. 7

141

0

0

Gesture No. 8

0

145

0

0

0

Gesture No. 9

0

145

0

0

Gesture No. 10

0

0

146

0

Overall Average
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Table 4.2: Recoiznition rate for static hand sisns taken from the native Indian sign language

No. of training samples per class : 65

TH-1870_02610203

No. of test samples per class : 55

Gestures

Ace rate

Err rate

Rej rate

I Hand

98.18

1.8

0.0

II Hand

98.18

1.8

0.0

IV Hand

96.36

3.6

0.0

V Hand

94.54

3.6

1.8

Cartridge

98.18

1.8

0.0

Bowl

90.91

9.1

0.0

Bridge

90.91

9.1

0.0

Friend

94.54

5.4

0.0

High

98.18

0.0

1.8

Man

92.73

5.4

1.8

Mid day

94.54

1.8

3.6

Oath

96.36

3.6

0.0

Short

98.18

1.8

0.0

Drink

92.73

7.3

0.0

Up

92.73

7.3

0.0

Mirror

96.36

1.8

1.8

Average

95.22

4.1

0.7
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Table 4.3; Recognition rate for isolated words in the native Indian sign language

No. of training samples per class : 60

No. of test samples per class : 55

Gestures

Ace rate

Err rate

Rej rate

After

98.18

1.8

0.0

Alive

92.73

5.4

1.8

Alone

92.73

3.6

3.6

Grow

96.36

3.6

0.0

Arise

98.18

0.0

1.8

No

92.73

5.4

1.8

Call

90.91

3.6

5.4

Bless

98.18

0.0

1.8

Boy

96.36

1.8

1.8

Bring

96.36

3.6

0.0
i
1
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Chief

92.73

1.8

5.4

Come

92.73

5.4

1.8

Defy

96.36

3.6

0.0

Depart

96.36

3.6

0.0

Distant

98.18

1.8

0.0

Fire

98.18

0.0

1.8

Peak

92.73

7.3

0.0

Wait

96.36

1.8

1.8

Fish

96.36

3.6

0.0

Jump

98.18

0.0

1.8

Give

96.36

3.6

0.0

Yes

98.18

1.8

0.0

Take

90.91

9.1

0.0

Shoot

96.36

1.8

1.8

Average

95.53

3.1

1.4

Chapter 5

Recognition of Continuous Dynamic
Hand Gestures

One of the most important requirements for hiiinan computer interaction and sign lan
guage recognition is that natural gesturing should be supported by the recognition engitie
so that a user can interact with the system without any restrictions. Since a sequence of
gestures is generally mixed with co-articulation and unintentional movements in between

gestures, these non-gestural movements need to be eliminatedfivm an input video sequence
before each individual gesture in the sequence can be identified. In this chapter, we focus
our uttcation to cope with this problem associated with continuous gesture recognition.
This requires gesture spotting that distinguishes meaningful gesturesfrom co-articulation
and unintentional movements. In our method, we first segment the input video stream by
detecting gesture boundaries at which the hand pausesfor a while during gesturing. Next,
every segment is checkedfor movement epenthesis and co-articulation via FSM matching or
by using hand motion information. Thus, movement epenthesis and co-articulation phases

are detected and eliminatedfrom the sequence and we are left with a set ofisolated gestures.
Finally, we apply our earlier proposed recognition schemes to identify each individual ges
ture in the sequence. Our experimental residts show that the proposed scheme is suitable
for recognition of continuous gestures having different spatio-temporal behaviour.
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5.1

Continuous Gesture Recognition

5.1.1

Problems in continuous gesture recognition

We have considered recognition of different types of isolated dynamic hand gestures in

Chapters 2 to 4. However, in a real-world situation, a signer generally makes a series of

gesture signs one after another. Therefore, a gesture recognition module can be of prac
tical use only if it is capable of isolating each individual gesture in a continuous stream

of gestures and apply appropriate recognition algorithm on each of them. For recognition
of continuous gestures, there are two comiuon problems that make the recognition task
somewhat difficult and the recognition results may be sometimes inaccurate. These two

problems are the problems of gesture confusion and co-articulation.
A continuous gesture sequence is generally a mixture of meaningful gestures and un
intentional movements in between [Quek (1994), Pavlovic et al. (1997)]. Therefore, it is

possible that an unintentional movement is confused as a meaningful gesture and vice versa.
So, one very important issue in continuous gesture recognition research is to identify mean
ingful gestures in a continuous stream of body movements while removing all non-gestural
motion components in the input video stream. This may be accomplished by spotting the

exact instants when a gesture in the sequence starts and ends. This is called gesture spot
ting. Gesture spotting is essential for a recognition system to work continuously without
any need for human intervention. Especially, it is possible for a user to interact with the

recognition platform using natural gestures without any restriction only if gesture spotting
is supported in a vision-based interface. By spotting gestures in a continuous video stream,
we can automatically remove extra unintentional movements arising between gestures.

Another important issue in continuous gesture recognition is co-articulation which makes
the extraction of gesture signs even harder in continuous hand movements. Co-articulation

is the phenomenon in which one gesture influences the next in a temporal sequence [Vogler
& Mextaxas (1997), Shamaie et al. (2001)]. In other words, when gestures are produced

continuously, each gesture may be affected by the preceding gestuie, and sometimes possi
bly by the gesture that follows it. In case of hand gestures, this happens due to non-gestural
hand movement during transition from one gesture to the next. This is called Tnovetnent
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epenthesis. It is to be noted that movements due to co-articulation are not the same as
unintentional movements in a continuous gesture sequence. Unintentional movements are

generally erratic in nature and so cannot be categorized as such. Movement epenthesis

occurs when the hand moves very fast from the last position in a gesture to the starting
position in the following gesture. This implies that these movements are deliberate and
are essential for connecting two gestures in a sequence. Nonetheless, co-articulation can

also be eliminated by segmenting out each component gesture in a sequence precisely and
accurately. Thus, the problem of continuous gesture recognition essentially boils down to
precise gesture spotting.

Most vision-based gesture recognition systems developed so far assume that the input

gestures are isolated or segmented. This assumption makes the recognition task easier,
but at the same time it limits the naturalness of the interaction between the user and the

system. In more natural settings, the gestures of interest are generally embedded in a con
tinuous stream of motion, and their occurrence needs to be detected prior to recognition.

This is the goal of gesture spotting. Subsequently, the recognizer attempts to classify the

gesture as belonging to one of the predefined gesture classes. In the process, there are three

possible types of errors; insertion, deletion and substitution [Lee & Kunii (1995), Starner
et at. (1998)]. An insertion error occurs when the spotting algorithm reports a nonexis

tent gesture, while a deletion error occurs when the algorithm fails to detect a gesture. A
substitution error occurs when a non-gesture is falsely classified as a gesture.
The basic idea in gesture spotting is to identify the starting and ending points of each

gesture sign in a continuous gesture sequence. Once the gesture boundaries are known, a
gesture in the sequence can be conveniently extracted out. However, the process of gesture
boundary detection is not a trivial task because of the following reasons.
1. Gesture boundaries are subjective, i.e., they vary from one signer to anotlier.

2. Gesture boundaries are sequence dependent, i.e., gesture segmentation is heavily in
fluenced by higher level cognitive processes, and by the context suiTounding each
gesture [Kendon (1988)].

3. It is impossible to enumerate all gestures. Traditional computer vision approaches
characterize a gesture as a series of poses. Clearly, given the virtually infinite number
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of poses lhal Ihc human body can assume, a generic model based approach to gesture
setiiTientation is not viable.

5.1.2 Gesture spotting methods

Gesture spotting is a special case of the general pattern spotting problem where the goal
is to lind the pattern boundaries in long input signals like texts [Oudot et al. (2004)] ,
speeches (Rose (1996)], and tmage sequences [Morguet & Lang (1998)] including gesture
video sequences. The different methods available for gesture spotting in literature may be
categorized into three broad divisions as given below.

.Direct approach: All direct-approach algorithms first compute low-level motion pa
rameters such as velocity, acceleration, and trajectory curvature [Kang et al. (2004)]
or mid-level motion parameters such as human body activity [Kaliol et al. (2004)],
and then look for abrupt changes {e.g., zero-crossings) in those parameters to de

tect gesture boundaries. An example of this type is the method used by Zhao et.al,
in which the local minima in the velocity profile serve as gesture boundaries [Zhao

(2001)]. However, this approach generally fails to produce gestures that are consis
tent with human perception.

• Indirect approach: In this, gesture spotting is intertwined with the recognition pro
cess. The approach uses a state space model of gestures and the gesture boundaries
are detected using recognition scores [Aggarwal & Cai (1997)]. First, a sequence
of continuous gestures is represented as a series of static poses or states. Gesture

segmentation is then achieved by identifying the start pose and the end pose of each
gesture in the sequence. Starting from a state in the sequence, a gesture endpoint
is detected when the recognition likelihood exceeds some threshold, and the gesture

start point is determined by backtracking the optimal dynamic progiamming path.
For example. Lee and Kim proposed a gesture spotting system that detects the end
point of a gesture by using threshold model and finds a corresponding start point by
searching the Viterbi path from the end point [Lee & Kim (1999)]. However, the
method has a problem in that the system cannot report the detection of a gesture
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immediately after the system reaches its end point. Moreover they used heuristic in
formation, such as moving the hand out of the camera range. Such a heuristic is not

very natural to humans. Nishimura and Oka also proposed a gesture spotting method
using continuous dynamic programming which works on a frame-by-frame basis and
matches a sequence of input feature vectors and standard patterns corresponding to
each gesture [Nishimura & Oka (1996)]. However, this approach is limited to sets

of gestures that do not contain any intermediate pose that resembles the start or end
poses. Thus, in practical applications, this approach severely limits the number of
gestures that can be segmented.

Combined approach: The third category of gesture segmentation methods com
bines the indirect approach (state space-based approach) with direct approach (zero-

crossing based approach). Vogler and Metaxas used context-dependent HMMs for
segmentation and recognition of continuous gestures [Vogler & Mextaxas (1997)].
However context-dependent modelling has some inherent problems. First, it is lin

guistically implausible, because it fails to model movement epenthesis properly. An
extra movement between the two signs are inserted when they are performed in se

quence, which is not indicated by their lexical entries. This phenomenon is referred
to as movement epenthesis [Liddell & Johnson (1989)]. Second,the number of states

used in the HMM recognition network is of the order of 0(1T2), where W is the num
ber of signs in the vocabulary wbich in general is very large. Later, they modified the
algorithm by incorporating movement epenthesis for recognition of American Sign
language(ASL)and showed some promising results by using parallel HMMs[Vogler
& Mextaxas (1999)]. Wang et. al. used local minima in the acceleration profile as

gesture boundaries to segment a gesture sequence into several motion alphabets or
"characters" that are then combined using an HMM [Wang et al. (2001)]. When the

motion alphabets derived from one motion sequence is used to segment a different
motion sequence, the corresponding results are generally not satisfactory.
Though "gesture spotting" and "movement epenthesis detection are two important and
open research issues in continuous hand gesture recognition, not much vision based ap-
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5.2 Proposed Gesture Spotting Methods

preaches for the same have been reported till date. The techniques developed so far for
movement epenthesis detection are generally not useful for wide range of gesture vocabu

lary [Vogler & Mextaxas (1997), Morguet & Lang (1998), Shamaie & Sutherland (2001)].
This is because motion interpretation itself is an ill-posed problem in sense that a unique

solution of the problem cannot be guaranteed [Wu & Huang (2001)]. For solution of such

a problem, combination of cognitive science and psychological studies with computer vi
sion has been suggested. Moreover, the existing algorithms do not address the problems

associated with the recognition of different types of continuous hand gestures having dif

ferent spatio-temporal behaviour or motion characteristics, viz., gestures having only local

motions, gestures having only global motions, gestures having both local and global mo
tions, and gestures showing sequence of static hand poses (fluent finger spelling). In view
of these, we propose to develop a scheme for gesture recognition that first identifies the na
ture of hand motion involved in a continuous gesture sequence and then applies a suitable

spotting method incorporating cognitive and psychological aspects of recognrtion. In our
method, we first segment the input video stream by detecting gesture boundaries at which

the hand pauses for a while during gesturing. Next, every segment is checked for move

ment epenthesis via FSM matching or by using hand motion information. Thus, epenthesis

phases are detected and eliminated from the sequence and we are left with a set of isolated
gestures.

5.2 Proposed Gesture Spotting Methods
5.2.1

Gestural cues for continuous gesture segmentation

In order to segment out meaningful gestures from a continuous video stream and to elimi

nate any unintentional movement and/or co-articulation in between gestures, it is important
to understand the nature and characteristics of gestures. Fortunately, some studies on human
movement, including full-body gestures and hand gestures, had been done by researchers
in the past and are available in literature. In this context, Efron's work [Efron (1941)] on
how a gesture is performed was seminal to gesture analysis in psychology. He showed that
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during oesturinti humans use gestures as the building blocks for complex motions and di
vided the making of a hand gesture into three phases; preparation, stroke and retraction. He
also showed that during gesture interpretation humans use visual cues to segment continu

ous motion sequences into discrete gestures and then perform recognition of each discrete
gesture independently.

This pioneerins work by Efron was later extended by Kendon. He showed that humans
first segment a iiesture, and then recognize it - a process analogous to segmentation of

spoken words from a continuous stream of speech and then recognition of the segmented
words by the human neuro-auditory system [Kendon (1988)]. He also made significant con
tribution by establishing that gestures are user specific, and that each human has a personal
vocabulary of gestures that can be learned by speech-gesture correlations and acquaintance
with that person. In another study, he defined a spectiaim of gesturing behavior [Kendon
(^1990)]. According to him, on one end of this spectrum are the artificial and highly struc
tured gestural languages, such as the American sign language (ASL), while on the other
end are gestures that naturally and unconsciously co-occur with speech. In between these
two extremes are the artificial but culturally shared emblems,such as the thumbs-up sign,

the "V" sign and so on. He also described a hierarchy for gestures similar to Efron s work,

a portion of which is shown in Figure 5.1. At the top level in the hierarchy is the gesture
unit, a period of activity demarcated by the starting and returning of the hands to a rest

position [Eisenstein & Davis (2005)]. This gesture unit is generally composed of a series
of gesture signs or phrases. A gesture phrase is what is traditionally considered to be a
single "gesture" — for example, pointing at something while talking about it, or tracing a
path of motion. In the next level, every gesture phrase is decomposed into a set of hand
strokes, which are considered to be the content-carrying parts of the gesture. In addition,

there may also be a preparation phase which initiates the gesture, and possibly a retraction

phase bringing the hand back to a pause state. Finally, the "hold in the lowest level refers
to a static positioning of the hand in gesture space, either before or after the stroke. These
points have been already outlined in Chapter 1.
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CJc.sture Unit

(Jcsture Phase

Preparation

(pre—stroke)

(post-stroke)

Figure 5.1 ; A hierarchy of gesture components [Eisenstein & Davis (2005)].

5.2.2

Gesture boundary detection

From the studies presented in the previous section, it can be deduced that generally a gesture
starts and ends with the hand staying in a standstill position for a while. That is, a signer

generally starts making a sign from a "pause" state and ends in a "pause" state even in case
of continuous gesturing [Shriberg et al. (2000)]. Based on this idea, we propose to use
the hand motion information for locating the boundary points of each individual gesture in
a continuous stream of gestures. A boundary point is detected whenever the hand pauses
during gesturing.

The first step in the proposed method for gesture spotting involves generating the video

object plane (VOP)from each input frame in the continuous stream of video. A series of
key VOPs are extracted from the generated VOPs using Algorithm 2.1, which also gives
the duration of each key VOP in terms of the number of frames between each pair of key

VOPs. A VOP model diagram showing a portion of a continuous gesture sequence is given

in Figure 5.2. The diagram shows two gestures in the sequence connected with a movement

epenthesis phase in between them. In the figure, KVOP,n,„ represents tlie /r*'' key VOP in
gesture number rn and T,„,r! is the corresponding time duration, expressed in temis of the
number of video frames between KVOP,,, ,, and KVOP,„,n+i
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KVOP
M

,vop

M

KVOP,,

vop [

vop

M ^'OP

VOP

VOP

M

(Gesture 1

VOP M VOP

VOP

Non "csture

vop_!H

Gesture 2

(Movement Epcnthesis)

Figure 5.2: VOP model for a portion of a continuous gesture sequence showing movement
epenthesis.

A key VOP in the sequence coiTcsponds to a particular hand shape and/or position and
the key VOP duration indicates the time for which the hand remains more or less fixed in

that pose and position. This key VOP infonuation is used in the proposed gesture spotting

algorithm as well as for gesture recognition. For gesture spotting, a "pause" in the sequence
is detected whenever the duration of a key VOP exceeds or at least equal to the minimum

time for which the hand pauses at the starting or ending of a single gesture, as detennined
during the training session'. The use of key VOPs in gesture representation and recognition
has been discussed earlier in Chapters 2 to 4.

In the proposed algorithm, we assume that the camera starts capturing the hand image

sometime before the signer starts gesturing. Therefore, the first "pause" in the video in
dicates the starting of the first gesture in the sequence, as illustrated in Figure 5.3. The
gesture may end when the next "pause" in the video stream is spotted. Assuming that
there is always some non-gestural movement in between two gestm'cs, the third and fourth

"pauses" in the input video will indicate the starting and ending of the second gesture in

the sequence respectively and so on. Thus, all the gestures in the input sequence can be
selected out. However, the scheme will fail under certain situations, as listed below, and
will result in incorrect spotting of gestures.

1. The assumption that there is always some non-gestural movement of hand in between
two gestures may not be always true. For example, if the end position or pose of a
'This work has been published in IEEE TENCON 2005(Refer item 8 in Page 199 for details)
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SlarlinR point (Signincant hand pause)
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Figure 5.3; Gesture sequence starting point detection

gesture is same as the start position or pose of the next gesture then there is generally
no extra movement in between these two gestures. In that case, the two gestures are

adjoined to each other in the sequence with a common "pause" indicating end of the
first gesture and start of the next gesture.
2. In the case of sequence of static hand poses (fluent finger spelling), there is generally

no motion during the gesturing period while tlie hand luay move in between two

gesture poses due to movement epenthesis. Tliat means, here a "pause" itself in
the sequence corresponds to a gesture sign as if the start-point and end-point of the
gesture have merged together.
3. In the case of gestures involving global hand motion, there may be some "pauses"
within a single gesture. When the hand traverses in space, it makes one or more hand
strokes to build up a complete gesture trajectory. Since a hand stroke generally starts
from a "pause" and ends in a "pause", a multi-stroke gesture will contain some extra
pauses in between.
In our research, we have visually analyzed a large number of real gesture trajectory

patterns and identified twenty-four different gesture strokes to represent most of these
trajectories. They are listed in Figure 5.4. Some exaiuples of ideal gesture trajectories
that are made up of one or more of these gesture strokes are shown in Figure 5.5. The
first two examples are gestures having global motion only representing "One" and
"Square", respectively. As we see in the figure, "One" is a single stroke gesture
while "Square" is made up of four strokes. Therefore, the gesture "One" will start
from a pause and will end in the next "pause". But, there will be tliree intermediate
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Figure 5.4: Basic hand strokes that are used in building dilferent gesture trajectories.

"pauses" in the "Square" indicating gesture. The last example is the trajectory of a
gesture composed of both local and global motions that represents a sentence in a
sign language. Here each word in the sentence is signed by a single stroke associated

with changing the hand pose. Hence, the number of strokes in the gesture is equal to
the number of words in the sentence. Accordingly, for this example, there will be one
extra pause in between two words.

Figure 5.5: (a) Single hand stroke for a gesture (b) Multiple hand strokes for a gesture (c)
Multiple strokes for a sentence of sign language.

Hence, it is not always possible to have reliable spotting of gestures only by detecting pauses
in an input video. In view of this, we propose to check the nature of hand movement in
every video segment in between two "pauses" in the input stream. Assuming that there is no

unintentional movement other than movement epenthesis in between gestures, the proposed
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gesture spotting method requires to determine the occurrence of movement epenthesis in the
sequence. This is done through FSM matching and/or using motion features, as explained
in the next section.

5.2.3

Movement epenthesis detection

In order to detect the occurrence of movement epenthesis between two pauses in a con

tinuous video stream, we look for some characteristic features to decide whether it is a

movement epenthesis phase or not. Movement epenthesis occurs when the gesturing hand
moves fast from the last pose (or position) of a gesture to the first pose (or position) of the

next gesture in the sequence. That means, in gestures with local motions only, movement
epenthesis is characterized by fast change in hand shape (pose) while in gestures having
global motion it is indicated by fast movement of the hand in space.
Movement epenthesis detection in continuous gestures with local motion only

Following two steps are proposed for movement epenthesis detection for gestures having
only local hand motions.

step 1; We assume that after completing a gesture, the signer holds hts hand for sometime
in the last signed pose in the gesmre and then quickly moves it to the starting pose of the
next gesture in the sequence. The signer does this by bending his fingers and/or moving his

palm in a very short span of time while holding the hand more or less fixed at one position in
space. That means, the movement epenthesis phase is also made up of local hand motions
only and hence may be represented by an FSM model. Now since there is fast change in
hand shape during movement epenthesis compared to that during a gesturing phase, the
time duration associated with each state of an FSM representing movement epenthesis will

be generally very small than that for an FSM representing a gesture. Therefore, movement
epenthesis in continuous gesturing may be detected if the key VOP durations in between
two "pauses" are below a certain threshold. The value of this threshold may be decided
during the training session.

Step 2: The movement epenthesis detected in Step 1 can be verified by representing the
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KVOPs in the detected movement epenthesis phase by an FSM. Following the procedure

described in Chapter 2, the input video sequence is represented by an FSM and is matched
to all the prototype FSMs contained in the database, each prototype FSM representing a

local motion gesture in the gesture vocabulary. If no match is obtained then movement
epenthesis is verified.

Movement epenthesis detection in continuous gestures having global motion

In the case of gestures having global motion only or gestures having both global and local
motions, the gesturing hand traverses in space to form a gestuie trajectory. After a gesture

trajectory is completed, the hand pauses for a while and then moves with very high velocity
to the starting position of the next trajectory. After that, the hand again pauses for a while
before starting the next trajectory. Based on this, we now propose to detect movement
epenthesis by observing the motion of the hand between two pauses in the input hand
motion video.

As discussed earlier, a gesture phase can be divided into three motion stages — prepa
ration, stroke and retraction, in addition to the starting and ending "pauses". On the other

hand, a movement epenthesis phase starts from a pause, makes a fast hand stroke and finally
ends up in another pause. Therefore, it is possible to distinguish a movement epenthesis
from a gesture stroke if we can determine the behaviour of the gesturing hand in between
two "pauses". For this, we compute two motion parameters, viz., velocity and acceleration,
at every key VOP instant and decide the nature of hand movement at that instant. The pro
posed scheme for movement epenthesis detection in the continuous gestures with global
hand motions consists of the following two steps.

Step 1: Movement epenthesis detection by motion features
As discussed above, two motion features are used in our system for detecting movement
epenthesis phase.

Acceleration featurefor movement epenthesis detection:

During movement epenthesis the speed of the hand increases to a very high value from
almost zero value and then abruptly conies down to almost zero as illustrated in Figure 5.6.
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That means, the hand moves with very high acceleration (positive or negative) during the

movement epenthesis phase. On the other hand, during gesturing the speed of the hand

gradually increases from a pause, may remain constant for sometime and then gradually
comes down to almost zero. Therefore, acceleration feature may be a good measure to
check for movement epenthesis, as mentioned earlier m Chapter 3.

I
Figure 5.6: Example of a typical velocity plot for two sequentially connected gestures
having global motion in a continuous video stream.

Velocityfeaturefor movement epenthesis detection.

The speed of the hand is generally very high while making a stroke. But, that during the
preparation and retraction stages is generally very small. That means, the average velocity
of the hand during movement epenthesis is generally very large compared to that during a
gesturing phase. Hence,the measure of velocity may serve as an additional feature to detect
movement epenthesis.

From the analysis of data corresponding to the velocity and the acceleration for different
gestures, it is seen that the values of these two parameters are not unique and precise for dif

ferent samples of a same gesture. The discrimination of imprecise data based on these two

parameters can be done by using the Fuzzy-rule based method. We now propose a fuzzyrule based method to discriminate between a movement epenthesis phase and a gesturing
to

phase using these two motion parameters.

Fuzzy methodfor movement epenthesis detection.

Fuzzy logic is a multi-valued logic that allows an input to have its belongingne,^ „
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fuzzy set in terms of degrees of membership in the interval [0,1][Zadeh (1988)]. The fuzzy
membership function is generally defined in a such way that it has membership grade 1 (full
certainty) at a particular value or over a range, and then the membership grade gradually
decreases from 1 to 0 as the input value deviates away. The shape of the membership func

tion is at user's choice depending on the problem at hand. Some commonly used examples

are the Gaussian, the triangular and the trapezoidal membership functions [Bezdek (1981)].

The triangular and the trapezoidal membership functions are chosen in most applications
because of their simplicity. Fuzzy logic operations like mm(A, and maa;(A,i?) are
applied on a fuzzy set to construct fuzzy rules in the form of if-then statements. The max
function is used for the fuzzy OR operation, while truncation or AND operation is done

with the min function. The process of generating membership values for a fuzzy variable
using a set of input membership functions is known Asfiizzification. For applying the fuzzy
rules, the fuzzy set is to be decided first. This is generally done through experiments and
observations.

A fuzzy-logic based method excels in problem solving with imprecise data by trading
off between significance and precision similar to the reasoning process in humans. It is
tolerant of imprecise data [Zadeh (1988)]. Such a method promises to be suitable for dis
criminating between a movement epenthesis phase and a gesturing phase using the velocity
and the acceleration as the inputs.

We have formulated a scheme to measure the motion behavior in terms of some fuzzy

sets and rules to determine whether a particular motion is a gesture phase or movement

epenthesis'. By observing different gesture samples, we first define four fuzzy sets to de
note the different ranges of speed. They are Zero (ZO), Positive Small (PS), Positive
Medium"(PM)and "Positive Large'(PL). The corresponding fuzzy membership ftinctions

are constructed by experimentation and plotted in Figure 5.7. Similarly, we define five fuzzy
sets to quantify change in speed in terms of some fuzzy measures - "Negative Medium"
(NM). "Negative Small" (NS), "Zero" (ZO), "Positive Small" (PS) and "Positive Medium"
(PM); the corresponding membership functions are shown in Figure 5.8. For computing

the absolute values of speed and the change in speed, we calculate the velocity and the ac.This work has been puhlish^ZlZ^-gci-'Verlag 2006(Refer item 2 ir, Page 198 for details)
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celeration using equations 3.12 and 3.13 given in Chapter 3. These two motion parameters

are subsequently fuzzified and the motion stage through which the hand is undergoing is

determined using some fuzzy rules, as stated below.
^(y)
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Figure 5.7i Fuzzy membership functions defining different rsnges of speed.
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Figure 5.8: Fuzzy membership functions defining different ranges of change in speed.
From a large set of real gestures we observe that the speed of the hand generally lies
within a certain range at every stage in a gesture or movement epenthesis. Similar is the

case for change in speed. For example, during the Preparation stage the speed is generally
'Positive Small' and the change in speed is either 'Positive Small' or 'Negative Small'. We
can write this in the form of a fuzzy rule as

."IF the speed is Positive Small AND the change in speed is Positive Small OR Neg
ative Small, THEN the hand is in Preparation stage".
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Accordingly, if the hand is moving at a speed v and the change in speed is a then, the degree
of certainty by which we can say that the hand is in "Preparation" stage is given as

MPrep('i^,a) =

/J.ps{v),max. jtips(a), yLiNs(a)

(5.1)

The IF-THEN fuzzy rules for all the other three motion phases can be derived in a similar
manner and using Table 5.1 that gives the fuzzy sets for the two motion parameters cor

responding to the different stages of hand motion. The fuzzy rule for each motion phase
is obtained by the INTERSECTION of the UNIONS of the fuzzy sets for each individual

input. Using all these fuzzy rules we can compute the degrees of confidence that the hand is

doing "Pause","Preparation","Stroke" and "Retraction" at a given instant of time. Finally,
we decide for the motion stage that has the maximum.degree of confidence. In doing so,

we are able to find the sequence of hand motion in an input stream of hand gesmre video.
If the extracted motion pattern follows the motion phases of Table 5.1 in order, the video
segment is classified as a gesture, otherwise it is labelled as movement epenthesis.
Table 5.1; Gesture motion phases and corresponding motion parameters

Motion phase Speed

Change in Speed

Pause

ZO,PS, NS

Preparation

PS,NS

Stroke

Retraction

PL.PM ZO,PS, NS,PM,NM

P^

Step 2: Verification of movement epenthesis using trajectory shape
The process of movement epenthesis detection can be made more reliable and accurate by

considering the hand trajectory shape for verification. It is observed that during movement
epenthesis the hand generally moves in a straight path. So, a motion phase is not a move
ment epenthesis if the trajectory is not a straight line. Note that a straight-line trajectory
does not always indicate movement epenthesis. It may also repiesent a valid gesture stroke.
The Step I discriminates between movement epenthesis and such a gesture stroke.
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A continuous gesture recognition scheme incorporating appropriate method for move

ment epenthesis detection is developed in the next section.

5.3 Proposed Algorithm for Gesture Recognition
5.3.1

Types of continuous gesture sequences

As said earlier, an isolated dynamic hand gesture may be composed of local motions only,

global motion only, or combination of both local and global motions. Therefore, in prin
ciple, a continuous gesture sequence may be a mix of any of these three types of gestures.
That is, the sequence may have one type of gestures only, or a mix of any two types of

gestures, or a mix of all three types of gestures. Again continuous gestures with local hand
motions only may be of two types. In one type, the individual gestures in the sequence are
dynamic gestures having only local motion. The other kind includes gesture sequences that
are composed of static hand poses only. It is to be noted that for the latter kind, though each
individual gesture sign is a static pose, the gesture sequence as a whole is never static due
to hand movement from one sign to the next in the sequence. In this work, we consider four

types of continuous hand gestures that may be useful in HCI related applications. These
Type I gestures that are composed of static hand pose gestures only.

Type II gestures that are composed of hand gestures havin^^ local hand motions only.
Type III gestures that are composed of hand gestures having global motion only.
T^pe IV gestures that are composed of gestures having both local and global motions.
Further, we make the following assumptions on the choice of gestures in the vocabulary.

.A gesture as a whole cannot be the starting part of another gesture in the vocabulary.
.None of the gestures suffers from intermediate movement epenthesis. Intermediate
movement epenthesis occurs when there is some extra movement in between two
sti-okes of the same gesture. For example, a"Plus" representing global motion gesture
is formed by one vertical stroke and one horizontal stroke intersecting each other.
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Here the two strokes will be connected by an extra stroke joining the bottom point of

the vertical stroke (first stroke)to the leftmost point on the horizontal stroke following
it. Some more examples of intermediate movement epenthesis gestures are given in
Figure 5.9.

Figure 5.9: Examples of gestures having intermediate movement epenthesis

5.3.2

Gesture type detection

The proposed algorithm for continuous hand gesture recognition starts with VOP genera
tion, key VOP extraction and "pause" detection, as explained earlier. For this, a few key
VOPs following the first "pause" in the sequence is buffered. The input sequence is classi
fied as only local motion gestures (Type I and Type II) or as global motion gestures (Type
III and Type IV) based on the positions of the VOP centroids m these buffered key VOPs.
The method for the same has been presented earlier in Chapter 4. The next step involves
gesture recognition as described below.

5.3.3 Recognition in Type I and Type II gestures
As already described in this chapter, interpretation of a continuous stream of gestures re
quires to separate out every individual gesture in the input sequence followed by identifi
cation of the same. For the purpose of individual gesture identification in Type I and Type
II gestures, all key VOPs in between every pair of"pauses ', both inclusive, are taken and a
finite state machine is constructed. This FSM is then matched with all prototype FSMs con

tained in our local motion gesture vocabulary. The algorithm for FSM matching has been
described in Chapter 2. The concerned video segment is identified as the gesture whose

prototype FSM matches with the input. As explained earlier, if no match is found then this
segment corresponds to a movement epenthesis phase and is discarded. After this, we move
on to the next segment and the process continues as long as the signer keeps on signing in
front of the camera.

TH-1870_02610203

5.4 Experimental Results

A special situation may arise when all the segments are identified as movement epenthe-

sis phases. This corresponds to the Type I gestures. For this, the FSMs corresponding to
static gestures(FSM with infinite time duration) are considered for matching. Recognition

is accomplished by matching the state corresponding to each key VOP with the states of the
above FSMs.

5.3.4 Recognition in Type III and Type IV gestures
types of gestures, every video segment between two pauses corresponds to either

a gesture stroke in space or a movement epenthesis phase. Therefore, as a first step towards
recognition, it is required to check whether an input segment is a movement epenthesis or a

gesture stroke. It is accomplished by fuzzy rule-based method as described in the previous
section.

Consider the first stroke between two pauses and apply the check for the movement

epenthesis to it. If it is a movement epenthesis then it is discarded and we move on to the
next segment. If it is a stroke then we check whether it is a complete gesmre trajectory
or not by comparing it to all the prototype trajectories contained in the gesture vocabulary
database. Otherwise, we move on to the next segment and repeat the same procedure till

a valid gesture trajectory is obtained by connecting all these individual hand strokes in a
sequential manner.

Once a complete gesture trajectory is obtained, we proceed for FSM based matching.
FSM matching will he successful if the input is of TVpe IV. Else, feature based trajectory
matching is applied for recognition of Type HI gestures. The algorithm for gesture recog
nition using trajectory and/or FSM matching has been presented earlier in Chapter 4.

5.4 Experimental Results
A number of experiments were performed to verify the proposed continuous gesture recog
nition algorithm. The same camera and system setups of the experiments of earlier chapters
were used. During all these experiments, signers are initially acquainted with different ges
tures and asked to perform all the gestures according to the guidelines fixed before.
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The VOPs were generated and the key VOPs were extracted using methods described

in Chapter 2. For determining types of gesture sequences, we buffered 5 consecutive key

VOPsjust after the hand appears before the camera. It is seen that, initially the hand requires
some time for stabilization against unintentional movement and hand trembling for making

a gesture. We experimentally found that selection of 5 initial key VOPs is computationally
sufficient enough to take a decision regarding type of motions present in a particular gesture
sequence.

Five sets of experiments are performed on different types of continuous dynarmc hand
gesture sequences. These experiments are listed as follows.

• Experiments with continuous gestures of Type I:
In this, we considered five hand poses/shapes as shown in the Figure 5.10. These
five hand poses are performed one after another in different orders. By doing so, 25
sequences of hand poses are obtained for experimentation. Five signers are asked to

repeat each sequence for 10 times. So we have altogether 1250 different sequences.
Out of 1250 gesture sequences, 450 sequences were used for training. Table 5.2
shows the recognition rates for each of the selected 25 continuous gesture sequences.
Relatively low recognition rates are found for those continuous gesture sequences

that have signs 'two' and 'friend' consecutive to each other. It may be due to the
nearly identical hand shapes for these two gestures. The overall recognition rate for
800 test sequences are found as 89.8%, which demonstrates the effectiveness of the
proposed system.

Figure 5.10: Static hand poses 'One','Two , IV hand , Cartridge and Friend' respec
tively used in our
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Table 5.2: Gesture recognition rates for Type I gesture sequence.

No. of training samples per class : 18

No. of test samples per class : 32

Continuous gestures

Recognition rates

One - Two -IV hand - Cartridge - Friend

96.87

One - Two -IV hand - Friend - Cartridge

96.87

One - Two -Friend - Cartridge -IV hand

84.37

One - Two -Friend -IV hand - Cartridge

87.50

One - Two - Cartridge -Friend -IV hand

96.87

One- Two - Cartridge -IV hand - Friend

96.87

One - IV hand - Two - Cartridge - Friend

90.62

One -IV hand - Two - Friend - Cartridge

90.62

One — IV hand — Friend — Two — Cartridge

87.50

One -IV hand - Friend - Cartridge - Two

96.87

One -IV hand - Cartridge - Friend -Two

84.37

One -IV hand - Cartridge - Two - Fnend

81.25

One - Cartridge -IV hand - Two -Friend
One — Cartridge — IV hand — Friend — Two
One - Cartridge - Friend - Two -IV hand
One - Cartridge -Friend -IV hand - Two
One - Cartridge - Two -IV hand - Friend

84.37

One - Cartridge - Two - Friend -IV hand

81.25

One -Friend - Cartridge - Two -IV hand
One - Friend - Cartridge -IV hand - Two

96.87

One - Friend -IV hand - Two - Cartridge
One - Friend -IV hand - Cartridge -Two

90.62

One - Friend - Two - IV hand - Cartridge
One - Friend - Two - Cartridge -IV hand

84.37

Friend - One-T^- Cartridge -IV hand

90.62

Average

89.80
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84.37

84.37
84.37
96.87

96.87

90.62

90.62
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Experiments with continuous gestures of Type II:
In second set of experiments, we considered some se(^uences of continuous gestur~

ing with local hand motions only. The gesture vocabulary used in this case contained
the same ten different gesture signs that we used in our experiments on isolated lo

cal motion gesture recognition in Chapter 2. The gestures in the vocabulary were
divided into two groups arbitrarily each consisting of 5 gestures. A combination of 5

gestures in a group was considered to obtain a continuous gesture sequence. One such
was repeated 25 times by 5 signers. Thus a total of 1250 samples of con

tinuous gesture sequences are obtained for experimentation. The same partitioning
as in the experiment with continuous gesture of Type I was used to divide the gesture

sequences into training and testing sequences. A large number of these sequences
contain intermediate movement epenthesis. Figure 5.11 shows a portion of a contin

uous gesture sequence where some selected frames are shown. The transition from
"close to one" gesture to "close to two" gesture occurs with a movement epenthesis
phase in between. We used the same FSM database that we obtained through training

earlier in Chapter 2. In our experiments, we achieved an overall recognition accuracy
of 90.9%, with highest and lowest recognition rates of 96.87% and 81.25% respec
tively. This high recognition rate confirms that the proposed algorithm for gesture
spotting and movement epenthesis detection was indeed effective in segmenting out
meaningful individual gestures in the input sequences accurately and precisely.

• Experiments with continuous gestures of Type III.
In a third set of experiments, we considered trajectory pattems indicating "One",
"Two" "Five" "Seven" and "Three", as shown in the first row of Figure 5.12(a).

These gesture signs were performed one after another m different orders to build up
different sequences of continuous hand motion gestures with global motion only. As
we observe, each gesture starts from some point at top of the frame and ends some
where at the bottom. Thus, we have a movement epenthesis in between two gestures

in a sequence. In this case, we used the fuzzy-rule based method to detect move
ment epenthesis hand strokes as discussed m Section 5.2.3. Figure 5.12(b) shows
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Figure 5.11: A portion of a continuous gesture sequence showing transition from one ges
ture to the next used in our 2""^ experiment.

another set of gesture trajectories, viz.. Square , Circle , Diamond , Triangle
and "W". These gestures were used in the fourth set of experiments. In this set of
experiments, the starting and ending of all gestures in a sequence are in the vicin
ity of each other. Here the gestures are generally connected to each other without
any movement epenthesis in between. Figure 5.13(a) shows a sample of the contin
uous gesture trajectory where the gestures do not have any movement epenthesis in
between. Figure 5.13(b) shows a a sample of the continuous gesture trajectory con
nected by movement epenthesis in between. The segmented out gesture trajectories
from the gesture sequence samples in Figure 5.13(a) and Figure 5.13(b) are shown in
Figure 5.13(c). In this figure, the first row shows the segmentation result correspond
ing to Figure 5.13(a) and the second row shows that corresponding to Figure 5.13(b).
These demonstrate the efficacy of the gesture spotting method.
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Figure 5.12: Trajectories ofthe gestures used in our experiments,(a) Gestures that produce
movement epenthesis, used in our set of experiments,(b) Gestures that do not produce
movement epenthesis, used in our set of experiments.

Iji {Ijg third set of experiments, we used hand motion information to discriminate
the movement epenthesis phases in the input gesture sequences. Subsequently, all

individual gesture patterns in the sequences were segmented out and were identified
with an overall accuracy of 94.4%. Table 5.3 shows the classification accuracy in
case of the selected gesture vocabulary. This demonstrates the efficiency of our pro
posed method for movement epenthesis detection and subsequent trajectory guided
recognition. We also observed that the acceleration ofthe hand was significantly high

during movement epenthesis compared to that during the gesturing phase. Table 5.4
gives the values of average acceleration during the gestuiing and movement epenthe
sis phases in case oftwo sequences used in our experiments. Finally, in our fourth set
of experiments, we obtained an overall reeognition rate of 90.4%. Table 5.5 shows

the recognition rates for each of the selected 25 continuous gesture sequences. This
shows that our gesture recognition system is capable of identifying gesture strokes
and trajectory patterns with very high accuracy. The high recognition rate observed
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(a)

Figure 5.13: (a) A continuous motion trajectory without movement epenthesis (b) A con
tinuous motion trajectory with movement epenthesis (c) Segmented out trajectories.

in the third set of experiments compared to the fourth set of experiments may at
tributed to the exact gesture spotting through the detection of movement epenthesis.
Moreover, it is seen during experimentation that most errors come from the failure of
hand extraction that distorts the hand trajectory data.

Experiments with continuous gestures of Type IV.
In a fifth set of experiments, we considered sequences of continuous gesturing with
both local and global hand motions. The gesture vocabulary used in this case con
experitained the first five gesture signs [Figures 4.8 (a)-(e)] out of ten used in the experi

ments on isolated gesture recognition in Chapter 4. The continuous gesture sequences

were formed by performing these gesture signs in different orders. In this case also,
25 different gesture sequences were obtained. Each sequence was performed by 5
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Table 5.3; Gesture recognition rates for Type III (3'^ set of experiments) gesture sequence
No. of training samples per class : 10
No. of test samples per class : 15
Continuous gestures

JRecognition rates

)ne - Two - Five - Seven - Three

100.00

)ne - Two - Five - Three - Seven

93.33

)ne - Two - Three - Seven - Five

93.33

Dne - Two - Three - Five - Seven

93.33

3ne - Two - Seven - Three - Five

100.00

3ne - Two - Seven - Five - Three

100.00

Dne - Seven - Five - Three - Two

86.67

3ne — Seven — Five — Two — Three

86.67

One — Seven — Two — Three — Five

93.33

One — Seven - Two — Five - Three

93.33

One — Seven — Three — Two — Five

93.33

One - Seven - Three - Five - Two

100.00

One — Three — Five — Two — Seven

100.00

One - Three - Five - Seven - Two

93.33

One - Three - Seven - Two - Five

100.00

One - Three - Seven - Five - Two

86.67

One - Three - Two - Seven - Five

93.33

One - Three - Two - Five - Seven

93.33

One - Five - Three - Two - SevenI

100.00

One - Five - Three - Seven - Two)

100.00

One - Five - Seven - Two - Three5

100.00

One - Five - Seven - Three - Two)

93.33

One — Five — Two — Seven — Threei

86.67

One — Five — Two — Three — Seven1

86.67

Two - Three - Five - Seven - One
Average
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Table 5.4: Average acceleration in cm/sec^ in continuous gesturing

Gesture

1 St Gesture

Movement epenthesis

2nd Gesture

Sequences

phase

phase

phase

"One"

"Two"

0.342

0.783

0.338

"Five"

"One"

0.257

0.845

0.276

different signers for 5 times each, thereby resulting 625 number of continuous ges

ture sequences. Out of 625 gesture sequences, 250 sequences were used for training.
The classification results on the test data using the proposed method of recognition
are shown in Table 5.6. The overall recognition rate for 375 test sequences are found
as 92.3%, which is higher than the recognition rate for the continuous gestures with
local motions only.

The details of separation of total data into two sets viz., training set and testing set for
all these experiments along with corresponding overall recognition rates are shown in Ta
ble 5.7. Recognition rates for all these cases are satisfactory in the context of vision-based

continuous dynamic hand gesture recognition. These results suggest the possible recogni
tion of continuous hand gestures through vision based technique.

5.5

Concluding Remarks

Movement epenthesis and co-articulation detection is one of the main challenges in con
tinuous gesture recognition. It is difficult to distinguish between a valid gesture phase and

the movement epenthesis phase only from the motion information. That is why, not many
vision-based approaches for estimating movement epenthesis have been reported in the lit
erature till date. Most of the existing algorithms use the glove environment and are success
ful only on some specific gesture vocabularies. A generalized approach is needed to handle
all kinds of gestures performed in different contexts in a common platform. The proposed
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Table 5.5; Gesture recognition rates for Type III (4^'" set of experiments) gesture sequence.
No. of training samples per class : 10

No. of test samples per class : 15

Continuous gestures

Recognition rates

Square — Circle — Diamond — Triangle — W

86.67

Square — Circle — Diamond — W — Triangle

86.67

Square — Circle — W — Triangle — Diamond

86.67

Square — Circle — W — Diamond — Triangle

93.33

Square - Circle - Triangle - W - Diamond

93.33

Square — Circle — Triangle — Diamond — W

93.33

Square — Triangle — Circle — Diamond — W
Square — Triangle — Circle — W — Diamond
Square — Triangle — W - Diamond — Circle
Square — Triangle — W — Circle — Diamond
Square — Triangle — Diamond — W — Circle
Square — Triangle — Diamond — Circle — W
Square — Diamond — Circle — W — Triangle
Square — Diamond — Circle - Triangle — W
Square — Diamond — Triangle - W - Circle

93.33

Square — Diamond — Triangle — Circle — W
Square — Diamond — W - Triangle — Circle
Square — Diamond — W — Circle — Triangle
Square - W - Circle - Triangle - Diamond
Square - W - Circle - Diamond - Triangle
Square - W - Diamond - Triangle - Circle
Square - W - Diamond - Circle - Triangle
Square - W - Triangle - Circle - Diamond
Square - W - Triangle - Diamond - Circle

80.00
80.00

86.67
86.67
86.67

93.33
93.33
93.33

86.67
86.67
86.67
100.00
100.00
93.33

93.33
100.00

93.33

Triangle - Diamond - Circle - Square - W

86.67

Average

90.40
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Table 5.6; Gesture recognition rates for Type IV gesture sequence.
No. of training samples per class : 10

No. of test samples per class : 15

Continuous gestures

Recognition rates

- Gesture 2- Gesture 3 - Gesture 4- Gesture 5

93.33

- Gesture 2- Gesture 3- Gesture 5 - Gesture 4

100.00

- Gesture 2- Gesture 5 - Gesture 4- Gesture 3

86.67

- Gesture 2- Gesture 5 - Gesture 3- Gesture 4

86.67

- Gesture 2- Gesture 4- Gesture 3- Gesture 5

86.67

- Gesture 2- Gesture 4- Gesture 5- Gesture 3

93.33

- Gesture 3- Gesture 4- Gesture 5- Gesture 2

80.00

- Gesture 3- Gesture 4- Gesture 2- Gesture 5

86.67

- Gesture 3- Gesture 2- Gesture 4- Gesture 5

93.33

- Gesture 3- Gesture 2- Gesture 5 - Gesture 4

93.33

- Gesture 3- Gesture 5 - Gesture 2- Gesture 4

100.00

- Gesture 3 — Gesture 5 — Gesture 4 — Gesture 2

93.33

Gesture 4 — Gesture 3 — Gesture 5 — Gesture 2

86.67

Gesture 4 — Gesture 3 — Gesture 2 — Gesture 5

86.67

Gesture 4 — Gesture 2 — Gesture 3 — Gesture 5

100.00

Gesture 4 — Gesture 2 — Gesture 5 — Gesture 3

100.00

- Gesture 4 — Gesture 5 — Gesture 2 — Gesture 3

93.33

■ Gesture 4 — Gesture 5 — Gesture 3 — Gesture 2

100.00

- Gesture 5 — Gesture 4 — Gesture 3 — Gesture 2

86.67

- Gesture 5 - Gesture 4- Gesture 2 — Gesture 3

100.00

- Gesture 5 - Gesture 2- Gesture 4 — Gesture 3

93.33

- Gesture 5 — Gesture 2 — Gesture 3 — Gesture 4

86.67

- Gesture 5 - Gesture 3- Gesture 2 — Gesture 4

100.00

Gesture

- Gesture 5 - Gesture 3- Gesture 4 — Gesture 2

86.67

Gesture 2

- Gesture 1 - Gesture 3- Gesture 2 — Gesture 4

93.33

Average
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5.5 Concluding Remarks

system for movement epenthesis and co-articulation detection and subsecjuent recognition
of individual gestures in a continuous stream of gestures is an attempt that promises to
perform well on different types of gesture sequences having different spatio-temporal char
acteristics and motion behaviour.

Table 5.7; Average gesture recognition rates for set of experiments.

Experiments and

No. of

No. of

Gesture Types

training samples

test samples

First(Type I)

450

800

89.8

Second (Type II)

450

800

90.9

Third (Type III)

250

375

94.4

Fourth (Type III)

250

375

90.4

Fifth (Type IV)

250

375

92.3
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Recognition rates

Chapter 6
Conclusions

In this final chapter, we present a summary of the major contributions of the work
reported in the previous chapters of this thesis. Moreover, we point out a few areas that
may be explored for further progress of the present research.

6.1

Summary

In the context of HCI, gesture recognition is an important research topic in the field com
puter vision. While glove-based gesture recognition may be considered to be a more or
less solved problem, vision-based gesture recognition is still in its infancy. The thesis
investigated the issues involved in the problem of vision-based hand gesture recognition
and proposed methods to address some of these issues. Gesture recognition schemes were
developed for recognizing gestures with different spatio-temporal characteristic for HCI
applications. The schemes could identify different classes of hand gestures including static
hand poses in a common vision-based platform using a single camera setup. In the pro
posed recognition method, local hand motions are characterized as changes in the hand
shape and aie represented by an FSM incorporating temporal infomiation. On the other
hand, positional displacement of the gesturing hand due to global motion is represented
by a 2D gesture trajectory in space. Accordingly, gestures aie lecognized on the basis of
FSM matching, trajectory matching, or both. The developed system is also capable of rec
ognizing gestures in a continuous video stream via spotting of every individual gesture in
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the sequence while discarding any unintentional movement and co-articulation occurring in
between gestures.

In designing of the recognition methods throughout the thesis, we considered how a
human actually behaves in reality in making a gesture as well as in recognizing it. For
this, we have visually analyzed real gestures and also explored the findings in behavioral
science. The main points of the work reported in this dissertation may be summed up as
follows:

In the Introduction, we elaborated the problems associated with dynamic hand ges

ture recognition. A state-of-the-ait review of the existing literature on glove-based
and vision-based gesture recognition was presented. The review also included methods for hand tracking in a video sequence.

As explained in Chapter 2, we used the concept of object-based video abstraction
for segmenting the frames into video object planes(VOPs),as used in MPEG-4. The
hand is considered as a video object(VO). The proposed system exploits the inherent

advantages of MPEG-4 based video object segmentation. The shape-based represen
tation of the hand in terms of the binary alpha plane preserves linger information

even in the cases when fingers are not clearly distinguishable. Based on the overall

shape of the hand, we can take a recognition decision. The VOP generation method
is modified from that used in MPEG-4 systems. We used AND operation rather than

OR operation between horizontal and vertical candidates of a VOP so as to obtain
disjoint fingers. The Hausdorff tracker used for tracking takes care of rotation and
scaling of the hand thereby saving some amount of computations necessary for de
termining affine motions. The noteworthy feature of the recognition scheme is the
use of key VOPs of a gesture sequence. The key VOPs are selected on the basis of
the Hausdorff shape similarity measure. Alternatively, we proposed to use the ART
shape dissimilarity measure of MPEG-7 for the same. The finite state machine mod

elling of the gestures, developed in this chapter, is different from the earlier FSMs
since here we use only the key VOPs as states and all VOPs in between two consecu
tive key VOPs are included in the FSM as a temporal information for state transition.
The advantage of using key VOPs is that a long gesture video sequence can be sumTH-1870_02610203

6.1 Summary

mai-ized by considering only the prominent hand positions or shapes in the sequence.

By doing so, we eliminate all redundant VOPs in a sequence and apply subsequent
computations only on a set of a few key VOPs.

In the proposed method for recognition of gestures having only global hand motions
in Chapter 3, motion trajectories are extracted only from the key VOPs. Subse
quently, some of the key points are selected on the basis of MPEG-7 motion trajectory
approximation and representation. Key-point based trajectory representation signifi
cantly reduces memory requirement for storing the trajectory information. A feature
vector comprising static and dynamic features is proposed for trajectory-guided ges
ture recognition. The DTW algorithm is used for mapping of key trajectory points
from the template trajectory to the test and thereby features are extracted only from
the key trajectory points. In the proposed method, spatio-temporal variation is col
lectively coped with the DTW-based nonlinear time alignment of trajectories and the
MBD-based shape similarity measurement.

. In Chapter 4, we proposed a scheme for integrating the methods developed in Chap
ter 2 and Chapter 3, thus making the recognizer suitable for identifying local and/or
global motion gestures in a common platform. The proposed method uses the infor

mation of displacement of centroids of key VOPs in a 2D image plane for motion
interpretation. Different gesture patterns having different spatio-temporal behaviour
are separated out for classification. The overall recognition is performed on the basis
of following attributes.

1. Hand shape along with temporal information.
2. Spatial hand position in the form of gesture trajeetory.
3. Static and dynamic trajectory featuies.

Fusion of these different parameters in a single system enhances recognition perfor

mance for gestures having both local and global motions. The experimental validation
of the proposed system is done by recognizing some useful signs of the native Indian
sign language in addition to predefined gestures having both local and global motions.
The recognition rate of the proposed system on the sign language is promising.
TH-1870_02610203

• In Chapter 5, we proposed a method for discriminating the movement epenthesis
phase from a gesture in a continuous gesture sequence. Subsequently, a movement
epenthesis phase due to local hand motion is represented using the FSM-based rep

resentation. For gestures having global motions, we formulated a scheme to measure
the motion behaviour in terms of fuzzy sets and devised fuzzy rules to determine

whether a particular motion is a gesture phase or movement ephenthesis. Finally
classification is done by the methods as proposed in Chapters 2-4.

In experimental verification of the proposed methods, gestures were selected suiting the
special applications like robot control, gesture based window menu activation, etc. The
selected gestures included gesture classes having different spatio-temporal characteristics.

The proposed recognizer gave correct recognition with an average accuracy of more than
95%, which may be a good recognition rate particularly for HCI applications. Table 6.1
shows the performance of the proposed gesture recognizer in terms of overall accuracy rate
on different types of gestures.

Table 6.1: Average Gesture Recognition Rates
Gesture types

Average recognition rates

Static hand postures

99.33%

Gestures with only local motion

93.30%

Gestures with only global motion

95.84%

Gestures with both local and global motion

94.30%

Static signs of native Indian sign language

95.22%

Dynamic signs of native Indian sign language

95.53%

Continuous gestures

91.56%
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6.2

Possible Extensions

Although the presented work terminated in a working gesture recognition system for HCI,

many issues arose during the work. Some of these issues require further research and are
enumerated below.

1. Illumination variation and cluttered background: There are several constraints

considered in our work and the proposed recognition methods can perform only un
der those constraints. One major limitation is that it totally ignores the effect of

illumination change during recognition. To ease the process of tracking and segmen
tation, we considered relatively simple background. It will be interesting to study the

performance of the proposed methods in recognizing gestures in changing illumina
tion and cluttered background conditions. The methods might be extended to cope
with these two constraints.

2 Two handed dynamic gestures: The proposed recognition methods can handle
sinsle-handed gestures only. It would be an interesting research problem to repre
sent two handed gestures in FSM-based and trajectory-based representations.
3. Depth information and occlusion: In the proposed methods, depth information is
not considered during recognition. The performance of our system may be enhanced
if we consider 3D shape and motion of the hand instead of the 2D shape and motion.
Another overlooked point is occlusion caused by othei body parts and the hand itself.
These considerations need multiple camera systems.

4. Gesture spotting and co-articulation detection. Gesture spotting and co-articulation
detection are the main challenges in continuous dynamic gestuie recognition. In

the proposed methods for continuous gesture recognition, we considered the cases
when a particular continuous gesture sequence is composed of component gesture se
quences that have similar spatio-temporal behaviour and are free of self co-articulation.
In a word, a good representation of dynamic gestures needs to be found, in which
cognitive science and psychological studies may be combined in a context dependent
model.
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5. Efficient implementation: In the proposed methods, emphasis is given on recogni

tion accuracy of the selected gestures rather than the efficiency of implementation.

Future,works may include efficient real-time implementation of the developed meth
ods.

6. Gesture recognition system for multimodal interface: We also note that a hand

gesture is generally accompanied with facial expression and/or movement of other
body parts so as to form different meanings to the same gesture made by the hand.

Therefore, integration of hand gestures with facial expression, gaze and other natu

rally related modes of communication in a multimodal interface is desired.
7. Key VOP based gesture synthesis framework: The concept of key VOPs may be

extended to gesture synthesis, that might be used for gesture animation.
Future research may resolve all these issues to make robust and efficient hand gesture recog
nition systems for HCI and other applications.
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A.l Distance Transformation Algorithm
To calculate the Hausdotff distatice for object inatching, it is necessary to know the Eu

clidean distance of every pixel in the object from its nearest edge pixel. This distance for
an edge pixel is obviously 0, while its horizontal and vertical neighbors, if not edge pixels
themselves, have a distance of I. For diagonal neighbors, the corresponding distance is V2

if they or their horizontal or vertical neighbors are not edge pixels.
Unfortunately, computing these distances is a global operation and computationally ex
pensive. An algorithm that operates locally and approximates the Euclidean distance well
enough is described in [Borgefors (1986), Borgefors (1988)]. This algorithm uses small
masks containing integer approximations of distances in a small neighborhood thereby con
verting a binary image to an approximate distance image. This is called distance transfor
mation(DT). As shown in Figure. A.l, there are two such masks. Chamfer 3-4 and Chamfer
5-7-1 I, that are used in the process. The horizontal, vertical and the diagonal distances in
each of these masks are indicated in the figure. For example, the horizontal and vertical
distances for Chamfer 3-4 are 3 each and the diagonal distance is 4. This gives a ratio of

1.333 compared to 1.414 for Euclidean (exact) distances.
The DT is initialized by assigning zero to edge pixels and infinity or a suitable large
number to non-edge pixels. In two iterations, the distances are calculated by centering the

mask at each pixel in turn and updating the distance of this pixel. As shown in Figure. A.2,
the intensity values in the distance-transformed image represent the distances of the object
pixels from their nearest edges in the original image.
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Figure A.l: Chamfer masks usedfor computing distance transformation.

Following two algorithms may be used for distance transform computation. Here mask
Chamfer 3-4 is used for approximation of distances.
Parallel DT algorithm

If the DT is computed by parallel propagation of local distances, then at evei-y iteration each
pixel obtains a new value using the expression.
+ 4,

Vijh + 3,

+ 3,

+ 4,

+ 3,

(A.l)

+ 4, ■^i+i.i + 3i '^i+i,j+i + 4^
where
is the value of the pixel at position {i,j) m iteration k. The iterations continue
until there is no more change in the value. The number of iterations is proportional to the
longest distance occurring in the image.
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Distance Transform

Edge Image

Figure A.2; Edge image and corresponding distance transformed image.
Sequential DT algorithm

The sequential DT algorithm also starts from the zero/infinty image. Two passes are made
over the image — first "forward" from left to right and from top to bottom, and then back
ward" from right to left and from bottom to top, as described below.
Forward:

for 1 = 2,

, Max_rows, DO

for j = 2,

, Max_columns, DO

Vij = minimum

+ 3,Ui-ij+i +

Backward:

for ?■ = Max_rows — 1,
for j = Max_columns — 1,

n,,, = minimum
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+ 3,

+ 4,

+ 3,

+ 4)

Appendix B

B.l

MPEG-7 Motion Trajectory Representation

Motion trajectory describes the displacements of objects in time where an object is defined
as any spatio-temporal region or set of spatio-temporal regions whose trajectory is relevant
in the context in which it is used [Manjunath et al.(2002)]. Generally, the successive spatio-

temporal positions of an object are represented by the positions of one representative point
inside the object, such as its center of mass.

Description

The trajectory model is a first or secoird-order piecewise approximation of the spatial po
sitions of the representative point along titne, as given below. The spatial position of the

object along ,r-dimension (i.e., the coordinate along the .x-axis) is approximated as
First order approximation :
.

, \

1

(B.l)

Second order approximation ;

.Ti+l - X.,

x{t) = + vs- f.) + ^a,(t - Uf where v, =
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B.l MPEG-7 Motion Trajectory Representation

The y and z coordinates are also approximated using similar equations. Here Vi and a,

represent the velocity and the acceleration respectively, considered constant over

(.7;j, iji) and"(.Tj4.i, Vi+i) are object positions at times ti and ti+i.
On the basis of this model, the core of the description is a set of key points, representing

the successive spatio-temporal positions of the concerned object, while the coordinates of
the trajectory points in between these key points are interpolated using the above equations.

Key points are defined by their coordinates in space and time. By default, linear interpola
tion is used as shown in equation B.l. When nonlinear interpolation is done between two

key points in one spatial dimension, the corresponding interpolating parameter, a„ is added
to specify the second-order function of time as given in Equation B.2.
Figure B.l illustrates the method adopted for trajectory representation. It shows on the
left a modeled trajectory, and on the right the corresponding bitstream structure. In the
bitstream, all the time stamps are given first. This is followed by key point positions with

optional interpolating data for each spatial dimension (ordl, ord2 in the figure specify the
type of interpolation used on the current interval: first or second order). The description
size is roughly proportional to the number of key points and depends on the resolution
of the coordinate system. Using the flexibility of the syntax, one can choose the number
and temporal instances of key points to best adapt the description to the content and/or

application. The total number of key points can be chosen so that the global precision and
compactness required by the application is met, and variable time intervals between key
points can be chosen to match the local trajectory s smoothness.
Second order approxinintion

First order approximaUon

Jx. t)

(". *,>

*0

Figure B.l: Example of motion trajectory representation (One-dimensional) and corre
sponding bitstream stmcture.
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Selection of key points

Key points are obtained by merging adjacent approximation intervals. Following two al

gorithms may be used for this purpose; appropriate algorithm is chosen on the basis of the
constraints of the application.

• Sequential algorithm: The system starts with an approximation interval, which is the
union of the first two intervals. It sequentially adds the following points to expand this

interval, until the interpolation error exceeds a given threshold. The process repeats

for every three successive points in the trajectory path.
• Recursive Algorithm: The system starts with an approximation interval containing
all the points, and splits the interval into two at the position where the interpolation
error is maximum. The splitting process is recursively repeated on each pair of new

intervals. It stops either when the desired description size is reached or when the error
drops below a given threshold.

B.2 Euclidean and Mahalanobis Distances
The most commonly used distance measurement is the Euclidean distance. The Euclidean
distance between an input vector x„ and a prototype vector in 5R is given as
(B.3)

which is simply the second Euclidean norm. A different distance measurement is the Ma
halanobis distance which is given as
(B.4)

where [Cov]j is the covariance matrix of the f'cluster. This distance measurement is ca
pable of taking into account the orientation (spread of data points) of a cluster in the feature
space and is widely used in pattern recognition problems dealing with cluster analysis.
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ANSWERS OF THE REVIEWER - 1

Question 1: How robust is your Hausdorff distance based tracking and key
video plane detection scheme? Can you show some results against textured
background?
Answer: To ease the process of tracking and segmentation, we considered

relatively simple but not totally plain background. The Hausdroff tracker
is computationally efficient and can track objects under cluttered back

ground [1]. The method has been reported to be robust to noise and changes
in shape of the object. As depicted in Figure 2.8 of the thesis, background fil
tering is done before tracking. Background filtering is one desired step when
VOPs are extracted from cluttered background. Removal of background

edges reduces the number of points to be considered during the process of
shape change detection and thus speeds up the process of model updation
and tracking. The algorithm is capable of functioning even without back

ground removal as long as the background does not change significantly [1].
Moreover, as proposed in [2], video object planes can be generated even if
the background is moving. In this particular case, it is required to develop
a global background motion compensation model to generate video object

planes. In this, the hierarchal block matching techniques have been applied.
In our system, we do not consider this case.

Typically, key VOPs are selected such that they reflect significant changes
in the shape, colour, and texture contents of a video object. Using shape
content of a video object for key VOP selection has many advantages over
using colour and/or texture content. First, the texture and colour of a video
object are generally consistent during the object's lifespan. On the other
hand, the shape of a video object may vary significantly due to the object's
movement, structure, occlusion etc. Therefore, a significant change in the
content of a video object is more likely to be detected if the object's shape

is employed as a measure. In order to detect significant changes in the shape
content, a shape similarity measure is required. For this, the Hamming or
the Hausdorff distance measures may be used to estimate the difference

between two hand shapes, as used in [3]. The Hamming distance measures

the point-by-poiiit difference between two shapes, whereas the Hausdorff
distance measmes the largest distance between the contours of two shapes.

Both of these distance measures are commonly used in shape matching,
and both have different implementation and computational complexities.
However, unlike the Hamming distance where all the points in the objects
contribute to the measure of the distance between two video objects con
tained in their respective VOPs,the Hausdorff distance depends only on the
two object points (one in each of the two VOPs under consideration) that
have the largest distance between them. Moreover, unlike the threshold- used
in the Hamming distance based algorithm, the threshold used in the Hans-
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dorff distance measure for shape similarity measurement does not depend

on the activity level of the video object [3]. In view of the advantages offered
by the Hausdorff distance based shape similarity measure over that based
on the Hamming distance, we propose to use the Hausdorff shape similarity
measure for detecting key hand poses in the gesture video sequence.

Fig. 1. Initial model generation and background filtering,(a) First frame(b) Thresholded diflference image (c) Median filtering of threshold difference image (d) Thin
ning (e) Connected component labelling.
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Fig- 2. Key VOP selection for a gesture video sequence under textured background.
As explained in Chapter 2 of the thesis, an initial model is necessary for
tracking of video object in successive video frames of the input video se

quence. All example of initial model generation in a textured background
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is illustrated in Fig. 1. The results of key VOP selection for this image se

quence, is shown in Fig. 2. The first row of the figure shows the original
image sequence, second row shows the difference edge images, third row
shows moving edges, fourth rows show vertical candidates of a particular

VOP respectively. The AND combination of vertical and horizontal candi
dates -of each VOP is shown in the fifth row. After morphological filtering

we get the binary alpha plane corresponding to each VOP, as shown in the
sixth row. The last row of each figure shows the finally extracted key VOPs
with all in-between redimdant frames discarded.

Question 2: When you use DTW based approach, does performance of the
system degrade as the number of gestures in knowledge base increases?
Answer: Dynamic time warping(DTW)is a method for computing a non
linear time normalization between a template vector sequence and a test vec

tor sequence. We used the DTW for selecting key trajectory points from the
selected template trajectories for feature extraction. The DTW has to align
the test and prototype trajectories during each classification. Therefore, an
increase in the number of gestures in the knowledge base is likely to affect

the recognition performance. This also increases the computational load of
classification. This problem is partially overcome by the two-stage recog
nition method employed in the thesis. In the first stage, unlikely gesture
classes are ehminated through the maximum boimdary deviation (MBD)

based trajectory shape matching. The second stage of recognition involves
feature vector matching through the DTW. This also enhances the overall
speed of recognition.

. Question 3: How scalable is the approach for recognition of continuous
gestures?

Answer: Gesture spotting and movement epenthesis detection are the main

challenges in continuous dynamic gestme recogmtion. It is difficult to dis
tinguish between a vahd gesture phase and the movement epenthesis phase
only from the motion information. That is why, not many vision-based ap
proaches for detecting motion epenthesis and co-articulation have been re
ported in the literature till date.
In the proposed methods for continuous gesture recognition, we consid
ered the cases when a particular continuous gesture sequence is composed of

component gesture sequences that have similar spatio-temporal behaviour
and are free of intermediate movement epenthesis. The proposed system for

movement epenthesis detection and subsequent recognition of individual

gestures in a continuous stream of gestures is an attempt that promises to
perform well on different types of gesture sequences having different spatiotemporal chaxacteristics and motion behaviour.
The proposed recognizer can recognize new sentences constructed from
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the given gesture vocabulary only if the component gestures are separable
by the proposed movement epenthesis detection methods. The accuracy of
the whole process entirely depends on the efficient isolation of component
gestures from the continuous stream of gestures. The rest of recognition
is same as isolated gesture recognition. Therefore, even for

the proposed method can be appUed thus ensuring scalability. We did not
consider the scalability in the sense of spatio-temporal resolution and quan
tization levels, though the key VOP based recognition may be temporally
scalable.

. Question 4: You have used at least one example of two-handed gesture.
Can your method be easily extended to two handed gestures?
Answer: Most of the current research on hand gesture recognition for
Human-Computer Interaction deals with one-handed gestures [4], [ J. e
used only two examples of two-handed gesture in connection with static
hand gestiue recognition. In this, we considered only the overall shape in

formation for recognition. The other cases of static gestures where the hands
can be segmented into two separate shapes, two parallel FSMs can be con
sidered for representing two gesturing hands. In the case of static hand ges
tures, these parallel FSMs can be considered independently. The proposed
recognition methods can only handle single-handed dynamic gestures. For
two handed gesture recognition, it is important to find the self and mu
tual dynamics of two gesturing hands. It would be an interesting^research

problem to represent two handed gestures in FSM-based and trajectory-

based representation. In our proposed FSM based gesture representation, it

is quite possible to derive two separate FSMs for two gesturing hands. The
transition of a state to the next for each hand will also depend on the state
of the other hand. The incorporation of the mutual interaction between
the hands is not simple and requires further investigation. Similar studies
have been made for the HMM-based recognition [6]. Again, for trajectory

guided recognition, we can extract two separate trajectories and associated
trajectory based features for two gesturing hands. How to include mutual
interaction between the gesturing hands requires further investigation.

• Question 5: Do you think a reject option in the continuous gesture classi
fier will make the system more reliable?

Answer: The reject option is a technique used in pattern recognition for

improving classification rehability. The misclassification risk can be reduced
by allowing not to classify a pattern into any class. This is termed asdistance
reject.

The reject option is used in the proposed gesture recognition system to
reduce miss classification risk. By inclusion of reject options, the algorithm

attains more adaptability to real gesture classification problems for which
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ges ure closes generally are not clearly separable and/or not completely

kn^n. i hough we have not shown the rejection rates in the tables shown

in Chapter 5, we used the reject option in our algorithm. The conditions of

reject option is shown in the algorithm in Block Diagram 4.3. Gesture recog
nition results as given in Chapters 2-4 show the rejection rates corresponding
to gesture classification. The recognition and rejection rates corresponding
to some of the continuous gesture sequences are shown in Table 1.
Table 1

Gesture recognition rates for Type I gesture sequence.
No. of training samples per class : 18
No. of test samples per class : 32'
Continuous gestures

Recognition rates

Rejection rates

One — Two — IV hand — Cartridge — Friend

96.87

0.0

One — Two — IV hand — Friend — Cartridge

96.87

0.0

One - Two - Friend - Cartridge - IV hand

84.37

6.2

One - Two - Friend - IV hand - Cartridge

87.50

3.1

One — Two — Cartridge — Friend — IV hand

96.87

3.1

One - Two - Cartridge - IV hand - Friend

96.87

0.0

One - IV hand - Two - Cartridge - Friend

90.62

3.1

One — IV hand — Two — Friend — Cartridge

90.62

3.1

One - IV hand - Friend - Two - Cartridge

87.50

0.0

One - IV hand - Friend - Cartridge - Two

96.87

0.0

One - IV hand - Cartridge - Friend - Two

84.37

6.2

One — IV hand — Cartridge — Two — Friend
One - Cartridge - IV hand - Two - Friend
One — Cartridge — IV hand — Friend — Two

81.25

9.4

84.37

3.1

84.37

6.2

One - Cartridge - Friend - Two - FV hand

84.37

3.1

One - Cartridge - Friend - IV hand - Two

84.37

One - Cartridge - Two - IV hand - Friend
One - Cartridge - Two - Friend - IV hand
One - Friend - Cartridge - Two - IV hand
One - Friend - Cartridge - IV hand - Two

96.87

One - Friend - IV hand - Two - Cartridge
Averaee
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81.25

96.87
96.87
90.62

90.02

0.0
0.0
6.2
0.0
0.0
0.0

2.5

COMMENTS ON THE POINTS RAISED BY THE REVIEWF.R - 2

Movement epenthesis

The term "co-articulatiou" is replaced by "movement epenthesis" all through
out the thesis.

Advantages of the proposed system

The goal of this research work is to build a system that uses natural gestures
as a modality for recognition in a vision based setup. Our main focus is to
recognize dynamic hand gestures having different spatio-temporal charac
teristics for HCI apphcations. Algorithms are available for recognition of a

particular type of hand gestures. There is a scope to develop a scheme that

will integrate different gesture recognition methods in a common system.
The research in vision-based gesture tracking and recognition is still far

from maturity [5], [7]. The main challenges in this context are robustness,
user independence and view independence. Vision-based recognition must
achieve precision in two complementary domains — very fast tracking of the
position of the hand in the 3D space and exact estimation of the config
uration of the fingers in the hand. To combine these requirements in one
system is still a major challenge.
The thesis aims at developing algorithms for tracking and segmentation of

the hand with reduced computational load and better performance. We pro

posed to borrow concepts of key VOPs used in the MPEG-4 video standard
for this purpose. Particularly, if the gesture sequence is MPEG-4 coded, the
VOPs will be directly available for gesture modelling. As discussed in Chap

ter 2, the Hausdorff tracker used in our method takes care of rotation and
scaling of the hand thereby saving some amount of computations necessary
for determining affine motions.

The key VOP based surmnarization is used for representation of gestures
with local hand motion only by an FSM-based method. Compared to the
HMM based systems, where the number of states and the structure of the
HMM must be predefined, a gesture model is available immediately in the

proposed FSM based system. The major contribution here is that the pro
posed recognizer compares only the selected key VOPs of the input video

sequence with the existing key VOPs in the prototype FSMs. This greatly
enhances the recognition speed. All the finite state machine representation

algorithms [8], [9], [10] use each frame in the gesture sequence to build up
the gesture model. This seems to be computationally inefficient. Since there
exists large amount of temporal redundancy between frames in a video se
quence, gestme models obtained from only a selected nmnber of frames in
the sequence are shown to be adequate.
We compared the proposed recognition system to an HMM based recog-
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nition system. HMM classifiers are very efficient for classifying dynamic
data patterns. Nonetheless, the proposed system yields recognition accu
racy comparable to that by the HMM based approach.
For representation of gestures having global hand motion only, a trajectorybased method is used. Recognition rate obtained in our experiments is com

parable to most other recognition methods available in the literature. As
discussed in the thesis, Yang et al. proposed a method for extraction of
2D motion trajectories based on skin colour and subsequent gesture recog

nition by time delay nemal network (TDNN) [11]. Since, not many vision
based approaches for trajectory guided recognition have been reported for
the class of gestures considered in this work, the proposed method promises
to be a significant development in the field of recognition of dynamic hand
gestures having only global motion.
We have developed a hand gesture recognition system that can handle
different types of isolated dynamic gestures in a common platform. Most of

the sign language recognizers available for different sign languages mainly
deal with global hand motion in space while utilizing very hmited informa
tion on local motion of the hands [11], [12]. Because of this, these systems
cannot differentiate two signs having same gesture trajectory even if the
hand shapes are significantly different. The gestmres normally used in HCI

applications contain restricted motions of the hand. This is done with an
aim to increase the recognition accuracy by the available recognition tech
niques [4]. But, user friendly HCI applications demand for hand gestmes
which have both local and global motions. Most of the literature on isolated
hand gesture recognition in a vision based setup has not considered the case
of gestures having both these components of motion. The proposed integra
tion utilizes the hand shape, the gesture trajectory and the hand motion
information for recognition. Fusion of these different parameters in a single

system enhances the versatifity of the recognizer.
Another contribution of the thesis is the development of methods to tackle

movement epenthesis and co-articulation in continuous hand gesture recog

nition. Movement epenthesis detection is one of the main challenges in con
tinuous gestme recognition. It is difficult to distinguish between a vahd

gesture phase and the movement epenthesis phase only from the motion
information only. The techniques developed so far for movement epenthesis
and co-articulation detection are generally not useful for wide range of ges

ture vocabulary [13], [14], [15]. This is because motion interpretation itself
is an ill-posed problem in the sense that a unique solution of the problem
cannot be guaranteed [7]. Moreover, the existing algorithms do not address
the problems associated with the recognition of different types of continuous
hand gestures having different spatio-temporal behaviour or motion char
acteristics, viz., gestures having only local motions, gestures having only

global motions, gestures having both local and global motions, and gestures
showing sequence of static hand poses (fluent finger spelling). In view of
these, we propose to develop a scheme for gesture recognition that first
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identifies the nature of hand motion involved in a continuous gesture se

quence and then applies a suitable spotting method incorporating cognitive
and psychological aspects of recognition in a ivazy rule-based framework.
The proposed system for movement epenthesis and co-articulation detection
and subsequent recognition of individual gestures in a continuous stream of

gestures is an attempt that promises to perform well on different types of
gesture sequences having different spatio-temporal characteristics and mo
tion behaviour.

Signer independence

The training and testing gesture data used for the experiment were naturally
generated. The recognizer learns the wide spatio-temporal variation occur
ring in each gesture under consideration during the training session. The
training set defines the subspace in which recognition will be performed. In
our method, for each selected gesture, gesture video sequences were stored

in a sequence in order of the signers. For each of these gestures, the data
are sequentially partitioned into training and testing sets. Therefore, only
a subset of the signers is included in the training scions and^hence.most
of the test data is from signets not included in the training. Thus, the test
results suggest signer independence.

For example in Table 2.4 of the thesis. 500 samples were used for training.
These samples'belong to three signers. The test data include 1500 samples
which come from six signers not included in training and one signer from
the training set.

Recognition of new sentences

The proposed recognizer can recognize new sentences constructed from the
given gestiue vocabulary only if the component pstures are separable by

the proposed movement epenthesis detection methods. The accuracy of the
whole process entirely depends on the efficient isolation of component ges
tures from the continuous stream of pstmes. The rest of recognition is
same as isolated gesture recognition Therefore, even for long sentences, the
proposed method can be applied. As an example, results on a continuous
gesture sentence composed of six gestures and another composed of gestures
not present in the training are shown m a e 2.

Exaggerated pauses during gesturing
In continuous gesture recognition, slight pauses are included to judge the
starting and ending points of the component gestures by the proposed ges
tiue spotting methods. But the pauses are not sufficiently long to hamper
the fluency of signing.
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Table 2

Experimental Results: Gesture recognition rates for Type I gesture sequence.
No. of training samples per class : 18

No. of test samples per class : 32

Continuous gestures

Recoguitiou rates

Five - Two - One - Two - Friend - Two

87.50

Two - Five - Three - Seven - One

90.62
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