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Abstract

Hand posture recognition involves interpretation of hahdpgs by a computer. To find an ap-
propriate shape descriptor for uniquely characterisiig tras been a major issue in hand posture
recognition. This thesis develops a novel hand posturegretion technique based on discrete
orthogonal moments (DOMs). These moments are derived frenapproximation of the image

by the two-dimensional discrete orthogonal polynomial©H3).

The theory of the DOPs is studied and the Krawtchouk and therete Tchebichef moments are
considered for shape representation. The experimentuuctewlon the MPEG-7 (CE Shape-1,
Part-B) shape database confirm that these moments are tokslsipe deformations and hence

they form potential descriptors for recognising the hanstyes.

The proposed DOM based hand posture recognition techniies the hand image as the input.
A rule based technique depending on the anthropometricrdiioes of the hand is developed to
segment the hand from the forearm. An adaptive rotation abigation procedure based on the
abducted fingers and the major axes of the hand is proposedthdrimalised hand shapes are rep-
resented using the Krawtchouk and the discrete Tchebicbefents. The technique is analysed
for robustness against scale, user and view-angle vargatio a hand posture database containing
4,230 samples of 10 gesture signs. The experiments on theficiaiésn of hand postures suggest
that the DOMSs are robust to user and view-angle variationise Jerformance of the DOMSs is
analysed in comparison with the other shape descriptoegti& geometric moments, the Zernike
moments, the Fourier descriptors, the Gabor wavelets arithcipal component analysis (PCA).
Comparative studies show that the DOMs are superior to th®QGaavelets, the Fourier descrip-
tors, the geometric moments and the Zernike moments. The b&x¥dd classification offer high
accuracies and is comparable to the PCA based classific&aoticularly, the discrete Tchebichef

moments show marginally better performance than the Kitamtk moments.

The proposed DOM based recognition technique is applietharecognition of 32 single-hand
postures of Bharatanatyam known as the Asamyuta hastagpeffaemances of the Krawtchouk
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and the discrete Tchebichef moments are compared with tihed®CA technique. The experi-
ments are performed on a hand posture database contaijrfi6g 8amples of 32 Asamyuta hastas.
The results show that the discrete Tchebichef momentslodfieer classification performance than
the Krawtchouk moments and the PCA. The proposed systemtawasds promoting hand pos-

tures as data cues to automatically annotate and retrieamBimatyam dance videos.
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contours is proportional to the number of concavities. Thege of character ‘T’ has compar-
atively less number of concave segments and the concaaitesiore wide. The cross-shaped
polygon has concave segments of similar width and depthveZsely, the fork-shaped polygon
is composed of concave segments of different widths anchdept. . . . . . . . .. ... .. [do

3.12 lllustration of reconstruction accuracy with respecthe star-shaped polygon consisting of
shallow concavities. The illustration shows that the WKRdzhapproximation is better for
lower scales of the shape. For approximating shapes at svades, the DTPs require higher
orders. At large scales the DTPs offer better reconstnu@ezuracy. However, as the order in-
creases both the moments exhibits similar performancénelsdse of lower order Krawtchouk
moments, only a local region of the original shape that lighimithe spatial support of the cor-
responding polynomials is efficiently reconstructed. Herioe reconstruction accuracy evalu-
ated in terms of the SSIM and MHD of the lower order Krawtchoukments is comparatively
less forscales6860and 80x 80. . . . . . . . . . . . ... e e [ ls3

3.13 lllustration of reconstruction accuracy with resgedhe star-shaped polygon with moderately
deep concavities. The results in terms of the SSIM and MHXatds that the accuracy of the
WKPs is comparatively higher than the DTPs in approximasihgpes at different scales. The
concavities are more accurately reconstructed by the Kiresuk moments and the Tchebichef
moments result in smoothened reconstruction of the sharpase segments. . . . . . . . .. LY

3.14 lllustration of DOM based approximation of a star-sthpolygon consisting of deep concave
segments. The illustration shows that the performanceeKiawtchouk moments at all the
orders is consistently superior to the discrete Tchebioi@hents in approximating the shapes

at all three different scales. . . . . . . . . . . e e IE}S
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3.15 lllustration of reconstruction accuracy for varyinglers of DOP based approximations of the
shape of character ‘T'. The shape is composed of two wid@-dercave segments. The values
of the SSIM index and the MHD show that the WKP based appraxims give high recon-
struction accuracy at scale #010. At scale 6(x 60, the performance of both the moments are
very close in terms of SSIM index and MHD. The DTP based agpration results in exces-
sive smoothing. For scale 8080, the DTP based approximation shows better performance.
For scale 4G 40, the accuracy of DTPs at lower orders is reduced due tesxeesmoothing
and for scale 8& 80, the performance of WKPs at lower orders is affected dulee¢@ompact
spatial support of the polynomials. . . . . . . ... . ... ... .. ... [8b

3.16 lllustration of reconstruction accuracy with respgecte cross-shaped polygon. The shape is
composed of four concave segments of same width and depthS$HM index and the MHD
show that the WKP based approximations give high reconsruaccuracy for scales 4040
and 60x 60. The shapes reconstructed from DTP based approximatoovar-smoothened.

At higher scale 8 80, the spatial support of the lower order WKPs is not suffittyelarge
and hence, the reconstruction error is more attheseorders. . . . . ... ... ... ... [ds

3.17 lllustration of reconstruction accuracy with respect fork-shaped polygon. The shape is
a high spatial frequency structure consisting of five coacsegments of different width and
depth. The accuracy in reconstruction evaluated in terntsedbSIM index and the MHD show
that the Krawtchouk moments based approximation is cortipala high for scales 4& 40
and 60x 60. It is observed that the shapes reconstructed from Tchefbmoments are more
smoothened and the high spatial frequency regions are opegy reconstructed at lower
orders. At a higher scale of 8080, the accuracy of the WKP based approximation is poor due

to the limited spatial support of the polynomial basis. . . ..... . ... ... .. ... ... [ do
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3.18 lllustration of the reconstruction accuracy of the DOMith respect to a beetle shape that
is degraded by binary noise of levpl. For different values ofy,, the shapes reconstructed
from the Krawtchouk moments are more accurate than thosmseacted from the discrete
Tchebichef moments. The high spatial frequency regionfiénbieetle shape are efficiently
recovered by the Krawtchouk moments. For high noise leilés significant noise pixels in
the foreground region are not sufficiently denoised in WKBeolbapproximation. The discrete
Tchebichef moments results in over-smoothening of thectiral features and a few noise
pixels are retained in the background region of the recoat&d shape. The values of the SSIM
index and the MHD suggest that the Krawtchouk moments parfoetter than the discrete
Tchebichef moments at lower noise levels. As the noise ieetases, the number of noise
pixels retained in DOP based approximation increases. . . . . . . . .. .. .. ..... [d2

3.19 lllustration of the noise sensitivity of the DOMs witkspect to a bird shape. The order of the
moments is chosen &8+ m) = 60. The shapes reconstructed from the Krawtchouk moments
based approximation exhibit comparatively higher pereapsimilarity to the original shape.
The values of the SSIM index and the MHD suggest thatdgor< 0.35, the Krawtchouk
moments are more robust to noise than the discrete Tchébimtiments and result in high
reconstruction efficiency. Ag, increases, both the moments result in poor denoising eftigie
The discrete Tchebichef moments exhibit sensitivity tcsaa@long the image border and the
Krawtchouk moments are sensitive to noise around the cédmdrenage. . . . .. .. .. .. [ b3

3.20 lllustration of the denoising efficiency of the DOMs hwvitespect to the square shape. The
shape reconstructed from the Krawtchouk and the discrdteblichef moments exhibits similar
perceptual quality with respect to the original shape. ldetite corresponding SSIM values
are almost similar for lowep,. With the increase ip,, the number of noise pixels are more in
the background region for discrete Tchebichef momentsdoagproximation and noise occurs
in the foreground region for Krawtchouk moments based appration. The values of the
SSIM index and the MHD indicate that the performance of theR\liased approximation is

comparatively poor for higher noise levels. . . . . ... .. . . ... .. ... .. ... [da
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3.21 lllustration of the robustness of the DOMs to noise weébpect to varying orders of DOPs
based approximation of the beetle shape. With the increaseder, most of the noise pixels
are recovered in reconstruction. Particularly, the Krémtdk moments exhibit more sensitivity
towards noise in the foreground region. As the order in@gathe discrete Tchebichef mo-
ments result in better reconstruction of the high spateddiency structures in the beetle shape.
Simultaneously, the reconstruction quality gets degradiesl to the recovery of more noise
pixels in the background region. The SSIM index and the MHBgest that the Krawtchouk
moments exhibit better performance than the discrete Tichebmoments in most of the or-
ders. .. oah . . o, . . f P L o3
3.22 lllustration of noise sensitivity of the different erd of DOM based reconstruction of the bird
shape. With the increase in the order, the moments exhibi¢ sEnsitivity to noise. The higher
order discrete Tchebichef moments offer better reconstruof the high spatial frequency
structures in the bird shape. However, the reconstructiatity is affected due to the recovery
of more noise pixels in the background region. The shapemstaicted from the Krawtchouk
moments exhibit noise in the foreground as well as the backgt region. The performance in
terms of the SSIM index and the MHD indicates that the Kraatthmoments are better than
the discrete Tchebichef moments upto certainorders. . . . . . .. ... .. ... .... [d6
3.23 lllustration of noise sensitivity of DOM based approation of the square shape at various
orders. The values of SSIM index and MHD indicate that upnte- fn) = 50, the discrete
Tchebichef moments exhibit better performance than theviGlgouk moments. . . . . . . . [ bs
3.24 lllustration of undistorted training sample per shelpss constituting the reference dataset. L] o8
3.25 Examples of test samples contained in each shape Tlasdgigure illustrates the shape defec-
tion in the test samples that are caused due to boundarytiistand segmentation errors. . [ ]os
3.26 Plot of the Pratt's FOM values of the test samples witipeet to the reference dataset. The
measure indicates the deviation in the edge characteristithe test sample in each class from
the corresponding sample in the training set. The illusnasignifies the intraclass distance

between the test and the reference shapes. . . . . . . . . . .. o oL [do
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3.27 lllustration comparing the intraclass and the intssldistances between the samples in the

database. The distance is measured in terms of the siwyilarithe spatial distribution of
pixels. Hence, the correlation is used as the metric. Theegabf the correlation signify the

similarity betweenthe shapes. . . . . . . . . . . . . . .. [9b

3.28 Comparison of the consolidated classification resltained with respect to each class. The

results are obtained for 1 training sample per shape clats@rtesting samples per shape
class. The overall classification rate obtained for disciathebichef moments as features is
87.11%. The overall classification rate for Krawtchouk momergdeatures is 868%. The

overall classification rate for MHD matchingis86%. . . .. .. .. ... .. ... .... [1d2

3.29 Results from the experiment on shape classificatiamgukitraining sample per shape class.

Examples of the testing samples exhibiting higher misdlaaton with respect to both the
Krawtchouk and the discrete Tchebichef moments as featlirés observed that most of the
mismatches have occurred between the shape classes withtlslass distances. The spatial

similarity between the misclassified test sample and theesponding match in the reference

3.30 Comparison of the comprehensive scores of the classificresults obtained with respect to

4.1

4.2

4.3

each class. The results are obtained for 2 training sampleshape class and 18 testing sam-
ples per shape class. The overall classification rate adatdor discrete Tchebichef moments
as features is 947%. The overall classification rate for Krawtchouk momexgdeatures is
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1. Introduction

Computer based automation (CBA) systems can be defined @eiimguting systems for automatic data
analysis and process control via computers. The CBA systdmasically an information processing system
in which the characteristics of the input data and the machina interface for providing the input data are
important factors along with the techniques for data preiogs Thus, a CBA system can be considered to
comprise of two functional units. They are: (a) teer interfaceand (b) thanformation processing unit

The user interface acts as the channel for interaction lestwiee humans and the computer. Thus, as a

functional unit, the user interface provides the means for

Input, allowing the users to pass the data and the instructionsetodmputer in order to execute the desired

process.

Output, allowing the computer to present to the user the outcomeeoéxiecuted process.

This activity of communication between the human and thepder is generally stated as the human-computer
interaction (HCI). The main objective in the design of a uintrface is to provide an efficient interaction unit
that correlates with the user’s knowledge, skills and thmabdities. The widely employed input interfaces for
HCl in CBA systems are the keyboard and the mouse. The otpat interfaces for voice and video inputs are
the microphone and the camera respectively. The processpdtalata can be of any form such as the textual
data, image, video and audio. Accordingly, the commonhdus&put interfaces are a monitor, a printer and
the speakers.

The information processing unit is the software unit thampases of programs, algorithms and instructions
related to automatic data processing.

The advancements in data representation techniques adimplex data such as the text, image, video and
sound to be digitally represented. This enables the infaomgrocessing unit of a computer to handle and
process the complex data types. From the past few decades, research is oriented towards developing
computational algorithms for processing the image and ded data. In this context, several image, video
and sound processing algorithms are successfully dewlimpexploiting the information underlying the raw
data. The success of these information processing algmittncourages advanced user interfaces that are
capable of providing image, video or sound inputs to CBAayst. Hence, the goal of HCl is intended towards
developing interactive user interfaces that emulate theuhal’ way of interaction among humans.

The futuristic technologies in CBA systems attempt to ipooate communication modalities like speech,
hand writing and hand gestures with HCI. Among these, théugedased user interfaces offer several ad-

vantages in CBA systems for supervision and control. Furtihe inclusion of computer technology in the
TH-1228 06610210




1.1 Hand gestures in CBA systems

fields like cognitive linguistics and sign language commsation has increased the role of hand gestures as an

element for user interface.

1.1 Hand gestures in CBA systems

Gestures are a means of non-verbal interaction among p#oplegh modes like facial expressions, hand
poses and bodily movements specific to the hand, the headhth#der and the leg. Among these, the most
participating and meaningful elements while gesturingthechands and the facial expressions.The hand ges-
tures comprise of specific postures and movements thatlateresor non-relative to the semantic of the spoken
language. For this reason, it is possible to have a strutiyesture language based on hand gestures that can
act as a substitute for the spoken language. On the other tlenéhcial expression can only emphasise the
underlying emotions in a sentence and it cannot be a stam#atructured language. Therefore, it is under-
stood that in a structured gesture language the level of &naontent conveyed through the hand gestures
is more significant than the other gesturing entities. Hehaad gesture based user interfaces are considered
as an interesting alternative to achieve natural intesadietween the humans and the computer. This section

explains the types of gestures and their applicability irAGBstem.
1.1.1 Hand gesture taxonomy

From the study of literature on the role of gestures in comoaiion [8—12], the hand gestures can be

broadly classified into three categories based on the cootéxeir occurrence:

(i) The gestures that accompany speechare spontaneous and unintentional gestures that may or atay n
relate to the semantic content of the speech. The gestuaésthbompany speech are usually hand

movements. The taxonomy of the gestures belonging to thgsdhcludes [8]

¢ Iconic gestureshat are used as referential symbols to illustrate the epadeatures relative to the

semantics of speech.

e Metaphoric gesturesre those used to illustrate abstract contents in effecardsvimagining the

nonexisting aspects of the speech.

e Deictic gesturesare known as the pointing gestures. They involve pointingubh fingers to

illustrate thewhereand thewhoaspects that occur within the context of the speech.

e Beat gestureare unintentional hand movements that occur along withhigghmical pulsation of

speech. The beat gestures are not correlated to the serogtiteespeech and are used to draw the
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attention of the listeners.

(i) The gestures that substitute speechre communicative gestures and they are independent gbdhers
language. These gestures combine to frame an autonomausegggstem that assumes a language like
form structured at the syntactic, morphological and thenplagical levels. The system of gestures with
this kind of linguistic structure is known as teign languagg8]. The sign language comprises of several
units of meaningful hand poses and hand movements. Thea@#ssrunder the communicative gestures
is the class oemblemdJnlike the sign language, the emblems do not have a lirigustcture and are
mere hand poses with specific meanings [8]. They can occepamtlent of the speech and the gestures
under this class have standard meanings that clearly sibstor a spoken word. The emblems are

otherwise known as thieand posture®r static hand gestured 1, 12].

(i) Pantomimeis a combination of meaningful hand poses and hand moventigitsnay or may not ac-
company speech [12]. The gestures in pantomime are cos$gicommunicative and stand-alone as a
substitute for the spoken word even if accompanied withcpeldowever, the pantomime does not have

a formal linguistic structure as the sign language [10].
1.1.2 Applicability in CBA

The choice on the type of gestures to be employed for the HEGBA system depends on the application
domain. Based on these applications they may serve as tsdage data for HCI or as data cue for analyzing

image or video sequences containing gestures. These appiis are outlined below.
1.1.2.1 Application as user interface data

In the context of user interface, the gestures are emplayedpiace the mouse and the keyboard. The
gestures made by a person are captured using sensing diéhatese interfaced to the computer. The input
gesture acquired using the sensors/camera is then irtessigog the information processing unit in order to
execute a specific task associated with the input. Accorttingielsen et al. [11], the functions of the hand

gestures as a user interface language are summarisedaagstoll

(i) The gestures are used to issimenmands for executing system functions that occur within the contéx
the application. For example, the system commands sucteasithcopy, paste, delete and refresh can
be executed with the use of gestures. Typically, hand pesttan be used for the command function, so

that the appearance of each hand pose can be specified &toetgparticular system command [13].
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1.1 Hand gestures in CBA systems

(i) The deictic gestures are commonly used as an altee#&bivthe mouse. In the HCI, these gestures are
used agointers to select an object or to specify the spatial location of geahn application domains

including the desktop computer [13] and virtual realityteyss [14, 15].

(i) The other important function of gestures as a userrfat® ismanipulation. The gestures for manipu-
lation are related to functions such as editing an objectraodng an object to a specific location. The

useful gesture types for manipulation are the iconic andléietic gestures [11].

(iv) The gesture as the interactive element for ¢batrol function enables supervising and manipulating a
process from distance. The gestures used for the controegsacan use any of the gesture types [11].
The application domains of such gestures are the robottersygs avatar animation, interactive gaming

and assistive systems.

(v) The gestures act as teemmunication language in automatic sign translation systems. The automatic
sign translation systems are higher end applications ichwtiie sign language performed by a person is

interpreted by the computer and converted to other comratioit modes like speech and text [16, 17].

Except for the communicate function, the choice of the gestype for the command, point, manipulate and
control operations is subjective. For example, a sequehicarml postures can be used to execute the point and

the manipulate operations instead of the hand movements.
1.1.2.2 Application as a data cue

Because of the advancements in computer and internet tegyn@a large number of data are stored,
shared and accessed by the users world wide. Likewise, dneeveral samples of images and videos related
to gestures such as the sign-language and the pantomimensegtthat are digitally stored and shared across
the web.

With the enormous volume of data available for access, ttjermmancern that needs to be addressed is the
effective retrieval of the desired data. The current tegines for data retrieval rely on keyword indexing and
textual annotations. The procedure is performed manuathhance, it is subjective and prone to errors. There-
fore, automation systems for annotation and retrieval td lased on the information processing techniques
have evolved.

The CBA systems for annotation and retrieval of images andfteos containing a particular gesture
requirecuesthat are relative to the content to be processed. The dasahewe will be the samples of the hand

gesture that are acquiredpriori through the input interface.
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1.1.3 Significance of hand postures in CBA

From the details on the gestures, it can be inferred thatdstuge types beneficial for HCI are the iconic
gestures, deictic gestures and the hand postures. Thecthatics of hand gestures that are of principal
importance in CBA are the hand movements and the hand psstline choice of the gesture type depends on
the demand of the application. Thus, the HCI in a CBA systemimeolve hand movements or hand postures
or a combination of both.

The hand postures are relatively more meaningful and trssfulness can be conveniently extended to
all the functional requirements in CBA. The applicability kland movements is convenient only as the user
interface component and it is very difficult to analyse meghil gesture events such as those in the sign-
language by using the hand movements as a data cue. On thédnatite a sequence of relative hand postures
can be used effectively as data cues for analyzing the gesttents and may be useful in annotation and
retrieval systems for large digital gesture libraries.

The steps involved in processing the hand movements arelerrdpe to the spatio-temporal variations
such as the speed and the duration of the gesture event. iAlseal time applications, tracking the hand
movements are relatively difficult when compared to detgcthe hand postures. Despite these difficulties,
the role of hand movements in HCI cannot be ignored in sophistd applications such as avatar animation,
automatic sign translation systems and interactive gamiay applications like assistive systems, robotics,
annotation and retrieval systems, the hand postures cactiefily satisfy the requirement as a user interface

component and a data cue.

1.2 Structure and the movements of the hand

The user interface unit in a gesture based CBA system rafdlgetdata acquisition device through which
the hand posture input is provided to the computer. Thezetbe gesture interface device should be designed
in such a way that the variations in the hand structure anggolpdefined to the information processing unit.

The structure of the human hand is primarily attributed ®libnes comprising the hand and the element
responsible for the varied hand postures is the anatomasatign of the bone segments of the fingers. The
anatomy of the hand shown in Figurel1.1 illustrates the haimisj and the bone segments that constitute the
hand structure [18]. From the figure, it can be observed taah @f the five fingers has three joints. The
joints corresponding to the thumb are tinéerphalangeal joint(IP), the metacarpophalangegMP) and the

trapeziometacarpa(TMC) joints. The joints of the other four fingers are ttistal interphalangealDIP),
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Middle finger

Bone segments

Distal phalanx

Middle phalanx
Distal interphalangeal joints (DIP)

. . .. Proximal phalanx
Proximal interphalangeal joints (PIP)

Metacarpophalangeal joints (MP)

Interphalangeal joint (IP) Metacarpal

Trapeziometacarpal joint (TMC)

Figure 1.1: lllustration of anatomy of the human hand explaining thedsegments and the joints of the hand. Image
courtesy www.ossurwebshop.co.uk

¢ | == Abduction
— | Adduction
[‘
( \ \ Flexionl I Extension

Thumb adduction Thumb abduction Thumb flexion Thumb extension

@ (b)

Figure 1.2: lllustration of anatomical movements with respect to (anthb and (b) four fingers of the hand.

the proximal interphalangea(PIP) and thenetacarpophalangegMP) joints. The various hand movements
because of which the position of the bone segments vary awrk@as thelexion, extension, adducticand

abduction These hand movements are defined as follows [7, 18, 19].

(i) Flexion is a bending movement in which the relative argfla joint between two adjacent bone segments

decreases. This involves moving the bone segments towaggsatm.

(i) Extension is a straightening movement in which the treéaangle between the two adjacent bone seg-
ments increases as a joint returns to the zero or referergidopo The extension motion permits the

fingers to move away from the palm.
(i) Adduction is the movement of a finger towards the medane of the hand.

(iv) Abduction is the movement of a finger away from the megiame of the hand.
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Table 1.1: Details of anatomical movements associated with the j@iaetezeen the bone segments of the hand.

DIP PIP IP MP TMC
Flex, Flex, Extend Flex, Extend
Thumb - -
Extend | Adduct, Abduct, Adduct, Abdudt
, Flex, Flex, Flex, Extend
Index finger - -
Extend | Extend Adduct, Abduct
. . Flex, Flex, Flex, Extend
Middle finger - -
Extend | Extend Adduct, Abduct
. . Flex, Flex, Flex, Extend
Ring finger - -
Extend | Extend Adduct, Abduct
. . Flex, Flex, Flex, Extend
Little finger - -
Extend | Extend Adduct, Abduct

Figure[1.2(d) and 1.2(b) illustrate the anatomical movdamenth respect to the thumb and the other four

fingers respectively. It can be noticed that the adducti@htha abduction movements of the thumb occur at
9C° with respect to the palm [19]. The degree of movement varias fioint to joint and the movement of

the bone segments are relatively dependent. The detaile ohbvements associated with the joints between
the adjacent bone segments are given in Table 1.1. A few deamphand postures obtained through varied

motion of the hand joints are shown in Figlre]1.3.

1.3 Hand posture based user interfaces

From the discussion on the anatomical movements of the toamts jit is evident that the appearance of a
hand shape is based on the angles made by the finger joints, fhieucues acquired by the gesture interface
device for HCI can be direct measurement of the parametdnsirte the anatomical motion or they can be
visual cues such as the colour, texture, disparity and gegrid]. The gesture based user interface for HCI

is broadly classified as

1. Sensor based interface

2. Vision based interface

A brief outline of these gesture interfaces, their advaggaand limitations are discussed as follows.

1.3.1 Sensor based interfaces

The sensor based interfaces are electronic devices thdbysgnsors to provide information about the
motion, the orientation and the position of the fingers todbmputer. The key element in a sensor based

interface is the hand glove to which the flex sensors, the @lwiusensors and the palm-arch sensors are
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Index finger — Extension of MP
Flexion of PIP, DIP

Adduction

of Thumb Thumb — Flexion

of IP, MP

— Flexion of all
the joints

Adduction - Extension Abduction/—\Extension

Thumb — Flexion
of MP, TMC Thumb —
Extension Thumb — Flexion

of MP, TMC

Figure 1.3: Examples of hand postures to illustrate the variationserhgind shape relative to the anatomical movements
of the hand joints. Image courtesy wikimedia.oxgki /File:ABC_pict.png

attached [21]. The flex sensors are placed at the finger jmntseasure the angular information at the finger
joints. The abduction sensors are placed between the atjéngers for measuring the abduction angle.
The palm-arch sensors measure the bending of the palm. Addthgthese, additional sensors such as the
magnetic or acoustic sensors are used to measure the eadgitintation and the position of the hand in the
three dimensional (3D) space [22, 23]. The angular and tis@tipoal information measured by the sensors
is then passed to the computer through a wired or wirelessembion. Such sensor based hand gloves are
generally known as the instrumented gloves or the data glove

The sensor measurements relative to a hand posture aregb@mvided to the information analysis unit.
Depending on the application, the information analysis eitiher directly interprets the hand posture or it maps
to an animated hand such that it mirrors the shape of thesusand posture. There are different types of data
gloves that are designed specific to an application. Detaileveys on the types of data gloves developed so
far and their relative applications are given in [22], [24Pd25]. The design of a data glove varies based on
the sensor technology, the number of sensors and the saesisipn [22]. The types of sensors used in the
instrumented gloves include the accelerometer, condugi@ads, Hall effect sensors, capacitive bend sensors,
piezo-sensitive sensors, resistive ink sensors and thrediiiie sensors.

The Sayre glove is the first instrumented glove developedhnmias DeFanti and Daniel Sandin in 1977.
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Figure 1.4: Sensor based glove interfaces. (a) Dataglove. Image eyuwe/w.dipity.com; (b) CyberGlove II; (c)
Example of hand gesture animation using CyberGlove Il. @gpy(©2011 CyberGlove Systems LLC All rights reserved,;
(d) 5DT data glove. Image courtesy www.5dt.com; (e) Humawgl Image courtesy Humanware (www.hmw.it) and (f)
Pinch glove. Image courtesy Fakespace Labs (www.fakekizceom).

The glove consists of light based sensors to measure the fiagen and it was designed for multidimensional
control of sliders and other two dimensional (2D) widgets][2The digital data entry glove developed in
1983 by the Bell telephone laboratories is the first to begiei for manual data entry using single-hand
postures in sign language [26]. The glove consists of dm@asors for measuring the finger flexion, conductive
pads for sensing proximity, tilt and inertial sensors forasw@ing the orientation and the position of the hand
respectively. In 1987, Zimmerman et al. [27] developed theGlove for manipulating 3D virtual objects with
hand gestures. The device consists of fibre optic sensoredsume the finger flexion and the magnetic sensors
to measure the orientation of the hand. The DataGlove istgtechmmercially successful device that has been
widely used.

James Kramer developed the cyberglove in 1991 to transiat&rerican sign language to spoken English
[28]. The cyberglove was commercialised by the virtual texbgies and it is one of the leading instrumented
gloves in terms of accuracy [22]. The cyberglove consistpieto-sensitive sensors to measure the flexion,
abduction and adduction at the finger joints and the wrisft [29

5DT data glove is another successful glove system developéuk fifth dimension technologies [30]. The
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Computer

User
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<

Hand gesture

Figure 1.5: lllustration of the monocular vision based interface uait€BA systems.

5DT data gloves consist of fiber optic sensors for measutiegdint movements of the hand [31]. Similarly,
the other commercially available glove systems are the Hhgoge [32] and the pinch glove [33]. The Hu-
manglove consists of Hall effect sensors to measure thejoavements [34] and the pinch glove consists of
two or more electrical contacts placed at specific partsehtimds. When a hand posture is made, the electrical
contacts meet to complete a conductive path [34].

These sensor based glove interfaces facilitate accuraigoiatation or mapping of the hand postures and
hence, they find wide applications in sign-to-speech/textdlation systems [35, 36], animation [37—39] and

virtual reality [40—42].
1.3.2 Vision based interfaces

The vision based interfaces for CBA involve acquisition ahtl postures using one or more cameras that
are connected to the computer [43]. The vision based syss@rg single camera is referred as the monocular
vision system and that with multiple camera is referred asnhlti-vision system. The schematic diagram of a
monocular vision based interface setup for CBA systemsawshn Figure 1.b.

Unlike the sensor based interface, a computer vision methed not permit direct measurement of the hand
posture parameters and hence, the images of the hand goatarthe only cues provided to the information
analysis unit. The information analysis unit employs impgecessing techniques for modelling and estimating
the hand postures from the acquired hand posture image. éyhfaktor in vision based interface is to ensure
sufficient visibility such that the hand posture and the peairs pertaining to it are properly defined to the
computer [44]. Accordingly, the camera’s angle of view wispect to the user’s hand should be chosen in such
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a way that there is no self-occlusion between the fingerstanshape of the hand is accurately captured [44]. In
real time, the choice of the angle of view varies with respe@very hand posture. Thus, in order to accurately
recover the hand posture, the vision based interface sheithier employ one moving camera or multiple still
cameras for capturing the posture images at different angfleview. However, the choice of one moving
camera is not a feasible solution in most of the practicaliegions of CBA. Hence, multiple cameras are
placed at different angles of view to accurately capturentimed posture [45]. Bebis et al. [46], have employed
one moving camera and multiple still cameras for HCI in attenvironments.

The multi-vision system offers the advantages of the ateusconstruction of hand posture and the elim-
ination of occlusion [44]. As a result the multi-vision systs are successful in higher-end applications like
robotics, virtual reality, 3D object manipulation and aaiion. Despite these advantages, the multi-vision
based interface is resource-intensive and requires catipuidlly complex algorithms for hand pose estima-
tion [44, 47]. Due to the difficulties associated with the thuision systems, the monocular vision based
interfaces are widely employed.

In a monocular vision based system, the hand postures avgredqising one camera and the visual fea-
tures extracted through image processing techniques atefosthe interpretation of hand postures. Several
researchers have already shown that the hand posture intggeeal at one angle of view is accurate and
effective for HCI. Further, the development of estimatioathods [48] for 3D reconstruction from a 2D im-
age encourages the use of monocular vision based interfialsgh-end applications. Accordingly, several
estimation methods are being proposed for reconstructihdgnahd postures from the corresponding @n-
ages [49-54]. The reduced computational complexity ancwadability of image processing algorithms for
accurate modelling and interpretation d 2mages make the monocular vision based interface morebtiita

for real time CBA systems.
1.3.3 Merits of vision based interfaces over sensor based@nfaces

The choice of the type of interface depends on the requiresmainthe CBA system such as accuracy,
the size of the gesture vocabulary, ease while interactimhaalaptability. In this context, the sensor based
interfaces facilitate precise estimation of posture patans and modelling/interpretation of hand postures [47].
As a result, the sensor based interfaces are capable obtelguinterpreting a large class of gesture vocabulary
that includes hand postures with minor differences.

Despite the advantages, the sensor based glove interfecebtausive and they hinder the naturalness of
the user interacting with the computer. They are not useptadaand it requires to calibrate the device with
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respect to each user [22, 47]. Other drawbacks associatbditvem are the expensiveness and the limited
portability [44]. Further, they cannot be used for genatiata cues required in other CBA applications such
as the content-based annotation and retrieval of imagies/gicontaining the hand postures.

The vision based interfaces are non-intrusive and theyitéei natural HCI. They are robust to user vari-
ations and do not involve calibration in order to adapt tovheying users [44, 47]. The other advantages of
vision based interfaces include cost effectiveness anddbge beyond HCI that includes generating data cues
for content-based annotation and retrieval of imagespadmntaining the hand postures. The major limitation
of the vision based interfaces is that the accuracy of thiesys compromised due to the occlusion errors and
the structural variations with the angle of view of the cameks a result, the vision based interfaces facilitate
only partial estimation of the hand posture and so the sideeofesture vocabulary that can be accurately inter-
preted is also restricted [47]. However, the advancemenpgitern recognition algorithms favor effective and
accurate interpretation of hand postures from the parsi@ination [47]. Therefore, the vision based interface

is considered as one of the potential elements for HCI in C3Aesns.

1.4 Vision based hand posture recognition: the informatiorprocessing step

The procedures involved in interpreting the acquired harsiiyse constitute the information processing unit
of the CBA system. The key idea in automatically recognizimg hand posture is to search for similar hand
postures that are already stored as templates. Accorditigdydevelopment of the hand posture recognition
unit is divided into two major phases. They are the trainind the testing phases.

Training is the process of deriving decision functions based on thgpkss of the hand posture that are
acquireda priori to constitute the training data. The decision rule requioethe classification of hand postures
is formulated through the extraction of significant projgertof each hand posture image contained in the
training set. Based on the properties, the postures areias=h with different classes through a decision
function. The mode of training can Iseipervisedr unsupervised

In supervised training, for a given a set®mumber of training sample’ = {xy, X2, ..., Xp}, the corre-
sponding class labelg = {y1,V»,...,yp} Will be priorly available. Hence, the supervised trainimgalves
deriving or learning a decision function that rela® Y. In the case of unsupervised learning, the class labels
are not known and only the training sampbés= {x1, X2, ..., Xp} are used for learning. Unsupervised learn-
ing involves analyzing the underlying structureXofind grouping the data into clusters based on the analysis.

Supervised training is employed in pattern recognitionliapfion.
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Information acquisition Information analysis .. .
ittt ettt ) Decision making
1

Inpu% gesture Hand localization Hand posture Feature Recognition
image ' modelling extraction €

Output: Matched gesture
Figure 1.6: General block diagram representation of a hand posturgnéian unit for CBA systems.
Testingrefers to verifying the performance of the recognition umiccurately classifying the test patterns
based on the decision function derived while training. Tbeert classificationGC) accuracy of the hand

posture recognition unit is defined as

_ Total number of correctly classified test patterns

CcC
Total number of test patterns

(1.1)

The information processing unit for recognizing the handtpes employs image processing algorithms
to analyse the hand postures and derive the decision fuscti@he procedure for analysis includes hand
localization and hand modelling. The decision functionasived through feature extraction and the decision
label associated with a sample is obtained through clastditc The general block diagram representation
of the procedures involved in hand posture recognition @avshin Figure 1.6. The procedures are explained

briefly as follows.
1.4.1 Hand localization

The primary aspect in developing a vision based CBA systetn ensure that the hand posture and its
relative parameters are properly emphasised to aid infitomanalysis. The common method employed to
highlight the posture parameters in vision based interfat&ough the use of optical markers and the coloured
gloves. Traditional methods use retro-reflective markelig/bt emitting diodes (LEDSs) placed at various finger
joints in order to track the posture parameters [24,55]. el@¥, the use of such optical markers is obtrusive [55]
and finding the correspondence between the markers andl#tigagoints is a major problem [56]. Hence,
colour-coded gloves are used as an effective alternatespl 56]. The colour-coded glove is made of fabric
and designed to consist of different colours for every jaimdl the bone segment of the hand. These colours are
used as cues to detect the segments of the hand and the haune pasameters.

Even though the colour-coded gloves are simple and effectiy a vision based interface, ideally it is
not desirable for the gesturer to rely on the colour-codedes in practical applications. Hence, glove-free
and markerless vision based interfaces in which the haridrrég extracted from the image are employed.

The commonly employed technique reported in the literatardhand extraction in a vision based interface
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(@) (b) (© (d) (e)

Figure 1.7: lllustration of different hand posture models. (a) 3D tegtlvolumetric model; (b) 3D wireframe volumetric
model; (c) 3D skeletal model; (d) Binary silhouette and (eptour. Image courtesy Wikipedia [1].

is through skin colour detection [47]. Some of the methodshnd detection use background subtraction
techniques [57, 58], object contours [59] or a combinatibthe colour and the edge characteristics for hand

localization [60].
1.4.2 Hand posture modelling

The detected hand posture can be considered as the corifigushthe hand in the 3D space. Hence,
the description of the hand posture through informationyesiminvolves the characterization of their spatial
properties. The approaches to spatial modelling of the Ipamstures are themodel based approacand the
appearance based approah7, 61].

The model based approach to spatial modelling of the hamivies synthesizing 3D hand models to anal-
yse the hand posture. The important parameters of the madetapproach are the angles made by the hand
joints and the palm position [61]. The 3D hand models are ipaiassified into thezolumetricand theskeletal
models. The volumetric models describe either the 3D viapakarance or the 3D geometric appearance of
the human hand. The geometric appearance in volumetric lfimgis achieved through the use of generalised
cylinders and superquadrics which encompass cylindehgrsp, ellipsoids and hyper-rectangles. The skele-
tal models are constructed using simple geometric strestsuch as the rectangular segments and lines. The
illustrations of these different hand posture models areigire[1.7.

Unlike the model-based approach, the appearance basexhapps are based on the projection of the 3D
object into a ® plane. Therefore, the appearance based models are the Zsmathe hand postures. This
implies that the 2D appearance based modelling does noteetite entire hand posture and it results in loss
of information in comparison to 3D modelling methods. Hoeg\the computational cost in fully recovering
the 3D hand posture state is very high for real-time recagni&nd slight variations in the model parameters

greatly affect the system performance. By contrast, psicgshe 2D appearance based models offers low
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computational cost and high accuracy for a modest gestwabutary [62]. Thus, the 2D models are well

pertinent for real time processing in CBA systems.
1.4.3 Feature extraction

The general approach to deriving the decision functionrmhh analyzing the unique set of visual features
that accurately represent the hand postures. The procefidieeving the features that describe the given object
is known as feature extraction and it is one of the most cratéps that directly influence the performance
efficiency of the hand posture based CBA systems. The featumployed for describing the hand posture vary
depending on the type of hand posture models. In the case bBBD models, the direct parameters defining
the hand postures such as the joint angles, the palm pgsitierheight and the width of the fingers can be
accurately estimated and they form the feature set repregehe hand postures [61].

In the appearance based models, the 2D images of the hanulgsoate used as the templates. The feature
describing the hand posture images can be derived either tlhe spatial domain or the transform domain
representation of the binary hand shapes or the gray-lewel images. In the spatial domain representation, the
features are directly derived by analyzing the pixel valkemsstituting the hand posture image. The transform
domain representation is the projection of the image froatighdomain on another domain in such a way that
the distinct characteristics of the image are emphasisetheSf the image properties that are characterised
by the extracted features are the spatial distribution efittensity values, the magnitude and the orientation
properties of the image gradients or the edges and the shhpse feature descriptors are derived either from
the gray-level images or the binary silhouette images oftned posture. Some of the other visual features
derived from the appearance based models include the georfegitures such as the number of extended
fingers, their spatial positions and the inclination anghesong these features, the shape is an important visual
feature and it has been successfully used for represeimeband postures. The computational requirements
in shape based object analysis is less when compared tospiogehe gray-level and the colour images.

A large number of features based on the above image propeartereported in the area of hand posture
recognition. The efficiency of the extracted features fgectrecognition is generally evaluated based on the
compactness in representation, robustness to spatiafdramations, sensitivity to noise, accuracy in classifica-
tion and the complexity of computation [63]. In this contdkie moments are transform domain representations
that are known to be efficient for shape representation [B4tordingly, some of the robust moments based
features reported for hand posture recognition are the ggmmoments [65] and the continuous orthogonal
Zernike moments [66,67]. The moment based features ardesingpust and offer compact representations. A
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detailed review on the feature descriptors used for hantlpsecognition is presented in Chapter 2.
1.4.4 Classification

Classification is the process of assigning the class labal given hand posture input. The class label
is chosen through classifying the test hand posture as otteeaflasses of hand postures that constitute the
training set. The classification is performed by analyzimg similarity between the features of the test hand
posture and each of the hand posture in the training set. Sdbrtiee classification methods employed in
pattern recognition are the minimum distance classifienahability based classifiers, discriminant functions

and neural networks [60].

1.5 Issues in vision based hand posture recognition

The efficiency of the hand posture recognition unit depemdfie accurate representation of hand postures.
The features used for representation must be capable afielpigescribing the hand postures such that the
recognition system is robust to variations that affect #sfgrmance efficiency. The important factors that
affect the performance efficiency of the vision based hargiyse recognition system are (a) the segmentation

errors and (b) the geometrical distortions.
1.5.1 Segmentation errors

The accurate representation of a hand posture based omiiise® relies on the proper segmentation of
the hand posture from the acquired image. Image segmantatam ill-posed problem that relies on the depth
cues, the colour cues and the geometric properties of trecioly) be segmented. The depth cues can be
obtained only in multi-vision systems and the monoculaiovisystems have to rely only on the colour and the
geometrical properties of the hand region. As mentionecerti8n[1.4.11, the commonly employed method for
hand localization is the skin colour detection.

The proper segmentation of hand postures based on the d&imr ¢@affected by the illumination changes
because of the non-uniform illumination of the hand regitmproper illumination also affects the dynamic
range of the image intensity values contained within thedhagion. As a result, it is difficult to choose
an adaptive threshold for proper segmentation of hand pEsstunder illumination changes. This leads to
segmentation errors. Figure 11.8 presents hand postureredpinder three different illumination conditions.
The corresponding plots of the image histograms shown inrEid@.9 illustrate the distribution of the intensity

values with respect to the hand posture region. Figure )li8én example of the hand posture image captured
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(b) (©)

Figure 1.8: lllustration of variations in the details of the hand postimage with respect to illumination changes. (a)
Poor illumination - dark image; (b) Normal (average) illuraiion - average contrast and (c) High illumination - high
contrast.
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Figure 1.9: Histograms of (a) the dark image; (b) the average contraag@and (c) the high contrast image shown in
Figure[1.8.
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Figure 1.10: Examples of hand posture images taken in varying backgro(a)dhand posture acquired in a uniform
background and (b) hand posture images acquired in complekgiboounds. The hand posture images are taken from the
Jochen Triesch static hand posture database [2].

under poor illumination with the corresponding histogramwen in Figurdg 1.9(2). The hand posture captured
under normal illumination and the corresponding plot ofga&istogram are shown in Figdre 1.8(b) and Figure
[1.9(b) respectively. Similarly, Figufe 1.8(c) is an exaenpf the hand posture image captured under relatively
high illumination and the corresponding plot of histograshown in Figuré 1.9(c). Under poor illumination,

the dynamic range of the intensity values is low and heneetahultant image is dark and has a poor contrast.
In the case of normal illumination, the dynamic range of titenisity values has increased and distribution of

the intensity values within the range is almost uniform. &erthe resultant image is relatively bright and has
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1.5 Issues in vision based hand posture recognition

good contrast. Similarly, under high illumination the dgme range of the intensity values is relatively more
and the resultant image has higher contrast than the podhantbrmal illumination images.

Additionally, segmentation errors also occur while segtingnthe hand postures from a complex or clut-
tered background that contains several other objects witbsd similar colour or geometrical characteristics
as the hand region. The proper segmentation of hand posslakse affected if the colour of the user’s clothing
coincides the skin colour. Some examples of the hand postyoteired under different backgrounds are shown

in Figure[1.10.
1.5.2 Geometrical distortions

The other major issue involved in accurate recognition efttand postures is the geometrical distortions
that occur due to geometrical transformations, variatiartee hand posture parameters and variations due to

changes in the angle of view.
1.5.2.1 Geometrical transformations

The geometrical transformations affecting the perforneapicthe recognition unit includes tleeale the

rotational and thetranslationalchanges induced during gesture acquisition as descriled.be

e The scale represents the spatial resolution of the acqhmad posture. The resolution will differ with
respect to the variations in the hand geometry of the usetshendistance between the gesturer and the

camera.

¢ Rotation changes refer to the variation in the orientatibthe hand posture that occurs either when the
user rotates the hand while gesturing or when the camertaigdoalong its plane within the field-of-view

(FOV).

¢ Translational changes represent the variation in thealpatation of the hand posture that occurs due to

the user’'s movement of the hand.

1.5.2.2 Variations in the hand posture parameter

As explained in Section 1.2, the parameters that charaeténe hand shape are the angles caused by the
flexion/extension and the abduction/adduction movemeintiseofinger joints. Among these, the flexion and
the adduction movements are positive joint excursions Aedektension and the abduction movements are

negative joint excursions. The joint angle between twoaa)abone segments is measured by considering one

TH-1228_06610210

19



1. Introduction

Little finger

@ Carpals @ Metacarpophalangeal joints (MP)

O Proximal interphalangeal joints (PIP)
Ring finger
A Interphalangeal joints (IP)

@ Distal interphalangeal joints (DIP)
Middle finger

30 Index finger
P
Thumb

(@)

Figure 1.11: lllustration of hand posture parameters using the hanegkel The joint angles represent the hand posture
parameters.

0, =[-30°,-35°]

Figure 1.12: lllustration of (a) finger abduction; (b) MP joint range of tizm, flexion-extension and (c) Palmar abduction
and adduction of the thumb at the MP joint. The negative aimg(k) refers to the extension movement.

of the bone segments at close distance to the carpals asféihenee axis. The procedure for measuring the
hand posture parameters at the finger joints is illustragdgua hand skeleton in Figure T.11(a). Similarly,
a few examples illustrating the angular positions of theebsagments with respect to the abduction and the
flexion movements of the metacarpal joints (MP) are shownigorieé[1.12. The maximum value of the motion
parameters with respect to each finger joints are given itreTBE.

Based on these movement parameters, the hand postures @amsiziered asimple postureandcomplex
postures With simple postures, every individual finger is eitheremded or flexed to the maximum range.
Complex postures are those in which the fingers can be beny argle within the maximum range of motion
in order to constitute a hand posture. In the case of competupes, the joint angles defining a hand posture
are only approximations that lie within a defined range ofudaugvalues. The structural variations with respect
to a hand posture occur due to the changes in the flexibilith@tiser's hand joints within the defined range.

Similarly, the hand posture parameters vary due to the ti@m&in the hand geometry. An experimental

study on the effects of the hand length and the flexibilityhafjoint angles in [68] states that the joint flexibility
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(b)

Figure 1.13: Examples of a hand posture taken at various angles of viee.figihre illustrates the structural deviations
or deviations in the appearance of the hand posture. Slgitarclusion of certain parts of the hand can be observed at
each angle of view. The hand posture images are taken fromi#issey hand posture database for the American sign
language [3].

Table 1.2: Maximum range of motion parameters defining the movements kespect to the thumb and the finger

joints [7].
Extension Flexion Abductiorl  Adduction
Fingers [-309°TAi35°] gglp f;'(; 99%5 [1006?;20] [soit,”;@] 29 4
0, 0 0 0,
Thumb c“)’],P — 2'20 5“6:’ 9'(; 70 o°

of the fingers increase with the increase in the hand lengkierefore, the variations in the flexibility of the
user’s hand and the hand geometry result in the deviatiorand lposture parameters due to which there is

diversity in the appearance of a hand posture.
1.5.2.3 Variations due to the angle of view

In the field of imaging, the angle of view is known as the viewgia. The viewpoint refers to the position
of the camera with respect to the object of focus [69]. Théwgitchoice of the viewing angle or the viewpoint
is determined by the amount of perspective distortion. p&atsve distortion is a phenomenon in which, the
part of the object present at a larger distance from the camgpears to be smaller than the closer part of the
same object and vice versa [69, 70]. As a result, the pertaitiape of the object is distorted / altered. The
distortion is caused if the focal plane is not parallel todhgects surface and/or not in level with the centre of
the object.It means that the camera is not at equidistanoe dil the parts of the object [70]. The variations in

the viewpoint result in structural deviations and selffosmn of the fingers. A few examples illustrating the
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structural variations and the occlusion errors in a handupesiue to variations in the view-angle are shown in

Figure[1.13.
1.6 Motivation for the present work

Vision based hand posture recognition is one of the impbmeasearch areas spawning advanced HCI
techniques for intelligent interaction in CBA systems. Efficiency of these systems depends on the accuracy
of the features used for describing the input hand postufesimproved performance, the features defining
the hand postures should be robust to geometrical distsritaused by the similarity transformations, user
and the view-angle variations. Among these, the geometrimasformations can be easily addressed through
proper normalization techniques. Unlike geometricalgfarmations, it is very difficult to model and develop
techniques for normalizing user and view-angle variations

Only very few works in hand posture recognition have coneged in developing user and view invariant
recognition techniques. The comparative evaluation ofetkisting feature descriptors and their robustness
to user and view-angle variations are not yet explored. Eetigs research is motivated towards identifying
features that are robust to user and view-angle change®rdingly, the goal is to develop a robust monocular
vision based hand posture recognition system that is cadittiandling simple and complex hand postures.

Recently, the discrete orthogonal moments are introdusesffiient approximations for image analysis.
These discrete orthogonal moments were shown to be efficiéatms of compact representation, robustness
to noise and accurate reconstruction [71-73]. Howevey, #ne yet to be explored for shape description and
classification. In this research work, two discrete orth@onoments , namely th€rawtchoukand thediscrete
Tchebichefmoments are proposed as features for shape representdised on the validation in representing
the general shapes, a vision based hand posture recogsystem using the discrete orthogonal moments as
feature descriptors is proposed.

The thesis also aims at assessing the user and the viewainiyahiaracteristics of the proposed and other
existing descriptors. Accordingly, the geometric mometite Zernike moments, the Fourier descriptors, the
Gabor wavelets and the principal component analysis (P@8édh descriptors will be evaluated.

The proposed discrete orthogonal moment based hand pestagnition system and the various feature
descriptors are to be tested on two different classes of pastilires that are intended to find the applicability
in different CBA systems. The first class of postures cossitlO simple single-hand postures formed by

extension/flexion and abduction/adduction of fingers tontleimum range. These simple hand postures can
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be used to command, control and manipulate operations in H second class of gestures consists of
32 complex single-hand postures taken from Bharatanatggmantomimic dance form in India [74, 75]. The
recognition technique for recognizing the hand postur&@hiaratanatyam is aimed at developing content-based

dance annotation and retrieval systems for Bharatanatyam.

1.7 Contributions of the thesis

The contributions of this research work are as follows.

(i) Discrete orthogonal moments, namely the Krawtchouk rot® and the discrete Tchebichef moments
are introduced as features for shape representation. Teaay of the discrete orthogonal moments
in representing the shapes from the MPEG 7 shape databagpesmeentally studied. The study is
considered as validation towards using the discrete odmlgmoments as features for hand posture

recognition.

(i) A monocular vision based hand posture recognitionesysthat is robust to geometrical transformations,

user and view-angle variations is developed based on thestisorthogonal moments.

(iii) For comparative evaluation, the user and the viewlamngariance characteristics of the proposed method
and the state-of-the art methods like the Fourier deseepthe geometric moments, the Zernike mo-

ments, the Gabor wavelets and the PCA descriptors are dtumdetail.

(iv) In this research work, two different hand posture datss are developed. The first database consists of
4,230 samples of 10 simple hand postures acquired at varidesseaientations and view-angles. The
database is collected from 23 users. The gesture recagnéahnique developed on this database may
find applicability in hand posture based HCI to perform comdjaontrol and manipulation functions in

CBA systems.

The second database consists @@ samples of 32 complex single-hand postures in Bhargtna
known as theAsamyuta hastas The images are acquired by varying the scale and view-anghe
database is collected from 6 female subjects. The hand neostgognition technique developed on
this database aims towards promoting hand postures as ukdaa automatically annotate and retrieve

Bharatanatyam dance videos.
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1.8 Organization of the thesis

The rest of this thesis is organised as follows.

Chapter 2 presents a review on the feature descriptors oséard posture recognition. The chapter con-
cludes with an insight into the applicability of discretehmgonal moment based descriptors for hand posture
analysis.

Chapter 3 presents the theory of discrete orthogonal mareaemd the formulation of Krawtchouk and
Tchebichef moments. The chapter includes experimentdleston the spatial- and the spectral-domain prop-
erties of the Krawtchouk and the discrete Tchebichef potyiats. The efficiency of the discrete orthogonal
moments in shape representation and shape classificatgindied using the MPEG 7 shape database. The
experimental study presented in this chapter validateglidwete orthogonal moments as efficient shape de-
scriptors.

Chapter 4 elaborates the proposed discrete orthogonal nidrased hand posture recognition technique
that is robust to similarity transformations and user aesvwangle variations. The system deals with the silhou-
ette model of the simple hand postures that are intendegfaication in HCI. In this chapter, anthropometry
based normalization techniques for the removal of the faneand orientation correction are proposed. The
chapter includes details about the database developmeih@mnalysis on structural variations in a hand pos-
ture with respect to user variations and view-angle changbe experiments on hand posture classification
validate the efficiency of the discrete orthogonal momamtimparison to the other considered methods.

Chapter 5 explains the hand posture recognition techniguelaoped for recognizing the single-hand pos-
tures in Bharatanatyam known as theamyuta hastashe chapter explains the development of the Asamyuta
hastas database and the system implementation procedeeefiresentation methods for analyzing the com-
plex hand postures in Bharatanatyam are chosen based oxpttrengental results in Chapter 4. Accordingly,
the Krawtchouk moments and the discrete Tchebichef monastshe PCA descriptors are considered. The
experiments validate that the Tchebichef and the Krawtkhoaments are efficient features for representing
these complex hand postures.

Chapter 6 concludes this thesis with suggestions for thécagpipn of the proposed discrete orthogonal
moment based hand posture recognition technique for thmratic annotation of the Bharatanatyam video

and content-based retrieval Bharatanatyam video fromabeag.
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2. A Review on Feature Extraction in Hand Posture Recognitia

In this chapter we present the existing state-of-art methiodiand posture recognition. The methods are
categorised based on the features derived from the handrpdstages for description. The advantages and
the limitations of the existing methods in terms of the cotafianal complexity, robustness to similarity trans-
formations, user and view-angle invariance, classificataie and the supported size of the posture vocabulary

are reviewed.

2.1 Introduction

The recognition of an object in an image requires the extmacif some features that uniquely characterise
the object. These features are called the descriptors éoolfect and represented in a form suitable for the
classifier used for mapping the object into a known class. ddseriptor may be derived from the geometric
shape in the form of the binary silhouette image that is abthiby the segmentation of the original image.
Alternatively, the descriptor may be derived from the Viiia of intensity in the gray-level image containing
the object.

There are large number of descriptors derived from the sétie image and the gray level image to rep-
resent the hand posture. We classify these methods intodtegary they are: (a) the silhouette image based
methods and (b) the gray-level image based methods. Thetampalescriptors belonging to both the cate-

gories are described below.

2.2 Silhouette image based methods

The silhouette image based methods derive features thatsesg the hand posture by its shape. The pro-
cedure for recognizing the shape of a given object requiretetive parameters that uniquely characterise the
shape [76]. The efficiency of a method used for representingshapes is evaluated in terms of retrieval ac-
curacy, compactness of representation, hierarchy of edarfine representations, computational complexity,
robustness to geometrical transformations and robustoestsape defections [77]. The geometrical transfor-
mations include rotation, scaling, translation and affiagations of a given shape. The shape defections are
structural distortions caused by noise, boundary distastiand the segmentation errors that occur while bi-
narisation [63]. The retrieval efficiency represents thiitglof the shape descriptor to effectively recognise
similar shapes inspite of the above mentioned geometriaaktormations and the shape defections. The sil-
houette image based methods generally derive the impddaiuires by using either the shape boundary or the

interior points of the shape along with the boundary [63].né&e the silhouette based shape features can be

TH-1228_06610210

26



2.2 Silhouette image based methods

classified intocontour featuregndregion features The contour features exploit only the pixels that form the
shape boundary and the region features take in to consmieiat the pixels constituting the shape region or
the entire silhouette image. The details of several cortased features and region-based features used for

hand posture analysis are discussed below.
2.2.1 Geometric features

The geometric features of the hand posture are the simppegstescriptors that can be derived both from
the shape boundary and the shape region. The geometriceeditu defining the entire shape are derived by
extracting the morphological characteristics of the finged the palm regions of the hand. Accordingly, the
location, the position and the inclination angles of thedisgare among the geometric features employed for
representing the hand posture.

In [78], a hand posture recognition technique using the daonprofile of the hand postures as features
was proposed. LeéB define the boundary of the hand posture éxdy.) be its centroid of the hand posture

region. Then, fofx, y) € B, the boundary profile§P) describing the hand posture is computed as

BP(xY) = y(X—%)? + (y— Yo)? (2.1)

The number of peaks in the boundary profile represents theoauwt extended fingers with the peaks
corresponding to the finger tips. The positions of the pedkiseoBP denotes the positions of the fingers with
respect to the centroid of the hand posture. The BP was uselddsify a database consisting of 6 distinct
static hand gestures. The classification was performed tivéghminimum distance classifier and the average
recognition rate obtained was 95%.

Jag et al. [79] proposed a view-point invariant hand postecegnition technique combining the silhouette
model and 3D-hand posture model for recognition. The metleoived the centroidal profile from the boundary
of the hand posture. Given the shape boundary, the centimidfle is obtained by mapping the boundary
points into a polafr, 8) representation. The radiuglescribes the distance between the shape centroid and the
boundary points. Thé value describes the inclination angle of the extended fsigéhe system was tested
on a dataset containing 5 distinct hand postures that werteireal at 15 different viewing directions. Their
technique achieved a classification rate 0B94.

The above methods based on the shape boundary are semsitoisd, rotation variations and there may be
two different hand postures with almost similar boundarigiso, the locations of the peaks vary according to
the user’s hand geometry and hence, it is not possible tddagedtures with various finger flexions. In order
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to overcome this, different region based techniques fadiely the number of extended fingers, their positions
and the relative length of the fingers are employed in [80—B4]80], a circle that intersects all the abducted
fingers was drawn with respect to the centroid of the handupesthe diameter of the circle was fixed as 0.7 of
the farthest distance from the centroid. The number of eldériingers was estimated by counting the number
of background-to-foreground transitions and used as thife. The technique was tested on a small gesture
library consisting of 5 distinct hand postures and was shtmnupe invariant to the similarity transformations.
Yin and Xie [82] employed a similar technique for finding thember of extended fingers. However, the circle
that intersects the abducted fingers was obtained itelatiVle other features used in this technique include
the positions of the fingers with respect to the circle. Thehoe was tested on a database consisting of 8
gesture signs.

The skeleton of the hand posture image was used in [81] foaetkig the geometric features such as the
position, the orientation and the number of extended fingeese features were employed for classifying the
basic hand shapes in the Japanese sign language. Steigiopod Papamarkos [83] proposed a graph based
searching method for deriving the morphological featuféae@palm and the finger regions of the hand posture.
The shape of a given hand posture was approximated usingeth&®wing and Self-Organised Neural Gas
(SGONG) network. The morphological features of the handh st.scthe number of the extended fingers, palm
centre, slope of the hand, inclination angles of the exterfawers relative to the hand slope were derived
from the SGONG approximation of the hand posture. A prolsthilclassifier that is based on the choice of
the most probable finger combination of a set of feasibleugestwas used for recognition. The system was
tested on a dataset of 180 images of 31 hand postures. Thensgshieved a maximum classification rate of
90% and is invariant to similarity transformations. Howg\ke system is computationally complex and very
sensitive to the errors in extracting the geometric featuta [84], the concave and the convex points in the
boundary profile of the hand posture were used for partitigtihe finger and the palm regions. Based on these
points, the extended fingers were identified and the lengihtawidth of the detected fingers were employed
as features for classifying the hand postures. The gearma@asures of each finger were determined based on
the anthropometric measurements. The system achievedsificiation rate of 94% in classifying 12 hand
postures from the Arabic sign language.

Flasifski and Myslifiski [85] have used boundary-basegbly models and a parsing method for the recog-
nition of hand postures in the Polish sign language. In gén#te model graph of a given hand posture is

obtained by deriving the polygonal approximation of itstoam. the nodes of the graph are the vertices of the
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polygon and are labeled with the vertex angles. The nodesoargected by directed lines known as the edges.
The orientations of the edges with respect to a reference acel used for labeling the edges. The obtained
graph is called thendexed edge-unambiguous grapB-graph) and the vertex angles and the edge orientations
are the feature descriptors. In [85], a set of IE-graphsesgrting the hand postures was treated as a formal
language generated with the ETR)L(Embedding transformation preserved production ord&rbsdt nodes
unambiguous) graph grammar. The graph grammar was useld$sifging 48 hand posture signs in the Polish
sign language. It was shown that the system is robust to ratelehanges in the view-angle and variations in
the user hand anatomy. However, the system is sensitivete\anall variations in the geometry of the hand
posture induced due to user variations. Further expersramet required to verify the robustness of the system
to perspective distortions induced by the view-angle ckhang

Dias et al [86] developed a system known as@pen Gestures Recognition Engiit® G.R.E) for recogniz-
ing the hand postures in the Portuguese Sign Language. $togtdam of the distances and the angle between
the contour edges were used to derive a contour signaturerkas the pair-wise geometrical histogram. The
classification was performed by comparing the pair-wisenggdcal histograms representing the gestures.

The above discussed geometric features are simple shapeptles and usually can discriminate only
hand postures with large differences. Further, these siisimhpe descriptors cannot handle hand postures that

are deformed due to segmentation errors and self-occlusion
2.2.2 Curvature scale space

The curvature scale space (CSS) representation of the lushdre is a boundary based shape description
method. In this technique, the evolution of the zero-craggoints with respect to the multi-scale represen-
tations of the shape boundary is used as the features for f@stdre recognition [87]. Consider the shape

boundaryB, which is assumed to be a planar curve. Then, the curvatacdidm « (u) is computed as

X (u) y (u) = X (u) y (u)
_ (2.2)
(k@2 +y(W?)"”

whereu is the length parameter. Convolvifgywith a 1D Gaussian kernej (u, o) of standard deviatiotr

k(U

results in the smoothed curg,. The smoothed boundary points are given by

X(u,0) = x(u) *g(u, o) 2.3)
Y(u,0)=y(u)*g(u,o)

wherex denotes the convolution operation.

TH-1228_06610210

29



2. A Review on Feature Extraction in Hand Posture Recognitia
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Figure 2.1: lllustration of smoothing of the shape boundary and thewdiat of the inflection points at different scales
(0). (@) o = 35; (b)o = 82 and (c)o = 14.6. The concave segments at each scale are enumerated. Thermfm
concavities decreases with the increase in the scale. @)B® image constructed from the locations of the inflection
points at various scales.

Accordingly, the curvature (u, o) at a scaler is computed as

X(Uu,o)Y(uo)-Xuo)Y (o)

k(u,0) =
’ (X ()2 + Y (o))

(2.4)

The CSS descriptors represent the location of the inflegtimints on the curve at different scales and are

extracted as the CSS image. The CSS image (u, o) is defined as

lcss(u, o) = {(u, o) Ik (u, o) = 0} (2.5)

An example illustrating the evolution of the concave segimenthe hand posture boundary for different values
of o and the corresponding CSS image are shown in Figufe 2.1. Rdmesoundary is convolved with the
smoothing kernel iteratively until there are no inflectiobigs on the smoothened boundary. The scale of
the smoothing kernel increases with the number of iteratidrhe peaks in the CSS image correspond to the
concavities in the hand posture contour and the height opéa&s depends on the depth and the size of the
concave segments. In general, the CSS image is used asttive @@scriptor and the classification is performed
using nearest neighbor classifier.

Kopf et al [88] employed CSS descriptors for classifyingasslof 3 simple hand postures. They proposed
a modified CSS approach in which the convex segments of theesheere also represented in the CSS image.
Chang et al [89, 90] proposed a feature alignment approaandiing the CSS image invariant to translation,
scale and rotation changes. The feature alignment invadiredlarly shifting the coordinate peaks of the CSS
image with respect to the coordinate containing the largeak. The proposed approach was tested on a hand
posture database consisting of 600 images of 6 hand posttwess shown that the performance of the aligned
CSS descriptors is better than that of the Zernike and thedasgernike moment invariants representing the
hand posture. The major drawback of the CSS image basedaambpi® that the locations of the peaks are
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highly unstable making it difficult to adapt to user variamesmd perspective distortions induced by view-angle
changes. The number of peaks representing the number diamic convex segments are stable features and
hence, CSS image might be useful only for classifying distivand signs. Also, two different shapes with the

same sets of concavities will have the same CSS represergaBsulting in misclassification.
2.2.3 Modified Hausdorff distance based matching

The modified Hausdorff distance (MHD) based matching is aaorbased shape matching technique
introduced by Dubuisson and Jain in [91]. The method emplbgsnearest point search strategy for com-
puting the similarity between two shapes. The MHD is usedhfamd posture recognition in [92] and [93].
Let A={a1, @2, - ,an,} andB = {B1,82,--- ,Bng} D€ the two point sets to be compared, whisgeand Ng
represent the cardinality of the s&tndB respectively.

Sanchez-Nielsen et al [92] used thenorm and computed the bidirectional partial Hausdorffadise as
H = max{h(A B),h(B,A)} (2.6)

whereh (A, B) is the directed distance between the point #eamdB and it is defined as

h(AB) ="K{ta llo =Bl , @2.7)
‘Kg‘eA represents th&™ ranked distance such thfNa = i %. The distance measukewas used to classify

a set of 26 static hand postures and the experiments showhthat/stem achieved an average classification
accuracy of 90%. The MHD based shape matching is a widely@magdltechnique robust to outlier points and
similarity transformations. However, the MHD techniqueaipoint-wise correspondence based method and

hence, it exhibits high computational complexity.
2.2.4 Fourier descriptors

Fourier descriptors are boundary based representatiaharid robust to noise and invariant to translation,
scale and rotation changes. Given a shape bourilafsizel and the pointx,y) € B, the Fourier descriptors
are obtained through the Fourier transform on a complexovetdrived from the coordinatds,y). Foru =

{0,1,---,L -1}, the complex co-ordinates characterizing the shape boyrda obtained as

f(u) = (x(U) - xc) +i(y(u) —ye) (2.8)
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where(X, Yc) is the centroid of the shape. For= Z”Tk k=0,1---,L -1, the Fourier transform of (2.8) is

given by
L-1
F(w) = Z f (u) exp(—jowu) (2.9)
u=0

The magnitude ofF (w)| is known as the Fourier descriptor and it is invariant to iotaand translation

changes. In order to achieve scale-invariance, the spedésrnormalised as

IF ()|
IF (O)]

|F (w)| = (2.10)

Chen et al [57] developed a system based on the Fourier gessrand the hidden-Markov model (HMM)
for classifying gestures in the Taiwanese sign languagee Hdurier descriptors were used as features for
representing the hand postures contained in the gestune Sige Fourier descriptors along with the other
temporal features were used to build the HMM model for gestiassification. In [94], the Fourier descriptors
were used as features for user-adaptive hand postureficiasn. The Fourier descriptors were used to classify
a database of 1600 samples of 9 hand postures. Similarlyg ¥am@l [95] developed a command system
using hand posture as the user-interface element. Thensgsteloyed the Fourier descriptors as features for
classifying 4 hand posture signs that are used for spegifthe commands in human-computer interaction.
Bourennane and Fossati [96] have shown that the Fourierigess are efficient over region-based features
like moments. They performed experiments on two differeamichposture databases and the results confirm
Fourier descriptors as efficient features for scale andiooténvariant hand posture classification.

The works on Fourier descriptor based hand posture redogritive considered only a few distinct hand
postures and the performance of the Fourier descriptofseicdse of more gesture classes, view-angle varia-

tions and user-independence needs to be evaluated.
2.2.5 Moments and moment invariants

Moments are region based descriptors in which all the piilsin a shape region are taken into account
to obtain the shape representation [63, 97]. The momentaat)gtatistical description of the pixels in the
shape region [63]. The moment functions allow to derive muinigvariants that are robust to geometrical
transformations and less sensitive to shape defections [98

Moments can be defined as the projection of a given functido tre polynomials that form the basis
set [99]. The polynomials can be orthogonal or non-orthagjoccordingly, the moments are categorised

as non-orthogonal moments and orthogonal moments [99]. sithple and the widely used non-orthogonal
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moments in hand posture description are the geometric momemiants.
Considerf (x,y) to represent a binary image of sigd + 1) x (M + 1) such thatx € {0,1,--- ,N} and
ye{0,1,---,M}. The functionf (x,y) takes the unity value inside the shape region and otheriviakds the

zero value. The geometric moments of or(fes m) representing the image is defined as

N M

Gnm = ZZx”ymf(x,y), nm=0,1,2,--- (2.11)

X=0 y=0
Using non-linear combinations of the lower order geometniments, Hu [100] derived a set of moment
invariants called ageometric moment invariantiat are invariant under image scaling, translation aratiat.
Previous works on shape classification [63] have shown ligagjéometric moment invariants are not sufficient
for describing arbitrarily distorted contour-based shlsapad perspectively transformed shapes. Hence, the
geometric moment invariants are used along with other gaanpoperties for representing hand postures.

Chalechale et al [65] used geometric moment invariants aothgtric properties (area, perimeter, major
axis length, minor axis length and eccentricity) as feattioe representing 25 hand posture signs. The classi-
fication was based on Bayesian rule assuming Gaussiarbdigin for the extracted features. The descriptors
were used to classify a database consisting of 2080 handrpastmples and achieved a classification accu-
racy of 98%. Similarly, in [101], the geometric moment iriaats were combined with features like normalised
length of the contour and directional gradients for repnéeg hand postures. The classification was performed
using weighted nearest neighbor-based classificatiomseh&he technique was tested on a database consist-
ing of 700 samples of 3 hand postures acquired under varighiinlg conditions. Out of 700 samples 200
samples were used for testing and the technique achievedcaage performance of 95%. Tofighi et al [102]
derived geometric moment invariants from the shape boyndfathe hand postures as feature descriptors.
Along with the geometric moments, the convex points on thadhaosture were also employed to form the
feature vector. The classification was performed using tienmam distance classifier. The efficiency of the
geometric moment was tested on a database of 500 samplegjestife classes and their results reported an
average classification rate of 90%.

The studies suggest that the geometric moment invariaatsugtiable for describing simple shapes and not
sufficient to accurately describe large humber of shapes bé@kis functions of the geometric moments are cor-
related implying that these moment features are redun@&ht Teague [103] suggested image representation
through orthogonal moments that are derived from the odghafpolynomials. The Zernike moments (ZMs)

and the pseudo-Zernike moments (PZMs) are among the effimifrogonal moments used for hand posture
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n=6, m=0

— Radial polynomial
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Figure 2.2: (a) 1D Zernike radial polynomialR.m(e) and (b) 2D complex Zernike polynomialg,m(p, ) (real part).

representation. The ZMs and the PZMs are rotation invadastriptors that are derived using the complex
Zernike polynomials and pseudo-Zernike polynomials retipely as basis functions.
The ZMs and PZMs are defined on the polar coordingte), such that < p < 1 and 0< 6 < 2n. The

complex Zernike polynomia¥,,m (o, 6) of ordern > 0 andrepetition mis defined as [99]

Vim (0, 6) = Ram (p) €Xp(- jme) (2.12)

For even values af — [m and|m| < n, Ryn(p) is the real-valued radial polynomial given by

(n—m))/2

_1\S(nh _ n-2s
Ronlp) = (-1°(n-9p

si((n+1mj)/2 = 9}((n - m)/2 - 9)!

The plots of the radial polynomiaR,(o) for different orders and repetitiormare given in Figurg 2.2(). The
2D complex Zernike polynomial¥,n(o, 8) obtained for different values efandm are shown in Figurg 2.2(b).
From the plots, we can infer that the Zernike polynomialsshaider supports. Therefore, the Zernike moments
characterise the global shape features.

The complex Zernike polynomials satisfy the orthogonglitgperty,

2r 1
ffvsmme) Vic(p.0) pilods = " Tn—1] 5[m-K
0 O
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whereé [.] is the Kronecker delta function. The Zernike momggt, of ordern and repetitiommis given by

n+1

2r 1
Zom= 11 f f Vi (0.0) £ (0.6) p dodo (2.13)
0 0

T

wherelm| < nandn — |m| is even.

The integration in[{2.13) needs to be computed numericdlhe magnitudéZ,n, is invariant to rotation
and hence, used for rotation invariant gesture represemt#o, 67].

The pseudo-Zernike basis polynomials exhibit propertigslar to those of Zernike basis polynomials.
The pseudo-Zernike basis polynomials differ only in terrhthe radial polynomials. The radial basis of the

pseudo-Zernike polynomials are real-valued functionsdefohed as

(n=Im)) S n-2s
y (-1)@2n+1-9)lp
Rom(e) = ;) s(n—[m-9!(n+|m+1-9)

Chang et al [66] used the ZMs and the PZMs as combined feaftoirdgnd posture classification. The ex-
periments were performed on a database consisting of 600 pastures of 6 gesture signs collected from
10 subjects. The ZMs and PZMs features representing the pestdres were classified using the nearest
neighborhood classification technique and achieved aifitag®n rate of 973%.

Gu and Su [67] have shown that the ZMs as efficient descrifdorsew and user invariant representation of
the hand postures. A hierarchial classifier based on thevauidite decision tree was employed for classifying
the hand posture features. The database used for the egpedonsisted of 3850 samples of 11 gesture signs.
The images were acquired from 5 subjects and at 7 differ@awing directions with the frontal view-angle
varying between-60° to 60°. The results have shown that the ZMs are robust to largetigargain the viewing

angle and the user’s hand shape.
2.2.6 Multi-fusion features

A few works in hand posture recognition have combined varicontour and region based descriptors to
derive multiple features for representing hand postune$104], the geometrical features like the location of
the fingertips, convex and concave points of the fingers, andathe principal axes were combined with the
geometric moments to form a feature vector for classificatielly et al [L05] have derived features from the
binary silhouette and the one dimensional boundary prafitepresent the hand postures. The binary silhouette
was represented using the geometric moments. The sizadnsatere derived from the boundary profile to

describe the hand shape. The dimensionality of the sizdifurscwas reduced using the principal component
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analysis. The reduced size functions are known agiten space size functianEhe geometric moments and
the eigen space size functions were combined to achieveingegsendent gesture recognition. In [106], the
eigen features are extracted from the contour of the hanifgoand is combined with the mean shape of the
hand posture samples for finding the exact match.

Feng et al [107] have proposed a two-step feature extraptiocedure in which the first and the second
steps are known as the coarse location phase (CLP) and thedddication phase (RLP) respectively. In the
CLP phase, the hand posture features like the convex andtivawe points of the hand and the intersection of
knuckle on different fingers were used for coarse representaln the RLP phase, the features were derived
from the multi-scale space representation of the hand pEsturhe multi-scale space representation charac-
terises the blob, ridge, corner and edge features of the astdre at different scales. The integration of these
features were used for classifying 26 hand posture signs.

Yun et al [108] combined the geometric moment invariants gredcolour cues derived from the hand
posture regions to form a feature vector for the descripibhand postures. These features were classified
using the Euclidean distance based matching technique.mBtieod was tested on a database consisting of
1000 samples of 10 hand posture signs acquired at diffemkgbounds. Using these multiple features, a

classification accuracy of 91% was achieved.

2.3 Gray-level image based methods

The gray-level image based approaches use image featuiesddesing the gray-level or the intensity val-
ues of the acquired hand posture image. The gray-level itnaged methods are also known as the appearance
based approaches [109]. The hand postures are modeleddredexte appearance features and used as prede-
fined templates for classifying the test hand postures. & fesdures characterise the image parameters such as
the intensity distribution around a neighborhood and trgeeatharacteristics of the hand postures. Similar to
the silhouette image based methods, the efficiency of thelgval image based methods is also evaluated in
terms of retrieval efficiency, computational complexitylanbustness to geometric and perspective distortions.
In addition to these, the gray-level image based methods aiss be robust to illumination variations that
occur while acquisition. The various gray-level image blaapproaches used for hand posture analysis are

discussed as follows.
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2.3.1 Edge-based Features

The shape and the appearance of an object in an image canrbsemgied by the local distribution of
magnitudes and the orientations of the gradient image. Adieseriptors for the hand posture are based on the

edge maps. They are discussed as follows.
2.3.1.1 Orientation histograms

Orientation histograms are edge based features that avediérom the edge map or the gradient map of
the hand posture image. The orientation histogram rept@seimmarised information on the orientations of
the edges or the gradients constituting the hand posturgeinighe orientation histogram can be computed as
a global feature or as a local feature.

Freeman [110] derived the orientation histogram from therisity values of the hand posture image. The
gradients were computed using two-tap derivative filteos@lthex and they directions. Ifly andly are the
outputs of thex and they derivative operators, then the gradient direction is @éetias tant (:—i) The proba-
bility distribution of the gradient orientation gives thdéemtation histogram of the hand posture. The feature
vectors were formed by the orientation histograms andifkedsising the nearest neighborhood classification.
The experiments performed on a dataset of 10 different hastlies show that the orientation histograms are
robust to illumination variations.

The orientation histograms computed from the local gradiarere used as features and classified through
Euclidean distance matching in [111]. Zhou et al [112] and 8hal [113] derived the orientation histograms
from the local gradient directions computed by dividingithege into over-lapping blocks of uniform size. The
accumulated orientation histogram is known ashtistogram of oriented gradientZhou et al [112] classified
the histogram features using tke- mean<clustering algorithm. In [113], the classification was penfied by
calculating the similarity between the histograms in teafithe Bhattacharyya coefficient.

Above studies on the orientation histogram features fodhmsture description have shown that they are
invariant to translation, scale and illumination chandéswever, they are sensitive to rotation variations and a
hand posture acquired at two different orientations yidifferent orientation histograms. Further, it is possible
that two different hand postures exhibit similar orierathistograms and hence, it requires that the gesture
vocabulary should have only gestures with distinct orioiacharacteristics. The studies in [110] show that

the orientation histogram is sensitive to the perspectistodions.
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2.3.1.2 Hough transform

One of the simplest method for pattern analysis is the Horaylisform that extracts and describes para-
metrically the important structural features such as thesli circles and ellipses. Munib et al [114] developed
a system based on the Hough transform and the neural netfoortkee recognition of hand postures in Amer-
ican sign language. The desired hand region was segmewtecttie background and the edge maps of the
hand postures were derived using the Canny edge operaterH®hgh features derived from the edge maps
form the feature vector representing the hand posture. &dterrfe vectors corresponding to each hand posture
was classified using the feed-forward back propagationahe@twork. The dataset used for the experiment
consisted of 330 samples of 20 hand posture signs. The hastdres were collected from 15 users at var-
ious scales and orientations. The scale invariance was\athby fixing the scale of the hand posture to a
predefined value through image interpolation. In order tuea® rotation invariance, the system was trained
with samples taken at several orientations. The developsigrs achieved an average classification rate of
92%. Altun and Albayrak [115] employed the generalised Hotrgnsform for classifying 29 classes of hand
postures in the Turkish sign language. Instead of the edges ntlae interest regions were derived using the
scale invariant feature transform (SIFT). Using the Houghgform, the system attained a classification rate of
93%. The main drawbacks of the Hough transform are its sotistomputational and storage requirements

that become acute when the object orientation and the saa¢eth be considered.
2.3.2 Image transform features

The image transforms map the image to the frequency domaipadio-frequency domain. Common linear
transformations used for image representation includaliberete Fourier transform (DFT), discrete Cosine
transform (DCT), principal component analysis (PCA), éineliscriminant analysis (LDA) and the wavelet
transforms. Among these, the wavelet transforms are magtiution, spatio-frequency representations that

extract the localised spatio-frequency features for indageription.
2.3.2.1 DCT features

AL-Rousan et al [116] developed a system for user-indepgnepresentation of 30 gesture signs in the
Arabic sign language. The gesture signs in their experisareg composed of hand shapes and hand move-
ments. The hand shapes were represented using the DCTefealime DCT features were combined with the
hidden Markov modelling (HMMs) for classifying the gestusigns. The database consisted of 7860 samples
collected from 18 users. The system achieved an overalldiagsification rate of 92%. The DCT features are
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only frequency localised and hence, the loss of spatialiatéon may limit the applicability of these features

to large gesture classes.
2.3.2.2 PCA and LDA based features

The PCA and the LDA are important multivariate data analysgthods used in pattern recognition. The
LDA is also known as the Fisher’s discriminant analysis radthThe PCA finds a set of the most represen-
tative projection vectors such that the projected samg@&sr most information about original samples. The
dimensionality of the projected samples is less than thedsmnality of the original samples yielding compact
representations.

Consider a set of images{fi, fo,-- -, f|} each of dimensiofN + 1) x (M + 1). Assume that there afe
classes withQ number of samples belonging to each class, suchltkaPQ. The 2D images are represented
as 1-dimensional vectors by concatenating the rows. Tokrefve getl vectors of sizd = (N+ 1) (M + 1)
represented &g 4, fo,- - -, f;}. The steps in PCA are as follows.

Step 1. Compute the mean centered image vecﬁdny

[
— 1
f.= fi_TZfi (2.14)
i=1
Step 2: Find the eigen vectors and the eigen values of theiaaga matrix
o
R:I—Zfifi (2.15)
i=1
The eigenvectorgs, e, - - - , &} corresponding to thielargest eigenvaluggs, A, - -, A¢} of Rform a trans-

formation matrix

Wpca=[€1 & €& ... &], (2.16)

for k << I. The matrixWyca forms the orthonormal basis that projects eaehlimensional vectoff; in the

original space to ak— dimensional vectop; defined as

g = Wicafi (2.17)
Thek largest eigenvaluely, Ao, - - - , ¢} are known as the principal components and the corresporaien-
vectors{e, &, - - - , &} are known as the eigenimages. The subspace spanned bydheesitprs is known as

the eigenspace. Each eigenimage forms the feature desdgptimage classification. The classification is

performed by finding a match that minimises the Euclideatadte between the input image projected in to
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the eigenspace and an image class represented in the eigensp

Unlike the PCA, the LDA uses the class information and findstatvectors that maximise the between-
class scatter while minimizing the within-class scatteittwf original samples. In the LDA technique, the
projection vector is selected in such a way that the ratibhehietween-class scatter and the within-class scatter
is maximised.

Consider a set df image vectorgfy, fo,-- -, fi} with | = PQ. For notational convenience, let us label the
image vectors in terms of the image class and reWfigge - - , f;} as
{fi1,---, f1g,---, fp1,- -+, fpg}. The steps involved in the LDA are summarised as follows.

Step 1: Foipe {1,2,--- ,P}andqe {1,2,---,Q}, compute the mean image vectors for each image class by

Q
1
fn?ean: 6 § fpq (2.18)
o

Compute the global mean image vectgganthrough

P
1
fmean= E ;. fngean (2-19)

Step 2: Compute the between-class scatter méBgxand the within-class scatter matf®,) as

p
So= > pr(p) (fifean— fmean) (frbean— frmear) (2.20)
p=1
P Q -
Sw= > pr( > (foa— frbean) (foq = frbear (2.21)
p=1 g=1

respectively.pr (p) denotes the probability of the image class
Step 3: Compute the transformation matify, such that it maximises the class separability with regama to

chosen separability criterion. One of the most widely ussdriminant criteria is given by

WTSpW]
Wiga = argmax———— (2.22)
W |WTS,W|
If Sy is non-singularWiqa is formed by thek eigenvectorgey, &, - , &} of the matrix(Sy)™* S, correspond-
ing to thek largest eigenvalue{§1, Ao, -, ﬁk}. However, ifS, is singularW,qa is computed by first projecting

the images in to a lower dimensional space through PCA sd3hé& non-singular. Then, the standard defi-

nition in (2.21) is applied to the reduced data set. Accalginthe transformation matrix is defined as [117]

Wiga = WiigWica (2.23)
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where
WTW! Sy WpcaW
Wi = argmax| $Ca pe? | (2.24)
w |WTWpcaSNWpcaW|
The projected image vectogpq are obtained using the following linear transformation.
Gpa = Wiga g (2.25)

In the case of LDA, the upper bound @éns P — 1, whereP is the number of classes. The classification is
performed by computing the minimum distance between thigted image vectors.

The efficiency PCA and the LDA methods is widely studied inftlel of face recognition. The comparative
studies show that the PCA and the LDA features are robustrwaagng view-angle, illumination changes and
other variations [118,119].

A few works on hand posture recognition based on the PCA haee keported in [120-123]. The gray-
values of the segmented hand posture regions constitutgetieed input for PCA based classification. Birk
et al [121] combined PCA based description with the Bayessdfier for classifying 25 hand signs in the
American sign language. The segmented gray-level images mermalised for geometric transformations
during the preprocessing stage. The database used for pleeiragnt consisted of 2500 samples of 25 hand
postures. The results demonstrated an over-all recognitite of 99% on a test database containing 1500
images. Dardas and Petriu [123] developed a robust handrpadassification system using the PCA features
derived from hand posture images with different scalegnbations and illumination variations. The features
were used to classify 4000 samples of 4 gesture signs adaalirearious scales, orientations and illumination
conditions. The system achieved an average recognitierof&3%.

The LDA based features were employed for hand posture asaiy§l24—-127]. The performance of the
PCA and the LDA features in hand posture classification idietlin detail in [124, 125]. The hand postures
were segmented from the background and the intensity mahps iposture segment are used as the input. The
gesture signs used in their experiment were dynamic gestarehich the hand posture changes with time.
The system was trained with 504 samples of 28 gesture signsrad at varying illumination. Similarly, the
test dataset consisted of 540 samples of 28 gesture sigagerformance of the LDA features were shown to
be superior to the PCA based classification method. Deng and[127] investigated the performance of the
LDA features in classifying 100 hand gesture signs takem fitte American sign language. The dimensionality

of the dataset was initially reduced through the PCA and tbkerichinant features were derived from the
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reduced dataset as defined[in (2.25). They combined the LB#uries with the HMM classifier and achieved
a classification accuracy of 6. In [126], LDA was employed to classify the hand postugnsiin the
Japanese sign language. The LDA features representingutitbpostures were classified through kheneans
clustering method. The system achieved an average remmygaicuracy of 98% on the samples of 41 hand
posture signs taken from 4 subjects.

From the above studies we can infer that the PCA and the LDinigqoes provide potential features for
classifying large classes of hand postures and resultsmertiionality reduction offering efficient compact
representations and better discriminations. Howeveremegearch is required to examine the performance of

these multivariate data analysis methods in the presendewfangle distortions and user-variations.
2.3.2.3 Wavelet transform based descriptors

The wavelet transforms using the Gabor basis functions sffatio-frequency representations that over-
come the limitations of the frequency localised featureshe T5abor wavelets are multi-scale and multi-
orientation representations that allow to derive the imf@g¢ures at different scales and orientations. Gabor
wavelets are derived by sinusoidally modulating Gaussiactfons of different scales and orientations. Pet
be the maximum number of scales &the the maximum number of orientations such fnat{0,1,--- ,P - 1}
andqe {0,1,---,Q - 1}. The Gabor wavelets;  are defined as [4]

U§ —Ug . . o?
Gy (XY) = — exp[ﬁ (@ + yz)] [exp(lug (xcosf + ysing)) — exp(—7)] (2.26)
where the radialy and the orientatiog are given by

ﬂ_wmax dezﬂ_q

~(Af)? Q

respectively. In the aboveymaxis the centre frequency of the highest band Ards the spacing factor between
the kernels in the frequency domain. Figlre 2.3 shows thiegpleal part of the Gabor kernels f& = 4 and
Q=8

Amin and Yan [128] used Gabor wavelet transforms as featasergtors for the classification of hand
posture signs in the American sign language. The desired tegion was segmented from the background and
normalised for scale, translation and orientation changésg intensity values of the segmented hand posture
region was normalised for illumination variations. The mafised hand posture image was convolved with
Gabor kernels of 5 different scales and 8 different oriémtigt Thus, the obtained 40 filter responses form the
feature vector for each hand posture image. The dimendipmdlithe feature vector was reduced using the
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Figure 2.3: Plots of the real part of the Gabor wavelet kerr&}g obtained at 4 scalé® = 4) and 8 orientationgQ = 8).
The parameters are choseras 7, wmax = 53 andAf = V2 [4].

PCA method. The reduced feature set was classified usingitiag C-means classifier. The experiment was
performed on a database consists of 3432 images of 26 hahdeasfgns performed by 11 persons. Among
these 572 images were used for testing and the method adhéevaverage classification rate of. 23%.

In [129], a similar technique combining the Gabor-PCA feasuwith neural network based classifier was
employed for the recognition of hand posture signs in thédptan sign language.

Huang et al [130] derived the Gabor-PCA features from thadyirsilhouette of the hand postures and
used support vector machines for the classification stagp rdtation variations of the hand postures were
normalised based on the Gabor wavelet responses. Theatidenat which the Gabor wavelet response exhibits
maximum energy was shown to be the orientation of the hantliposUsing the estimated angle values, the
orientation of the hand postures were aligned to a fixed @egfbe Gabor feature vectors were then derived
from the rotation normalised images and the dimensionalitthe feature vector was reduced using PCA.
The gesture dataset used in the experiment consisted ofsE32fles of 11 gestures performed by 10 people.
Among these, 660 samples were used for testing and the ridoogmate achieved was 9B%.

The wavelet features derived using the Haar bases wereaiseatbgnizing the hand postures in the Persian
sign language [131]. The Haar wavelet transform was appliethe segmented gray-level images containing
the hand posture and the higher-scale transform coefficieate used as the feature descriptors. The extracted
features were used to train a multi-layered perceptronahewatwork. The technique was implemented and
tested on a data set of 640 samples of 32 hand postures amdcty 224 samples were used for testing. The
experimental results show that the technique offers arageeclassification accuracy of 96%

From the above studies, we infer that the wavelet transfamasuccessfully employed for classifying large
number of posture classes. However, the performance of évelet features in representing the hand shapes

that are distorted due to view-angle variations and usegmtdgncies is yet to be explored.
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2.3.3 Elastic Graph matching

Elastic graph matching is an image matching problem in wkhehimages are represented by the graph
structures. Given a model image, a regular or an irreguldiigsuperimposed and the image features computed
at the intersections of the grid lines used as the featurerigésrs [132]. During the classification phase, an
isomorphic grid is superimposed on the test image, and tieéormded in order to have the best matching
between the features computed at the sample grid pointg ehtidel image.

Triesch et al [2,133] employed elastic graph matching tetigva system for user-independent classifica-
tion of hand postures against a complex background. Thersydbes not require a separate segmentation stage
and is robust to various background conditions. The stratioformation of the hand postures was represented
by a graph composed of irregular grid. The grid intersestiare the graph nodes and the lines connecting the
grids constitute the edges. The edges were labeled withtandes vector and the nodes were labeled with
local image descriptions derived from the Gabor wavelgbarses of the hand posture. The Gabor wavelet
responses were obtained at three different scales andagightations. Thus, there were 24 feature descriptors
representing each node and they were used for classifyengahd postures.

The developed system was tested on a dataset consisting ledrntDpostures performed by 24 persons
against different types of backgrounds. The system rea8&266 correct classification for 239 test samples of
10 postures. The experimental results showed that thecetmaph matching technique is robust to background
changes and is user-independent. The major drawbacks ef/#em are the high computational complexity
and the sensitivity to geometric distortions induced duédw-angle variation. Further, the nodes in the model

graph are required to be constructed manually.
2.3.4 Local spatial pattern analysis

Local spatial pattern analysis involves analyzing thellstactural properties at each pixel of the image.
The local spatial patterns derived encode the structufatrimation like the oriented edges and the curvature
points within a local region of the image. The local struatimformation are accumulated as feature descriptors
for classification. Some of the local spatial pattern analgsethods employed in hand posture classification
include local binary patterns, modified Census transforchtdaar-like feature descriptors and scale invariant

feature transforms (SIFTSs).
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2.3.4.1 Local binary patterns

Local binary patterns (LBP) are illumination invariant degtors that characterise the local spatial patterns
at each pixel of the image. The descriptors are derived fltoengray-values of the pixels and they involve
labelling each pixel value in terms of the radiometric distbetween the pixels in the neighbourhood. Given
apixel f (x,y), letg(k),k = 1,2,--- ,m? — 1 denote the intensity values of the pixels ima m neighborhood
of f (x,y), excluding &, y). Then, the LBP descriptor is derived as follows

m-1

LBP(xY) = > T(g(K) - f (xy)2? (2.27)
k=1

whereT (.) is the thresholding operator given by

1 c¢> threshold
T(C) = (2.28)

0 otherwise

Ding et al [134] employed the LBP descriptors for represent class of 12 hand postures. The threshold was
chosen based on the minimum and the maximum difference syalug(k). The experiment was performed
on a database consisting of 600 samples and the Adaboosifielafl35] was employed for classifying the
LBP descriptors. It was shown that the LBP descriptors avasoto scale changes and non-linear illumination

conditions.
2.3.4.2 Modified census transform

Similar to the local binary pattern, the modified censusdiamm (MCT) is also local spatial pattern de-
scriptor proposed in [136] for face recognition. The MCTimiar to the LBP descriptor except that in MCT
the pixel differences are computed with respect to the maansity value within the considered neighborhood.

Accordingly, the MCT is defined as
m-1 —
MCT (xy) =T (9() - T (x.y)) (2.29)

where f (x,y) is the mean intensity of the pixel & y) computed with respect to its neighborhood and

denotes the concatenation operation. The thresholdingumpd (.) is given by

1 c> f(x
T(c) = ) (2.30)
0 otherwise
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18 @ S pual $HUQ &

(©

Figure 2.4: Haar-like rectangular kernels used for feature extractibime rectangular kernels are capable of extracting
(a) Edge features; (b) Line features and (c) Center-suddestures.

The MCT value corresponding to each pixel is a binary strihﬁm? - 1) bits. The MCT values are used
as the local feature descriptors and classified through thebdost classification scheme. Just et al [137]
computed the MCT features for classifying hand posturesiaga complex background. The efficiency of the
technique was verified on the Jochen Triesch database eddarf133]. Similar to the elastic graph matching
method, the MCT technique does not require segmentatiorisacaipable of recognizing the hand postures
under illumination variations and different backgrounahditions. The major drawback of the method is its
sensitivity to the scale, translation and the rotationatans. The technique depends on the choice of the
neighborhood window size and hence, more experiments quiree in order to evaluate the influence of the

neighborhood size.
2.3.4.3 Haar-like features

The Haar-like feature descriptors combined with the Adabaotassification scheme were proposed by Vi-
ola and Jones for real-time face detection [138]. The Héarfeatures are robust to noise and illumination
variations. The kernels used for computing the Haar-likeuies are shown in Figure 2.4. The features can
be derived by convolving the image with these kernels. Siheeonvolution with several kernels is computa-
tionally demanding, the concept imitegral imagewas introduced in [138] for computing the kernel responses.
Using the technique in [138], several works have been doni#dmination invariant hand posture classifica-
tion [139-141].

Wachs et al [139] used the Haar-like features for fuzzy cmesustering based classification of three
distinct hand posture signs. Chen et al [140] and Tran etdl][@mployed Haar-like features and the Adaboost
classifier for recognizing a class of 4 hand posture signs[14Q], the experiments were performed on a
database of 450 samples for each posture that were acquidifieeent scales. Among these, 100 samples
were used for testing and an average classification accafs@y% was achieved. In [141], the hand region
was obtained through skin colour detection and the Haarféltures were derived with respect to the detected
hand region. The database used in their experiments wasosethf an average of 1000 samples per hand

posture acquired at varying illumination. The experimént§l40, 141] involved studying the efficiency of
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the Haar-like features in classifying hand postures agj@snrying background and illumination changes. The
Haar-like features are found to be sensitive to rotatiomatians.

The above techniques based on the local spatial patterpsisale shown to be efficient for illumination
changes and robust to complex backgrounds. ParticuldmyLBP and the MCT methods do not require
a separate segmentation stage and hence are effectiveafdinme hand posture recognition based systems.
Despite its robustness, the training phase is very demgratid it requires large number of training samples
including the samples of the background images in orderdinae the false classification rate. The performance
of these techniques also depends on the efficiency of theifotssand hence it requires to combine more

complex classifiers in a cascaded structure for achievigly técognition rate.
2.3.4.4 Scale invariant feature transform

The scale invariant feature transform (SIFT) is an efficier#ige descriptor developed by Lowe [142]. The
SIFT is robust under translation, scaling, rotation andrisity variations. The basic idea in SIFT is to describe
the local image features in terms of key points that are iamarto geometrical transformations. The scale-
invariant key features are identified using the multi-scafgresentation of the image derived by convolving the
image with Gaussian functions of different variances.

Given an imagef (x,y) and the Gaussian functiam(x,y, o) of standard deviatiow-, the corresponding

scale space imagés; (x,y) for multi-scale representation are derived as

Fo (XY) =g(xy, o) = f(Xy) (2.31)

where

(2.32)

Mg

xy,0) = = ex

andsx is the convolution operation. At each up scale, the standewéhtiono is varied by a constant multiplica-
tive factork. The key points for feature description are detected fragretlirema points in the multi-scale rep-
resentation. The extrema points are obtained by compuimdifference-of-Gaussian (DOG) imades (X, y)

given by [143]

Do (XY) = Fir (X.Y) = F& (XY) (2.33)
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2. A Review on Feature Extraction in Hand Posture Recognitia

Using (2.31) D, (x,y) can be rewritten as

Do (X y) = (@(X Y. ko) =g (XY, 0)) = f (X Y) (2.34)

Accordingly, the difference between the scale-space isyagja scalé can be written as

D, (xy) = (9(x . K**o) = g(x . K)) = f (x.y) (2.35)

The local maxima and the minima points in the difference ien@g (x,y) are determined by comparing
the magnitude of the pixels iB!_(x,y) with respect to its 8-neighbors in the current sdated 9-neighbors
in the adjacent scalds— 1,i + 1}. The unstable extrema points are identified and eliminas@uiithe ratio of
principal of curvature s along the scales. The resultamtsher keypoints used for image description. The SIFT
descriptors are obtained from the local gradient magnitudk orientation characteristics of the image pixels
that lie around the neighborhood of the detected keypoints.

The SIFT features were classified using the Adaboost claséifr view-angle independent hand posture
recognition in [144]. The experiments demonstrated théopaance of the SIFT feature in recognizing three
hand posture classes and the average classification raieedbtvas 9%%. The results have shown that the
SIFT features are robust to background noise issues,antalianges and achieve satisfactory multi-view hand
detection.

Though the SIFT features are very robust, the main drawbakshat the computational complexity of
the algorithm increases rapidly with the number of keymoand the dimensionality of the SIFT descriptors is

high.
2.3.5 Local linear embedding

Local linear embedding (LLE) is a non-linear multivariatgalanalysis method. LLE maps the high dimen-
sional data to a low dimensional space that preserves tagorethip between the local neighborhood pixels.
The LLE algorithm consists of three different steps. The fitep selects a number of nearest neighbors of each
data pixel based on the Euclidean distance. The second atgputes the the optimal reconstruction weights
for each pixel within the neighborhood. The optimal weigdrs obtained from the covariance matrix computed
within the considered neighborhood. The third step perfotine embedding by preserving the local geometry
represented by the reconstruction weights. The embeddatknsaconstructed from the largest eigenvectors
of the reconstruction weights.

Teng et al [62] and Ge et al [145] developed hand posture rétiog systems based on LLE. The hand
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posture regions were segmented from the background anchiisech for scale changes. The LLE features were
derived from the normalised gray-level images of the harstyse. In [62], the experiments were performed
on a dataset consisting of 4125 images of 30 hand posturée iBhinese sign language. Among these, 2475
samples were used for training and 1650 samples for testimgresults obtained show an average classification
accuracy of 92%. Ge et al [145] combined LLE features with probabilisteural networks for classifying
280 samples of 14 hand postures. The system was trained i#thshmples and high recognition rate of33

was achieved. Despite the recognition rate, the LLE tecliig scale and rotation variant. It is also sensitive
to structural variations in the hand posture images thatirodoe to boundary distortions. The efficiency of

LLE is controlled by the number of neighbors of each datatpaia involves several computations.

2.4 Summary and conclusion

In this chapter, existing hand posture representatiomiquks have been reviewed. The feature extraction
methods are broadly classified in to two classes: silhouetsge based methods and gray-level image based
methods. The silhouette image based methods can be fuithéedl as boundary based and region based
techniques. The gray-level image based methods use theregjggeor the intensity values for feature extraction.

The silhouette image based methods are simple, robust antbfaompute. Hence, they are preferred in
real-time systems for hand posture classification. Theotwrttased features of the hand posture silhouettes
are compact representations and they can be easily mad# tokscale, translation and orientation changes.
Among the contour based techniques, the Fourier descsipterrobust to similarity transformations and shape
distortions. Basically, the important primitives chamtted by the contour based features are the number of
extended fingers. In practical applications, this prinegivmay not sufficiently represent a large posture class.
Hence, the contour based features have shown high clasisifieezcuracy only in handling hand postures with
distinct shape boundaries. The CSS images are efficientdaoynepresentations in which the multi-scale evo-
lution of the contour can be used for classifying large pestlasses. But, the limitation is due to the sensitivity
of the CSS technique even to small variations in the shapedaoy. The number of concave points detected at
each scale is not stable and hence, it is difficult to achiém and user independent representations of large
posture classes. The above limitations can be overcomeifny tegion based features. Region based features
are more robust than contour features as they use the emiipe snformation for representation. However, the
region based features are not necessarily more complextmour based methods. The Zernike moments are

the promising region based features that are successfulpfoged for view and user invariant hand posture
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classification. The implementation of the Zernike momergssanple and they provide compact representation
of the images. The moments are in general robust to noiseaandape well with shape defections.

Compared with the silhouette image based approaches,ahdayel image based methods are too complex
to implement and some methods like Haar-like features, Gahwelet transform and SIFT are over-complete
representations. Hence, these methods require featgetisal techniques and more efficient matching al-
gorithms for accurate retrieval. Also, since the methodsbased on the intensity values, it is required that
they are invariant to illumination changes. The gray-lerelge based methods mostly characterise the shape
information in terms of primitives such as the orientatidrir@ edge structures and the radiometric similarity
between the pixels within a neighborhood. Therefore, thesthods are extremely useful in dealing with large
posture classes. Another important advantage is that tnelgvel image based methods are comparatively
more robust in partial matching. From the review, it can Heried that the some of the gray-level image
based methods are robust to the background conditions aioe e system based on those methods does not
require a segmentation stage. Though this can be seen anamipadvantage over the silhouette image based
systems, the overload appears in the training stage. Im to'@ehieve robustness against background changes,
the system also requires to be trained with several samplesckground images. Such methods require com-
plex algorithms to achieve invariance to geometrical ti@msations. The multivariate data analysis methods
that include the PCA and the LDA are efficient techniques ardlandle large variations between the hand
postures. Compared with other gray-level image based appes, the PCA and the LDA features are compact
representations and also offer accurate retrieval effigien

In summary, gray-level image based methods are useful gsiéjang large posture classes and they are
useful in locating the hand postures in an image or sub-imaggehing. The silhouette image based methods
ignore the internal contours and hence, their applicghitlimited to a moderate posture library. However,
applications that use hand postures as user-interfadiesrdnd data cues can be efficiently realised with sil-
houette image based approaches. Hence, the choice betheesithbuette and the gray-level image based
methods is clearly limited to the demand of the applicatidherefore, deriving features from the silhouettes
are advantageous in terms of the computational requireaneninpact representation and robust retrieval effi-
ciency. It should also be noted that some of the techniqgliediie Gabor wavelet transform and the PCA that
are discussed under gray-level image based approachetsodreaised for deriving features from the silhou-
ette image. In terms of the compact representation and trdsss to shape distortions, the review shows that

the Fourier descriptors, the Zernike moments and the PCAlentDA are the best choices. The Fourier de-
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scriptors have offered good retrieval efficiency in clagsfj samples belonging to a small posture class. Some
of the works in shape retrieval show the Fourier descripimise efficient for classifying large shape classes.
Hence, itis required to study the efficiency of the Fouriesatliptors in representing large hand posture classes.
The performance of the Zernike moments has been tested epdtéd shown to be robust for view-angle and
user invariant hand posture representations. Thoughffioercy of the PCA in view and user invariant clas-
sification is yet to be studied, the success of these tecsiuthe field of face recognition promises them to
be robust to view-and user variations. Similarly, the Gatsavelets also offer high classification accuracy. But
the Gabor wavelets are over-complete representations emzkehthe dimensionality of the feature vectors is
more than the dimensionality of the original image.

We infer that the Zernike moments, the Gabor wavelets anB@# based techniques as efficient methods
in terms of retrieval efficiency. Despite these advantatesse techniques also have certain limitations. The
Zernike moments are derived from the continuous orthogpo&inomials. For computation, the Zernike
moments have to be approximated in the discrete domain andliicretization error increases for higher
orders. As a result, the choice of the order of the Zernike emimfor accurate representation is limited
due to the numerical errors at higher orders. Though the P@tad offer best compact representations,
the complexity involved in computing the covariance valaad the computation of eigen vectors is high and
increases with the increase in the size of the database.

Recently the discrete orthogonal moments like the discrebebichef moments and the Krawtchouk mo-
ments were introduced for image analysis [71, 72]. It is shivat these moments are compact representations
and provide higher approximation accuracy than the exjstioment based representations. The discrete or-
thogonal moments are derived from the discrete orthogarighpmials defined in the image coordinate space.
Hence, the computation of the discrete orthogonal momergs dot involve any numerical approximation
and they offer higher representation accuracy with theemse in the order. A few works in image retrieval
show that they are potential features for pattern classificd71, 72, 146]. Our subsequent research works

concentrate on applying the discrete orthogonal momentsaiod posture classification.
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3. A Study on the Characteristics of Discrete Orthogonal Monents for Shape Representation

Discrete orthogonal moments derived from discrete orthagpolynomials are efficient tools for image
analysis. This chapter empirically studies the charastiesi of two discrete orthogonal moments, namely the
Krawtchouk and the discrete Tchebichef moments for repteggpshapes. The analysis is performed in terms
of the shape reconstruction and shape classification ageard he study includes exploring the band-pass filter
like characteristics of the discrete orthogonal momentstic®ilarly, the Krawtchouk polynomials are shown
as quadrature mirror functions exhibiting a wavelet likeparty. Based on these studies, the applicability of

the discrete orthogonal moments to hand posture recogngigalidated.

3.1 Introduction

Image understanding through digital image processing islamentary step in developing computer vi-
sion based techniques for applications like content-b@sedje retrieval, character recognition and gesture
recognition. Image understanding involves recognizingab that constitute the image content [76]. It can
be considered as an object recognition problem that refighevisual features such as the colour, the texture
and the shape of the objects. Among these features, the ghapamportant visual feature and it has been
successfully used as a cue in various applications thalvievabject recognition [63].

The shape of an object is a binary image representing theteafeahe object and it can be thought as
the silhouette of the object [76]. The procedure for recoigigi the shape of a given object requires to derive
parameters that uniquely characterise the object’s shHps.step is known as the feature extraction or shape
description and the features are known as the shape dessrip6].

The methods for representing and describing the shapesaadly classified into theontour basednd
theregion basednethods [63]. Moment-based shape description is one ofdpalar region based methods
and widely used for object recognition [63, 97]. The majovaadage of the moment based representation is
the compactness due to which the amount of data needed fagstand/or analysis is reduced. The mo-
ments explored widely in object recognition are the geoimettoments. However, the geometric moments
are nonorthogonal and so image reconstruction from the gg@moments is an intricate task. Teague [103]
suggested image representation through orthogonal mertfettare derived from the orthogonal polynomials.

Teague [103] introduced two classes of orthogonal momaatsgly, the Legendre moments derived from
the Legendre polynomials and the Zernike moments derivech fihe Zernike polynomials as features for
image analysis. These polynomials are continuous funstibat form a complete orthogonal basis set on the

unit circle. The feature representation capability of tieeridke moments is shown to be superior to those of the
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geometric and the Legendre moments [147]. Also, the Zemikments are less sensitive to noise and rotation
invariant [99, 147]. Therefore, the Zernike moments aremsiely used in object classification [77], optical
character recognition [148], face recognition [149] anddhgesture recognition [66].

Despite their advantages, the reconstruction error of g#raike moments increases due to the numerical
instability that arises with the approximation of the cantius Zernike polynomials in the discrete domain
[99]. This led to the evolution of discrete orthogonal moisefDOMSs) for image analysis. The discrete
orthogonal moments derived from the discrete orthogonigheonials (DOPS) are advantageous in the absence
of discretization errors and for the high reconstructioouaacy. The DOPs are defined in the image domain
itself and hence, do not require coordinate transformad®im the case of Legendre and Zernike polynomials.
Some of the DOPs explored for image analysis are the dis@ietebichef polynomials [71], Krawtchouk
polynomials [72], Hahn polynomials [150, 151] and the Ragalynomials [152]. The moments derived using
the Krawtchouk polynomials act as local descriptors suelt e moments of a particular order emphasise
only the features within a certain region of the image [73]1®onversely, the discrete Tchebichef moments
are global descriptors in which the features are extraagtmah the image as a whole. Yap et al [151] have
shown that the discrete Hahn polynomials are the genetializaf the discrete Tchebichef and the Krawtchouk
polynomials. Zhu et al [152], in their study on image anayssing the Racah moments have shown that the
reconstruction accuracy of the Racah moments depends @ndper choice of parameters and exhibits almost
similar characteristics as the Krawtchouk moments. It$® @hown that the Krawtchouk moments are more
robust to noise than the discrete Tchebichef and the Racafemis.

From the previous works, we can infer that the Krawtchouk Hreddiscrete Tchebichef moments are
unique with diverse properties in terms of global and loealtfire descriptions. The invariants of the discrete
Tchebichef and the Krawtchouk moments that are robust tdioot, scale and translation changes have been
derived in [71] and [72]. However, the efficiency of those Wtehouk and the discrete Tchebichef moment
invariants is yet to be well explored. Similarly, a few seglhave concentrated on analyzing the energy com-
paction ability of the DOPs [153]. The characteristics &3 DOPs in representing the binary shapes and their
responses to the structural variations need to be explored.

This chapter empirically analyses the accuracy of the Kehaitk moments and the discrete Tchebichef
moments in representing binary shapes with different siratvariations. It presents the formulations, the
spatial and the frequency domain properties of the Krawtkland the discrete Tchebichef polynomials. The

behaviour of these DOPs in shape approximation is explaméegrms of their frequency domain character-
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istics. It is experimentally shown that the Krawtchouk pwiynials and the discrete Tchebichef polynomials
of different orders act as band-pass functions. Experimarg performed to analyse the relation between the
structural characteristics of the shape and the accuratyeodDOP based approximations. The experiments

also include a study on the reconstruction accuracy of ttiegonal moments in the presence of noise.

3.2 Theory of discrete orthogonal polynomials

This section outlines the theory of discrete orthogonaypmials. The details are available in [154—158].
The analysis here is based on the excellent text in [158].
Consider a set of non-negative numbgsgx) [x € Z}, where Z is the set of integers. Lgtand¢ be real

functions defined on Z with the corresponding inner product

We = > weRWX (3.1)
X=—00
The functiona/(x) and#(x) are called orthogonal with respect to the weigk) if

0; v+
W, ) = i (3.2)

W12 5 v =¢

o 1/2
where,|lyll,, = (X_Z_ W2 (x)w(x)) is the norm induced by the inner product. The weigttk) is normalised

such that i w(X) = 1. The set of all such functions on Z with the inner productrifias in[(3]1) constitutes

X=—00

the L&V subspace In particular casesy (x) may be nonzero only fox € Zsg = {0,1,---} or for x € Zny41 =
{0,1,---N}. Inthe later casd.,\%, is of dimensionN + 1.

Under the condition
Z X2 (X) < oo, (3.3)
x=0

we can get a set of degreﬂoolynomials{wn X e L\%,} such that fom, m € Zq, ¥ (X) andy, (X) satisfy the
orthogonality relation in[(3]2). These polynomials(x), n € Z- are called discrete orthogonal polynomials

(DOPs). The DORy,, (x) of degreen is given by
l//n (X) = Kn’OXn + Kn’lxn_l + -0+ Kn’n_lx + Kn’n (34)

wherex,; S are appropriate real constants.
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The DOPs constitute an orthogonal basis sétpfnd under the condition,

(9]

Z M () < oo, (3.5)

x=0

for ¢ > 0, this basis set is complete [158]. Thus, any functidw) L\%, can be expressed as

109 = > (F 00, 0m 0N ¥n (¥ (3.6)

N<oo
Just like the continuous orthogonal polynomials, the DOf@snddely studied and applied. Some important
properties of the DOPs are listed below.
Property 1: DOPs satisfy a second-order linear difference equation.

Consider the second-order difference equation
P1 (X) [AVU(X)] + Q(X) Vu(X) + Ru(x) = 0, (3.7)

whereVu(x) = u(x)—u(x — 1) is the backward difference andi (x) = u(x + 1)—u(x) is the forward difference
operations,P1(x), Q(x) andu(x) are real functions defined for € Zso andR is a constant. Using the finite

difference expansions, the difference equation (3.7) earebritten as
P1(X) Au(X) — P2 (X) Vu(x) + Ru(x) = 0, (3.8)

whereP,(X) = Q(X) — P1(X).
The DOPs satisfy the second-order difference equatiori8.#) and[(3.B). In the operator notatidn (3.8)

can be written as
Tu(x) =0 (3.9)
whereY = P1A — P,V + Ris a linear operator. The DOPs form the eigen functions obtheratorY if
(i) T is symmetric with respect to the weightx).
(i) P1(X) andP3 (x) are polynomials of at most degree 2.
(i) Ris a constant which is assumed to be zero.

Given the real functiong (x) and¢ (x), the symmetry off" implies that
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3. A Study on the Characteristics of Discrete Orthogonal Monents for Shape Representation

From [3.10), we can derive
P2(w(x) = P1(x-1)w(x-1) (3.11)

(3.11) implies that foft' to be symmetric, the weight(x) should be a recursive function of the form

_ Pl(X—l)

w(X) = Py (0 w(x-1) (3.12)

Because of the above conditions, the eigenfunctionk_gjj é86the polynomialg, (x) which are orthogonal

with respect tav (x). The eigen value equation correspondingd tol(3.9) can béenrits

P1 (X) {Ayn (X)} = P2 (X) {Vin (X))} + Angn (X) = 0 (3.13)
where
n-1
An=NA (P2 (X) — P1 (X)) + Z AP1 (X) — AP1 (X + ) (3.14)

=1
By solving [3.I3), the general form for tm¥ degree DOP is obtained as

n-k-1 k—

n 1
TACEDY (—1)”[ E ] []Ptx+i)] [Patx=1) (3.15)
k=0 j=0

j=0
Property 2. DOPs can be expressed using the generalised Rodrigueslformu

The discrete Rodrigues formula associated with the DORisalin (3.15) can be derived as

n-1

Yn (9 = Baw () V" [w(x) [ [PL(x+K) (3.16)
k=0

whereBy, is a normalizing constant.
Property 3: DOPs satisfy a three term recurrence relation.

The three-term recurrence associated with the DOPS canrivedias

X (X) = anns1 (X) + Brvn (X) + ynn-1 (X) (3.17)

wherea, fn andy, are the constants. Using (B.4), the constants in the remenelation are computed as

Kno . Knl Kn+l1l Kn-1,0 Yn,¥n)
an = ) n=—"-=— v Yn =
Kn+1,0 Kn0 Kn+10 Kn,0 Yn-1,¥n-1)

Property 4. The DOP can be represented in terms of the hypergeometidsser

TH-1228_06610210

58



3.3 Formulation of the Krawtchouk polynomials

Any series)’ Cy is known as thdénypergeometric seridd56] if Co = 1 and
k

Cirr . (Kt+a)(k+a)---(kK+a)
Ck (K+1)(k+by)(k+by)---(k+bs)

(3.18)
where, the function defined by

rl:s(al---ar;bl---bs;Z)=ZMzk (3.19)
k=0

4 (b)i- - (b K
is called the hypergeometric function [156, 157].

In (3.19),(a), denotes th&ochhammer symbgjiven as

C(@a+k)
'@ °

@r=a(@+1)---(a+k-1)= (3.20)

r ands are the constants denoting the number of terms in the nuoneratl the denominator respectively and
Zmay be a constant or variable.

The classical DOPs, namely, the Charlier, the Meixner, thentchouk and the Tchebichef-Hahn polyno-
mials are the only DOPs that occur as eigenfunction¥uofx) with respect to the choices &% (x) andP2(X).
The discrete Tchebichef polynomials are the special cagel@bichef-Hahn polynomials. The formulation of
the Krawtchouk and the discrete Tchebichef polynomials fiked degree are presented below. Through out

this thesis, the degree of the polynomial is synonymouslgtioeed as the order of the polynomial.

3.3 Formulation of the Krawtchouk polynomials
The Krawtchouk polynomials are defined over a finiteZet= {0, 1,--- , N}. Suppose in(3]8),
P1(X)=p(N-x) and P2(x) = gx

with p,q > 0 andp + g = 1. Then, from[(3.12)

PNN-D(N-2)..(N-x+1)

W(X) = T (0). (3.21)
We canwrite (N — X+ 1), = ﬁ
Therefore,

W(X) = X (N = x)!W(O) (3.22)

TH-1228_06610210

59



3. A Study on the Characteristics of Discrete Orthogonal Monents for Shape Representation

By assumingnv (0) = gV, w(X) is given by

N
w(x) = [ ] P (3.23)
X

Note thatw (X) is the binomial probability mass function and the polyndmissociated with it are the Krawtchouk

polynomials. Substituting?, (x) andP5 (X) in (3.14) and[(3.15), we gel,, = nand

n n n-k-1 k-1
un()=> O™ | [] pN=x=D] [ax-i) (3.24)
k=0 k ] j=0 j=0
=Zn:(—l)”‘k n o (N-X(N=x-1)---(N=x-n+k+1)
k=0 k X(x=1)---(x-k+1)

¥n (X) can be simplified as

Yn(X) =n! an (- p”"qk[ "-3 ][ § J (3.25)
k=0

n-k k

The standard form of the Krawtchouk polynomials definedraftemalization is given by [158]

— (-n" N N=x || x ( q)k
Yn(X) = —=un(X) = h— (3.26)
e s

3.3.1 Rodrigues formula

Using [3.16), the discrete Rodrigues formula associatehl thie Krawtchouk polynomialg, (x) can be

)

Clearly,y (X) = 1, (X) = N — xp~* and so on.

derived as

n

Un(X) = qN[ y JW(X)1 vr

3.3.2 Recurrence relation

From the series expansion, the three-term recurrencéoreffar computing the Krawtchouk polynomials

of ordern > 1 is obtained as [72,157, 158]

PN+ )Y () =(PN+n=2pn— Xy, (N +(L-p) (N=n+1)y,_1(X). (3.28)
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3.3 Formulation of the Krawtchouk polynomials

It is easy to verify that the Krawtchouk polynomials exhigytmmetry with respect to the parameterand

X [72,157]. The symmetry properties of the Krawtchouk polyas are stated below.

(i) For p= 0.5, the symmetry along-axis is given by
Yn(¥) = 1"y (N = %) (3.29)
(iiy For p = 0.5, the symmetry along-axis is expressed as
Yn( = (1) Unn (X (3.30)
(iii) For any p, the diagonal symmetry with respectric= x is defined as

Yn (%) = ¥y (N) (3.31)
By using the symmetry property, the Krawtchouk polynoméaa be efficiently computed for lardée

3.3.3 Hypergeometric representation

The Krawtchouk polynomial if(3.26) can be written as

_ B N-x | x ol qk
L//n(x)[ N ]kz;)[k](n—k)!(N—X—n+l)...(N_X_n+k)(__p) (3.32)
By defining,
| X n! q\¢
Ck[k](n—k)!(N—X—n+1)...(N_X_n+k)(__p) (333)

the ratio in[(3.1B) is obtained as

Cie1 _ (k—n) (k=X q
Ce (KeN—x—nsDk+D\ p (3:34)
Thus, the hypergeometric representation of the Krawtclpmljnomials is given by
_ N — X p — 1
¥n(X) = zFl(—n, -X;N-x-n+1; T) (3.35)
n

Using the hypergeometric identity [159],

(c-b),
(©)n

2F1(-n,b;c;2) = 2F1(-n,bjb+1-n-¢1-2),
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(3.38) can be further simplified as

— N 1
Un(X) = [ ]ZFl (—n, =% -N; —) (3.36)
n p
An alternative form of the normalised Krawtchouk polynolsias defined in [72,157] is
-1
N —
Kn (X p) = ¥n (X) (3.37)
n
1
=2F1 (—n, =X —N; —p) (3.38)

3.3.4 Derivation of||$n||jv

The squared norlﬂﬁn”i[ of the Krawtchouk polynomials is derived using the methogeferating function

G (x,t) that is defined as

Gt = > vt (3.39)
n=0
The definition in[[3.39) implies that, (X) appears as the coefficient 3f By substitutingy,, (x) in (3.39), we
have
© | x k & | N-x
Gx=) (—9) te > (K (3.40)
k=0| k P nk=0{ Nn—Kk

Using the binomial theorem, the generating function folkhawtchouk polynomials if(3.40) can be simplified
as [155, 160]

G(x 1) = (1 - %t)x (1+ N (3.41)

Based on[(3.41), we determine the inner product

NN _ _
GuGow= Y | [P d T 9 (1" (3.42)
x=0| X
= ZN: N prgNx {(1 - 9t)x (1+ t)N‘X} {(1 - gr)x 1+ r)N‘X}
x=0| X P P
N
_ (1 + %rt) (3.43)
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3.3 Formulation of the Krawtchouk polynomials

Thus

N N q k
(GuGow =) ) (Btr) (3.44)

k=0

In 3.42), it is clear thaHZnH\fv appears as the coefficient®¥f". Therefore,

Wn”i‘[ :l J(%)n (3.45)

From [3.37), the squared norm of the normalised Krawtchalyymmials can be easily derived as

-1

)
Kn”w—[ ; ] 5 (3.46)

Substitutingg=1-p andﬁ = (=N), (=2)", the squared norm can be rewritten as
-)"n! (1-p)"
ol = S () 347)
n

The Krawtchouk polynomial basis can be made orthonormaigiidg the polynomial by its normiKa||,, [72].

Thus, the orthonormal Krawtchouk polynomial can be defireed a

Kn (X; p)

Kn (6 P) =

(3.48)

3.3.5 Weighted Krawtchouk polynomials (WKPSs)

From the definition of the orthonormal Krawtchouk polynolmia (3.48), it can be seen that the range
of the polynomial values increases by a factoM\5f2 (n!)~/2 with respect to the order. For large values
of N, the order of magnitude of the polynomial values exceeds?h [Aence, in order to ensure numerical
stability, Yap et al [72] introduced a set of WKPs that areasiiitd through multiplyind<,, (x; p) with a scaling
factor. The scaling factor is simply the square root of thehiial weight function. Therefore, the set of WKPs
{Kn (x p; N)} is defined by [72]

VW (X; p)

K (X p) = Kn (X, p) T

(3.49)
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ReplacingK, (x; p) in (3:28) withK,, (x; p), the recurrence relation for the WKPs can be derived as

(1-p(n+1)
pP(N-n)

(1-p?n(n+1) —
+\/ iy e UICRIOLOSTE (3.50)

P(N - ) Kni1 (X) = (PN +n—=2pn—x) Kn (X

3.4 Formulation of discrete Tchebichef polynomials (DTPS)
For x € Zy, let the real valued functions in (3.8) be assumed as [158]
Pi(@)=(N-x(x+1) ; P2(X) =x(N-x+1)
Using (3.12), the weight function for the DTPs can be derized

w(x) = Lw(x-1) (3.51)

= (D) w(0)

By assumingw (0) = 1, the weight function associated with the DTPs is givemify) = 2+.

SubstitutingP; (X) andP3 (x) in (3.14) givest, = n(n + 1). Similarly, by substituting?; (x) and P, (X) in
(3.18), the DTP of orden can be derived as

n n-k-1 k-1
Un( = D (-)"* : [T oc+1+DN=x=D][x=HN=x+1+]) (3.52)
k=0 j=0 j=0

n xX+2)---(x+n=K((N=X)---(N=x-n+k+1)

=D, )™
k=0

The above equation can be simplified as

k X(X=1D---(X=k+D(N=x+2D---(N-x+K

S | 0 =t = x+ ko
l//n(X)—kZ;)( b [k](x—k)!(N—x—n+k)! (3.53)

The simple form of DTPs is obtained by normalizing by thedact and is given as [158]

19 okl M l(x+n=K)! (N = x+K)!
T”(X)‘Hé(_l) [k](x—k)!(N—x—n+k)! (3.54)
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3.4 Formulation of discrete Tchebichef polynomials (DTPSs)

3.4.1 Rodrigues formula

Using [3.16), the discrete Rodrigues formula for the DTR¥eisved as

)

Clearly, To(X) = 1, T1 (X) = 2x— N and so on.

Tn(x) = V" (3.55)

3.4.2 Recurrence relation

Forn > 1, the three term recurrence relation for the discrete Ticheb polynomial can be derived as

[71,154]
(N+1) Tnea () = @0+ 1) (2x= N) To () = n((N + 2)? - 1) To 1 (%), (3.56)
From [3.54), it is easy to show that the DTPs are symmetriks méispect tox as given by
D"Th(X) = Th(N=X) (3.57)
3.4.3 Hypergeometric representation

Expanding the terms in the series[in (3.54) gives

X(x=1)---(X-k+1)(x+n-1)---(x+n-=Kk)

5 _(—1)”(N—x)!(x+n)! n . n (N—X+1)---(N—X+k)
U () = n'xt (N — x—n)! g(_l)[k] (N=x-n+1)---(N=Xx-n+Kk) (3.58)
Assuming,
Ch = (—1)K N ix(x=1)---(x=k+1L)(x+n=-21)---(Xx+n=K)(N-=x+1)--- (N - x+Kk)
= (1) c (N—x—n+1)---(N—x-n+k
in (3.18), we get
Cie1 (k=n)y(k—=x)(N-x+k+1)
Ck (k+D(k—x-—n(N-x-—n+k+1)
Therefore,
Tn(x)z(_l)n(N_X_n+l)”(x+l)”3F2(—n,—x,N—x+1;—x—n,N—x—n+1;1) (3.59)

n!
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3. A Study on the Characteristics of Discrete Orthogonal Monents for Shape Representation

Using the hypergeometric identity [159],

(d-2a)n(e—a)n
(d)n (&)n

Tn(x) in (3.59) can be simplified as

3Fo(-n,a,b;d, g l) = sFo(-n,a,a+b-n-d-e+l;a-n-d+la-n-e+1;1)
Tn(¥) = (=N)n3F2(-n,—x,1+n;1,-N;1) (3.60)

Th () in (3.60) defines the standard form of the DTPs [71, 154].
3.4.4 Derivation of||T,|[2,

The squared normifiT,||%, can be derived using the Rodrigues type formula giveR Ii5)3.5uppose

V(X) =

X Xx-N-1 1
][ J:Wx(x—l)---(x—n+1)(x—N—1)---(x—N—n). (3.61)
n !

Accordingly, [3.56) can be written &, (x)=V"V (x). The squared normfl |2 is computed as
Tl = e S Ta (0T (9 = e 3 Ta (A (9 (3.62)
YUON+1L N+1<

Using the analog of integration by parts, the solution fo623 as derived in [161] is given by

(N+D)((N+2)2 = 1) ((N + )% = 22) - (N + 1)? - ?)

2 _

I Thlly = ona 1 (3.63)
The orthonormal discrete Tchebichef polynomial bdsi$x) is obtained by normalization as

Tp = (3.64)

Tl
3.5 Least squares approximation of functions by DOPs
A function f (x) defined forx € {0, 1,--- , N} can be approximated in terms of the orthogonal polynomials

defined through (3.15) and the approximation is given by

_ n

F0)= > M (Yw(x) (3.65)

u=0

whereM, is the coefficient of the polynomiah, (x) andn < N is the highest order of the polynomials.
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3.5 Least squares approximation of functions by DOPs

The optimalM, parameters are obtained by solving the least-squaresegmnobl
- - - ra 2 N ra 2
Minimise Hf - f|| => |f (x) - f (x)| (3.66)
x=0

with respect toM, u = 0,1,--- ,n. Since{yo (X),¥1(X),---,¥n (X)} form an orthogonal system, the coeffi-

cient My is computed by

(%) Yu (X)W (X) (3.67)
||wu( v (I, £ Z )
The coefficientdMp, My, - - - , My, are known as théiscrete orthogonal momen{®OMs). The Krawtchouk

moments and the discrete Tchebichef moments are obtainadsoyningy, (X) = Ky (X) andyy (X) = Ty (X)

respectively in[(3.67).
3.5.1 Image representation using two-dimensional DOPs

Using the separability property, the one-dimensiqaél) polynomial bases can be extended to two or more

dimensions. Therefore, the two-dimensiondDDOP v (X, y) of order(u + V) is given by

Yuv (X Y) = Yu (X) Y () (3.68)

Given a D image functionf (x,y) defined over a rectangular grid = {0,1,--- ,N} x {0,1,--- , M}, the

approximation is defined as

= >0 M (6 Y) W) W(y) (3.69)

u=0 v=0
where,My, denotes the discrete orthogonal moment of ofder v) given by

N M

- m 33 ) b (Y WRIWE) (3.70)
uvas JJllwe x=0 y=0

Using (3.70), the Krawtchouk momen@,, of order(u + V) is obtained by

N M

Qu =) > Kulx pOKW(Y: p2) F(xY) (3.71)

x=0 y=0
Similarly, the discrete Tchebichef momeMg, of order {1 + v) is computed as

N M

Vav= D > TuOTuy) f(xY) (3.72)

x=0 y=0
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3.6 Spatial domain behaviour of the DOPs

In this section, the spatial characteristics of the WKPs @m@dnormalised DTPs of various orders are
analysed. The spatial characteristics of the DOPs is studieerms of the spatial support and the oscillatory
nature of the basis. This study on the spatial propertieb®IXOPs provides insight into their behaviour in
approximating different functions.

The plots and basis images of the WKPs and the DTPs of varimeroare shown in Figufe 3.3 and
Figure[3.4 respectively. From the plots, we infer that theA3@how oscillating behaviour and the number of
zero-crossings increases with the order of the polynoniiais variation implies that the DOPs exhibit different
frequency characteristics with respect to the order.

The plots of D WKPs forN = 60,n = 0, 1, and 2 for different values gb are shown in Figure 3.1. It can
be observed that, fqo = 0.5 each polynomial is symmetric with respectde- N/2. As p deviates from the
value of 05 by Ap, the support of WKP are approximately shifted W p [72]. The direction of shifting is
dependent on the sign afp. Thus, the parametgrof the WKPs can be considered as the translation parameter
controlling the polynomial shift along theaxis. As a result, the WKPs are localised functions andwalitzal
approximation of functions by varying the value {72, 153].

The basis images o2 WKPs of various orders for different values pf and p, are shown in Figurg_3.2.
The parameterp; and p, can be tuned to shift the polynomials in the horizontal aredwértical direction
respectively. As a result, the appropriate selectiopyaindp, enables local features of an image at the region-
of-interest (ROI) to be extracted by the Krawtchouk momeitge 1D and the ® WKPs of higher orders are
shown in Figuré 313(a) and Figure B.3(b) respectively. Foaillustrations in Figure 3l1-3.3, it is evident that
the support of the WKP increases with the increase in therorfiais implies that the lower order moments
characterise the local features and as the higher order nterdearacterise the global features. Therefore, the
WKPs are spatially localised and hence, exhibit a wavétetgroperty.

The plots and the basis images of the normalised DTPs in &l§dr show that the support of the polyno-
mials extends over the entire range of theaxis. This implies that the discrete Tchebichef momentsngf a
order provide global description of the function. As the tn@mof zero crossing increases with the order, the
discrete Tchebichef moments represent the structurahcteaistics of the given image at different scales.

Except for the spatial localization property, the osailfsitbehaviour of the DTPs is almost similar to that
of the WKPs. However, the difference in the polynomial cltedstics are seen to be more prominent at lower

orders. From the plots of the lower order polynomials in Féf8L1 and Figure 3|4, itis observed that the number
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Figure 3.1: Plots of the WKPs for different values gfand ordem. The plots illustrate the translation &f, (x) with
respect to the value qf. Forp = 0.5 + Ap, the polynomial is shifted by a factor eNAp. The value ofN = 60.

pr =025 p, = 0.25

n=2m=0 n=2m=1 n=2m=2 n=0m=5 n=1m=5 n=2m=5
pL=05p, =05
n=2m=0 n=2m=1 n=2m=2 n=0m=5 n=1m=5 n=2m=5

pL=0.75p, =0.75
n=2m=0 n=2m=1 n=2m=2 n=0m=5 n=1m=5 n=2m=5

Figure 3.2: Basis images of R WKPs for different values gp; andp,. The parameteng; andp, control the polynomial
position in the verticalX — axis) and the horizontal directioy £ axis) respectively. From the illustration, it can also be
observed that the spatial support of the polynomial in@@ashex— direction as the value af increases. Similarly, the
support increases in the- direction as the value ahincreases.
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Figure 3.3: (a) Plots of the 1D WKPs of higher ordeand (b) Basis images of the 2D WKPs for higher valuegaf m).
The parametens = mandN = 100.
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Figure 3.4: (a) Plots of the 1D normalised DTPs and (b) Basis images o2h@ormalised DTPs of different orders.
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The order(n + m) of the 2D normalised DTPs is chosen such thatm. The value ofN = 100.
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3.7 Frequency domain behaviour of the DOPs

of zero crossing at a given order is comparatively higher iQR&. It is further observed that the densities of
zero crossings slightly vary along its support. This vasiain the oscillatory nature is comparatively more
noticeable in the normalised DTPs.

This study on the spatial behaviour of the DOPs suggeststhkatVKPs and the normalised DTPs are
band-pass functions and the moments of different ordenogjppate different frequency bands of the function
being approximated. The variation in the frequency charétics of the DOPs can be studied in detail through

their frequency domain representations.

3.7 Frequency domain behaviour of the DOPs

In this section, we empirically analyse the frequency doniaracteristics of the WKPs and the nor-
malised DTPs. The frequency domain representation otlaarder DOP is obtained by computing the discrete
Fourier transform (DFT) of the polynomial functign, (). The DFT of the polynomial functiog,, (X) is given
by [162]

N
Wi (@) = D ¥n () exp(=jwx) (3.73)
x=0

wherew = 2% k=0,1,---,N. Theenergy spectral densiESD) of the functionyn (X) is given by|¥n (w)[?.
It gives the contribution of the frequency componenbdb the total energy.

The Fourier transform%, (w) and7 , (w) are obtained by substituting, (X) = K, (X) andyn (X) = Tn (X)
respectively in[(3.73).

The plot of the Esq%n (a))|2 of the WKPs obtained fop = 0.5 is shown in Figuré3l5. From the
plots we can infer that the Krawtchouk polynomials act asdbaaiss functions and exhibit quadrature mirror
symmetry with respect to the ordar The quadrature mirror property of the WKPs can also be eerifiy
solving the frequency domain representation obtainedutitd3.78). Accordingly, by substituting (3173) it is

straightforward to show

olfo- 5| o 3)

The condition in[(3.74) ensures that the WKPs of orde@nd N — n exhibit quadrature mirror symmetry
with respect to the quadrature frequengy= 7. The proof for [3.74) is given in the Appendix 3110. Using the
guadrature mirror property of the WKPs, Akansu et al [163\@el a class of orthonormal binomial quadrature

mirror filters (QMF) for multiresolution signal decompasit. The binomial QMFs are shown to be identical to
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Figure 3.5: Plots of the ESD of the 1D WKPs foN(+1) = 8,p=0.5andn = {0,1,-- -, 7}. wsw = |w2 — wi|. The figure
illustrates the QMF property of the WKPs with respect to tiegjiencyw = 7. The frequency characteristics implies that
the polynomials act as band-pass functions. The WKPs exdidelobes at the lower as well as the higher frequencies.

Forn < % the sidelobes at lower frequencies have higher energy. ©odhtrary, fom > % the sidelobes present at
the higher frequencies exhibit higher energy.
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Figure 3.6: Plots of the ESD of the 1D normalised DTPs fok{ 1) = 8, p=0.5andn = {0,1,--- , 7}. wpw = w2 — w1].
The frequency characteristics implies that these polyatswaict as band-pass functions. Itis also observed thatTiRs D
contain sidelobes at higher frequencies. The energy ofitledobes is more in the middle-order polynomials. It can be

observed that the sidelobe energy of the DTPs is higher thatnof the WKPs. The DTPs do not exhibit quadrature
symmetry.
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3.7 Frequency domain behaviour of the DOPs

Table 3.1: Frequency domain characteristics of WKPs and the nornthISEPs for various orden. The length of the sequence

N+1=8.
WKPs normalised DTPs
Ordern Peak frequency Bandwidth Peak frequency Bandwidth
wp(xmrad/sed  wew(xnrad/seq | wp(xnrad/seq wew(xarad/seq

0 0.016 0.0952 0.016 0.0635
1 0.206 0.159 0.175 0.127
2 0.333 0.159 0.286 0.143
3 0.444 0.143 0.381 0.159
4 0.571 0.143 0.492 0.159
5 0.683 0.159 0.619 0.175
6 0.810 0.159 0.762 0.191
7 1 0.0952 1 0.127

the Daubechies wavelet filters and binomial QMF based sig@dmposition exhibit higher energy compaction
than the discrete cosine transform.
il 2
The plots of|7'n ((u)| for different values o are shown in Figure_3.6. From these plots, it is evident

- 2
that normalised DTPs show the behaviour of the band-passidms. However|7 (w)| does not exhibit the

property of quadrature mirror symmetry.
3.7.1 Quantitative analysis

Similar to the spectral analysis of moments in [164], thegdiency domain characteristics of the DOPs are
analysed in terms of the peak frequencies and the bandwidths

Thepeak frequencyy, is the frequency at which energy of the function is the highgsebandwidthwgw
is computed as the difference between the frequencies fmhwvithe energy value is 0.707 times of the highest
energy.

The values ofw, and the correspondinggw for different orders of 8-point WKP and DCP sequences
are given in Tabld_3l1. From the table, it is inferred that peak frequencies of the normalised DTPs are
comparatively smaller than that of the WKPs of the same oféi@rther, it is also observed that the bandwidth
of the normalised DTPs increases with the order. At highdeis, the normalised DTPs behave as wide-band

band-pass functions and the WKPs are relatively narrovetbamctions.
3.7.2 Short-time Fourier transform (STFT) analysis

The plots of the WKPs and the DTPs in the spatial domain, asgaré{3.3 and Figure_3.4 respectively,
show slightly varying densities of zero-crossings alorgghpport. This suggests the variation of oscillatory

nature of the polynomials alongy The frequency variation of the polynomial functions witspect tox is
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3.8 Shape approximation using DOPs

studied from the time-frequency representation of the DARe time-frequency representation is obtained by
computing theshort-time fourier transfornSTFT) of the DOPs. The procedure for deriving the STFT inesl
multiplying the polynomial with a window function of compasupport and then compute the DFT for each

windowed portion of the polynomial [165]. Accordingly, te&pression for STFT can be written as

N
Wn (1,w) = ) ¥n (09 € (x— 1) exp(=jwX) (3.75)
x=0

where £ (.) denotes the window function. The Hanning window is used fpeementation and the coefficients

of anL— point symmetric Hanning window are computed from the follogvequation.

£() = 0.5(1 - cos(Li'l)), O<l<L-1 (3.76)

The ESD of the STFT response corresponding to the WKP andaimeatised DTP bases of different orders
are shown in Figurg_3.7 and Figuire]3.8 respectively.

The time-frequency images in Figure 13.7 show that the I@gdency ESD of the WKPs up to order
0.5(N + 1) increases as the value wfleviates fromx = N/2 and approaches the values 0 &hdAs the order
becomes > 0.5(N + 1), the high-frequency ESD increases for the values closet® andx = N. Contrary
to the WKPs, the STFT response of the DTPs in Figuré 3.8 eshiéiionger high frequency response as the
value ofx deviates fromN/2 approaching towards= 0 andx = N.

From this frequency characteristics of the DOPs, it cleat the WKPs exhibit better band-pass behaviour
than the DTPs and the energy of the frequency componentssvaiih the derivation from the middle of the

support of the polynomials.

3.8 Shape approximation using DOPs

The studies on the spatial and the frequency domain behasfahe WKPs and DTPs have shown that
these DOPs are band-pass functions and they exhibit vang@cteristics in terms of the spatial localization
and band-pass characteristics. Therefore, these DOPseceonbidered as efficient tools for approximating
different shapes. The shape features that are acquireab¢rétwtchouk and the discrete Tchebichef moments
will significantly vary due to the varying spatial and thegquency domain characteristics. This section presents
the empirical studies performed to comparatively analliseperformance of the Krawtchouk and the discrete
Tchebichef moments based approximations for shape repetiem and shape classification. The objective of

this experimentation is to study the efficiency of these D@Pxccurately representing shapes with different
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3. A Study on the Characteristics of Discrete Orthogonal Monents for Shape Representation

structural characteristics and defections induced byenois

The shapes required for the experiments are taken from tHe®AP (CE Shape-1, Part-B) database. The
dataset used in the experimentation consists of 20 diffesiggpe classes containing 20 samples in each class.
Two sets of experiments were performed. The first set stuteefficiency of the WKPs and DTPs in shape
representation. The results include accuracy in apprdigalifferent shapes and sensitivity to noise. The

second set of the experiments validates the discrete atfagnoments as features for shape classification.
3.8.1 Metrics for reconstruction accuracy

The reconstruction accuracy of the DOMs is evaluated usieagtructural similarity index and the modified
Hausdorff distance as defined below:

The Structural similarity (SSIM) index [166] is a region based similarity measure. The SSIM index
between the shapdsand fis computed locally by dividing the image intoblocks of uniform size 1k 11.

Forl € {1,2,---,L}, the SSIM between thi" blocks of f andf is evaluated as

(nyy]a + Cl) (20'”” + Cz)

ssIM(f, ) = - —%
,uf+yfA+Cl a'f+a'fA+C2

(3.77)

whereus andu denote the mean intensities? ando-? denote the variances and ; denotes the covariance.
The constants; andc; are included to avoid unstable results whef ,u?) and (2 + a‘?) are very close to

zero. We chose; = 0.01 andc, = 0.03 [166]. The SSIM index betweeihand fSSlI M(f, fA) is given by

SSIM(f, f) =

rl~

L
Z SSI M(f, f“)| (3.78)
=1

The value of SSIM index lies irH1, 1] and a larger value means high similarity between the coetbshapes.
The modified Hausdorff distance (MHD) [91] is employed to measure the similarity based on the shape

boundary. LeA ={a1, @2, -+ ,an,} andB = {B1,B2,--- , Bng} be the two point sets representing the boundaries

in the shaped and f respectively andNa and Ng represent the corresponding cardinalities. The directed

distance between the point sétseindB is defined as

D(AB)= g, 3 min(le 1) (3.79)

where,||.|| denotes the Euclidean norm. Based on the directed distdan¢asB) and D (B, A), the MHD is

computed as [91]

MHD = max(D (A, B), D (B, A)) (3.80)
TH-1228 06610210

76



3.8 Shape approximation using DOPs

The similarity between the compared shapesd fis high, if the corresponding MHD is small.

Given the binary shapé (x,y), its approximationf(x, y) is obtained using the Krawtchouk and the dis-
crete Tchebichef moments defined through (3.71) andl(3e&Pectively. The approximated shape is binarised
through thresholding. In these experiments, the threstooltinarisation is chosen asi The reconstruction
accuracy of the DOMs is quantitatively compared by usingvilees of the SSIM index and the MHD. The
performance of the orthogonal moments is analysed by vgtyie order of the moments used for approxima-

tion.
3.8.2 Experiments on shape representation

In this experiment, we analyse the efficiency of the DOP axiprations of different orders in representing
the structural variations in shapes under different spgteles. The structural variation in the shapes are studied
using the curvature variations in the boundary contour. oAdiogly, the shapes used for the experiments are
chosen based on their curvature properties. The differentiee structural characteristics of the shapes are
compared based on the number of concave segments and tbeiegieal properties. The properties of the
concavities on the shape boundary are represented thrbaghitvature scale space (CSS) representation. This
section explains the distinct variation in the structuf@éracteristics of shapes using the CSS and details the

experimental analysis performed to study the accuracy diB@ representing different shapes.
3.8.2.1 Characterizing shapes using curvature properties

The curvature properties of the shape boundary are amonmpuetant perceptual features describing the
shape. The curvature can be defined as the rate of changepefalang the shape boundary and it can be
expressed in terms of the first and the second order deggativ

Let f denote a binary shape amdbe the corresponding shape boundary. Assubge)=(x(u),y(u)) as
a continuous vector valued function defined by the positieatars(x(u), y(u)). Given the boundary points
(x,y) € B of lengthL, the curvature function is computed as [87]
_ x(U) Y (u) - X(u) y(u)

(k@ + @)

whereu is a real value such that & u < (L-1). For the discrete case, the derivativesxofndy are

k(u)

(3.81)

approximated by the corresponding finite differences.
The zero-crossings of the curvature function areittikection pointson the shape boundary. The local

absolute maximum in the curvature corresponds to a genemecin the shape [167]. If the maximum value
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Figure 3.9: lllustration of finding the concave segments of a shape ftoencurvature function derived from the corre-
sponding shape boundary. (a) Geometric shape used fdrallios; (b) The curvature function derived from the bouryda

of the geometric shape and (c) Representing the inflectiagrigpand the concave segments on the shape boundary. The
zero-crossings correspond to the inflection points. Sifgjlthe negative maxima correspond to the concave points.

Table 3.2: Types of concavities based on the width and the depth of theas@ segments.

Width Depth Type of concavity
Small Small Narrow - Shallow concavity
Small High Narrow - Deep concavity
High Small Wide - Shallow concavity
High High Wide - Deep concavity

is positive, the corner is considered as the convex pointfahd maximum is negative, the corner is considered
as the concave point. The boundary section between thetiofiguoints that contain the convex point is the
convex segmernd the section constituting the concave point comprisesdhcave segment

Since, the shape boundary is a closed curve, the concaveesegprovide comparatively more detailed
information and they constitute the transition betweelfedéit parts of the shape. An example illustrating
the inflection points and the concave segments of a geonsttape along with the corresponding curvature
function is shown in Figure_3.9.

The structural variations in shape can be characterisetidbyariations in the width and the depth of the
concave segments. The width of a concave segment can be tmrgsithe length of the line connecting the
corresponding two inflection points. The depth of the corceggment is the distance between the concave
point and the line connecting the corresponding inflectioimis. Based on the width and the depth values, the
concavities can be divided in to four types as listed in T@ke

The characteristics of the concavities present in the skapebe represented using the curvature scale
space (CSS) representation. The CSS representation is afrhp location of the zero-crossings in the
curvature functiornk (u) obtained over successive smoothing of the shape boundaky@®nvolvingB with a

1D Gaussian kerngj (u, o) of standard deviation results in the smoothed curig. = {(X, Y)}. The smoothed
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boundary points are given by

X(u,0) = x(u) *xg(u, o)

(3.82)
Y(u,0)=y(u)*g(u o)
Accordingly, the curvature oB,, is computed as
(o) = 2L YU o) - XU ) Y(u o) (3.83)

(X ()2 + Y (o))

The CSS descriptors that represent the location of the tidlepoints on the curve are extracted for varying

values ofo- and are used to obtain the CSS image that is defined as
less(u, o) = {(u, o) Ik (u, o) = 0} (3.84)

The CSS map consists of several arch-shaped contours, elatbdrto the concave segments of the shape
boundary. The height and the base width of the arch-shapetus reflect the depth and the width of the
concavities respectively [168, 169]. The height of the C8&aurs is larger for wide-shallow, wide-deep and
narrow-deep concavities.

A few examples of the shapes used in this experiment and tiresponding CSS representations are
shown in Figuré 3.70 and Figure 3111. The CSS represensabibtinree star-shaped polygons consisting of 16
concave segments of almost same width and varying depthlgstated in Figuré 3.30. It can be observed
that the number of arch-shaped contours in the CSS map i$ tegthee number of concave segments in the
shape boundary. The shape in Figure B.10(a) consists édwhadncave segments in comparison to the shapes
illustrated in Figuré_3.10(b) arid 3110(c). The star-shapelgigon in Figurd_3.70(c) exhibits deeper concave
segments and hence, the height of the arch-shaped coniotivs ¢orresponding CSS map is comparatively
higher. By comparing the CSS maps in Figure B.10, it canyeasirred that the height of the contours in the
CSS map increases with the depth of the concave segments.

Figure[3.11 illustrates the CSS representation of thrderdift shapes composed of different number of
concave segments of different width. The shape of the ctarél in Figure[3.11(a) consists of two wide-
deep concave segments and hence, the corresponding CSHitzs éwo arch-shaped contours representing
the concavities. Similarly, the CSS representations ofoassshaped and the fork-shaped polygons in Fig-
ure[3.11(b) and Figuife 3.11(c) respectively reflect the remobconcavities in the shape boundary. The cross-
shaped polygon is composed of concave segments of almostwalth and depth. Hence, the arch-shaped

contours in the corresponding CSS map are of approximateheseight and base width. The fork-shaped
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Figure 3.10: CSS representation of star-shaped polygons composed ofrigave segments of varying depth. The
polygon shape in (a) consists of shallow concave segmeitg@rconsists of deeper concave segments. The figure

illustrates the variation in the height of the arch-shapmttaurs in the CSS map with respect to the variation in thetdep
of the concavities.
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Figure 3.11: CSS representation of four different geometric shapesweitiing number of concave segments and width.
The figure illustrates the variation in the base width of trehashaped contours relative to the variation in the widthe
concavities. Also, the number of arch-shape contours isgitmnal to the number of concavities. The shape of charact
‘T' has comparatively less number of concave segments anddhcavities are more wide. The cross-shaped polygon
has concave segments of similar width and depth. Convethkeljork-shaped polygon is composed of concave segments
of different widths and depth.
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polygon consists of five deep concave segments. Based orasigeviddth of the arch-shaped contours in the
CSS map, it can be easily verified that the fork-shaped polygoomposed of two wide concavities and three
comparatively narrow concavities. The base width of the €&8ours in Figuré 3.11(b) and Figure 3.11(c) is
less than that of the CSS contours illustrated in Fiqure(@)11This implies that the T-shape is composed of
comparatively wide concavities. By comparing the base hgidtf the arch-shaped contours in the CSS maps
shown in Figuré 3.10 and Figure 3111, it can be inferred theshapes presented in Figlre 3.10 are composed
of comparatively narrow concave segments.

Using the above curvature properties of the shape boursdéris also possible to infer the various spatial
frequency structures of the shapes. It can be easily vetlitthe shapes composed of many number of deep
concave segments consists of large number of transitidmseba the background and the object regions. Such
shapes can be considered as complex shapes with higheal $pquency regions and hence, exhibit large
structural details. The shapes composed of shallow segrseah as the star-shaped polygon in Figurel3.10(a)
consist of less number of transitions between the backgraumad the object regions. Hence, such shapes are
composed of low spatial frequency regions with less strattletails. On the other hand, the shapes presented
in Figure[3.11 consist of less number of concave segmentstti@star-shaped polygon in Figure 3.10(a).
However, the concave segments of the shapes presentedure Bd1 are comparatively deeper exhibiting
high spatial frequency regions. From this discussion onctivgature properties, it is understood that the
complexity of the shapes in terms of the structural detaisaases with the number of concavities and the

depth of the concavities.
3.8.2.2 Spatial scale of the shapes

Another important factor considered in this experimenhégpatial scale of the foreground region contain-
ing the shape with respect to the enclosed background re@ienerally, in shape based object representation
methods, the objects to be recognised are segmented froen@aand hence, the size of the object may vary de-
pending upon the spatial resolution of the scene. Sinceciiges are unconstrained, the size of the segmented
object that constitutes the foreground region is unprabdlet As the DOPs are computed over the entire shape
grid, the representation accuracy of the DOPs may vary \wilspatial scale of the foreground object.

The images containing the shapes are binarised such thaixhls belonging to the object region are
assigned the intensity value ‘1’ and the pixels constitutine background are assigned the intensity value
‘0’.The size of the image grid is fixed at 9090. The scale of the object’s shape is varied as 40, 60x 60
and 80x 80. The parameteng; andp, of the WKPs are chosen as0s0 that the emphasis of the polynomial
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is with respect to the centroid of the shape.
3.8.2.3 \Variation in shapes versus reconstruction accurgc

The experiments are performed on the shapes presentedlure Bdl0 and Figure_3.111 and the results
obtained are presented in the illustrations given throughre[3.12 - Figuré 3.17. The efficiency of the DOMs
in accurately approximating different shapes is testeddismlissed in terms of variation in the spatial scale of
the shape and different structural characteristics.

From the results shown in Figure 3112 - Figure 8.17, we caarobghat the performance of the Krawtchouk
moments in terms of the SSIM index and the MHD is consisténitijper at all the orders while approximating
shapes of lower scale 440. As the scale increases t0X%60 and 80< 80, it is noticed that the reconstruction
accuracy of the WKPs decreases for lower order approxim&tidhis occurs due to the variation in the spatial
support of the WKPs with respect to its order. As mentionetiezathe lower order WKPs have smaller spatial
supports and the support increases only with the order. drcétse of shapes with lower scale values, most
of the shape region lies within the spatial support of the WiiIding higher reconstruction accuracy at the
lower order itself. As the scale of the shape increases,tieehape region is not sufficiently spanned by the
lower order WKPs. Hence, under this condition, the ordehefW/KPs has to be high for better reconstruction
accuracy.

Converse to the performance of WKPs, it can be observedttadbiver order DTPs offer poor reconstruc-
tion accuracy while approximating shapes of lower scalis.dhown that the spatial support of the DTP extends
over the entire range of the image grid offering a global supprhe lower order DTPs exhibit less peak fre-
guencies and hence, while approximating shapes they mdes®behave like averaging functions resulting
in excessive smoothing. As the order increases, the higjuémcy response of the DTP increases providing
effective reconstruction of the high spatial frequencydires of the shape. While approximating shapes of
lower scales, the background region is more dominating tharshape region and hence the averaging effect
on the shapes is more than in the case of shapes with highHes.sca

The results of DOM based approximation of the star-shapdgbpns with varying depth of concavities
are shown in Figure_3.12, Figure 3113 and Fidure]3.14. Thesdts illustrate the efficiency of the DOMs in
approximating the concave segments that constitute tbetste of the shape. From the corresponding plots
of the SSIM index and the MHD values obtained for various md# the DOM based approximation, it is
observed that the performance of the DOMs significantlyesaait the lower orders.

The star-shaped polygon in Figure 3.12 consists of shalmweave segments and the shape is composed

TH-1228_ 06610210

82



3.8 Shape approximation using DOPs

Shapes reconstructed from the

Original shape

Krawtchouk moments of

discrete Tchebichef moments of

Order : 20

Order : 40

Order : 60

Order :

20 Order : 40 Order : 60

Scale: 40x40

Scale: 60x60

Scale: 80x80

ofofe
ojeje
ujoR®

ofofe
000
(103 0

(a) Results of shape reconstruction obtained from DOM bappdoximations at various orders m), such than = m.
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(b) Comparative plot of the SSIM index values obtained fdfiedent values of ordem(+ m).
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(c) Comparative plot of the MHD values obtained for diffarealues of orderr{ + m).

Figure 3.12: Illlustration of reconstruction accuracy with respect t skar-shaped polygon consisting of shallow concav-
ities. The illustration shows that the WKP based approxiomss better for lower scales of the shape. For approxingatin
shapes at lower scales, the DTPs require higher orders.rdé kcales the DTPs offer better reconstruction accuracy.
However, as the order increases both the moments exhibitmsiperformance. In the case of lower order Krawtchouk
moments, only a local region of the original shape that lighimithe spatial support of the corresponding polynomals i
efficiently reconstructed. Hence, the reconstruction emmuevaluated in terms of the SSIM and MHD of the lower order
Krawtchouk moments is comparatively less for scales &0 and 80« 80.
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(c) Comparative plot of the MHD values obtained for differealues of orderrf + m).

Figure 3.13: lllustration of reconstruction accuracy with respect t star-shaped polygon with moderately deep concav-
ities. The results in terms of the SSIM and MHD indicates thataccuracy of the WKPs is comparatively higher than the
DTPs in approximating shapes at different scales. The adtie®are more accurately reconstructed by the Krawtchouk
moments and the Tchebichef moments result in smootheneds&action of the sharp concave segments.
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(a) Results of shape reconstruction obtained from DOM bapedoximations at various ordens-{ m), such thah = m.
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(c) Comparative plot of the MHD values obtained for diffarealues of orderr{ + m).

Figure 3.14: lllustration of DOM based approximation of a star-shapelygan consisting of deep concave segments.

The illustration shows that the performance of the Krawtthmoments at all the orders is consistently superior to the
discrete Tchebichef moments in approximating the shapathree different scales.
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(a) Results of shape reconstruction obtained from DOM bappdoximations at various orders m), such than = m.
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(c) Comparative plot of the MHD values obtained for diffarealues of orderr{ + m).

Figure 3.15: lllustration of reconstruction accuracy for varying orslef DOP based approximations of the shape of
character ‘T’. The shape is composed of two wide-deep cansagments. The values of the SSIM index and the MHD
show that the WKP based approximations give high reconstruaccuracy at scale 4040. At scale 60« 60, the
performance of both the moments are very close in terms dfl$®lex and MHD. The DTP based approximation results
in excessive smoothing. For scale 8@0, the DTP based approximation shows better performaraesdale 40« 40,

the accuracy of DTPs at lower orders is reduced due to exeessioothing and for scale 8080, the performance of
WKPs at lower orders is affected due to the compact spatigia of the polynomials.

TH-1228_06610210

86



3.8 Shape approximation using DOPs

of a low spatial frequency region. The plots of the SSIM indexl the MHD obtained between DOM based
approximation and the original shape are shown in Figur@(B)land Figuré 3.12(c) respectively. From the
values obtained, we infer that the WKP based reconstrugtadds higher representation accuracy for the scales
of 40 x 40 and 60x 60. From the corresponding reconstructed shapes showmyimdEB.12(a), it is evident
that the shallow concavities are accurately reconstruntdte Krawtchouk moments based approximation. We
observe that the DTPs require higher orders to accurat@ioanate the shallow concave segments. Since the
shape is composed of a low spatial frequency region, therlovder DTP based approximations at higher scale
80 x 80 is comparatively superior. Though, the performance wEtloorder WKPs is limited due to compact
support, it should be noted that the concavities are betfesented in the WKP based approximation of the
shapes at various scales.

The star-shaped polygons presented in Figure 3.13 anddfggid are composed of deep concave segments
exhibiting high spatial frequency regions. Particulaithg polygon in Figuré_3.14 exhibits comparatively more
structural variations. The reconstructed shapes showiyinéf3.13(a) and Figufe 3.]14(a) show that the WKP
based approximation results in perceptually more siméapnstruction than the DTPs based approximation.
The plots of the SSIM index and the MHD values also confirm tifieiency of the WKPs. By comparing
the results obtained for the three different star-shapégbpaos, we can infer that the DTPs are not efficient
in accurately representing the sharp transitions sucheasdhcave segments of the shapes. The efficiency of
the DTPs decreases if the shape consists of more high spatiaency regions. On the other hand, even the
lower order Krawtchouk moments are mare efficient in reprigsg the high spatial frequency regions in the
star-shaped polygons discussed above.

Similar evaluations are performed on the geometric shapmsrsin Figurd 3.7]1. Accordingly, the evalua-
tions reflect the behaviour of the DOMs in representing sei@penposed of deep concave segments of various
widths. Figuré 3.15 illustrates the efficiency of the DOMsepresenting the shape of character T. The T-shape
consists of only two deep concave segments with less nunilimrsitions between the background and the
foreground. However, the T-shape is composed of two regidéferent spatial supports and in comparison
to the cross-shaped and fork-shaped polygons, the T-shxajgte less structural variations. From the recon-
structed shapes shown in Figlre 3.15(a), it is evident thimwaer order approximations the WKPs result in
better approximation of the sharp structural details. Tloéspf the SSIM index and the MHD show that at
lower scales, the performance of the Krawtchouk momentgsficantly better than the DTP based approxi-

mations. As the scale increases to&aD, the efficiency of the DOPs in terms of the SSIM index andktD
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(a) Results of shape reconstruction obtained from DOM bapedoximations at various ordens+{ m), such thah = m.
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(b) Comparative plot of the SSIM index values obtained féfledent values of ordem(+ m).
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(c) Comparative plot of the MHD values obtained for diffarealues of orderrf + m).

Figure 3.16: Illustration of reconstruction accuracy with respect te thoss-shaped polygon. The shape is composed of
four concave segments of same width and depth. The SSIM emldihe MHD show that the WKP based approximations
give high reconstruction accuracy for scalex4@ and 60<60. The shapes reconstructed from DTP based approximation

are over-smoothened. At higher scalex880, the spatial support of the lower order WKPs is not suffityelarge and
hence, the reconstruction error is more at these orders.
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Figure 3.17: lllustration of reconstruction accuracy with respect tmekfshaped polygon. The shape is a high spatial
frequency structure consisting of five concave segmentsffefreint width and depth. The accuracy in reconstruction
evaluated in terms of the SSIM index and the MHD show that treeséchouk moments based approximation is compar-
atively high for scales 4& 40 and 60x 60. It is observed that the shapes reconstructed from Tchebmoments are

more smoothened and the high spatial frequency regionsoapoperly reconstructed at lower orders. At a higher scale

of 80 x 80, the accuracy of the WKP based approximation is poor dileetdimited spatial support of the polynomial
basis.
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are very close even at lower orders.

The cross-shaped polygon illustrated in Figure 3.16 ctssismore concave segments and exhibits more
structural details than the T-shape. In comparison to theweur of DTPs in approximating the T-shape, we
can observe that its performance is decreased in apprargnidie cross-shaped polygon. This can be clearly
inferred by comparing the plots in Figdre 3.15(b) and Figgid&(b). The DTPs require comparatively higher
orders for approximating the cross-shaped polygon. Sitpilay comparing the plots in Figuie 3]15(c) and
Figure[3.16(c), we can infer that the order of the DTPs rexglifior approximating shapes of scale :8@0
depends on the complexity of the shape i.e., the structetalild. 1t can observed that the order of the DTPs
required for accurately representing the cross-shapadpolat scale 88 80 is more than that required for the
T-shape.

Similar variations in the performance of the DOPs can be robgefrom the results obtained for the ap-
proximation of fork-shaped polygons of various scales. Tdmk-shaped polygon consists of more concave
segments than the T-shape and the cross-shaped polygarseales 406« 40 and 60x 60, the WKP based ap-
proximation recovers the spatial structures of the forkgsu polygon, whereas the DTPs result in excessively
smoothened reconstruction. At a higher scale ak80, the concavities are recovered well by the Krawtchouk
moments but their performance is limited due to their corhppatial support at lower orders. From the values
of SSIM index and the MHD in shown Figure 3117(c), it is cleaattthe order of DTPs required for accurate
reconstruction has increased in comparison to the T-shapéha cross-shaped polygons.

From the above analysis, we infer that the performance oDiB®s depends on the scale of the shape
and the structural characteristics. Accordingly, the abtaristics of the WKPs and the DTPs in representing

different shapes can be summarised as follows.

(i) The Krawtchouk moments are efficient when the shape regisufficiently spanned by the corresponding
WKPs. The WKPs have compact supports at lower orders and/éetsaspatially localised functions.
Further, as explained in Sectibn13.7, the peak frequencigof the lower order WKPs is higher than the
peak frequencies of the DTPs. Therefore, the lower ordewttt@ouk moments are comparatively more

efficient in approximating regions with high spatial frequees and smaller spatial supports.

(i) The DTPs have wider support and for any order the supj@gqual to the size of the image. This
implies that the Tchebichef moments are global functionsnde, the DTPs are better than the WKPs in
approximating shapes composed of wide regions of low ddegiguencies such as the shapes composed

of convex segments and shallow concavities. For complegeshaomposed of several high frequency
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structures, the DTPs result in excessive smoothing.

(i) In terms of the data compaction, we can infer that fopayximating shapes at lower scales, the WKPs
require less order than the DTPs. As the scale increaseg/ities require higher orders than the DTPs.
However, it should be noted that the optimal choice of theood DTPs in approximating shapes at higher
scales is greatly influenced by the structural characiesistf the shape. When the shape is composed
of high spatial frequency structures, the WKPs are supéoitiie DTPs even if the scale of the shape is

high.

Thus, we can infer that the WKPs offer better data compadiolower scales and at these scales, the
performance of the WKPs is consistently superior irrespeaf the structural characteristics of the shapes.
At higher scales, the WKPs offer better data compaction énclise of shapes with high spatial frequencies.
Conversely, at higher scales, the data compaction catyabilthe DTPs is high for shapes with less structural

variations.
3.8.2.4 Noise versus reconstruction accuracy

During the binarisation of an image, segmentation erroch & isolated pixels within a uniform region
occur due to the presence of the acquisition noise in the-ggale image and improper threshold selection.
These pixels appear as extraneous foreground pixels inatieglbound and extraneous background pixels in
the foreground. This results in a noisy binary shape anddhalting binary noise is known as tkalt and
pepper noiseTherefore, noise removal is an essential task in shapegeptation.

The noise pixels in an image are randomly distributed ang #xhibit higher spatial frequencies than
the image structures. The study on the spectral charaatsrisf the WKPs and the DTPs suggests that the
polynomials up to certain order may behave like smoothimgtions and result in noise removal. The shapes
reconstructed from the corresponding moment based appabxins can be expected to be denoised.

The objective of this set of experiments is to study the parémce of the DOPs in accurately reconstructing
shapes that are degraded by different levels of noise. Tisy sbapefyqisy is obtained by allowing a fixed
percentage of randomly selected pixel values to be alterezkito or one with equal probabilities. In this
experiment, the robustness of the DOPs is verified by thangthe noise levep, between M5 to 0.6.

Based on the results in Section 3.812.3, the size of the skdped at 60x 60 and the image grid size is
fixed at 90x 90. The order of the WKPs and the DTPs is chosefnasm) = 60. The parametens; and p, of

the WKPs are fixed at.B. The reconstruction accuracy of the DOMs is evaluatedrmgeof the SSIM index
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(b) Noisy samples of the original shape in Figure B.18(a).
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(c) Results of shapes reconstructed from the DOM based ap- (e) Plot of the MHD values obtained for different
proximations of the noisy samples illustrated in Figureggo). values of noise levelsy).
The order of the moments is chosen(as- m) = 60.

Figure 3.18: lllustration of the reconstruction accuracy of the DOMshwiespect to a beetle shape that is degraded
by binary noise of levep,. For different values ofy,, the shapes reconstructed from the Krawtchouk moments are
more accurate than those reconstructed from the discréebichef moments. The high spatial frequency regions in the
beetle shape are efficiently recovered by the Krawtchouk emisn For high noise levels, the significant noise pixels
in the foreground region are not sufficiently denoised in WikiBed approximation. The discrete Tchebichef moments
results in over-smoothening of the structural featuresaafedv noise pixels are retained in the background regionef th
reconstructed shape. The values of the SSIM index and the Blijgest that the Krawtchouk moments perform better
than the discrete Tchebichef moments at lower noise levs$sthe noise level increases, the number of noise pixels
retained in DOP based approximation increases.

and the MHD. Different sets of shapes with various curvapraperties are used and the results are discussed
as below.

The illustrations in Figuré_3.18 demonstrate the noiseiteihs of the DOMs in the case of the beetle
shape shown in Figuie_3]18(a). The samples of beetle shapetax by noise of different levels are shown
in Figure[3.18(b). The shapes reconstructed from the Kizoutk and the discrete Tchebichef moments based
approximation of the noisy shapes are given in Figurel3)18mm the results, it is observed that the shape
reconstructed from the Krawtchouk moments is perceptwddiger to the original shape in comparison to the
discrete Tchebichef moment based approximations. Thedpgtial frequency structures in the beetle shape
are properly recovered by the Krawtchouk moments. The sgoaction accuracy of the DOMs in terms of the

SSIM index and the MHD is shown in Figure 3118(d) and Figuf&@). For low noise levels, the Krawtchouk
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(c) Results of shapes reconstructed from the DOM based ap- (e) Plot of the MHD values obtained with respect to
proximations of the noisy samples illustrated in Figuredgb). varying levels of noise,).

Figure 3.19: lllustration of the noise sensitivity of the DOMs with regp#o a bird shape. The order of the moments is
chosen a¢n + m) = 60. The shapes reconstructed from the Krawtchouk momest&dtapproximation exhibit compar-
atively higher perceptual similarity to the original shagéhe values of the SSIM index and the MHD suggest that for
pn < 0.35, the Krawtchouk moments are more robust to noise thanititeete Tchebichef moments and result in high
reconstruction efficiency. Ap, increases, both the moments result in poor denoising effigieThe discrete Tchebichef
moments exhibit sensitivity to noise along the image boedef the Krawtchouk moments are sensitive to noise around
the centre the image.

moments exhibit denoising efficiency higher than that ofdiserete Tchebichef moments. With the increase in
the noise levels, the WKP based approximation becomestiserisi the noise pixels that lie within and around
the neighbourhood of the centre of the image. The DTP basets&uction results in excessively smoothened
shapes. As the level of noise increases, the discrete Tdtefhinoments become sensitive to the noise pixels
that lie along the image borders.

Figure[3.19 presents the results obtained for the shape mfla Bhe original and the noisy shapes are
shown in Figurd_3.19(a) and Figure 3.19(b) respectivelye Tdtonstructed shapes given in Figure 13.19(c)
indicate that the Krawtchouk moments are efficient in rés¢pthe shape. The minute structural features on the
shape boundary are efficiently recovered from the noisyesh@pe plots of the SSIM index and the MHD are
shown in Figuré 3.79(d) and Figdre 3.19(e) respectiveljth\ttie increase in the noise levels, the object region
becomes more degraded in the WKP based approximationingsuita low SSIM index. On the contrary,

the boundary of the shapes reconstructed from the discieblchef moments are excessively smoothened
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(c) Shapes reconstructed from the DOM based apprOX|mat|ons (e) Plot of the MHD values obtained for different
of the noisy samples illustrated in Figure 3.20(b). The puafe values ofpy.
the moments are chosen(@s+ m) = 60
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Figure 3.20: lllustration of the denoising efficiency of the DOMs with pest to the square shape. The shape recon-
structed from the Krawtchouk and the discrete Tchebichaherds exhibits similar perceptual quality with respect to
the original shape. Hence, the corresponding SSIM valwealarost similar for lowep,. With the increase iy, the
number of noise pixels are more in the background region iareéte Tchebichef moments based approximation and
noise occurs in the foreground region for Krawtchouk morméatsed approximation. The values of the SSIM index and
the MHD indicate that the performance of the WKP based appratkon is comparatively poor for higher noise levels.

resulting in lower MHD values. As the noise level increasls,noise pixels present in the background region
and along the image borders are retained in DTP based appaban.

The experimental results obtained for the square shapeesepied in Figure_3.20. The original shape
and the noisy samples simulated for varying levels of noisesaown in Figuré 3.20(a) and Figure_3.20(b)
respectively. The shapes reconstructed from the Krawtchod the discrete Tchebichef moments are shown in
Figure[3.20(c). The plots of the SSIM index and the MHD aregiin Figuré 3.20(d) arild 3.20(e) respectively.
From the results, it is evident that the performances of tlPWased and the DTP based reconstructions are
similar at lower noise levels. As the noise level increaiesdegradations in the WKP based reconstruction is
more in the DTP based reconstruction.

From the above results on noise sensitivity, it is evideat the performance of the DOPs is significantly
better forp, < 0.3. It is inferred that the WKPs are efficient in discrimingtithe high spatial frequency

structures of the shape from the noise pixels. As a reseltgtonstruction accuracy is comparatively higher for
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(b) Shapes reconstructed from the DOM based approxima- (d) Plot of the MHD values versus the order of the
tion of the noisy sample in Figufe_3121(a). moments.

Figure 3.21: lllustration of the robustness of the DOMs to noise with exgfo varying orders of DOPs based approxima-
tion of the beetle shape. With the increase in order, mostehbise pixels are recovered in reconstruction. Partigula
the Krawtchouk moments exhibit more sensitivity towardgeaadn the foreground region. As the order increases, the
discrete Tchebichef moments result in better reconstmcif the high spatial frequency structures in the beetlpsha
Simultaneously, the reconstruction quality gets degratiedto the recovery of more noise pixels in the background re-
gion. The SSIM index and the MHD suggest that the Krawtchooknents exhibit better performance than the discrete
Tchebichef moments in most of the orders.

the WKP based approximation. At these noise levels, the aERBdbapproximation results in over-smoothening
of shapes.

It is observed that the robustness of the DOPs decreaseghar hioise levels and they exhibit varied
behaviour. For & x < N, the STFT plots in Figurie 3.7 and Figlre]3.8 have shown tleafréguency response
of the DOPs varies as the valuexofleviate fromx = N/2. The WKPs exhibit higher frequency response at the
data points arouna = N/2 and the frequency response decreases as the valuget$ close to 0 anil. As
a result, the WKPs are more sensitive to the high spatialiregy structures that lie around the centre of the
image. Unlike the WKPs, the DTPs exhibit lower frequencypoese at the data points arouxe N/2 and the
frequency response increases as the valuegets close to 0 anN. Therefore, the DTPs are more sensitive to
the high spatial frequency components lying along the intagders.

Considering that the DOMs are computed with respect to thére®f the shape, it can be inferred that
the robustness of the WKPs to significant noise pixels ardn@dentre of the image decreases at higher noise
levels. On the other hand, the DTPs result in smootheninbeopixels around the centre of the image and are

more sensitive to the noise pixels in the background rediatlie along the image borders.
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Figure 3.22: lllustration of noise sensitivity of the different ordeS@OM based reconstruction of the bird shape. With
the increase in the order, the moments exhibit more seitgitvnoise. The higher order discrete Tchebichef moments
offer better reconstruction of the high spatial frequernoyctures in the bird shape. However, the reconstructi@iigyuis
affected due to the recovery of more noise pixels in the bantkgd region. The shapes reconstructed from the Krawtchouk
moments exhibit noise in the foreground as well as the backgt region. The performance in terms of the SSIM index
and the MHD indicates that the Krawtchouk moments are biktéerthe discrete Tchebichef moments upto certain orders.
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(b) Results of shape reconstruction from the higher order (d) Plot of the MHD values versus order of the mo-
DOMs computed from the noisy shape in Figure 8.23(a). ments.

Figure 3.23: lllustration of noise sensitivity of DOM based approxinaaitiof the square shape at various orders. The val-
ues of SSIM index and MHD indicate that up to{m) = 50, the discrete Tchebichef moments exhibit better perdmce
than the Krawtchouk moments.
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3.8 Shape approximation using DOPs

Similar experiments were performed in order to evaluatenibise sensitivity of the DOMs at different
orders of approximation. Hence, the performance of the D@Mscovering the shape from a noisy sample
is tested by varying the order of the approximation. The grpental results obtained for the beetle, bird and
the square shapes corrupted by different noise levels asepted in Figure 3.21, Figure 3.22 and Figure]3.23
respectively.

From the results, it is clear that at higher orders, the pmtyials tend to behave like all-pass functions.
Therefore, as the order increases the number of noise fixitle recovered shapes also increases. The plots of
the SSIM index and MHD in Figude 3.21, Figure 3.22 and FiguB33how an increase in the reconstruction
error with the increase in the order of the moments.

In Figure[3.21l and Figufe 3.22, it is noticed that the stmattdegradation in the shapes reconstructed from
the Krawtchouk moments is less than in the shapes recotesirfiom the discrete Tchebichef moments. It
is also observed that for higher order DTPs, the high spligguency structures of the shape are efficiently
reconstructed. Despite this improvement, the performafdke discrete Tchebichef moments is marked by
the large number of noise pixels left in the background megithe reconstructed shape. The denoising results
obtained for the square shape are shown in Figureg 3.23. Frerplots of the SSIM index and the MHD, it
is observed that the reconstruction error for the WKP bapgdoximation is high at the lower orders. As the
order increases, the performance of the Krawtchouk monamishe discrete Tchebichef moments becomes
almost similar.

By consolidating the results in Figure 3121, Figlre B.22 Eiglire[3.23B, it is observed that the recon-
struction error for the WKP based approximation reachamitémum approximately fo(n + m) = 50. At this
order, the spatial structures constituting the shape &etkly recovered and hence, they do not require higher
order approximations. The DTPs require higher orders foovering the high spatial frequency structures of
the shapes. Even as the order increases, the noise sénsititie discrete Tchebichef moments increases, thus

degrading the quality of the reconstructed shape.
3.8.3 Experiments on shape classification

The purpose of this study is to demonstrate the capabilitheDOMs as features for shape classification.

The experiment is conducted on a dataset collected from fREGA7 (CE Shape-1, Part-B) database. The
dataset consists of 400 samples of 20 different shape slase20 samples per shape class. Out of these, 40
samples are used for training and 360 samples are used tiogte®f the 40 training samples, 20 samples are
undistorted shapes and the remaining 20 samples are dis&irapes.
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Figure 3.24: lllustration of undistorted training sample per shapestamstituting the reference dataset.
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Figure 3.25: Examples of test samples contained in each shape class.gline iflustrates the shape defection in the test
samples that are caused due to boundary distortion and ségfina errors.

Two sets of experiments are performed on shape classificakite first experiment is performed by using
the 20 undistorted shapes for forming training set. Theeefave have 1 training sample and 18 testing sam-
ples for each shape class. In the second experiment, thefsize training set is increased by including the
remaining 20 samples of the undistorted shapes in therigaset. Thus, the extended training set consists of 2
training samples per shape class.

The training samples used in the first experiment for shagesek are shown in Figure 3.24. The shape
classes in the training set are labeled as Shape 1, Shapaf2e 3h--, Shape 20. A few examples of the
test samples for different shape classes are given in H§jdfe The shape classes belonging to the test data

are labeled as Class 1, Class 2,, Class 20. It can be observed that the test dataset conbstsmes that
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Figure 3.26: Plot of the Pratt's FOM values of the test samples with respethe reference dataset. The measure
indicates the deviation in the edge characteristics ofésegample in each class from the corresponding sample in the
training set. The illustration signifies the intraclassalise between the test and the reference shapes.
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Figure 3.27: lllustration comparing the intraclass and the interclastadces between the samples in the database. The
distance is measured in terms of the similarity in the spdisribution of pixels. Hence, the correlation is used fes t

metric. The values of the correlation signify the simikalietween the shapes.
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3. A Study on the Characteristics of Discrete Orthogonal Monents for Shape Representation

are severely distorted due to shape defections such as segioe errors and boundary distortion. It is quite
evident that the shapes of the objects belonging to a clagsesceptually similar but exhibit large differences
in terms of structural features. Therefore, the intracliiseance between the samples is measured using the

Pratt’s figure-of-merit (FOM). The FOM is computed as [170LL

N
1 . 1
Pratt sFOM= § : 3.85

ratt's max{Ns, Ny} =1 1+ aDe ()) ( )

where,N, andNgsdenote the number of edge pixels in the reference shape aridghshape respectively,is
the scaling constant ari2g(j) is the distance from thg" edge pixel of the reference shape to the corresponding
edge pixel in the test shape. In our experimeantis chosen as/B in accordance with [171].

The plot illustrating the Pratt's FOM value obtained for lea@ample in the test dataset is given in Fig-
ure[3.26. The plot shows that most of the test samples belgngi class 56,7,8 and 18 exhibit similar
edge characteristics with respect to the correspondirererete shape. In the case of samples belonging to
other classes, the FOM value implies that the differencenms of the edge characteristics is significant. The
difference occurs due to shape defections as mentionddrearl

Similarly, the intraclass and interclass distances beatwhe samples belonging to different classes are
measured in terms of the correlation coefficient. The catieh coefficient between the tefts: and the

referencefe¢ shapes is computed as

xzjlo %jo ( frest(X, Y) — /theSl) (fref (xy) — ﬂfref)

(3.86)

\/ > 3 (fiest(%Y) = Hfs) Xgo y%jo(fref (XY) = Hter)

x=0y=0
Hteq @Ndus,, denotes the mean of the test and the reference shapes nesdgeétor ease, we refer the corre-
lation coefficient as the correlation.

The plots of average correlation values obtained for eaapesislass with respect to a reference shape are
shown in Figuré 3.27. From the values of the correlation, nferithat some of the shape classes exhibit high
interclass similarity along with the intraclass similgrit-or example, the correlation values obtained for the
Shape 1 reference class exhibits a high similarity with #s¢ $amples in its own group Class 1 and other group
Class 2. Similarly, the test samples in Class 12, Class 134t 14 exhibit high similarity to the reference
class Shape 12. The test samples in Class 17 has high salugitailarity with the reference class Shape 15.
Therefore, the evaluation of the database in terms of theeledion implies that some of the shape shapes

considered in the experiment are perceptually differehekhibit an intricate correlation in terms of the spatial
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3.8 Shape approximation using DOPs

arrangement of the pixels.

The shapes in the dataset are normalised for scale, tianséid orientation changes. Hence, the dataset
contains only the samples that are subject to severe shafmetidin. The scale of the shape is normalised
to 90 x 90 through the down-sampling or nearest neighbour intatjpsl. The translation normalization is
achieved by shifting the centroid of the shape to the cerfttheoshape. Hence, the centroid of all the shapes
are fixed at(45,45). The orientation of the shapes are manually corrected sdhbashapes belonging to a
class are oriented in the same direction. The shape feateagerived by computing the Krawtchouk and the
discrete Tchebichef moments of the normalised shapes.

The order of the polynomials for approximation is choserellasn the reconstruction accuracy. The clas-
sification is performed using a nearest neighbour classfiiensidems andn, as the feature vector of the test
shape and the target shape ( in the trained set ) respectiVhbn, the classification ofs using the nearest

neighbour rule is given as

J
Dy (s.mv) = Z (Usj - 77vj)2 (3.87)

=1

Qmatch = arg min(Dy) .
v}

Here,v denotes the index of shapes in the training set&isthe dimension of a feature vector.

The classification accuracy of the DOM-based method is coedpaith that of the MHD based matching
method. The comprehensive scores of the classificatioftseshtained for each shape class in the test data are
given through the plot in Figufe_3.28. The classificatioruttssobtained for the Krawtchouk and the discrete
Tchebichef moments are almost similar and their over-alfsification rate is better than that of the MHD
matching. Therefore, it is evident that the Krawtchouk amal discrete Tchebichef moments are efficient as
features for shape classification.

From the results, we note that most of the mismatch has aatinetween the shapes with less interclass
distance. For example, the test samples in Class 2 is mibethteith the reference Shape 1. Similar correlation
in terms of the correlation in Figufe 3]27 can be observeddsen the mismatched shapes in Classes 3, 4, 12
and 15. The mismatched samples in Class 13 are perceptuatly similar to the training sample of Shape
8 rather than that of Shape 13. In the case of Class 1, the nusrisadue to severe segmentation error. The
mismatch in Class 11 has occurred because, the miscladsifieshmples exhibit large deviations in the edge

characteristics with respect to its reference sample Shapét can be observed that the shape boundaries of
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Figure 3.28: Comparison of the consolidated classification resultsinbthwith respect to each class. The results are
obtained for 1 training sample per shape class and 18 testimples per shape class. The overall classification rate
obtained for discrete Tchebichef moments as features 184. The overall classification rate for Krawtchouk moments
as features is 868%. The overall classification rate for MHD matching is 86%.
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Figure 3.29: Results from the experiment on shape classification usimgiding sample per shape class. Examples of
the testing samples exhibiting higher misclassificatiothwespect to both the Krawtchouk and the discrete Tchebiche
moments as features. It is observed that most of the mismstchve occurred between the shape classes with less
interclass distances. The spatial similarity between tieclassified test sample and the corresponding match in the
reference set can be obtained from the respective plotginéB.2V.
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Figure 3.30: Comparison of the comprehensive scores of the classificatisults obtained with respect to each class.
The results are obtained for 2 training samples per shass elad 18 testing samples per shape class. The overall
classification rate obtained for discrete Tchebichef mdmas features is 947%. The overall classification rate for
Krawtchouk moments as features is®4%. The overall classification rate for MHD matching is18%b6. The number

of Hst22Mibdlad€fddis comparatively higher in MHD rhiatg.
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3.8 Shape approximation using DOPs

the misclassified test samples in Class 11 and the referdraqee® are almost similar. Hence, the test samples
of Class 11 shown in Figute 3127 can be perceived as the @idtiorms of Shape 8.

Despite these misclassifications, it has to be noted thabD®ls exhibit higher classification accuracy
for several other test samples that are subject to severelistal distortions. For example, the test samples
of Classes 18, 19 and 20 as shown in Fidure]3.25 exhibit i@m@tue to segmentation errors. However, the
shapes belonging to these classes have higher classifieatioiracies. The structural variations in these shape
classes can be verified from the plot of Pratt's FOM valuesgae[3.26. Similarly, the test samples in Classes
7,9, 10, 16 and 17 illustrated in Figure 3.25 exhibit sigaificdeviations in the structural characteristics and
the corresponding values of intraclass distance can berkfimm Figure 3.26. The test samples belonging to
these classes are accurately classified.

Based on the above discussion, it can be inferred that the &#ibit robustness to deviations in the
structural characteristics and to some extent they aregitsee to segmentation errors. Hence, we can expect to
increase the classification accuracies of some of the shagses by increasing the number of training samples.
In order to improve the classification results, the expenim@ shape classification is repeated by taking an
extended training set with 2 training samples per shaps,atas of which 1 training sample per shape class has
structural distortion. The evaluation is performed on tB8 8sting samples used in the previous experiment
on classification.

The consolidated plot of the classification results obtifer each shape class with respect to the ex-
tended training set is given in Figure 3.30. As expectedtdbesamples in Classes 1, 4, 11, 12 and 13 show
higher classification accuracies. However, there is nafgignt improvement in the classification accuracies
of Classes 2, 3 and 15. Similar to the previous classificaenlts, the test samples of Class 2 is misclassified
as Shape 1. The test samples of Class 3 is misclassified as $8amd Class 15 as Shape 17. These results
imply that the performance of the DOMs in shape classificatiopends mainly on the spatial distribution of
the pixels. Under such cases, the number of training sanmpdgsbe increased in order to improve the clas-
sification accuracy. The performance of MHD based classibicdhas also improved with the increase of the
training set. However, the number of shape classes midaasin MHD based matching is higher than that in
the DOM based matching.

The experiments for evaluating the capability of the DOM¢$eagures for shape classification confirm the
Krawtchouk and the discrete Tchebichef moments as robasirfes for efficient classification of shapes under

shape defections such as segmentation errors and bourelaayiahs.
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3.9 Summary

This chapter has presented studies on the characteritivs WKPs and the DTPs in representing shapes.
It is shown that for any given order, the WKPs and the DTPs\lilke band-pass functions. Accordingly, the
polynomials exhibits varied characteristics in repreisgntlifferent shapes.

The first empirical study is on the accuracy of the Krawtchaukl the discrete Tchebichef moments in
shape representation. The efficiency of the DOMs is studiitll iespect to the changes in the shape scale
and different structural characteristics. It has been shilwat the performance of these moments significantly
differs for lower order approximations. The discrete Tabkeéf moments are superior to the Krawtchouk
moments in accurately representing shapes with low straictariations. On the contrary, the Krawtchouk
moments offer representation accuracy higher than thdteofliscrete Tchebichef moments in approximating
shapes containing high spatial frequency structures. icBemtly, the discrete Tchebichef moments require
higher orders to efficiently reconstruct high spatial fregey structures of the shapes. From this analysis on
the shape representation accuracy, it is inferred that tk@$\bffer comparatively more data compaction in
representing shapes at lower scales. At higher scalesataecdmpaction of WKPs is more for shapes with
more structural variations. The data compaction capghifiDTPs is significant only for low spatial frequency
shapes at higher scale.

Similar experiments on the noise sensitivity have shownftirdow levels of noise, the Krawtchouk mo-
ments are comparatively more robust to noise and capabl#ici&ptly recovering the shape from the noisy
shape. The discrete Tchebichef moments result in excéssn®othened reconstruction of shapes. As the
noise level increases, the robustness of the WKPs and the @Tibise decreases resulting in poor denoising
efficiency.

The second empirical study is on the applicability of thew@chouk and the discrete Tchebichef moments
as features in shape classification. The experiment is qoeeftd on 400 samples of 20 shape classes taken
from the MPEG-7 (CE Shape 1, Part-B) database. The studyramnthat the Krawtchouk and the discrete
Tchebichef moments are potential features for shape fitzg8n and are robust to shape defections caused by
segmentation errors and structural deviations.

The empirical studies and the results obtained on shapgsimaluggests the DOMs as potential feature
descriptors for representing the different shapes. Thigs that the DOMs can be employed as a silhouette

based feature descriptor for classifying the hand postumesd on their silhouette.
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3.10 Appendix : Proof for the QMF property of WKP basis

Let us write the weighted Krawtchouk polynomial [n (3.49) as

_ 1
Kn (X p) = (X p) Kn (X, p) 3.88
©P VW (x; p) vp (; p)WX PIEn e P (5:89)

The objective is to find the frequency domain representatfahe termw (x; p) K, (X; p) in the above equation.

Let us assumeé, (x) = w(x; p) Kn (X; p) andz = e(%) in (3.73). Accordingly, we get the Z-transform of
Yn(X) as

N
Un (@) = Y WX p)Kn (X p)Z* (3.89)
x=0

The Rodrigues type formula associated with the Krawtchoalgrmpmial w (x; p) Kn (X; p) can be written

as
N X N-n X
HISELES H (3.90
x |\ X 4
Therefore,
N N=n X
n@=) A" (—pz—l) (3.91)
x=0 X q
Using the properties of Z-transform, we can obtain the smiut
n N-n
o (2) = (1 . Bz—l) (1 + —pz—l) (3.92)
q q
From [3.92), we can infer
Yn (2 =¢Yn-n(-2 (3.93)
Substitutingz = el“ in the above equation gives
Yn (€1) = ynon () (3.94)
On substitutingy = w — 5 in (3.94), we obtain [172]
|l//n (ej(‘“_i‘zr)) = |l//N—n (ej(“”,‘zr)) (3.95)

Therefore, the quadrature mirror propertyim(ej(‘“))| and|L//N_n (ej(“’))| aboutw = % is proved.
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

The empirical study in Chapter 3 has shown the DOMs as effidescriptors for representing shapes of
different structural complexity and the analysis of thearipents on the MPEG-7 shape database suggests the
DOMs as potential features for shape classification. Thiserages to employ the DOMs as features for shape
based hand posture description and classification.

The objective of this work is to propose a hand posture reiiogntechnique based on the DOMs and
experimentally validate the efficiency of DOMs as hand shdgecriptors. This work also presents a rule-
based method for automatically extracting the hand fronfdahearm region. The technique developed in this
work provides a framework for hand posture based interadtibletop applications. This chapter presents the

proposed method and the experimental studies that conyedyatalidates the DOMs as hand posture features.

4.1 Introduction

Vision based interactive tabletops are surface compuiiatgms that create a virtual environment for users
based on hand posture interactions. They perform the opesadf the conventional devices that include the
mouse and the keyboard.

These tabletops are typically constructed using a singlktdp computer linked to a projector and a camera.
The projector is rear or front-mounted to display the contenthe surface of the table. The camera is used
to capture the hand postures performed on the tabletopcsurf@he acquired images are processed by the
hand posture recognition system in order to detect the hastlige and interpret the underlying information.
The retrieved information is passed to the computer as iopotmands for interaction. The position of the
camera and the projector units vary depending upon the tiypppsication. Similarly, the projection and the
acquisition surfaces are either different or coupled togretiepending on the ease of the application. The
schematic representation of a typical vision based tabletierface system using a front-projected display is
shown in Figuré 4J1.

The hand posture recognition system developed in this vedied to find applicability in vision based
tabletop interactions and hence, the experimental setygoged is designed to be in accord with the config-
uration of hand posture based tabletop interfaces. Theopempsystem is a monocular vision based system
using shape based methodologies for interpreting the hasuiqgs. The acquired hand posture images are
modeled using the binary silhouettes. The hand posturegnégon system developed in this work addresses

the three major issues in hand shape interpretation. Tleey ar

e segmentation of the forearm and extraction of hand region.
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Projector

Table-top

Camera

Figure 4.1: lllustration of a tabletop user interface setup using artapinted camera for natural human-computer inter-
action through hand postures.

e oOrientation normalization of the hand postures.
e accurate recognition of postures in the presence of vigglesamd the user variations.

The identification of the hand region involves separating land from the forearm. The lack of posture
information in the forearm makes it redundant and its presémcreases the data size. In most of the previous
works, the forearm region is excluded by either making treiigers to wear full arm clothing or by limiting
the forearm region into the scene while acquisition. Howesech restrictions are not suitable in real-time
applications. The orientation of the acquired posture ghardue to the angle made by the gesturer with
respect to the camera and vice-versa.

This research work proposes novel methods based on th@pathetric measures to automatically identify
the hand and its constituent regions. The geometry of theumss characterized in terms of the abducted
fingers. This posture geometry is used to normalize for tlentation changes. These proposed normalization
techniques are robust to similarity and perspective distts. The main contributions reported in this chapter

are:

() A rule based technique using the anthropometric measafrthe hand is devised to identify the forearm

and the hand regions.

(i) A rotation normalization method based on the protru@ddiucted fingers and the longest axis of the

hand is devised.
(i) A static hand posture database consisting of 10 pestlasses and 230 samples is constructed.

(iv) DOMS are introduced as user and view-invariant handysesdescriptors. In comparison to DOMs,

some of the state-of-the art shape descriptors, namelydhgdf descriptors, the geometric moments,
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

the Zernike moments, the Gabor wavelets and the PCA desipte also studied for user and view

invariant hand posture recognition.

The proposed posture recognition framework is explainediiging the system development into three sec-

tions, namely,

1. Hand posture acquisition and database development
2. System implementation

3. Experimental studies and results

The posture acquisition and the database developmenbis@siplains the experimental setup used for acquir-
ing the hand postures and the construction of the hand godatabase required for the experimental studies.
The section also includes a quantitative analysis on thati@mns in the shape of the hand postures in order val-
idate the database for usability in the experimental studreuser and view independent hand posture descrip-
tion. The section on system implementation presents theegoes and the techniques involved in realising the
hand posture recognition system. The section on experahsiudies and the results discusses the experiments
performed to comparatively evaluate the efficiency of theppsed system with respect to the DOMs and the

other shape features. The results of user invariant andimewiant recognition are independently presented.

4.2 Hand posture acquisition and database development

The acquisition of hand posture images is the first step @svanplementing a hand posture recognition
system. The experimental setup employed for posture dtignisonsists of a monocular camera that is in-
terfaced to a computer. The two important factors to be demsd while setting up the camera for posture

acquisition are the
(i) Position of the camera
(i) View-angle of the camera

The position of the camera specifies the camera’s locatidm r@spect to the object of focus. The view-
angle specifies the angle between the camera and the objxtusf Choosing the optimal position and the

view-angle of the camera is an important task in image aiopns
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Figure 4.2: lllustration of different camera positions with respecthe object of focus in al3 cartesian space.

4.2.1 Determination of camera position

The position of the camera with respect to the object of fontleences the object details that are being
efficiently captured by the camera. The three types of catnesdions generally used while image acquisition

are the [173].
e Low-angle position
¢ High-angle position
e Normal-angle position

In the low-angle position the camera is placed below the object such that the camesahkes to be titled
upwards for focussing. Thieigh-angle positionoccurs when the camera is placed above the object and the
camera is lens is titled downwards for focussing the objébte normal-angle position has the camera at the
same height from the ground as the object of focus. The noamgle position is also known as the eye-level
position. Figuré 4J2 illustrates the variation in the caagosition with respect to the object of focus in a 3D
cartesian coordinate system.

The position of the camera for image acquisition must be emagich that the desired object region is
completely within the focus of the camera. In realtime, tpéral position of the camera for acquiring the
hand posture depends on the application. In applicatibestdible-top interaction, the postures are performed
on the surface of the table [95, 101, 104, 174]. Hence, theecalmas to be mounted in the high-angle position
such that the entire posture space lie within the focus ot#meera. In such systems, the dorsal surface of the
hand is focussed by the camera. In the case of table-togdogsr using the glass table tops for interaction,

the camera is mounted at low-angle position such that thagradurface is focussed while acquiring the hand
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é——' Light source

— > Incident rays

< Principal axis

Figure 4.3: A schematic representation of the experimental setup graglfor acquiring the hand posture images.

postures [175]. In some of the posture based interfaceragd®, 94, 133], the camera is placed at the normal-

angle position focussing the palmar surface of the handipast
4.2.2 Determination of view-angle

As mentioned in Sectidn_1.5.2.3 of Chapter 1, the view-angfiers to the angle made by the camera with
respect to the object of focus [69]. The optimal choice ofmmg angle is determined by the amount of
perspective distortionPerspective distortion is caused if the focal plane is @oaltel to the object’s surface
and/or not in level with the center of the object. Hence, thinoum view-angle is assumed to be the angle for

which the camera is parallel to the object of focus i.e., thage plane must be parallel to the object plane.
4.2.3 System setup

The setup for image acquisition consists of a tabletop an@GB Rrontech e-cam mounted on an adjustable
stand with an view of the tabletop. The postures are perfdromethe surface of the table such that the dorsal
side of the hand posture is captured by the camera. The cdraggresolution of 1280960 and is connected
to an Intel core-1l duo 2GB RAM processor. The schematicespntation of the acquisition setup is shown in
Figure[4.3B.

The table surface constitutes the object plane and theHengtidth of the tabletop used for the setup is
83 cmx 96 cm. The distance between the table surface and the ca@gria Experimentally chosen such that
the object plane is entirely focussed by the camera. Acoglgithe e-cam is placed at a height@f = 30cm
from the table surface.

In the context of our experiment, we define the viewing anGlg as the angle made by the camera with
the longest axis or the principal axis of the hand. Hence,vteepoint is assumed to be optimum if the

camera is placed parallel to the surface of the hand. Fonqerignental setup, the optimum viewing angle is
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.
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Figure 4.4: lllustrations of (a) the estimation of camera position ane view angle using al3 cartesian coordinate
system. The object is assumed to lie onthey plane and the camera is mounted alongzhris. C,, denotes the distance
between the camera and the table surface and is experityaritaten as 36m The view angle€y) is measured with
respect to the — y plane. (b) the view angle variation between the camera andlfect of focus.
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Figure 4.5: Posture signs in database.

determined to be 90 Figurg4.4(3) illustrates the estimation of camera pamsiéind the view angle with respect
to the principal axis of the hand using ® artesian coordinate system. Tke y plane is the object plane
constituting the hand posture. The variations in the vianipaf the camera with respect to the hand region are
illustrated through Figurie 4.4(b).

In our experiment, the segmentation overload is simplifieatdpturing the images under uniform back-
ground. However, the foreground is cluttered with otheeoty and the hand is ensured as the largest skin color
object within the FOV. Except for the size, there were norigtgins imposed on the color and texture of the
irrelevant cluttered objects. Also, the FOV was sufficighdrge enabling the users to perform postures more

naturally without interfering their gesturing styles.
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

4.2.4 Development of Hand posture database

The hand posture images required for the experiment arectetl from several users at different view
angles. The hand posture database is developed in ordealitats the robustness of several hand posture
features for user and view invariant hand posture recagniti

The hand posture database is constructed out in two phasdise first phase, the hand posture data are
acquired at an optimum view angle 6 = 90°. During the second phase, the hand postures images are
captured at different view angles. The database consisigatfl of 4230 postures collected from 23 users.
The data contains 10 posture signs with 423 samples for esssh The posture signs taken for evaluation are
shown in Figuré_4]5. The images are collected under thrderelift scales, seven orientations and the view
angles at 45 90°, 135, 225’ and 315.

The scale variations are achieved by varying the opticatrzobthe camera during each session of image
acquisition. The orientation change is achieved by orfpitire camera around the object of focus. However, the
view angle is maintained at 90In the second phase of data collection, changing the viewpatomatically

causes the change in the orientation of acquired image.

4.3 System Implementation

The proposed hand posture recognition system is developédoadly dividing the procedure into three
phases. They are: (1) hand detection and segmentationpri@ptization and (3) feature extraction and classi-
fication. A description of these tasks are presented beliyur€{4.6 shows a schematic representation of the

proposed posture recognition system.
4.3.1 Hand detection and segmentation

This phase detects and segments the hand data from theezhpturge. The hand regions are detected
using the skin color pixels. The background is restrictezhghat the hand is the largest object with respect to
the skin color.

Tenget al [62] have given a simple and effective method to detect shkiorcpixels by combining the
features obtained from the YCbCr and the YIQ color space® hiue valueHy is estimated from the Cb-Cr

chromatic components by

Cr
_ 1
Hy = tan (_Cb) (4.2)
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. correction removal and spatial translation
forearm region
Y
e Classification phase . _. Computation of
i DOM descriptors
Y
Nearest neighborhood ]1 Training phase
. SR Gl Storage of features [€
classification J

)
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Figure 4.6: Schematic representation of the proposed hand posturgniiom technique.

The in-phase color compone@phaseis calculated from th&GBcomponents as
Cphase — 0.596:2 - 0.27@ - 0.3ZB (42)

Their experiments conclude about the ranges$igfand the in-phase color componeDfnase for Asian and
European skin tones. The pixels are grouped as skin colefspix105 < Hy < 150 and 30< Cppase< 100.

Figure[4.7(b) illustrates the skin color detection usinig thethod for the hand posture images shown in
Figure[4.7(a). The detection results in a binary image whiely also contain other objects not belonging to
the hand. Since, the hand is assumed to be the largest skinatgéct, the other components are filtered by
comparing the area of the detected binary objects. Thetaggig subjected tmorphological closingperation
with a disk-shaped structuring element in order to obtairel @efined segmented posture image.

For a binary imagéd (x,y) defined on a discrete gri@ = {0,1,---N} x {0, 1,--- M} and the structuring

elements, the morphological closing operation denotedfoy 5 is defined as
feg=(feg)es (4.3)

feg andfog denotedlilation anderosionoperations respectively [176]. The disk-shaped struogueiement

used for morphological closing operation is shown in Fidgdig
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Example 1

->Origin

(a) Acquired images (b) Skin color regions (c) Segmented
hand images

Figure 4.8: lllustration of the disk-shaped struc-
Figure 4.7: Results of hand segmentation using skin colour dédring element used for morphological closing.
tection. The radius of the element is 3.

4.3.2 Normalization techniques

This is an essential phase in which the segmented image lisatined for any geometrical variations in

order to obtain the desired hand posture. The importandfstd be compensated in this step are
() the presence of forearm region.
(ii) the orientation of the object.

The recognition efficiency can be improved through propematization of the hand posture image. Hence,
a robust normalization method based on the posture geonsgbrpposed for extracting the hand region and

correcting the orientation.
4.3.2.1 Proposed method for rule based hand extraction

Consider a binary imagé defined over a gri@® of size (N + 1) x (M + 1). B is composed of two comple-

mentary region® andR representing the hand (object) and the background resphctThus,
R= {(x, y) ’(x,y) e B andf (x,y) = 1} (4.4)
and the complementary regidtis given by

R=B\R (4.5)
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Binary image f

Finger region Rfinge?’S
Object pixels within the circle:Palm region Rpalm

Estimated palm centroid (LL‘U, yc)

Circle enclosing
maximum neighbourhood region.

Wrist crease.

Forearm region R foycarm

Figure 4.9: Pictorial representation of the regions composing thergiimaage f. R denotes the hand region afRd
denotes the background region.

The boundaryR of the hand region is defined by the set of pixelRithat are adjacent to at least one pixel in

the regionR. It is represented as

0R= {(x, y) ’ (x,y) € Rand (xy) is adjacent to a pixel iﬁ} (4.6)

The hand region R can be partitioned in to three subregionsy @re (aRfingers (fingers), (b)Rpam (palm)

and (C)Rforearm (forearm). Hence
R= FefingersU Rpalm U Rforearm (4-7)

such that

Rfingersm Rpalm =0
Rfingersm I:eforearm =0 (4-8)

Rpalm N Rforearm =0.

Figure[4.9 illustrates these elementary regions compritie hand object R. Based on the anatomy, the palm
and the forearm can be considered as continuous smootmse@toe forearm extends outside the palm and its
width is less than that of the palm region. Conversely, tiggorecontaining the fingers is discontinuous under
abduction. Also, the width of a finger is much smaller thart tifahe palm and the forearm. Therefore, the
geometrical variations in thevidth and thecontinuity of these subregions in the hand image are used as cues

for detection.

(a) Computation of width
The variation in the width along the longest axis of the handge is calculated from the distance map

obtained using the Euclidean distance transform (EDT).HB& gives the minimum distance of an object
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pixel to any pixel on the boundary séR. The Euclidean distance between a boundary pixghf) € 6R

and an object pixelX y) € Ris defined as

Aox.yp).(xy) = \/ (X = Xp)? + (¥ — Yb)? (4.9)

The value of the EDTD(xy) for the object pixel X, y) is computed as

Dixy) = (XbTbi)’; 5Rd(xb,yb),(x,y) (4.10)

The values oD yy) at different §, y) are used to detect the subregionsRof

The straightforward implementation of EDT defined throudt8) and [(4.10) is computationally expen-
sive. Therefore, the conventional approach to fast EDTdasehe Voronoi decomposition of the image
proposed in [177] is employed. A study on the several ottgrahms proposed for reducing the compu-

tational complexity of EDT is discussed in [178].

(b) Verification of region continuity
The continuity of the subregions after detection is verifieugh connected component labelling pre-
ceded by morphological erosion. The erosion operation wisimall structuring element is performed to
disconnect the weakly connected object pixels. The strungjielement considered is a disk operator with
radius 3. The resultant is verified to be a continuous reditimere is only one connected component. If

there is more than one connected component, the detected rsyerified as discontinuous.

The geometrical measurements along the finger region vaty té users and they get altered due to
geometric distortions. However, the measures across the grad the forearm can be generalized and their
ratios are robust to geometric distortionBhe palm is an intactly acquired part that connects the fiagerd
the forearm.SinceRpam lies as an interface betwe®ingers andR¢orearm the separation of palm facilitates the
straightforward detection of the other two regions. Hetloe,anthropometry of palm is utilized for detecting

the regions in the hand image.

4.3.2.1.1 Anthropometry based palm detection The parameters of the hand considered for palm detection
are the hand length, palm length and the palm width as ifitestrin Figur¢ 4.10(h). The anthropometric studies

in [179-181] present the statistics of the above mentiorzedl lparameters. From these studies, we infer that
the minimum value of the ratio of palm lengthfzm) to palm width Wpam) is approximately B22 and its

maximum value is #3. Similar observations were made from our photometrieerpents. Figuré 4.10(b)
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Figure 4.10: (a) Hand geometry and (b) Histogram of the experimentaleslof palm length l(pam) to palm width
(Wpam) ratio calculated for 140 image samples taken from 23 petson

gives the histogram of thé‘f;ﬁ values obtained through our experimentation. This ratib lve utilized to

approximate the palm region as an ellipse. ConsiderindnalVzariations of this ratio, we take

Lpaim = 1.5 X Wpaim (4.11)
Based on the geometry, we approximate the palm reBjgm as an elliptical region with

Major axis length= 1.5 x minor axis length (4.12)

Assumingapam as the semi-major axis length abghim as the semi-minor axis length, we can write

L pal
Apalm = pzam (4.13)
Whal
Therefore,

From [4.15), it can be inferred that all the pixels consititRyam Will lie within the ellipse of semi-major

axis lengthapam. Therefore, the palm centre and the valuagii, have to be estimated for detecting the palm

region.

a) Computing the palm centreGiven that the boundary d&,am is an ellipse, its centre is known to have the

maximum distance to the nearest boundary. Therefore, titeecsf Rpam is computed using the EDT in_(4]10).

The pixels &, y) with EDT valuesDx,) greater than a threshofdare the points belonging to the neighborhood
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of the centre of the palm. This neighborhood is defined as
C ={(xy) € RD(xy > ¢| (4.16)

The centre X, Yc) is defined as the palm centroid and given by

e ye) = (|X].[Y]) (4.17)
where
— 1 - 1
X=—= X, Y=— Yis
ICl (wzi)ec Il (wzi)ec |

|C| is the cardinality ofC and| ] denotes rounding off to the nearest integer.

The threshold is selected amaxD(xy)) — 7. The offsetr is considered to compensate for the inaccuracies
due to the viewing angles. For small valuesrpthe centroid may not correspond to the exact palm centre and
large values of will tend to deviate the centroid from the palm region. Théropl value ofr is experimentally
chosen as 2.

b) Computing the semi-major axis lengthFrom the geometry, it can be understood that the nearestibogn
points from the palm centroid correspond to the end pointe@fminor axis. Hence, the EDT value at,(y.)

is the length of the semi-minor axis and therefore,

Bpaim = D(xc.yc) (4.18)
From [4.15), it follows that the length of the semi-majorsagan be given as

paim = 1.5 X Dy yo) (4.19)

c) Detecting the palmin order to ensure proper detection of the palm, the fingeonsgRyingers) are sheared
from the segmented object through the morphological ogeoreration. The structuring element is a disk with

radiusd; empirically chosen as

b alm
d = >
T 15

(4.20)

The resultant is considered as the residual and will be nexfeas theoddment. The oddment is generally

composed of the palm region and may or may not contain theufiore This impliesA € R. Therefore, the

TH-1228_06610210

120



4.3 System Implementation

Input Oddment ‘A’

Segmented image ‘[’ ® Detected palm R=R

fingers UR forearm

Morphological Abstraction of

opening palm from ‘R’

Distance ]
transformation Forearm detection

Region containing pixels
with D, >T 20

xy)

Output: Hand

Computed
ikl (xc vyc) and bpalm

® Separation of forearm

0 Sfrom *f’

Figure 4.11: lllustration of the rule based region detection and sefaratf the hand from the acquired posture imdge
The intensity of the background pixels is assigned a 0 andltfext pixels are assigned the maximum intensity value 1.

oddmentA can be defined as
A= Rpalm U Rforearm

For R with no forearm regionRforearm = @ and A = Rpam. Rpam iS @ part ofA that is approximated as an

elliptic region. Thus,

(X, Yo) €A and

R = )
palm (Xos Yo) (Xo—xc)2+(yo—yc)2<1
Apalm Bpaim

(4.21)

d) Detection of forearm The forearm is detected through the abstraction of the pagfion Rpam from the

posture imag®. The abstraction separates the forearm and the finger segiooh thaR is modified as
R= R\Rpaim = Rfingers U Rforearm (4.22)

As in the case of palm detection, the finger region is removenh R through the morphological opening
operation. The structuring element is a disk with its radialculated from[(4.20). The resultant is a forearm

region and has the following characteristics:
(i) The resultanR;erearm € A and the region enclosingsgrearmiS continuous.

(i) The width of the wrist crease is considered as the mimmwidth of the forearm region. From the
anthropometric measures in [180], the minimum value of &t rof the palm width to wrist breadth is

obtained as .29 and the maximum value is computed &51 Using this statistics, the empirical value
TH-1228 06610210

121



4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

for the width of the forearm should satisfy the relation

2bpalm

Wsorearm > m

(4.23)
e) Identifying the finger region Having detected the palm and the forearm, the remainingpsect the hand
imageR will contain the finger region if it satisfies the following mditions,

o I:efingers ¢ A

e The region enclosin&yingers is marked by irregular boundary, if more than one finger isuabet.

e The width of a finger (maximum EDT value in this section) is mmdess than that of the palm and the

forearm. Experimentally,

bpalm
2

Wfinger < (424)

A procedural illustration of the proposed rule-based mefloo detecting the hand region from the input image
is shown in Figuré_4.11. After detecting the hand region, ghels belonging to the forearRorearm are

assigned with zero values, thus includiRgyearmin the background.

4.3.2.2 Proposed approach to orientation correction

The orientation of the hand can be assumed to imply the atientof the hand posture. In a hand posture
based system, the information is conveyed through the fiogdigurations. Since the human hand is highly
flexible, it is natural that the orientation of the oddmenghtinot be the orientation of the fingers. Hence, the
major axis of the hand posture is not sufficient to estimageatigular deviation that is caused by the fingers.
Therefore, in order to align a posture class uniformly, therdation with respect to the abducted fingers is uti-
lized. If the number of abducted fingers is less than 2, trentation correction is achieved using the oddment.
a) Orientation correction using finger configuration The normalization of rotation changes based on the fin-
ger configuration is achieved by detecting the tip of the atetiifingers. For this purpose, the boundary points
(xp, Yp) are ordered as a contiguous chain of coordinates using-tdmaectivity. Any one of the boundary
pixels that is not enclosed within the region containing éirsgis used as the starting point and the ordering is
performed in the clockwise direction.

Supposez is the length of the boundary measured in the number of pix@lsdistance curvey(2) is

generated by computing the Euclidean distances betweepalhe centroid X, y;) and the boundary pixel

(Xo, Yb) atzusing [4.9).
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The curveg is smoothed using cubic-spline smoothing [182]. The rasitilils a smooth curve consisting of
peaks that correspond to the finger tips of the hand postuneselpeaks are detected by computing the first
and the second order derivativesgafising the finite difference approximations. Thg$z) is considered to be

a peak if
| (@|<¢andg’ (9 <0 (4.25)

where¢ is the user defined minimum permissible difference. Thedidifference approximations,

g(z+1)-g(z-1)
2

g@= (4.26)

and

g(z+1)+9g(z-1)-29(2
4

9'@= (4.27)

are used to implemerit (4125). In some cases, a few peaks ma&gpond to the palm region. These points are
easily eliminated by verifying their presence in the oddim&nThe 2 coordinate positions of the detected
peaks are utilized to find a representative peak for eachcabdifinger. The distance curve corresponding to a
posture and the detected finger tips are shown in Flguré 4.12.

Let L be the total number of detected peaks and = 1, ..., L define the position vectors of the detected
points with respect t@x, Y¢), indexed from left to right. These vectoys are referred as tHmger vectorsaand

the central finger vector i5 computed from

yia if Lisodd
y (4.28)

~<— otherwise

The postures are assumed to be perfectly aligned if the v@ésoat 90 with respect to the horizontal axis of
the image. Otherwise, the segmented hand posture imagéésraiated by 90— 2y.

b) Orientation correction using the oddment The geometry of the oddment is utilized to correct the
orientation of the hand postures with only one abducted fiagd the postures like tHest The shape of the
oddment can be well approximated by an ellipse and henceyigetation of its major axis with respect to the

horizontal axis of the image gives the approximate rotatiogle of the hand posture.
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Figure 4.12: Description for finger tip detection using the peaks in thstadice curve: - - - - denoteg”

4.3.2.3 Normalization of scale and spatial translation

The scale of the rotation corrected posture region is nozedhland fixed to a pre-defined size through the
nearest neighbor interpolationdown sampling technique. The resolution of the segmentstupmimage is
fixed at 104x 104 with the scale of the hand object normalized to<@4.

The spatial translation is corrected by shifting the palmired (X, yc) to the centre of the image. Accord-
ingly, the centroids of the hand posture images are shii¢d2 52).

Therefore, the resultant is the segmented hand posturesithagis normalized for transformations due to

rotation, scaling and translation.
4.3.3 Feature Extraction

The shape of the normalized hand posture images are refgdsgsing the proposed DOM based shape
descriptors proposed in Chapter 3. The shape descriptosdittte the unique features extracted from the hand
posture. Thus, the first set of features extracted are thetkh@auk and the discrete Tchebichef moments based
features.

Based on the review of several shape features presentedaipteé®®, the other robust hand posture de-
scriptors considered along with the DOMs for comparativedweation are the (a) Fourier descriptors (FDs); (b)
geometric moments; (c) Zernike moments; (d) Gabor waveledsthe (e) PCA based features.

Given the normalized hand posture shdp,y), the extraction of the shape features are explained as

follows.
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4.3.3.1 Extraction of moment shape descriptors

The moment based shape descriptors that include the geontbtr Zernike, the Krawtchouk and the
discrete Tchebichef moments are region based descripyoper choice of the order of the moments is an
important factor in deriving the moment features. The oafdhe orthogonal moments are chosen based on
the reconstruction accuracy.

a) Extracting the proposed DOM based shape descriptor@he DOPs namely the WKPs and the DTPs
required for approximating the functioh(x,y) are derived from[{3.30) and _(3164) respectively. The corre-
sponding Krawtchouk and the discrete Tchebichef momenafes are computed using (3171) ahd (B.72) re-
spectively. For the Krawtchouk and the discrete Tchebiot@hents computed up to ordgr+ m), the number

of moment features obtained dre+ 1) (m+ 1).

b) Extracting the geometric and the Zernike moment descripbrs The non-orthogonal geometric moments
of order (1 + m) representingf (x,y) are derived usind (2.11). The order of the geometric momiernthosen
experimentally as 14n(= 7 andm = 7).

The continuous orthogonal Zernike moment features are atedpusing the formulation given through
(2.12) and[(Z.13). In the case of Zernike moments, the rémetn is chosen to take only positive integer
values. For order up toandm > 0, the number of Zernike moment features obtained can bly easified to
be(§ + 1)2 if nis evenand &3 if 1 is odd

An example illustrating the reconstruction accuracy ofabenike, the Krawtchouk and the discrete Tchebichef
moments for various choice of number of moment featuresawshn Figurd 4.13. The images reconstructed
from the moments based approximations at various ordeiharersin Figuré 4.13(b). The reconstruction error

computed in terms of the SSIM index and the MHD values are shawigurel 4.13(d) and 4.13(d) respec-

tively. From the plots, we infer that for the given order, #wtchouk moments exhibit comparatively higher
reconstruction accuracy. The results in Figure 4.13(byvstinat the images reconstructed using the Zernike
moments are comparatively not well defined. It is noted thatdoncavities are better defined in Krawtchouk
based approximation and the rate of convergence towardsptiveal value is faster in the case of Krawtchouk
moments. For higher orders, the Zernike moments becomenaiiye unstable resulting in higher reconstruc-
tion errors. However, at lower orders, the performance efabrnike moments is almost close to that of the
discrete Tchebichef moments. As the order increases, tti@rpance of the discrete Tchebichef moments is
close to that of the Krawtchouk moments.

Based on the analysis on reconstruction error, the anderthe Zernike moments is chosen as 29. Be-
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Figure 4.13: lllustration of reconstruction of the hand posture shapedftierent orders of orthogonal moments. (a)
Original hand posture shape; (b) Shape reconstructed fritogonal moments. Comparative plot of (c) SSIM index vs
number of moments and (d) MHD vs number of moments.

yond this order, there is only marginal improvement in theorestruction accuracy. Also, it is known that
the computational complexity of the Zernike moments insesawith the order. Therefore, as a trade-off be-
tween the computational time and the reconstruction acguthe order is chosen as= 29. The optimal
choice of the ordefn + m) for the Krawtchouk and the discrete Tchebichef momentstameen as 80 such that
n = 40 andm = 40. At this order, we observed that both the moments exhibitar performance with higher

reconstruction accuracy.
4.3.3.2 Extraction of non-moment shape descriptors

a) Extracting FDs The FDs representing the hand postures are derived fromaimedary of the hand
posture images. The number of boundary points represetitenghape boundary are normalized to a fixed
value. The points on the shape boundary for efficiently réng the hand postures are chosen at uniform
intervals and the number of boundary points is experimgntilosen as 255. For these poiffsy) € B, the
FDs are computed using (2.9) and (2.10).

b) Deriving Gabor wavelet featuresThe Gabor wavelet features are derived from the normaliaed posture
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images using the formulation given in_(2126). The numberoafles and the orientations are experimentally
chosen as 8 and 10 respectively. As per the experimentakestird [4], the optimal value of width of the
Gaussian function is chosena@s= = and the center frequency is chosenw®gsx = 3.

¢) Computing PCA featuresSimilar to the moments based approach, the PCA based mathaggion based
shape descriptor. The PCA based shape features are contipitegh the steps explained in Section 2.3.2.2.
The PCA features are estimated using the definitions in2dl{.16) and the projected images are computed
using (2.17).

The number of eigen components required for computing Hresformation matrix is experimentally cho-
sen based on the reconstruction accuracy. Given the eidaasvd,, Ao, --- , Ax} , the eigen values to be
retained is computed from the ratio [183],

A

Xeigen= —— ; I <k (4.29)
A

M-

[t

The number of eigenvalugdor which the ratioyeigenis atleast ®5 are chosen to form the projection matrix.
This ratio implies that 95% of the variance present in the @a¢ retained by the firshumber of eigenvalues
that are arranged in decreasing order.

Based on[(4.29), the number of eigen components repregedi of the data variance is obtained as 130.
Therefore, the eigenvectors corresponding to the first iggghealues can be used to form the transformation
matrix Wyca. However, the experiments on reconstruction accuracyneghect to the varyinghave shown that
the number of eigen components required for accuratelynstnacting the image from the PCA projections is
only 30. An example, illustrating the shape reconstructioouracy of the PCA projections for varying choice
of number of eigen components is shown in Figure 4.14. Thenstouction accuracy is computed using the
SSIM index and the MHD value. The results show thatlfer30, the reconstruction accuracy in terms of the
SSIM index is around .89 and the MHD value is around® Beyondl = 30, the improvement is not very
significant and hence, it suggests that the eigenvectorsggmnding to the first 30 eigenvalues are sufficient
for forming the transformation matrix. Fbe 30, the ratigyeigenis 0.78 implying that 78% of the data variance

are represented by the first 30 eigenvalues.
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Figure 4.14: lllustration of shape reconstruction with respect to vagyiumber of eigen components (a) Original shape;
(b) Shapes reconstructed from the PCA projections for iiffenumber of eigenvalues and (c) the results of binadsati

of the reconstructed shapes in (b). The threshold for Eatidn is uniformly chosen as 120. Comparative plots of (d)
SSIM index vs number of eigenvalues and (e) MHD vs numbergémialues, computed between the shape in (a) and
the reconstructed binary shapes in (c).

4.3.4 Classification
Considerzs andz as the feature vectors of the test and the target shapese iaférence set ) respectively.

Then, the classification & is done using the minimum distance classifier defined as

:
o (25,2) = ) (25— 2)° (4.30)
=1

Match= arg min(d;)
t)

wheret is the index of signs in the reference set dnid the dimension of the feature vectors.

4.4 Experimental Studies and Results

The performance of the proposed DOM descriptors in comgangith the other shape descriptors dis-
cussed above is verified through two different experimenthand posture shapes. The first experiment stud-
ies the user independence characteristics of the shapeplesc The second experiment is for verifying the

robustness of the shape features in view invariant handifstpresentation.
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Of the 4 230 hand posture images corresponding to 10 posture cl@26¢9 are collected during the first
phase at a view angle of 9@nd the remaining,B70 are collected during the second phase by varying the view
angles. We refer the dataset taken &t 89Dataset land the remaining data &ataset 2 The 10 postures
classes in the database are labeled from O to 9.

The Dataset 1 consists of postures that vary due to sinyikasihsformations of rotation and scaling. Dataset
2 consists of postures that are taken at different view armel scales. Due to the viewing angles, the postures
undergo perspective distortions and the view angle variaiso imposes orientation changes. Thus, the pos-
tures in Dataset 2 accounts for both perspective (view aagié similarity (orientation and scale) distortions.
Also, the postures in Dataset 1 are collected cautiousliy gt there is no self-occlusion between the fingers.
But, while collecting the samples in Dataset 2 the precastiwere not taken to control self-occlusion which
might occur due to either the user’s flexibility or the viewglmvariation. Therefore, it can be expected that
the hand posture shapes in the Dataset 2 are more distoaiedhibse in Dataset 1. The variations in the hand
posture shapes caused due to user and viewpoint changasatéajively analyzed using the Pratt's FOM and

the correlation coefficient.
4.4.1 Quantitative analysis of hand posture variations

The structural variations between the hand posture imafjeaah class are verified from the intraclass
and the interclass distances among the hand posture imagesintraclass and the interclass distances are
computed using the Pratt’s FOM and the correlation coefficieThe samples required for this analysis are
randomly chosen from Dataset 1 and Dataset 2. The referatgeiired for computing the distances are
taken from Dataset 1 and there are 23 samples per hand potigsecomprising of data collected from 23
users. Similarly, the query set is formed by collecting 6@gies per posture class from each of Dataset 1 and
Dataset 2.

Figure[4.15 illustrates the intraclass distances compuotgims of the Pratt's FOM. By comparing the plots
in Figure[4.15(a) and Figute 4]15(b), we can infer that mb#t@samples in Dataset 1 exhibits comparatively
higher values of FOM. Further, it is also evident that thegeaaf variation in the FOM values corresponding to
the samples from Dataset 2 is more than that of the samplesDiataset 1. The standard deviation plot of the
intraclass FOMs shown in Figure 4116 shows the variabitityhie values of Pratt's FOM with respect to each
class . By comparing the standard deviation values obtdimedach class, it is observed that the intraclass
distance is comparatively less only for the samples frontypeslasses 6, 7 and 9.

The plots illustrating the comparison between the intiscland the interclass distances for hand posture
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Figure 4.15: Intraclass distance measured in terms of Pratt's FOM fopsesrin (a) Dataset 1 and (b) Dataset 2. The
reference set is taken from Dataset 1. There are 690 testingles with 69 samplésposture sign in each of the dataset
and 230 samples in the reference set with 23 sampbesture sign.
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Figure 4.16: lllustration of variability in the intraclass FOM valuestivirespect to samples in each posture class.
images in Dataset 1 and Dataset 2 are shown in Figure 4.17pldtseare generated by computing the average
of the correlation values obtained with respect to the samiol each posture class. From the distance values,
it is evident that the intraclass samples exhibit higheiilaiity than the interclass samples. This implies that
the posture signs comprising the database are structaliatipct shapes.

As we examine the correlation values in Figlire 4.17 obtafoedDataset 1 and Dataset 2, it is observed
that the correlation values with respect to the interclasgpes are over.B5. Further, the maximum difference
between the intraclass and the interclass correlatioresasuapproximately around 25%. Despite the structural
distinctiveness, these values indicate that the samplesspmnding to any class exhibit approximately 50%
structural similarity with respect to the samples in eveheo class. Therefore, it is clear that the hand posture
shapes of different classes consist of overlapping regions

It is known that the hand is composed of the palm and the firggions. Of these, the fingers move at

different degrees in order to constitute different handyres. The palm region is a static region and the hand
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Figure 4.17: lllustration comparing the intraclass and the interclaasability of the samples in (a) Dataset 1 and (b)
Dataset 2 based on the correlation measure. The correlaioes exhibits the region based similarity between the
samples.

postures considered in this work are such that the oriemtaif palm is uniform for all the hand postures.
Therefore, with respect to shape, the overlapping regiordifierent posture classes mainly comprise of the
palm region. Along with the palm region, it is also observeat in some of the posture signs the finger regions
also overlap such that some of the posture shapes in theadatalan be considered as the subsets of other
posture shapes in the context of finger configuration.

The illustration of hand posture shapes that constitutsthset of other posture classes due to overlapping
finger configurations is shown in Figure 4.18. Among the pesthapes, the shape of posture ‘5’ can be
considered as a superset with respect to which the fingergewafions of all the other posture classes for the
subset. Since, the palm region is uniformly present ovahalbosture shapes, posture ‘0’ forms the subset of
all the posture signs in the database.

Due to these associations between the hand postures, ¢énelasts correlations between the hand posture
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Figure 4.18: lllustration of the classes of the hand posture shapes that the subsets of other posture class in the
context of finger configuration.

shapes illustrated through Figlire 4.17 are high. On comgdalnie correlation values obtained for Dataset 1 and
Dataset 2, it is clear that the intraclass correlation aeddifference between the intraclass and the interclass
correlation values decreases for the samples in Dataseu@hef, due to viewpoint changes the interclass
correlation between the posture classes that form the deharpostures contained in the corresponding subsets
is observed to increase.

The above analysis on the hand posture variations in terntiseointraclass and the interclass distances
suggests that the database is composed of hand posturesimvailyenore structural deviations indicating the
effects of user variations and the viewpoint changes. Toerethe above analysis validates the applicability

of the developed hand posture database for experimentomng view invariant hand posture classification.
4.4.2 Experiments on hand posture classification

In this study, two sets of experiments are performed to aedtlye efficiency of the proposed DOM based
hand posture recognition technique. The first experimerties the user independent characteristics of the
DOM features. The second experiment concentrates on siydye view invariant classification accuracy of
the DOM features. The performance of the DOM features in tiwtexperiments is verified in comparison with
the hand posture descriptors obtained using other stateeddrt features discussed in Secfion 4.3.3. The details
of the experiment and the results obtained for user indepp@rehd view invariant hand posture classification

are discussed as follows.
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Figure 4.19: Examples of the hand postures taken from Dataset 1 to forimaheng set.

4.4.2.1 \erification of user independence

In order to perform the experiment, the training and therigstamples are taken from Dataset 1. As stated
earlier, the hand postures in Dataset 1 are collected atgtimam view angle such that they do not undergo
perspective distortions. Therefore, the variations antbhedhand posture samples in Dataset 1 are only due to
the user variations. For this reason, the experiments fafiyirey the user-invariance are performed using only
the samples in Datasetl.

The user independence of the shape descriptors is verifigdrigyng the number of users considered while
training. The number of users considered in forming theingi set for experimentation are varied as 23, 15,
7 and 1. Thus, the largest training dataset consists of 28@lsa with 23 training samples per class. Some
examples of the hand postures contained in the trainingreesteown in Figuré 4.19. The classification is
performed on 2030 testing samples that are collected from 23 users.

The consolidated classification results for differentdieadescriptors are given in Tablel4.1 and the posture
wise overall classification rates are shown in the plots gufg[4.20. The confusion matrices with respect to
the classification results in Takle 4.1, obtained for eaepstdescriptor are given in Tablesl4[2 14.8. From
the consolidated scores in Tablel4.1, it can be observedhfdtrawtchouk moments, the discrete Tchebichef
moments and the PCA technique exhibit almost similar paréorce and they offer high classification accura-
cies for varying number of users in the training set. Paldity) the DOMSs offer high classification accuracy
than the PCA method as the number of users in training is egtite1. The Zernike moments and the Gabor
wavelets offer better results than the geometric momentdstia® FDs. The geometric moments exhibit the
poor performance in terms of the classification rate. Thdusion matrices corresponding to the FD based
classification results are given in TabJes 4,6(g) - 4]6(cpnfthe posture wise classification results obtained
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Table 4.1: Comparison of classification results obtained for varyinmber of users in the training set. The number of testing &snp
in Dataset 1 is 2030. (% of CC- Percentage of correct claasiic)

CLASSIFICATION RESULTS FOR THE TESTING SAMPLES FROM DATASE T 1 BASED ON
No. of No. of discrete
users in the Training Krawtchouk Tchebiche Geometric Hern Gabor
Training samples per moments momentg moments moments FDg veletga PCA
set gesture
% of CC % of CC % of CC % of CC % of CC % of CC % of CC
23 23 95.22 95.47 82.07 91.87 88.08 92.81 95.37
15 15 94.98 95.12 78.47 90.44 86.01 91.23 94.83
91.97 92.25 72.66 86.11 82.71 87.24 92.2f
1 1 82.12 82.27 59.16 68.13 65.52 73.65 78.8f

for varying number of users during training, it can be obsdrthat the misclassifications in FD based repre-
sentation have occurred for samples with almost similandaty profiles. The posture classes 1, 2, 8 and 9
exhibit higher misclassifications as the number of userkenttaining set vary. Similarly, posture 6 is mostly
mismatched with posture 7 and the misclassification ineeé&s decreasing number of users while training.
Apart from these, the samples belonging to other postussetaexhibit almost similar classification rates for
varying number of users.

In the case of geometric moments, the rate of misclassticatcreases considerably as the number of users
in the training set decreases. Further, the decline in thssification accuracies indicates that the geometric
moments provide the least user independence. The postseezlassification results of the geometric moments
obtained for varying number of users in the training setaloelated in Tablds 4.4(a)) - 4.4/(c). From these results,
it is observed that most of the mismatches have occurred guthenpostures that are geometrically close. For
example, posture 3 is mostly misclassified as posture 2upo4tis misidentified as posture 7, posture 2 is
recognized as either posture 1 or posture 3 and posture Aéhetbas posture 2. It is also observed that in the
case of geometric moments there is poor perceptual comdspcoe between the mismatched postures. This is
because the geometric moments are global features andnhesepresent the statistical attributes of a shape.

The Zernike moments offer better classification rate thangometric moments even as the number of
users considered for training decreases. From the compighkescores of the classification results given in
Tables 4.5(a) [ 4.5(F), it is understood that the accurac¥eshike moments is mainly reduced due to the
confusion among the postures 1, 8 and 9. Since the Zernikm@ulials are defined in the polar domain, the
magnitude of the Zernike moments for shapes with almostairhbundary profile will also be approximately
same. Hence, similar to the FDs, the misclassification ircse of Zernike moments occurred between the
postures that have almost similar boundary profiles. Frars#imples shown in Figure 4119, it can be noted
that the postures 1, 8 and 9 have almost same boundary paniildsence, are frequently mismatched.
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4.4 Experimental Studies and Results

Figure 4.20: Plots of the posture wise classification results for (a) 28sigb) 15 users; (c) 7 users and (d) 1 user in the

training set.
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

Table 4.2: Confusion matrix corresponding to the results in Tablé drKfrawtchouk moment features with respect to varying numbe
of users in the training set and 203 testing samglesture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

O/ Q/H /H Q/A

1P 1|12(3|4| 56| 7 8 9 1P 01|23 4| 5[ 6] 7 8 9 /P 01|23 4| 5[ 6] 7 8 9 /P 01|23 4|5/ 7 8 9
0 [200 1 2 0 [199 1 3 0 |197 1 5 0 |19§ 4 1

1 189 15 1 191 12 1 193 11) 1]1f1911 1 71 1] 1
2 2 19§ 3 2 203 2 4 1199 2 | 2]43[15

3|1 201 1 312 199 1 1 3|1 192 1] 1 70 1 3 194 1[ 1 6] 1

4 12 2198 1 4 12 2198 1 4 |2 198 2| 1 4 [5]2 4189 2 1]
5 201 2| 5 201 2| 5 207 2| 5 200 3

6 3 174 2§ 1] 6 5 174 23 1| 6 8 154 41 6 18 91 81 11 2
7 1[1 1[{19% 5 7 21 3191 6 7 1]3 11197 1 7 2[42 3 15

8 [4]3 2 1] 3[19p 8 [7]2 4 1] 3[18p 8 [4]5 4 1] 1 lSB_ 8 [12] 3|19 1] 1 1p 2[ 197
9 |3 6|6 188 9 [5 5|7 186 9 [ 1 4] 3 2329 149 9 |5 2] 21 12 3d 133

Table 4.3: Comprehensive scores of the classification results in Haliléor discrete Tchebichef moments based features witleots
to different number of users in the training set and 203ngstampleggesture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

IISIP 01|23 4| 5[ 6] 7 8 9 IISIP 01|23 4| 5[ 6] 7 8 9 I/OIP 0O(1]|2[3| 4| 5[ 6] 7 8 9 IISIP 01|23 4|5/ 7 8 9
0 [20d 1 2 0 [199 1 3 0 [197 1 5 0 [1979 5 1
1 189 14 1 191 12 1 193 11 1]1f1911 1T 77 1] 1
2 1 (199 3 2 203 2 41199 2 | 2[43]15
3 207 1 312 20 1 3|1 193 1] 1 6] 1 3 194 1| 1 4] 1
4 12 219 412 1199 1 412 199 1] 1 4 |5]2 3[190 2 1]
5 201 2|11 5 207 2|[ 5 207 2|11 5 204
6 3 176 23 1| 6 6 174 22 1| 6 9 1559 39 6 29 90 71 13 1
7 1(1 1194 6 7 21 3[190 7 7 1|3 1]197 1 7 2[42] 3 15i
8 [3]3 2 1] 3[191 8 [4[2 4 1] 3]18p 8 4[4 4 1] 1]18p 8 [ 9[3]15 1] 2 1P 2] 199
9 |3 8|5 187 9 [ 4 1 67 185 9 |1 3] 3 26| 27 148 9 |5 2123 1]12 2 131

Table 4.4: Confusion matrix corresponding to the results in Tablé drlgEometric moments based features with respect to differe
number of users in the training set and 203 testing sanupsture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

I/S/P 01|23 4| 5[ 6] 7 8 9 I/IS/P 01|23 4| 5[ 6] 7| 8 9 I/O/P 0Of1]|2[3| 4| 5[ 6] 7| 8 9 I/I?/P 0(1]|2 3| 4|59 7/ 8 9
0 [179 118/ 1 1] 8 9| 0 |1794 5[ 1] 12 3 1 7 3| 0 |16§ 4| 1] 14 4 1 0 |167 33| 1 2
1 184 19 1 185 1] 17 1 177 1] 2§ 1 153 2| 9] 5[ 4 2¢ §

2 18163 13 4 2 1 14 1712 18[157 19 6 i 1 1] 2 26]13% 29 8 2l 1 2] 2 11149 34 2 7|

3 | 4] 1[5312¢ 17 1 §| 3 | 5] 1]65108 1 5[ 3 [19 54| 100 2 I g 3 |16] 6[2011p 1 L 3 3p
4 [1]1]12/1816Dp 5 2 34 1{ 4 ]1]1[15 15158 §5 3 4 3| 4 ]1[2]2]1915p 5 1 4 3 4([1]2 8|119 1 16 1p
5 13(179 7 4|1 5 22(16% 13 3| 5 2 22|15% 21 3| 5 36(161 1| 4
6 1 1]10[ 5]156 2 3[ 6 5 16] 6[150 23 1f 2[ 6 1 230 1[12p 38 1 1| 6 45[18[88 44 1 3
7 1[17] 2] 3 3[17p § 7 1]10 2] 3 5] 17p 7 7 1]15 2| 4 4/ 171 4§ 7 14(69 12 3 1104 2 2
8 |9]3]| 3] 5[13 2| 1 167 8 [11] 2| 4] 2] 27 3| 1] 198 8 [13] 4| 3] 2] 34 4 14-{3_ 8 |15] 2[24 14 1p 1 129

9 1[4 2] 12 18 9 [3[2]1]8 2| 2§ 6 9 [2]2]2]9] 4 5/ 41 134 9 [1[1 11] 14 447 3111

Table 4.5: Confusion matrix corresponding to the results in Téblé driziernike moment features under varying number of users in
the training set and 203 testing samptgssture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

/H /F /H O/H

1P 0|1]|2| 3| 4| 5| 6/ 7 8 9 1P 0|1]|2|3| 4| 5| 6/ 7[( 8 9 /P 01| 2| 3| 4| 5/ 6[ 7| 8 9 /P 0| 1|2/ 34|54 7 8 9
0 (1779 4 189 4|| 0 |17 6 170 5| 0 |161 12 1 14| 0 (153 12 38
1 18(Q 5/ 3/ 15| 1 174 4] 6] 19| 1 16§ 314 3] 15| 1 13§ 4] 36 28
2 4 (194 2 4 (193 6| 2 5184 14| 2 7184 20 1 89
3 1198 3 1 3 1198 3 1 3 19§ 3 1 1]| 3 195 6 2
4 1200 1 1{[ 4 2 (1971 2 2 4 11204 2 4 9 (194
5 199 4 5 1971 6 5 1[196 6 5 51193 §
6 184 17| 1| 3|| 6 181 17| 1| 4|| 6 17¢ 26| 1| 6 1 1 69130 1| 1
7 3 199 1 7 213 1119% 2 7 213 197 11| 7 24 1 151 1| 2¢
8 18 2(161 24| 8 17 2(160 24( 8 32 1]12 144 14| 8 25[ 3] 5 3 14 10p 4b
9 8 1]19[175 9 17 1| 4] 15 16p 9 17 5(25 37 124 9 30 9| 48 14 10p
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4.4 Experimental Studies and Results

Table 4.6: Confusion matrix corresponding to the results in Tablé 4rlFD based representation with respect to varying number of
users in the training set and 203 testing sam\glesture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

/P /P O/ /H

1P 0|1|2|3| 4| 5| 6] 7] 8 9 1P 0|1]|2|3]| 4| 5| 6] 7] 8 9 1P 0|1| 23| 4| 5| 6] 7] 8 9 /P O0|1|2|3| 4| 5/9g 78§ 9
0 |19 2 6 0 193 4 6 0 [197 12 0 [20Q 3
1 15§ 411 7| 1 144 471 12| 1 153 1136 13 1 179 13 1/ 4 6
2 21201 2 21201 2 204 1 1] 1f| 2 154 6 39
3 11198 2 1 1| 3 11198 2 1 1| 3 194 2 1 2| 3 199 1 3
4 2 1201 4 2 1207 4 2 1201 4 41194 5
5 5 (19§ 5 5 (19§ 5 10{ 19 5 25[17¢ 2
6 3 184 14 1| 1f| 6 6 17119 1 6 4 151 4§ 6 14 6112 2
7 2|1 41189 2| 5| 7 2 4118% 3| 9| 7 5 11188 5| 4(| 7 47 4| 68 22 67
8 20 1(168 14| 8 21 2166 14| 8 37 5/143 14| 8 89 5( 31 33
9 41 63 99 9 47 73| 83| 9 62 80| 61| 9 80 44 11 64

Table 4.7: Confusion matrix corresponding to the results in Tablé drX¥abor wavelets based features under varying number of use
in the training set and 203 testing samfygessture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

/H /F /H /H

1P 0|1]|2|3| 4| 5| 6/ 7 8 9 1P 0|1]|2]|3| 4| 5| 6/ 7[ 8 9 /P 0|1]|2| 3| 4| 5| 6| 7 8 9 /P 0|1]|2|3| 4| 5/ 7 8 9
0 (174 7 5[ 19| 0 [16§ 10| 6( 24| 0 |163 14 71 19| 0 |149 36 21 2| 14
1| 2]|177 20110 11 1 | 2 (177 211 11 1 | 9173 1] 5] 5/ 1 1 |42|142 4 21 1] 1
2 193 31 7 2 193 3| 7 2 1187 5] 14 2 318§ 1 4l 7
3 187 1 19 2| 3|| 3 189 1 9] 2| 2|| 3 16]172 1 71 5 2| 3 1[10[17 13 1 2
4 119§ 1] 3 4 119§ 2| 2 4 11200 2 4 3 (159 1 19 21
5 197 6 5 195 8 5 197 6 5 197 6|
6 [1]3 1 190 8 6 |7]4 1 184 6 1| 6 |11] 10 1 16D 9 3| 6 [29] 1 11 19 7p 6! 1
7 111]3 1196 1] 7 111]3 1196 1] 7 | 1] 1|15 11184 1 % 1152 33 1 11p
8 8|5 4 lm 8 |10 9 41179 1f| 8 |15] 13| 9(16p 1f| 8 [ 1]46] 1 18 13p 2|
9 [4]1 1] 8 (189 9 [6]1 14| 6 176 9 [ 5] 3 26| 8 16l 9 | 4 3¢ 9 154

Table 4.8: Confusion matrix corresponding to the results in Tablé drlP’CA based description with different number of users & th
training set and 203 testing samplgssture.

(a) 23 training samplegesture.  (b) 15 training samplegesture.  (C) 7 training samplegesture.  (d) 1 training samplegesture.

/P /H O/H O/H

1P 0|1| 23| 4| 5| 6] 7] 8 9 1P 0|1 23] 4| 5[ 6] 7| 8 9 1P 0|1]| 23| 4| 5| 6] 7] 8 9 1P O|1|2|3] 4] 5/ 4 7] 8 9
0 (199 3 1] 3 0 [195 4 1] 3 0 |193 5 4| 1| 0 |189 1Q 3 1
1 184 14 111 1 18¢ 2 14 1] 1 18¢ 2 15 1| 1184 10 7] 1]
2 1 |202 2 11204 2 4 {199 2 |1 2]62(13
3|2 200 1 3|2 200 1 313]|2 184 3 8| 3 3 |1]2f1]18]1 1 14 3
4 14 199 4 14 1]197 1 4 14 19 2 4 | 4] 10 1]16% 2
5 194 3 6|| 5 199 4 6| 5 199 5 5| 5 411732 2| 4
6 1 171 24 1|| 6 1 179 22 1| 6 3 152 47| 1| 6 29 64 87 20 2
7 411 193 5 7 5[1 3[18¢ 8 7 3[2 2(19% 1 7 125|522 2 14p
8 [2]3 1 1 2]194 8 [3]2 1 1 119 8 |2|1]|7 2 1119D 8 |3 10 4 13 1] 17p
9 [4]1]1] 2 2 198 9 | 4| 2 2 8 1921 9 |3 7 9 184 9 | 3 1 1] 6| 1[19L

In the case of Krawtchouk moments, the mismatch has occbetudeen the postures with coinciding re-
gions. As per the results in Tables 4.2(&) - 4]2(c), the pesta, 6 and 9 exhibit higher misclassifications.
Further, it is observed that the posture classes 6 and 9 shoificant improvement in the classification ac-
curacy as the number of users in the training set increasesn Ibe noticed that posture classes 1 and 6 are
frequently mismatched with posture class 7 and postures @ds mismatched with posture classes 6 and 7.
Similar observations can be made from the results obtaioedi$crete Tchebichef moment based features.
From the confusion matrices given in Talles 4)3(a) - 41 3(@,clear that the misclassifications in the case of
discrete Tchebichef moment features are similar to the Kiasuk moments.

The misclassifications in DOM based representations ocbenvthe hand posture images consist of over-
lapping regions. With respect to the shape, some postuns gighe dataset can be considered as the subsets

of other signs in the context of spatial distribution of thagkels. To show that, in DOMs based representation
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description
Test posture Obtained match Actual match in Test posture aimdst match Actual match in
posture ‘1’ posture ‘7’ Training set of posture ‘1 postuge * posture ‘7’ Training set of posture ‘9’
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Figure 4.21: Examples of results from DOM based classification. Thetitat®n is presented to show that the DOM de-
pend on the similarity between the spatial distributiorhef pixels within the posture regions. The spatial corredpane
between the postures is analyzed based on the shape bouhdarnybe observed that the maximum number of boundary

pixels from the test sample coincide more with the obtainattinrather than the actual match.

Trained postures Tested postures Mismatched as
o e posture
posture ‘1 posture ‘1 P . B )
@ - posture
posture ‘6 posture ‘6 g e e e e e
Q -~ posture
posture ‘9 posture ‘9 7oy e T T e O

Figure 4.22: Results from the experiment on user invariance. Exampléiseofesting samples that are misclassified in
DOMs based method. The correspondence of the test postuteeaabserved to be high with respect to the mismatched
posture rather than the trained postures within the sanss.cla

the confusion has occurred between the postures with alsansé spatial distribution of the pixels, a simple
analysis is performed by comparing the spatial distributtbthe boundary pixels. If the boundary pixels ex-
hibit higher correspondence, so will be the regions withim boundaries will exhibit similar correspondence.
Figure[4.21 illustrates a few examples from the misclasgifios in posture classes 1 and 9. It can be veri-
fied that the spatial distribution of the pixels in the tesstpoes coincides highly with the matches obtained
through Krawtchouk moments based classification. Some ghesnof these misclassifications along with the
corresponding training postures are shown in Figure| 4.22.

The comprehensive scores of the classification resultsnaastdor Gabor wavelet based hand posture de-

scription are given in Table 4.7{a) and Taple 4]7(c). It isnsthat more misclassification occurs due to the
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Projection vectors for the training set Projection vectors for samples from the testing set
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Figure 4.23: lllustration of separation between the hand posture ctaissBCA projection space.

posture classes 0, 1, 3, 6, 8 and 9. The mismatch in Gabor etavesed description occurs between the sam-
ples with similar edge magnitudes and the orientations.ekkample, the posture class 9 is mostly mismatched
with posture class 6. In Section 4.4.1, it has been showrtliegbosture sign 9 can be considered as a subset
of posture sign 6. The coinciding thumb finger region in bidse posture classes have same orientation and
hence, these postures are matched. From Table 4.1, it cdseeved that the rate of misclassification in Gabor
wavelets based classification drastically increases wiemuimber of users in training is decreased to 7. As
we examine the confusion matrix in Taple 4.7(c), it is evideat the misclassification has increased for all the
posture classes.

The confusion matrices for the PCA based classificatioriteeate given in Tablgs 4.8(a) - 4.8(c). By com-
paring the posture wise classification results, it can bestgtdod that the performance of the PCA technique
is consistent with the varying number of users in trainingor&misclassification has occurred in the posture
classes 1 and 6. In the case of PCA projections, the betwasgs-separation is not considered and hence,
the projections corresponding to different image clasasgely overlap. The plot illustrating the projection
on the first two PCA components is shown in Figure #.23. Thelassification occurs when the projection
corresponding to the test sample fall within the overlagp&gion.

The observations from the experimental results on useriaivee can be summarized as follows.

1] The Krawtchouk and the discrete Tchebichef moments bffgr classification accuracies. Even as the num-
ber of users decreases during training, the classificatores are almost similar. This shows that the DOMS
are user invariant features. Particularly, the discreteebichef moments offer slightly better performance in
comparison to Krawtchouk moments.

2] The geometric moments offer low classification accueaied the misclassifications increases for decreas-

ing number of users. This implies that the geometric momamsensitive to user variations and they exhibit
TH-1228 06610210
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

poor user invariance.

3] The FDs and the Zernike moments fail in efficiently disdériating hand posture shapes with almost similar
boundary profile. The FDs are derived from the frequencyriggm of 1D boundary profile and hence, the
information on spatial localization is lost. In the case efiaike moments, the information about spatial local-
ization in preserved in the polar domain representatiorwéder, even small boundary deviations in the spatial
domain may cause large shifts in the polar domain due to whishlassifications occur between samples with
similar boundary profiles.

From the plot of the intraclass distance based on Pratt’s B®&hown in Figure 4.15, it can be noted that
the boundary distortion between the intraclass samplesnigparatively more for posture classes 1, 6, 8 and
9. As a result, the misclassifications in FDs and Zernike nmimare mainly due to postures 1, 6, 8 and 9.
Except for these postures, the FDs and the Zernike momehisitesonsistently high classification accuracies
for other posture classes. Hence, the FDs and the Zernikeemisrare robust to user variations in classifying
hand postures with distinct boundary profile.

4] The Gabor wavelets offer better classification accurabgmthe number of users in the training is more.
As the number of users decreases to 7, the performance ofaber@avelets decreases by almost 4%. This
implies that the Gabor wavelets based description reglarge number of training samples for achieving user
independence.

5] From the results obtained for the PCA, we infer that théguerance efficiency of the PCA is similar to
that of the Krawtchouk features and PCA offers high clas#ifon accuracy exhibiting more robustness to user
variations. However, as the number of user is reduced toelpéinformance of PCA is significantly less than

the DOMs.
4.4.2.2 \Verification of view invariance

The view angle variations during hand posture acquisiteadIto perspective distortions and may some-
times cause self-occlusion. The self-occlusion can alstuleeo the poor flexibility of the postures. The study
on view invariance verifies the robustness of the methodarswthe effects of viewpoint changes.

In order to study the view invariance property of the congdenethods, the initial experiment is performed
by considering the training set taken from Dataset 1. We thagetraining samples from Dataset 1Taaining
set-lL The testing set consists of @0 samples that include @30 samples from Dataset 1 anbZ0 samples
from Dataset 2. The classification results obtained usiegTitaining set-1 are tabulated in Taljle]4.9. The
comprehensive posture-wise classification scores are givEabld 4.10(a) - 4.10(p).
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4.4 Experimental Studies and Results

Table 4.9: Experimental validation of view invariance. Comparisonctassification results obtained for Training set-I and heT
training set includes hand postures collected from 23 uskEne number of testing samples in Dataset 1 and Dataset,®&)2and
1,570 respectively. (% CC- percentage of correct classifinafi

Training set-I Training set-l
Methods % CCfor | % CCfor | Overall | % CCfor | % CCfor | Overall
Dataset 1| Dataset2| % CC Dataset 1| Dataset2| % CC
Krawtchouk moments 95.22 87.90 92.03 97.93 95.78 96.97
discrete Tchebichef momentg 95.47 88.74 92.55 97.83 96.24 7.149
Geometric moments 82.07 714 77.42 87.39 80.5[7 84.42
Zernike moments 90.89 75.48 84.17 94.83 90.32 92.86
FDs 88.08 70.57 80.44 90.15 85.99 88.33
Gabor wavelets 92.81 73.12 84.22 95.52 88.47 92.44
PCA 95.37 88.79 91.38 97.93 96.24 97.19
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Figure 4.24: Samples of the test postures from Dataset 2 that has lesgniton accuracy with respect to all the methods.

From the results in Table 4.9, it is evident that among thesiciemed methods, the Krawtchouk moments,
the discrete Tchebichef moments and the PCA technique lodféer classification accuracy. The performance
efficiency of other methods that includes FDs, Zernike masamd Gabor wavelets mainly degrades for
samples from Dataset 2. This implies that the DOMs and the B&%&d descriptors exhibit more robustness
to view angle variations. It should be noted that the disci@hebichef moments

By comparing the classification results given in the Tablé&s it is observed that the number of misclas-

sifications is notably more for almost all the postures inaSat 2. It is known that the perspective distortion

affects the boundary profile and the geometric attributea stiape. Hence, the FDs and the geometric mo
ments are insufficient for recognizing the postures undew\angle variations. From the detailed scores in
Tableq 4.10(¢), we infer that the number of classes misfibsn FD based technique is more than in the
case of user independence and it is difficult to establisipéneeptual correspondence between the mismatched
samples.

From the comprehensive scores for the geometric momengsli haatures given in TabJe 4.10(c), it is un-

derstood that performance of the geometric moments becanstable for structural distortions due to view
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

Table 4.10: Confusion Matrix for the classification results given in TEfB.9 for Training set-I with 23 training samplgesture sign

and 360 testing samplggesture sign. Detailed scores for

(a) Krawtchouk moments based features (b) discrete Tchebichef moment based features
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(d) zernike moments based features

(c) Geometric moments based features
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4.4 Experimental Studies and Results

angle variation. Similarly, the Zernike moments are samsitio boundary distortions and as a result the per-
formance of the Zernike moments is low for the posture sasnfpen Dataset 2. From the detailed scores in
Table[4.10(d), it is observed that the maximum misclassifinan Zernike moments based method is again
due to the confusion among the postures 1, 8, and 9. Simifsture 7 is confused with posture 2 and posture
6 is misclassified as posture 7. Unlike FDs and the geomemiments, the Zernike moments exhibit some
correspondence between the mismatched samples.

The detailed scores of the classification results of Gabeoeleabased description is given in Taple 4.70(f).
From the table, it is evident that samples in most of the pestlasses show misclassification. The perspective
distortion caused by the view angle variations affects thentation of contours and it can be observed that
most of the mismatched samples are from the posture clas$e3,B and 9.

The Krawtchouk and the discrete Tchebichef moments haveehigcognition rates for the testing samples
from Dataset 1 and 2. Patrticularly, in the case of Datasdtejmprovement is almost by 11% fdraining
set-land it indicates that the DOMs are robust to the view anglatians. The PCA based description method

exhibits similar performance as the DOMs. From the detaslzates in Tablgs 4.10{&), 4.10(b) and 4.710(g), it

is observed that the misclassifications in the case of DOMsl@PCA occur with respect to similar samples.
Accordingly, the maximum misclassification has occurredpimsture classes 1 and 6. The samples in both of
these posture classes are mismatched with posture 7.

From Tabld 4.0 it should be noted that the classification r@oyuis better for the testing samples from
Dataset 1. The samples of some of the postures from Datasih higgher misclassification rates are shown
in Figure[4.24. It can be understood that the recognitiomieficy is reduced mainly due to the self-occlusion
between the fingers and the boundary deviations. This isusectheTraining set-lis constructed using the
samples taken from Dataset 1. This indicates that the pedioce for Dataset 2 can be improved if the training

set also includes samples taken at varied view angles.
4.4.2.3 Improving view invariant recognition

In order to improve the view invariant classification ratee £xperiments are repeated by including the
postures taken at different view angles in the training 3dte extended training set consists of 630 posture
samples that are collected from 23 users. Among those, 280lsa are taken from Dataset 1 and 400 samples
from Dataset 2. We refer the extended training seframing set-Il The classification results are obtained
for 3600 samples that contain 2030 samples from Dataset 1%r@ samples from Dataset 2. The results are
consolidated in Table 4.9. As expected, the improvemengéognition accuracies for Dataset 2 is higher for
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

Table 4.11: Confusion Matrix for the classification results given in T&B.9 for Training set-Il with 23 training samplggesture sign

and 360 testing samplggesture sign. Detailed scores for

(a) Krawtchouk moments based features (b) discrete Tchebichef moments based features
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Figure 4.25: Plots of consolidated values of posture wise classificatsnlts for samples in Dataset 2 with respect to (a)
Training set-1 and (b) Training set-Il. The plots illuseahe improvement in the classification results with respetie
extended training set, Training set-II.

Training set-1l. The performances of the DOMs and the PCAbdsatures are consistently superior to that of
the other considered methods for both the training sets.

The comprehensive scores for the results obtained dsaiging set-Ilis given in Tablé 4.11. It is evident
that including more samples from different view points te thaining set has improved the distinctness of the
postures. The results in Talile 4.11(e) show that the FDdi#xdood classification accuracy for most of the
posture classes. Similar to the user independence casmjgbkassifications have occurred between samples
with similar boundary profiles. From the results for geomeetnoments in Tablg 4.11{c), it is observed that
more misclassifications have occurred for postures 2, 3d4bain the case of Zernike moments, the results in
Table[4.11(d) show that postures 6, 8 and 9 have less classificates. Similarly, the detailed scores for the
Gabor wavelets in TabJe 4.17(f) show good correspondenivecea the mismatched classes. The posture class
3 is mismatched with 2 and posture class 4 is mismatched wiis®, more misclassifications have occurred
between posture classes 0 and 9.

The plots in Figuré_4.25 illustrate the posture wise clasaifbn accuracies obtained for Dataset 2 with
respect to the Training set-I and Training set-Il. By conmmathe plots in Figuré_ 4.25a and 4125b, it can be
inferred that the classification accuracies of the diffefeature descriptors increase and show significant im-

provement for classification using Training set-1l. Thefpenances of the Krawtchouk moments, the discrete
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4. Robust Hand Posture Recognition Using Geometry-based Kuoalisation and DOM based Shape Description

Tchebichef moments and the PCA technique are consistampigr®r and they are more robust features for

view invariant posture classification.

4.5 Summary

This chapter has presented a hand posture recognitionigeehusing geometry based normalizations and
DOM based features for classifying the simple single-hawgtyres. The proposed technique is robust to simi-
larity transformations and projective variations. A rusbd normalization method utilizing the anthropometry
of hand is formulated for separating the hand region fromfdéinearm. The method also identifies the finger
and the palm regions of the hand. An adaptive rotation naratadn procedure based on the abducted fingers
and the major axes of the hand is proposed. Thd®DMs are used to represent the hand posture shape. The
classification is performed using a minimum distance digssiThe experiments are aimed towards analyzing
the accuracy of the DOMs as descriptors in user and viewiavahand posture classification.

The experiments are conducted on a large database cogsittif posture classes antP80 hand posture
samples. The analysis on the intraclass and the intergtagarsties of the hand posture shapes in the database
is quantified using Pratt's FOM and correlation coefficiehihe analysis has shown that the database exhibits
more structural deviations in the hand posture shape thataarsed due to user and view-angle variations.

A detailed study on the DOM based classification is conduictedmparison with the geometric moments,
the Zernike moments, the Fourier descriptors, the Gaboeletsrand the PCA based methods. The results
show that the DOMs are robust features for achieving us@pieddent and view invariant recognition of hand
postures. Itis also observed that the discrete Tchebicbheafents offer marginally better performance than the

Krawtchouk moments.
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5. DOM based Recognition of Asamyuta Hastas

This research work is motivated towards developing CBAesyst like content-based annotation and re-
trieval of Bharatanatyam dance videos. As a first step, théx@sed hand posture recognition technique
developed in Chapter 4 is applied for robust recognitiorhefAsamyuta hastas in Bharatanatyam. This chap-
ter presents in detail the development of the Asamyuta ttegbase, the system implementation strategies
and the experimental studies on the automatic recognifibard postures constituting the Asamyuta hastas in

Bharatanatyam.

5.1 Introduction

Dance is a remarkable art form that involves body movememdsfacial expressions to portray human
emotions insync with the music. The intelligence level inamck form can be either high so as to depict the
vocal information or subtle as just movements in accord withrhythm. The artistic features in the dance
genre offer insight into the ethnicity, geography, dressl the religious nature of a particular populace [184].
With the effort to conserve and pass on the culture, the dstiytes are documented using the notation systems.
These notation systems are symbolic representations oémment that are used for individual interpretation
and learning [185]. The widely employed dance notationesyss the Labanotation [185-187].

The first instance of technology in dance is the use of commputecompose and edit the dance notation
scores. Eventually, the developments in the computer amdntlaging technologies have facilitated CBA
systems in dance. These systems include dance partnes [@B8], interactive dance games [189], automated
dance training and evaluation systems [190, 191], dandhesis [192], and dancing avatar animation [193].

A few works [194—-199] have concentrated in developing caiepuision based markerless motion-capture
methods for dance technology. Some of the dance forms fathwhision based gesture representation algo-
rithms are explored include the modern or free style dan@e, 194,197, 200, 201], ballet [198, 202, 203], ball-
room dance [188] and Japanese traditional dances [204-Q@&¢r applications of computer vision techniques
for dance includes retrieval systems [207,208] and dard@pvénnotations [209—211]. However, only very few
works have concentrated on developing intelligent alporg for Indian classical dances like Bharatanatyam.
Mamania et al. [195], have used some basic movements in Bimatgam for their work on developing mark-
erless motion-capture method from monocular videos. 2] 2Bharatanatyam is considered for developing
concept based video annotation. The technique relied arifepbody movements, body postures and mu-
sic for annotation. Recently, vision based techniquesdoognising the hand postures in Bharatanatyam are

developed. In [213], edge orientation histograms were eyaal as features for representing the single-hand
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5.1 Introduction

postures in Bharatanatyam. Their work is aimed at faditpE-learning tools for Bharatanatyam. Similar
technique was used in [214] for recognising the two-handypes in Bharatanatyam. Their work combined
the edge orientation histogram features and the skeletsaedbanatching technique for classifying the hand
postures.

From the literature, it is evident that the CBA systems aretgde adopted to different classical dance
genres around the world. Patrticularly, the Indian classleace forms are yet to advance even to the level
of automated notation systems. The Indian classical daBlearatanatyam is an intricate dance form that
comprises of hand postures, facial expressions and diffenevements with respect to each part of the body.
Hence, developing CBA systems for Bharatanatyam is a cigsle

The integral meaning of a Bharatanatyam dance performanmenveyed through the hand postures. Un-
like the simple hand postures that involve basic movemdtesabduction/adduction and extension/flexion of
fingers, the hand postures in Bharatanatyam involve complexements in which the configuration at every
finger joint varies resulting in variegated hand posturdser&fore, for successful realisation of a vision based
CBA system for Bharatanatyam, it is crucial to develop impgecessing techniques for efficient description
and classification of the hand postures in Bharatanatyarm.also essential that the technique must be robust
to the user and the view-angle variations.

In a Bharatanatyam dance video, the frames containing the pastures will be considered as the key
frames. The key frames and the order in which these framas @athin the shots can be used to characterise
a video segment. Eventually, the descriptions of the shiisepresent the entire video. Thus, it can be under-
stood that the primary factor in developing a vision-bas8&Gystem for Bharatanatyam is the recognition of
the hand postures in the key frames. Some of the major issuks/eloping the vision-based CBA system for

recognizing the hand postures in a Bharatanatyam dance sige

(i) Segmentation of the hand from the dance video.

(i) Variations in the scale, the orientation and the spatisition of the hand postures.
(i) Structural variations due to variabilities in the thgeometry and the gesturing style of the dancers.
(iv) Structural distortions due to varying view-anglesttbecur while capturing the dance video.

This research is focussed towards developing technigasth robust to variations in the shape of the hand

posture caused by user and viewpoint changes.
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5. DOM based Recognition of Asamyuta Hastas

In Chapter 4, a DOM based hand posture recognition techngypeoposed for the description of simple
hand postures. The experimental studies have confirmed D&Msbust and efficient descriptors for user
and view invariant representation of simple hand posturandd by simple finger configurations. This work
aims at employing DOM s for the description of hand postund8haratanatyam and experimentally verify the
robustness of DOMs in uniquely representing these comdeaxl postures.

The rest of the chapter is divided into four broad sectionse first section gives an brief introduction to
Bharatanatyam, emphasizing the role of hand postures resepting the content of a Bharatanatyam dance.
The second section explains the posture acquisition anddtebase development procedures. The system
implementation strategies and the experimental studeeprasented in the third and the fourth sections respec-

tively.
5.2 Bharatanatyam and its gestures

In the world of dance, the Indian classical dance forms arguéanfor their intricate styles through the com-
bination of facial expressions, body poses and the handmgsstThe classical dances of India are Bharatanatyam,
Kathak, Kathakali, Kuchipudi, Manipuri, Mohiniyattam, @di and Sattriya [215]. These dances derived their
form and meaning from the books of arts, thatyashastraand theAbhinayadarphang216]. Bharatanatyam
is one of the ancient and most widely practised dance forrrgdia. It is believed to be created by Bharata, the
saint author of Natyashastra. The dancers consider théqarat Bharatanatyam to be the high formyafga
and as a way of spiritual elevation that goes beyond meretammment [215].

Bharatanatyam is composed of three basic units known asattas theadavusand thebhedagq6]. Each

of these units stipulates the movements with respect totecplar part of the body and is described as follows:

(i) Hastas: The hastas refer to hand postures and are descriptively eldfin [217] as “the fingers in
Bharatanatyam speak an eloquent language of their own. $trefch, fold, raise, lower, close, open,
separate and join to create variegated hand patterns knoswhe hastas or mudras”. The hand postures

in Bharatanatyam are used to denote a lot of emotions, natgrbs , adverbs and adjectives [218].

(i) Adavus: The word “adavu” means “basic step”. It denotes the combioatof position of the legs,

standing posture, walking movement and hand posturesaénsith the rhythm.

(i) Bhedas: In the context of dance, the word “bheda” refers to movem@iitis specifies the neck move-
ments, eye movements and the head movements. These Bhadée fimtegral part of Bharatanatyam

and are used to improve the quality of expression.
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5.2 Bharatanatyam and its gestures

Clearly, these basic units can be considered as the gasmiities. Among these three entities, hastas or
the hand postures are the most essential features that depmmmunicate the essence of vocals. The hastas
are considered as individual words that combine apprabyidb form a sentence, thus, forming the dance
phonemics [219]. The hastas are basically divided into tveoigs. They are (i) Asamyuta hastasfle-hand
posture¥ and (i) Samyuta hastatyo-hand posturds The Samyuta hastas can be perceived as postures formed
by the combination of two Asamyuta hastas in such a way tagpdifferent meanings. Therefore, sufficient
information about the different hand symbols in Bharatgaat can be derived from the Asamyuta hastas.

In general, a Bharatanatyam dance comprises of three aspenhely, theNritta, the Nritya and the
Natya[220, 221]. The Nritta of Bharatanatyam is an abstract styldance in which the body movements
and the postures are performed rhythmically and they do antey any meaning. The Nritya aspect of
Bharatanatyam is an interpretative dance style accomgdryighe music and song. The mood of the music
and the information in the song are conveyed through fagiatessions, hand postures and body movements.
The Natya corresponds to the drama representation andcébisiposite form that encompasses, the Nritta and
the Nritya. Natya is accompanied by entities including musong and speech. The postures and the body
movements in Natya represent the meaning of the song ang&eets accompanying the dance. Particularly,
the hastas are the real language of the Nritya and the Natyeegog literal word meanings and they can be
used as cues for the description of an entire dance perfagnan

The hand postures in the form of hastas occur in all the thspedds of a Bharatanatyam dance and there-

fore, they can be considered as the key elements in devgl@BA systems for Bharatanatyam.
5.2.1 Asamyuta hastas - the single-hand postures

The Asamyuta hastas are the single-hand postures in Bhatgéan in which the fingers are bent at different
angles to form patterns leading to visually distinct hanstpes. The occurrence of Asamyuta hastas in Nritta
does not convey any meaning and they are used to accenteatedity of the dance. In Nritya, the hastas
are used as narrative elements to indicate different cteagmbjects and emotions associated with the story
narrated through the dance.

According to Natyashastra and the Abhinayadarphana, #ier23 Asamyuta hastas [216] of which 27 has-
tas are static signs and one corresponds to a dynamic hatdegemmely, theamdamshavhich is composed
of a sequence of two hand postures belonging to Asamyutasabhe contemporary form of Bharatanatyam
defines 32 Asamyuta hastas by including four other hastastiie Angika Abhinayaln Natyashastra, Angika
Abhinaya is a detailed study on the possible gestures, mssand movements of every part of the body. The
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5. DOM based Recognition of Asamyuta Hastas

study states the use of total body to express certain mefsjing

Excluding the samdamsha hand gesture, the other 31 Asalmgstizs used in Bharatanatyam are illustrated
in Figurel5.1. The slight variations in practising thesetéimsre also included in the illustration. For example,
in Figure[5.1, the Bhramaram posture in 12i6 the variation of the original posture in 22(@nd it is used in
the Samyuta hastas to convey a different meaning. The ngeahihe hastas and some of the representations
emoted through them are given in [6,222,223].

From the illustration of the Asamyuta hastas, it can be oleskthat each Asamyuta hasta is formed by
obeying certain rules associated with the spatial lodidiseof the fingers and bending angles at the finger
joints. However, the values of the joint angles are not grdgidefined and to certain extent, variations in the
joint angles depending on the convenience of the dancertendancer’'s hand geometry are allowed. These
variations will neither be perceivable nor large in such & teaalter the appearance of the posture. Unlike the
simple hand postures that are formed by either completengxte/flexion or abduction/adduction of fingers,
the Asamyuta hastas are formed by bending the fingers ainatbate angles and varying the spatial position
of each finger. Since, the hand postures are formed by corfipger configurations, the Asamyuta hastas in

Bharatanatyam are considered as complex hand postures.

5.3 Hand posture acquisition and database development

The images of the Asamyuta hastas are captured using a manoamera that is interfaced to a computer.
As explained in Sectidn 4.2, the position and the view-angthe camera are important factors to be considered
while acquisition. The choice of the optimal camera positmd the view-angle to capture the hand postures

in Bharatanatyam is discussed as follows.
5.3.1 Determination of camera position

The optimal position of the camera for acquiring the Asarayuaistas is chosen based on the spatial ar-
rangement between the dancer and the audience in a Bhayat@neecital. In a Bharatanatyam recital, the
audience is positioned in front of the stage in such a wayttiegt do not surround the performance space and
so, are able to gain a frontal view of the dancers body atraki[224]. Therefore, while recording the dance
video, the camera must be placed at a position to capturedhiaf view of the dancer and the dancer must
be completely within the focus of the camera. The cameraiposiith respect to the dancer in a 3D space is
illustrated using the 3D cartesian coordinate system asrshoFigurd5.2(a). The dancer is the object of focus

and the frontal view of the dancer is its projection ontoythe plane. Thus, in order to acquire the frontal view
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6. Ardhachandran

1. Pathakam 2. Tirupathakam 3. Ardhapathakam

4. Kartartiawunk

5. Mayuram

16. Sarpasirisham 17. Mrigashirisham

Figure 5.1: lllustration of different Asamyuta hastas. The indexindasand (b) represents the variations in postures as
adapted by different dancers. Images are taken from: [5]@nd
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Figure 5.2: Schematic representation of the (a) camera at normal-gragition with respect to the dancer and (b)
different types of body positions the dancer exhibit whiggfprming on the stage. The illustration in (a), also shdves t
spatial arrangement between the dancer and the audience.

of the dancer, the camera must be placed at the normal-aangigop, in which the camera and the object of
focus are at the same height from the ground. The image &chatrthe normal-angle position is also known

as theeye-level shot
5.3.2 Determination of view-angle

For illustration in Figuré 5]2(a), the view-angle referdhie angle made by the camera with respect to the
y — zplane. Therefore, at the normal-angle position, the siratwariations occur due to the movement of the
dancer along the — y plane. As the dancer moves, the camera should pan such #tayst intact with the
object of focus. Pivoting the camera horizontally from teftight or right to left is known as thpanning

The movement along the direction causes variation in the distance between the aara the dancer,
resulting in the variation in the scale of the acquired abjdthe movement along the axis does not cause
view-angle changes. The angle of view between the camerthardhncer varies, when the dancer moves and
the camera pans along the horizontal direction. As the danoges, he/she exhibits different body positions
on stage that influences the range up to which the camera gaamibed.

Like in any theatrical performance, the body position of da@cer on stage can be categorised into eight
types [225]. They are

Full front (FF) : The position in which the dancer faces the audience.
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Profile left (PL): The dancer turns 9Go left, such that the right profile is towards the audience.
Profile right (PR): The dancer turns 9o right, so that the left profile is towards the audience.
One-quarter left (1/4L): The dancer is in a position halfway between the FF and thedglitipn.
One-quarter right (1/4R): The dancer is in a position halfway between the FF and thed2Rign.
Full back (FB): The dancer’s back is towards the audience.

Three-quarter left (3/4L): The dancer is in a position halfway between the FB and thedgzitipn.
Three-quarter right ( 3/4R): The dancer is in a position halfway between the FB and thedaRipn.

The illustration of body positions on a stage using the 3DliHaan coordinate system is shown in Fig-
ure[5.2(b). As mentioned earlier, in Bharatanatyam the comecation with the audience is mainly through
facial expressions and hand postures. Hence, it requia¢thidd dancer’s face and the body must be open to the
audience in order to gain better visibility. Therefore,idgrthe Nritya aspect of a Bharatanatyam recital, the
frequently occurring body positions on stage are the FFAR,,1/4L and Z/4R. The FB and the three-quarter
positions (34L, 3/4R) mainly occur during the Nritta aspect. If the hand pasuare used as significant el-
ements in the FB and three-quarter positions, the postueefoamed by stretching the hands away from the
body in such a way that they are visible to the audience. Trissires that the projection of the hand postures
onto they — z plane occur at all the body positions and hence, camerapgiean be limited only along the
direction.

While acquiring the video of a Bharatanatyam recital, tiference spatial position of the camera can be
fixed as the position at which the optical axis intersectsctr@re of the object of focus. At this position, the
image plane is parallel to the object plane and the angleest gorresponds to the optimum view-angle. The
image acquired at optimum view-angle corresponds to the fiew of the object of focus. Panning the camera
along they direction, results in oblique view-angles for which thehtigr the left side view of the object of
focus is acquired.

When the camera pans from the reference position to the thghtacquired image corresponds to the right
side view of the object. Similarly, as the camera pans tosv#trd left, the resultant image corresponds to the
left side view of the object. Since the camera is at normgleaposition and not tilted upwards or downwards,
the perspective distortion is minimised for camera panf2@]. As the view-angle varies along the horizontal
direction, the structural variation in the acquired imagesurs due to the variation in the side view profile of

the object and the self-occlusion between the fingers agjwblangle of views.
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(b)

Figure 5.3: (a) lllustration of camera alignment with respect to thedaib) A schematic representation of the setup
created for database development. The afgle 90— 6 andd, = 90+ 6.

5.3.3 System setup

The postures in the database are captured using a RGB Hraxtsm under varying light conditions. The
camera has a resolution of 128060 and is connected to a Intel core-1l duo 2GB RAM procesBoe images
are collected in a black background and the subjects are toagear a black suit. Therefore, hand is ensured
as the only skin colour object contained within the FOV.

The subjects perform the hastas by holding the hand in frbtitesr body. Thus the dancer is in the FF
position with respect to the audience. The camera is mowniedtripod in such a way that the optical axis of
the camera passes through the centre of the object plariesisiled in Figurg 5.3(g). In this experiment, the
viewing angle Cy) is measured as the angle made by the camera with respeetyte thplane. The viewpoint
is assumed to be optimum if the camera is placed paralleledéimd making the posture. Tle- z plane
comprises of the object plane and the optimal view-angletsrdhined to b€, = 90°. The camera is kept at a
distanceCqy from the gesturer. The distan€g is chosen such that the entire hand posture lies within thé FO

The schematic representation of the studio set up emplayetfuiring the hastas is given in Figiire 5.B8(b).

5.4 Development of Asamyuta hasta database

The database is collected from 6 female subjects. Among tBesibjects are well trained in Bharatanatyam
and the remaining received training on the hastas in ordpatucipate in database development. The hand
postures are made with the right hand and the hand is extendedrds and placed approximately at the chest

level.

TH-1228_06610210

156



5.4 Development of Asamyuta hasta database
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Figure 5.4: lllustration of Asamyuta hastas acquired for the datababke.figure illustrates the variation in the usage of
some of the hastas, namely, the Padmakosam, the Kangulatimeaiidtakamukham 2. These variations are also included
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in the database. The number indicates the posture index.
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5. DOM based Recognition of Asamyuta Hastas

Among the hand postures shown in Figurd 5.1, 29 Asamyutah#sat occur in the contemporary form of
Bharatanatyam are chosen for constructing the databageusHge of each hand posture changes according to
the context of dance and it continues to evolve with the @egin Bharatanatyam. By including the variations
in the usage of some of the hastas, this database includem82bstures under the group of Asamyuta hasta.

The hand postures are collected by varying the view-a@glelr'he Asamyuta hastas are sensitive to view-
angles and they adopt different shape profiles with the adhamthe angle of view. The other major issue that
accompanies view-angle is the self-occlusion betweentigers. The degree of occlusion completely depends
on the angle of view. To take these distortions into accaietimages are acquired at 3 viewing directions:
thefront view theright viewand theleft viewas illustrated in Figure 5.3.

The front view of the hand posture is obtained at the optimaleof viewCy = 90°. The right and the
left views of the hand postures are obtained by panning tireecato the right and the left respectively of the
object of focus. Therefore, the right and the left views eetpely are the directions in which the optical axis
of the camera is at angle 96 6 and 90 + 6 with respect to the object plane. The angls chosen such that
there is no severe occlusion among the fingers and is fixed dy30ial and error.

The postures are collected by allocating 14 sessions fér @#gect. In 7 sessions, the data were collected
by fixing the distance&Cy approximately to Ineter For the other 7 sessions, the distance between the ges-
turer and the camera is fixed approximatelyCas= 0.6 meter The images are acquired under uncontrolled
illumination conditions.

At a session, 96 hand postures (32 postures per view) comdspy to the 3 viewing directions are acquired.
Therefore, the database consists @@} images of 32 Asamyuta hastas with 252 samples for eath Hdse
images in the database are 24 bit colour images with the memispatial resolution of 128% 960 and are
saved as JPEG files.

Figure[5.4 illustrates samples of hastas acquired for tteenisita hasta database. As shown in this figure,

the 32 hand posture classes in the Asamyuta hasta databdabelted from 1 to 32.

5.5 System implementation

The block diagram representation of the hand posture rémgnechnique proposed for classifying the
postures in the Asamyuta hasta database is shown in HidhbireTBe procedure is broadly divided into four
phases. They are: (1) hand segmentation, (2) normalisatiscale and translation changes, (3) feature extrac-

tion and (4) classification. A description of these tasksoaesented below.
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Input: Acquired hand
posture
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[ Hand segmentation ]

Training phase
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Figure 5.5: Schematic representation of the proposed hand posturgnitiom system.

Original image In—phase component Skin color regions

(a) (b) (©)

Segmented posture image  Removal of small regions

K K

(e) (d)

Figure 5.6: lllustration of hand posture segmentation through thrieBhg the in-phase colour component.

5.5.1 Hand segmentation

The hand postures were acquired in uniform, uncluttereéédraond and hence, the face and the hand are

the only contrasting objects present in the acquired imagerefore, the segmentation is achieved simply by

thresholding the image at a particular intensity level.c8ithe illumination conditions are uncontrolled, it is

difficult to determine a global threshold based onR&Bvalues. Therefore, the skin colour detection method

based on the hue and the in-phase colour component, asregiaiSectioh 4.311 can be used for segmenting

the hand postures. In this experiment, the background ikit@ed and hence, it is not necessary to employ

the hue component. The threshold can be derived by usinglain-phase colour component definedinl(4.2).

The threshold is experimentally chosen as 10 and the pixelgrauped as skin colour pixels@fnase> 10.
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The in-phase colour component of an acquired hand postwaganm Figuré 5l6a is shown in Figurel5.6b
and Figuré 5J6(c) illustrates the result of skin colour détm through thresholding the in-phase colour compo-
nent. The detection results in a binary image which may atsain other regions not belonging to the hand.
The unwanted regions are mostly pixels belonging to the &ckthe neck part of the gesturer.

Among the detected regions, the hand and the face regioreslhmye areas and hence, the other small
regions are removed by comparing the area of the detectémhseglhe hand and the face regions are differ-
entiated based on their spatial localisations. The postame performed by extending the hand outwards at the
chest level or lower than the face level. Therefore, in thguaed image, the hand is spatially separated from
the face and the desired hand region is easily segmentedniyacing the spatial coordinates of the detected
regions. Figuré 516 illustrates the segmentation of thérett$rand posture from the acquired image. The

segmented image is the binary silhouette of the hasta, amshd-igure 5.6(¢).
5.5.2 Orientation normalisation

In Bharatanatyam, the orientations of the hand postureg waidely depending on the context of their
occurrences. In order to achieve rotation invariant digsgion, the hand postures belonging to each class
must be aligned such that the orientation of the posturesireomiform. A method based on the geometry
of the hand postures is proposed in Secfion 4.8.2.2, fonttien alignment of the simple hand postures.
The method is based on the abducted fingers that compriseetimeeiry of the posture and is experimentally
verified to be efficient for uniquely aligning the simple harabtures of each class.

The results suggest that the orientation of the binary géktes of the hand postures in the Asamyuta
hasta database can be normalised using the geometry basstation correction method explained in Section
[4.3.2.2. The illustration in Figufe 3.7 presents a few exampf the result of orientation alignment based on
the geometry of the segmented hand postures. It is obseraethe approach leads to unstable results and the
segmented hand postures are not aligned uniformly whea #rerstructural deviations due to the user and the
view-angle changes.

Unlike the simple hand postures employed in Chapter 4, tle@tion of the palm surface in the hand
postures of Asamyuta hasta database varies for each pokiaseand in some posture classes like posture 15,
the palm region does not constitute the frontal plane of tredhposture. As a result, the centre of the palm
cannot be accurately estimated from the segmented handreastd it is difficult to separate the palm and
the finger regions. Additionally, the user and the view-angdriations result in self-occlusion of the fingers
leading to variations in the shape of the hand posture. Ehidd to errors in orientation normalisation.
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Posture Original image acquired at Effects of orientatiomextion

index Right view Front view Left view of the correspondin¢hsuettes
4
i n . B
i n . m
) . m u
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Figure 5.7: Examples to illustrate the effect of orientation corregticsing the posture geometry based approach. The
illustration shows that the orientation normalisatiordie#o unstable results and it is due to the variation in thpeioh
the posture caused by self-occlusion of fingers and diftariew-angles.

This work employs an alternative technique to achieve imtainvariant classification. The orientation
normalisation is achieved by including the rotated sampfdke binary silhouette of the hastas in the training
set. Given the binary silhouette(x, y) of the hand posture, the rotated sampl€g’, y') are generated using

the coordinate transformation defined as

cosfd sing O
[XY 1] =[xy1]| —sine cosd O (5.1)
0 0 1

The angled is varied between<and 350 in steps of 10. The rotated samples corresponding to each hand

posture shape constitute the reference training set fesitleation.

TH-1228_06610210

161



5. DOM based Recognition of Asamyuta Hastas

5.5.3 Normalisation for scale and translation changes

The resolutions of the rotated hand posture silhouettemamalised to 104 104 through the nearest
neighbourhood interpolationdown sampling technique. The scale of the silhouette is absed to 64x 64.

The spatial translation is normalised by shifting the agidtof the silhouette to the centre (%2) of the image.
5.5.4 Extraction of DOM features

The DOM based descriptors are derived as features for kaqiieg the shape of the hand postures in the
Asamyuta hasta database. The parameter to be determiredldedier of the DOMSs required for representing
the hand postures. Experiments have been already perfamtdthpter 3 and Chapter 4 to study the optimal
choice of the order of DOMSs for representing different stsafgéhe results in Chapter 3 and Chapter 4 suggest
that at higher orders the DOMs give accurate reconstructAatordingly, for representing the shape of the
hand posture of scale 6464, the order of the DOMs is chosen as &340 andm = 40). At this order, it is
shown in Chapter 3 and 4 that both Krawtchouk and discretefichef moments exhibit similar performance

with high reconstruction accuracy.
5.5.4.1 Comparison with other descriptors

The results in Chapter 4 have demonstrated the DOMs and thebB€ed features as comparatively effi-
cient shape descriptors for user and view invariant clasgifin of the simple hand postures. Therefore, based
on the experimental studies presented in Sectionl4.4.2thes feature descriptor used for comparatively val-
idating the efficiency of the DOMs is the PCA based method. Aumaber of eigen features for computing the
transformation matriXVy,, is chosen based on the reconstruction accuracy.

Using [4.29), it is determined that 90% of the data variarareesponding to each sample in the database
is represented by the firbt= 180 eigen components. The number of eigen components fahvhe shapes
are efficiently represented is determined by verifying theonstruction accuracies for different valued.of
The reconstruction accuracy is computed using the SSIxiaahel the MHD value. From the experiments
performed on the normalized silhouettes of the hand postiréhe Asamyuta hasta database, the value of
| for which the reconstruction accuracy is sufficiently highdietermined as 100. The experiments on the
reconstruction accuracy with respect to different valuekfor a hasta shape is illustrated in Figlrel 5.8. The
results show that fok > 90, the shapes are efficiently reconstructed and the agcurderms of the SSIM
index and the MHD value are significantly high. The transfation matrixWy, is formed using the eigen
vectors corresponding to the fitst 100 eigen values. Therefore, if there &mumber of training samples, the
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(a) Origi-
nal shape
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(b) Reconstruction from PCA projections
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(c) Reconstructed shapes obtained through binarisation Number of eigen components (/)
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Figure 5.8: lllustration of shape reconstruction from PCA projectiondifferent number of eigen components (a) Origi-
nal hasta shape; (b) Reconstruction of (a) from the PCA ptiojes for different values df (c) Binarisation of the images

in (b) to obtain the reconstructed shapes. The thresholdifiarisation is uniformly chosen as 120. Comparative plot o
(c) SSIM index vs number of eigenvalues and (d) MHD vs numibeigenvalues computed between the image in (a) and
the reconstructed shapes in (c).

total number of feature vectors obtained after projectita eigen space is 1001. For the selected number of

eigen values, the ratigeigenin (4.29) is 085.
5.5.5 Classification

Let z be the feature vector of the test image of unknown orientadicdZ’ the feature vector of the target
image of orientatiord contained in the reference set. The classificatiorzsaé done using the minimum
distance classifier defined in(4130). Considering the itmgisamples at different orientations, the distance can

be calculated as

:
I (z52) = D (25~ Z))? (5.2)
ji=1

Match= argmin(df)
(to)
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5.6 Experimental studies and results

The experiments presented in this section verify the effayieof the proposed DOM based hand posture
recognition technique in classifying the hand posture eh@pthe Asamyuta hasta database. The robustness of
the DOM descriptors to the user and the view-angle distastia the hand posture shapes is investigated. The
classification accuracy of the DOM descriptors is comparid thiat of the PCA based description.

The 8 064 hand posture images in the Asamyuta hasta databasedisddinto three equal datasets based
on the angle of view employed for posture acquisition. Adaagly, the three datasets are referred aRRigint
view, theFront viewand theleft view Each of these datasets consists,@88 samples of the 32 hand postures,
thereby containing 84 samples per hand posture.

The hand posture shapes in all the 3 datasets exhibit usatioas and orientation and scale changes. The
hand postures in Front view are acquired at the optimum waegleC, = 90° and hence, these samples are
not subject to distortions that occur at oblique angles efwiThe Right view and the Left view datasets are
composed of hand posture images acquire@,at 60° andC, = 120 respectively. Therefore, the images
in the Right view and the Left view datasets exhibit shapeatians caused by self-occlusion of fingers and
variations in the perceived hand posture shapes due todaiff@iew-angles. Examples of the hand postures
in the Asamyuta hasta database obtained at three differenwtangles and the corresponding binary shapes
are illustrated in Figure 5.9. From this figure, the struaitulifference between the hand posture shapes of
each class contained in the three datasets can be obserfiede Variations in the hand posture shapes are
guantitatively analysed to corroborate the robustnedseoDOM descriptors in classifying hand postures under

several structural variations.
5.6.1 Quantitative analysis on hand posture variations

The structural variations in the hand posture shapes aresempted by computing the intraclass and the
interclass distances between the shapes in each datasantiBHtlass distance in terms of the boundary simi-
larity is measured using the Pratt's FOM. The interclassthadntraclass distances based on region similarity
between the samples are measured using the correlatidicmrdf The reference samples for computing these
measures are taken from the Front view dataset.

The plots of the Pratt's FOM values obtained for the handyresthapes in the Right view, the Front view
and the Left view datasets are given in Figure b.10. Thedtasas FOM values obtained for the Front view
dataset as shown in Figyre 5.10(b), represent the strlictumages in the hand posture shapes that occur due
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Figure 5.9: lllustration of samples of hand posture images and the sparding shapes in the Asamyuta hasta database.
The illustration shows the variations in the hand posturesmacquired at different view-angles.
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Figure 5.10: Plots illustrating the intraclass variability of the hansbspure shapes in the hastas of (a) Right view dataset;
(b) Front view dataset and (c) Left view dataset. The inas€lFOMs are measured with reference to the samples taken
from Front view.

to user variations in the gesturing style. The user vanatio the gesturing style correspond to the changes in
the silhouette of the hand posture due to small variatioteégrangular displacements at the finger joints and
the self-occlusions caused by it.

The intraclass FOMs corresponding to the Front view dataggesent the user variations and the FOM
values corresponding to the Right view and the Left view slttainclude both the user and the view-angle vari-
ations. From the values of the intraclass FOMSs, it can beredethat the hand posture shapes in the Asamyuta
hasta database exhibit at least 20% deviation in the stalatbaracteristics. The plots of intraclass FOMs of
the samples in the the Right view and the Left view datasetgymen in Figuré 5.10(h) and Figure 5.10(c)
respectively. The values in Figure 5.10(a) signify the Einties between the Right view and the Front view
samples. Similarly, Figuiie 5.10[c) represents the siitigarbetween the hand posture shapes in the Left view
and the Front view datasets.

The plot comparing the posture wise mean of the intracladsl F&@lues obtained for the three datasets is
shown in Figuré 5.11(h). From the plot, it is evident thatltla@d posture shapes in the Right view and the
Left view samples exhibit lower intraclass similaritiesthwvihe reference samples in Front view. The decrease

in the intraclass FOM values quantifies the structural charigat occur at different view-angles. Employing
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Figure 5.11: Plots illustrating the postures with high intraclass viwias and intraclass similarities using the (a) mean
and the (b) standard deviation of the intraclass FOM valasgactively. The plots are obtained for the posture clérses
the Right view, the Front view and the Left view datasets.

different view-angles in the horizontal direction acqgithe variation in the side profile of the hand postures.
For different view-angles along the horizontal directitite variations in the side profile of the hand postures
are acquired. These variations may cause notable chantessithouette of the hand postures. Therefore, the
intraclass FOMs of the Right view and the Left view samplesless in comparison to the Front view samples.

Particularly, Figuré 5.11(g) shows that the Right view slmpxhibit less FOM values than the Left view
samples. For the given experimental setup, it should bedrbizt the view-angles for which the structural
variations are more is based on the hand used for perforrhmgastures. The posture classes in the Right
view dataset with less intraclass FOM values are the pastyré6, 26 and 31. The variations in the shapes of
these postures with respect to the view-angles can beadfémmm the examples illustrated in Figlre]5.9.

As we observe the FOM values in the plots shown in Fidure] 5t16,evident that the variations in the
range of the FOM values obtained for the Right view and the Viefv datasets are less than that of the Front
view dataset. This suggests that the effect of user vamnigitom the hand posture shape is comparatively less,
when the hand postures are acquired from the right and theiéefs. However, these variations may cause
significant changes in the hand posture shape when acqumedliie front view. Further, it is also known that
the perspective distortion due to the view-angle changesmimimised when the camera is placed at a normal-
angle position [226]. Due to these factors, the variatiothmintraclass FOM values are comparatively less
for the Right view and the Left view datasets. This can alsodséirmed by analyzing the standard deviations
of the intraclass FOM values for each dataset. The plots ednmgpthe standard deviation of the posture wise
FOM values in the datasets are given in Figure 5.11(b). Migeat that the variability in the intraclass samples
is comparatively more for the Front view dataset. Examplésehand posture shapes in the Front view dataset
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Figure 5.12: lllustration of a few examples of hand posture images froerRtont view dataset, exhibiting more intraclass
variations. The shape of a hand posture varies due to stalichienges caused by variations in the gesturing styleeof th
gesturers.

with more variations in the intraclass FOM values are showrRigure[5.1P.

The region based similarities between the interclass ssmplcomparison to the intraclass similarities are
measured using the correlation coefficient. The plots ofrttexclass correlation values computed with respect
to each posture class in the datasets are shown in FigutesdiBiguré 5.14. The plots comparatively illustrate
the interclass correlation values obtained with respeettth dataset. It shows that the hand posture shapes in
all the datasets exhibit approximately similar interclesgelation characteristics.

As we examine the plots, the minimum difference between titradlass and the interclass correlation
values can be observed to be approximately around 10%. éBigithe maximum difference between the
intraclass and the interclass correlation values is apmately 50%. This implies that the Asamyuta hasta

database is composed of different hand posture shapes igfitictias well as overlapping regions.
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Figure 5.13: Illustration comparing the intraclass and the interclassatations between the hand posture samples. The
reference samples for comparison are taken from the Fremtdataset. The plots show the correlation values computed

with respect to reference postures from class 1 to class 18.
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Figure 5.14: lllustration comparing the intraclass and the interclassedations between the hand posture samples. The
reference samples for comparison are taken from the Fremt dataset. The plots show the correlation values computed
with respect to reference postures from class 19 to class 32.
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5.6 Experimental studies and results

From the plots obtained with respect to different referepasture classes, as shown in Figure 5.13 and
Figure[5.1#, we can infer that the posture classes 6, 14,21232 27 and 28 exhibit high intraclass correlation
values in comparison to the respective interclass coioekt The minimum difference between the intraclass
correlation and the interclass correlation values comedimg to these posture classes is over 21%. Therefore,
they constitute the comparatively distinct hand postuepsh in the Asamyuta hasta database. The examples
of the hand posture shapes belonging to these classes ame shbigure 5.9.

The hand posture classes with interclass correlationsgisds the intraclass correlation values are the
samples belonging to classes 1, 2, 3, 5, 7, 8, 13, 15, 17 anth&lminimum difference between the intraclass
and the interclass correlation values for these postussetais less than 12%. Among these, the interclass
correlation is high between the posture shapes in the ddss2, 3, 5, 7 and 8. This implies that these hand
postures exhibit almost similar structural charactexsstiith more overlapping regions. Few examples of the
shapes of these posture classes are illustrated in Figdire 5.

From the mean of intraclass FOM values shown in Figure S)[Lit(s known that the posture classes 5,
16, 24, 26 and 31 in the Right view dataset show less intredasilarity with respect to the samples in the
Front view dataset. This suggests that these hand posassesl may exhibit high interclass correlations when
acquired from the right view direction. This can be verifieohfi the plots in Figure’5.13 and Figure 5.14 that
illustrate the correlation values obtained for the sampig¢ke Right view dataset with respect to the reference
posture classes 5, 16, 24, 26 and 31.

The analysis on the structural variations in the hand pesthapes in terms of the intraclass and the inter-
class distances confirms that the Asamyuta hasta databasiets@f hand posture images with more structural
deviations indicating the effects of user variations arelview-angle changes. Therefore, the above analysis
validates the applicability of the developed Asamyutaddstabase for experiments on user and view invariant

hand posture classification.
5.6.2 Experiments on posture classification

The efficiency of the proposed DOM based descriptors for aiséview invariant classification of the hand
posture shapes in the Asamyuta hasta database are enpstaaied in this section. The performance of the
DOM descriptors is verified in comparison with the PCA basescdption method discussed in Secfion 8.5.4.
The details of the experiment and the results obtained fer inslependent and view invariant recognition of
the postures in the Asamyuta hasta database are discusedidvas.

In this work, the Asamyuta hasta database is developed Igctial the hand postures from 6 users and
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5. DOM based Recognition of Asamyuta Hastas

Table 5.1: Consolidated classification results of DOM based featurepmparison to the PCA method. The values are sorted with
respect to the Right view, Front view and the Left view dass&he training set contained 152 samples of 32 hand postures taken
from the Front view dataset. Considering rotation invac&rihere are 4472 samples generated by rotating th&32 samples in the
training set. The number of testing samples in each datsde586 and hence, the total number of testing samplesgé8t (% CC-
Percentage of correct classification. )

Classification results obtained for test samples from
Methods
- - - - Overall %CC
Right view Front view Left view
Krawtchouk moments 81.12 94.34 81.97 85.81
discrete Tchebichef momentg 85.09 96.16 86.26 89.17
PCA based description 81.64 95.44 83.07 86.72

the analysis on the hand posture variations has shown ghgioitures in the three datasets of Asamyuta hasta
database represent more variations pertaining to the ebkangthe gesturing style of the users. Since the
observed variations are more in comparison to the numbes@fu verifying user independence by varying
the number of users in the training set will only lead to ublgaesults. Further, it is known that all the three
datasets exhibit more intraclass variations due to tha-inéer changes in the gesturing style. Therefore, the
classification accuracies obtained with respect to thetzsets will inherently quantify the user invariance
characteristics of the feature descriptors. The robustoéthe methods to view-angle variations is analysed
by training the system only with the samples taken from tlemEview dataset containing hand posture images
acquired at the viewing angle of Q0

The training set consists of 1,152 samples of 32 hand poshapes taken from the Front view dataset.
Therefore, there are 36 training samples per posture. lerdodachieve rotation invariance, the samples in
the training set are rotated in steps of b@tween 0 to 350. Therefore, along with the rotated samples, the
training set consists of totally 4472 samples. The testing set consists of 4, 608 samplestotingt 1, 536
samples per dataset (representing the viewing direction).

The consolidated classification results comparing theopaidince of the proposed DOM features are given
in Table5.1 and the posture wise classification rates anershothe plots in Figuré5.15. It is evident that the
performance of the discrete Tchebichef moments is suptritirat of the Krawtchouk moments and the PCA
based method. The performance of the Krawtchouk momentigglg poorer but comparable to that of the

PCA based classification. The inferences on the user andasmgle invariance are discussed next.
5.6.2.1 \Verification of user invariance
As discussed earlier, the front view is the optimum viewingction and hence, the Front view dataset

will only represent the user variations and it does not ideldistortions that occur due to view-angle changes.
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Figure 5.15: lllustration comparing the posture wise classificatiorultssobtained for the Right view, Front view and
the Left view datasets. The classification accuracies obthior (a) Krawtchouk moments based features; (b) discrete
Tchebichef moments based features and (c) PCA based hatgodsscription.

Therefore, the user invariance efficiency of the descriptan be studied by analyzing the classification results
obtained on the Front view dataset.

The results in Table 5.1 show that the discrete Tchebichehembs offer around 3% increase in the clas-
sification accuracy and hence, it implies that the discrefee®bichef moments exhibit better user invariance
characteristics. The response of the DOM descriptors we#pect to each posture class can be inferred from
the plots in Figuré 5.15(r) and Figdre 5.15(b). From the pfdhe posture wise classification values corre-
sponding to the Front view dataset, it is evident that mogt®posture classes are correctly classified and only
the posture classes 5, 9, 15, 21 and 25 attain classificatmmacies less than 85%. The samples of these pos-
ture classes that are misclassified in DOM based descrigt®illustrated in Figure 5.16. From the illustration
it is evident that the misclassification has occurred whersttapes of the postures change due to self-occlusion
between the fingers which takes place as the effect of ustieais. The change in the posture shape is in such

a way that it matches with the shape of a different posturesdieading to classification errors. The overlap
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Test samples of Misclassified as Postures Test samples of Misclassified as samples in
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Figure 5.16: Examples of the hand posture classes in the Front view dathee Asamyuta hasta database exhibiting
higher misclassification rate.

between the regions of the two hand posture shapes alsoscgsuhe orientations of the hand posture vary.
As a result, two different hand posture classes exhibitveylapping regions at different orientations are also
mismatched. For example, as shown in Figurel5.16, the sarapposture 15 are mismatched with the samples
in posture 30. The mismatch has occurred for a particul@ntation of the samples in posture 30. The study
on intraclass variations in Sectipn 516.1 has shown thatdnel posture shapes in the Asamyuta hasta database
exhibit at least 20% structural deviation and shapes bélgnp classes 13, 18, 20, 23 and 26 have shown
utmost 40% intraclass variations. Despite of high intregleariations, the classification accuracies for these
classes are higher than 90%. Further, the analysis on lassrcorrelation in Sectidn 5.6.1 has shown that, ex-
cept the posture classes 6, 14, 18, 22, 23, 27 and 28, alllike pbsture classes exhibit interclass correlations
comparably high as the intraclass correlations. For exantipé posture classes 1, 2, 3, 7 and 8 show interclass
correlations almost similar to the intraclass correlatiaiue. As we examine the classification results in Fig-
ure[5.15(d) and Figufe 5.15[b), it can be known that theseioslasses offer classification accuracies around
98%. These observations on the misclassified samples arahé#hgsis on the classification accuracies with
respect to intraclass variations confirm that the DOM bassdriptors are efficient as user invariant features.
The posture wise classification results of the Front vievasktt obtained with respect to the PCA based

description is shown in Figufe 5.15(c). From the results, dbserved that the PCA based classification results
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Table 5.2: Confusion matrix corresponding to the results in Tablé brikrawtchouk moments based description of testing samples
in the Front view dataset. The total number of testing sasnpée posture is 48 with a total of 336 testing samples.

I/I(DD/P]' 2|13|4|5 6 78 9101112131415(16(17/18 19 20 2[1 22 43 24 25 2627281‘23&)
1 |48
426
3 48
4 48
5 12 4 1 1 3
6 48
7 48
8 1 41
9 41] 7
10 48
11 48
12 4 1
13 1 2] |45
14 48|
15]1 1 41 1 4
16 2 43 1 2,
17 2 46
18 48|
19 47| 1
20 1 45| 1[1
21 3 6 3 1
22 1 44 3
23 1 1 2 44
24 1 3 43 1l
25 6 3 3 il
26 48
27 48|
28 1 47|
29 1 1 45 1
30 1 1 1 1 44
31 1 47|
32 1 4

Table 5.3: Confusion matrix corresponding to the results in Téblé bridiscrete Tchebichef moments based description of tpstin
samples in the Front view dataset. The total number of @stmples per posture is 48 with a total 0536 testing samples.

I/S/Pl 2(3/4|5 6 78 9101112131415(16(17/18 19 20 2{1 22 23 24 25 2627283;‘2314)
1 |48
47 1
3 1147
4 48
5 2 43 1 2
6 48
7 48
8 1 41
9 43 5
10 48
11 48
12 48
13 1 2] [45
14 48|
15]1 1 43 3
16 1 44 2] 1]
17 1 44
18 48|
19 47| 1
20 1 44 1 1] 1
21 3 4 1 1 ]33
22 1 44 1
23 1] 2 45
24 1 2 4
25 3 2 43
26 48|
27 48|
28 48|
29 1 47|
30 1 1 45 1
31 1 47|
32 1 47
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Table 5.4: Confusion matrix corresponding to the results in Tablé BrIPiCA based description of testing samples in the Front view
dataset. The total number of testing samples per postugwsth a total of 1536 testing samples.

I/I(DD/P]‘ 2|13|4|5 6/ 78 91p111213 ].4151617181J2)212223¢4252627282293&

1 |48

a7 1
147

3

4 48
5 2 4(Q 1 2| 2 1
6 48
7

8

9

79

79

10 48

12 48

14 48

18 48|
19 46 [ 2

26 48
27 48
28 48|
29 1 1 1 1 |44
30 3 1 43 1

32 1 4

exhibit similar characteristics as the DOM based desasptdhe confusion matrix for classification results of
Front view dataset obtained for the DOMs and the PCA are givaiable[5.2 - Tableé 5]4. It can be observed
that the misclassified posture classes and the corresgpndsmatched posture classes are almost similar in

the DOM and the PCA based descriptions.
5.6.2.2 \Verification of view invariance

The efficiency of the DOM based descriptors for view invariemmplex hand posture recognition is in-
ferred from the classification results obtained for the haosture samples in the Right view and the Left view
datasets.

From the values in Table 8.1, it is evident that the clasgifioaaccuracies with respect to the Right view
and the Left view datasets are higher for discrete Tchebictmment based descriptors. In comparison to
the discrete Tchebichef moments, the Krawtchouk momeriggssofiround 5% less classification rate. The
PCA based method exhibits almost similar performance akKta&tchouk moments with respect to the Right
view dataset. In the case of Left view dataset, the PCA oftéssmprovement in the classification accuracy

compared to the Krawtchouk moments. The results in Tables&ggest the discrete Tchebichef moments as
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Figure 5.17: Examples of the hand posture classes in the Right view datige Asamyuta hasta database exhibiting
higher misclassification rate.

better feature descriptors for view invariant hand postiassification.

The posture wise classification results for the Right view e Left view datasets using the DOM based
descriptors are shown in Figure 5.1%(a) and Fidure 5.1%&peactively. These plots show that almost 38%
of the posture classes exhibit classification accuracEstlean 80%. Of these, some of the posture classes
achieved the lowest classification rate of 30%. The postlagses in the Right view dataset with less clas-
sification rates are postures 5, 11 and 16. Similarly, theupexlasses in the Left view dataset offering less
classification accuracy are the postures 9, 16, 21 and 30.

Figure[5.1V and Figurle 5.118 present an illustration of thenmatched posture samples in the Right view
and the Left view datasets respectively. The illustratishew that the mismatch occurs between the hand

posture samples whose shapes contain more overlappiransegihe variation in shapes is mainly due to the
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Figure 5.18: Examples of the hand posture classes in the Left view datdtbe Asamyuta hasta database exhibiting
higher misclassification rate.

self-occlusion of fingers and the variation in the side pesfibf the hand postures. It should also be observed
that the high correspondence between the mismatched pagdagses occurs also due to orientation changes.
From Figurd 5.11(@), it can be inferred that the samplesdarRight view and the Left view datasets with more
misclassification rates correspond to the posture clastledass intraclass FOM values.

From the plot in Figuré 5.15(c), the posture wise classificatesults obtained for the PCA method on to
the Right view and the Left view datasets can be verified. itlmainferred that the posture wise classification
response of PCA is almost similar to that of the Krawtchoukrmants.

The detailed scores of the classification results obtaingdrespect to the Right view dataset are given in
Table[5.5-Tabl€ 5]7 and the results corresponding to thevief dataset are given in Talle b.8-Table 5.10.
By analyzing the detailed scores of the posture wise claasifin results, it is observed that the mismatch has

occurred between the classes that exhibit more interctasslations.
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Table 5.5: Confusion matrix corresponding to the results in Tablé brikrawtchouk moments based description of testing samples
in the Right view dataset. The total number of testing sampé posture is 48 with a total 0f336 testing samples.

I/I(DD/P]' 2|13|4|5 6 78 9101112131415(16(17/18 19 20 2[1 22 43 24 25 2627283&3&)
1 |48
41 5 1 1
3 1147
4 37 4 7
5 [1]19 3 9 2|3 1 6 4
6 48
7 43 3 1 1
8 48
9 35 13
10 48
11 |11 1 33 3
12 4 43 1
13 3 1 5 29 1 1 [ fi
14 48|
15 1 40 1 2| 1 11
16 4 6 4 (14 | 2 4 323 P 1 b
17 8 45
18 48|
19 2 1 8 2 2] 21 6
20 2] 1 1 43 1
21 1111 2 1 1 |4 1
22 1 2 1 1] 41 1 1
23 2 1] 7 3
24 1 1 6| 1 1 2 34 11
25 9 6 1] 32
26 1 46 1
27 48|
28 1 1[44
29 1 8 3 39 P
30 1 2 3|1 8 2 35 1
31 1 1 9 3 34
324 2 1 1 1 39

Table 5.6: Confusion matrix corresponding to the results in Téblé bridiscrete Tchebichef moments based description of tgstin
samples in the Right view dataset. The total number of tges@mples per posture is 48 with a total 0636 testing samples.

I/S/Pl 2(3/4|5 6 78 9101112131415(16(17/18 19 20 2{1 22 23 24 25 2627283;‘2314)
1 |48
47 1
3 48
4 35 7 6
5 20 1 1] 2 1] 1 E ]
6 48
7 451 1 1
8 48
9 39 9
10 48
11 |10 2 3 4
12 3 44 1]
13 6 4 2 32 2 P
14 48|
15 1]1 43 2 1
16 5 2 2 3 [21 | 4 1 L p 1
17 3 45
18 48|
19 2 1 6 1 33 | §
20 1 46| 1
21 1 1 1] 2 1 11 4D
22 1 47
23 1 6 4 1
24 1 1 6) 1 38 1
25 6 3 34
26 1 44 1
27 48|
28 1 47
29 1 1 3 1 4 .
30 3 2] 1 4 1 1 3b ]
31 1(1] 7 1 38
32 |1 3 1 1 4?
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5. DOM based Recognition of Asamyuta Hastas

Table 5.7: Confusion matrix corresponding to the results in Tablé BrIMCA based description of testing samples in the Right view
dataset. The total number of testing samples per postugwsth a total of 1536 testing samples.

I/I(DD/P]' 2|13|4| 5/ 6/ 78§ 9 101112131415(16/17/18 19 20 2[1 22 23 24 25 P6|27|28 29 3%
1 |45 3
47 1
3 48
4 34 6 8
5 19 8 1 9 5 1 5
6 48
7 45 1 1 1
8 48
9 37 11
10 48
11 |17 2 5 |26 4 1
12 3 4 1
13 7 8 29 4
14 48
15]1 111 38 2 1 2| 2|
16 6| 1|3 1 12 4 5 2§ 1 31
17 5 44 1
18 48
19 3 1 3 32 [ 8 il
20 1 44 1 2
21 11 1 2| 1 1 1 3B f
22 2 1 1 1 1 38 7 2
23 1 5 42
24 1 3|1 4 1 38
25 7 3 3
26 1 47
27 48
28 1 47
29 1 3|1 1 2 |38 7
30 2 1 10 5 1 1127 1
31 1 1 6 1 39
32 3 1 1 43

Table 5.8: Confusion matrix corresponding to the results in Tablé brikrawtchouk moments based description of testing samples
in the Left view dataset. The total number of testing sampérgposture is 48 with a total of 836 testing samples.

O/P
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5.6 Experimental studies and results

Table 5.9: Confusion matrix corresponding to the results in Tablé 6ridiscrete Tchebichef moments based description of tgstin
samples in the Left view dataset. The total number of testargples per posture is 48 with a total 0636 testing samples.

I/glpl 2134/ 5 6 7 § 0111213 1415(16|17/18 19 20 211 22 23 24 252627283]23’14)

[{o]
[y

[
N
o]

48

3

7

5 42 3 1 1 1
6 49
7

8

9

a7 1
piks

24 22 2|
10 4§

18 48|

23 47| 1

47
29 1 1 44
30 1 1 17 4 P 2B
31 2 1 1 1] 4 39
32 3[1 1 4 1 3

Table 5.10: Confusion matrix corresponding to the results in Tablé BrIMCA based description of testing samples in the Left view
dataset. The total number of testing samples per postuwsth a total of 1536 testing samples.

I/S/Pl 2(3/4|5 6 77 8 91011121301415(16(17/18 19 20 2{1 22 23 24 25 2627283’2314)
1 |48
344 1
3 45 2 1
4 48
5 35 ) 6 1 1
6 48
¥/ 42 14 1 1
8 47 1
9 24 2] 3|
10 48
11 1 6| |41
12 44 1 1]
131 1 2| 1 34
14 47| 1
15 2 11 0 1291 2 7 | S LR
16 2 22 2 2 1] 11
17 4 42 2
18 48|
19 1 43 |3 1
20 2 1] 5] 3] 3 1 4 2
21 8 2 5 5 [2 g
22 3 1 42 2
23 47| 1
24 1 47|
25 1 1]44
26 4 40 [4
27 1 4 43
28 1 2[49
29 1 3[ 1 43
30 2 16 3 21 24
31 3/ 4] 2 1 1 1 3 3p
32 5[ 3 1 3 1 3b
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5. DOM based Recognition of Asamyuta Hastas

Table 5.11: Consolidated values of the classification results compattie DOM based descriptors with the PCA. The training set
contained 3456 samples of 32 hand postures taken from the all the thteeata. For rotation invariance, the each training saniples
rotated between°@o 35C in steps of 10. The total number of testing samples i$88 with 1,536 samples per dataset.

(% CC- Percentage of correct classification. )

Classification results obtained for test samples from
Methods
- - - - Overall % CC
Right view Front view Left view
Krawtchouk moments 96.16 96.09 94.01 95.42
discrete Tchebichef momentg 97.27 97.53 96.48 97.09
PCA based description 96.61 96.35 94.92 95.96

5.6.2.3 Improving view invariant classification

The study on the view-angle invariance has shown that thergaset consisting of samples taken only
from the Front view dataset are not sufficient to conceal theewiral variations in the hand postures that occur
due to view-angle changes. Though, the performance offeyethe DOM based descriptors, particularly,
the discrete Tchebichef moments are comparatively betterefficiency of these descriptors can be further
improved by adding hand posture samples taken from the aigtitthe left viewing directions to the training
set. Accordingly, the experiment for view invariance isaafed by increasing the number of samples in the
training set.

The size of the training set is increased by addinth? samples from each of the Right view and the Left
view dataset to the training set. Therefore, the extendsdimg set consists of,d56 samples of 32 hand
posture shapes in the Asamyuta hasta database. As in theysrstudies, the number of testing samples used
for the experiment is,4808. In order to achieve rotation invariant recognitiore #amples in the training set
are rotated in steps of 1®etween 0to 350.

The classification results obtained with respect to theneldd training set are given in Talile 5.11 and the
posture wise classification accuracies are shown in the piofigure 5.19. Clearly, the performance of the
feature descriptors with respect to the Right view and thé\iew dataset has increased. The efficiency of the
Krawtchouk moments has improved by approximately 14% aay éxhibit similar performance as the PCA
based method.

The posture wise classification results obtained for theraded training set are shown in Fighre 5.19. From
the plots obtained for the DOM descriptors, as shown in EEuL9(d) and Figuie 5.19[b), we can infer that
the samples with classification accuracies less than 80&htdb the posture classes 5 and 9. Among these,
posture 9 exhibits classification accuracy over 80% in disci chebichef moments based description. Similar

to the results in Figure 5.16, Figure 5.17 and Fidurel5.18phserved that the the samples of posture 5 are
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5.7 Summary

- ® -Right view =@=Front view '=0= Left view - ® -Right view =@=Front view '=0= Left view
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Index of the Posture Class Index of the Posture Class
(a) Krawtchouk moments based features (b) discrete Tchebichef moments based features

- ® -Right view =@=Front view '=0= Left view

1001 &

907

% CC

801

70 2 4 6 8 101214 16 18 20 22 24 26 28 30 32

Index of the Posture Class
(c) PCA based hand posture description

Figure 5.19: lllustration comparing the posture wise classificatiorultssobtained for the Right view, Front view and
the Left view datasets with respect to the extended trais@ngThe classification accuracies obtained for (a) Krastkh
moments based features (b) discrete Tchebichef momered bestures and (c) PCA based hand posture description.

mostly misclassified with postures 2 and 21. The samples stiipp 9 are mostly misclassified as posture 17.
In some cases, the shapes of these mismatched postures dess®t visually distinguishable and they exhibit
more overlapping regions.

From the results obtained in this experiment, it is eviddait the DOMs are robust features for view
invariant hand posture recognition. The discrete Tchetfinloments offer comparatively higher classification

accuracies exhibiting better view invariance charadiesis

5.7 Summary

This work has presented a novel DOM based hand posture riéoogtechnique for representation and
description of Asamyuta hastas in Bharatanatyam. The geaptechnique is robust to similarity transforma-
tions, user variations and view-angle changes along thiedrdal direction. A database, namely, the Asamyuta

hasta database, consisting 9084 samples of the 32 hand postures in Bharatanatyam isogegefor con-
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5. DOM based Recognition of Asamyuta Hastas

ducting the experiments. The database is collected frone&wsd it contains samples acquired at 3 viewing
directions- the Right view, the Front view and the Left view.

The hand region is segmented through skin colour detectimhtlae DOMs are used to represent the
segmented binary hand postures. The classification is npeefb using a minimum distance classifier. The
experiments are aimed towards analyzing the accuracy oD@kls as features in user and view invariant
classification of the hand postures in the Asamyuta hastddsg.

The structural variations in the hand posture shapes in fstarhasta database are studied by computing
the intraclass and interclass distances in terms of th&’$PF&M and the correlation coefficient. A detailed
study on the DOM based classification is conducted in corapanwith the PCA based descriptor. Based on
the results, the performance of the DOMs are comparablest® @A based method. Especially the discrete

Tchebichef moments offer better performance than the PCiyade
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6. Conclusions and Future Work

This chapter summarizes the conclusions derived from tha ouatributions of this thesis. Also, it pro-

vides a direction into few areas that may be explored fohrrtesearch.

6.1 Concluding remarks

The objective of this research has been to explore the two B@imely the Krawtchouk and the discrete
Tchebichef moments as shape descriptors for hand postogméon. The proposed DOM based hand posture
recognition technique is intended to find applicability ankd posture based HCI for tabletop interfaces and data
cues for automatic annotation and retrieval of Bharatamatgance videos. In this context, we have tested the
efficiency of the proposed DOM based shape descriptors mesepting two different classes of hand postures.
They are the simple hand postures that are suitable for HEtrcomplex hand postures in Bharatanatyam,
known as the Asamyuta hastas.

This thesis studied the characteristics of the Krawtchoutk #he discrete Tchebichef polynomials and
empirically inferred that the Krawtchouk and the discretd@bichef moments are efficient descriptors in rep-
resenting shape under structural deformations. The DOKI®m@mployed for robustly representing the hand
posture shapes in the presence of structural distortiomsedaby the user and the view-angle variations. The

conclusions of the work reported in this dissertation aesented chapter wise.

() Inthelntroduction, we presented the scope of hand gestures in CBA systemsaded 8te significance
of hand postures as user interface data in HCI and as datdaruesntent-based image/video analysis.
Based on the angular positions of the finger joints, the hamglupes are categorised as simple and
complex hand postures. The advantages of the monoculamvissed approaches to hand posture
recognition in CBA systems are discussed. The generaheutli vision based hand posture recognition
techniques and the major issues to be addressed by the methadaborated. It is shown that the
variations in the hand posture parameters (angular pogifithe finger joints) and the view-angle while
image acquisition are the major issues that cause strldistartions in the hand posture image thatis to
be used as input for the hand posture recognition technigased on the general outline, the problems

to be explored were defined.

(ii) A review on the feature descriptors used for represgnthe hand postures in vision-based hand posture
recognition was presented @hapter 2. From this chapter,it is understood that the shape basdubateet
for hand posture representation are computationally lessadding and they offer good classification

accuracies. Some of the important shape based descrigtrsfied are, the geometric moments, the
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6.1 Concluding remarks

Zernike moments, the Fourier descriptors, the Gabor wesvaled the PCA. In comparison to some of
these methods, the DOMs have the prospects to be efficiemtrirstof accurate representation in image
analysis. Unlike the Zernike class of moments, DOMs do nailire numerical approximations. Unlike
the PCA, the basis functions do not vary for different imagAs a result, the computations involved
in deriving the DOM features are less than that of the PCA okt his suggested the applicability of

DOMs for shape description.

(i) The DOMs are derived from the DOPs. Particularly, theaWtchouk and the discrete Tchebichef mo-
ments are derived from the WKPs and the DTPs respectively.fditmulations of these DOPs and their
characteristics were presenteddhapter 3. It is shown that for any given order, the WKPs and the DTPs
behave like band-pass functions and hence, they exhibigd/aharacteristics in representing different

shapes.

The chapter studied the efficiency of the Krawtchouk and fiserete Tchebichef moments in shape
representation in the presence of different shape defectidt established that at lower scales, the
Krawtchouk moments are superior to the discrete Tchebiot@hents in accurately representing the
shapes. With the increase in scale, the performance of thessents varies at lower orders according
to the structural characteristics of the shapes. At the lasgers, the discrete Tchebichef moments are
superior to the Krawtchouk moments in accurately représgrghapes with low structural variations.

On the contrary, the Krawtchouk moments offer represenmtadiccuracy higher than that of the discrete
Tchebichef moments in approximating shapes containinlg $igtial frequency structures. Particularly,

the discrete Tchebichef moments require higher ordersfiiesftly reconstruct high spatial frequency

structures of the shapes. The study on the shape repreésergaturacy has shown that the WKPs offer
comparatively more data compaction in representing shapkesver scales. At higher scales, the data
compaction of WKPs is more for shapes with more structurahtians. The data compaction capability

of DTPs is found to be significant only for low spatial frequgrshapes at higher scales. Similar exper-
iments were performed to verify the robustness of the DOMshimpe representation in the presence of

noise. The experiments suggested that both the momentstarst up to 35% noise level.

The second empirical study verified the applicability of #eawtchouk and the discrete Tchebichef
moments as shape descriptors for classification. The ewpatiwas performed on 400 samples of
20 shape classes taken from the MPEG-7 (CE Shape 1, Partt®l)ade. The database consisted of

samples subject to various structural distortions. Thdystuggested the Krawtchouk and the discrete
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6. Conclusions and Future Work

(iv)

Tchebichef moments as potential features for robust shapsification against shape defections caused

by segmentation errors and structural deviations.

The empirical studies and the results obtained in this endpive shown that the DOMs are potential
feature descriptors for representing different shapesréfbre, it is concluded that the DOMs can be

employed as feature descriptors for classifying the harstipes based on their shapes.

Chapter 4 presented the proposed hand posture recognition technging geometry based normaliza-
tions and DOM based features for classifying the simplelsithgnd postures. The hand postures are
formed by the flexion/extension and abduction/adductionaements of fingers to their maximum range.
The hand postures and the experimental setup employediwthik are chosen to suit the framework of
tabletop interfaces. In this chapter, two major issues ®@ftparation of the forearm and the orientation
alignment of the hand postures are investigated. The methased on the anthropometric dimensions

of the hand and the geometry of the hand postures are propmseldiress these issues.

The experiments are conducted on a large database cog®éti® posture classes angP80 hand pos-
ture samples acquired at varying view-angles and oriemisti The hand postures images are collected
from 23 users. For the experimental setup used in this whekinhages are acquired from the high-angle
position. Hence, varying the view-angles while acquisiticesulted in more perspective distortions and
the effect like self-occlusion of fingers is minimised. Theustural variations in the hand posture sam-
ples of each class are analyzed using the Pratt’s FOM ancdbthelation coefficient. The analysis has
shown that the database exhibits more structural devaiiothe hand posture shapes that are caused
due to user and view-angle variations. The comparison ofritegclass and intraclass correlations of
the hand posture shapes has shown that the database tessiftuisually distinct hand posture shapes.
However, the hand posture shapes of different classesstafsiverlapping regions such that some of the
hand posture classes form a subset of the other hand pokisses. A detailed study on the DOM based
classification is conducted in comparison with the geometioments, the Zernike moments, the Fourier
descriptors, the Gabor wavelets and the PCA based methb@susker invariance is verified by varying
the number of users considered for forming the trainingsidtaThe view invariance is verified by ex-
amining the classification accuracies obtained for the lparsture samples that are acquired at different
view-angles. The results established that the DOMs are atatipely robust features for achieving user
independent and view invariant recognition of simple haodtgres. The classification accuracies of

the DOMs are comparable to the PCA method. In some casesjsitretd Tchebichef moments offer
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6.1 Concluding remarks

marginally better performance than the Krawtchouk momantsthe PCA. The experimental results ob-
tained in this work suggest that the proposed hand postaogniion technique using geometry based
normalizations and DOM based features is robust to theaiityiltransformations (scale, translation and

orientation changes), the user variations and the pregdistortions caused by the view-angle changes.

(v) A novel DOM based hand posture recognition techniquedpresentation and description of Asamyuta
hastas in Bharatanatyam was propose@lapter 5. The Asamyuta hastas are complex hand postures
in which the angular positions of each finger joint are vat®fbrm a hand posture. The hand posture
images for the database are acquired at normal-angle @ositid the hand postures are performed by
extending the hand outwards, in front of the body. Thereftoethis setup the view-angle is changed
along the horizontal direction in such a way that the frouffifr and the right and the left profiles of the
hand postures are acquired. The developed Asamyuta hasbada consists of 864 samples of the 32
hand postures in Bharatanatyam. The database is collectmdfusers and it contains samples acquired
at 3 viewing directions- the Right view, the Front view and tteft view. In this setup, the view-angle
changes result in minimised perspective distortions aedsthuctural variations are mainly due to the
self-occlusion of fingers and the variations in the right Hrelleft side profiles of the hand postures. The
structural variations in the hand posture shapes in Asaarfyagta database are studied by computing the
intraclass and interclass distances in terms of the PFitid and the correlation coefficient. The samples
in the Asamyuta hasta database have shown comparativelynkeaclass variations for the samples in
the Right view and the Left view dataset. Also, samples ofesofrthe hand posture classes have shown
high interclass correlations. Unlike the hand posturelseda in Chapter 4, the Asamyuta hasta database
consists of both structurally distinct as well as overlagphand posture samples. The variations in the
side profiles and the self-occlusion of fingers have resuttestructural distortions such that the hand

posture shapes are structurally overlapping in nature.

The analysis on intraclass variations has shown that thplsaraxhibit at least 20% structural deviations.
The deviations are the result of intra-user as well as ther-iméer variabilities. It is obvious that the
inter-user variability will be comparatively more due teetkariations in the hand geometry. Hence,
establishing user invariance by varying the number of usetle training set will only lead to more

misclassifications. However, the user invariance witheesfo the intra-user variations in the gesturing
style can be easily verified. Therefore, the user invariaffieiency of the DOMs is inferred from the

classification results obtained for the samples in the Frvavw dataset. The view invariance is studied
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from the results obtained for the Right view and the Left viatasets. The discrete Tchebichef moments
offered higher performance efficiency than the Krawtchownmants and the PCA. The classification

accuracies of the Krawtchouk moments are comparable tothlagé PCA method.

The results in Chapter 4 and Chapter 5 have shown that, ofMn®OMs considered, the discrete Tchebichef
moments are better than the Krawtchouk moments in clasgiftfie hand posture shapes. Particularly, for the
hand posture shapes in the Asamyuta hasta database, tbam@erte of the Krawtchouk moments is signifi-
cantly poorer than that of the discrete Tchebichef momertg. possible reason for the reduced efficiency of
Krawtchouk moments, may be the localised support of the lawder WKPs, due to which the lower order
Krawtchouk moments cannot represent the variations inntieeehand posture shape. Therefore, if the struc-
tural variations in the regions of different shape claskaslte within the localised supports of the lower order
WKPs are less, it may lead to more misclassifications. Censig that the lower order WKPs are capable
of accurately representing the shapes of low spatial scalescan expect to achieve better performance by
either reducing the scale of the shape or by increasing fieeo$ithe image grid on which the shape is defined.
Practically, these approaches may not be advantageows)deaeducing the scale of the shape through down
sampling may result in losing the structural features anteimsing the size of the image grid will unnecessarily
increase the computational load.

Our study shows the discrete Tchebichef moment based skeapgptor proves to be a suitable alternative

for hand posture recognition.

6.2 Suggestions for future research

The research of the thesis points to some interesting aatens

(i) The WKPs offer some interesting properties such as wugryhe spatial support of the polynomials by
controlling parameterp; andp, and localization at the lower orders. These properties eaxplored to
derive the local description of shapes, such that the lcmadtrons in the structural characteristics of the
shapes of different classes are efficiently representedriproving the shape classification accuracies.
This may be useful in hand posture classification, becauséndéimd posture shapes consists of more

overlapping regions due to which the misclassificationsiocc

(i) The other DOMs, namely the discrete Hahn moments andligrete Racah moments may be explored

for shape description.
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6.2 Suggestions for future research

(i) Further work may also concentrate on verifying theeintiser variabilities in performing the Asamyuta
hastas. An improved Asamyuta hasta database can be dadddppellecting the hastas from more num-
ber of persons. The inter-user variabilities can be andlgsel the efficiency of the DOMs in classifying

the hastas can be verified by varying the number of persohgdied in the training.

(iv) The proposed hand posture recognition technique famnf\gita hastas can be extended for classifying the

Samyuta hastas, the two-hand postures in Bharatanatyam.

(v) The proposed DOM based hand posture recognition teabrign be extended to develop content-based
annotation and retrieval systems for Bharatanatyam daide®s. The block diagram representations of

the models for the content-based annotation and the raksggtems are illustrated in Figurel6.1.
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Figure 6.1: Block diagram representation of the model for the contaseld (a) annotation system and (b) retrieval
system for Bharatanatyam dance videos.
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