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Abstract

This thesis presents r@vel Dynamic GestureLanguageRecognition (DGLR)
systemfor humanrobot and interobot communication.

We developed and implemented an experimental sedmgisting of a
humanoid robot/androidble torecognize andxecute in real time all tharm
gestues of theDynamic Gesture LanguagBGL) in similar way as humans do.

Our DGLR system comprises two main subsystems: an image processing
(IP) module and a linguistic regnition system (LRS) module. THE module
enablegecognzing individual DGL gesturs. In this module, we use the baf
features (BOFs) and a local part model approach foamhc gesture recognition
from images Dynamic gesture classification is conducted usthg BOFs and
nonlinear suppottectormachine (SVM) methods. The multiscale local part
modelpreserveshetemporal context.

ThelP modulewastestedusing twodatabasg one consisting of images of
a human performing a series of dynamic arm gestureder different
environmental conditionsnd a second database consisting of esag a android
performing the same series of arm gestures.

The linguistic recognition system (LRShodule uses a noveformal
grammarapproacho accepDGL-wise valid sequences of dynamic gestures and
reject invalid ones. LRS consists wfo subsystemsone usinga Linear Formal
Grammar (LFG) to derive the valid sequence of dynamic gesturearasider
using a Stochastic Linea Formal Grammar (SLFG) toccasionally recover
gestures thatvere unrecognied by the IP moduleExperimental results have
shownthat the DGLR system had a slightly bettererall performancewhen
recognizing gestures made by a human sul{@&02% recognition rate) than
those made by thendroid(97.42% recognition rate).
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Chapterl. I ntroducti on

1.1. Concepts and Context

Arm gestures are a collection of movements of the hand, forearm, alwbwpper arm.
They are ditinctfrom the static hand signs made using special hand finger configurations
as for instance those used in the American Sign Language (Ag&)concept will be used
throughout this thesis.

Arm gestures represent a powerfudtural communication modality between
humans, providing a major information transfer channel in our everyday life, transcending
language barriers. Hand signs and dynamic arm gestures are an easy to-vesdaion
communication modality of humans with othermans and even with some animals. For
example, sign languages have alreadynbesed extensively among speemh hear
disabled people. Even people who can speak and hear also use many kinds of arm gestures
and hand signs to help their communication idi@aunoisy environments or too far away
for hearing applications (e.g. on board of ships or aircraft carriers).

More recently, arm gesturinglso became a maj@ommunicationmodality for
humancomputer interactioHCI). Dynamic gesture communication iserynatural and
humanlike mode of communication with computevghich complements thstatic hand
signs As a result ofarm beingable to moven any direction and to bend to almost any
angle in all coordinates, dynamiarm gesturingadds a new dynamidimension
complementing thstatic hand gestures are limited to significantly tasaning set of hand
postures.

Visual am movementecognition is doné bothspatial and temporal domairis.
requires high accuracy interms ofrecognitionand time as well as level ofperfection
against a cluttered background, variable light condition and variable distance.

Visual recognition of gnamic arm gestushas recentlypeen adopted by a number
of applications, like smart horgevideo surveillance, humambot communicationin

smart homedjealthcarend eldercarapplications.



1.2. Motivation

Recent years have produced a remarkable growth in the development of new interfaces for
humancomputer interaction (HCI). These techniques are offering more convenient
humancentric communication modalitiethat make humanomputer communication

more natural and intuitive, as illustratedrigure 1 [1] [2] [3].
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Figure 1 Humancentric HCls forvirtual environmentapplications[1]

In particular, dynamic arm gesture interfaceslaginning to attract the attention
of developers as theyrovide a powerful addition tdahe static hand signs, cu asthe
already well establishemerican Sign LanguageA\GL) andJapanese Sign Language
JSD), in many fields of activities wherbumans andntelligent humanoid robots (a.k.a
android3, are working togethersuch asin manufacturing, industrial maintance
operations, disastenanagement interventions, healthcare, or humanitarian miggdipns

[5] [6] [7]. These intelligent androidshouldbe more responsive to human behavior and



also be able to learn from experience and by observing how humans behave, communicate
and perform different tasks.

A new generation of humanoid robaesscurrently under development in order
hel p ol daege aidul psadie, 0 i #ifpaml veelucet Headthcare qual i t
expendituredy allowing these people to live independently in their own household for a
longer time, fulfilling their desire for longer autonomy and independence

As arm gestumng is oneof the basic naturainstinctivecommunication modality
for humans, it is naturally to expect thawuld dso be adopted by theaadroid. Gesture
communication ability would complement other ddgiirectional robothuman
communication modalities sucls ghe verbal and faeexpression recognition, allowing
androics to more naturally mingle and interact with humans and diberanoid robots
(androids)while they are all cursorily interacting in normal household activities, as

illustrated inFigure 2

Hand-Gesture
Recognition

Android # j

Hand-Gesture
Recognition

Android # k

Figure 2  Visual recognitionof gestures madey androidscommunicatingvith
humans and othendroids.



1.3. Objective and Approach

The main objective of this thesis the development of an efficiediynamic gesture
language(DGL) that both adroids(humanoid robotand humans can comfortably use. In
order to do this we will need to solve the following two major problems:
) Find a set of meaningful dynamic arm gestures tbbbdtscan adequately
perform in a humatike fashion;
(i) Develop robust @amputer vision methods to allombotsto recognize the
dynamic armgestures made by other robass well as by humans, and to
understand the meaning of tHeynamic Gesture LanguageDGL)

expressions defined by sequences of valid recognized gestures.

A dynamic arm gesture commigation system between robaisd humans should
be human friendly and capable of integration with other hucearric HCIs such as the
already well established static hand sign languages (e.g. ASL), or théangdwage and
faceexpression recognition interfaces.

Dynamic arm gesture recognition is a challenging task in computer vision. It has to
be computeefficient, should be accurate and robust in order to consistently recognize the
correct dynamic gestures. Dynamic gesture reitiognis even more challenging a task
when the background is cluttered or when occlusion occurs. In this thesis, we are mainly
concerned with the development of a robust dynamic arm gesture recognition system that
can adequately perform under visually l#r@ging settings.

These challenging settings bring a higher degree of uncertainty in most
classification systems. A number of gestures organized classes-girmemsional feature
space can be used as a basis to recognize new gestures if these nearenpittsn a
certain range of similarityrigure 3shows théwo dimensionalZD) case, where the each
white instance is classified according to its closest cluster. In order to improve the
recognition performance,dynamic gsture language recognitidDGLR) system must be
able to categorize efficientlyoisy gestures, represented by the yellow dot irFipere 3

There are a number obmputer visiorrecognition techniques used by researchers
but recently bagpf-feature (BOF) became very popular for action recognition due to its

simplicity and good performancd@egardlessf its limitationsdue to its ability tdake care



of only unordered features became very popular fanany object classiftationtasks
Becawse of its discriminative power we utee BOF method anthenonlineari s uppor t

vector machi ne (t&hhigudar the dyramigastiireecagnitionofrom

video data.
I 3
® Up Gesture
/..fC}-m.._\ P ~ ® Go Gesture
/] / N PP '\, @ Right Gesture
- e . ePe !
! ° .. i [ $ .’ i @ Left Gesture
‘-.\ \ /O Noisy Gesture
) O Unrecognized
Gesture
Feature 2
./'
.'/.
!
\
“
Figure 3 Gesture recognition in feature space.
We will extendS h i e[8] wak, whizlswas originallyused for human action

recognition. Similarly some researapproachesclude abagof-feature(BOF) approach

that is applied tdocument analysi$t has beefoundthatthis approah provesto function

well in controlled settings and simple backgrounds. Mostheftime, it uses global
representatiomnd performs background subtraction, object tracking anddskection.

The main focus is to keep global and loegdresentation imirmation, and to keep track of

the order ofocal events for dynamicegture recognition. We chose tBOF approach as

it will contribute to the robustness of our system by eliminating the need to perform arm

tracking and background subtractitesks This techniquealso allows for moreof a



freedom of making meaningful dynamgesturesvhich includes combination of hand,
fingers wrist, elbow, forearnandupperarm.
As our proposeddynamic gesture languagPGL) has a relatively small set of
gestural expresions, the grammar that generates these expressions could be a simple
regular grammar. This will allow us to employ a grammatical syntactic approach for the
recovery of uncertain individual dynamic gestures which were not fully recognized by BOF
but onlyguessed/estimated by the nearest neighbor method. The guessed value/symbol of
the uncertainly recovered gesture is validated through a-ttort memory parsing
algorithm
A stochastic linear formal grammavill be developedfor Dynamic Gesture
Language Reognition(DGLR). This will increase the classification accuracy by adding
the notion of probabilities and shaerm memory to tackle the presence of noisy gestures
in DGL sequencesFigure 4 illustrates a sequence of gestued ar t i ng with @
transitioning to ARighto, foll owed by ALefto
that cannot be recognized properly by the image processing module. The stochastic linear
formal grammar is used to calculate the probabilifésand P2 based on the previous

gestures and on the corpus generated by production rules of a linear formal grammar.

A

@ Up Gesture

® Go Gesture

® Right Gesture
® Left Gesture
O Noisy Gesture

v

Figure 4 Gesture recognition using precedents.



While common sigmecognition systems use only the visual information in the data
our Dynamic Getsire Language Recognitiosystemwill use both the primary visual
informationandthe DGL syntactic informatiorso it will makemore informed decisian
while performing the classification task.

1.4. Thesis Contributions

This thesigoresentsa novelDynamic Getiure Language RecognitiqipGLR) systemto
facilitate the communication among heterogeneous groups incladohgics as well as
humans.The DGLR system comprises two main subsystems: an image processing (IP)
module and dinguistic recognition systenL.RS) module.
The following summarizethe contributions of the thesis
1 Dynamicarmgesture recognition using bag of feat#®F)and local part
model approeh. We proposed this method because previous methods
(tracking of hand, tracking of fingers, recogmit of hand, recognition of
fingers,etc) limit the algorithm to specific paof the body.In contrast
our approach eliminatédbe needto trackspecific body partand has ability
to expand ouwork from the recognition of onearm dynamic gestures to
bothrarmsdynamic gestured.his approach allowed us to achieve an overall
accuracy of 8.92% in the case of human gestuessl 97.4% in the case
of android gestures hese are state of the art results as compare to other
researcher 6s presentedyi Tabek8 n r esul t s
1 Modular open architecture fodynamic gesture language recognition
(DGLR) systenincluding animage processind®) module andalinguistic
recognition systemLRS) module. This modularity makeshe modués
separatelyupgradableso the improvement of one doesn't ew changing
the otherwhile increasng the overallperformance of the system.
1 A novel linguistic recognition system (LRS$hodule that analyzes the
sequences of gestures the gesturelanguageand determines whether or
not they are syntactically validVe developeca novelformal grammar

approacho accept valid sequences of the formaglzage and reject invalid



ones. Weconsicer the dynamic gestures as symbols (words) and construct
sentencegsequences of gesturesy the use of @ormal grammarthat
enablsthesystem to understaride dynamic gestud@anguage.

1 We developed a consistent testing procedure allowingneasurethe
gesturerecognition accuracfor each of the DGL gesturesder dfferent
environmental conditiong-or eachDGL gesturewe have24 scenarios as
mentioned inchapter 3 So intotal we have 12x24=288 scenarimg. for
tilted arm, full front arm vertical arm,good light, bad light, with white
background, with cluttereldackground etc.

1 We successfully developed and implemented an experimental set up
consisting of a humasized android able to execute in real time all the DGL

dynamic arm gestures in similar way as humans do.

1.5. Limitations

There are some limitations necess@arpe mentioad:
1 All our work isnot based on real time scenarlmuton recorded videos.
We trained and tested oumage processing (IP) moduléth recorded
video clips.
9 Our linguistic recognition system (LRS) moduteaynot be as efficient

for the ma@e complex sequence.

1.6. Publications Arising from this Thesis

The following publications have arisen fronetivork presented in this thesis
1 M. R. Abid, E.M. Petriu, E.Amjadian, "Dynamic Sign Language
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pp.596605, March 20159]
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1.7. Thesis Outline

The rest of thehesis is as follows: apter2 presentghe background work of
gesture recognition approaches. Quain focusis on vision basedgesture
recognition approache&€hapter Jpresentdirst module of theDynamic Gesture
Languag@ Recogition (DGLR) system an@lsopresents our method of local part
model and bagf-feature for dynamic arm gesture recognition. An action
recognitionframework will be illustrated. The system introduced in this chapter
leads to the construction of the Image Processing (IP) mddiuégter Hdiscusses
the interrobot communication architectutédere we discussed about dynamic arm
gesture recognition faandroids This will show the robustness our algorithm
and will prove our algorithm accuracy agfficiency in presence of nois€hapter

5 explains dynamic gesture language recognition using formal grammars. It
introduces the.inguistic Recognition Syem(LRS) module and describes how it
improves the accuracy of the overall system PD€LR). The LRSis thesecond
main module of th®GLR system proposedhapter6 concludes the thesis and

puts forth the future work.
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Chapter2. Background

Because of the humaamdés hi gh degr ee am gestureeedom (
recognition is a challenging problem. To better understand the complexity of the
armgestures there are two important aspects that should be con$idgridd].

Hand Sign: a static hand pose with no movement involved and no change
in its location.

Arm Gesture a sequencef arm signsconnected bycontinuouspalm,
fingers, wrist, forearm, elbowar upper armmovements

Aiming is to producea more naturalhumanlike way of communication
our thesis will explore new intelligent computer vision methods for arm gesture
recognition.

As already mentioned leandsignis defined as a static hand poss for
instancemaking acertain finger arrangemeand holdng it is consideed to be a
hand posture. Aarm gestureis defined as a dynamic ai€mmovement irolving
oneos ,paimpvyist,ricsearm, elbow arpper arm. An example of an arm
gesture is someone waving good bye. Because of its manifoldness appieatio
its ability to efficiently interact with other machines through H&1in gesture
recognition systems have recently received more attenionomprehensive
literature review of this field would ban intimidating challenge. Because of the
significart amount of publications about the topic, this chapter wilk beviewof the
most representative developments that are pertinent to my thesis research topics.

Most of the research done up to date concentrate on the hand sign
recognition using different @ls, while relatively little was done and published
about the dynamic arm gesture recognition for both humansaaddoics
communication This is the reason for the background information provided in

this chapter dealsostlywith hand sign systems.
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The first research attemgto develophand signrecognitionsystems for
HCls haveused glove-based deviced 6] [17] [18] [19]. However, a gloe-based
interface requires the user to wear a devle# connectdo a computer with
cumbersome cables. This arrangement lacks ease and the natural, humanoid way

of communicating16]. Figure 5shows the gloveshat have beeunsed for HCI.

Figure 5 Gloves used for HCI

In order to collect data from these instrumented glf&@}s computer input
devices are physically attamthto a usefs hand. These gloves report data values
for finger movemerd; the amount of reported data values depends on the type of
glove worn.Depending on the glove typeatkers are attached to the back of the
hand or the upper wrisThey collectdata on the position and orientation of the
hand inthree Dimensional 3D) space.These sensor devices are very hectic; in
order to collect data, a useust be wearing the gloves. This device restricts the
user's freedom of avement. These limitations haspurred research about the use
of computer vision torack human movements and to recognize static and dynamic

handsignrs.

2.1. Vision Based Hand Sign Recognition

Vision based hansignrecognition techniques asamore natural humahke way
of communicatng. Thismethodof recognition/tracking providesreseacherwith
more DOF it alsodoesnot require the use of glovegision based recognition

12



systems requigeapplication specific image processing algorithms, programming,
and machine learning.

In this techniqueacamera is used to capture the dadaich includes hand
position static posures. Researchewill typically use one camera to captuae
image, but may also use more than two cameras, depending on the scenario.
Multiple camera$21] [22] increaseahealgorithmic complexity osimultaneously
dealing with multipledatasources. This mode of recognitican experience
number of challengesike robust recognition, occlusion handling, variable light
conditionsandensuring an appropriatikstance betweethecamera andnobject.
Researchers find various ways to deal with these challenges. For the better hand
to-camera visibility Stuman et aluse LEDs (light emitting diodef}0] on certain
points of the hand. Some introduce color glogdg [23] [24] for better visibility.

While this option lacks the finger bending ambving, a solution was found by
replacing solid coloured gloves with colored rings around the finger ji#bis
More recent research has categorized vision basedsigmeecognition into the
following approaches:
91 3D Hand Model Based Approaches
Appearancé8asedApproacles
MachineLearning Algorithm Based Approaches

1

1

1 Rule Based Approaches
1 Syntactic Approaches

1

Local Feature Approaches

2.1.1 3D Model Based Appr oaches

Three dimenisnal (3D) hand model based approacf&g] [27] [28] [29] [30] rely

on 3D kinematic hand models that have considerable DOF's, and that try to
estimate the hand parameters by comparing the input images and the possible 2D
appearance projected by the 3D hand model. Such an approaedl ieidealistic
interactions in virtual environments. The 3D hand model based approach provides
a rich description that permits a wide class of heigts. However, since 3D hand

model s are articulated deformable obj ect
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database is required to deal with the entire characteristic shapes under several
views. The 3D hand model based approaclsesrch a region in the high
dimensional space byusing three steps Initially, the algorithm proposes
hypothesis parameters based orpknowledge like previously recovered hand
configuration and hand dynamic3he algorithm then uses the hypothesis
parameters to animate the 3D hand modeproject the modelinto a two
dimensional 2D) image andhencomparsit with the input imageThe algorithm
continues tovarythe hypothesis parameters until the projected image ewsttoh
observatiorimage and succefsdly classifies the handign[31].

This approach has several disadvantages that have preveinted reat
world use. At each frame, the initial parameters must be close to the sodution,
theapproach is liable to find a suboptimal solution (i.e. local minima). Secondly,
the fitting process is also sensitive to noise (e.g. lens aberrations, geis&jrin
the imaging process. Finally, the approach cannot handle the inevitable self

occlusion of the hand.

2.1.2 Appearance Based Approaches

Appearance based approaches extract the features of the image to model the visual
appearance of the hand. The nexpsts to compare these features with the
extracted features from the video frames using a pattern classification rfg&jule

[33]. Figure 6shows thanodelof appearancbased techniques.

Appearance based approaches centre on the direct registration of hand signs
with 2D image features. Skin color is an important image feature to detect a human
hand and to recognize postures. However, it is difficult to distinguish titeviigh
other objects having the same color, such as an arm and a face. StdB4gr in
proposed a method to search for skin coloured regions in the image. This proposed
method is highly sensitive to lighting conditions anldased on the pre assumption
that an image has no other skike objects. This approach has a higher probability
to accidentally mix a hand with a face or an arm. Bretzner §5l. used scale
space color features to recaggnhand signs. This method also shows best results

only when there is no other skin coloured object present in the image.
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Images captured
from video file or Feature extraction
webcam
Classification < Gesture model

\ 4

Recognized gesture

Figure 6 Appearancéased approach processing stages

In [36], Ng and Ranganatbroposed a global ape descriptor to represent
different hand shapes. They used Zernik moments and Fourier descriptors as global
shape descriptors. The computational cost of most shape descriptors is
considerably high, because they are pixel baShdpe based methods alssuit
in higher noise during image segmentation. A cluttered background decreases the
performance of the shape based method. Bowden et §7]nproposed an
approach that provides a high classification rate on minimal tigaotéta for sign
language recognition. They divided the classification process in two stages. The
first classification stage extracts a high level description of hand shape and motion.
To achieve this, they used sing linguistics and action descripti@asatceptual
level, whichwas easy for humans to understand. In the second stage, they modeled
the temporal transitions of individual signs using a bank of Markov chains
combined with Independent Component Analysis (ICA).

Oka et al. in[38], proposed a method for locating fingertip positions in
image frames and measuring fingertips trajectories across image frames. They
developed an augmented desk interface, which depends on accurate, real time hand
and fingertip tracking to iefgrate between real objects and associated digital

information. Their method can track multiple fingertips by using an infrared
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camera under a complex background and variable light conditions. They did not
use a color marker or any invasive device for thasking.Zhang et alin [39],
proposed a vision based interface named a "visual panel," as is shié\gares 7

The visual panel is based on an ordinary piece of paper and a fingertip pointer as
an intuitive input device. The system precisely tracks the panel and the fingertip

pointer.

Figure 7 Thevisual panel systerf39]

Afterthesy st em recognizes fAclick and drago

can fulfill respective tsks associated with those actions, such as controlling a

remote large display. 1f40], Malik et al. proposed a pladmsed augmented

reality system. They made it possible to interact with virtual objects with a
fingertip-basedecognition systentigure 8shows that their system depends on a

number of fingertips detected in the image. Single fingertip detection can be
assigned with a pointingign while multiple fingertip detection can be assigned

with a selectiorsign Their proposed method completed the detection of fingers

through background subtraction and by scanning the binary image for pixels of full

intensity.
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Figure 8 Hand sigrrecognition based on fingertip40]

Yuan et al. if41], proposed a 2D hand tracking approach. This method
extracts trajectories of unambiguous hand locations. They use a novel feature based
approach, the foundation of which includes motion residue to detecbbanded
by squares, as shown igure 9 They also combined a skin detection approach
in color video. A temporal filter employs the Viterbi algorithm to identify
consistent hand trajectories. Their experiments show robusihbasd tracking

in video sequences of several hundred frames.

Figure 9 Hand tracking using motion residue and hand dalb}
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Another algorithm, Mean Shift, has been used by number of researchers to
characterize anbject of interest. It is a simple, iterative procedure that shifts the
center of the region of interest to the center of mass (i.e. the average of the data
points), as shown iRigure 10 The statistical distributions characte the object
of interest. Comaniciu et al. {@2], presented an approach foonrigid objects
tracked in real time by using mean shift iterations. He successfully found the most
probable target position in the current feamnother researcher, Bradski [43],
proposed a modified form of a mean shift algorithm, which he named Continuously
Adaptive Mean Shift (CAMShift). This approach is specifically designed to
perform efficient head and fadeacking in a perceptual user interface. This
algorithm uses a color probability image frame to find the center and size of the
object. A histogram model specific color is used to create probability. The search
window is moved and resized by the tracketfiluts center converges with the
center of mass. Some results of the CAMShift based hand tracking are shown in
Figure 11 This algorithm performance is compromised when needed to classify

different hand postures that might eha similar center of mass.
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Figure 10 Themean shift algothm [42]
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Figure 11 CAMShift based hand tracking3]

Lowein [44], proposed a method called Scale Invariant Feature Transform
(SIFT) was introduced to extract distinctive invariant features from images that
can be used to carry out reliable matching between various vieamsatifject or a
scene, as shown Figure 12 The SIFT features utilize sca#pace extrema in the
differenceof-Gaussian (DoGunction, whichconvolveswith the image as tHesy
pointsthatare invariant to image scaling. Bgsigning a consistent orientation for
everykey pointthatdepend on local image features, kay pointdescriptor can
be represented in relation to this rotatittncanthus attain invariance to image
rotation asis shown inFigurel12 for the rotated toy train in the image.

Figure 12 Training images, left side. Results of recognition, right[didle
In addition to the invariance against image scaling and rotation, the SIFT

features are also partiallgpvariant against changes in lighting conditions and 3D

camera viewpoirst In [44], Lowe also described a methdor object recognition

19



using these features. The recognition is achieved by comparing individtiakie

to a databasef known objects using a fast nearasighbour approaci® Hough
transformis then usedo discover clusters belonging to a single object, thed
verification is executedby using a leastsquares solution for consistent pose
paramegrs. This recognition method can robustly recognize objects with cluttered
backgrounds and occlusion, and the method can achievimegberformance for

low resolution images

The object detection algorithm proposed by Viola and Jon@Sinwas
designed to be real time applicati@ml reliable for many objects in many difficult
conditions. This algorithm was originally used for face detecttola et al.in
their approach used the conceptaofintegral image. This concept is used to
compute a rich set of image features. Tladgo developedeature selection
algorithmthat isbased on the AdaBoost (Adaptive Boost) learning algorithm. This
algorithm is a different from regular boosting algoritthacause itan adaptively
select the best features at each step and combine a series of weak classifiers into
strong classifiers. Limited researfel®] [47] [48] has beeconductedo extend the
method to hand detection asiginrecognition.

In [49] [50] [51], researchers usdde Principal Component Analysis (PCA)
approach for hand detection. The npairy linear method for dimensionality
reduction is the principal component analysis. It carries out a linear mapping of the
information to a lower dimensiahspace to maximize variance of the information
in the low dimensional representation. The correlation matrix of the data is built,
and the eigenvectors are calculated. The eigenvectors that are related to the largest
eigenvalues (the principal compongntsill be utilized to reconstruct a large
fraction of the variance of the original information. Furthermore, the first few
largest eigenvectors can usually be interpreted in terms of theskeagephysical
behavior of the system. The original space withension of the number of points
has been decreased (with information loss, but ideally keeping the most significant
variance) to the space spanned by a few eigenvectors.

In [52], Morguet et al. used aittdlenMarkovModel (HMM) to find hand
signs This was basedn an improved versiowith the context free keyword
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spotting methodTheir approach was to use color histograms to segriéey
couldtheneasily calculate the sequencebiriary images, which contasd only
hand shags. Allsigrswere performed by an individual entity. [B3], Wang et al.
alsoused theHidden Markov Modeto recognize dynamic harsigrs. They used
an AdaBoostalgorithm and histograms @fradient orientation (HOG) to detec
hands and to record ther aj ect ory of a pal més center.
of local and global features and extracted the discrete path Veatore fronthe
signpath. Finally, they classifiesigns byusing theHidden Markov Modelwhich
lacked performanceander different illumination conditions.

In [54], Suk et al.conducted handign recognition in acontinuous video
stream by using the dynamic Bayesratiwork model. This model has followed
different techniquebke skin extraction, modeling and motion tracking. To define
acyclic sign network, it advancedign models for moréhan one handign It is
developed only for continuousign recognition. The recognition rate fane
continuous strearof signs has inceasé up to 84%, with the precision 80.77%.
David et al. in[55] proposed a dynamic trajectosegmentation approach for
dynamic handsign recognition.The approach used a tensor voting technique to
filter andconstruct amooth trajectory. It deals witlocally linear trajectories that
allow them to make decisioribat are firmly based on corresponding modes in
radon spaced.ater, they encoded the entire trajectory through the udeeuftion
sequences. This process helgbem define thevumber of possiblsigrs in a
humancomputer interaction.

Ramamoorthy at alin [56], proposed a combination of statghape
recognition by using contour discriminant analysi&amamoorthy et al. detected
a hand by using &alman filterand aHidden Markov Modelo attain temporal
characterizationlrhey claim that this system works wiglla clutteredbackground

It also uses skin color detection, for stati@pe recognition and tracking.
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2.1.3 Machine Learning Algorithm Based Approaches

Learning algorithm based approaches stem from the artificial intelligence
community. Their common trait is that recognition accuracy can be increased
through training. The most common approaches of this method are neural
networks the Hidden Markov Model (HMM) and instance based learning.

Approaches based on this method comprise of two sets: one set is used as a
training set and other is used as a testing set. Initially, the training set is used by an
automatic classifier for leang the differentiating features sigrns. The testing
set is later used to test the accuracy of the automatic clas3ifiermachine
learning based method concentrates on optimising either a group of parameter
values with regard to a group of features a group of induced rules with regard
to a group of attributgalue pairs.

Machine learning based techniques have been successfully used in
numerous applications, including in medical diagnosis, internet search engines,
bioinformatics, credit card fraudietection, speech recognition, handwritten
recognition, stock market analysis and classificatiodebxyriboNucleic Acid
(DNA) sequences. The main concept of machine learning is to make the system
capable of learning patterns from available informatimh then to later recognize
these patterns.

The first successful machine learning method was the artificial neural
networks (ANN), proposed 4$%7]. ANN method has two main advantages, which
are the existence of a wadisted inplementation system and a relatively fast
classification speed, as compared to training time. Other machine learning
approaches also have been used for hand tracking and hand recognition, such as
Bayesian networki$8] [59] [60], AdaBoos{61], decision tre¢62] [63] and fuzzy

models[64] [65] [66]. Here we discussed some important methods.

Artificial Neural Networks (ANN)

An artificial neural network [70] is an information processing model that is
motivated by the bialgical nervous systemsuch asthe brain, to process

information. While the neuron acts as the fundamental functional unit of the brain,
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the neural network uses the node as its fundamental unit. The nodes are connected
by links, and the links have an asisbed weight that can act as a storage
mechanism. Each node is considered a single computational unit containing two
parts. First part is the input function. Its job is to compute the weighted sum of its
input values. The second part is the activationtionclts job is to transforms the
weighted sum into a final output value

Neural networks generally have two basic topolagies

1 A feedforwardstructure
1 A recurrent structure

A feedforward network can be considered a dire@ewclic graph, while
a recurent network has an arbitrary topology. The recurregtivork has the
advantage over a feddrward network in that it can model systemigh state
transitions. However, recurrent networks require more complex mathematical
descriptions and can exhibit chediehavior.There is no restriction on the number
of layers in the network in any topology.

These multilayered networks offer more representation power, but have to
compromise on the cost of more complex training. There is no communication with
the outsgde world of nodes that comes in between the input and output nodes. These
in between nodes also cannot be directly observed from the input or output
behavior of the networf67]. There are two types of training in neural netkso

1 Supervised learning
1 Unsupervised learning

Supervised learningtrains the network by providing matching input and
output patterns. This trains the network in advance and results in the network not
learning while it is runningUnsupervised learningmay also be referred to as self
i organization, which trains the network to respond to clusters of patterns within
the input. It does not have any advance training. This means that the system must
develop its own representation of the input, since no nragabuitput is provided
[68]. There are scenarios where we can use combination of both learning strategies,

as neither of these are mutually exclusive.
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A. R. VarkonyiKoczy et al. in[69] conducted mdeling of hand postures
and sigrs. Later, they developed a recognition system of haigis to
communicate with a smart environment. They used fuzzy neural networks for the
recognition of hangigns . Their system was abidne t o
aralyzing the sequence of detected hand postures. They did not recognize dynamic
sigrs. Consequently, they lacked the ability for humanoid interaction in a smart
environment.
Neural networks are a useful method for recognizing hand postures and
sigrs. Howe\er, they have distinct disadvantages
1 Different configurations of a given network can give very different
results, and it is difficulto determine which configuration is best
without implementing them.
Theconsiderable time involved tnaining the netwa.
Theentirenetwork must be retrained in order to incorpomtesew
posture orsign If the posturésignset is known beforehand this is
not an issue, but if postures and gestures are likedyrtamically
change as the systedevelops, a neural network probably not

appropriate.

Instance B ased Learning
Instance based learniri@l] [72] is another machinéarning based approach.
With instance based learning, the training data is used askasataith which to
classify other instances. An instance is a vector of featurésecentity to be
classified.For example, during gesture recognition, a feature vector might be the
positionand orientation of the hand and the bend values for each ffigiees.

Instance based learning metB@dso have techniquesatshows instances
as pints in Euclidean space. The training phase of the algorithm involves storing a
set of representative instances in a list of training examples. For each new record,
theEuclidean distance is computed from each instance in training example list and
the closest instances to the new instance are returned. The new instance is then

classified and added to the training exampledsthat training can be continuous.

24

e



Instancebased learning methods are very simple. However, they do have
some disadvantages, such as:
1 They require large amount of primary memory as training set
increases.
1 Response time issues may arise due to a large amount of

computation at instance classificatitime.

Support Vector Machine (SVM)
The sipport vector machine was developed by Vladimir N. Vapn®{. It was
laterenhanced by Bernhard E. Boser, Isabelle M. Guyon and Vladimir N. Vapnik
[74]. It is a set of associated supervised learning techniques applied for
classification and regression. SVM constructs a hyperplane or set of hyperplanes
in a high or infinite dimensional space, which can be used for classification
regression or other tasksoptimally divides the data into two groups. Intuitively,
a good separation is achieved by the hyperplane that has the largest distance to the
nearest training data point of any class (functional margin), since in getheral
larger the margirthe lowe thegeneralization erraof the classifier. Whereas the
original problem may be stated in a finite dimensional space, it often happens that
the sets to discrimina are notinearly separablé that space. For this reason, it
was proposed that the original finidémensional space be mapped into a much
higherdimensional spag presumably making the separation easier in that space.
In SVM technique, there is a predictor variable known as attribute and there
is a transformedttribute thatis applied to identify the hyperplane, known as
feature. The task of selecting the moppmpriate representation is called as
feature selection. A group of features that describe one case is known as vector.
The purpose of SVM modeling is to find the optimal hyperplane dhatles
clusters of vectors in such a way that cases with oneafléiss target variable are
on one side of the plane and cases with the other classes are on the other side of
the plane. The vectors near the hyperplane are the support v¥¢toles SVM
wereinitially proposed as binary classifiers, other methods thaltwligh a multt
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class problem as a single “tdigether” optimization problem exigiowever, they
are computationallgostlierthan solving several binary problefi7$].

There are number of approaches propdeedhe decomposition of the
multiclass problem into several binary problems using SVMs as binary classifiers.
Kernel SVMs are available in many machine learning too#iitsh ad.ibrary for
support vector machindliBSVM) [76]. This library has support for multlass
classification and it uses a omagainstone (OAQO) approach for muitlass
classification in SVM77].

For the Mclass problems, whereas M being greater than rteeagainst
one OAOQ) approach creates M(Al)/2 two-class classifiers, using all the binary
pairwise combinations of the M classes. Each classifier is trained by using the
samples of the first class as positive examples and samples of the second class as
negative exampleg o combine these classifiers, the Max Wins method is used to
find the resultant class by selecting the class voted by the majority of the classifiers
[78].

2.1.4 Rule Based Approaches

I n rul e basedsignfeaures @ compased to manealysencoded
rules. If any feature or features during comparison justify the rule, the resigited
will be provided as output. Cutler et @l [79] proposed a rule based technique to
recognize an action gending on a set of conditions in their view based approach
to signrecognition.

Cutler and MeChun respectivelin [80] [81] predicates related to lelevel
features of the motion of the hands aefined for each of the actions under
consideration. When a predicate ofign is satisfied over a fixed number of
consecutive frames trsggnis returned

Hassan et al. i82] proposed a rule based technique for arelgnd
understand semanticallige motion of the trajectories of theman activity. They
categorized the detected trajectories according to the distances between their
adjacent pointsTheir proposed system can be used for any gmased tracking

system.
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Changet al. in[83] proposed a fuzzy rule base approach in human activity
recognition. They used fuzzy rule base for posture sequence processing and
recognize action with best matches the posture sequence in the fuzzifuaBs.
rule approach can not only combine temporal sequence information for recognition
but also be tolerant to variation of action done by different people.

Zouet al. in[84] used Deterministic Finite State Machine (DFSM) to detect
hand motion and then apply rule based techniquegdsturerecognition. He
definesgesturesnto two category based on motion linear and arc shaped gestures.
A major problem with ruldbased approaches is that they rely on the ability of a
human to encaglrules. In many cases the appropriate rules may not be intuitive

especially when dealing with higlimensional feature sets.

2.1.5 Syntactic A pproaches

Computer vision problems that have complex patterns and activities are very hard
to be address by statistiapproaches. Sometimes, numeric measurements might
not be enough to represent the complex structures of these patterns and activities.
These situations are well handled by syntactic approg8bésThe elementary
parts useda syntactically describe a complex pattern or an activity are called
primitives. There are few principles that need to follow to identify the primitives
[86]. These include that:
1 The number of primitive types should be small
1 The selected primitives must be able to form an appropriate representation
of object
It should be easy to segment the primitive from the image
Primitives should correspond with significant natural elements of the object
structure being described
9 It should beeasy to recognize primitives using some statistical pattern
recognition method.
After the extraction of primitives, a grammar representing a set of rules must

be defined so that different patterns and activities can be constructed based on the
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extracted pgmitives. A mathematical model for the grammar's structure can be
defined as:
G =[Vt, Vi, P, S]

Whereas:

Viis a set of terminals, which are the most primitive symbols in the
grammar.

Vnis a set of notterminals, which are symbols composed by a ctitbe
of terminal s and / or neterminals Theris a condition that ¥and Vh are disjoint
alphabets

P is a finite set of production ruleshich is a transformation from one
sequence of terminals and/or A@mminals to another sequence of terminals an
nonrterminals.

S is a start symbolyhich shows where all valid sequences of symbols we
want to be able to produce can be derived from.

Figure 13 showsthe Chomsky hierarchy of grammars. According to
Chomsky,grammas canbe divided into four types ordered from general such as
unrestricted grammar to specific such as regular grarf8igr

1 Unrestricted Grammar: Type 0

1 ContextSensitive Grammar: Type 1
1 ContextFree Grammar: Type 2

1 Reaqilar Grammar: Type 3

Unrestricted Grammar: Type O

Unrestricted grammar includes all types of grammar. It has no limitaioonthe
substitutiorrules.It can have any strings on either the left siddloe right side

of the substitution arrow.
Context -Sensitive Grammar: Type 1

The substitution rule of contesensitive grammars is:
UAB Yo Ub
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Where A is a nonterminal) , an@o are strings of terminals and nonterminéls.
andb can be empty strings batmust be nonempty. This substitution rule tan

understood as fi&ntbexonteied, o hpl aced by

Unrestricted
Grammar

Context-
Sensitive
Grammar

Context-
Free
Grammar

Regular
Grammar

Figure 13 TheChomsky hierarchy of grammars.

Context -Free Grammar (CFG): Type 2
The substitution rule of contektee grammars (CFG) is:
A Y 2

Where A is a nonterminal) is a nonempty string foterminals and
nonterminals. This substitution rule limits the left side consisting of only a single
nonterminal.The contextfree grammar allows the nonterminal A to be replaced
by the stringd independently of the context where A appears. One example of
context freggrammars is: G = (V, V1, P,S), where W = {S, A, B}, V1 ={a, b},
and P:

(1)SY aB (2)SY aB
(3JAY aS (4)AY bAA
(5)AY a (6)BY bS
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(7)BY aBB (8)BY b
This grammar defines a language L(Bhich is the set of strings csisting

ofanequal number of ab6s and bos such as

Regular Grammar: Type 3
The substitution rule of regular grammars is:
AY (BorAY b

Where A and B are nonterminaldandb are terminals or empty strings.
Besideslimiting the left side consisting of only a single nonterminal, this
substitution rulealso restricts the right side: it may be an empty string, or a single
terminal symbolpr a single terminal symbol followed bynanterminal symbol,
but nothing elseThe languags geneaated byregular grammars are called regular
or finite statdanguages. One example is: G = (W, P, S), where V= {S,A},

V1 ={a, b}, and P:
SY aA
AY aA
AY b

This grammar defines a language L(G) #ja =1, 2, . . .}, which includes
stringssuch as ab, aab, aaaab.

Figure 13shows that the Chomsky hieraycis inclusive. That means that
evay regular grammar is contektee, every contexree grammaibelongs to
unrestricted grammar. Evenoligh unrestricted grammars dhe most inclusive
grammar, they are too general to be useful. It cannot be decided whether a specific
string is generatedy an unrestricted grammar. Unrestricted grammar is more
powerful than contexfree grammar and regular grammar. However, these two
restricted grammars are most often used, because parser for them can be efficiently
implemented[88]. The finite state machine is used to recognize all regular
languages. For contektee grammar, there are many parsers to recognize the
corresponding languages.

Hand et al[89], proposed a syntactic agarch to understanidand signs
They defined a set @lignsas terminals of the language. These include dusme

30

ab



postureslike HO for hand open, HF for hand fist and IF for index finger
outstretched. They also added multiple hand movement terminalsasuMdbl,

MD for move up and down, ML, MR for move left and right and MT, MA for
move towards and away. After the decision of terminals, a set of production rules
are defined. Those are:

<Gesture> := <Pick>|<Point>|<Translate>|<Undo>|<Redo>|<Stop>

<Pick>:= = <ChooseLocation><Grab><Drag><Drop>

<ChooseLocation> := TIF-Motion <ChooseLocation>

<Grab> :=TIFC

<Drag> :== TIFC-Motion <Drag>

<Drop> :==TIF

<Point> :== <MovePoint> <SelectPoint>

<MovePoint> := IF-Motion <MovePoint>

<SelectPoint> := TIF

<Translate> := FTFO <Direction>

<Direction> :== ML|MR|MU|MD|MT|MA

<Undo> :== IMFO MA

<Redo> := IMFO MT

<Stop> :== HF HO

The above mentioned production rules show that if the user wants to
perform a "stop" command, he must make a fist and then rélelmserder to drag
any object, he must hold the thumb and index finger closed, and continue to move
it.

Derpanis et a[90], proposed an approach to represmmhplex gestures in
terms of their primitive coponents They decomposedynamic gestures into
static and dynamic componenits terms of three sets of primitives Those
components arkand shape, location andmovementTheir proposed algorithm
canrecognize gesture movement primitives given dataucag@iwith a single video
cameraBy working with a finite set of primitives, which can be combined in a
wide variety of ways, their approach has the potential to deal with a large

vocabulary of gestures.
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Ryoo and Aggarwal[91], proposedan approach forthe automated
recognition of complex human activities. They use a cofitegtgrammar based
representation scheme to represent composite actions and interactions. The
contextfree grammar describes complex humetivéies based on simple actions
or movements. Human activities are classified into three categories:

1 Atomicaction
1 Compositeaction
1 Interaction

The system was tested to represent and recognize eight types of interactions:
approach, depart, point, shak&nds, hug, punch, kick, and push. The experiments
resultedn ahigh recognition rate to recognize sequences of represented composite

actions and interactions.

2.1.6 Local Feature Approach es

Recently significantresearchhas been conductédlocalspatio tempral features

and bag of features (BOF). This approach achieved significant performance. This
approach representgestures with a collection of independent local spatio
temporal regions. The success of such methods can be attributed to their relatively
independent representation of evenwghich has better tolerance to certain
conditions in the video, such as illumination, occlusion, deformation and multiple
motion.

Laptev et al. if92], propose the concept gbatial interest points into the
spatiectemporal domain and show that the resulting features often reflect
interesting events that can be used for a compact representation of videxs data
well as for its interpretation. They described an interest poieicthe that finds
local image values in spatiene characterized by high variation of the image
values in space and na@onstant motion in time. Thewere first to proposea
spacetime interest point by extending 2D HarrisLaplace detectorThey
computea spatiotemporal secomdoment matrix at each spatiemporal point
with different spatial and temporal scalea separable Gaussian smoothing
function and spaegme gradients. The authors also apply an optional mechanism
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to select different spatitemporl scales.The athors showed that video
representation by spattemporal interest points enables the detection and pose
estimation of walking people in the presence of occlusiershighly cluttered

and dynamic background.

Dollar et al. in[93], showed that the direct 3D counterparts to commonly
used 2D interest point detectors are inadequate; they describe an alternative.
Anchoring off of these interest points, they devised a recognition algorithm based
on spatietemporallywindowed dataTo produce denser spatme feature points,
researcheraseal a pair of 1D Gabafilter to convolve with a spatial Gaussian to
select local maximal cuboidmkterestpoints are the local maxima of the response
convolution.They proved thathe use of cuboid prototype gave rise to an efficient
and robust behaviour descriptor.

Recently, Wang et al.are focusing on dense sample poifdd] and
trajectorieq95][96] in order to enhance the performance. Most feature detectors
are extended from computationally costly image feature extraction methods.
Considering the huge amount of data to be processed, this is very limiting factor.
As compared to sparse intergstint-representation, dense sampling methods
capture most information by sampling every pixel in each scale.

Scovanner et a]97], proposed a technique of random sampling on video at
different times, locations and scales tdragt feature points. They created an
extension of a 2D SIFT descriptor into a 3D SIFT descriptor to represent spatio
temporal patches. Wang et al.[8%], conducted a comparison of some formerly
proposed space time featur€leir evaluation results show that dense sampling at
regular spacéime grids outer performs staté-the-art interest point detectors.

Messing et al. if96], proposed a method to get feature trajectories using
KanadeLucaTomasi (KLT) Tracker. Researchers in this method applied uniform
quantization in log polar coordinates to represent feature trajectories with varying
length. They used eight bins for direction and five bins for magnitude. Another
researcher ifi98][99], proposed a method to use fixed length feature trajectories
instead of varying length feature trajectories for action classification. They

clustered the trajectories from the video byri€ans. For eachudter center, an
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affine transformation matrix is computed. The final trajectory descriptor contains
information about both displacement vectors and elements of the affine

transformation matrix for its assigned cluster center.

Feature Descriptor

Feature dscriptors are vital for the performance of the video recognition. A feature
descriptor is computed in a local neighbourhood to capture shape and motion
information for each spatitemporal feature point. Laptev et al[1®0], examinel

a set of local spaeigme descriptors for representing and recognizing motion
patterns in video. Particularly, they computed and evaluated single andoaldti
higherorder derivatives(local jets), histograms of optical flow @F) and
histograms of spatitemporal gradients. Their computation showed that in terms
of local position dependent histograms of either spa@mporal gradients or
optical flow give significantly better resulss compared to global histograms, N
jetsor principal component analysis of either histogram of gradient or HOF. They
calculated histograms of gradient and HOF for each cellavikt x M x M grid

layout. They used PCA to reduce the dimension of features, which are computed
by aconcatenated optal flow or gradient components of each pixel.

Laptev et al. if101], proposed an approach for automatically collecting
training data for human actions and has shown that this data can be used to train a
classifier for actiorrecognition. They combined histograms of oriented spatial
gradient (HOG) and HOF to include both local motion and appearance
information. Dalal and Triggsn [102], introduced HOG descriptor for human
detection. Their method wanotivated by the SIFT descriptor. They computed the
gradients and dense optical flow and divided each local region into a grid of N x
N x M cells. They computed four bin HOG histograms and a five bin HOF
histogram for each cell. Later, they concatengedn into the final HOG / HOF
descriptor. Their experiments showed that HOG descriptors notably did better than
existing feature sets for human detection.

Klaser et al. if103], proposed a local descriptor, known as histografns
oriented 3D spatitemporal gradients (HOG3D) descriptor. Researchers built it
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on 3D oriented gradients. They also proposed a generic 3D orientation
guantization, which is based on regular polyhedrons. The 3D histogram of oriented
gradients for the 3[patch is formed by concatenating gradient histogram of all
cells. While it is efficient to compute 3D gradients, the orientation quantization

with polyhedron for each stifocks is relatively expensive to compute.

Bag-Of-Features (BOF)

Bagof-features ieéa is initially derived from "bagf-words (BOW)"

representation for text classification and document anal§§é] [105] [106]

[107][108] [109]. By extracting representative words in the training set of various

sentences, a dictionary is formddeaningfu sentencesare substituted by the

frequency otthe occurrence of the words in the dictionary which is regarded as a

Obagé. When a new sentence comes, it can

into a specific category by computing its similaritylwit t r ai ned O0bagsod.
Recently, BOF gained considerable popularity in object classification from

images and action recognition from video data, because of its simplicity,

robustness and good performance. BOF is effectively applied to object and natural

scenecategorization. It models videos as collections of local spetgporal

patches. The BOF approach has a sgatigporal patch, which is represented with

one of the feature descriptor as a feature vector. A good feature descriptor or

feature vector shouldave the ability to handle intensity, rotation, scale and affine

variations, to some extent. The final step for the BOF approach is to convert vector

represented patches into a "codebook”. A vocabulampyratotype featuresre

called "visual words" or a ¢odebook: This is accompliskee by applying a

clustering algorithm (e.gk-mean$ on feature vectors computed from training

data.A video is represented as a histogram of occurrences of local features by

quantizing the feature vectors to the closest vigwaat.
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Figure 14 Bagof-Featureapproach steps

Figure 14shows the different steps of BOF approathe BOF approach
lacks to maintain order of features. It only contains statistics of unordered features
from the image sequencesdaany information of temporal relations or spatial
structures is ignored. This can cause a problem when recognizing dynamic motions
or dynamic gestures, because the approach is not able to maintain event order, such
as an order of gesture start and gestmd. Researchers have applied many
different methods to maintain orders. Hamid et al.[140], proposed an
unsupervised method for anomalous detection as overlapgngms of actions.
n-grams can preserve the temporal ordéormation of events during overlapping.
It causes the dimensionality of the space to grow exponentially as n increases.
Laptev et ain [101] extend image representation of spatial pyramid to the
spatictemporal domain. Thedivide a video into a grid of coarse spatmnporal
cells. Theentire video is then represented by the ordemttatenation of the per
cell BOF models. Such ordered concatenation sadol global structural
information. Afigreedy approach is used to lesthe best combination of overlaid

grids and feature types per action class.
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2.2. Calibration

Algorithm calibration is a comparison of measuring algorithm against a standard
instrument of higher accuracy to detect, correlate, adjust, rectify and document the
accuracy of thalgorithm being comparedlthough the exact procedure may vary

from algorithmto algorithm the calibration process generally involves using the

i nstrument to test samples of one or mor
results are sed to establish a relationship between the measurement technique

used by the istrument and the known values.

Thecalibrationof an algorithm is checked at several points throughout the
calibration range of the algorithnThe calibration range is defile as At he r eqgi
between the limits within which a quantity is measured, received or transmitted,
expressed by stating the | ower and wupper
the zero and span values. The zero value is the lower end of the rangés Span
defined as the algebraic difference between the upper and lower range values. The
calibration range may differ from the instrument / algorithm range, which refers to
the capability of the instrument / algorith@alibration is required to check the
acairacy of algorithm.

Calibration can be used for different tasks like robot calibrgdid8] [114]

[115] [116] [117], camera calibratiof111] [112], algorithm calibration etc.
Gesture estimation has close relationship with human body move estimation or the
pose estimation of articulated objects in genekiman body movement
estimation is a more intensive research field. Many algorithms used in gesture
tracking have a lot of similarities to algorithms proposed previously for human
body move estimation. However, there are also many differences in operation
environments and related applications. Our research in this thesis, addressing the
problem of dynamigesture recognition and its calibration. Humans have tendency

to repeat gestures every time with variations in time and space. We consider this
restrictionof humans in our chapter 4 and did calibration of our algorithm. We first
created videos with human hand as subject, then test them against all as mentioned
parameters and scenarios in chapter 4. Then, we created same number of videos

under same conditienwith robot hand to verify and calibrate our algorithm as
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robot hand has ability of consistency of repeating gestures number of time by using

same space and time.

2.3. Gesture Recognition Technologies

Handsignand more recently arm gestusxognition is on®f themajorareas of
researcHor the engineers, scientists and bioinformatics. Hand gesture recognition
is the natural way ohumanrobot and intefrobot interaction and today many
researchers in the academia and industry are working on different tegiesdbd

make interactions more easy, natural and convenient without wearing any extra
device. However, humarobot interaction using gestures provides a formidable
challenge. For the vision part, the complex and cluttered backgrounds, dynamic
lighting corditions and a deformable human hand shape, wrong object extraction
can cause ebot/computeto misunderstand the gesture. If the rébmhputerns
mobile, the gesture recognition system also needs to satisfy other constraints, such
as the size of the gese in the image and adaptation to motion. In addition, to be
natural, the robétomputemust be person independent and give feedback in real
time.

For hand posture and gesture recognition system different technologies are
used for acquiring input datavarious known companies are doing research to
produce technologies based on hurmamputer/robot interaction and gesture
recognition.Ford and Intel announced they have been collaborating on a new
research initiative that explores new functions for theneated car, such as
allowing drivers to remotely view the interior of their car using a smartphone, or a
facial recognition system that would allow the owner to gain access and drive their
vehicle, according to ZDNet. Named Mobile Interior Imaging, ofjd&toMobii,
the joint research project looks at how inteffimxing cameras could be coupled
with sensor technology and data

Juniper Researchj118], has for many years tracked leading edge
technological developments within tifield of mobile and consumer electronic
devices.Biometrics and Human Interface Technologies are amongst the latest

innovations whichthey have explored wuepth. This new research explores the
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opportunities for the various technologies underpinning gesiased, touchless

and biometric functionalities in the mobile devideniper Researcargues that

while human interface technology will not abandon touch commands entirely,
touchless and bionwt interfaces will continue to play an increasing role in

enhancing user experience and handset secliniyanalysisingles out touchless

screen scrolling, such as Samsungdés Smar
Touch ID into Apple Pay as exanaglof growth areas in which these technologies

will likely experience more deployments.

Gesture recognition has been described by Biometrics Research Group, Inc.
[1199as At he mathemati cal i nt ercampdingat i on o
device. Gestures can originate from any bodily motion or state but commonly
originate from the face or hando, while t
to interact with a device without touchingTouchless sensing can be divided into
two broad markets based on the applications, namely touchless sanitary equipment
and the touchless biometric mark€he touchless sanitary equipment market is
segmented by major product categories such as: faucets, soap dispensers, trash
cans, hand dryerqaper towel dispenser, and flushes. The touchless biometric
market is segmented by different modalities, including: face, iris, voice, and
touchless fingerprint biometrics.

Biometrics Research Group, I{d.19] report thattednologies that track
gesture movements will play a large role in future mobile applications and devices.
According to a recentesearchthe newest smartphone from Samsivage a
gesturetracking feature that will allow its users to scroiht and lefta page
without having to touch the screen.

Microsoft developed a device name Kinect for gaming purpose. This device
has ability for humamtomputer interaction. Kinect is discussed briefly in the

following section.

231Mi crosoftods Kinect

Kinect is an adabn devce, shown inFigure 15 for the Microsoft gaming system

that enables users to control games, movies and music with physical motion or
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voice commands and without the need for a sepanget controllerlike a
joystickor keybaard The controllerfree gaming environment provided by Kinect
makes it possible for sensors to process basic gestures, facial characteristics,
sounds and even full body motion activities such as jumping and kigkatj
[121][122].

)
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o
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Figure 15 The Kinect device. Thei axis is pointing out of the camelE23]

It employs cameras and microphones to detect and track the motions of a
user standing inrbnt of it and permits voice control of games and videotent
The Kinect is camble of concurrently tracking up to six players, involving two
active users for movement analysis with a feature extraction of 20 joints per user.
Gesture recognition is a ridamental element when developing Kinect
based applications (or any other Natural User Interfaces). Gestures are used for
navigation, interaction or data input. The most common gesture examples include
waving, sweeping, zooming, joining hands, and muchemonfortunately, the
current Kinect for Windows SDK does not include a gestigtection mechanism
out of the boX124]. Kinect has limitation that user has to repeat same gesture at

least three to four times to understandcassfully that gesture. It limits it usage
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for Dynamic Gesture Language Recognitighere one iteration is one word and
more than one iterations are that respective number of wordstill a challenge
to employ Kinect for hand gesture recognitiondese of the lowesolution of the
Kinect depth map of only 640x480 pixel

Kinect has an infrared camera and a PrimeSense sensor to calculate the
depth of the object, andhdRGB camera to captufeames. The depth images and
RGB image of the object coulcelgot simultaneously. This 3D scanngystem
named Light Coding usesvariant of imagéased 3D reconstructigh25]

While Kinect can track a large object such as the human body, it has
problems when detecting and recognizemadler objects such as a complex
articulated human hand which occupies a very small region of the .irAage
result the segmentation of the hand is inherently impreces®l this may
consderably affect its recognitiofil26]. Beside above mentioned limitations,
Kinect software permitadvanced human body tracking, facial recognition and

voice recognitiorf127].

2.4. Gesture Applications

Gesture recognition systeniave beenused for large varietyapplications on
different domains aa human friendly typef interaction. Here we discuss some
new applications of vision based gesture recognition in recent years. This will give

an indication of its prospects in future.

2.4.1 Touch -Based Devices Alternative

Smartphones, touch screen computers, shopping mall touch displays and tablets
are types of devices that can take over our everyday life by replacing traditional
input devices (mouse, keyboard) by touch to control devices. Currently, these
vision based gesturecognition techniques make it possible to give users atouch

free solution.

41



2.4.2 Sign Language Recognition

Sign language i®ne of the most promising sdields in gesture recognition
research Effective sign language recognition would grant the deaf andtdfar
hearing expanded tools for communicating with both other people and machines.
In order to realize this technology, researchers must devise methods to capture and
record both individual hand positions and the motions that create them for a
constant, flid, and accurate interpretation of sign langu&yece sign language

is used for interpreting and explaining a certain subject during a conversation,
significant research has been conducted on this subject.

The American Sign Language (ASL) [A28], is recognized asising
boundary histogramMLP neural network and dynamic programming matching.
Kouichi and Hotomiin [129], recognizedJapanese sign languag#&sLl) using
Recurrent NeulaNetwork Over time, all manner of machines may come to be
operated through natural gestures, making human interaction with their tools and
world more dynamic and fluid than ever before in modern timEse
implementation o humadike gesturdanguagses still facing many problems,
due to the complexity of gesture recognition, and naturally, there is a high variation
in the performance of user gestures, such as their physical features and

environmental conditions.

2.4.3 Human-Robot Communication

Human commurmgiationwith robots through using hasthns ad armgesturs has
been adopted by mamppularroboticapplicationgd130] [131]. Ghobadi et alin
[131], proposed a syste that control the robot using hand pose signs. They map
the first five mathematical numbers with different commands to perform.

Dr Robot Inc has introduced one of the figeineration commercially
successful humamd robotc a | | e d [1B82Hshowk ioFigure 16
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Figure 16 Hawkhumanoid robof132]

Figure 17 InMoov opensourcehumanoidroba [133]
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Gael Langevin, a French model maked aoulptor, has recently developed
the InMoov robot[133], an open source 3D printed lfgize humanoid robot
shown inFigure 17

Replicable on any 3D printer with a 12x12x12cm aiteig,conceived as a
development platform for universities, laboratories, hobbyist, but first of all for
Makers. Its concept, based on sharing and community, gives him the honor to be
reproduced for countless projects throughout the world.

Petriu [1], discussed intelligent sensor environments andirspired
solutions for intelligent android perception and control for a new generation of
humanoid robots (androids) which in order to naturally blend within human society
should no only look as humans, but should also behave as much as possible as
humans. Human operators and robotic appliances work together as symbionts,
each contributing the best of their specific abiliti€hey proposed the use of
common language and an undentyisystem of shared knowledge and common
values for both humamachine and machirmachine communicatiorPetriu and
Whalen in[2], analyzed that human computgserator is beginning to act as a
peripheral device for computersThey are most intelligent and dexterous
peripheral device, to be sure, but a peripheral device, nonethelessll be a
symbiotic humarcomputer partnership in which each partner will lead in some
cases and provide assistance in other cases

Chen et b [3] proposed facial expression and gestures modalities for
healthcare and smart environment applications in domain of hooraputer
interaction. The faciale x p r e sracogoitio® san help physically impaired
people to cotrol devices. Facial models can be used to the rehabilitation of people
with impairments of facial muscles, and represent a useful tool in psychology in
facial recognition and nonverbal communication ardaglicationbased on their
proposed techniqualows helping elderly and disabled individuals to live securely
in their homes by monitoring their behavior.

Dr. Ilvar Mendez says robotic and portable devices represent start of
0revol uti on 6 [4]. Robdtseare |ddliehing bealtdare y different
ways in Saskatchewan. They are helping patients in several hospitals and clinics
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in that province. In total, there are eleven medical robots and portable devices
serving in Saskatchewan hospitals. Physicians can use snmrasptooremotely
control a robot and interact via vidéok with a patient. Doctor successfully
connect diagnostic equipment like stethoscopes, ultrasounds and
electrocardiograms to see, touch and hear the palibey use robots to serve
patients and exaine them remotely. When a person is seriously injured in any
accident, the doctor can tedeream into the ambulance, see the patient, advise the
paramedic and conduct an ultrasound before the ambulance arrives at the hospital.
Doctors can perform remoteiheir morning rounds or supervise a surgery by using
robot stationed at hospitdl4].

Unhelkar and Shafb] aimed to develop a mobile robot which can work
alongside humans in automotive assentibgs. They use the Rob@WeBkas the
base platform for development of robotic assistant. This model robot able them to
implement their algorithms by using Robot Operating System (ROS). They
implemented basic sensing, actuation and safety capabilitibatimabot. They
faced reliability, usability, and maintainability issues of the robasota et al[6]
proposed motion planning technique that they call huaveare motion planning.
In this technique, they used the predictioh human actions and workspace
occupancy. This prediction helped to actively avoid potential motion conflicts that

could arise in closproximity humanrobot interaction.

Multimodal Interaction and Virtual Environment s

Virtual environmerg are one of he most popular applications afesture
recognition. Berry[134], proposed a system to control a virtual environment
battlefield through the use of gestures. They not only used gestures to navigate, but
also to select and mowartual objects in a battlefield.

Gesture recognition complements oth@ommunication modalities
improving recognition accuracy and malg up for one another's recognition
mistakes. It is still an acté area of research. Lucente e{HB5], have designed a
multimodal interface that incorporatesvisionbased hand posture and gesture
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recognition solution with speech input fornmmber of different applications

includingvacation planningndrealestate purchses.

2.4.5 Medical Systems and A ssistive Technologies

Gesture recognition has very important role in medical systems and its assistive
technologies. It provides the user sterility needed to help avoid the spread of
infection. Gestures can be used by doctorsl ataff to interact with medical
instruments. It also helps patients with disabilities as part of their rehabilitation
therapy user adaptability and feedbadh this context, wheelchaifd36] have

been enhanced througbboic and intelligent vehicles able to recognize gesture

commands.

Figure 18 Surgeorusing gestix to browse medicahageq138]

In [137], Gratez et aldiscussediifferent waysto integrate gestures with
physiciancomputer interfacede illustratech computewision system that allows

doctors to carry out standard mouse functions such as pointer movement and button
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presses with hand gestures thaln[l38feet wit h
Wachs et al. designeal gesturdracking machine named GestikXhis machine
permits doctors to explorblagnetic Resonance ImaginyyIRI) images in an
operating room via a naturab ybptuemafaodoe an

Ai ntiwienesso. I'ts functionality is shown

2.5. Conclusions

In this chapter, we provided a review of hasign and arngesture recognition
approaches. The previous research is reviewed from two different dichottiraies:
glove basedhand posturgecogition and vision based hargbsture and arm
gesture recognition. Otinesisfocusis on vision basedrmgesture recognitian
Appearance based approachshich have goodeal time performancédack the
ability to cover different classes of gestures, duéhe simpler image features
employed. Machine learning based approaciiesv to increase thescognition
accuracyby training.

Syntactic approaches describe complex patterns and activities with simple
sub patterns and elementary parts. Local featureappes are a significant part
of the current doca€patio tenoppral teatuvek atitkbag e ar ¢ h .
of featuresapproachallow for arelatively independent representation of events,
which has a better tolerance to certain conditions in tteoyisuch as illumination,

occlusion, deformation and multiple motion.
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Chapter3. Dynamrabest ure Recfognit.i
Human Subjects

Recently,a lot of resarch on pattern recognition is done using local spatio
temporal (ST) features and bag of features (BORhich have already
demonstratedignificantincrease inperformanceln this approach gesturese
represented aa collection of independent local spatemporal regions. The
success ofthese methods can be attributed to their relatively independent
represerdtion of events whichllows forbetter tolerance to certain conditions in
the videoscenesuch as illumination, occlusion, deformation and multiple motion.
Bag-of-features ideavasinitially derived fromthe "bag-of-words (BOW)"
representationsedfor text classification and document analy4i84][105][106]
[107] [108]. By extracting representative words in the training set of various
sentences, a dictionary is formed and a meaningful senpatteznis definedby
the frequency of occurrence of the words in the dictionary, wkiokgarded as a
Obagé. When a new sentence comes, it can
into a specific category by computing its similatit r ai ned O6bagsb.
Recently BOF gained great popularity in object classification from images
and actim recognition from video data due to its simplicity, robustness and good
performance. BOF is effectively applied to object and natural scene categorization.
It models video as collections of local spatonporal patchesn a standard BOF
approach, a spattemporal patcls represented with one of the feature descriptor
as a feature vector. good feature descriptor or feature vector should have the
ability to handle intensity, rotation, scale and affine variations to some extent. The
final step for theBOF approach is to convert vector represented patches to
"codebook". A vocabulary gfrototype featurearecalled "visualvocabulary or
"codebook!'It is obtained by applying a clustering algoritifeng K-means+) on

feature vectors computed from traigidataA video is represented as a histogram
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of occurrences of local features Quantizingthe feature vectors to the closest
visual word.

As previouslydiscusse®OF became very popular for object ciéisation
andbecause of its discriminative pow&Yve are using BOFor gestureecognition
on video data. Shi et aJ8], proposed a newpproach of a-B multiscale parts
model, which preservette orders of events. Their model has a coarse primitive
level ST feature, as wihs word covering anelventcontent statistics. Conversely,
their model has higheesolution overlapping parts that can incorporate temporal
relations. By overlapping neighboring sub patches, theggaressfully maintain
an order of event§Ve used ths novel approach that is based on handfararm
movements. This idea enabled us to extBadd gestures to includerearm
gestures. This evolution allovisr a larger degree of freedomhave a variety of
meaningful dynamiayesturesbased on arm in eudynamic gesturdanguage
vocabulary

Our proposedlynamic gesture language recogniti@GLR) systemhasa
few advantages over the previous systems. Riistcomposed of two subsystems,
namely the imag@rocessing (IP) moduland thelinguistic recogition system
(LRS) module LRS module will be discussed in chaptertis modularity per se
gives rise tan override mechanism for misses in classification. Therefdren
there is a miss, there is still hope for that instailacee reclassified corrdy.
Second, older methods (trackinfjhand, tracking of fingers, recognition of hand,
recognitionof fingers,etc) limit the algorithm to that particular obja&cognition
(i.e., that specific part of the body), wherelas bagof-feature (BOF) appro&ac
applied in our IP moduleliminates the cumbersome need for tracking and enables
us toadd any parts of the body for communication without hatanghodify the
algorithm.In addition, it achieves statd-the art performanceThe BOF method
has the abity to represent videos with statistical information of local features, with
no requirements for the detection of humans, body parts or joint locations which is
very challenging in uncontrolled realistic videB&5LR is not only good for static
posturesasthe previous systems were, but also our choice of thepacamodel

enablesDGLR to recognize bararm dynamic gesture recognition just as good.
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Finally, our method alsbenefits from a linear formal grammar to process a higher
level regularity (sgptadic constraints) in the gestul@guagewhich could not be
accessed by the previous systems. Thiyrim adds to the accuracy of the system,
making use of whattherwise would have been tagged as just noise.

The current chapter gives a comprehenas@unt of the IP modulehich

is first module oDGLR system.

3.1. The Dynamic Arm Gesture Recognition System
Architecture Overview
To recognize the dynamigrm gestures, our system hbeen divided into two
stages, which comprise training ates$ting. Initidly, we trained our system by
extracting featureand then clustering them byrkeans++. Later, we classified
dynamicarmgestures using a nonlinear SVM.

The arm consist of several pieces that together make it one of the most
useful tools of the human bod¥hese parts anepper arm extending from the
shoulder to the elbowelbow: this is hinged joint allows the arm to swing 180
degrees at full extensiofgrearm:the forearm is the area between the wrist and
the elbow,wrist: located in the upper hantdand: palm with five fingers.Our
selecteddynamicgestures are mainly comprise of arm which is combination of

upper armforearm, wrist, elbow and hafti39].

3.1.1 Overview of the Training Stage

First, we generate a database of dayitagestures for theaining stagewWe di dn 6t
find any standard database of dynamic arm gestures on which we can apply our
algorithm and compare our algorithm performance with others. So wa did
thoroughsurvey on previous researchers work and try tammctate all possible
considered parameters and scenarios in their work all together at one place in our
work to make our experimental setup conditions tough and challengvieg.
consider a set otwelve dynamic gesturesiamely the circular, goodbye,

rectargular, rotate, triangulawait, come, go, up, down, right and lgéstures.
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The circular gesturestarts from top, goes to the left side, comes down,
moves toward the right, and then back to the top to complete one cycle. This
gesture is a combination b&ind wrist, elbow forearmand upper arrmotions.

To complete thggoodbye gesture one begins with oneds
from the topcenter and moves toward the left side, and then moves back toward
the cemer and then the right side. Thgesture as wkinvolves thehand, wrist,
elbow andorearm

The rectangular gestureanovement starts from uppéght side, moves
toward the uppeleft side, then toward the low4eft, and then to the loweight,
and then moves back up again to its original upjggat position. It also includes
the handwrist, forearm, elbovand theupper armmotion.

The rotation gestures s | i ke hol ding a doorknob w
moving along the same axis toward the right and the left directions. This gesture
involves the had, wrist and forearm

The triangular gesturebegins from the togenter, moves dowleft, then
toward downright, and then moves back to its original-mgnter to its completion.

This gesture is based orcambined motion of a handrist, forearm, elbovand
anupperarm

Thewait gesturecomprises using the wrist to move a hand in a forward and
backward motion while thiorearmremains staticThis gesture is based on hand
and wrist.

The come gesturetarts by keeping thforearmstraight down and hand
facing front. Movdorearmupward by bending elbow until hand dodearmreach
complete straight up. This gesture is combination of hawist, elbowand
forearmmotions.

The go gesturestarts by keeping thimrearmstraight up and hand facing
front. The forearm moves then downward by bending elbow until hand and
forearmreach complete straight down. This gesture also involves combination of

hand wrist, elbowandforearmmotions.
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To complete thaipgesture one begins with oneds

middle-center and moves straight upward in same axis. This gesture involye hand
wrist, elbow, forearnrandupperarm

The downgesturestarts from positioning hand arfdrearmat topcenter.
Later move hand straight downward direction until it reach at micketéer in
same axis. This gesture also comprise hamist, forearm, elboveandupperarm

Circle Rectangle Rotate Triangle Wait

Figure 19 Straightarm, close tocamera,badlight, white background
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Down Left Right Come

Figure 20 Straightarm, close tocamera,badlight, white background
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Figure 21 Straightarm, close tocamera, good lightgclutterbackground
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Figure 22 Straightarm, close tocamera, good lightgclutterbackground

Theleft gestures like saying to somone by hand and forearm direction to
go to left direction. It starts from positioned hand and forearm at midgtie
direction. Hand is also pointing towards right direction. Than move hand

horizontally from right to middideft side completely. Hand Wilalso point
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towards left direction. This gesture consist of hand, wrist, forearm, elbow and
upper arm.

The right gestureis also close to left gesture but in opposite direction. It
starts from positioned hand and forearm at midelfie direction. Hand isalso
pointing towards left direction. Later move hand horizontally from left to right
completely. Hand will also point towards right direction. This gesture also include
hand, wrist, forearm, elbow and upper arm.

Thefew gesturescenariosire showrabowe in Figure 19to Figure 22

A total of 24 scenarios have been considered while generttingnanual
database. These include:

StraightArm, Close to Camera, Good Ligh/hite Background
StraightArm, Far from Camera, Good Ligh#/hite Backgroung
StraightArm, Close to Camera, Bad Ligiw/hite Background
StraightArm, Far from Camera, Bad Lightyhite Backgroung
StraightArm, Close to Camera, Good Light, Cluttered Background;
StraightArm, Far fom Camera, Good Light, Cluttered Background;
StraightArm, Close to Camera, Bad Light, Cluttered Background;
StraightArm, Far from Camera, Bad Light, Cluttered Background;

© © N o g s> w D P

Angled Arm, Close to Camera, Good Ligh/hite Background

10. Angled Arm, Far from Canera, Good Lightyvhite Background
11.AngledArm, Close to Camera, Bad Lighite Background

12. Angled Arm, Far from Camera, Bad Lightyhite Backgroung
13.AngledArm, Close to Camera, Good Light, Cluttered Background;
14.AngledArm, Far from Camera, Good Ligi&]uttered Background;
15. AngledArm, Close to Camera, Bad Light, Cluttered Background,;
16.AngledArm, Far from Cameraad Light, Cluttered Background,;
17.Vertical Arm, Close to Camera, Good Light, White Background;
18.Vertical Arm, Far from Camera, Good Light, WhiBackground,;
19.Vertical Arm, Close to Camera, Bad Light, White Background;

20. Vertical Arm, Far from Camera, Bad Light, White Background,;
21.Vertical Arm, Close to Camera, Good Light, Cluttered Background;
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22.Vertical Arm, Far from Camera, Good Light, Cluttered Baakgrd;
23.Vertical Arm, Close to Camera, Bad Light, Cluttered Background;
24 .Vertical Arm, Far from Camera, Bad Light, Cluttered Background;

The above mentionesequences cover all of the possible scenarios of a
particulargesture in an environment, which thogbily increasethe robustness of

the classification and BOFs model.

Up Down Come Go Right Left
Gesture Gesture Gesture Gesture Gesture ' | Gesture
Clips Clips Clips Clips Clips Clips

Circular
Gesture
Clips

|

Goodbye
Gesture
Clips

!

Rectangular
Gesture
Clips

|

Rotate
Gesture
Clips

!

Triangular
Gesture
Clips

|

Wait
Gesture
Clips

|

Feature Extraction of Root Model and Part Model by Dense Sampling and H
Descriptor

Concatenate Root Model and Part Model Histogram

Clustering the Visual Words by-Kleans++

|

Classification of Fatures by Non Linear SVM

Figure 23 Oveniew of the training stage
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In order to compensate for the inherent impossibility for a human to repeat
precisely time over time the same gesture, we decideditothe IP module over
a larger database of gesturesorded with 40 subjecis different background
conditions For various stage80 subjects were considered for the training stage
and tensubjects(including the authoryvere specified for the tesfy stage We
captured all of the training clips at 64@80 pixels, andhen reduced them to 160
x 120 pixels. This size reductiaf training clips,increased the feature extraction
and classification speed. Mastportantly, the size reductiaf trainng clipsleft
no effect on the recognitiasf such features. The training stage model is shown in
aboveFigure 23

Whenusng the BOF model to extract features from ##eo sequencee
reduced the size of each video clipdoyvn samplingThedense samplingnethod
was usedo extract3-D local ST patchefrom the downsampled new videoat
different scales and locationth [94], Wang et al demonstrated that dense
sampling at redar spacdime grids outperformed statd-the-art interes{point
detectors. Similar results have also been observgbi{109]. Compared with
interest point detectors, dense sampling capturest mfiormation by sampling

everypixel in eachST scale.

______

—

overlapping space
~ grids of part model
. S

TR g

¥ jt overlapping temporal &,
X

grids of part model -
vidbopyeamii g p 3D-HOG feature pyramid

Figure 24 Featuraedefined by root model and overlapping grids of part model

58



A multiscale scanning window approach was used to représerideo as
aset of features that were computed at diffeseatesand positions. This provided
coarse root model featureghich contain local global information. From each root
model,we extracted higiesolution,overlapping part models. Theeandsomely
incorporated the temporal order information ibgluding the lochoverlapping
part of the dynamic gesturess shown irFigure 24 We used a 50% overlapping
ratio, asrecommended if8][12]. Later, a HOG3Ddescriptor[103] wasused to
depict the feature from both its root and part models.

Our model consist of a coarse root patch and a group of higher resolution
part patchesNe calculated histograms of each root and part model tDg3D,
which is basedma 3D oriented gradientLl02][140]. HOG3D descriptors can be
computed using an integral videwethod, which is the way to compute spatial
temporal gradientistograms. If we only used local ST fieies, then therder of
dynamic arm gestures would be lost. We overcarttes by concatenating
histograms of both root and all pambdels. This maintained the order of dynamic
arm gestures.Local ST Featureshave been represented by concatenated
histograns. These extracted features are quantized in wenrals. Frequencies of
these visual words were measuf@dclassification. Visuakocabulary was created
using denssampling of dynamic gesture training videos; HOG3D syeifically
used for vocabulargepresentation.

Clustering divides a group into subgroups, called clusters, so that elements
in the same cluster are similar in some sense. It is implemented using an
unsupervised learning algorithm and an ordinary method for statistical data
analysis apled in several fields, such as machine learning, pattern recognition,
image analysis, data mining, and bioinformatise number of the clusters (the
codebook size) depends on the structure of the data. There will be a sort of
compromise for how to choessocabulary size or number of clusters. If it is too
small, then each bagf-words vector will not represent all the key points extracted
from its related image. If it is too large, then there will be over fitting because of

insufficient samples of the keoints extracted from the training image.
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We appliedthe kmeans++[141] method to cluster the features. This
approach helped to choose random starting centers witlspecific probabilities.

It proved to le a fast way of sampling. In this process, each feature of the dynamic
gesture clips was assigned to the closest Euclidean distance from the vocabulary.
Histograms were created to represent the sequence of videos.

The support vector machine (SVMiethod[142], is a new and promising
classification technique. SVM has shown strong generalization ability in a number
of application areas. It maps the training data into a higher dimensional feature
space. A hyperplane is then constad in this feature space that bisects the two
categories and maximizes the margin of separation between itself and those points
lying nearest to itThe nontlinear SVM maps the input into a higlmensional
feature space by using ndinear mapping anchen the linear hyperplane can be
found in feature space

We used a nonlinear SVMith RBF (radial basis function) kernébr
classification and the librarfor SVMs [76]. Data scaling was completed on all

testing and trainingata.

3.1.2 Overview of the Testing Stage

The testing stage used the samevjmusly mentioned 24cenarios that were
created by the ten subject¥e generated another tieg) database using the same
twelvedynamic gestures. All of the testing clips were captat&d0x 480 pixels
and then reduced to 160120 pixels. Theparameters values used for sampling
and HOG3D were theame as iri8][12]. The approach was followed with the
extractionof the root ad part model through the use of dense samgimdg) the
HOG3D descriptor. These extracted features weentized in visual words. Our
local part model integratethe temporal order information by including local
overlappingevents. The integration providesore discriminative power for
dynamic gesture recognition. The approach used the concatenat@dodel and
part model histograms to maintain thesler of the local events for dynanaom

gesture recognition.
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We used kmeans++ to conduct clustering ofetlvisualwords from the
visual vocabulary. This clustering technigeleoses randomly located centroids
(points in space that represeéhé center of the cluster), and it assigns every key
point tothe nearest centroid. Later, centroids are moved to t@a@epositions
of all assignedkey pointsand the assignments aredone. This process is
completed when the assignments stbpnging.We used a randomized seeding
technique that allowsnitializing k-means by choosing arbitrary starting centers
with velry specific probabilities. The technique attemptedhtnimize the average
squared distance between points ingame cluster.

Later, the approach applies the BOF and nonlirfg@éM approach for
classification. It assigns different valueshe codebook (gual vocabulary). We
conducted experimentgth different codebook size values, including 1000, 2000,
3000, 4000, and 5000 words. We chose to use incremeb@®0s to demonstrate
significant results; minor changike 1002 would not significantly inflence the
result. Thadeal value for a codebook size is 4000 wowlle. mayachieve dittle
percentage of recognition by increasing¢bdebook sizeOur experimentshows
thatincreasing the size after 40@) notresulting in a significantmprovement.
The incrementi recognitionrateand precision of results is ideal for increments
betweenl000 and 4000.

These calculated incremerabow to obtain @7.22% aggregated resudff
gesture recognition wittwelve gestures and 2é¢enariosas mentioned id Table
1.0 Table 1shows total 12 dynamic arm gestures that we confidegcognition
For each gestureve recorded 240 video clips aédTable 1results also show the
number of incorrect recognition.dst columnof tableshows correct recognition
percentage of dynamic gestures respectiiéach gesture has been thoroughly
testedn numerousscale, rotation, illumination, and backgrowettings.

In our experiments, & choose parameter settings to make it
computationally tractable, mainly by limiting the vector size of visual words. The
optimal parameter settings are: codebook=st¥)Q minimal patch size=12 , 6;
total sampling scale8x8x3 number of histogram celx2x2 polyhedron type

dodecahedrofl2; and number of pxa@x2 e dimensionir oot O
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f or fAr oo 2xax2xdo=PeéThe viector size of a featured6 x (1(root) +
8(parts)) = 864 We conducted experiments with different values, but we

concluded that parameter values suggeste@]py2] are the best combination.

Table 1 Performane of gestures recognition for 12 gestures ansc2farios

Gestures re%ggr? i(t;iton rlanccoogr L?t(i:én Correct
outof240 | outof240 | 'ecognition%

Circular 233 7 97.08%
Goodbye 234 6 97.50%
Rectangular 230 10 95.83%
Rotate 229 11 95.42%
Triangular 237 3 98.7%%0
Wait 235 5 97.92%
Left 233 7 97.08%
Right 232 8 96.6 0
Up 236 4 98.3%%
Down 238 2 99.1®%
Come 231 9 96.25%
Go 232 8 96.67%
Total 2800 80 97.22%

3.2. Calibration of Image Processing (IP) Module

Our IP module is able to categoridgnamic gestures with good accuracy. For
instance, it camecognize that a triangular gesture is not a circularao vice
versa. However, we aadso interested to know if @ould reject dynamic gestures
that did not belong to any dlhe trained categories. Furthermore, we wanted to
make sure our system did not wrongly categorize some gesture witpatibl
chaacteristics of a gesture class. For example, hatirele is not a circle.
Consequently, we conducted a calibratiest as follows.
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We also checked our algorithm accuracy by deliberately creating noise in
simulation videos.

We created a new database fegording videos of a humasarm with
combinations of one iteration of one gesture amalf iteration of another gesture
and checked our systeracognitionrate against both gestures. For example, we
recorded one video with one iteration of a bye gestndeehalf iteration of a circle
gesture and checked it against both agd circle gestures. Results are shown in
Table 2 These videowere made by considering the same parameters disaassed
[12]. The gestures were captured to .avi video forasatg H.263 video codec.
Each video displayed gesturesmatsolution of 648 480 pixels, which were then
reducedtio 160x 120 pixels at 30 frames/s. Each dynamic gesttae recorded
multiple times withthe same parametersragntioned i{12][142].

We checked all combinatis of dynamic gestures. Fesamples of video
results are shown ifiable 2 These results led tig the successful implementation
of the grammar and foral language of our dynamic gestilsaguage; below we
mention why in more detail.

Prior to the test reported Trable 2 we had also createdtestset of dynamic
armgestres with solely one iteratioof each gesture to see if only one iteration
of a dynamicgesture was recognizable by our system. All of our resudte
successful.

Aside from testingn noisy environments, the tests condudtettis section
were importahfor two practical reasong.irstly, we wanted the convenience of
command cancellatiorlike for instance, if a human initiated a command, but
canceledt halfway through by not completing the gesture (e.g., bedaifigures
it is an invalid command).e&gondly, it is vital for théP module to have accurate
information to train its system omherefore, we cannot allow canceled cases/noise

to be fed in.
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3.3.

Table 2 Dynamicgestures with noise and their results

Dynamic gestures with roise Checked Result
againstthe
gesture
Half circleandcomplete bye Bye Pass
Half circleandcomplete bye Circle Fail
Complete byandhalf circle Bye Pass
Complete byeandhalf circle Circle Fail
Half rectangleandcomplete Triangle Pass
triangle
Half rectangleandcomplete Rectangle Fail
triangle
Complete triangl@ndhalf Triangle Pass
rectangle
Complete trianglendhalf Rectangle Fail
rectangle
Half circleandcomplete Circle Fail
rectangle
Half circleandcomplete Rectangle Pass
rectangle
Complete rectanglandhalff Circle Fail
circle
Complete rectanglandhalf
cirele Rectangle Pass

Conclusions

The umanrobotcommunicatiorsystem presented in thebapterapplied a novel
method to recognize dynamiarm gestures, and achieved stafethe-art
performance. TheobustIP module recognizes the dynanaian gestureswhich
areourfivisual word® as accurately as @2 % byapplying a novel technique for
the task

We used alatabase of twelve dynamic gestuiesrain in a robust way our
IP module.A total of 24 scendos have been considered while generating this
databaseThese 24 scenarios are base@oombination ofdiverse environmental
conditions which are: good light, bad light, white background, clutter background,
close to camera, far from cames&raight am, angled arm and vertical ar®ome

of our gesturesesemble to each other and some are very different in teuseof

64



of the space and position of arr@ur IP module demonstrated good robustness
while recognzing the set of twelve gestures

The IP moduleises a new strategy to recognize dynadmai@armgestures
from a video stream that was newagplied to this domaibefore This approach
helps to maintainthe sequence of eventQur experiments showhat this
combination of techniqueachievesa satisfactory performance undesariable

scale, orientation, background, and illuminati@mditions.
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Chapter4. Dynamrabest ure Recfognit.i
Andr oi ds

4.1. System Architecture Overview of Inter -Robot
Communication
Inter-robot dynamiarmgesture recognition is a novehdtopmentn the new e
Society paradigm.It is expected that the interrobot and humaiobot
communication systems use same gestgrebotimay bepart ofa larger common
communication modality.

As discussed oUDGLR systemshouldoffer a solution for tis humanlike
androidcommunication modality.

Thearmgestureperformedby androidcorrespond to the set bimanarm
gestures for which th#° algorithm described iprevious chaptewas trainedIt
may be worth mentioning that the specific environmlecdaditions in which an
android is expected to perform are actually less stringent then the much tougher
conditions under which ¢hIP module was trained and tested.

In section 4.1.1, we will briefly discuss about dynamic arm gestures
performed byandroidand section 4.1.2 will put light on recognition detail of
dynamic arm gestures perform by robot. Here in this section we will also give
information of performing same gestures by human as subject in same environment
to see the comparisons of performanteymamic gesture recognition algorithm

for both subjects (human and robot).

4.1.1 Robotic Arm Gesture Control

We used a first generation humandicH a wébot H20 seriesmanufactured by
Dr RobotInc. [132] shown inFigure 25
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Figure 25 Thearm of thefi H a wébotproduced byDr Robot[132]

The arm of this robot iable toperformmany humariike gesturesThe set

of gestures that were progréammetanguol ade
Arotateo, Atriangularo, fAwaito, Aupo, Adc
Arectangularo and #Atriangul aro gestures
di screte |inear motions whil e tuhpedo,ficircu
Adowno, Al efto, Aright o, icomeo and Ag

continuous motions.

The firectangulad gesture consisted of four disct linear motions of the
armbeginning in the top right of the video frame and shaping a rectangle. During
the entire gesture, the palm faced the camera and the fingers were exidmaed.

fitriangulap gesture differed only in shape from the rectangular gesture.
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The ficirculao gesture was created parametrically using continuous
orthogonal sinusoidal velocities the plane parallel to the palm. Similarly to
rectangular and triangular gesture, the palm faced the camera and fingers were
extended during video capture.
The figoodby®, fiwaitd andfrotated gestures were created by rotating the
forearm and the palm ina@ntinuous sinusoidal motion. Theotated gesture had
a clasped hand while tligoodby® andfiwaito gestures had an open hand.
Thefupo gesture starts withn open palm facintpe camera with the fingers
upwardsat the altitude of the torsandthe armmovesstraight g andfinally stops
when passedght hdhkeddodoswnb gesture i s the s
except for the arm movement whighthe reverse in directiont starts from the
top and moves downwards and stapghe altitude of theorsa
The initial point of the Al efto gest ul
right forearm and upper arm stretdowards the right side of the body with the
palm open and facing the camera and the fingers towards theThghdrm moves
to the let in the same horizontal plamad rotates counta@ockwise meanwhile
until it reaches the left side of the body. The position of the fingers is upwards in
the middle and Igdvard in the end of the motion. In this transition from right to
left, the palm onstantly faces the camera
Theight gest ureeirs &ftdgdstureltstarts from thend
state of the fAlefto gest uimteltispafdmedoves ba
with the same arm (i.e. the right arm) and the rotation kehise.
The Acomed gest ur éoremm and tppearr straidhte e pi n g
down and palm facing the camexad fingers pointing downward$heforearm
and handmove upward by bending elbow all the way, wesulting infingers
pointing upwardsnd theback of the hand facing the camera
Thefigoo gesture starts by keepifgrearm straight up with bent elbow, and
palm facing the camerawith fingers pointing upwardsThe forearm moves
downward by unfolding elbow all the way down utiiéforearmis straght down
and the fingers point downwardsd back of the hand facing the cam&igure

26 to Figure 28show theunified modelling languagdJML) sequence diagrams
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for some above mentionati/namic gsturesRemainirg UML diagrams are in

Appendix A
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Figure 26 UML sequence diagram fdétefto gesture
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4.1.2 Robot Arm Gesture Recognition

When humans perform dynamic gestures, it ispnattically possible for them to
repeat the same gesture by using the same speed, space and arm orientation.
Whereas, a robot has the ability to perform the same gesture consistently every
time, with the same speed, space and orientation of arm.

As discissed in previous sectionewnade a new database of videos of a
human as a subject and a rqlastveloped in our DISCOVER labs subjectBoth
types of videos (i.e. human and robot) are created with the same scenarios and
conditions. We consider the sag@nditions as mentioned in chapter 3 for human
robot communication. These conditions are straight arm, angled arm, vertical arm,
good light, bad light, close to camera, far from camera, white background and
clutter background. We used 24 scenarios bas@asomentioned conditions. We
consider the same number of previously described dynamic gestures (12 gestures)
namelyici rcul ar o, hHdaodbydootdaideali auymo ,angu
Adowno, Al efto, A pestgrésA few gesuesscematos aend fgo o
shown inFigure 29to Figure 32

Positional and movement descriptions of these dynamic gestures are the
same as discussed in Chapter 3 and as shown in UML sequence diagrams. All
captured video clips had a resolution of 640 x 480 pixels, and were then reduced
to 160 x 120 pixels. We applied our IP module to recognize the dynamic gestures
of both human and robot videos. For each subject, robot and human, we recorded
288 clips for tsting.
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Figure 29 Straightarm, close tocamera,goodlight, white background

72



o i o o s
1113133313
113131371141
14333333
Mmmum_uuuu




Circle Bye Rectangle Rotate Triangle Wait

Figure 31 Straightarm, close tocamerapad light,clutterbackground
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