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Abs tract

With the ubiquity of powerful, mobile computers and rapid advancesin sens-
ing and robot technologies, there exists a great potential for creating advanced, in-
telligent computing ervironmerts. We investigae techniquesfor integraing passive,
vision-basedsensinginto sud environmerts, which include both convertional inter-
facesand large-scaleenvironmerts. We proposea new methodology for vision-based
human-computer interaction called the Visual Interaction Cues (VICs) paradigm.
VICs fundamentally relies on a shared perceptud space between the userand com-
puter using monocular and stereoscopiwideo. In this space,we represen ead inter-
facecomponent asa localizedregon in the image(s). By providing a clearly debnel
interaction locae, it is not necessaryto visually track the user. Rather we mode
interaction as an expectedstreamof visual cuescomregponding to a gesture. Example
interaction cuesare motion as when the Pngermoves to pressa push-button, and
3D hand posture for a communicative gedure like a letter in sign language. We ex-
plore both procedurdly debnel parsersof the low-level visual cuesand learning-based
techniguesfrom macine learning (e.g. neurd networks) for the cue parsing.

Individual gesturesare andogous to a language with only words and no
gramma. We have constructed a high-level language model that integrates a set
of low-level geguresinto a single, coheren probabilistic framework. In the language
model, every low-level gestureis calleda gedure word. Webuild a probabilistic graph-
ical model with eat node being a gestureword, and use an unsupervised learning
techniqueto train the gesture-langiage model. Then, a complete action is a sequence
of thesewords through the graph and is called a gesturesertence.

We are espedally intereded in building mobile interactive systemsin large-



scale,unknown ernvironmerts. We study the associated whee am | problem: the
mobile system must be able to map the ervironment and localize itself in the en-
vironmert using the video imagery. Under the VICs paradigm, we can solwe the
interaction problem using local geomety without requiring a complete metric map
of the ervironment. Thus, we take an appearance-basedpproac to the image mod-
eling, which sul cesto localize the system. In our approach, coherent regions form
the basisof the image description and are used for matching between pairs of images
A coheren region is a connected set of relatively homogeneougixels in the image.
For example, a red ball would project to a red circle in the image, or the stripes
on a zebraOdack would be coherert stripes. The philosoply is that coheren image
regions provide a conciseand stable basis for image represenation: concisemeaning
that there is drastic reduction in the storage cost of an image, and stable meaning
that the represemation is robust to changes in the cameraviewpoint.

We usea mixture-of-kernelsmodeling sthemein which ead region is initia |-
izedusinga scale-irvariant detecta (extrema of a coarselysampled discreteLaplacian
of Gaussiansale-space)and rePnedinto a full (5-parameter) anisotropic region using
a novel objective function minimized with standard continuous optimization tech-
niques. The regions are represated using Gaussianweighting functions (kernels),
which yields a concise, parametric desciption, permits spatially approximate match-
ing, and permits the use of tedniquesfrom cortinuous optimization for matching
and registration. We invedigate sut questions as the stability of region extraction,
detection and description invariance, retrieval accuracy, and robustnessto viewpoint

change and occlusion.
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Chapter 1

Introducti on

The disparity between the digital and the physical is shrinking rapidly. We hold
more computing power in our pockets today than on our desks a decade ago. Howewer,
Moore® Law is not dictatin g the development of computingOsvery aspect. The practi ce
of interacting with a computing ernvironment has changed littl e sincethe inception of the
graphical use interface (GUI) in the early 1980s[81]. The dominant interaction model®
governing todayOsnterfacesis Shneiderman®direct manipulation model [157]. In this con-
text, direct manipulation describes the usa@ ability to el ect immediate changes in the
computer-stat e by directly interacting with the application objects thr ough the keyboard
and mouse. This isin contrast to earlier generatiors of interfaces that required the user to
pre-program the whole sesgon or learn a complex procedural command-language. Thr ough
this model, the languageof interacti on evolved from such complex command languages to
rapid, sequerial, reversible, direct, and intuitiv e actions. The direct manipulation model

comprises four principles

1. Continuous repreentati on of the objects of interest.

2. Physical actions (movement and sdection by mouse, joystick, touch screen, etc.) or

labeled button presses instead of complex syntax.

3. Rapid, incremertal, reversible operations whose impac on the object of interest is
immediately visible.

LAn interaction model [11]is a s& of principles, rul es,and properti esthat guide the desgn of an interface.



4. Layered or spiral approacd to learning that permits usage with minimal knowledge.
Novices can learn a model and useful sé of commands, which they can exercis til |
they becone an OexpertO at level 1 of the system. After obtaining reinforcing feedback
from sucesgul operation, userscan gracefully expand their knowledgeof features and

gain Buency.

The direct interaction model brought probciency with the userinterface to a broad
spedrum of uses. The model gave rise to the current generation of computer interfaces
the OWndows, Icons, Menus and PointersO (W IMP) generation [171]. It is this style of
interface to which we have become accustoned. Given WIMP Osstandardization [114] and
its ubiquity, the so-alled desktop metaphor clearly is the cornerstone of contemporary
human-computer interaction (HCI).

With increasing computing power and many new technologies at the disposal of
interface enginees, we are beginning to investigate the next generation of interfaces. Van
Dam [171] writes, OApost-WIMP interface is one cortaining at leag one interaction tech-
nigue not dependent on classcal 2D widgets such as menus and icons. Ultimately it will
involve all senses in parallel, natural language communication and multipl e uses.0 We
add two points to this statement. brst, we expect the interaction to ewlve into a duplex
learning processon a per-user basis, for interaction is, esentially, a means of communica-
tion betweenthe human and the computer. Second,humans are highly adaptable. They
bring a vag amount of domain knowledge from everyday real-world activities. In an ideal
situati on, they would be able to directly apply such domain knowledgeto interacting with
the computer system.

A key enabling technology for the pos-WIMP interface is computer vision: giving
the computer the ability to seeits surroundings and to interpret them. Computer vision
holds great promise for e! ecting a natural and intuitive communication between human and
machine. Being a passive input medanism, vision canseamlessly integrate with many tradi-
tional ervironments ranging from the conference room to the factory Roor. And inexpensive
desktop cameraswith su" cient resolution and speed are nearly already commonplace. Rich
video information would allow a powerful, yet adaptable and intuitiv e languageof interac-
tion to be developed. Humans would be able to interact in a natural manner without the

encunbrance of interaction devices.



However, humans are di" cult to understand even in human-human interaction
miscommunications often occur. Such miscommunications can arise from three types of

problems

1. Physical Problem. Either party in the communication or the medium has a physical
problem in the communication: for example, the speaker may have a speech imped-
iment, the listener may have a hearing disability, or there may be noise over the

communication channel (in the cas of a cdlular phone conversation, for instance).

2. LanguageProblem. It is possble that the two parties do not speak th e samelanguage

or they speak di! erent dialects of the same language.

3. ComprehensionProblem. Even when the two communicating parties speak the sanme
language,they may experience a comprehensionproblem during the communication.
Onepotential cause isthe parti es have entered th e conversation from di! erent contexts
and, as a result, are talking about completely di! erent things Another potential
causeis a di! erencein the relative education level between the two parties; one may
be speaking metaphorically with the other party interpretin g the speec literally.

From the pergpedive of computer vision, we bnd the same mismmmunications arising.
There may be physical communication problemsfor the computer vision algorithms to cor-
rectly interpret the input video because humans require articul ated modeling and exhibit
highly complex spatio-temporal dynamics [1, 57, 135]. Semnd, learning the interaction
language of an interface has proven to be a complex task. Even with current interfaces
where the burden rests almos exdusively with the human, there is a steep learning curve
for the averageusea. As stated earlier, a goal of post-WIMP interface developmernt is a
duplex learning processbetweenthe human and the computer; such a goal intro ducescom-
plex requiremernts on the computer algorithms. Third, aswe bnd comprehension problems
between expert human-human communicators, similar problems are inevitable in HCI. In
the dissertati on, we study thes problemsin the context of vision-based human computer

interaction.



1.1 Mo tivation

We are intereded in the general problem of human-computer interaction and how
computer vision techniques can be applied. Concretdy, we state the vision-basal human

computer interaction (VBI) problem as follows:

How doesone €' ciently model and parse a high dimensional video stream to
maximize activity recognition reliabilit y, interaction vocabulary and system us-
ability?

In the dissertation, we are motivated by two spedbc aspectsof this broad problem. First, we
would like to removeth e restrictive mediation through interaction devices lik e the mouse and
replace it with a more natural communication betweenthe human and machine. Seond, we
are interested in large-sale, multi -user, shared workspaces. We explain these motivations

in more detail in the remainder of this section.

1.1.1 Inter action as Communicat ion

The majority of computer users spend all of their computing time with standard
2D interfaces The interaction with the computer is mediated thr ough the mouse and
keyboard, and, as such, is typically restricted to one user. Likewise, the interaction is one-
way in the sensethat the usa must learn how to interact with the system; the system is
not adapting to the user.

Incorporating computer vision into the sygem allows for new avenues of interaction
techniques. For example, computer vision permits unencumberedinteracti on with freehand
motion. Consider a jigsaw puzzZle application. Using standard interaction techniques a
cumbersone languageof interaction would be present. the use would have to click on one
puzzle piece at a time, drag it to the proper placement, switch the control mode to rotation,
rotat e the piece, and then releasethe piece. The mode switching betweentranslation and
rotation is due to the redrictiv e click-and-drag nature of WIMP interfaces. Perhaps the
application would alsolet the user select multipl e piecesat onetime. However, if we consider
a vision enhanced scenario, the use would be able to usemore natural and €" cient actions.
For example, the systam could recognize both the translational and rotational motion at
the same time, or the user could use both handsin tandem to move multipl e separate sets
of pieces at the same time.



1.1.2 Large-Scale Interacti on

The possbility for constr ucting large-scale, smart environments for multip le users
to share, explore and manipulate is rich. We are interested in dynamic man-macdine in-
terfacesin the context of mobile augmerted computing. In mobile augmerted computing,
the user is carrying a mobile augmented computing system (MACS) (e.g. laptop, display
glases cameras etc.) that makesit possble to composite virtu al objects into his or her
visual pathway. For example, if a useris in a library seti ng with a MACS and they are
sarching for the shelves containi ng volumesfrom English Literature, then, the MA CS could
paint an arrow pointing them in the proper direction. When the shelf comesinto view, the
arrow might changeinto an information panel highlighti ng the corntents or allowing a furth er
sarch for a particular volume.

Typical state-of-the-art applications [46]in mobile augmented computin g are bxed
in the sensethat the interface is constructed beforehand and is unchanging. There are two
major implicationsin such bxedsetings. First, an electronic map of the environment must
be acquired prior to theinterface development and usage. Second, the user hasno ability to
dynamically modify the environment by adding new virtu al objects, manipulating current
objects, or removing current objects.

In contrast, we are intereged in allowing the use to dynamically modify the
augmened environment to suit his or her neals. Returning to the augmented library
example, we o! er a cae where dynamic manipulation can aid the user: at the English
Literatu re shelf, the usea needsto reference his or her (digital) notebook. Thus, he or she
dynamically attaches a virtual display of the notebook to a vacant shelf nearby and can now
interact with it.

Anoth er application is an augmented, multi-user, shared workspace. In this set-
tin g, multi ple users are capable of manipulating the virtual (and real) objects in the shared
space Realling the single use example from the previous section, assenbling the puzzle
in collaboration is a candidate application. Another possible usage of the shared spaceis
the organization of a set of virtual index cards scattered on a table. Each user hasa view of
the cardsfrom his or her viewpoint and yet, can manipulate them thus a! ecting the shared
interface. Altern atively, a shared workspace focused on education may enalde teachers and
students to explore new pedagogcal techniques permitt ing better learning and retention

rates.



There are a set of problemsthe MACS must be able to solve in order to function.
The mog important oneis thewhere am | problem: i.e. the computin g sygsem must be able
to localize the position of the use in the environment. Asscciated with the where am | is a
rendering problem. Given a relative position in the environment, there are a set of visible
virtual objects that must be rendered into the usaOsview. To that end, for each of the
virtual objects, the system must be able to determine its location relative to the user and
if it is visible from the user® viewpoint. The third problem is an information management
and sygem integration problem arising in the caseof multip le users collaborating in the
shared space

From thi s set, we have focused on the where am | problem. We |leave the remaining
problems for future work. We assume no prior knowledge of the scene structure. This is
an important assumption that greatly increases the complexity of the problem, for a bxel
MACS could not exist without any prior environment information. We also restrict our
study to passivesensing. A passve input mechanism is any such input device that does
not actively disturb the ervironment. For instance, pladng infrared beamns or using a
magnetic tracker are impermissible. This constraint is plausible considerng that for some
potential mobile augmented computing applications (an art gallery, for instance) acti vely
disturbing the environmert is not readily permitted.

Following MarrOgaradigm [100] the immediate solution oneattempts is to build a
complete reconstruction of the scene,for it will enable later queriesand localization. Indeed,
many researchers have attempted such techniques (Sedion 1.4.5) with varying degrees of
sucess. Howewer, we propose an alternative strategy that makes no attempt to perform
a full scene reconstruction. Instead, we argue that maintaini ng the relative coordination
of a small se of special surfaces (or volumeg in the sceneis su" cient for solving the
localization problem. In the bfth chapter, we will discussa novel approach at detecting and
characterizing such surfaces.

1.2 Thesis Stat ement

Natural and intui tive human-computer interacti on with robust recognition is pos-
siblein large-sale, unknown environmernts thr ough the application of computer vision tech-
nigueswith out globally tracking and modeling the user.



1.3 Overview

In this section, we present an overview of the dissertation by introducing the thr ee
contrib utions. In the subsequent chapter conclusions,we concretdy state the cortri buti ons
in light of the current stat e-of-the-art.

1.3.1 Contribut ion 1: Novel Methodology for Appl ying Comput er Vision
to Hum an-Comput er Interaction

We take a general approach to incorporating vision into the human-computer
interaction problem that is applicable for both 2D and 3D interfaces. A brief survey of the
lit erature (Sedion 1.44) reveals that most reported work on VBI relies heavily on visual
tracking and visual template recognition algorithms asits core technology. While tracking
and recognition are, in some sense the most popular direction for developing advanced
vision-based interfaces one might ask if they are either necesary or su” cient. Take, for
example, the real-world situation where a person dials a telephone number. When he or
she presesthe keys on the telephone, it (or the world), maintains no notion of the user.
Instead, the telephone only recognizesthe result of a key on the keypad being pressd. In
cortrast, typical methods for VBI would attempt to construct a model of the use®@ brger,
track it through space and perform someaction recogniion asthe user presed the keys
on the telephone.

In Chapter 2, we present a new and e! edive methodology for VBI which is based
on the claim that global user tr acking and modeling is generally unnecessary. We term our
approach the Visual Interaction CuesParadigm or VICs. VICs fundamentally relies on a
shared perceptual spacebetween the usa and computer using monocular and stereosmpic
video. In this space we repreent ead interface component as a localized region in the
image(s). By providing a clearly debned interaction locale, it is not necessary to visually
track the user. Rather we model interaction as an expected stream of visual cues corre-
sponding to a gesure. Example interaction cuesare motion as when the Pnger movesto
pressa push-button and 3D hand pogture for a communicative gesure like a letter in sign
language. We explore both procedurally debned parsers of the low-level visual cues and
learning-based techniquesfrom machine learning (e.g. neural networks) for the cue parsing.

In the VICs project, we have implemented our methods in real-time interactive

sydems. In the 4D Touchpad project, we demonstrate an alternative desktop interface



basedon the VICs interface model. On this platform the user can use natural geguresto
perform common tasks on the interface like pressng buttons and scrolling windows.

In summary, the main cortri bution is the novel approach we take to modeling
user interaction that does not use global tracking methods. Instead, we model the spatio-
temporal signature of the gegure in local image regions to perform recognition. An in-
depth analysis of this approac and comparison to the stat e-of-the-art in VBI is discussal
in Section 2.7.

1.3.2 Contribut ion 2: UniPed Gesture Langua ge Mo del Incl uding Di! er-
ent Gesture Types

As motivated earlier, we considerhuman-computer interaction as communication.
In thi s communication, gestures® are part of the low-level vocabulary. They can be classibPed

into threetypes:

1. Static postures[3,98,116,129,168,185]model the gesture asa single key frame, thus
discarding any dynamic characteristics. For example, in recent research on American
Sign Language (ASL) [160, 197], static hand conkguration is the only cue useal to
recognize a subset of the ASL consisting of alphabetical lett ers and numerical digits.
The advantage of this approach is the €' ciency of recognizing those gestures that
display explicit stati ¢ spatial conbguration.

2. Dynamic gestures contain both spatial and temporal characteristics, thus provid-
ing more challenges for modeling. Many models have been proposedto character-
ize the temporal structure of dynamic gegsures including temporal template match-
ing[17,104,121,156] rule-basel and state-based approaches [18, 129], hidden Markov
models (HM M) [130,160,187,189]and its variations[20, 118,181],and Bayesian net-
works [155]. These models combine spatial and temporal cuesto infer gestures that

span a stochastic trajectory in a high-dimensioral spatio-temporal space.

3. Parametric, dynamic gedures carry quantitat ive information like angle of a pointing
Pnger or speed of waving arm. Mog current sysems model dynamic gestures qualita-
tively. That is, they represert the identit y of the gegure, but they do not incorporate

2In our development, we restrict our focus to hand gestures



any quantitat ive, parametric information about the geometry or dynamics of the mo-
tion involved. However, to cover all possible manipulative actionsin the interaction
language,we include parametric gestures. One example of this type of gesture model-
ing is the parametric HMM (PHMM ) [181] The PHMM includes a global parameter

that carries an extra quantitativ e representation of ead gesture.

Individual gegures are analogousto a language with only words and no grammar. To
enable a natural and intuitive communication between the human and the computer, we
have constructed a high-level languagemodel that integrates the di! erert low-level gestures
into a single, coherent probabilistic framework. In the language model, every low-level
gedure is called a gestue word. We build a forward graphical model with ead node being
a gedure word, and use an unsupervised learning technique to train the gesture language
model. Then, a complete action is a sequenceof these words through the graph and is
called a gestue sentene. To the best of our knowledge, this is the brst model to include

the three di! erent low-level gesture types into a unibed model.

1.3.3 Contribut ion 3: Coherent Region-Ba sed Im age Mo deling Scheme

Images are ambiguous. They are the reault of complex physical and stochastic
processes and have a very high dimensionality. The main task in computer vision is to
use the images to infer properties of these underlying proceses. The complex statistics,
high imagedimensiorality, and large solution space make the inferenceproblem di" cult. In
Chapter 5, we approach this inference problem in a maximum a posteriori (MAP ) framework
that uses coherent regions to summarize image content. A coherent region is a conneded
sa of relatively homogeneouspixels in the image. For example, a red ball would project
to a red circle in the image, or the stripes on a zebra® badk would be coherent vertical
stripes. The philosophy behind this work is that coheren image regions provide a concise
and stable bads for imagerepresentation: concise meaning that there is drastic reduction in
the storagerequired by the representation when comparedto the original imageand other
modeling methods, and stable meaning that the representation is robust to changes in the
camera viewpoint.

There are two parts in our approac. First, we proposeto project the image
into a new basis that emphadzes various coherency characteristics. Conceptually, eah

projection debnesa feature spacewhere a particular image character (e.g. red-nes, stripy-



nesg will project to a homogeneous region. An example of such a projection is a linear
conmbination of pixel-color intensities to measure the red-nes of a pixel. Another exampleis
the neighborhood variance, which is a coarse measureof texture. In the current work, these
projections are debred using heuristics and have unregricted form (linear, non-linear, etc).
Since the projections form the basis of the image desription, their invariance properties
will be inherited by such a descipti on.

Secad, we proposean algotithm that gives a local, approximate solution to the
MAP image modeling in the scalar projections (and thus, the original image given the new
basis). We use a mixtu re-of-kernels modeling scheme in which each region is initi alized us-
ing a scaleinvariant detedor (extr ema of a coarsely sanpled discrete Laplacian of Gaussian
sale-pace) and rebned into a full (5-parameter) anisotropic region using a novel objec-
tive function minimized with standard continuous optimization techniques. The regions
are represented using Gaussan weighting functions (kernels) yielding a conciseparametric
desciption and permitting spatially approximate matching.

To be concrdae, the main cortribution we make in this part of the dissertation
is an interest region operator that extracts large regions of homogeeous character and
represents them with full bve-parameter Gaussian kernels in an anisotropic scalesspace
We investigate such issuesas the stability of region extraction, invariance properties of
detedion and desgiption, and robustnessto viewpoint changeand occlusion. Thisapproach
to image summarization and matching lays the foundation for a solution to the mapping
and localization problemsdiscus®d earlier.

1.4 Related Work

In this sedion, we survey the work related to the complete dissetation. In future
chapters, we include any literatu re that is related exclusively to the content of the chapter.

1.4.1 2D Interfaces

We make the assumption that the reader is familiar with convertional WIM P-
based 2D interfaces and do not elaborate on them in our discussion. We do note a slight
extension of the dektop metaphor in the Rooms project [70]. They perform a statistical
analysis of the window accesswhich is used to separate various tasks into easily accessble
rooms (workspaces).

10



There are also modern non-WIMP 2D interfaces. Most are augmerted desk style
interfaces. The most exemplary of these is WellnerODigit alDesk [180] which attempts
to fuse a real dektop environment with a computer workstation by projecting the digital
display ontop of the desk which may be covered with real papers, pens,etc. The Enhanced-
Desk [89], inBuenced by WellnerODigital Desk, provides an infrastructure for applications
deweloped in an augmented desktop ervironment. Another example of an uncornventional
2D interface is the Pad by Perlin and Fox [126] which uses an inPnite 2D plane as the
interface and allows usersto employ their learned spatial cognition abilities to navigate the

information space.

1.4.2 3D Interfaces
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Figure 1.1: The spedrum of 3D interface technology ranging from 2D projections to fully
immersive 3D.

The spedrum of current 3D interfacesranges from those on a standard 2D monitor
to fully immerdve 3D interfaces. Figure 1.1 graphically depicts this spectrum. Starting
with the left side of the spedrum, we see 3D interfaces that are projected onto a standard
2D saeen [52]. This is the ssmples 3D rendition and, among other uses, has been usdl
extensively by the gaming industry and sciertibc visualization. In this case the display

is restrictive and may have a tendency toward ambiguity as the user has little sense of
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presence. Howewer, the technology required to generate such an interface is standard on
modern PCs and laptops.

One step further is the single-source stereoscopic style display through a single
monitor [147]. Most often, thesecomein the form of a pair of shutter glassessyndironized
with the display which is rendering a sequence of left-right-left-etc. images However,
recertly there hasbeen an auto-stereoscopic display which exploits the natural operation of
the human visual system to perform the depth-vergence[44]. The next type of 3D interface
is the holographic style display in which the use is posti onedin front of a display and a
3D visualization appears in front of ther view [14, 27].

While the previoustypes of displays yield attractiv e visualization solutions, their
output is quite di! erert than those in the other half of the spectrum. The second half of
the spectrum contains immersive displays. In such sygems, it is typical that the user can
actively navigate through the space and the virtual (or augmerted) environmert replaces
(or enhances) the real world. The brst classof theseimmersive displays is based on the same
principle of stereos@mpy as mertioned above. They are called spatially immersive displays
(SID) asthe user is placed inside a space of til ed projection screens. In the caseof a full-
cube, they are termed CAVEs and have found widespread usein a variety of immersive
applications [37, 151].

The O" ceoftheFuture project usesa SID to create a distance-sharedworkspace[133]
They usetechniquesfrom computer vision and computer graphics to extract and track geo-
metr ic and appearance properties of the environmert to fusereal and virtual objects. While
powerful, the use of these systams has beenrestricted to industrial grade applications be-
causeof the display cod and size. However, more recently, a cod €! ective solution hasbeen
provided which may increasethe useof SIDs [142].

At the end of the spedrum onthe right sideis the Head-Mounted Display (HMD) [162].
Whether the task is augmented reality or virtual reality, HMDs o! er the greatest senseof
immersion to the user asthe interface itself maintains a user-centr ic viewpoint with an abil-
ity to immediately localize one<lIf based on the environment. There are two types of basic
HMDs: closal and half-silvered seethrough [4, 5]. A closed HMD enales both virtual re-
ality and video seethr ough augmented reality. In the video seethr ough augmented reality
cae there are cameaas mounted on the closed HMD . The images renderedto the screens in
the HMD are the compostion of the real imagery being captured by the cameras and syn-

thetic imagery generatedby the computer. By cortrast, in optical seethrough augmented
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reality, the user can seethe real world through the half-silvered HMD while the computer
is also rendering synthetic objects into view [7, 23, 47]; the half-silvered seethrough HMD
is used exdusively for augmerted reality.

1.4.3 Ubiquit ous Computi ng Environments

Ubiquitous computing is a well-studied topic [177]. The O" ce of the Future
project presented a set of techniques to allow distant collaboration between members of
a work-group [133]. Through complete contr ol over the parameters of lightin g and display,
a spatially immersive display is used to allow shared telepresence and telecollaboration.
The SmartO" ce project focused on developing enhancel interaction techniquesthat can
anti cipate use intention [92]. Pinhanez et al. [128] developed a projector-mirror display
devicethat permits the projection of a dynamic interface onto any arbitr ary surface in the
room.

The Interactive Workspaces Project at Stanford aims at creating a general frame-
work for the desgn and development of a dedicated digital workspace in which there is
an abundance of advancel display technology and the interface software allows use's to
seamlessly interact in the shared workspace [80]. The XWeb system is a communication
sygem basedon the WWW protocolsthat allows seamlessintegration of new input modal-
iti es into an interface [120]. iStu! is a user interface toolkit for the developmert of shared
workspacestyle environments [8]. It includes a se& of hardware devices and acconpanying
software that were desgned to permit the exploration of novel interaction techniquesin the
pog-desktop era of computing. The toolkit includesa dynamic mapping-intermediary to
map the input devices to applications and can be updated in real-time.

Tangibility is a key factor in the naturalness of an interface be it 2D or 3D. Ishii
introduced the Tangible Bits [76] theory to better bridge the gap between the real and
the virtu al in augmented environments. In his Tangible Bits theory, various real-world
objects will double asavatars of digital information. The theory moves the focus away from
a window into the virtual world to our ewveryday physical world. Many researchers have
studied various methods of adding tangibility and gragpability into the user interface [49,
67,136,146]. One system of parti cular interest isthe Vir tual Round Table wherein arbitrary
real-world objects are usal to proxy for virtual buildings in a landscape program [23]. The
proxy object can be picked up by the usersand they are tracked in real-time to allow for
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quick manipulation of their virtu al counterparts.

1.4.4 Vision for Hum an-Co mput er Interacti on

Using computer vision in human-computer interaction systems hasbecome a pop-
ular approach to enhancecurrent interfaces As discussd earlier, the majority of techniques
that use vision rely on global user tracking and modeling. In this sedion, we provide ex-
ample works from the peld and cluster them into three parts: full-body motion, head and
face motion, and hand and arm motion.

Full Body Motion

The Pbnder system [183]and related applications [97]is a commonly cited example
of a vision-basal interface. Pbnder uses a statistically -based segmentation technique to
deted and track a human use as a set of conneded OHbobs.O A variety of bltering and
edimation algorithms use the information from these blobs to produce a running state
edimate of body conbguation and motion [184, 125]. Most applications make use of body
motion edimates to animate a character or allow a user to interact with virtual objects.
[21] presented a visual motion estimation technique to recover articulated human body
conbguations which is the product of exponertial maps and twist motions. [58] use a
skeleton-based model of the 3D human body pose with 17 degrees-of-freedom and a variation

of dynamic-ti me warping [113]for the recognition of movement.

Head and Face M otion

Basu et al. [9] proposed an algorithm for robust, full 3D tracking of the head
using model-regularized optical Row estimation. Bradski [19] developed an extension of the
mean-shift algorithm that contin uously adapts to the dynamically changing color probabili ty
distributionsinvolved in facetr akking. He appliesthetracking algorithm in explorativ e tasks
for computer interfaces Gorodnichy et al. [61] developed an algorithm to track the face (the
nose)and map its motion to the cursor. They have succesdully applied their techniquesin
multip le HCI settings.

Black and Yacoob [16] presented a technique for recognizing facial expressons
basedon a coupling of global rigid motion information with local non-rigid features. The
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local features are tr acked with parametric motion models. The model givesa 90% recogni-
tion rate on a data-se of 40 subjects.

Hand and Arm Motion

Modeling the dynamic human hand is a very complex problem. It is highly artic-
ulated object that requires as many as 27 degrees-of-freedomfor complete modeling [135].
Pavlovic et al. [123] review recognition of hand-gestures splitting the techniques into 3D
model-basel approacesand 2D imagebasedtechniques. Goncalveset al. [60]take a model-
based approach to tracking the human arm in 3D without any behavioral constraints or
markers. Sege and Kumar [152, 153]also use a model-basel approac in the OGesureVRO
sydem to perform fast gesturerecognition in 3D.

Cui and Weng propose a set of techniques for recognizing the hand posture in
communicative gegures They model hand gestures as three-dage processes[38]: (1) tem-
porally normalized sequence acquisition, (2) segmentation [39], and (3) recognition. In [40],
they usemulticlass, multi -dimensional linear discriminant analysis and show it outperforms
neares neighbor classbcation in the eigen-subspace.

Kj eldsen and Kender [86] use hand-tr acking to mirr or the cursor input. They show
that a non-linear motion model of the cursor is required to smooth the camera input to
facilitate comfortable user-interaction with on-screen objects. Hardenberg and Berard [175]
have developed a simple, real-time bnger-brding, tracking, and hand pogure recognition al-
gorithm and incorporated it into perceptual use interface settings. Wil son and Oliver [182]

use 3D hand and arm motion to cortrol a standard WIMP system.

1.4.5 Eucli dean Mapping and Reconstruction

In this sedion, we survey the related work in metric scene mapping in unknown
ervironments. Considering the scene is unknown a priori, an immediate approad is to
phrase the problem as one of constructing a Euclidean map on-line. It is equivalent to
the general problem of seene acquisition. This approach is common in the Pelds of mobile
robotics and computer vision becauseits solution fadlitates €' cient answersto queries of
obstacle avoidance localization, and navigation. However, we claim that such an approach
attempts to provide more information than is needed for large-saale VBI, and the inher-

ent di" culty in the global Euclidean mapping problem renders it implausible in our case
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Spedbcally, global Euclidean reconstruction lends itself well to situation -specibc solutions
basedon active sensingin the environment; for example, placing coded, infrared beacons
at calibrated locations in the environment greatly simplibPesthe pose problem and thus,
provides an aid to the reconstruction problem.

The problem of scene reconstruction is well-studied in the computer vision litera-
ture. We brie3y survey techniques basal on a depth map representation and not structure
from motion [10, 164] Mog techniques in the literatu re separate the imaging processfrom
the reconstruction process; they assume as input a depth map. Slambaugh et al. [159]
provide a comprehensive survey of volumetric techniques for the reconstr uction of visual
senes They divide the previous volumetric techniquesinto three categories: volumetric
visual hulls which use geonetric space carving, voxel color meth ods which use color con-
sigency, and volumetric stereo vision techniques which bt a level set surface to the depth
valuesin a voxel grid. We refer to [159]for a more detailed discusson of these techniques
Other volumetric methods using ICP [112, 140] and global graph-cut optimization [122]
have been proposed more recently.

Altern ative to volumetric representation s of the reconstr ucted scene, methods us-
ing surface descriptions have been well-studied [6, 72, 131]. A variant of the surface basedl
techniques employs adaptiv e meshesto compute a surface desaipti on of the acquired object.
Terzopoulos and Vasdiscu [167] developed a technique based on adaptive meshes,dynamic
models which are asnbled by interconnedi ng nodal masseswith adjustable springs, that
non-uniformly sample and reconstruct intensity and range data. The nodal springs auto-
matically adjust their sti! ness to distrib ute the degrees-of-freedomof the model basal on
the complexity of the input data. Chen and Medioni [25] developed a technique baseal on
a dynamic balloon modeled as an adaptive mesh. The balloon model is driven by an in-
Bationary force toward the object (from the inside). The balloon model inf3ates until eath
node of the mesh is anchored on the object surface (the inter-node spring tension causes
the reaultin g surfaceto be smooth).

Work by Fua [51], motivated by [165], builds a s& of oriented parti cles uniformly
dispersed in reconstruction space. From this initial reconstruction, it rebres the surface
desgciption by minimizing an objective function (on the surface smoothnessand grayscale
correlation in the projection). The output is a seé of segmented, reconstructed 3D objects.
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1.5 Notation

Denote the Euclidean space of dimension n by R" and the projective space of
dimensionn by P". Let theimagel = {I ,1,t} be a bnite se& of pixel locations| (points
in R?) together with amap | : 1 $ X, where X is some arbitrar y value space and t is a
time parameter. Thus, for our purposesthe imageis any salar or vector beld: a simple
grayscale image, an YUV color image a disparity map, a textur e-bltered image, or any
combination thereof. The image band j at pixel location i is denoted I;(i). We overload
this notation in the case of image sequencs: debre S = {l1...1y} to be a sequence of
images with length m % 1. While the distinction should be clear from the context, we make

it explicit whenewer thereis ambiguity.
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Chapt er 2

The Visual Interaction Cues
Paradigm¥

Vision-based human-conputer interaction is a promising approach to building
more natural and intuiti ve interfaces. As discussd in theintroductory chapter, using vision
techniques could allow large-scale, unencumbered motion from multip le concurrent users
The information-rich video signals contain far more information than current interaction
devices With the additional information and the naturalnessof unencumbered motion, we
expect the interaction between human and computer to be far more direct, robust, and
€' cient.

Howewver, using video in human-computer interaction has proved to be a di" cult
task. The di" culty is evident simply in the absence of vision-basal interaction systems
in production. As noted in Section 1.44, most reported work on vision-basel human-
computer interaction (VBI) reliesheavily on visual tracking and visual template recognition
algorithms asits core technology. It is well understood that visual tracking of articul ated
objects (humans) exhibitin g complex spatio-temporal dynamicsis a di" cult problem|[1, 57,
135].

In contrag, we present an approach that does not attempt to globally track and
model the user. Our methodology, the Visual Interaction Cues paradigm (VICs), usesa
shared perceptual space between the use and the computer. In the shared space the

computer is monitoring the ervironment for sequencesof expeded usea activity at the

" Parts of this chapter are joint work with Prof. Dr. D. Burschka and G. Ye.
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locations corregponding to interface elements.

Conventional VBI VICs Approach

Interface Interface

_— Camera Camera

User User

Figure 2.1: Schematic comparing corventional VBI with the VICs approach. Here, eath
arrow represents a direction of observation; i.e. on the left, the camera is observing the
human while the human is observing the interface and on the right, both the human and
the camera are observing the interface

In Figure 2.1, we compare the conventional, tracking-basel VB| approacheswith
the VIC s method. On the left, we bnd the camera monitorin g the user while the user is
interacting with the computer. On the right, we show the VICs approad: the camerais
monitoring the interface. Approaching the VBI problemin this manner removesthe nedal to
globally track and model the use. Instead, the interaction problem is solved by modeling
the stream of localized visual cuesthat correspond to the use interacting with various
interface elements. We claim that this additional structure renders a more €' cient and
reliable solution to the VBI problem. In this chapter, we discuss the Visual Interaction Cues
approach to the VBI problem. Tothebed of our knowledge, the only similar approac in the
lit erature is the Everywhere Displays projector [128] and related software algorithms [87],
which also models the interaction as a sequence of image processing primitiv es debned in
a local imageregion. In their work, a spedal projector can render interface componerts at
arbitrar y planar locations in the environment. Ead interface componert hasan asscciated
tree of image processing functions that operate on a local image region in a video camera
that is calibrated to the projector. The exad image processng routines used by eadh
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interface component for gesture recognition is function specibc.

2.1 The VIC s Interacti on Mo del

An interaction model [11] is a set of principles, rules and properties that guide
the design of an interface. It desaibeshow to combine interaction techniquesin a mean-
ingful and consistent way and debnesthe Olak and feelOof the interaction from the userOs

perspective.

2.1.1 Current Inter action Mo dels

The current interface technology based on OWIndows, Icons, Menus and PointersO
(WIM P) [171]is a realization of the direct manipulation interaction model.! In the WIMP
model,? the user is mapped to the interface by means of a pointi ng device, which is a mouse
in most cases. While such a smple mapping has helped novice use's gain magery of the
interface, it has notable drawbadks. First, the mapping limits the number of active users
to one at any given time. Sewond, the mapping redricts the actions a user can perform
on an interface component to a relatively small set: click and drag. Figure 2.2 depicts the
lif e-cycle of an interface componert under the WIMP model. Last, because of this limited
sa of adtions, the useris often forced to (learn and) perform a complex sequenceof acti ons
to issue someinterface commands. Thus, the restrictive mapping often results in the use
manipulating the interface it self instead of the application objects [11].

A number of researchers have noticed the drawbadks inherent in the WIMP model
and suggested improvements [173, 172] while others have proposedalternative models [11,
71, 154] In fact, numerous so-called post-WIMP interface systems have been presented in
the literatu re for spoken language[79, 176], haptics [75, 141,191,192, 193] and vision [1,
123,186].

Oneway to quantif y the added benebt of using computer vision (and other information-
rich modaliti es like speech, for example) for the interaction problem is to compare the com-
ponerts of the two interfaces directly. We have already presented the state machine for
a standard WIMP interface component (Figure 2.2) and explained that sud a simplistic

1The principles of the direct manipulation model [157] are listed in Chapter 1.
2For brevity, we will write OWIMP modelOto mean the OWIMP realization of the direction interaction
model.O
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Figure 2.2: Theicon state model for a WIMP interface.

scheme has led to the development of complex interaction languages The number of ac-
tions associated with each interface componert can be increased with proper use of the
higher-dimensionalinput stream. For standard WIMP interfaces the size of this set is 1:
point-and-click. We call a super-WIMP interface one that includes multi-bu tton input or
mousegesture input. One such example is the SKETCH framework [194]in which mouse
gegures are interpreted as drawing primiti ves. For the super-WIMP interfacesthe size of
this set is larger, but still relatively small; it is limited by the coarsenature of mouse in-
put. In general,for vision-basel extensions, the number of possble use inputs canincrease
greatly by using the increasal spatial input dimensionality. A candidate state-machine for
a post-WIMP interface component is preserted in Figure 2.3.

2.1.2 Principl es

As noted earlier, mediating the user interaction with a pointing device greatly
regricts the naturalnessand intuiti venessof the interface. By using the video signals® as
input, the neal for such mediation is removed. With videoinput, the user is unencumbered
and free to interact with the computer much in the same way they interact with objects
in the real-world. The use would bring their prior real-world experience and they could
immediately apply it in the HCI setting.

We have developed a new interaction model which extends the direct interaction

30ur development is genagal in the sensethat we do not constrain the number of video signals that can
be used. We will write Ovdeo®or Ovideo signalsOin the plural tenseto emphasize thi s fact.
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model to better utilize the multi-m odal nature of future interfaces. Here, we list the prin-

ciples of our model:

1. There are two classes of interface components (Figure 2.4):

(@)

(b)

The OdirectO objects (objects of interest) shoud be continuously viewable to
the use and functionally rendered such that the interaction techniques they
understand are intuitiv e to the obsever. Theseobjects shoud have a real-world
counterpart, and their usagein the interface should mimic the real-world usage.

The OindrectO objects, or interface tools/components, may or may not have a
real-world counterpart. Theseshoud be obvious to the user and a standard lan-
guageof interaction should govern their usage An example of such an interface
tool would be grab-able tab at the corner of a window that can be used to resze
the window.

2. Sited-In teracti on: all physical* interaction with the system should be localized

to spedbc areas (or volumeg in the interface to reduce the ambiguity of the user-

“We use the term OptysicalOhere to describe the actions a user may perform with their physical body
or with an interface device. Other interaction modalities would include speeth-based interaction or even
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Window

Direct Objects

(Cancel‘) ( OK )

Indirect Object

Figure 2.4: The direct interface objects in this example are buttons, which we bnd both
in the real-world and in current computer interfaces. The indirect interface object is a
small, grab-able tab at the boundary of a window. Here, the indirect object is an interface
construct and not found outside of the computer system.

intention. Generally, the sited-interaction implies that all interaction is with respect

to the interface elements, but it is not required to be as sud.

3. Feedback Reinforced Interaction: since the interaction is esentally a dialog
betweenthe use and the computer system (with little or no mediation), it is necessary
to supply cortinuous feedback to the user during the courseof interactions as well as

immediately thereafter.

4. The learning involved in using the system is separatedinto two distinct stages

(@) In the brst stage, the use must learn the set of initial techniquesand procedures
with which tointeract with the system. Thisinitial languagemust be both simple
and intuitive. Esseaitially, a new user shoud be able to apply their real-world

experience to immediately begin using the OdrectO interaction objects.

(b) In the second stage, duplex learning will ensue where the systeam will adapt to

the use and more complex interacti on techniques can be learned by the use'.

keyboard typing. Generally, the physical interaction will be of a manipulative nature while the non-physical
interaction will be communicative.
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The similarity to the direct manipulation model is immediately evidernt in the
VICs interaction model. We add constraints to the model to enforce the naturalness of
the interaction between the use and a vision-equipped computer system. The distinction
betweendirect and indirect interface objects is madeto avoid th e aforemertion ed problem of
the usermanipulati ng the interface itself rath er than th e application objects and to simplify
the learning required to usethe interface. For example, a common interf ace object we bnd
in the real world is a circular dial often usel to adjust the volume in a stereo system. To
usesuch a dial in the real-world, one would graspit and rotate. Naturally, the user would
expect the interface dial to operate in the same fashion.

2.2 The VIC s Arc hitectural Mo del

The architectural model desribesthe se of computer vision techniques we use
to realize the VICs interaction model in post-WIMP interfaces and the core parts of the
reaultin g interface. The sited-interaction principle is the basis of the archit ectural model.
Since all physical interaction is with resped to an interface componert, we usethe video
camerasto monitor these componerts. If a registration is known between the componens
of the interfaceand wherethey project in the video images then the recognition problem s
reduced to one of spatio-temporal pattern recognition. A gesture will appear as a sequence
of visual cues in the local image regions near the componerts. In this section we discuss
these three parts in more detail: the component mapping, the spatio-temporal pattern
recognition, and the VICs interface component (VICon).

2.2.1 Inter face Component M apping

Let W bethe spacein which the components of the interface reside. In general, W
is the 3D Euclidean space R® but it can be the Projecti ve plane P 2 or the Euclidean plane
R2. Debne an interface component mappingM : C$ J,whereC' W andJ = {I (A(l)}
with | the image pixel locations as debred in Sedion 1.5 and A(9 being an arbitr ary
function, A: R?)$ R2. Intuiti vely, the mapping debnesa region in the image to which an
interface component projects (Figure 2.5).

If, for each interface component and the current image, a mapping is known,
deteding a user action reducesto analyzing a local region in the image. We debre the
mapping in this way to enforce the sited-interaction principle.
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Figure 2.5: Schematic explaining the principle of local imageanalysisfor the VICs paradigm:
M is the component mapping that yields a region of intereg in the image| for analyzing
actions on component C

2.2.2 Spatio-Temporal Patt ern Recogniti on

The interface componert mapping adds structure to the interaction problem. It
saves to disambiguate the process of understanding use activity by reducing the hard
problem of global user tracking and modeling to one of spatio-temporal pattern recognition.
Each interface component will be capalde of recognizing a function-specibcset of gegures
For example, the circular dial component we intr oduce earlier would be required to recognize
when the user grasps it, rotates, and releasesit. The global useractivity is irrelevant. The
sydem is only intereged in the local changes in the video stream near eat of the interface
componerts; sud local changes will appear asa sequence of visual cues, or a spatio-temporal
signature. We debne a visual cue loosdy as any salient event in the spatio-temporal video
stream: for example, motion, color-change, or shape.

Thus, gedure recognition is solved by detecting this spatio-temporal signature in
thelocal region surrounding an interfacecomponert. We will provide a brief intr oduction to
this problem here and cover it in detail in the next chapter. The spatio-temporal signature
of a gegure will present itself as a sequenceof visual cues We term the construct that
deteds these sequences of visual cuesthe visual stream parser. For example, consider
a standard push-button with a known interface componert mapping for a single, color

camera. We break down the images of the user pushing the button into a se of discrete
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stages (Figure 2.6). First, the usea enters the local region. Visually, there is a notable
disturbancein the appearance of the local region asit is disturbed by the bnger. A simple
thresholded, image-di erencing algorithm would be su" cient to detect the disturbance
Second,the Pnger moves onto the butt on itself presenting itself asa large color-blob in the
local region. Third, the bnger actually pushesthe button; from one-camera, it is impossble
to spatially detect the pushing, but we can assime the pushing action has a certain, pxed
durati on.

Visual Cue Processing

Idle Finger Enters Cue 1 Cue 2 Cue 3
BG Subtract Color Shape

Figure 2.6: Cue parsing example: a button press can be represented as the sequence of
three visual cues in the region-of-intereg for an interface component. The three cuesare
badkground disturbance color, and shape, which are detected with independent image
processng modules.

One important point to note is the computation al cost of the methods involved
in analyzing the images. Each interface component debnesa function-spedbc set of image
processng componerts that are ordered in a simple-to-complex fashion sud that each level
of increasng interaction-detection predision (and increasng computation al cod) is exeaited
only if the previous levels have validated the likely existence of an expeded object/activi ty
in its region-of-interest. Such a notion of simple-to-complex procesing is not novel; for
example, in early image processng, pyramidal schemeswere invented that perform coarse-
to-Pne analysis of images [2]. However, it is integral to the VICs paradigm.

2.3 The VIC s Interface Component B VICo n

We use the standard Model-View-Controller (MV C) design pattern [56] to debne

the VIC s-basel interface componert. In a standard MV C design, the model cortains all
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logic of the application, the controll er is the part of the interface with which the use can
interact, and the view is the part of the interface that presents the current application state
to the usea. We apply this pattern in the following manner:

Mo del BThe model contains the visual processing engine and all asscciated internal logic.
Multip le visual cue parsing algorithms may exist for similar user-actions, but eadh
may operate optimally under di! erent circumstances: for example, in the presence
of abundant lighting, a button-press parse may be debred as motion, color-blob,
shape veribcation. Yet, if the lighting is inadequate, a second button -press parse
may be debred as motion, coarseshape (edgeg, and shape veribcation. Thus, these
two parsers provide similar functionality under di! erent conditions thereby increasng

the overall robustnessof the sygem.

View BThe VICon hasthe ability to continuously display itself to the user. The view will
also provide all feedbadk reinforcement during an interaction sesion.

Contr oller B The VICons are function-specibc, and the controller for eady VICon com-

prises the sa of geguresto which the VICon will respond.

In addition to these parts, the VIC on also contains a s& of application hooks which fadil-
itate communication between the VICon, the application, and the system.

From an architectural standpoint, the two types of interface objects (direct and
indirect) areequivalent. It isin their implementati on and incorporation into the applications
where the di! erencesare evident. In general,such a vision-based interface componert will
have multi ple exit condition s and a more complex state model (Figure 2.3) than the WIMP
model (Figure 2.2). We defer a discusson on the gegure modeling to Chapter 3.

It shoud be clear that the presened architectural model can be implemented for
both corventional 2D interfacesand futur e 2D/3D interfaces. In the next sedion we present
our system implementati on of the interaction and architectural models.

2.4 VICs System Impl ementation

In this section, we discussthe system implementati on of the methodology at a high-
level. The system archit ecture hasa stratiPed dedgn to partition componert regponsihiliti es

and allow the integration of VICs into both current and future interfaces

28



2.4.1 A Strati bed Design

Application Layer
;

Signal Transport Layer

. ————

VICs Interface
Processing Renderables

________________ \/ __________________

System Layer

10 Layer

Figure 2.7: VICs systan data Bow graph.

The system architecture has a stratibed designto partition componert responsi-

bilities. As depicted in Figure 2.7, there are four layersto the sysem:

Appl icati on Layer DThe application layer contains all application logic.

Signal Transport Layer DThe signaltransport layer is regponsible for transferring mes-

sages between the input/outp ut systems and the application.
Input/Output (10) Layer B The input/outp ut layer comprises the vision processng,
conventional input data passage(e.g. mouse, keyboard) and the graphical rendering.

System Layer D The systan layer is an abstraction of the underlying physical computer

sydem. It generatessignals correponding to mouse<licks and key-presses, which will
It also acquires the video

be passad through the IO layer to the signal transport.
signalsthat are used in the VICs processng.

Standard application code residesin the application layer. For instance, if the
application is a word processor,all program code required to process and typesé text would

bein this layer. Code for deteding use input (i.e. key prese9 is not in this layer; instead,
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the application waits on the sygem until it receivesa signal that the use has presal a
key and then proceses the inputted character. Similarly, the IO layer encapsulates all of
the vision input functionality of the sydgem. When important user-adions are deteded by
the VICs procesdng, the 10 layer sends the appropriate signals to the application layer
acoording to a predePned protocol. We use the word OmportantOto mean everts that the
application hasinstructed the vision sygem to trap, which is typically based on the types
of VICons the application has instantiated. Thus, the vision sygem is inherently naive.
It doesnot make any assumptions about important everts. Likewise, in the above word-
processng example, the sygem is continuously processing key presses, but the key press

signalsare only sernt to the application if the application hasrequeged suc events.

2.4.2 Control VIC ons

The visual stream parsing of a VIC on may be dependent on some global infor-
mation application, sygem, or ervironment information. For example, in vision-basel
interfacesthe lightin g condition s may a! ed the underlying image analysis algorithms. The
analog in the earlier word-processng exampleis the CAPS-LOCK key. Theoretically, this
functionality code be incorporated directly into the visual stream parses, but suc a design
would increase the complexity of the parse's making them moredi" cult to design,program,
test, and evaluate.

Therefore, to better encapsuate the underlying vision processng from the appli-
cation, we introduce the notion of control VICons. A control VICon is any VICon that
directly a! eds the system state from the point-of-view of the vision processing. The only
technical di! erence between the control VIC ons and standard VICons is the way in which
the output signalsare used: a standard VICon emits signals that are caught by the applica-
tion while a control VICon emits signalsthat are caught in the VICs processng (10O layer).
Addition ally, the control VICons may be invisible to the user, but this distin ction has no

el ed on the vision system.

2.4.3 Wrapping Curr ent 2D Interfaces

There is a large body of 2D applicationswhich arein daily use. We explain how the
VICs paradigm can be seamlessly integrated into such applicationswithout any modibcation
to the existing application codes We can complement the current set of use-events that
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are mouse and keyboard generated with a standard set of hand gesures which will be
relatively small given the conventional 2D interfaces In general, there are two classes of

interface components that will be captured:

1. For clickable items, we debne a natural pressng gesturethat is performed by the use
extending an outstretched bPnger near the interface component, touching the element
and then removing the bnger. A Ohlutt on-pressOevent is generatedwhen the visual
parser obseves the bnger touching the elemert, and then a Obuton-releaseOevent

when the bnger retracts.

2. For draggableitems a natural gegure is again used: the user approachesth e item with
two opposng bngers open, and upon reading the item, he or she closesthe bngers
asif graging the item (there is no haptic feedbadk). Then, the use is permitted to
dragtheitem around the workspace and whenever he or shewishesto drop the item,
the two grasping Pngers are quickly released. The corresponding events we generate
are Obuton-pressOOmotion-rotify O (mouse motion), and Ohutton -releaseO

Recalling Figure 2.7, from the perspedive of the application, the events it receives from
th e vision-tri ggered actions are equivalent to those triggered by the mouseand keyboard.
We will provide an approach to modeling these gedures and experimental results in Sec-

tion 3.3.1.

Interface Representation
Window
Group A

ERRLI )
I ©

Figure 2.8: Example 2D interface componert hierarchy.

To wrap an application, we analyze its component structure. In typical 2D win-

dowing libraries, the interface components are stored in a hierarchical manner (Figure 2.8).
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The hierarchical representation allows €' cient, programmable analysis of arbitrary win-
dowing applications. For ead interface component, we ched the events for which it is
waitin g (e.g. mouseclicks). If any of these events match those discussed above for clickable
and draggablecomponerts, then we instanti ate a VICon at the same location and with the
same size as the original interface componert. The VICon is created with a transparent
visual represertation to avoid modifying the applicationOwisual representation.

2.5 Mo des of Interaction

The notion of a VIC s-basel interfaceis broad and extensible to varying application
domains. In this sedion we enumerate the set of interaction modesin which a VICon may
be usdl.

2.5.1 2D-2D Pro jecti on

Here, one cameaa is pointed at a workspace, e.g. tabletop. One or more projectors
is usedto project interfacecomponerts onto this surfacewhile the video-sr eam is procesed
under the VIC s paradigm. This mode has been proposedin [196] with the Visual Panel.

2.5.2 2D-2D Mirr or

In this mode of interaction, one camera is aimed directly at the usea and the
image stream is displayed in the badkground of the usa-interface for the user. Interface
componerts are then composited into the video stream and presented to the use. This
interface mode could also be used in a projection style display to allow for a group to
collaborate in the shared space. The Sory I-Toy! and asscciated video gamesuse this
interaction mode.

Figure 2.9 shows some example application s of this model. First, we show a simple
button -based VICon in a calculator sdting (Figure 2.9-l€ft). Next, we showv multip le triggers
basedon use-input (Figure 2.9-middle). Here, the use can sdect the ball, drag it, and
releae. As mentioned earlier, motion and dynamicscan be addedto the VICons. Figure 2.9-
right shows a Breakout™ like program where the ball isa VIC on. During play, the ball (the
VICon) travels through the workspace The use attempts to prevert the ball from falling

through the bottom of the workspace while def3ecting it toward the colored bricks at the

32



top of the workspace notice the VICon is not anchored.

Figure 2.9: (left) A VICs-baseal calculator using a motion-color parser. (middle) Gesture-
baseddemonstration of multip le interaction triggers for a single VI Con. (right) VICs-basel
2D-2D mirror mode interface for a Breakout™ style game We thank Prof. Dr. Darius
Burschka for supplying theseimages

2.5.3 3D-2D Pro jecti on

This mode is similar to the brst (2D-2D Projecti on) exceot that 2 or more cameras
will be aimed at the workspaceand the set of possible geguresisincreaseal to include more
robust 3D geometry. The 4D-Touchpad (4DT) is an experimental platform based on the
VICs framework; we will elaborate on this mode and the 4DT platform in Section 2.6.

2.5.4 25D Aug mented Reality

Both video-seethrough and optical-seethrough augmented reality are possible if
the user(s) wear stereo head-mourted displays (HM D) [4, 5]. Wit h stereo cameras mounted
atop the HMD, knowledge of a governing surface can be extracted from the view, e.g.
planar surface [33]. All VICons can then be debnedto rest on this governing surface and

interaction is debred with respect to this surface

2.5.5 3D Aug mented Reality

In this mode, we remove the constraint that the interfaceis tied to one govern-
ing surface and allow the VICons to be fully 3D. Two example applications areasare (1)

motor-function training for young children and (2) medical applications. Es<ertially, a

33



MA CS, which was motivated in the introductory chapter, would be implemented using this

interaction mode.

2.6 The 4D Touchpad: A VI Cs Platform

In this sedion, we introduce a VIC s platform that has been constructed based on
the 3D-2D projection interaction mode. A pair of wide-baselinecameas are directed at the
interaction surface. There are two versions of the system: in the brst version, the surfaceis
a tabletop covered by a white-projection screen, and a projector is placed underneath the
table. The cameaas are podtioned above to avoid usa-ocdusion in the projected images
In the second version, a standard Rat-panel display is laid atop the table and usead as the
interaction surface. These seups are shavn in Figure 2.11 and a schematic of the brst
verson is shawvn in Figure 2.10. Unlessotherwise noted, we assumethe projector is present,
which is the more complex casebecauseth ere is an additi onal keygone distortion intro duced

by the projector.

Camera 1 Camera 2

N7

Surface

Projector
|:> Mirror

Figure 2.10: The schematics for the 4D-Touchpad (with projection).
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Figure 2.11: (left) 4D-Touchpad system with a rear-projection saeen. (right) 4D-Touchpad
sygem with a standard 3at-panel display.

2.6.1 Im age Recti bcation

In order for the visual processing and the graphical rendering of the interface to
work correctly, the camerasand the projector must be calibrated relative to the interaction
surface. Since each VICon is processing only input in its local ROI, the optimal placement
of a camera is parallel to the plane of the interface above the center of the table, while
the projector is placed ideally below the table (negating all keystone distortion) to project
exadly the same extent as the cameras are capturing. In practice, this is not possble
becauseof physical imperfecions and misalignments.

The solution to this problem lies in the use of a well known homography that
maps points on a plane to their image [45]. Similar to [161] the assumptions made in
the system are that the intrinsic and extrin sic parameers of the cameras are unknown
and that the camera and projector optics can be modeled by perspective projection. The
projection [wx wy W]T * P2 of a point [x Y z}T in spaceinto the camea-frame
can be modeled with standard perspedive projection:
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WX mi mo ms My v
wy | = | ms mg my; mg 2 | (2.1)
w Mg Mip Mi11 Mi12 1

wheremy ... mj, form the entr ies of the projecti on matrix , which has 11 degrees-of-freedom.
Wit hout loss of generalty, we can say that the plane lies at Z = 0 yielding the following
homography, P2)$ P 2:

WX m; My My X
wy | = | ms mg mg Y |- (2.2)
w Mg M1p Mq2 1

Numeroustechniquesexist for recovering this homography from points [161,195],lines[115],
and other imagefeatures The homograpty is usel to solve the following threeproblems: (i)
rectibcation of the two image streams thereby placing the camerasdirectly above the table,
(i) keygone correction of the projected image, and (ii i) projector-camera imaging area
alignment. Thus, we have a two-gep process that is now formalized; problems (i) and (ii)
are solved in a manner that also satisbes (ii i) . Note, we will apply the homography directly
to the imaged points; there is a Pveparameter linear transformation P2 )$ P2 that maps
the camea-frame to theimage-plare. We assumethe parameters of this transformation are
unknown and captur e them directly in the computed set of homographies.

—

Figure 2.12: (left) The original image from one of the cameras. Calibration points are
shawvn highlighted in red. (right) The sameimage after it has been recti bedby H;.

First, we compute Hj- (1 : P2)$ P2 that rectibesa camera image into model
space(Figure 2.12). Let B-¢1 n} * P2 be an imaged point (shown in red in Figure 2.12-
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left) and let Iy * P2 be the corresponding model point in rectiPed space In our context,
we assme that the model is constructed by a set of known points that form a rectangle

atop the table. For each camera, we can write

b =Hig, i*{L2+j*{1l...n} (2.3)

Then, we compute the projector homography Hp: P2)$ P2 that will keystone-
corred the projected imageand ensure projector-camera alignment. Let ¢« (1 ) * P? be
a point in the projector image, and q * P2 pe the corresponding point after it has been
projected onto the table, imaged by camera i, and rectibped by Hj. Thus, we dePne H in a

way that it maps § to the corresponding model point b .

b=Hpd, i*{L2}+j*{1...n} (2.4)

This homography corrects any keystone distortion and aligns the projected image

with the rectiPed cameraimages:

Hp(i:k]:Hiﬁa i*{1,2}+]*{1...n} (2.5)

[ powemmp—

PRERSSTReT ¥

Figure 2.13: (left) The projected imagewith the keystone correction applied (th e distorted
oneis Figure 2.12-right). (right) The pre-warpedimagewith the keygonecorrection applied
before it has been projected.

2.6.2 Stereo Properti es

The vision sygem is responsible for the corred detection of press actions on the

table and other gestures related to the VICons. Since the projection onto a camera plane
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reaults in the lossof one dimension we use two camerasto verify the contact of the object
with the surface of the table.

The rectibcation process desaibed in the previous section corrects both camera
images in a way that all points in the plane of the interface appear at the same position
in both cameaa images For this homographic calibration, a simple, region-basel stereo
calculation can be useal to detect contact with the surface (Figure 2.14). For a given VICon,
we segmert the color regions with a color skin detector. The intersection of the resultin g
color regions represerts the part of the object that hasactual contact with the plane of the
interface. In Figure 2.15we show a graph of the depth resolution of our system. The high

depth discriminati on we seeis due to the wide baseline of the stereo system.

Figure 2.14: Disparity for a typical pressaction: (left) rectiPed image 1, (middle) rectibed
image 2, (right) overlayed images of the bnger.

Since the interaction take placesin the volume directly above the interface and
the VICs system is aware of the rendered interface, we can perform a simple background
subtraction in order to achieve robust segmentati on of the objects above the plane. For
both cameras we can subtract the current frame from a stored badkground frame yielding
mask of madibeal regions. Then, we can take the di! erencebetween two modibped masks to
Pnd all pixels not on the plane and useit in more intensive computations like 3D gegsure
recognition. This method also reducesthe infBuence of shadows that appear as part of the
interface plane and get removed.

2.6.3 Color Calibration and Foreground Segmentation’

" The work in this section was performed by G. Ye. We include it here for completenes.
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Figure 2.15: Graph showing the depth resolution of the sygem.

Since the interaction take placesin the volume directly above the interface and
the VIC s system is aware of the rendered interface, we can perform background subtraction
to segment objects of interes (e.g. gesturing hands) in the interaction volume. Robust
hand detection is a crucial prerequisite for gesture capturing and analysis. Human hands
demonstrate distinct appearance characeristics, suc ascolor, hand contour, and geometric

properties of the bngers. We carry out segmentation based on the appearanceof the hand.

Background M odeling

The key isto bPnd an €' cient and robust method to model the appearanceof the
badkground and the hand. Background subtr action, gray-scale badkground modeling [74],
color appearance modeling [163], color histogram [82] and combining of multipl e cues [183]
are amongth e most widely used methods to model the background and perform foreground
sggmentation. We propose to directly model the appeararce of the badkground by color-
calibrating the rendered scene and the images of the scene captur ed by the cameras.

We model th e color appeararce of the badkground using an a" nemodel. The color
images from the camerasand the rendered seeneare represented in YUV format. An a" ne
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T
model repre<ernts the tran sform from the color of the rendered seene,i.e., s = [Ys Us Vs} .

T
to that of the camea image c = [Yc, Uc1vc} . Using a 3# 3 matrix A and a vector t, we

represent this model using the following equation.

c=As+t (2.6)

The model parameters, A and t, are learned via a color calibration procedure.
We generate a s of N scene patterns of uniform color, P = {P;...Py}. To ensurethe
acauracy of the modeling over the whole color space, the colors of the set of the calibration
patterns occupy as much of the color spaceas possble. We display ead pattern P; and
capture an image sequence S; of the scene. The corregponding image C; is computed as
the average of all the imagesin the sequence S;. The smoothing proces is intended to
reduce the imaging noise. For ead pair of P; and C;, we randomly seled M pairs of points
from the scene and the images. We construct a linear equation based on these N # M
correpondencesand obtain a least squares solution for the 12 model parameters.

We use image di! erencingto segment the foreground. Given badground image
Ig and an input image | g, a simple way to segment the foreground is to subtract Ig from
I . We compute the sum of absolue di! erences (SAD) for the color channels of ead pixel.
If the SAD is above a certain threshold, this pixel is set to foreground. Figure 2.16 shows
an example of the seggmertation .

Skin M odeling

To improve the robustnessof the foreground segmertation, we include an addi-
tional skin color model. Many skin models have been proposedin the literatu re [127]. Here
we choose a simple linear model in UV-space Basically, we colled skin pixels from seg-
mented hand imagesand train the model asa rectangle in the UV plane. Four parameters

i.€., Umin » Umnax » Vimin » Vmax ,» are computed and used to classfy image pixels.

Exp erim ents

We have carried out a seaies of experiments to quantify the acauracy and stability
of the segmentation. First, we examine the robustnessand stability of the color calibration

algorithm. We train the a" ne color model using 343 unicolor image patterns which are
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Figure 2.16: An example of image segmertation basel on color calibration. The upper
left image is the the original pattern rendered on the screen. The upper right imageis
the geonretrically and chromatically tr ansformed image of the renderedpattern. T he lower
left image shows the imageactually captured by the cameaa. The lower right image is the
sggmented foreground image.

evenly distributed in the RGB color space. To test the acauracy of the learned a' ne
model, we display over 100 randomly generated color imagesand examine the reaultin g
segmentation. In this case the ground truth is an image marked completely asbadground
pixels. For both cameas, the system achieves segmertation acaracy of over 98%.

We also invegigate the €' cacy of the linear skin model. We learn the model by
analyzing imagesequence cortaining the hands of over 10 people. To test the model on our
platform, the user is asked to place his or her hand on the RBat-panel and keep it still. Next,
we render a background which is known to perform well for skin segmertation and treat the
resultin g skin foreground segmentation asthe ground truth. The userisasked to keep his or
her hand steady while we render a sequence of 200 randomly generated patterns. For each
image, we count the number of incorredly segmented pixels against the tr ue seggmentation.

The overall skin segmertation acauracy is over 93%.

2.7 Conclusion

In this chapter, we have presented the VICs methodology, which is a practical

framework for building vision-enaled interfaces The main contribution of this chapter is
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themannerin which we approac the VBI problem: VIC srelieson a shared perceptual space
betweenthe use and video cameras. In this space interface componerts are mappedto the
image projections and gestures are modeled as sequences of visual cuesin the local image
regions corregponding to the componerts. For the remainder of this conclusion section,
we discussthis contribution in light of the current state-of-the-art in vision-base interface
technology. In the next chapter, we will discuss the gesture recognition methods we have

deweloped using the VICs paradigm.

2.7.1 Mul tiple Users

While in current interfaces the interaction is typically redricted to one use, in
simulation, training, collaborative, and large-scale applications multip le usas may enter
and exit the interaction dynamically (often unannounced). While this presents concern
for techniques that focus on tradking the user(s) in a global sense, the VIC s paradigm
must make no adjustment for multi ple users. Each VICs-enabled interface component will
continue to parseits visual input stream in a consistent manner regardlessof the number
of usas with the sygem. Clearly, the visual processing routines must be robust to perform

the visual analysis of di! erert useas.

2.7.2 Appli cability

The VICs approad is well-suited to any interaction task that is site-certric; i.e.
the interaction happenswith respect to some object or at some location in the interface.
Sincethe gesturerecognition is approached as genericspatio-temporal pattern recognition,
the same or similar recognition routines can be used in both corverntional and modern
interface settings. In corvertional settings, as discussed in Section 2.4.3, we can mimic
the componerts (buttons, scrollbars, etc.) with vision-based componerts to provide fully-
functional interfaceswit hout requiring the use to learn new, complex interacti on protocols
In general,this ability to re-usethe same computer vision algorithms to handle interaction
in a variety of settin gsis an advantage of the approac.

Howewer, the paradigm is not universally applicable for there may be somein-
terfaces better suited to usea-centric interaction models. For example, eye gaze tracking
may be the only way to enalde interaction during automobile driving. In other setin gs

communication-basel interaction protocols, like speech and language, may be more appli-
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cable than the site-certri c approach. The future of interface dedgn lies in the integration
of thesedi! erert interaction modalities.

2.7.3 Robust ness

We argue that the VICs approach to vision-based interaction adds structure to the
gedure recognition problem. The additional structure makes it plausible to use advanced
spatio-temporal pattern recogniion techniquesto perform gegure recognition, which results
in reliable recogntion. Thus, we avoid the di" cult problem of globally tracking the articu-
lated human, on which most cornventional techniquesrely. However, becausethe robustness

is inherently dependert on the visual parsing, we defer furth er discusson to Chapter 3.

2.7.4 E" ciency

The €" ciency of the VICs system is important since it will share computational
resources with the rest of the computer (including the applications). For every frame of
video, each VIC onOgarsea operateson the image(s). A naively implemented parser could
potentially wage computational resources resulting in dropped frames or queued parsers
Howewer, the simple-to-complex processing (Section 2.2.2) will alleviate this problem. In
the majority of situati ons, interaction is localized to a specibc region in the mixed re-
ality (and hence the imageg, and only a small subset of the instantiated VICons will
do any processng beyond simple algorithms (for example, motion detedion). Thus, the
amount of computati onal resources expended by the computer is directly proportional to
the amount of activity occurrin g in the VICon image+egions. In contrad, the corverntional
approaches(Section 1.4.4) that rely on global use tracking and modeling will use computa-
tional resources even when no actual interaction is occurring; such unnecessary processing

is wasteful.

43



Chapt er 3

Gesture Mo deling&

In this chapter, we discuss how we have performed the geture modeliing. We
present our gesture parsing in the context of the Visual Interaction Cuesparadigm, which
was introduced in the previous chapter. First, we state a concrete depbntion of gesure
as it relates to VBI, and we categorize di! erert types of gegures Seond, we discuss
deterministic cue parsing modeled with a bxed bnite state machine. Then, we discuss
learning-basal extensions. We brief3y discuss stochadic, probabilistic extensions of the
parsers, and also present an approach to pogure recognition and parametric geguresusing
neural networks. Last, we present the binary gegure, which integrates static, posure
and parametric gesture tracking into a single model. Excluding the binary gegure, the
gegureswe consider in this chapter are atomic, low-level operations. Eadh low-level gesure
correponds to a single action, like OgraspigOan interface object. In the next chapter, we
will integrate these heterogeneous,low-level gestures in a coherent model that captures a

languageof interaction.

3.1 What is a Gesture ?

Geduresare the foundation of natural interaction with a vision-enalded computer
sydem. Like words in language, the gegures form the core of the interaction between
human and computer. In Figure 3.1, we make the explicit link between speech and gegure
recognition. The gestemesare low-level featuresfrom the video signals and form the basis

"We thank Ravi Mody for helping carry out some of the experimerts in thi s chapter during his Resarch
Experiencefor Undergraduates residence.
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of the gegure recognition. Whil e gegures can be made with many di! erert body-parts, we
focus on hand gestures exclusively.

Speech ; Phoneme et Words
Acoust!c > LlngU|§t|c
WW Processing Decoding
Video Visual Gesteme Gesture Gestures
) Br in » Language ——————>
H ocessing Decoding

Figure 3.1: The analogy between gegure and speech recognition .

3.1.1 Debnit ion

As discussdl earlier, the conventional approach to VBI is basedin tradking: build
a model of the use, track the parameters of the model through time (in video), and model
gegures thr ough these parameters. In their review of hand gegure analysis, Pavlovic et
al. [123, Def. 1] give a concretedepniti on of gegure takin g such an approach: OLé h(t) * S
beavedor that dexribesth e poseof the handsand/or armsand their spatial podtion wit hin
an environmert at timet in the parameter spaceS. A hand gesture is represernted by a
trajectory in the parameter spaceS over a suitably debred interval 1 .O

Given the VICs paradigm, we take a di! erent approach to gesture modeling and
representation than is typical in the literatur e. We state a concrete debniti on:

Given one or more video sequencesS of the local region surrounding an interface

componert, a gesture is a subsequenceG ' S with length n % 1 corresponding
to a predebred (or learned) spatio-temporal pattern.

As will be shown in the reaults in the latt er parts of this chapter, debning geguresin this
manner leads to robust gesture recognition. The additional structure inherent in this deb-
nition avoidsthedi" cult problem of articulated human tracking. Howewer, in certain types

of gestures (see the classibcationof gestures below) quantitative knowledge of the motion
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is necessary. For example, recalling the circular dial component from the previous chapter,
the rotati on angle of the gegure motion is required to actuate the dialOdunctionality.

We claim that quartitativ e information can accomparny the gestureasit is debred
above. The solution lies in a temporary, functi on-gecibc parameterization of the spatio-
temporal pattern. Therefore, still fewer motion parameters will be tracked than in typical
global user-tracking methods, which can involve as many as 27 degrees-of-freedomfor a
single human hand [134]. To justify this claim, we will provide methods and results for

gquantitati ve gesture tracking.

3.1.2 Gesture Classibcation

Many gesture-basd visual interfaceshave been developed [34, 118, 183,175, 190,
196]. All important! geguresin VBI are task-driven, but there is no single type of gesture.
To bed understand the di! erent types of gesuresin VBI, we introduce a classibcation.
We adopt the previous gesure taxonomies of [123, 129] and integrate them into the VICs
gedure recognition paradigm.

In VBI, gestures have two distinct modaliti es: manipulation and communication.
A manipulative gesture is one that operates on an interfacecomponent or application object
in the ervironment. The operation reaults in some change of the object, which is typically
a function of the gedure instance A communicative gegure, on the other hand, transfers
some piece of information to the systam via the gesure. The communicative gesture does
not necessarily result in any immediate changeto a parti cular interface componert. Pavlovic
et al. [123] introduce two distinct types of communicative gestures: symbols and acts. A
symbolic, communicative gesture has a direct linguistic role to communicate a conceptual

idea. The signibcant part of an act is in the motion: e.g. pointing in a particul ar direction

is an act.
Form
Function Stati ¢ Dynami ¢
Qualitati ve || Communicative (symbol) | Communicative (symbol)
Quarntitati ve Communicative (act)
or Manipulative

Table 3.1: Clasdbcation of gestures according to form and function.

1We disregard any human motion or gesticulati on that doesnot directly correspond to interaction.
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According to form and function, we further classify the gedures into three cat-
egories(Table 3.1): static, dynamic-qualitati ve,> and dynamic-quantit ative. Static pos-
tures [3, 98, 116, 129, 168, 185] model the gegture as a single key frame, thus discarding
any dynamic characteristics. For example, in recent researdr on American Sign Language
(ASL) [160,197], stati ¢ hand conbguation is the only cue usel to recognize a subsetof the
ASL consisting of alphabetical letters and numerical digits. The advantage of this approach
is the €' ciency of recognizing those gestures that display explicit static spatial conbgua-
tion. Howewer, it hasaninherent shortcomingin handling dynamic gesureswhose temporal
patterns play a more important role than their static spatial arrangement.

Dynamic gestures contain both spatial and temporal characteristics, which presents
a further challenge in the modeling. Many models have been proposel to characterize
the temporal structure of dynamic gestures: including temporal template matching [17,
104, 121, 156], rule-basal and state-based approaches [18, 129], hidden Markov models
(HMM) [130, 160, 187, 189] and its variations [20, 118, 181], and Bayedan networks [155].
These models combine spatial and temporal cues to infer gestures that span a stochastic
trajectory in a high-dimensional spatio-temporal space

Most current systens model dynamic gestures qualitativ ely. That is, they repre-
sent the identity of the gesture, but they do not incorporate any quartitativ e, parametric
information about the geonetry or dynamics of the motion involved. To overcome this
limitat ion, a parameric HMM (PHMM) [181] has been proposal. The PHMM includes
a global parameter that carries an extra quantitativ e representation of each gesture. This
parameter is included as an addition al variable in the output probabilities of each state of
the tradition al HM M.

3.1.3 Gesture Recogniti on

Interaction is a dynamic, continuous process between the usa and the computer
sydem. Therefore, gesure recognition must be performed while the system is in operation
in an on-line manner. We consider th e gestures corresponding to the earlier debrition asthe
atomic unit of interaction; accordingly, we will referto them aslow-level gestures, or gesture-
words when we discussthem in the context of a complete gesture language (Chapter 4).
We stat e the on-line, low-level gesture recognition problem as follows:

2We use the terminology dynamic-qualitative and dynamic-non-parametric interchangeably. Likewise,
we use dynamic-quanti tative and dynamic-parametri ¢ interchangeably.
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Given one or more video streams S of the local region surrounding an interface
componert, temporally segmeit the video subsegquences whose spatio-temporal
signature correspondsto a valid gesture in a predebred vocabulary of gestures.
During segmentati on, label the gesture identity and measure any quartitativ e
information the gesgure may carry.

There are many approacesto solve this problem. In the next two sedions, we will
discusstwo classes of methods we have studied. First, we will introduce an algorithm that
is basal on procedurally debned visual cue detection and parsing. Seond, we will discuss
learning-basal extensions to the visual cue parsing, which we have found to perform with
much greater recognition acauracy than the deterministic methods.

3.2 Procedural Recognition

In general,the solution spacefor gesturerecognition is extremely large Howevwer,
with the additional structure imposedon the problem by the VICs paradigm, we can solve
the problem in a simple, procedural manner. Reall that the VICon monitors a region-
of-interest in the video stream for recognizable user activity. For instance, if we model a
simple push-butt on, the VICon might watch for something that resembles a human-brger
in its ROL.

The obvious approach to detect user interaction is one of template-matching. Each
frame of video is compared via template analysis to the appearanceof a predebred set of
possible gedures using standard image processing techniques. However, in pradice, such a
method is prone to false-positivesby spurious template matches Also, a template matching
approadh, alone,is potentiall y wageful becauseit is more expensive than other simpler tasks
like motion detection and color segmentati on that may easly indicate a negative match.

If one observesthe saquenceof cuesthat precedea butt on-push, for instance one
noticesthat there are distinct cuescomprising the actual button push: motion, color-blob,
shape veribcation. T his sequence of cues ordered from simple to complex, can be used to
facilitate €' cient, robust user-input detection. Debne a sekctor to be a vision componert
that computes some measure on a local region of an image and returns ether nothing,
indicating the absence of a cue or feature, or valuesdesribing a deteded feature [66]. For
example, a motion sdector might return nothing if there is no apparent image motion or a
desciption of the sizeand magnitud e of a region of deteded motion.
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We debnea parser to be a sequenceof seledor actions. Multip le parsers may exist
for similar usea-actions, but eadh may operate optimally under di! erent circumstances: for
example, in the presence of abundant lighting, a button-press parse may be debned as
above: motion, color-blob, shape veribcation. Yet, if the lighting is inadeguate, a second
button -press parser may be debned as motion, edges, and shape veribcation. Thus, thes
two parseass provide similar functionality under di! erent conditi ons thereby increasing the

overall robustness of the system.

3.2.1 Parser Mo deling

Formally, we debre a parser. It is modeled by a state machine with the following
structure (Figure 3.2):

1 A Pnite sa of discrete states sg, S1, ...Sn.
2 A distinguishedinitial state sp representing the inactive condition .

3 Associated with each state s;, a function f; comprised of a bank of selectors Iy that
debres a contin uous state variable x.

4 For ead state sj, a setof transition rulesthat asscciatesanevent gj, j = 1...m, n
(informally, the output of one or more sdectors in the bank by) with either a state of
a di! erent index, or s; (th e null-tran sition). By convention, the brst transiti on event

to bre debres the transition for that state.

We explain the parse modeling of the example of a button press VICon from
above. We create a possble sequence of sdectors. (1) a simple motion selector debres
the trigge condition to switch from the distinguished initi al state sp, (2) a coarsecolor
and motion seledor, (3) a seledor for color and cessation of motion, and (4) template
recognition. It is easy to seethat processing under this framework is €' cient because of
the seledor ordering from simple-to-complex wherein parsing halts as soon as one seledor
in the sequence is not satisbed.

While in its current state the topology of the parse and implementati on of the
sdectors is the task of the developer, we are investigating learning methods (e.g. Bayesian
networks) to make this processautomatic. The exampleinterface we presert in this section
demonstrate that this is not a hindrance to the use of procedural parsers.
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Idle Cue Parsing Triggered
State States States

<_ - -
Cue Drop-out

Figure 3.2: Parsa state machine for procedural gegure recognition.

3.2.2 Dyna mics

The intent of the framework is that a parse will not only accept certain input,
but it may return other relevant information: duration, location, etc. We debnea VICon
history asa set{hg...hn}, wherethe set length m implicitly represents the duration of the
current interaction and h;« ¢, ) is a snapshot of the behavior® current state including the
measured quartitativ e information. When a behavior enters its distinguishedinitial state,
its history is reset: m - 0. The history begins to track userOsictions when the behavior
leaves its initial state. A snapshotis created for every subsequent frame and concatenated
into the history thereby adding another dimension that can be employed by the VICon

during parsing.

3.2.3 Exam ple But ton-Pre ss Parser

We provide a concrete example of a procedural parser for the caseof a standard
button interface componert. The parsea (Figure 3.3) is modeled with 4 states with eath
state having an independent bank of cue sdectors. Again, the solid arrows in the bPgue
represent succesful state jumps, and the dashed arrows represent cuedrop-out. We assume
we are working on the 4DT platform and have stereo imagery, but mog of the seledors use
only one channel to reduce computation al cog.

Parsing beginswhen theinitial stateOsnotion sdector passes. We build the motion
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States

Selector 1) motion | 1) motion cessation 1) stereo shape | 1) hue-blob check
Banks 2) hue-blob check (for absence)

Figure 3.3: Example procedural state macdhine for a button press.

sdector with very simple imageto-imagedi! erencing. For example, at time tg, we store the
image around the icon if no activity is occurring. Call this backgiound image B. Then, for
all frames |, t = t1...tx, we measire motion with a simple imagedi! erence:

m=>Y|Ii" Bj (3.1)
|

If the motion estimate m passe& a predebned threshold then the parser jumps to state 1.
The threshold is heuristically determined based on the region size The backgiound image
is updated every k frames

There are two sdectors in state 1. The motion cessation sdector is measired by
simply taking the oppost e decision for thethreshold in the previous sdector. In the hue-bbb
check, we perform a simple conneded-components analysis [78] on the hue representation
of the image. Debre a range of acaeptable skin hue values The sdector passesif the hue
of the largest connected component in the center of the local image region falls within this
range

The selector for state 2 will verify the object is actually near the plane of the
interface. To do so, we use a coarsestereo test based on intersecting the hue-blobs from
the two images (Section 2.6.2). First, the hue blob for the second image in the stereo pair
must be segnented. Then, we intersed the two hue blobs with the following rule: a pixel
is considered in the intersected set if it is in the valid hue-blob for both the imagesin the
stereo pair. The number of pixels in the set is counted and thresholded giving a coarse
edimate of how many pixels where on or near the interface place. In additi on, the sizeand

location of this blob is compared to a predebned template, which resembles a Pngertip near
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the center of the VICon.
Finally, the button is depressedin the switch from state 2 to state 3. The button
will remain depressal until the hue-blob is absent from the videoupon which time it switches

bad to the initial state and the button is releasd.

3.2.4 Robustness

We claim the procedurally debred parsers with a function-specibc, simple-to-
complex sdector topology will perform robust gesture recognition according to the pre-
vioudly stated gesture recognition problem. We justify this claim in two ways. First, the
individual selectors are built on well understood image processng techniques and oper-
ate on a small subse of the image Sewond, the degreeof false-positives is reduced due
to the simple-to-complex parse structure operating on low-level visual cues We provide

experimental results to furth er justify this claim.

3.2.5 Exp eriments

To demonstrate the e! ediveness of using the procedurally debred parserswithin
the VICs framework, we include some experiments. In these experiments, we use the prst
verson of the 4D-Touchpad sdup (Sedion 2.6). The system runs on a LinuxPC with
dual CPUs operating at 1.4Ghz and 1GB of memory. The cameaas are IEEE1394 Sory
X-700; they are limited to 15Hz. However, we run the system in an asynchronous mode
sud that the VICons repeatedly processthe sameimage until a new oneis available. This
allows multip le state transitions in the parser during one imageframe. Thus, our average
processng rate is much greater than the input rate of the video-gr eam.

E! ciency

Since the vision processing system is sharing resources with the main computer
sydem, it is necessary to minimize the amount of computational resourcesexpended on
the visual processing. In fact, this requiremert is explicitly stated in the main vision-
based interaction problem (Sedion 1.1). Each procedural parser analyses a local region
of the image in a simple-to-complex fashion. This €' cient manner of processng allows
many VIC ons to be incorporated into the interface without using too much computation.

52



Table Table 3.2 shows the processor util ization for seledors of di! ering complexity (in this

experiment, ead seledor wasrun independently and given full system resources.

Complexi ty Type Rate [Hz]
Coarse Moti on Detection 8300
Medium Hue Segmentati on 1000

Fine Hue Blob Intersecion 530
Fine Shape Template 525

Table 3.2: Coarse+o-Pne processing minimizesunnecessary computation. Rates for a 75x75
pixel region.

Recogniti on

We built a virtu al piano-keyboard application. Figure 3.44eft shows the sygem in
use. We include 8 keysin the piano that are green while o! and blue when pressed. When
the system is s to an imagesize of 320# 240, the asyndronous visual processng operates
at a mean rate of about 250 Hz with nearly 100% proces®r utilization and it operates at
a rate of about 45 Hz with 100% utili zation when using 640x480 images. Experimentation

showed that 320# 240images were su' cient for robust interaction detection.

Figure 3.4: (left) The 8 key VICs piano-keyboard. The user is pressing-dovn the 3 blue
keys (right)The 8 key VICs piano-keyboard employs a Pngertip shape matcher at its Pnest
detedi on resolution.

The piano key VICons were modeled exadly according to the example in Sec-
tion 3.2.3. The piano key is considered pressed from the transition between states 2 and 3

until the transition from 3 to 0. Table 3.3 shows the acauracy rates of the sygem in usage

'The dots in the center of the work-surface are artifacts of the piece of Plexiglas used for the brst
versonBbthey are in no way intended or used by the system.
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we performed an informal experiment with an unbiased onlooker judging user intenti on ver-
sussystem response Figure 3.4-right demonstrates the el edivenessof the system wherein
the processing does not pass the shape-check in the stereo stage (a bPngertip pressng the

key).

Percent
Cor rect 86.5

False Negat ive 11.45

False Positiv e 2.05

Table 3.3: Accuracy of the piano keys to normal use input. Each bgure is the mean of a
sd of usersplaying for a half minute. The imagesize was 640# 480.

3.3 Learning -Based Recognition

While the programmatically debred parse's are capable of acaurate gegure recog-
nition, there are a couple of drawbadks assaiated with their use First, it is not clear that
for any arbitrary gesture, an €' cient and robust parser could be desgned. Second, the
designof procedural parserscan be both tedious and di" cult. Therefore, an alternative ap-
proad is to intro ducelearning algorithms into the gedure recognition solution. As surveyed
earlier, learning-basel algorith ms have been widely employed in gesture recognition. In this
section, we discussthe learning-based techniques we have used to solve the recognition of
low-level gestures.

Spedbcally, we use learning techniquesto replacethe manually constructed selec-
tors and parses. Learning techniques are data driven, which meansthat a corpus of training
data is usal to learn the parameters in the chosen technique. In the current developmert,
we treat the reaultin g parser as a single black-box and assime a simple topology, which is
induced as a function of the gedure being modeled and the modeling technique. We will
extend the modeling in the next sedion (3.4); we will show how a complex gesture can be
constructed by building a state machine with a simple topology that has a learned parser
at each node.

A candidate approach is the Hidden Markov Model (HMM) [130]. The HMM
is epecially well-suited to modeling the non-parametric, dynamic gestures. However, we
refer the readerto [188] as his dissatation research has focusal on their use in solving the

gegure recognition problem under the VICs paradigm. Instead, we will discuss the use of
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neural networks, which is a standard macdine learning technique for pattern recognition.
We provide a brief introduction to multil ayer neural networks, but we refer the reader
to [15, 43, 144]for a more comprehensive presentation. There are alternative networks in
the literatu re too: for example, the convoluti onal network [91] hasbeen developed explicitly

for imaging problems and has been shown to perform very well.

output 21 22 a3 QQQ Zn

weights W jx
hidden M| Y2 QQQ Vi

weights w;;
input X1 X2 X3 QQQ Xm

R A A

Figure 3.5: A standard thr eedayer neural network without bias. Nodes are labeled basal
on their output variable. Square nodes depict linear activation, and circular nodes depict
non-linear activation. The weights between layer-nodes are represerted by links in the
Pgue.

We usestandard threelayer neural networks with out bias In Figure 3.5, we show
a typical network that is labeled with the notation we use. The three-layers congst of
an input layer, hidden layer, and output layer. The middle layer is commonly termed
the hidden layer becuse its activations are not exposed outside of the network. During
network activation, a vector of inputs is passd to the input nodes. A linear combination
of the inputs is passed to the hidden layer using the weights on the links between the two

layers

9 = ZWij Xi. (3.2)
i=1
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Note, that we usenetworkswithout bias. A network with bias augmernts the input layer with
a node that has constart activation. Each hidden unit outputs a value that is a non-linear

function f of its input.

yp = f(9). (3.3)

We usethe common sigmoid function:
f = 1 3.4
(x) = 1+ &5 (3.4)

Again, linear combinations of the hidden node outputs are pasedto the output nodeswhere

the same non-linear function is applied to yield the Pnal network activation result.

h
zx=f Zijyj (3.5)
i=1

h m
=f Zijf (ZW"‘ Xi> (3.6)
ji=1 i=1

In classibcation problems ik e static, qualitativ e gegure recognition, the outputs z; ...z of
the network activation are used as the discriminating functions. Intuit ively, when used for
classibcation, the network warps the input non-linearly and linearly discriminatesit. Thus,
sudch a network is capale of discriminating functions that are not linearly separable.

Before the network can be used, or activated, it must be trained, i.e. the weights
of the network must be learned. In our work, learning is only concerned with the weights
given a bxed network topology and sigmoid function. Here, the standard bad-propagation
algorithm is used. The network weights are initial ized at random. During training, for
ead vector of inputs, a corresponding vector of training outputs is fed into the network.
Any discrepancies or errors, between the current network outputs and the trai ning outputs
is used to modify the parameters to reduce the error. The error function is the least-
mean square err or, and badk-propagationimplements a gradient descent error minimization.
Again, the reader is referred to [15, 43, 144] for a thorough presertati on of the back-
propagation algorithm

In our work, we have usad the multilayer neural network to solve two separate
recognition problems. First, we useit in the clasdbcation of a set of static, nonparametric
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gedures Sewmnd, we perform quantitativ e gegure analysis for a known gesture with a real-
valued network. For example, we track the location of the bnger-tip in a VICon ROI for a
pointin g task. Next, we explain thes two developmerts.

3.3.1 Classibcation of Static, Nonpar ametric Gesture s

In the classbcation of static, nonparametric gestures, also called postures we use
a one-of-X three-layer neural network with out bias. In this type of network, the number
of nodes in the output layer of the network is either equal to the number of postures in
the vocabulary. It is also possible to add an addition al output node that is interpreted as
silence, or the absence of a podures from the vocabulary. The network is termed one-of-X
becauseeach output node points to one of the posuresin the vocabulary. The output node
with the strongeg activation is considered to be the network response

A VICon with such a one-of-X neural network has a state machine as depicted in
Figure 3.6, which is not to be confused with the network topology (the parser). We give
the VICon state machine here for explanatory purposes asit will be extended later. As
expected the VICon will be triggered by one of the postures in the vocabulary with the
correponding application evert taking place.

In formatti ng the data for input to the network, we take advantage of the localized
regionprocessing of the VICs paradigm. We bx the size of thelocal regionaround the VI Con
to 128# 128 and coarselysubsanmple the imagein non-overlapping blocks with a parametric

size. We perform no furth er feature extr acti on.

Exp erim ents with a Four Posture Vocabulary

We choosea four pogure vocabulary and include a silence pogure (Figure 3.7).
The sd includes a bnge pointing, a Rat hand, a gragping gesture, a dropping gesture,
and a silent gesture. The images are standard 640# 480 YUV.3 We include results for
two dil erent subsamping resolutions: 256 samples per channel (768 per image) and 64
samples per channel (192 per image). We have also experimented with both monocular and
binocular video. In the Table 3.4 and Table 3.5, we show the training and recognition results
for uncluttered and cluttered images, respectively. These experiments contained data from

oneusq.

3YUV s a standard color format with the Y channel containing luminance information and the UV
channels containing chrominance information. It is a linear colorspace.
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Postures

Triggered

Figure 3.6: The state madine of a VICon with a one-0f-X classibcation network. Such a
VICon is capalde of being triggered by any one of the posturesin a given vocabulary.

In the second case of cluttered images we have chosen to directly model the
clutter in the neural network. The data shows that in the caseof a static, unclutt ered,
badkground, a very simple network canbe usedto recognize the static poguresin the gegure
sd. However, for more realistic scenarios (cluttered badkground), even complex networks
(stereo with relatively good input resolution) have tr ouble learning the tru e discriminating

features of the postures apart from the badkground clutter.

Mono cular Bi nocul ar

No. Hidden Nodes || Input Size | 768 | 192 | 768 | 192
5 84|72 | 94|86 | 9884 | 98|78
15 94|86 | 98|86 | 9886 | 9886
25 94|86 | 98|86 | 9886 | 9886

Table 3.4: Neural Network one-of-X posture classibcation for a four gesture plus silence
vocabulary using uncluttered images Results shown using trai ning % | testing %.
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Figure 3.7: The gesture vocabulary in the one-of-X network classbcation.

Mono cular Bi nocul ar

No. Hidden Nodes || Input Size | 768 | 192 | 768 | 192
5 77170 | 82/73 | 90|66 | 86|63
15 7772 | 90|72 | 9568 | 9972
25 81|72 | 87|69 | 8367 | 9971

Table 3.5: Neural Network one-of-X posture classibcation for a four gesture plus silence
vocabulary using cluttered images Reaullts shovn using training % | testing %.

Ex perim ents Using the 4D-Touchpad Platform

We have also carried out a set of experiments that use the 4D-Touchpad platfor m.
The geduresin these experiments have been integrated into applications that run on the
platform and have been tested in a demonstr ation setting. In the experiments, we have
implemented those gestures required for mapping the conventional interface acti ons; recall
from Sedion 2.4.3 that these gedures are pressing, grasping, moving, and dropping an
interface component. We include only the presing and grasping here (Figure 3.8), and
we leave the moving to the next sedion because it is a quantitati ve, dynamic gesture. As
will be obvious, the dropping gegure can be handled in a manner similar to how we have
handled the pressng and grasping.

We take a slightly di! erert approach to implemerntin g the classbcation networks
when modeling the geduresin this experiment. A special ca® of the one-of-X network is
constructed when the size of the gedure vocabulary is one. In such a network, only one
output node is used per network, and it can take either an on or an o' value, which is
actually given as a real-value ranging from 0 to 1 interpreted as the network conbdence
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Figure 3.8: (Top) Pressing Gegure. (Bottom) Grasping Gesture. (Left) Original Image.
(Right) Segmented Image.

Thus, we build a separate network for the pressing and grasping (and dropping) gestures
which run in parallel on a given input stream. Such a protocol is slightly more computa-
tionally expensivwe sincetwo network are running in place of one, but the extra expenseis
worth the added computation, asis shown in the recognition results (Table 3.6). In thes
experiments, we usethe segmented image data that is available onthe 4DT and subsanple
ead local VICon regioninto a 16# 16 imageresulting in 512 inputs to the network (there
is binocular image data). Example images are given in Figure 3.8. The networks both
have 20 nodes in the hidden layer. In the results, we distinguish between positive caesand
negative casesbecausesuch an on/o! network can be more suseptible to false-positives
We note the recognition rate for these experiments is nearly 100% for the testing data,
which is substantiall y better than in the previous one-of-X experiments. However, the two
experiments are not directly comparable becausein the earlier experiment we did not use
the calibrated and segmented image data as we did in this case

Next, we presernt an experimert testing the accuracyand spatial sensiti vity of the
button press gegture since this parti cular gesture is integral to the convertional interface

technology we are wrapping via the 4DT. We display an array of square buttons that are
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Pres sing Gras ping
Training Teding | Training | Teding
Positive | 2052 2051 | 2057 2058 | 366 367 | 364 367
Negative | 13421342 | 13421342 | 480480 | 483 483

Table 3.6: On/O! neural network posture classbcation for the pressng and grasping ges-
tures. Input images are segmented in the standard 4D-Touchpad pipeline.

Figure 3.9: Left picture shows the scene of when the bnger is tryin g to trigger a button of
40# 40 pixels. Right pictur e shows a use is cortrol ling an X window program using Pnger
pressgesures.

adjacent to each other with no bu! er-space. Then, the system randomly chooses one of the
button s and instr ucts the use to pressit. We vary the size of the button from 20# 20 pixels
to 75# 75 pixels and repeat the experiment for eat size. Figure 3.9 shaws the scenewhen
the size of the button is 40# 40 pixels, here, we seethat the size of the userO$nger tip
is about 40 pixels wide at the display resolution. Figure 3.10 shows the testing results. In
the graph, we seethe accuracy of the press recognition rapidly increases with the sizethe
button. We alsonote that, asexpeded, for button sizes smaller than the bPngertip resolution
(about 40 pixels), the acauracy is much worse. Figure 3.9 also shows an application using
the button pressgedure to control a calculator program in the X-Win dows sysem.

3.3.2 Neural Networks for Tracking Quantitat ive Gestures

The third class of gesures we debred in Section 3.1.2is the classof parametric,
dynamic gestures. For both the communicative and manipulative gesure cases, correct
parameter calculation is key to the natural and €' cient interaction with this gesture class
Many approaches are available for tracking in the vision literatu re, including template
tracking [65] and mean-shift tracking [32], for example. We presert a method that couples
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Testing Result of Button Press Gesture
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Figure 3.10: 4DT button-p ressingaccuracy experimert result.

multi-la yer neural networks with linear prediction. We make the observation that giventhe
local region of the image, to track gesture translation and rotation, we can approximate
the motion by treating the gesture podure as a rigid object. Given the rigid object, we
use a bltered-detection algorithm. In ead frame of the video, we use a network to locate
a small set of feature points in the local region, which are assimed to be repeatable from
frame-to-frame. These feature points are Pltered with a standard Kalman Plter [84, 179]
that assimes a constart velocity dynamics model. Under the assumption that the detector
network will be able to contin uously re-detect the same feature points, the result is smooth
gegure motion with constart feedback to the user.

We manually annotate our train ing set of images(all containing therigid pogure at
various locations in the local VICon region) with the location of the feature points. Then,
using the standard badk-propagation training algorithm, we train a real-valued network
giving the locations of the feature points as the training information. Essertially, for a
given posture, the network is learning to locate the se of key features, which will be usel
to estimate the gegure motion. Again, as input to the network we use a downsampled

image with no further modibcation. We show a se of experiments where we have applied
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Figure 3.11: Image examplewith annotated grasping feature point.

this algorithm in tracking both the grasping gestureand the Pnger pointing gesture.

Tracking the Grasp

We show the results for an VI Con that performs two degreesof-freedom tracking
(tr anslation) that can be usal to move an application object in the plane of the interface.
An example imagewith the annotated feature point is shavn in Figure 3.11. The input to
the network is a coarsay subsampled image at 32# 32, and the network had two outputs
corregponding to the x and y pixel coordinates of the feature point.

In Table 3.7, we show the mean distance measured for both thetrain ing and testing
data. The distance is calculated as the Euclidean distance betweenthe human-annotated
grasping tip pixel location and the detected location by the network. From these reaults,
we Pnd the location accuracy of the grasping feature point near the error expeded in the

human annotati on, which we estimate to be around 5 pixels.

No. Hidden Nodes | Tracking Error | Testing Error
10 2.816 6.477
15 3.0336 6.347
25 3.072 6.546

Table 3.7: Mean pixel-distances for the real-valued grasping feature point locator. Data
presented is the mean Euclidean error measured in pixels.
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Pointing Stability on the 4DT

To invedigate the stability of the location recognition and the underlying segmen-
tation on the 4DT, we perform an experiment in which the user is asked to point and stay
at an arbitrar ily spedbed position on the saeen. For this experiment, we have trained a
neural network system to localize the spatial coordinates of the bngertip. Thus, for a given
image region debred for an interface element, the images are processed by the network
which yields a single (x, y) sub-pixel resolution tip location. Again, the input to the net-
work is a coarse sub-sanpled image (256 total samples), and the network has 16 hidden
nodes We annotated each training datum by clicking on the bngertip location. Over 600
trai ning samplesare used and the averageerror for the training data is 0.0099image pixels.
We se= a much more predse feature point locator in this experiment than the previousone
becauseof the accurate sggmentation we bnd on the 4DT platfor m.

To test the stability, we dynamically change the scene by rendering randomly
generatedbadkground images and record the output of the pointing gesture recognizer. The
stability of the system is measured by the standard deviation of the detected 2D postion.
On a standard Ratpanel monitor with a resolution of 1280# 1024 pixels, our system reports

an average standard deviation of 0.128and 0.168pixelsin the x andy direction, respectively.

3.4 Binary Gesture s

Thus far, the gestures we have presented have all beenso called low-level gestures,
i.e. eadh parser is desgned for one classof gestures. The power of vision-enhanced interac-
tion lies in the high-dimensional video stream, which exposesthe capabhility of continuous
and rapidly changing interaction by the user. In this section, we present a simple extension
of the low-level gedures presented earlier in this chapter. In the extension, which we term
binary gestues we integrate static postures and parametric gestures into a single model.
Such a model would allow the use to grasp an application object, rotate it, and then drop
it wherein all the procesing is happening in the sameVICon engine. This model represents
a simple, higher-level gesure N we will extend the model even further in the next chapter
with a complete gesture language model.

The proposal gesture state machine (Figure 3.12) has two stat es, hence the term

binary gestue. The brst state is idle, and in this state, the icon is simply waiting for
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Figure 3.12: Binary gesture state model.

the tri gga-podure. Upon being triggered, the icon switchesinto the active state. Here,
both a quantit ative gedure tracker and a release-posture recognizer work in parallel. While
in active state, the binary gesture VIC on tracks the gesture motion parameters until the
dropping pogure is detected. When the detection is made, the VI Con stops tracking and
switchesbadk to idle state. The thr ee gesture proces®rs used in the constr uction of a binary
gegure VICon are task-specibc. For example,in a standard draggable item, we would use
a gragping pogure recognize, the tr anslational, parametric gesture tracker, and a dropping
podure recognize.

3.5 Conclusion

In this chapter, we presented a se of techniques for solving gesture recognition
under the VICs paradigm of local, spatio-temporal pattern recognition. We focused on
recognizing low-level, atomic gestures in this chapter. We presnted both procedurally
debred parsers and learning basel parsers. We presented two methods for using neural
networks in gesture analysis. (1) multi-classpogure recognition and (2) parametric gesure
tracking with a bltered-detection algorithm. In addition, we have given a referenceto [188]
for a VIC s-basel approach to modeling dynamic, non-parametric gestureswith HMM s. In
the previous section, we integrated two of the low-level gesture classesinto a so-called binary
gestue. We extend this idea in the next chapter with an approach to high-level gesture
languagemodeling that integrates all three types of low-level gegures
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Chapt er 4

A High-Lev el Gesture Languag e
Mo del &

It seems clear that to fully harnessthe representativ e power of human gegures,
static postures and non-parameric and parameric, dynamic gesures must be integrated
into a single, coherent gesturemodel. For example,visual modeling of ASL isstill limited by
the lack of capabiities to handle the composite nature of gestures. To that end, we present
a novel framework that integrates static posures, unparameterized dynamic gestures and
dynamic parameterized gestures into a single model.

In this framework, a probabilisti c graphical model is used to model the sananti cs
and temporal patternsof di! erert parts of a complex gesure; esentially , the model captur es
a high-level language (or behavioral) model. In the model, ead stage of the gesture is
represented as a badc languageunit, which we call a gestue word (GWord). A GWord can
be modeled aseither a static posure, unparameterized dynamic gesture or a parameterized
gegure. A composite gestureis composed of one or more GWordswith senmantic constraints.
These constr aints are represerted in the graphical model, with nodesdenoting GWords and
edgesdexcribing the temporal and linguisti ¢ relationship between GWords. The parameters
of the model can be learned based on heuristi cs or via a probabilisti ¢ framework based on
recorded training data. Online gesture recognition is carried out via greedyinferenceon the
model. Here, online meansthat the algorithm doesnot have access to future video frames

Our proposed framework is related to work in the beld of activity modeling. Bre-

'The material in thi s chapter isjoint work with G. Ye
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gler [22] abstracted human activity in a three-layered model. In the data-driven approac,
regions of coherent motion are used as low-level features. Dynamic models capture simple
movements at the mid-level, and HMMs model the high-level complex actions. Pentland
and Liu [125] proposed Markov Dynamic Models which couple multip le linear dynamic
models (e.g. Kalman Plters) with a high-level Markov model. lvanov and Bobick [77] pro-
posed a probabilisti c syntactic approach to activity modeling. In their two-layered modd,
a discrete symbol stream is generated from continuous low-level detedors and then parsed
with a context-free grammar. Galata et al. [55] proposed an approach to learn the size of
structure of the stochagic model for high-level activity recognition.

The main cortribution of this chapter is to investigate a high-level languagemodel
to integrate the three di! erert low-level gesture formsin a coherent manner. We extend the
state-of-the-art in gesture modeling by relaxing the asaimption that the low-level gegure
primitiv es have a homogeneoudorm: e.g. all can be modeled with an HMM.

4.1 Mo deling Comp osit e Gestures

Probabhilistic graphical models (PGM) are a tool for modeling the spatial and
temporal characteristics of dynamic proceses. For example, HMMs and Bayedan networks
are commonly used to model such dynamic phenomena as speech and activity. PGMs
provide a mathematically sound framework for learning and probabilistic inference. We
usea relatively simple PGM structur e: ergadic, causal, discrete brst-order hidden Markov
models.

Howewer, mog previous works in gesture and activity recognition assime a con-
sigent model for all low-level processes (GWords). We proposeto integrate multi ple, het-
eroganeous low-level gegure processes into a high-level composite gegure. Intuitiv ely, we
combine multip le GWords to form a gestule sentene that correponds to a complete inter-
action task. For example, grasping a virtual object $ rotating it $ dropping the object
(Figure 4.1). The binary gestues presented in Section 3.4 are a smple, heuristic cas of
such composite gegures.

In the remainder of this section, we debre notation in Sed¢ion 4.1.1 and present
our construction of the composite gestures using PGMs in Sedion 4.1.2. In Section 4.1.3we
discussdi! erent types of GWords. We formulate the learning of the PGM in Sedion 4.2.

The gestureinference is discus®d in Section 4.3.
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Grasping Rotating Dropping

Figure 4.1: Three-dage composite gesture example

4.1.1 Debnit ions

Let G = {V, E} beadirected graph represntin g the gesure languagemodel. Each
node v * V in the graph corresponds to a GWord which belongsto a vocabulary V of size
[V]. Asscciated with ead node v is a probability function P (S|v), which measres the
obsenation likelihood of S for a given GWord v. Each edgee* E is a probability function
P(vj|vi), wherev;,v; * V. Intuitiv ely, the edge models the temporal relationship between

sucessive gegure unitsin the composte gesture.

4.1.2 The Gesture Language

We use a bigram model to capture the dynamic nature of the gesture language.
The bigram model represants the linguistic relati onship between pairs of GWords. Formally,
given a vocabulary V, debne a GWord sequenceW = {s,v1,...,V,t} wherev; * V and s,t
are two special nodes (dummy gegures) that act as the graph source and sink. The node
s is the initial state, and the node t is the accepting state of the model. Thus, a gesure
is a path through the PGM starting at the source node and ending at the sink node. In
Figure 4.2, we give an example PGM that can model 6 gesures. For example, the path
s$ 1% 3% 6% tisacanddate gesture sentence

We embed the bigram language model into the PGM by assaiating nodes with
individual GWords and assgning transition probabilities from the bigram model. For con-
venience let P (v1) = P(v1]s), which can be considered asthe prior of a GWord. Then the

probability of observing the sequencein the bigram model is

k
P(W) = P(s,va,...,Vk, 1) = P(va) [[ P(vilvix1) (4.1)
i=2
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Figure 4.2: Example PGM used to represent the gedure language model. Each path be-
ginning at node s and ending at nodet is a valid gedure sertence.

As debPnedin Sedion 4.1.1, eat node of the PGM modelsa speciPc GWord with its
correponding obsevation likelihood. Given an imagesequenceS we can construct a candi-
date sggmertation (Section 4.3) that splits the sequenceinto p subsequence{S;...Sp}. We
edablish a correspondence between each of the subsequencesto a GWord thus creating a
gedure sentence W. Assuming condition al independence of the subseguencesgiven the seg-
mentation and the obsenation likelihood of a subsequenceonly depends the correponding

GWord, the observation likelihood of the sequenceis

p
P(SIW) = []P(silv) (4.2)
i=1
Then, the overall probability of obseving the gesture sentence is

P(W|S). P(W)aP(S|W) (4.3)

p p
= P(v1) [[P(vilviz1) & [ P(SiIw)
i=2 i=1
with the spedal source and sink node probabiliti es debned as P(s) = 1, P(tlv * V) = 1,
P(v* V]s) = P(v).
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4.1.3 The Three Low-l evel Gesture Pro cesses

Recall from Section 3.1.2, there are three main approachesto modeling gegures
static postures, non-parametric dynamic, or parametric dynamic. Each node corresponds
to one of thex three types of gesture proceses. We repeat a short desription of eath

low-level gesture here.

Stati ¢ Posture

Static posuresare basal on th erecognition of single discriminativ e framesof vid eo.
Hence static postures simplify gesture processng by discarding all temporal information.
For example, in the current literatur e, most alphanumeric symbolsin ASL arerepresented as
static postures[197]. Commonly used approachesto model the posturesinclude appearance-
basedtemplates, shape-basel models, and 3D model-basel methods.

Non-parametric  Dynami c

Non-parametric dynamic gegurescapture temporal processesthat carry only qual-
itati ve information; no quantitat ive information (e.g. length of hand-wave) is present.
Hence these gestures are potentially more discriminati ve than static posures because of
the additi onal temporal dimension. For example, the @Dand Oz@tters in the ASL have a
temporal signature; i.e. the spatial trajectory of the bnger over time is used to discriminate
between the @and the Op.Hidden Markov models [130, 160, 187, 189] and motion history
images [17] are common methods used to model non-parametric dynamic gestures.

Parametri ¢ Dynami ¢

Parametric dynamic geduresare the most complex amongth e thr ee typesbecause
they not only incorporate a temporal dimensionbut also encade a se of quartitativ e pa-
rameters. For example, in explaining the height of a personusing an outstretched hand,
th e distance betweenthe ground and the hand gives a height estimate. Parametric hidden
Markov models [181] have been proposed to model a single spatial variable. Mog of the
techniques are based on visual tracking. However, we use the Pltered-detection algorithm
that was preserted in Sedion 3.3.2.

The parametric dynamic gestures bring an added degree of di" culty to the recog-

nition processbecausethey canhavetoo high a degreeof temporal variability to be captur ed
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by a standard models and inferencealgorithms. For example, Figure 4.1 shows a compos-
ite gegure for grabbing, rotati ng, and dropping a virtual object. In general, the moving
gedure will appear quite arbitrary because the user hasthe freedomto navigate the entire
workspaceand also pause for variable amounts of tim e before dropping the object. To han-
dle the variability in dynamics, we couple the parametric gesure recognition with posure
recognition that is used to stop the parametric tracking. The binary gestures (Section 3.4)
are a simple case of this, we use this idea in the more complex language model in this

chapter.

4.2 Learning the Language Mo del

In this chapter, we asaime that the learning and the implementation of the in-
dividual low-level gesture units are handled separately (in Section 4.4 we discussthe im-
plementation s used in our experiments) and the obseavation probabilities of these units
are normalized on the same scale Here, we addressthe problem of learning and inference
on the high-level gesure model. Specibcally, we learn the parameters of the bigram lan-
guagemodel (Equation 4.1). We describe three badsc techniques to learn the bigram model:

supervised, unsupervised, and hybrid.

4.2.1 Supervised Learning

Given a set of n labeled GWord sequences L = {W1...W,} with
Wi = {s,V(i1),---»Vim;),t} wherem; + 2is the length of sequence W; and v;j) * V. The

GWord prior is given by

St (Vi Vi 1)

P(v) = -

(4.4)

where! (3 is the Kroneder delta function and v * V. The prior computes the probability
that a gegure sentence begins with a certain GWord. The bigram transiti on probability is

given by the following equation:

it ij:il#l F(Vi, Vi ) @ (V15 V(i +1))
i#l )
Dim (Vi Vi)

Intuitiv ely, Equation 4.5 measuresthe transition probability from a GWord vy to another

P(vilvk) = (4.5)

GWord v; * V by acaumulating the number of bigram pairs v $ v, and normalizing by
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the number of bigrams beginning with vy.

4.2.2 Unsupervised Learning

Given a set of n unlabeled image sequences U = {U;...U,}. We generate an

initial bigram model Mg in a uniform fashion baseal on the PGM. We can use additi onal

heuristics based on the spedbc application to rebre the uniform initialization . We train the

bigram model using an EM-lik e [108] iterativ e algorith m.

1.

2.

M - Mop.

Compute the best labeling (Section 4.3) for ead sequencein U basedon the current

bigram model M .

Using the supervised learning algorithm (discussed previoudly), rebne the bigram
model M .

Repeat until a bxed number of iterations is readhed or the changeof the bigram model

in sucessve iterations is small.

4.2.3 Hybrid Learning

Given a set of labeled GWord sequences L and a set of unlabeledimage sequence

U. We generatean initial bigram model Mg using the labeled sequenceswith the supervised

learning algorithm discussed above. Then, werebnethebigram model in aniterative manner

similar to the one usedin unsupervised learning.

M - Mp.

Compute the best labeling (Section 4.3) for eat sequencein U basedon the current
bigram model M. Call the labeled sequencesd.

T = (L, 9).

Using the data T perform the supervised learning algorithm (discussel previously) to
repPre the bigram model M .

. Repeat until a bxed number of iterations is reached or th e changeof the bigram model

in sucaessve iterations is small.
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4.2.4 Discussion

The core equations of these learning algorithms are (4.4) and (4.5). Since the
learning is essentially histogramming the training data into the bigram model, the relative
amount of training data between di! erent gesture sentencesis important. Any bias toward
a particular sequencepresent in the training data will be present in the resulting bigram
model.

In the unsupervised case, the learning relies heavily on the obsevation likelihoods
of the low-level gesture recognizes, which drive the labeling algorithm (Section 4.3) in
the caseof a uniform bigram model. Thus, spurious labelings may result. Howewer, the
unsupervised learning removes the neal for tedious data-labeling. The hybrid learning
bootstraps the bigram model with relatively few labeled video seguences making it less
likely to learn an incorrect model while also allowing unsupervised data to be used.

4.3 Inference on the PGM

Given an image sequenceS of length m and a PGM with an embedded bigram
model, we constr uct the inference problem as the searc for the bed labeling L of S that
maximizes th e overall probabilit y given in Equation 4.3. Formally, the inferenceproblem is
stated as

{vi...vp} = argWT?zgs) P(W) &P (S|w) (4.6)

whereS = {S1...Sp}, f(S) = {v1...Vvp} is a one-to-one mapping from a sequencesegmen-
tation to a gesture sentence and p is unknown. Let g(§ be the mapping from subsequence
Si to a GWord v;; it is computed using the maximum-likelihood criterion:

a(Si) = arg 5n,a\>/<P(Si Vi) (4.7)

Theoretically, the inference problem in Equation 4.6 could be solved by an ex-
haustive search. However, the combinatorial complexity is prohibitive. Furthermore, the
fundamental di! erencesin the three types of low-level gegure processors makes the opti-
mization more di” cult. In additi on, online processng is a prerequisite for human-computer
interfaces. Reall that ead node in the model is a low-level gegure. Thus, for eat step

through the model, there is an assciated reaction in the computer interface. Also, sincethe
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processng is online, any delay in choosing a path is immediately evident to the user in the
form of interface latency. Therefore, many powerful algorith ms, like dynamic programming,
are implausible for our model. Thus, we propose a sub-optimal, greedy algorithm.

Initialize the algorithm by setting vo = s and Sp = /. At staget in the algorithm
processng, we searc for the transiti on from v; to vi+1 that maximizes the product of the
transition probability P (vi+1|v;) and the obsevation probability P (St+1|vi+1). Call this
product, the step prokability. The beginning of subsequence S;+1 is s& asthe end of S;.
To determine the end of the subsequence S;+; and thus make the greedy path choice we
incrementally increasethe length of the subseguence until the path to one of the children ¢
meet both of the following two conditions.

1. The observation probability of the child passesathreshold ".. We discuss a supervised

technique for learning the node thresholds below.

2. The step probability of ¢ is highed among all of the children of node v;. Formally,

C= argmaxy,,, P(Vi+1|vt) 8P (St+1 [Vi+1).

In Figure 4.3 we shaw a graphical depiction of a stagein the middle of the greedy algorithm.
In the bPgure, at staget + 1, child ¢, of node v; is chosen. We seethat at the end of stage
t + 1 the end of sequenceSi+; hasbeen determined.

We learn the individual node thresholds using a supervised technique. Given a
sd of labeled GWord sequences and segmented image sequencepairs (Wi, S;j). We pose
the problem of determining the threshold ", for GWord v * V as bnding the minimum
obsenation probabilit y for all occurrences of v:

v = Mmin min P(Si|v). (4.8)
(Wi,Si) vi" Wi and ! (vj,v)

First, we initiali ze all the thresholdsto 0, ", = 0,0v * V, to handle the casewhere v does

not occur in L. Then, for all GWords v * V we compute ", acmrding to Equation 4.8.

4.4 Exp erimental Setup

We analyze the proposed model for recognizing composte gestures by condruct-
ing a gesdure sd and the corresponding PGM. We use the Visual Interaction Cues (VICS)
paradigm (Chapter 2) to structure the vision processng and use the 4D Touchpad (Sec-

tion 2.6) asthe experimental platform.
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4.4.1 Gesture Set

The goal of the proposed framework is to facilit ate the integration of di! erent
types of gegures (Section 4.1.3) and thus, natural interaction in virtu al ervironments. To
that end, we present an experimental gesture set with ten elements (GWords) with ead of

the three gesturetypesrepresented.

Low-Level Gw ords

The gegure set is dedgned to be used in general manipulati ve interfaces where
actionssuc assdecting, gragping, and translating arerequired. Table4.1 containsgraphical
depicti ons of ead GWord. For dynamic gestures, we showv three example images during the

progress of the gegure.

¥ Press is the static posture of a single bnger activating the interface componert.

¥ Left is a dynamic, non-parameric motion of a bnger to the left with regped to the

interface componert.

¥ Right is a dynamic, non-parametric motion of a bnger to the right with respect to
the interface component.

¥ Back is a dynamic, non-parametric retraction of the bnger o! the interface compo-
nert.

¥ Twist is a clockwise twisting motion of a Pnger atop the interface componert (dy-

namic, non-parameric).

¥ Grab 1. The brst grabbing gesture is the dynamic, non-parametric motion of two
Pngers approaching the interface component open and closingoncethey have reached
it.

¥ Grab 2. The second grabbing gegure is the dynamic, non-parametric motion of two
Pngers approading the interface componert open and remaining open upon reaching
it.

¥ Track is a parametric gesture that tracks two translati onal degrees-of-freedom.

¥ Rotate is a parameric gegure that tracks one rotational degree-of-freedom.
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¥ Stop is a static posture represented by an open hand atop the interface componert.

Probabili stic Gr aphical M odel

We construct and train a probabilistic graphical model to be the interaction lan-
guage Figure 4.4 is a graphical depiction of the PGM; for clarity, we have not drawn any
edgeswith zero probability in the bigram language model from supervised learning. A
simple gesture sentence is thus Press $ Left : the use approachesan interface componert
with an outstretched bnger and then swipes his or her bnger to the left. For example,
such composite gesture could be used to delete an interaction component. A more com-
plex gedure sentence involving all three types of low-level GWords is Grab 1 $ Track
$ Stop. This gesture sentence could be widely used in virtual reality to grab and move
virtual objects.

Impl ementat ion of Low-Level GW ords

As discusedin Section 4.1.3,we include threetypesof low-level gesture processing:
static podure, non-parameric dynamic, or parametric dynamic. In this sedion we discuss
the construction of these low-level procesors for our experimental saup. Howewer, from
the pergediv e of the PGM framework, the spedbc constr uction of the low-level processors
is arbitrary.

Stati ¢ Posture . Static posures are basal on the recognition of single discrim-
inative frames of video. A multi tude of potential methods exist in the literatu re for such
recognition: SIFT keys[96] and Shape Contexts [12] for example. We implement the static
posuresusing the on/o! discriminati ve neural network approach presented in Se¢ion 3.3.1.

Non-parametri ¢ Dyn amic. We model the dynamics of the motion of the
Pnger using discrete forward HMMs. For a complete discusson of our technique, refer
to [188 189,190] Instead of directly tracking the hand, we take an object-centered approach
that €' ciently computes the 3D appearance using a region-baseal coars stereo matching
algorithm in a volume around the interaction component. T he appeararce feature is repre-
sented as a discrete volume with each cdl de<ribing the similarity between corresponding
image patches of the stereo pair. The motion cue is captured via di! erentiating the ap-
pearance feature between frames. A K-means based vedor quanti zation [79] algorithm is

usedto learn the cluster structure of theseraw visual features. Then, the image sequence
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of a gegure is converted to a seies of symbols that indicate the cluster identities of eath
image pair. A 6-state forward HMM is used to model the dynamics of ead gestures. The
parameters of the HMM are learned via the standard forward-backward algorithm based
on the recorded gesture sequences The gegure recognition is baseal on the probability that
eadh HMM generatesthe given gesture image sequence.

Paramet ric Dyn amic. The implementation of a parametric, dynamic processor
is dependernt on the task for which it is to be used. For example, in our gesture s, we
require both a translational and a rotati onal processor. Again, many potential techniques
exist for tracking the local motion of an image patch or pair of image patches In thes
experiments, we used the Pltered-detection approach that was presanted in Section 3.3.2.

4.5 Experimental Results

Figure 4.4 shows our vocabulary of 6 possible composte gestures. To quartita-
tively analyze the approach, we recordeda training set of 100 video sequences ead corre-
sponding to one of the 6 gestures. The length of the sequencesvary from 30 to 90 frames
(at 10 framesper-second). Thesesequences were not used in training the low-level gegure
units. For the supervised trai ning, we manually labeled each frame of the video sejuences
with a GWord. For unsupervised learning, we initial ized a uniform language model and
used the algorithm in Section 4.2.2 to rebne the model. After 2 iterations, the bigram
model converged.

We compare the language models after supervised and unsupervised learning in
Tables 4.2 and 4.3, repedively. The bigram models are presented as adjacency matrices
such that ead row represernts the probability of transitioning from a GWord (leftmost
column) to other GWords (or itself). It can be seenthat the 2 PGM bigram models
have similar structure. It shows that even with out good heuristics or labeled data, our
unsupervised learning algorithm can still capture the underlying languagemodel from raw
gedure seuences.

Howewer, there are di! erencesworth mertioning. For example, the prior for Stop
from unsupervised learning is 0.03, but there are no sequencesin the training corpus that
begin with it. This is causel by the failure of the inference algorithm given a uniform
bigram languagemodel. Second, we see a di! erence in the sdf-transition probabhility for
the Press GWord. In the labeled data, we bxed the duration of Press to one frame, but
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Gedure Sentence Supervised % | Unsupervised %
Press$ Left 97.3 97.3
Press$ Right 85.7 78.6
Press$ Back 889 904
Twist 96.4 96.4
Grab1l$ Track $ Stop 933 821
Grab2 $ Rotate $ Stop 97.9 97.9

Table 4.4: Recognition acauracy of the PGM used in our experimentati on.

with a uniform bigram model, a static posture can last for several conseutive frame via
sdf-transition.

During testing, we used the proposed greedy inferencealgorithm to analyze the
video sequences. In Table 4.4, we present the recognition accuracyfor the gesuresfor both
language models. For eath sequence we compared its known composite gesure identity
with the GWord output of the PGM. We consider the output correct if it matches the
GWord sentence at every stage.

We can see from thereaults that the proposel high-level gesture languagemodeling
can recognize compositi ons of heterogeneous low-level gestures. These composite gestures
would be impossble to recognizeusing a single, uniform model-type for each gesture. Our
formulation takesadvantage of high-level linguistic constraints to integrate fundamentally
di! erert low-level gegure units in a coherent probabilistic model.

However, the recognition acauracy for gesturePress $ Right and gesure Press
$ Back are relatively poor. From visual inspedion of the recognition algorithmOsutput,
we bnd that this is due to the greedy algorithm. The Left , Right, and Back are modeled
with HMMs and trai ned with relatively long sequences (e.g. 20 frames). However, during
inference the greedyalgorithm jumpsto a conclusion basedon an shorter subsequences(e.g.
7 frameg. In our experiments, we seea bias toward the Left GWord for these incomplete
subsequencs.

The recognition results from the supervised and the unsupervised learning are
comparable. This suggests that our linguisti c approac to gesture recognition can perform
well with out a heuristic prior or manually labeled data. Hence, our method is lesssus@ptible
to the curse of dimensionality which, in our case is that the amount of data (labeled, for

supervised learning) required for learning generally increasesexponertiall y with the number
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of GWords.

4.6 Conclusion

We have presented a linguistic approach to recognize composite gestures. The
composte gegures consist of three di! erent types of low-level atoms (GWords): static,
pogure-based primitives non-parameric dynamic gesures and parametric, dynamic ges-
tures. We construct a coherent model by combining the GWords and a high-level language
model in a probabilistic framework that is debred as a graphical model. We have proposedl
unsupervised and supervised learning algorithms; our results show that even with a uniform
initiali zation, the PGM can learn the underlying gesdure language model. By combining
the PGM and the gready inferencealgorithm, our method can model gesgures composed of
heterogeneougprimitiv es To the beg of our knowledge, this is the brst composite gegure
model comprised of di! erent, low-level gestures primitives.

Our approach allowstheinferenceof composite geguresaspathsthrough the PGM
and uses the high-level linguisti c constraints to guide the recognition of composite gegures
Howewer, the proposed gready inference algorith m will make locally optimal decisionssince
it is operating online. Our experimentation shaws that this grealy path selection doesnot
present a problem for the majority of the composte geguresin a moderate-9zed vocabulary.
Furthermore, even in the o# ine case, the heterogeneous)ow-level gesture proceses make
an exhausti ve saarch through all composte gesture sejuences computati onally prohibitiv e.
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During Stage ¢ 1 End of Stage ¢+ 1

Sequence S Sequence S

S, S S, S

Figure 4.3: Graphical depiction of two stagesof the proposed greedy algorith m for comput-
ing theinferenceonthe PGM. Dark gray nodesare not on th e best path and are disregarded,
and blue represents past objects on the best path.
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Figure 4.4: The probabili stic graphical model we constructed for our experimental seup.
Edges with zero probability are not drawn. The nodes are labeled as per the discussion
in Section 4.4.1. Additionally, eat node is labeled as eit her Parametric, D ynamic, non-
parametric, or Static posture.
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Chapt er 5

Region-Based Im age Analy sis

In this chapter, we study a region-based approac to image analysis that is mo-
tivated by the large-scale interaction problem that was presented in Sed¢ion 1.12. With
the VIC s approach and the gesure modeling presented in the previous chapters, we have
laid the foundation for such large-scale interaction. Since the complete problem is beyond
the smope of this dissertation, we focus on one of the remaining problems: localization in a
priori unknown environments using passve, video sensing exclusively. Here, localization is
loosely debred becausethe problem is posedin the context of large-scale interaction, and
the debrition of localization varies depending on the approach.

A well-studied approach (Section 1.4.5) isto build a complete metric recongdruction
of the scene, which would enable later localization queriesand permit a variety of methods
to tradk the user motion (pose estimation) in the environment. Such methods can be traced
badk to Marr Ogprimal sketch theory [100]. Recert examples of the poseestimation methods
are lterative Closes Points [13, 26], the normal Row constraint [111, 174] a hybrid of the
two [110], disparity-space tracking [41], and structure-from-motion [10, 164]. However, these

approachessu! er from a few drawbadks:

1. In general, the methods make an underlying assumption that adequate texture ex-
ists in the seene. The texture fadlitates either precise, discriminative point-feature

extraction and matching, or denseimage gradient Pelds.
2. Point-based geonetry methods tend to have very high storagerequiremerts.

3. They cannot easily re-initi alize. In many large-scale interface settings, the tradking

sydem can fail for a few framesdue to a large occlusion, dropped video, or motion
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that violates a di! erential assumption. In such cases, re-initi alization could mean

saarching through a very large seenestructure database.

4. The correspondenceproblem is di* cult, in general Methods that rely exclusively on
the correct matchestend to lack robustness However, this di" culty has been widely
recognized and recently, there are more robust approadesin correspondence: e.g.
random sample and conseisus [48] and the SIFT desaiptor [96].

To avoid these issues we propose a strategy that does not perform a full scene
reconstruction. We claim that, in the context of large-sale interfaces the localization
problem can be approadced from an appearancebasal pergpedive. Thus, we model an
ervironment as a set of special surfaces (or volumes, which we will more predsely debne
in the chapter text. We use the appearancesignature of these surfaces to index into the
senedatabase In order to be used for interaction, we need to debre interface component
mappings (Sedion 2.2.1), which will usea strictly local set of geometric information.

In this chapter, we discuss a novel approac to the image modeling required for
such an approach to localization. We make the obseavation that large, homaen@usregions
are good image elements for such imagedesaiption and relation. Homogeneougegions can
be dexribed with few parameters (on the order of 10) thereby replacing the redundancy in
thousandsof pixels with a few parameters. In addition, we focus on large regions because
they are stable in the sensethat they will be viewable from many of theimages and their low-
dimensioral descipti on will not changedrastically when viewed from di! erent viewpoints.
Note, we will debPne homageneus and large more concretdy.

The large homogeneousegions are th e representati ve features we usein comparing
images. Two images are said to be overlapping if there is any scene content common to
both of the images. Whil e one can quantify this overlap by courting the number of pixels
in common between the two images, we currently treat it asa OysOor OroOquestion. In
either case,th e overlap between pairs of images induces an ordering on a se& of images taken
from an environment. In the OyesOor OnoCra, for a given image | in the database the
asociated ordering isthe list of imagesthat have overlap followed by the list of imagesthat
do not have overlap. We make a concrete problem statemert for this chapter:

Given a set of unordered imagesE of an a priori unknown ernvironment, constr uct
the ordering of the images. The ordering shoud facilitate later mapping queries
sudh as, for a given image of the ervironment | * E return the subsé of images
which contain overlapping seenecontent O ' E.
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In the chapter, we begin with a survey of the image modeling and desription
techniques (Sedion 5.1). Then, we cover our proposeal imagemodeling algorithms, which is
composed of two parts: debning a set of image feature spaces (Section 5.3) and extracting
the large, homogeneousregions (Section 5.2). We include a s& of experimental results
(Section 5.7).

5.1 Related Work in Image Mo deling

We consider the problem of ordering a set of images of the same environment.
Matching (or registering) di! ering views of a sceneto each other hasreceived much attention
over the last decade. When matching the images, one must incorporate some distance
measure to use in matching pairs of images. A distance measire has two parts: data
representation and distance function. In mog cases, the appropriate distance function is
implied by the data represntati on. Thus, we will focus on the data representation in the
early parts of this chapter and leave the distance function to the experiments sedion. In
this section, we discuss two of the basic approaches at modeling images local, pixel-level
modeling and global, entire-image modeling.

5.1.1 Local Metho ds

Local, pixel-level methods focus on bPnding sdient points in images. T he general
idea of such approaches is to locate regions of high textur e content using an interest oper-
ator, and to then create indices for matching. The key to good performance is to create
interest operators and match indicesthat are insensitive to geonetric and photometric im-
agedistorti ons. The advantagesof such approachesare the robustness to ocdusion, changes
in lighting, and moderate changesof viewpoint. The disadvantages are the nedl to identify
sud local imageregions, they often require a large amount of storage,and they (typically)
the use of only gray-scale image projections. In particular, large areas of the image are
potentially discarded as OuriexturedOand therefore unusable by the method.

The brst so-alled interest operator was proposal by Moravec [109], which detects
points with high-contrast neighborhoods. The Moravec operator is rotation ally invariant.
Another rotationally invariant interest operator is the Harris corner detedor [69], which
performs a local gradient eigen-analysisto sdect points with neighborhoods whose gradient

isvarying in both imagedimensions. Since theinterest points will be matched acrossimages

87



repeatabilit y is an important characteristics; the Harris detector has beenshown to have a
high repeatability rate [148].

The pioneaing work of Schmid and Mohr [149] emphaszesthe invariance proper-
ties of both detection and description of theinterest points and th e local regionssurrounding
them. They uselocal, di! erential grayvalue invariants in a multiscale representati on at a
number of interest points (Harris corners) in the image for description. The invariants are
the local di! erertial jets from Koenderink and van Doorn [88]. Their representation is ro-
bust to similarity transformsand partial visibility. Additionally, they include information
from multip le saales yielding a scaledinvariant (up to the discrete scale-quanti zation) rep-
resertation. To match, they proposea fast multid imensional hash-table voting algorithm
that is robust to mismatchesand outliers.

Schmid and MohrOswork gave rise to numerous related techniques, which we sum-
marize here. Lowe [95, 96] proposeda scale-invariant feature transform (SIFT). The interest
point, or key, locations are identiPed with a staged Pltering approach that searches thr ough
a discrete scalespace[93] for minima and maxima of a di! erenceof-Gaussian function.
For representation, the image neighborhood around ead key location is assigned a canon-
ical orientation in acomordancewith the local image gradients. Then, the feature vedor is
constructed by orientation planes A local image region can be separated into a set of
orientation planes each consisting of only the gradients corresponding to that orientation.
The keys are invariant to image translation, scling and rotation, and partially invariant
to illumination changes Since the keysrequire a relatively high storage footprint, Ke and
Sukth ankar [85] proposean extension of LoweOSIFT [95] method, PCA-SIFT. While SIFT
patch desaiptor s are constructed by smoothed orientation histograms, the PCA-SIFT patch
desgciptors is based on the projection of the patch gradient maps into a low-dimensional
eigenspace.

In recent years, many researdhers have proposal a' ne-invariant interes points
and features Lazebnik, Schmid and Ponce [90] detect interest points in the images by local
maxima of the Laplacian in sale-gace. Then, for each maxima, the local image region,
at the appropriate scale, is then normalized based on the second-moment matrix reaultin g
in &' ne-nvariant patches The normalized patchesare represented using intensity-domain
spin images a two-dimensional histogram of brightnessvalues. The two dimensions of the
histogram are the distancefrom the patch-center and the intensity value.

Tuytelaars and van Gool [170] propose detedion of regions by bnding intensity-
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basedlocal extrema, constr ucting an irregularly shaped blob, and then btting an a" nely
invariant ellipse (equivalent to theirregularly shaped blob up to the second-order moments).
The regions are described by Genenralized Color Moments, which implicitly characterize the
shape, intensity, and color distrib ution of the region pattern in a uniform manner. They
couple the image description with Harris corners and apply it to the wide-baseline stereo
problem. Related work in wide-basdine stereo using interest region based techniquesinclude
the Maximally Stable Extremal Regions by Matas et al. [102, 103] and the scaleinvariant,
normalized a" ne-corner pairs of Tell and Carlsson [166].

The last s of techniguesusesa maximization of the Sharmon entropy measure[36]
in the image ssignal to detect and characterize salient points. The idea is to dePne saliency
in terms of local signal complexity. Gill es [59] usessaliert image patches to regiser aerial
images; he builds intensity histograms of local image patches. He usesthe entropy of these
histogram to characterize their saliency. However, Gilles bxed a global-sale for the size of
the patchesper image. For the caseof aerial satellite imagery, the bxed scaleis acceptable,
but in the general ca, it is not. Kadir and Brady® scalesaliency technique [83] extended
GillesOsaliency detedor toincorporate patch scale. They searc for clusters of high-entropy
in scale-gace and usethem astheinteres points. Hare and Lewis [68] usethe scalesdiency
interest points for image matching.

[50] argue that one shoud fuse the characterization with the detedion because
if they are separate, then it is possble the detector may bnd regions whose deription
will not be saliert. [50] usegeometric features (specibcally, Harris corners [69]) to describe
the local image patch. Hence they improve the robustness of the patch desription to
photogrammetric and geomretric changes[150] They incorporate Kadir and BradyOg83]
sale-slection technique. They compare their proposel desriptor against the standard
desciptor and bnd that their method signibcartly reduces the number of falsematches.

Mikolajczyk and Schmid [106] evaluated the performance of several local image
desaiptors. Their evaluation tested the desriptorsOstability to rotation, saling, a" ne
transformations, and illumination changes The study showed that SIFT [96] features per-

formed th e best over all conditions.
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5.1.2 Global Methods

The global methods attempt to capture the most important content of the image
asa whole. Such methods, in general attempt to form a low-order summary of the image
This approach is particularly appealing for image retrieval problems where the goal is to
bPnd similar, rather than exactly matching images. The advantages are that large areas
of the image tend to be stable acrosslarge changesin viewpoint, spatially approximate
matching is possible, and the methods generally require a small amount of storage The
disadvantages are that it is necessary to have an €' cient yet stable segmentati on process
it is necesary to bnd image cues that are themselves stable over variations in pose and
lighting, and ocdusion can be an issue.

One set of approaches represent the imagesthr ough segmertation. The literatu re
on segmentation is very dense, we survey a subset that includes only the image retrieval
application areasinceit relatesdirectly to our work. This approach is exemplibed by Malik
et al. [99, 24]. They attempt to group pixels that roughly correspond to objects therefore
allowing image to image matching at the object level. In the modeling, they incorporate
color, texture, and position featuresinto a Gaussan mixtu re model (GMM). They usethe
Expedation-Maxi mization [42] with the Minimum Description Length principle [64, 137]
for GMM estimation and model sdection. Similarly, Greenspan et al. [63, 62] use GMM
modeling in a 5D color and spatial feature spaceto model imagesand video. For image
to image comparison, they directly compare the GMM using the Kull badk-Leibler distance,
which is an information theoretic measire of the distance between two distrib utions [36].
Mo and Wilson [107] extend theseideasin a multi resolution GMM.

Ruiz et al. [139] generalze the notion of the sale-pace blob [93] to include color
information. The scalesspaceblobs are analogousto a full image segmentation. They use
the automatic sale-seledion principle based on extrema of the normalized Laplacian [94].
Neural networks are usal to learn the image categories

Scha! alitzky and Zisseeman [143] de<sribe a textur e-region de<criptor that is in-
variant to a"' ne georretric and photometric tran sformations and insensitive to the shape of
the texture region. In the @' ne-normalized region, they compute a rotati onally and scale
invariant de<cription using a stati sti cal approach that createsa histogram of the dominant
gradient at each pixel (for each sale). In their approach, detection of regionsis solved by

standard textur e-basal image segmentati on [99].
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The second set of approadesuseswhole-imagehistogramsasthe modeling scheme.
Swain and Ballard [163] presented the color indexing technique, which showved that color
histograms of multi-c olored objects can be usedfor €' cient and accurate databasequerying.
They introduced a new distance measire between histograms called histogram intersection.
The color indexing can be suseptible to spatial or spectral variation in illumination. Funt
and Finlayson [53] extended the color indexing technique by histogramming ratios of colors
from neighboring locations, which are relatively insensitive to changes in the incident ill u-
mination. Schiele and Crowley [145] presented a di! erent extension to the color indexing
approach. They characterize appearances by joint statistics of pixel-neighborhood plter
responses (e.g. gradients). Their approad will work in cases where color alone cannot be
usedto su' ciently de<ribe the objects.

5.2 Image Mo deling

In our work, we considera Omidde ground.O Namely, our goalis to create interest
operators that focus on large, homogeneous regions, and local image descriptors for these
regions. A coherent regionin animageis a connected se of (relativ ely) homogeaeous pixels.
Coherencyis indi! erent to the character of the homogeneity. For example, the image of a
plaid shirt with its colorful, checkered pattern is considered coherent. Our image modeling
is based on detecting the homogeeous regionsin salar projections of the image, i.e. the
coherent regionsin the image. Reaall, we denote the imagel = {l ,I,t} wherel is a bnite
sé of pixel locations (points in R?), | isthe map| $ X (here, X is some arbitrary value
spacg, and t is a time parameer, which is disregarded in the following discusson. We

descibe a region, spatially, with an anisotropic Gaussan kernel:

K(@,r) = 2#|} 1 exp ( %(i )T #FLG u)) , (5.1)

wherei * | andr = {p * RZ" * GL(2)," = " T} fully desaibe the anisotropic
Gaussian. When this function is to be interpreted as a likelihood function, we will usethe
notation K (i|r) = K (i, r) to make explicit the conditi on that the region parameters are
known. We usethe Gaussiansto spatially de<ribe the region becausethey have relati vely

few parameters, are su" cient to edimate regions of arbitrar y size and orientation, and do
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not require the precise estimation of object boundaries. Pixels are weighted based on their
proximity to the spatial mean of the Gaussan kernel.

The spatial kernels are applied to salar projecti ons of the image: a salar projec-
tion is the saalar imageresaultin g from applying a projection function S: X #1 )$ R# | to
the input imagel. We give a complete discussion of the scalar projections in Section 5.3.
In a scalar projection, the appearanceof a region is modeled as a constart value $ with
additiv e, zero-mean Gaussian noise N (0,9). Thus, an appearancemodel A comprises a
projection function S: X # | )$ R # | , the constart value $, and the variance of the noise

%. We usea one-dimensioral Gaussan function to captur e the region appearance

. _ .1 . (30)" $)?
FA(@),A) = 1?0/86)([)< 2%) , (5.2)

where we have written J(i) to mean the value of pixel i in the sclar projection image
J = S(I). Again, when this function is to be interpreted as a likelihood function, we will
usethe notation F (J(i)]A) = F(J (i), A) to make explicit the conditi on that the appearance
model A is known.

Let a sdé of appearance models A, a se of spatial regions R, and a mapping from
regions to appearanceY : R )$ A debre the model # . For a given imagel, the maximum
a posteriori solution is

#' = argmaxP (# |1). (5.3)

Using the standard Bayesrule, we can write the maximization in terms of the likelihood
and the prior:

#' = argmaxP (1 [# )P (#). (5.4)

We assume the pixels are conditionally independent given the model, # . Thus, we can
write the maximization over the product of pixel likelihoods and the model prior. Alth ough
a prior distri bution on the model can be evaluated for a given domain of images modeling
such a distrib ution is, in general, very di" cult. Thus, we assume the prior is uniform,
which yields a maximum likelihood solution. The reaultin g function is the product of pixel
likelihoods:

92



#'= argrqaxHP(i, L(i)]# ). (5.5)
’ il

We use a mixture model [15, Ch. 2.6] where each region in the model is a com-
ponert in the mixtu re model. We write & to denote the mixing coe" cient for component
r * R. Reall that, given Y, the appearance models are a deterministic function of the

region.

P@,l1()#)= Z&rP(i,l(i)|r,Y(r)) (5.6)
r'R

The following two constraints must be satisbedin order for Equation 5.6 to be considered

a proper mixtur e distri bution.

> &=1 (5.7)
r"R
> PG @)Y () =1 (5.8)
il

We take insight from the kernel-based density estimation lit erature [158] to ex-
pand the pixel likelihood given a region, P (i, 1 (i)|r, Y (r)). Here, K represents the spatial
componert and F measures the appearancecomponent. We assime that the pixel location,
i, and the pixel intensity, | (i), are conditionally independent given the region, r, and the

regionOsappearancemodel, Y (r):

P, 1M A,Y) = K3ANEW D], Y(r)). (5.9)
Thus, the spatial parameters of the region save as the kernel-weighting in the density

edimate for the appearance parameters.

5.2.1 Final Im age Mo del

We debre a set of projection functionsB = {S: X # 1 )$ R# | }. Each projection
debres a feature space (th e resulting scalar image) in which we analyze the image (Sec

tion 5.3). The Pnal imagemodel is a s& of Gaussianmixtur e models (GM M) with one per
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projection, which implicitly encodesthe mapping Y. Each GMM is represerted in a joint
feature-spatial space of three dimensions. In Figure 5.1, we give a demonstrative example
using a toy 1D Oimage.OThe bold, black, solid line is the image signal, and there are
three appearance models and bve spatial regions. The appearance models are drawn using
a green solid, blue dashed, or red dotted horizontal line at the signal intensity $ for the
model. The bve spatial regions are drawn using the scaled, spatial kernel functions. Each
region is rendered using the corresponding appearance model (green solid, blue dashed, or
red dotted). Notice the weighting for ead pixel is basal on its proximity to the center of

one of the regions.
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Figure 5.1: Toy 1D image example to demonstr ate the parts of the model (see text for
detailed explanation).

5.2.2 Estimating the Mo del

In thisdevelopment, we assuimethat a se of projection functionsis given. Thefree
parameters of the model are the number of regions and both the spatial and appeararce
region parameters. We estimate the model independertly in ead projection. The most
popular [105] technique to egimate the mixture model is the Expedati on-Maximization
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method [42]. While it has guaranteed corvergence it is very sensitive to initial ization and
requires the number of componerts asinput. In our formulation, the number of componerts
corregponds to the number of coherent regions, which is a data dependent variable. As
in [24, 63], one can apply the minimum description length principle [64, 137. Howewer,
there remains a problem due to the regular sampling of the pixels, which violates the
asumption that the location samplesare normally distrib uted.

Instead of taking this global® approach to estimatin g the model, we proposea local
approach that debres an interest operator for coherert regions. Our approad approximates
the maximum likelihood solution. We assumethe number of regionsis unknown and propose
a novel objective function on the bve parameters of the spatial anisotropic Gaussian.

Scaleis a crucial parameter in the analysis of objects in images. There are two
essaitial notions of scale the integration sale? of the imagecontent (e.g. texture or edges,
and the saale of an associated spatial kernel function used to summarize image cortent. In
both cases,there is no universally accepted method for choosingan optimal scale. Lind eberg
proposeda set of sale sdection principles [94] for feature detedion and image matching,
and a technique [93] for building a gray-level blob and scale-spaceblob represnati on of
an image. Comaniciu et al. [31] proposeal the variable bandwidth mean shift algorithm
to solve this problem (in the context of kernel-baseal density estimation [30]). Collins [28]
applied Lind ebergOgieneral saale sdection principles [94] to extend the kernel-base mean
shift tracking to rebre the scaleof the object being tracked. Okada et al. [119] presented
a method for the creation of an anisotropic, Gaussian scale-gace by extending Linde-
berg0$94] isotropic scalespacemethods. In our work, we focus primarily on determining
the correct scale of a spatial kernel for clustering regions of similar cortent.

Debnea se of n bxed pixel locations|, and a scalar imagel : 1 $ R. We model
a region as a scala rectangle function $$(i),i * | with additivei.i.d. noise conforming to
a zero-mean Normal distribution N (0,%). Let p," be the spatial mean and covariance
(2D) and $,9% be the appeararce mean and variance (1D) of the region, r. We estimate
the region parameter $ by minimizing the following error term

YIn this context, the term global is used to mean the joint estimation of all model parameters at once.
Likewise, local is used to mean the estimation of a single region independertly from the other componernts
of the model.

2A more concrete debniti on of integrati on scale is given in Section 5.3.
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argmin > K (i, 1) (1(1)" $). (5.10)
il

This term follows directly from (5.2), (5.9), and the assumption of additive, nor-
mally distributed noiseabout $; it is the kernel-weighted estimate for $. The minimum is
found by di! erertiati ng and settin g the result equal to zero (we drop the subsaipt on the

summation to simplify notation):

0= Z" 2K (i, 0)(1()" $)
DK@, N$ = K(i,nl()

_ 2 K@)

Since we consider only normalized kernels (> K (i, r) = 1, proved in Appendix
A.1), the expresson in Equation 5.11 reduces to the kernelweighted mean of the signal:

$= ) K(i,nI(). (5.12)

We plug thi s kernel-weighted mean back into the original equation, and arrive at
the kernel weighted variance. This function can be usedto compute the spatial parameters

of the region:

: , Y
argmin > K (i) (1()" $)
. . ‘N . . 2
argmin > K (i,r) (I (i) {g K (i, 1)l (I)D
. . N2 . . 2
arg rlp’!,n E K (@i,r)l(i) [E K (i, Nl (|)} . (5.13)

Howevwer, this error function hasits minimum with zero variance, which is a de-
generate Gaussian. Physically, the function would be minimized when the region is only
sampling the value at a single pixel. To regularize the error function, we include a second,
additiv e term. While many regularizing choices are possble, we chooseone that requires no
parameter tuning and has a physical meaning. We minimize the squared distance between
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the kernel and the signal. Since we considernormalized kernels,we include a scale factor '
for the kernel. The additive, Otemplate-matchingOterm is

S LK) 1), (5.14)

We include a normalizing factor % wheren is the number of pixels and a multi plier
( that is set by hand to weight the two terms of the function. We combine (5.13) and (5.14)
to yield the Pnal objective function:

arg#rnip > K@) $%+ (HZ[' K@, )" 1), (5.15)

By taking a binomial expansion and discarding both constart and higher order terms, we
usethe following function to approximate (5.15) in our implementation:

SKEDI?,

argmin , 5.16
gu," $2 I" |2 (5.16)

where" is a weighting factor between the two terms. We show the derivation and proof in
Appendix A. We note the appealing form of this function. It isthe sum of a homogeeity
term and a sale term, which are precisdy the two characteristi cs we wish to focuson in the
coherent regions. Sincethe kernels are debred cortin uously, standard optimization methods
can be usal to minimize (5.16).

5.2.3 Initialization

We initiali ze the regionsusing converti onal blob-Pnding techniques. Marr and Hil-
dreth [101] brst proposel the use of the Laplacian of a Gaussian(LoG) for distinguishing
homogeneousegions from the drastic changes in intensity that separate them. More re-
cently, Lowe [96], among others [90], used a Di! erenceof a Gaussan (DoG) to approximate
the LoG blter. They construct a dense discrete scale-sspaceof DoG responses and then
perform an explicit search for stable points (local extrema in space and scale).

To detect seed points, we likewise create a coarse, discrete scale-pace of isotropic
DoG responses by sanpling a few (in our experiments, just 2) large scales. This coarse

sanpling is su' cient for seal detection because we later rebne each candidate seed and
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localizeit in both space and scale Similar to Lowe, we look for local extrema in the DoG
regponse to detect seeds. However, since we are coarsdy sampling scale-space, we analyze
eah 2D DoG-regponse separately (Lowe searchesfor extremain 3D scale-spacg. Our search
will result in many spurious seed extrema, which will corvergeto the nearest tru e extrema
in the rePrement process.

We debre a sead with three parameters [ is set to the spatial location of the
extrema point, and the " is sa to the product of the 2# 2 idertity and onethird of the
sale of the LoG Plter. Intuitiv ely, this one-third scle factor shrinks the kernel to the
homogeneousegion at the blter@ certer. In cortrag, Lowe scales the region by a factor of
1.5 becausethe SIFT keysfunction beg in regions of high corntrag (the regionincluding its
surrounding areas, for example). Figure 5.2 shows a comparison of our scaling and LoweOs
saling with respect to the LoG function.

3CALE 3CALE
/a\\‘ 7S %N
\\ // \\ ’/'

Figure 5.2: A comparison of the region scaling between our homogeneousegions(one-third)
and LoweOSIFT keys(1.5). The LoG kernel is shovn as a dotted line with the region size
asa solid line.

5.2.4 Mer ging

Di! erent sead points may converge to the same minimum of the objecti ve function
(5.16), and sincethe optimiz ation is independent for each seal point, we must acaunt for
this issue in a post-processing step. It is possble to do a more sophisticated initialization
procedure that would reduce or remove the needfor a merging, post-process. Essntially,
thereisatrade-d between the complexity of theinitial ization and the necessty of a merging
pog-process Since we have a contin uous objective function that can be minimized with
€' cient techniques, we are consenative and choosea simpler initialization that will result
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in multiple seeds converging to the sameminimum.

Let R denote the set of active regionsin an image. For a region R * R, denote
the parametersby ! (R) = {u," }. Sincethe regions are desaibed by anisotr opic Gaussan
functions, we use the Kullback-Leibler (KL) distance function. For any two probability

density functions p(x) and q(x), the KL divergenceis written:

KL(g,p) = /q(x) log gg;dx (5.17)

The KL divergenceis always non-negative and is zero if and only if p= g, but it
is not symmetric [36]. For a symmetric distance, we sum the two directions: KL(q,p) +
KL(p,qg). For the 2D Gaussians we useto spatially desaibe a region, the closal-form KL

divergence is [124]:

KLO R R = 5 (loa 2+ 1 (42 )+ (" 0™ 201" 1)) + cone,
(5.18)

Debnethe symmaeric KL distance between a pair of regionsR;,R2> * R as

d(R1,Rz2) = KL(! (R1),! (R2)) + KL(! (R),! (R2)). (5.19)

Fix athreshold" and let two regions be equivalent if their KL distanceislessthan

". Debne an empty set of merged regions R = /, and mergewith the following algorithm:

1. For each regionR * R.
2. For each region S* R! R
3. If d(R,S) <", remove S from R

4. Add R to R.

We have found the number of regions was signibcantly reduced (about 25% on average)

after the merging procedure.
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5.3 Scalar Pro jecti ons

Imagesare complex ertiti es; they aretheresult of numerous physical and stochastic
proceses and live in a very high dimensioral space To make image analysis tractable,
we project the imagesinto a lower dimensional space. Each dimensionin the projected
spacecaptures a single image character like red-ness, or stripy-ness Thisideais related to
desgiptiv e modeling techniqueslik e using a bank of Gabor blters asthe basis(e.g. [132), or
dimensiorality reduction with principle components analysis(e.g.[169]). However, we di! er
in that there is an underlying assimption that the image has been generatedby a set of
unknown scalar image processes. The goal in our approach is to debnea set of projections

that can approximate these unknown underlying processes.

Image

QQQ

Projections

Figure 5.3: Explanation of data-Bow in image dimensionalty reduction.

Essaiti ally, each projecti on debres a new feature space in which to analyze the in-
put image. The intuit ion isthat various projection functionswill map a region of consistent
image content to a homogeneous image patch in the scalar beld: for example, there is some
textur e and/or color projection function such that an image of a plaid shirt will be mapped
to arelatively homogeneoussclar beld. Thus, by choosing appropriate sclar projections,
we can capture coherert image content of varying character. To that end, debre a function
S: X #1 )$ R# 1 that projects the d-dimensional image | to a one-dimensional scalar
PeldJ. The scalar imageJ is indexed by the same pixel locations | and is thus comprised
of {l ,J}, whereJ: | )$ R. We will simply write J(i) instead of S(I)(i) in the following
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examples

There are two classesof projections. those that operate independerily on single
pixels and those that operate over neighborhoods of pixels. The methodology we propose
is general and the construction of these projections is application dependert. We do not
redrict the projections: they may be non-linear, and they may be dependent. In the
experiments, we give a simple set of projections (Section 5.7).

5.3.1 Pixel Pro jecti ons

A pixel projection is onethat operatesindividually on the pixels with out consid-
ering any neighborhood information. Such functions tend to be quite simple becuse they
use only one value. However, a benebtto the pixel projections is that they do not al ect
any of the invariance properties of the detection.

x‘@ .

Figure 5.4: Example pixel projections. (left) Original image (middle) RGB linear combi-
nation with coe" cients (" 1,1," 1). (right) RGB pixel likelihood with color (0, 1, 0).

Linear Com binati ons of Pixel Color

A simple linear combination of image bands can generatea useful feature space

Giventhreecoe" cients {c:, Cq, Co} ON the pixel color componerts, the depnition is

I() = ol (i) + cglgli) + colp(i), Oi * 1. (5.20)

Figure 5.4-middle shows an example. Such a discrete set of linear combinati onsis
usedby Collins and Liu [29]in a tracking framework. Each vector of coe" cients creates a
feature space, and they proposea Fisher discriminant-lik e ratio to choosethe best feature
spacefor the current image frame.
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Pi xel Color Lik eliho od

A second pixel projection models a feature space as a Gaussian processin color-
spacehaving a mean(th e color) and a covariance (the estimated error). Then, theprojection
computes the likelihood that each pixel, independently, has been generated by this process
Given a color, ¢ and an estimated covariance $ , the likelihood function is written:

J(i) = exp < %(I(i) "o)T$FG) " c)>, 0i * 1. (5.21)

Figure 5.4-right givesan example of the likelihood function.

5.3.2 Neighborhood Pro jecti ons

Neighborhood projection s can be more powerful than the pixel projections because
they incorporate information from multipl e pixels in a single calculation. However, the
neighborhood projections greatly a! ect the invariance properties of the detection. For
example, for the detection to be sale invariant, we would need to know the per-pixel
integration scale (i.e. the size of the local neighborhood neeled to completely model the
local image texture). While some heuristic methods have been presented to estimate this
local scale [24], its calculation is error-prone, especially near object boundaries

In addition to the two neighborhood projections we discuss below, various lin-
ear blters can be used as projection functions as well. These include gradient operator,

Gabor [54] functions, and even template-matching kernels.

Graylev el Variance

The neighborhood varianceis a very simple texture operator. Let N (i) ' | debre

the set of neighborhood pixels for i * | with cardinality n. For pixel i, the varianceis

=> (1 = Y w] (5.22)

J"N(D) J"N(D)
Lo cal Orie ntation Coherency

A secondtexture projection measures the local orientati on coherency, or the stri py-

ness of the neigborhood. Jahne [78, p. 357]suggests a ratio of a linear combination of the

102



eigenvalues of the structure tensor. Denote the local image gradients of | in the x and y
direction asly and |y respedively. Then, for pixel i and its neighborhood N, the structure

tensor T is

Sy k2 Xy 1y ()
Sny My Xy 1y(i)?

Sinceth etensor samplespixel gradients in animageneighborhood, it su! ersfrom aresolutionN

T(i) = (5.23)

localization problem: we need the window large enoughto capture the periodicity of a stripy
textur e but small enough that it can accurately localize the boundary.

Let ) 1(i) % ) »(i) be the eigenvalues of T(i). We drop the pixel index in the
notation for clear presentation. Then, if there is a ideal local orientation, one eigenvalue is
zeo, )1 > )2 = 0. Considering image noiseg the ideal case will never happen. For dominant
local orientation ) 1 2 ) 2. Otherwise, if there is isotropic local orientati on (including the
ca of little gradient information), ) 1 3 ) 2. Thus, this suggests using the following ratio
to analyze the presenceof dominant local gradient:

J(i) = <)1" )2>2. (5.24)

)it )2

For the caseof dominant local orientation, thenthis ratio isnear 1, and conversely,

for the case of no dominant local orientation, this ratio tends to 0. Care must be taken in
the implementation to avoid division-by-zero; in our implementation, we thr eshold on very
low gradients. We give thr ee examples of this stripy-ness projection in Figure 5.5.

5.4 The Complete Alg orit hm

In this sedion, we summarize the complete algorithm for extracting coherent re-
gions. It usesthe local minima of a continuous scalesspaceas representative coheren re-
gions in the image desaipti on. For a given input image |, debre a set of scalar projections
B = {Si,...Sp}. For ead projection p* B, debPnean initial, empty set of regions R, and

carry out the following steps:

1. Detect seals. (Section 5.2.3).

2. Independently, minimize the function in Equation 5.16to rebPneeach sedl.
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Figure 5.5: Examples of the stripy-ness (local orientation coherency) projection. The
grayscale images are on top with the corresponding projections below. In the projections,
white meansmore stripy.

3. Add convergert regionsto Rp.

4. Merge R (Section 5.2.4).

Aft er computing the b region sets, we compute region descipti ons (Sedion 5.5). In Fig-

ure 5.6, we show examples of the algorithm running on four di! erent image projections.

5.5 Region Descript ion

The method usedto compute a de<cription for each region will be dependent on the
application domain. Earlier in Sedion 5.2, we described a ssimple appearance model using
a single Gaussan in one scalar projection. This appearance model helped in the design
of the coherent region segnentation, but it may not be discriminative enough for some
applications. In this sedion we discussa few potential approadesto region desription;
the de<cription approaches are compared in the Section 5.7.3. Recall that at this step in
the algorithm, we have b ses of regionsR1...Ry.
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Figure 5.6: Examplesof the algorithm running on four di! erent image projections. Top-left
is the green color projection introduced in Figure 5.4(right). Top-right is a neighborhood
variance projection on the same imagefrom Figure 5.4(left). Bottom-left is a OgassyOcolor
projection. Bottom-right is the stripy-ness projection.

5.5.1 Single App earance with Cooccurence

The brst de<ription is the appearancemodel we have already discussed. Here, we
assime that the homogeneousharacter is a constart value in one of the projected images
with zero-mean, normally distributed noise. We can either bx or estimate the variance
Becausewe have not redricted the development to independent projections, we must ex-
plicitly model the cooccurence information relationship between di! erert projections. In
this context, cooccurencesimply means that the sameregion (spatial) hasbeen detected in
two or more di! erent projections.

We augment ead region with a parameter-list indicating from which projection it
was deteded. Denote the parameter-list of projection(s) for a region R by L(R). Then, we
debre a new region sd that is the union of all detected regions detected R = ngl Rp. To
evaluate the cooccurence information, we enumerate thr ough each pair of regionsin R. For
ead pair of regions (R, S), we evaluate their spatial proximity with the KL distance (5.19).
If d(R,S) < ", the regions are said to cooccur. In this case, we debre a new region T that
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inherits its parameters from R and S: the spatial parameters set to those of R® and the
projection list is combined by taking the union L(T) = L(R) JL(S). Weremove R and S
fromR andadd T to R.

After cheding ead region pair in R, we compute the appearance descipti on for
theremaining regions. For each regionR * R, dexribeit by computing the kernel-weighted
mean (5.12) under ead projection in its list L(R).

5.5.2 Appearance in all Projections

The brst method for desaibing the appearanceof the regions creates a summariza-
tion of the image based on the exad projectionsusel in the segmentation. However, such a
representation may not be discriminative enough for certain problems, like image-toimage
matching. A slightly more discriminative approad is to sanple the appeararnce properties
in all projecti ons regardess of a regionOriginating projection.

Take the union of all regions detected R = ngl Rp. Then, for ead region in
R sanmmple the kernel-weighted mean over all projections B creating a b dimensionalvector.
This is the represnati on we have usal in [35]. Alth ough this desaipti on yields good
reaults (Section 5.7), it is invalid to assume a single, homogeneous value in ead projection.
Therefore, one can also measure the kernel-weighted variance in ead projection, which is

shown to improve matching results (Section 5.7.3).

5.6 Properti es

The coherert regions we presert in this paper have a number of good properties:
stabil it y/i nvariance, conci seness, and scalabi lit y. Since the image desaiption is com-
posd of a number of independert regions, like other local desriptor methods [149], it is
robust to occlusion. In addition, using the kernel functions to weight the region statis-
tics increases the robustness since it weights pixels based on their distance from the kernel
center.

We claim that the detection is robust to a" ne distortion s in the image. In Fig-
ure 5.7 we show the extracted regions using the RGB projection for expostion. To qual-

itati vely analyze the detection, we have transformed by di! erert a" ne maps. (top-right)

3The spatial parameters of R and S are equivalent since d(R,S) < !, which usesexclusively the spatial
information of R and S.
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Figure 5.7: The coherer regions extracted are robust to a" ne distortion of the image. The
top-left isthe original image, top-right is a rotation, bottom-left is an increas in the aspect
ratio, and bottom-right is a reduction in the agpect ratio.

is rotation, (bottom-left) increadng the aspect ratio, (bottom-right) reducing the aspect
ratio. From the bgue, we see that roughly the same regions are extracted. We have also
performed two experiments to quantitati vely measire the detection invariance. For these
experiments, a point projection is used, which is rotation, trandation, and scaleinvariant.
In the Prst experiment (Figure 5.8), we analyzethe detection repeatability under rotati ons
in the image. To detect if a region is re-detected, we use only the spatial parameters. We
compare it against the SIFT method on the same images. We bnd the two methods per-
form comparahby. In the second experiment (Table 5.1), we distort the image by an a" ne
transformation chosen at random with varying complexity (5 grades). The simpleg trans-
formations, grade 1, included scale changes(1+ 0.1) and rotations (+ % radians). The mog
complex transformations, grade 5, included scalechanges(1+ 0.5), rotations (+ % radians),
and skew (1 £ 0.3).

Grade | CRE | SIFT
1 95% | 93%
2 92% | 91%
3 88% | 89%
4 89% | 88%
5 87% | 86%

Table 5.1: Detection repeatability under random a" ne tr ansformations of varying complex-
ity. Our method is CRE (Coherent Region Extraction).

As discussd in Secion 5.3, both the detection and the desaiption invariance

properties are dependent on the specibcsalar projections employed. If a neighborhood
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Figure 5.8: Detection repeatability experiment for rotated images Our method is labeled
CRE (Coherert Region Extraction).

based projection is used, then the detection is sensiti ve to scale becausethe underlying
projection function is sensitive to sale. Likewise, if the scalar projection is designedto
extract vertical textur e (y-gradient in the image), then the region® description under this
projection is no longer rotationally invariant or robust to a' ne distorti on. A rotated image
will yield a completely di! erent region descipti on under this projection.

The region desgciption is implicitly invariant to rotation and translation in the
image because it is simply a se of kernel-weighted statisti cs. Given eat of the desription
methods in Sedion 5.5, the maximum number of appearance parameters per regions is
2b for b projections. It is clear that the image de<ription is concise Thus, the storage

requirement for our technique will not prohibit its scling to large or very large databases

5.7 Exp eriments

In this section, we discuss the experiments we have done to demonstrate the co-
herent region based image de<ription solvesthe image ordering problem. We measire the
correadnessof the ordering by querying the image database in a manner similar to imagere-
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tri eval sygems and checking the retrieved images Thus, for a given databaseof images, we
apply our coheren region extraction to ead imageindependently. The image desaipti ons
are then stored in a databaseand a querying protocol is edablished. To perform retrieval,
for ead imagein the dataset, we query the database, and a sorted list of matching images
is returned with the best match brst.

For most of the experimerts, we usea moderate sized datase of 48 image$ taken
of an indoor scenefrom widely varying viewpoints and with dragic photometric variabili ty
(a subsetof the datasd is shown in Figure 5.9). We alsoinclude the retrieval results for a
second dataset of 91 outdoor imagesin Section 5.7.4. We hand-labeled the datasets; two
images are said to be matching if there is any area of overlap between them.

Figure 5.9: A subset of the indoor dataset (chosen arbitrarily) used in the retrieval
experimens.

We usethe standard precision-reall graphs to present the matching results. The
precision is debned asthe fracti on of true-positive matches from the total number retrieved
and the recall is the fraction of matching images that are retrieved from the total number
of possble matches in the database Thus, in the ideal case the precision-reall graph is a
horizontal line at 100% precision for all recall rates.

Denote the three bands of the input image as R,G,B and S as their grayscale
projection. Unlessotherwise noted, we usea sé of 5 projections: the 3 opponent color axes

“The complete datasets can be found on the world-wide-web at http://www.cs.jhu.edu/~jcorso/r/
regions/.
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{(R+ G+B)/3,(R" B)/3,and (2G" R " B)/4} which have been experimentally shown
by [117]to perform well in color segmertation, a neighborhood variance measire in S with
a window size of 16, and a orientation coherencymeasire in S with a window size of 16.

5.7.1 Mat ching

We take a nearest neighbor approach to compute the similarity score between two
images. While many more sophisticated meth ods are viable given our coheren region baseal
desciption, we usethis simple approach to allow a valid comparison between our method
and two other methods. As we debred earlier, two images are said to be matching if there
exists any overlapping seene content. This matching problem has two levels First, we
address image content similarity, i.e. basedon the two region sets, how similar are the two
images. Second,if the two images are deamed similar in content, then how much spatial
coherence exists between them. In this case, spatial coherence is debred as the pixel-area
in ead image where matching regions overlap. We can then, for instance, maximize the
amournt of overlap region to compute the parameters of a geometric transformation relating
the two images. In these experiments, we focus only on the brst level in matching.

Given a pair of imagesl 1, 1 > and their corresponding region sés R 1, R, computed
from the same set of projections B, the matching scorebetween the two imagesis debred
as the number of consistent nearest neighbor region-pairs. A consistent neares neighbor
region-pair is debred as a pair of regions with ead being mutual neares neighbors in a
brute force search through both region sets. To be concrete, for region R * R, solve the

following function

R, = arg_ min D(R,Ry), (5.25)
R2" R >

where D is a distance functi on between the two region de<riptions (we discuss candidate

distance functions next). Then, for the neares neighbor R}, solve the following function

R} = arg min D(Ry,R}). (5.26)
R1" R

The match {R, R5} is consicered consistent match if and only if R} = R.
From the possble descriptions previously discussed (Section 5.5), there are two

candidates for the distance function. First, if the kernel-weighted means are usal to de-
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saibe the regions, then a simple sum of squared distance measure is su" cient. Second, if
the kernel-weighted variances are included in the description, then the more appropriate
measure is the KL distance. Addition ally, if the cooccurenceinformation is maintained, and
the degriptions stored are dependent on the projection in which the regionswere extracted,
then the distanceis only valid between regionsthat have beenextracted from an equivalent
sda of projections. The distance between regions that have been extracted from di! erent

projections is se to inbnity.
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Figure 5.10: Comparison of di! erent matching functions.

In Figure 5.10, we compare the matching function we just discussed, which is
labeled Consistait NN, to other potential matching functions. The NN matching function
simply acaumulates the number of neares neighbors for eat regions. Since a nearest neigh-
bor will always exist, this function is simply courting the number of regions per images
Thus, we expect it to perform quite poorly asthe graph shows. The Unique NN function ap-
proximate Consistat NN. Basically, a neares neighbor match is acaepted only if it matches
much better than the second nearest neighbor. Debre a scalar $. If the match distances
for the nearest and semnd nearest neighbors are m; and m», respectively, then the match
is acaepted only if m; < $my,. This is the matching function suggested by Lowe [96] We
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use$ = 0.6. The earth mover@ distance [138], EMD, function reRects the minimal amourt
of work that must be done to transform one distr ibution into another. It is suitable in the
cae of feature matching becauseit permits partial matching. We bnd the Consistat NN

yields the highest predsion-recall rate on our dataset.

5.7.2 Projections and Kerne Is

The projections debne the feature spaces in which the image will be analyzed
for coherent content. In the dissertation, the set of projections is bxed independert of
the dataset. The representativ e power of the reaulting feature spacesis dependent on the
projections used. In the following two experimerts we analyze the matching sensitivit y to

the projections we have usel in the experiments.
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Figure 5.11: Graph showing precision-reall for each of the bwve projections used in the
experiments (independertly) .

In Figure 5.11, we show the representative power of ead of the bve projections
that we usein the experiments. The three opponernt axesare labeled Opp # , the variance
projection Var 16, and the orientation coherency projection OC 16. The graph indicates
that the color projections are more representativ e of the imagecontent in the test database

than the two texture projections. The orientati on coherencyprojection performs the worst
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initiall y, but, for greater recall rates, it improves with respect to the other projections. This
changeis becuse the imageswe use have very few regions of stripy textur e, and thus, the
color is more discriminative for low recall rates. However, for higher recall rates, the stripy
region information is lessambiguous than the remaining color information. In Figure 5.11,
the Opp 1 projection is, essanti ally, the grayscale image; it is intereding to note that while
it performs better than the variance and orientati on coherencyfor recall rates up to 20%,
for the remaining recall rates, it performs the worst. This degradation is due to the high
variation in the lighti ng condition s between the images,and the raw grayscale data is not

very robust to sud photometric variation.
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Figure 5.12: Graph showing predsion-recall asthe number of projections (feature spaces)
is varied.

In Figure 5.12, we show the €! ect of varying the number of projections usedin the
image desaiption. For Proj. 1, we just usethe grayscale image. For Proj. 2, we use the
grayscale image and the variance projection with a neighborhood size of 16. For Proj. 3,
we use the 3 opponent color axes, and for Proj. 4, we add the variance with neighborhood
size 16. Proj. 5 is the same s of projections used in all the other experiments. We bnd
that the addition of multipl e projecti ons greatly improvesthe retrieval accuracy. However,
we note that it this improvement is not always the case Note for Proj. 5 at a recall of 40%,
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the predsion drops below Proj. 4. This variation is due to the unconstrained projections;
there are cases like this one, where two projections can be conficting.
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Figure 5.13: Graph shawing precison-reall using kernel-weighted meansin the projections
versus uniform means.

In Figure 5.13, we show the e! ect of using kernel-weighted meansfor region de-
saiption versus standard, uniformly weighted means. As expeded, the kernel-weighted
means greatly outperform the uniform means (by about 10% on average).

5.7.3 Descript ion Compariso n

In this experiment, we compareth e candidate region descriptions from Sedion 5.5.
In computing the precision-reall, we use the distance function that is appropriat e for the

given de<cription algorithm. The three desaipti ons we compare are:

MC - Kerne-weighted mean and cooccurence modeling. Here, we make explicit use of the
projections from which the regions are extracted.

M - A kernel-weighted mean from ead projection.

MV - A kernel-weighted mean and variance from ead projecti on.
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Figure 5.14: Graph shawing predsion-recall for di! erent region desaipti on algorithms.

Figure 5.14showsthat the kernel-weighted mean and variance from each projection
performs the bed of the three techniques. Onewould expect the MC desgiption to perform
better sinceit explicitly incorporatesthe projections from which the regionsare extr acted.
However, the resulting deription is not asdiscriminative asth ose resultin g from other two
desciption algorithms, and the nearest neighbor matching algorithm inherertly relies on
discriminative features.

5.7.4 Retriev al Compariso n

Figure 5.15: Image representation for the three methods on the same image. For our
technique (left) and Blobworld (middle), a color representation is usad. For SIFT (right),
the key locations, scales, and orientations are rendered by arrows.
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We compare our technique to two representativ e techniques® for local and global
image de<ription: SIFT keys [96] and Blobworld [24], respectively. Figure 5.15 gives a
visualization of the di! erent representati ons. SIFT is an exampleof alocal, 8" ne-insensitive
and scale-invariant interes point desriptor. For matching, we use the unique nearest-
neighbor scheme as discussel in Section5.7.1. Note, that addition al georretric constr aints
are plausible for both our method and SIFT key matching, but we do not employ any of
them in order to ke the comparisons between methods fair. Blobworld is an example of
using segmented image regionsasthe desciption. To measure matchesusing their provided
source code, we used blob-to-blob queries For a query imagel with regionsrq,...rn, we
gueried the database independently for ead region r; and maintained acaumulators for
ead image The Pnal matches for the query image were those images with the highest

acaumulators after queriesfor all n regions had been issued.
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Figure 5.16: Comparison between our technique and other published techniques.

Figure 5.16 preserts the precision-reall graph (averagefor querying on all images
in the database) for ead of the methods. For retrieval, we bnd the SIFT keys outp erform
the other two methods. Thisresult agrees with the study by Mikolajczyk and Schmid [106].

SWe are grateful to David Lowe and the group at Berkeley for making their source code available on-line.

116



Our method (MV ) outp erforms th e Blobworld technique by about 6% predsion on average
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Figure 5.17: Comparison between our technique and other published techniquesfor a larger,
outdoor dataset.

We have also experimented with the image retrieval on a larger datase consisting
of 91 outdoor images Figure 5.17 shows the precison-reall graph for this dataset. The
relative retrieval rates are comparable to the indoor dataset. As the reaults show, the
second datase is considerably more di* cult due to the outdoor lighting conditi ons and

widely varying viewpoints.

5.7.5 Storage Comparison

In this sedion, we compare the required storage of the methods. As an image or
a scene database grows, querying it becomes more di" cult and better indicesor searching
algorithms are required. In Table 5.2, we compare the storage €' ciency for the three
methods. We seethat our method generate a data-size on the same order as Blobworld,
which is far less than the SIFT approad. This data ref3eds the available source code for
Blobworld and SIFT. It should be noted that the SIFT keys store 128 1-byte elements
while the other two methods use 4-byte (1-word) Roating point elements. We have not

experimernted with quantizing the storagefor our technique to further reduce the size.
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Average Size per
Number of Element (in AverageSize
Elements Words) (in Words)
Our Technique (M) 333 5 1665
Our Technique (MV) 333 10 3330
Blobworld 9 239 2151
SIFT 695 32 22260

Table 5.2: Comparison of average per-image storage for the thr ee techniques

Next, we show the results of an experimert that comparestheretrieval ratesfor the
SIFT method with our method whenthey store an equivalent (or nearly equivalent) number
of features. In this case we are still not storing the sameamount data since the length of
the SIFT keys are 128 bytes and the length of our desciptors is 5, which is dependent on
the number of projections (we use the standard 5 projections and the M desciption). As
suggesed by Lowe [96], the larger (in spatial scale) SIFT keys are generaly more stable
and robust to noise. Thus, to reduce the number of SIFT keys stored, we keep the larged.
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Figure 5.18: Comparing the three di! erent subset choices for our technique.
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In choosing the subsea of features for our method, we rely on the value of the objective
function for ead region, which incorporates both scale and homogeneily. To show this
method is better than relying on the scale alone, we compare the three potential subset
choice methods in Figure 5.18.

In Figure 5.19, we show the precision-recll graph for four di! erert subsed sizes
150, 100, 50, and 20. The two methods perform comparably at 150 feature with the SIFT
method slightly outperforming the coherent regions. However, in the next three graphs, we
Pnd our technique dropsin precision slightly for smaller subsé sizes,but the SIFT method

drops at a much fager rate.
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Figure 5.19: Retrieval comparison for four di! erert feature subsd sizes

5.7.6 Robustnessto A" ne Distortion

In Secion 5.6 we discussed the properties of our representation, and we claimed
that it is robust to @" ne transformations of the image To test this claim, we changed the

asped ratio of each image in the entir e dataset and re-computed the coherer regions and
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SIFT keys We performed a complete datase query (same as above) and measired the

precision-reall (Figure 5.20) when querying with the< distorted images We usedthe MV

desciption method. We experimented with aspect ratio changesof 0.5, 0.75, 1.25, and 1.5.

From the graphs, we see that our method is very robust to the image distortion. At the

extreme cases, it outperforms the SIFT method, which drops substantial ly.
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Figure 5.20: Graph showing predsion-recall for our technique and the SIFT
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guerying with distorted images from the database

5.7.7 Robust nessto Occlusion

Recall

meth od when

In this sedion, we discusst he set of experiments we have performed to demonstrate

robustness to occlusion. As mentioned earlier, one of the benebtsof the local interest-

operator techniques is their robustnessto occlusion since an entir e image (or object) is

represented as a set of independernt (and local) measurements. Likewise, our method sum-

marizes an image as a set of independent regions. To simulate the ocdusion, we choose a

rectangle independertly at random in ead image and turn all the pixel intensities in that

region to 0. In Figure 5.21, we show the predsion-recall rate as we vary the size of the
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rectangle between 0% and 25% of the image pixels. The graph shows good robustnessto

ocdusion for 5% and 15%, and a dslight degradation in the precision for 25%.

Precision

0.3 4 No Occlusion
0.2 | =% 5% Occlusion
|| =% 15% Occlusion

0 —4— 25% Occlusion | § § § : § |

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Recall

Figure 5.21: Graph showing predsion-recall for retrieval under simulated occlusion.

In Figure 5.22,we compare th e robustn essto occlusion of our method and the SIFT
method. To compute the changein predsion we subtract the predision with ocdusion from
the predsion without ocdusion. Thus, 0 changein predsion means the occlusion has no
el ed on the retrieval, negative change in precision means the ocdusion actually improved
therate, and podtiv e change means the occlusion caused the retrieval rates to degrade. An
improvement is possible for small partial occlusionswhen the occluder masks an ambiguous
image region. Essentially, a OsmallerGchange in predsion means more robustnessto the
ocdusion. We compare the same ocdusion sizes 5%, 15% and 25% We bnd that our
technique is more robust to the occlusion in this experiment than the SIFT technique for

the same respedive ocduders.

5.8 Conclusion

We have presented a novel method for image representation using a kernel-based,

sparseimagesegmertation and desaipti on method. The method is general in that it permits
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Figure 5.22: Graph showing the changein precision under parti al ocdusionfor our technique
and the SIFT method. O change in precision meansthe occlusion has no €l ect on the
retri eval, negative changein precision means the ocdusion actually improved the rate, and
postive change meansthe ocdusion caused the retrieval rates to degrade.

a variety of feature spaces which are represented as salar image projections. We create
a cortinuous scalespaceof regions with coherert image content. The regions are robust
under drastic viewpoint changesand varying photometric conditions. Our experiments
indicate that the methods are stable, reliable, and €' cient in terms of both computation
and storage In particular, the use of spatial kernels admits €" cient, optimiz ation-basel
meth ods for segmentation and image matching.

Concretdy, the contrib ution we make is two-fold: First, the extraction of coherent
regions in an anisotropic sale-gace is novel. In comparison to other related works, which
we presented in the brst part of the chapter, our method di! ers from other interest point
methods in that we focus on large homogeeous regions while the more convertional ap-
proades search for points with rich imagegradients. In this sense, we integrate ideasfrom
tradition al segmentati on into the interest point concepts thereby creating an interes region
operator. Additionally, we show that the coherent regionsyield a very concise and robust
image desaiption for matching.

Secad, we show that the detection of the regions is independent of the descrip-
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tion; one can use a variety of di! erert techniquesto describe the local appearance of the
extracted coherent regions. In the chapter, we have presented and compared three alterna-
tive description algorithms. Through the comparison, we show that the description method
arising directly from the detection approach is not as discriminative for image matching as
alternative de<cription methods. Thus, one can use the same extraction algorithms for dif-
fering tasks that require a very concisesummarization or a storage-expensive discriminative

representation by simply varying the de<ription method used.
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Chapt er 6

Conclusions

We have preserted a set of techniquesfor vision-basal human-computer interaction
in the context of a novel methodology, which we term Visual Interaction Cues (VICs). In the
VICs paradigm, we approach gesture recognition without globally tradking and modeling
the user. Instead, the interface components are localized basedon their projections in one
or more video cameaas In the local regions of the video images, gesure recognition is
solved by modeling the spatio-temporal pattern of visual cuesthat correpond to gegures
We show that the paradigm is applicable in both corvertional 2D interface sdtings and
unconventional 3D virtual/augmented reality sdtings. Through the VICs paradigm, we
have extended the state of the art in reliable gesture recognition and vision-basel interfaces
due to the added structure given in the methodology.

We consider human-computer interaction to be a dialog between the user and the
computer. With the presented techniques the redricti ve mediation thr ough devices like the
mouseis replaced wit h a direct, natural languageof interaction. In the languageof interac-
tion, each atomic gegure correponds to a word. Sequence®f the gestures are analogots to
sentencescommunicated to the computer. We have developed a coherent, linguistic model
that integrates heterogen®us forms of the low-level gesturesinto a single framework; to the
best of our knowledge, this isthe brst model to provide such an integration. The model has
been integrated into our interaction platform, the 4D Touchpad.

In the last part of the dissertation, we discussa region-basel image modeling
technique. We form a conciseand stable image de<ription that is based on detecting
coherent regionsin space, scaleand appearance The imageis analyzedin a s of predebred

feature spaces, which are designedto measire single appeararce attri butes like red-ness
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or stripy-ness We conceptualize the model as a se& of mixture models taking attri butes
from both space and appearance. We present a novel approac to egimating the mixtu re
model (segmenti ng the regions) that is a local, approximation to the MAP solution. Using
techniques from kernel-based optimization and a novel objective function, we extr act the
regions and build the model. The modeling technique is applied to the image matching
problem associated with mapping and localization in unknown ervironmerts for large-scale
interaction. Our experiments show the modeling technique consigently ordersimagebaseal
on overlapping pixel content and is robust to viewpoint changeand ocdusion.

Among other applications, the region-basel image modeling technique can be ap-
plied to the where-am-I problem as we have presented in the dissertation. In future work,
we plan to implement this application. Recall that an interface component mapping must
be established for ead of the interfacecomponerts, and given thi s mapping, th e recognition
techniques presented in Chapters 3 and 4 can be used. Thus, the novelty in this line of
researd is in the study of robust methodsto dynamically establish th e interface component
mapping given a set of overlapping imagesfrom the environmert. Creating the mapping is
tri vial for textur ed, planar surfaces a homography, similar to the one used to calibrate the
4D Touchpad, can be used. However, for higher-order and untextured surfaces it is more
di" cult.

A semnd line of future research would focus on establishing a standard language
of interaction for large-scale mobile interfaces. In particular, we have emphaszed the
importance of the human being able to bring their real-world domain knowledge to the
interaction problem. We are intereged in underganding what real-world protocols are
directly transferable to HCI, and under what circumstanceswould a usea prefer to learn a
novel interaction technique to replacea previously used method.

We are also interested in extending the image modeling work from Chapter 5. In
the current work, the projections are debned using heuristics and are bxed. However, in
the original derivation of the modeling approad, the projections are a part of the region
appearancemodel. Onecan jointly optimize over the projectionsand the region parameters.
A simple casefor such an approad is the pixel-likelihood projecti on, which hasa convenient
parametric form that makes its plausible to include it directly in the optimization .

The problem of registration using segmentation has been addressed by Scha! al-
itzky and Zisseeman [143]. One advantage of kernel-based methods is that the registration

problem can be posed as a continuous optimization debred directly on images We intend
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to invedigate this approach.

In the image modeling, we assume the regions have a uniform prior distribution.
While even with this assumption we are able to adequately summarize image content for
matching and retrieval, the assumption is clearly not true. For example, in natural, outdoor
images, large blue regionsat the top of imagesare more common than largered regionsat
the top. Explicitly modeling the prior distribution could serve multi ple purposes: pbrst, it
could bedirectly incorporated into the model estimation. Second, in classibcationproblems,
a prior distri bution can be modeled on the regions for each imageclass. Then, a novel image
is segnented and the reaultin g regions are tested against the di! erent model classes.
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App endix A

Deriv ation of Ob jective Functi on
In Equat ion 5.16

We show that Equation 5.16

>OK (i, )l (i)?
$2

argmin
W

approximates Equation 5.15

arg#rmi’rl] D K01 $%+ (HZ[' K@i, r)" 1(3i)]>.

Recall p," are the spatial mean and covariance (2D), $, % are the appearance mean and

variance (1D) of the regionr, ' is a scale factor, and |" | is the determinant of " .

A.1 Gaussian Integrals

We use a 2D Gaussan weighting function to spatially represent a region. The

Gaussian function is written

. 1 " 1 on " n
K(ri)= ——exp" 5" W)™ *Xi" w), (A1)
2#|II |2 2
for regionr = {p," } and pixelsi * | ' R?. We approximate the discrete sum
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> K(r,0) (A.2)
il

with the integral

K (r,x)dx, (A.3)
/]

where the integral is over R? and x * R2. This integral is computed in closed-form, and,
sincethe regionsare generally smaller than and contained by the image, th e approximation
captures the majority of the region-area.

First, considerthe one-dimensional Gaussian integral

$ 2
G:/ e &% dx. (A.4)
#$

This integral is solved by squaring it and changing the variables to polar coordinates.

$ $
G?= / exp (" ay?) dy/ exp (" ax?) dx
43 #$

$ /8
= / / exp (" a(x?+ y?)) dydx
#s Jus
2% $
/ d*/ rexp (" ar?)dr
0 0

$

#/ exp(" au) du
0

_#H

a

We have usedthe substitutions x = r cos*, y = rsin*, and, later, u = r?. By taking the

square root, we have the solution to (A.4):

G= /#: exp (" ax?) dx = <#>% (A.5)

Next, consider the 2D Gaussian integral:

Gy = //exp ( x T “x) dx (A.6)
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where the integral is over R2 and x * R2. Since, " #1 is real and symmetric, it can be
deconposed into " #1 = UDUT, where U is an orthogonal matrix of eigewectors of " #1
and D is the diagonal matrix of eigervalues of " #1, by the spedr al theorem[73, Th. 4.1.5]

Let ) 1,) 2 be the elements (eigenvalues) on the diagonal of D.

//exp ( bx T ’“x) dx = //exp ( beUDUTx) dx
= //eXp(" by™Dy ) 13 1dy,

where we have substituted y = UTx and J is the Jacobian matrix of the substituti on.

Denoting the coordinate vectors x = {x1,X2} andy = {y1, Y2},

U1 Yo
J = o/gll 0/9/1
%1 Uz |
%2 W2
By constr uction, the elements of J are the components of the matrix U, which is an orthog-

onal matrix. Thus, |[J| = |U| = 1. Since D is a diagonal matrix, we can dewuple the two
integrals.

exp (" b) kYE) dyk

i~
—

//exp ( byTDy) dy =

=~
1
iy

1
—™
VRS
@:‘ +*
~
~~__
N[

=~
1
iy

N
NI U‘ -
~_

N[

ol ¥ ol *®

(A7)

The lagt line follows because | #1| = [UDUT| = |U||D||UT| = |D].
With (A.5) and (A.7), we can solve (A.3). With out loss of generality assime a

zero mean Gaussan kernel.
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//K(r,x)dx = //11exp ( e #1x> dx
2#" |2 2
1

24|"

24|"

24|"
=1

Nl N[

1
—

N[

Last, we considerthe squared kernel

iZI:K(L r)?3 //K(r,x)zdx

A.2 Derivation

First, we solve for the scale factor in the template term of Equation 5.15.

2
1 " 1 T #1 )
exp( =X X dx
// [2#|" |2 2
1 n Tll #1
eI |//exp( X x) dx
#" |

4#2||| |
1
a#" |2

N[

argm;nZ[' K@, r)" (i)
0= Z[' K(i,r)" 11K, r)

'Y K@, )2= D 1K)

_ SIOK )
T OYK@N?

4" 123 1K (i,r)
3 4#8|" |2.

w
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Next, we simplify Equation 5.15:

arg#rr:lir,] ZK(i, DIGE)2" $2+ (EZ[ K@r)" I(i)]z

arg min STK (i, )12 $7+ (ﬁ [ 23K (i, r)?" 2 $} + const
arg miInZK(i, NIGE)?" $2+ (ﬁ {4#|" 282" 8#|" |%$2] + const
(

1
LA |2$2 + const

4" |2

. . N2 u 2
argrun’ganK(l, N2 $

SK ()2,

2 + const (A.11)

(

argmin
L

We assime that $2 4 0. Finally, we show that Equation 5.16 is a brst-order

approximation to Equation 5.15. We usea spedal cas of the binomial seriesexpansion[178]:

(1 " X)#I‘

S (M
Z_;k

1+ rx + %r(r " 1)x2 + %r(r ")t 2x3+ ...

We have used the Pochhammer symbol (r)x = r(r + 1)...(r + k" 1). The seriescorverges

for |x|] < 1. For thecasr = 1, we have

@" x)*l= 1+ x+x%+ ... (A.12)
Let " = zqg, and write B = %‘l" |%.
n _ n
I
- g#1
= (1" @ B)**

=1+ (1" B)+ (1" B)?+
3"B
. H(

=" |2 (A.13)
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For the binomial expansion we must ensure |(1" B)| < 1. We derive bounds for ( to ensure
0< B < 2. Note |" |% > 0,and n > 0. The lower bound is clearly ( > 0. The upper bound

derivation follows:

B<2
4#;(|" |7 < 2
n
n. .t
(< 5l" 12 (A.14)

Assuming (A.14), (A.13) showsthat the objectiv e functi on dePnedin Equation 5.16

is an brst-order approximation of Equation 5.15.

A.3 Discussion

We discuss the bound (A.14) given in the previous section to show that the ap-
proximation holds in our experiments (Sedion 5.7). Recall n is the number of pixels in
the image, which is on the order of 10°. We implement (5.16) with the " multip lier s& to
1. Then, by deprition, ( = % Given the bound (A.14), we can determine for what size

regions thi s approximation holds, i.e. we get a bound for |" |%:

N

N

<"z (A.15)

ol e RS

Therefore, the approximation holds for all but extremely small regions. Since the unit is

the pixel, the lower bounds roughly correspondsto regionsthat are smaller than a pixel.
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