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Abstra
tRe
ent approa
hes to providing users with a more natural method of intera
ting with 
om-puter appli
ations have shown that more than one mode of input 
an be both bene�
ialand intuitive as a 
ommuni
ation medium between humans and 
omputers. Two modali-ties in parti
ular, whole-hand and spee
h input, represent a natural form of 
ommuni
ationthat has been ingrained in our physi
al and mental makeup sin
e birth. In this thesis, weinvestigate the use of whole-hand and spee
h input in virtual environments in the 
ontextof two appli
ations domains: s
ienti�
 visualization and interior design. By examining thetwo modalities individually and in 
ombination, and through the 
reation of two appli
a-tion prototypes (Multimodal S
ienti�
 Visualization Tool and Room Designer), we presenta number of 
ontributions in
luding a set of interfa
e guidelines and intera
tion te
hniquesfor whole-hand and spee
h input.
iii
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Chapter 1Introdu
tionIntera
tion represents one of the most important 
omponents in virtual environment1 (VE)appli
ations; there have been many interfa
e devi
es, te
hniques, and models that havebeen resear
hed and analyzed for the purpose of �nding usable and robust VE interfa
es.One interfa
e style that has shown potential in 
reating useful and robust interfa
es ismultimodal intera
tion. Although multimodal interfa
es have existed in 
omputer UI'ssin
e the early 1980's with Bolt's \Put That There" system [13℄, they have only re
ently(sin
e the early 1990's) begun to be examined and in
orporated in virtual environmentsand other 3D appli
ations.2There are many di�erent types of individual modalities that 
an be 
ombined to formmultimodal interfa
es [27, 76, 144℄. Two of the most interesting are whole-hand and spee
hinput, sin
e these modalities represent a natural form of 
ommuni
ation that has beeningrained in our physi
al and mental makeup sin
e birth. On a person-to-person level,humans use these modalities in everyday 
onversation, so an interesting question arises asto the best way to use whole-hand and voi
e input in virtual environments on a human-to-
omputer level.1.1 Obje
tiveThe main obje
tive of this thesis is the development of a set of pra
ti
al guidelines andintera
tion te
hniques for using whole-hand and spee
h input in virtual environment appli-
ations. We fo
us on two domains, 3D s
ienti�
 visualization and interior design, with the1Virtual environment and virtual reality are used synonymously throughout this do
ument.2One 
ould 
onsider Bolt's system a VE appli
ation sin
e users are pla
ed in front of a large rear-proje
teds
reen and intera
t using magneti
 tra
kers. However, \Put That There" was a 2D appli
ation and hadno stereos
opi
 viewing. 1



2hope that the guidelines and te
hniques reported 
an extend into other VE appli
ations.In order to a
hieve this obje
tive, it is important to understand not only how whole-hand and voi
e input 
an work together, but also how they 
an and have been used inunimodal virtual environment interfa
es. An understanding how to improve upon theseindividual modalities inherently strengthens them when they are 
ombined multimodally.Therefore, this work also analyzes the issues involved with using whole-hand and spee
hinput in isolation resulting in the development of a number of solutions to problems withthese individual modalities.1.2 ContributionsThe 
ontributions in this work are presented under four 
ategories whi
h are:1. Intera
tion Analysis� A survey into the issues involving whole-hand input with spe
i�
 interest inposture and gesture re
ognition� A 
lassi�
ation s
heme for the information gathered with whole-hand input� A 
lassi�
ation of spee
h input methods with a dis
ussion of the problems andtheir solutions for using spee
h re
ognition2. Input Devi
es� Flex and Pin
h input { a hybrid whole-hand input devi
e3. Intera
tion Te
hniques� A framework for 
ombining whole-hand input and spee
h into a multimodalinterfa
e� A dis
ussion and implementation of interfa
e te
hniques integrating both whole-hand and spee
h input4. Appli
ations� A 
uid 
ow visualization appli
ation� A 
on
eptual modeling (furniture layout) appli
ation



31.3 Reader's GuideSin
e many of the 
hapters in this thesis 
ontain ba
kground information and novel work,this se
tion presents the reader with a brief des
ription of ea
h 
hapter's 
ontents and iden-ti�es novel se
tions in parentheses.Chapter 2 { Dis
usses the use of whole-hand input in virtual environments and priorwhole-hand data taxonomies, presents the geometri
al/topologi
al whole-hand input 
las-si�
ation s
heme (Se
tion 2.3), details on Flex and Pin
h input (Se
tion 2.4), and dis
ussessome improvements to existing whole-hand intera
tion te
hniques (Se
tions 2.5).Chapter 3 { Dis
usses the problems and issues asso
iated with spee
h re
ognition in virtualenvironment appli
ations and presents methods for solving these problems (Se
tion 3.3).Chapter 4 { Dis
usses the 
ombination of whole-hand input and spee
h in multimodalinterfa
es and identi�es a number of advantages (Se
tion 4.3) for using multimodal inter-a
tion in virtual environment appli
ations.Chapter 5 { Presents the hardware 
on�gurations and software framework (Se
tion 5.2)used in implementing the two appli
ations des
ribed in Chapter's six and seven.Chapter 6 { Dis
usses the motivation, features, intera
tion te
hniques (Se
tion 6.1), andqualitative evaluation of a s
ienti�
 visualization appli
ation for viewing 
ow around adataset.Chapter 7 { Dis
usses the motivation, features, intera
tion te
hniques (Se
tion 7.2), andqualitative evaluation of a room layout/interior design appli
ation whi
h allows users topopulate naive environments.Chapter 8 { Presents a set of guidelines for using whole-hand input and spee
h in virtualenvironments (Se
tion 8.1) and a summary of the novel and improved intera
tion te
hniques(Se
tion 8.2).Chapter 9 { Presents 
on
lusions and areas for future work.



4Appendix A { Presents an introdu
tion to the 
on
epts and 
riteria used in des
ribinghand postures and gestures.Appendix B { Dis
usses the requirements for hand posture and gesture re
ognition. Itdes
ribes the two main solutions for 
olle
ting the required data to perform re
ognition, theglove-based solution and the 
amera- or vision-based solution, and looks at the advantagesand disadvantages of ea
h (Se
tion B.4).Appendix C { Des
ribes the various feature extra
tion and 
lassi�
ation algorithms used inhand posture and gesture re
ognition, and dis
usses the advantages and disadvantages ofea
h (Se
tions C.1 and C.2).Appendix D { Des
ribes the 
omponents and design de
isions made for the Flex and Pin
hele
troni
s unit.



Chapter 2Whole-Hand InputWhole-hand input presents a method of intera
tion whi
h allows users to dire
tly 
ontrol
omputer appli
ations with their hands. In almost all 
ases, users intera
t and 
ontrol theseappli
ations with some type of hand posture or gesture, where a posture is 
onsidered to bea stati
 pose while a gesture is a dynami
 movement1. In virtual environments, there hasbeen a signi�
ant amount of work in using whole-hand input to 
ontrol VE appli
ations.The majority of these te
hniques use either pointing, grabbing, or pin
hing to intera
t inthe VE.2.1 Previous Work Using Whole-Hand Input in VEsIn virtual environments, usually the three most important types of intera
tion that the user
an perform are navigation through the VE, obje
t sele
tion and manipulation, and obje
t
reation. With whole-hand input instead of other less dire
t interfa
es, it has been shownthat users 
an perform these tasks in a more natural, intuitive, dire
t, and eÆ
ient manner[134℄. Many of these te
hniques use hand postures and gestures that humans use in the realworld whi
h would not be possible with other less dire
t interfa
e devi
es.Among the many te
hniques for navigation is the use of hand gestures for 
ying throughthe VE. Mine [95℄ developed a two-handed 
ying metaphor where users point in the dire
tionthey want to go by 
reating a ve
tor between the two hands, with the distan
e between thehands being used to 
ontrol velo
ity. Mine also developed the s
aled-world grab navigationte
hnique in whi
h users grab an obje
t in the desired lo
ation and pull themselves tothat lo
ation. This te
hnique provides two important bene�ts. The �rst is that users 
an1See Appendix A for hand posture and gesture de�nitions.5



6rea
h any visible destination in one gesture, and the se
ond allows them to view the obje
tfrom all sides by simply twisting the wrist while still in grab mode. Another approa
h tonavigation is virtual walking developed for Multigen's SmartS
eneTM appli
ation [87, 98℄.With this te
hnique, users pull themselves through the environment by pin
hing spa
e, onehand after the other. When they pin
h with both hands simultaneously, rotation, s
aling,and translation operations 
an be performed with one movement.The most traditional methods for sele
ting and manipulating obje
ts are pointing, rea
h-ing, grabbing, and pin
hing. Sturman, Zeltzer and Pieper [134℄ not only explored the useof pointing and grasping postures and gestures for obje
t sele
tion and manipulation, butalso the use of hand postures as logi
al buttons and of hand gestures for menu operationsand sliders. Davis [33℄, and Bryson [20℄ have also used pointing and grabbing for obje
tintera
tion in VEs. In another approa
h, Pier
e's image plane intera
tion te
hniques [111℄used four distin
t hand postures for obje
t sele
tion and manipulation in
luding a liftingpalm posture (see Figure 2.1), a two-handed framing posture (see Figure 2.2), a single out-stret
hed �nger, and a head 
rusher posture2. Rehag and Kanade have also used handposture and gesture re
ognition to 
reate a 3D mouse for obje
t manipulation in a virtualenvironment [120℄.
Figure 2.1: The Lifting Palm obje
t sele
tion te
hnique.Whole-hand input also has advantages for obje
t 
reation in VEs sin
e the user 
andire
tly 
reate obje
ts with the hands. For example, Krueger's VIDEODESK system allowsusers to 
reate 2D and 3D obje
ts by using the silhouette of the hand and pointing [73℄.Weimer and Ganapathy use hand gestures to 
reate B-spline-based 3D models [148℄, and2The head 
rusher posture has the user pla
e the thumb and fore�nger around the desired 2D image ofthe 3D obje
t to be sele
ted.
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Figure 2.2: The Framing Hands obje
t sele
tion te
hnique.Utsumi uses stati
 hand postures to 
reate simple 3D geometri
 primitives [139℄. In addition,S
hkolne and S
hr�oder [124℄ use hand motions to form 
on
eptual 3D shapes.2.2 Whole-Hand Input Classi�
ation SystemsAnother area of work, whi
h does not dire
tly pertain to whole-hand input in VEs but whi
hnevertheless is still an important topi
, is the 
lassi�
ation of various types of whole-handinput that users 
an perform. These 
lassi�
ation systems and taxonomies are bene�
ialbe
ause they provide a basis for understanding how humans 
ommuni
ate with whole-handinput from psy
hologi
al and physiologi
al perspe
tives. This understanding fa
ilitatesmappings between human postures and gestures, and 
omputer intera
tion. The mappingsaid resear
hers in designing appli
ations that use whole-hand input and provide a groundingfor dis
ussion.2.2.1 Sturman's Whole Hand Input TaxonomySturman's Whole Hand Input Taxonomy [132℄ is designed as a mapping between 
ategoriesof hand a
tions and their interpretations. A

ording to Sturman,Hand a
tions are de�ned as position, motion, and for
es generated by the hand.The interpretation of hand a
tions are the fun
tional interpretation made bythe user and/or the appli
ations of the hand a
tions.



8Hand a
tions fall into two 
ategories: 
ontinuous features and dis
rete features. Continuousfeatures are based on the degrees of freedom of the hand and in
lude su
h 
ontinuousquantities as �ngertip position, joint velo
ities, and dire
tion of motion. Hand gestures fallinto this 
ategory, as do the for
es on the pads of the �ngers and palm. Dis
rete featuresare based on stati
 values of the features of the hand. Hand postures, su
h as a �st or apointing posture, fall into the dis
rete feature 
ategory.Interpretation of hand a
tions is divided into three 
ategories: dire
t, mapped, andsymboli
. In dire
t interpretation, the user is physi
ally intera
ting with the virtual worldas if it were the real world (e.g., when users grab a virtual world obje
t and pla
e it on avirtual table in the same way they would grab a real 
o�ee mug and pla
e it on a real table).Dire
t interpretation also in
ludes intera
tion in whi
h the hand mimi
s the a
tions of the
ontrolled obje
t. In a mapped interpretation, data from the hand is mapped to some virtualinput devi
e su
h as a button or slider; su
h as the 
exion of the index �nger to manipulatea slider that 
hanges an intero
ular distan
e parameter for stereos
opi
 viewing. Finally, insymboli
 interpretation, users spe
ify a hand posture or gesture that is 
ognitively mappedto some fun
tion or task. For example, a series of hand gestures 
an signify a token streamused in the re
ognition of Ameri
an Sign Language (ASL).Using the two 
ategories of hand a
tion and the three 
ategories of interpretation, Stur-man derives six 
ategories that 
lassify whole-hand input:Continuous/Dire
t. Continuous hand data is mapped to a kinemati
ally similar a
tion:a graphi
al hand follows a user's real hand motion.Continuous/Mapped. Continuous hand data is mapped to some logi
al input devi
e:�nger movements map to mouse 
ursor movements.Continuous/Symboli
. The appli
ation interprets 
ontinuous hand data and determinesthe user's intention: in navigating through a virtual environment, waving the hand or �ngersin a parti
ular dire
tion to indi
ate motion in that dire
tion.Dis
rete/Dire
t. Dis
rete hand data or a hand posture is mapped to a dire
tly manip-ulative task: Sturman 
laims that this 
ategory is rarely used ex
ept in appli
ations su
has dire
t robot 
ontrol.Dis
rete/Mapped. Dis
rete hand data is mapped to a dis
rete a
tivation level: an obje
tis animated as long as the user makes a �st.



9Dis
rete/Symboli
. Dis
rete hand data is used to generate 
ommands in an appli
ation:a user makes a halt posture to make an obje
t stop moving.2.2.2 MIT AHIG's Gesture Classi�
ation SystemThe AHIG gesture 
lassi�
ation system was �rst dis
ussed in Wexelblat [150℄ and is also in-dire
tly dis
ussed in Cassell [24℄ and Wilson et al. [151℄. AHIG's 
lassi�
ation system startsfrom the idea that previous gesture 
lassi�
ation systems, su
h as Efron's [38℄, Kendon's[66℄, and Nespoulous and Le
ours' [101℄, are oriented to the psy
hologi
al domain and donot ne
essarily apply to 
omputer appli
ations. The system is broken up into �ve major
ategories:Symboli
/Modalizing. Symboli
 gestures are essentially hand postures used to repre-sent an obje
t or 
on
ept, and are always dire
tly mapped to a parti
ular meaning: forinstan
e, the `thumbs up' posture means that everything is okay. Modalizing gestures aregestures used in 
onjun
tion with another input modality (e.g., spee
h). For example, inasking whether someone had seen a parti
ular person, extending the hand out at a 
ertainlevel 
ould indi
ate the person's height.Pantomimi
. Pantomimi
 gestures involve using the hands to represent a task or in-tera
tion with a physi
al obje
t. Users making this type of gesture mimi
 an a
tion theywould do if they were a
tually intera
ting in the real world: for example, making a swinginggesture with the hands to indi
ate hitting a baseball with a bat.I
oni
. I
oni
 gestures are gestures that represent an obje
t. The hands be
ome theobje
t or obje
ts dis
ussed. These gestures are usually performed to a
t out a parti
ularevent in whi
h the representative obje
t is the fo
al point, su
h as someone pretending todrive a 
ar.Dei
ti
/Lako�. Dei
ti
 gesture or pointing gestures are used to indi
ate a parti
ular ob-je
t. The other type of gesture in
luded in this 
ategory are Lako� gestures [75℄, asso
iatedverbal utteran
es that spe
ify a parti
ular metaphor su
h as happiness or anger. A gestureusually a

ompanies these utteran
es to show the dire
tionality of the metaphor.Beat/Butterworth's/Self-adjusters. Beats are gestures used for emphasis, espe
iallywhen used with spee
h. Beat gestures 
an help speakers emphasize parti
ular words or
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on
epts and also help dire
t the listener's attention. Butterworth gestures [22℄ are similarto beats ex
ept they are primarily used to mark unimportant events. The 
lassi
 exampleof a Butterworth gesture is `hand waving' as a pla
eholder for speaking when one is stillthinking about how to say something. Finally, self-adjusters are gestures people make whenthey �dget: for example, when one taps a �nger or moves a foot rapidly.2.3 Geometri
al/Topologi
al Hand Data Classi�
ationAlthough the 
lassi�
ations systems des
ribed in the previous se
tion are useful for pro-viding mappings between human postures and gestures and 
omputer interfa
es, they aretheoreti
al in nature and, as a result, are not useful to UI developers when it 
omes topra
ti
al implementations. Therefore, what is required is a more pra
ti
al 
lassi�
ations
heme that would take into a

ount some of the more \implementation spe
i�
" detailssu
h as input devi
es. Based on this argument and on the analysis of hand posture andgestures found in Appendi
es B and C, we developed a simple, yet pra
ti
al 
lassi�
ations
heme whi
h 
ategorizes whole-hand input data as shown in Figure 2.3. We found thatwhole-hand input 
an be des
ribed in two ways; through geometry and through topology,and this 
ategorization led to the development of the Flex and Pin
h input system (seeSe
tion 2.4).
Topological

Geometrical

Non-invasiveInvasive

NT

IG NG

IT

Figure 2.3: The Geometri
al/Topologi
al hand data 
lassi�
ation s
heme. The letters insidethe quadrants are a
ronyms for a parti
ular 
omponent. For example, NT stands for a non-invasive approa
h using topologi
al data while IG-IT stands for an invasive approa
h whi
huses both geometri
al and topologi
al data.There are two basi
 approa
hes to using whole-hand input in virtual environments. The



11non-invasive approa
h uses vision-based tra
king [74℄ so the user is not physi
ally atta
hedto the 
omputer. The invasive approa
h uses a glove-based devi
e or devi
es to extra
tinformation from the hands. In ea
h approa
h, we 
an extra
t two di�erent types of data,namely geometri
al data and topologi
al data. Geometri
al data represents informationabout the hand's shape, lo
ation, and orientation, while topologi
al data provides informa-tion about how the �ngers tou
h ea
h other, other parts of the hand, and any stru
ture inthe physi
al environment. Although a non-invasive approa
h may be preferred, it is diÆ
ultto extra
t both geometri
al and topologi
al information due to problems with 
omputer vi-sion, su
h as o

lusion. Therefore, we fo
us on the invasive approa
h instead, quadrants ITand IG.With the invasive approa
h, two types of glove-based input devi
es have been developed.The �rst, bend-sensing gloves [103, 142, 155℄ (the IG quadrant), measure �nger joint move-ment, and se
ond, the Pin
h Glove [42, 87℄ (the IT quadrant), dete
t ele
tri
al 
onta
tsbetween ea
h of the �nger tips. Unfortunately, both bend-sensing and pin
h gloves havefaults when used in isolation. Bend-sensing gloves are good at extra
ting geometri
al infor-mation whi
h enables them to represent the user's hands in the virtual environment. They
an be used to mimi
 interfa
e widgets su
h as sliders and dials [131℄, but do not have usefulmethods for signaling the a
tivation or dea
tivation of the widget. Bend-sensing gloves arealso used in 
onjun
tion with hand posture and gesture re
ognition, but it 
an be diÆ
ultto determine when one gesture begins and another ends without applying 
onstraints to theuser's gesture spa
e [132℄. Conversely, Pin
h Gloves provide a series of button widgets thatare pla
ed on ea
h �nger tip whi
h allows for the extra
tion of topologi
al data for intera
-tions, su
h as pin
hing postures. However, they have no way of determining the 
exing ofthe �ngers and they make it diÆ
ult to represent the hand in a virtual environment.There have been few attempts to 
ombine the two types of information that ea
h typeof data glove provides. With the ex
eption of Grimes' Digital Data Entry Glove, whi
h wasdeveloped spe
i�
ally for entering text using the Single Hand Manual Alphabet [54℄, theauthor knows of no other work done with 
ombining dis
rete and 
ontinuous whole handinput devi
es to extra
t both geometri
al and topologi
al data simultaneously.2.4 Flex and Pin
h InputIn order to develop an interfa
e that spans the IG and IT quadrants of the geometri-
al/topologi
al 
lassi�
ation s
heme, we built a hardware prototyping system for testing



12and evaluating di�erent interfa
e designs. The hardware system provides a number of ben-e�ts in that it employs a plug and play strategy for qui
kly adding and removing buttonwidgets or their 
omponents. Our system enables users to in
orporate up to 16 
loth sensorsin a wearable interfa
e. Condu
tive 
loth [86℄ sensors3 provide two important fun
tions:�rst, ea
h sensor knows when it 
omes in 
onta
t with another sensor and spe
i�
ally whi
hother sensor it 
onta
ts, se
ond, the nature of the 
loth lends itself for use on gloves or
lothing.Using our prototyping system, we 
onstru
ted a devi
e based on the Fakespa
e Pin
hGlove [42℄. As a hardware input devi
e4, it provides more fun
tionality than the Pin
h Glovesin
e it uses eight 
loth buttons instead of �ve whi
h allows for more button 
ombinations.In general, �ve of these 
loth buttons 
an be pla
ed around ea
h of the �nger tips, whilethe other three 
an be pla
ed arbitrarily about the hand. This 
on�guration represents oneof many possible 
ombinations for pla
ement of the 
loth buttons. The devi
e 
ould beworn with anywhere from two to 16 
loth buttons of any shape or size. In addition, the
loth buttons 
an also be pla
ed on other obje
ts in the physi
al environment su
h as a
ontrol panel for issuing 
ommands or entering numbers. This robustness presents a 
learadvantage over other in
exible input devi
es. Using this devi
e, we 
an augment existingbend-sensing gloves to 
reate Flex and Pin
h input whi
h seamlessly integrates geometri
aland topologi
al hand data (see Figure 2.4).2.5 Intera
tion Te
hniques Using Flex and Pin
h InputWith Flex and Pin
h input, we 
an improve on a number of existing te
hniques for sele
tingobje
ts in virtual environments and 
reate new te
hniques that 
ould not be developedwithout the 
ombination of geometri
al and topologi
al data. For example, one of themajor problems with image plane intera
tion te
hniques (see Se
tion 2.1) su
h as the head
rusher, sti
ky �nger, lifting palm, and framing hands obje
t sele
tion te
hniques [111℄ isthat the user 
annot a
tivate the sele
tion with the primary hand. As a result, the userrequires an additional, separate input devi
e for triggering the sele
tion operation.Flex and Pin
h input provides a simple yet e�e
tive and seamless method for startingand stopping obje
t sele
tion by pla
ing the 
loth buttons in appropriate pla
es on theuser's primary hand. For example, with the head 
rusher te
hnique, we 
an pla
e the3These 
loth sensors were made by hand using pat
hes of 
ondu
tive 
loth atta
hed to wires whi
h werefed into an ele
troni
s unit.4See Appendix D for a des
ription of the ele
troni
s unit.



13
Figure 2.4: The Flex and Pin
h input system. The 
loth 
onta
ts represent the \pin
h"part of the devi
e 
olle
ting dis
rete topologi
al data while the glove represents the \
ex"part 
olle
ting 
ontinuous geometri
al data. Although a CyberGlove [142℄ is shown, anybend-sensing glove 
an be used.
loth buttons on the thumb and middle �nger so when the user positions the thumb andfore�nger around the obje
t a middle �nger to thumb 
onta
t will signal the obje
t shouldbe sele
ted. Another button press would signal the release of the obje
t. The 
loth 
onta
ts
an be pla
ed in other positions su
h as on the middle �nger and on the palm by the baseof the thumb or on the right side of the index �nger and the left side of the middle �nger(see Figure 2.5).In a similar manner, 
loth 
onta
ts are pla
ed on the hand for the sti
ky �nger and liftingpalm (see Figure 2.6 te
hniques to start and stop obje
t sele
tion while 
loth 
onta
ts arepla
ed on both hands for the framing hands sele
tion te
hnique. Figure 2.7 shows the HeadCrusher te
hnique with pla
ement of the 
loth 
onta
ts between the fore�nger and middle�nger.Another method that has been used for sele
ting obje
ts in virtual environments is tosele
t a given obje
t by 
asting a laser into the s
ene from the user's hand [59℄. As withthe image plane te
hniques, the problem with laser pointing is that it is diÆ
ult to startand stop the sele
tion with only one input devi
e. For example, one laser pointing obje
tsele
tion method uses a point and 
lut
h posturing me
hanism to sele
t obje
ts in a virtualenvironment where 
lut
hing is performed by 
exing the thumb [76℄. The problem withusing this 
lut
hing me
hanism is that in order to a
hieve robust re
ognition, the user mustmake postures using extreme 
on�gurations of the hand whi
h puts undo strain on the
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Figure 2.5: Two examples of how the 
loth 
onta
ts 
an be pla
ed on the hand when usingthe head 
rusher obje
t sele
tion te
hnique.
Figure 2.6: An example of how the 
loth 
onta
ts 
an be pla
ed on the hand using thelifting palm obje
t sele
tion te
hnique.two tendons in the thumb. Using Flex and Pin
h input we 
an alleviate this problem bypla
ing 
loth 
onta
ts on the thumb and on the right side of the middle �nger as shown inFigure 2.8. This provides a mu
h more natural movement and puts no strain on the thumbtendons5.5One 
ould argue that the user 
ould make a posture that is identi
al to the user's hand 
on�guration
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Figure 2.7: A user wearing the Flex and Pin
h input devi
e is about to invoke the head
rusher obje
t sele
tion te
hnique on a round table. By pla
ing his middle and index �ngertogether, as shown in the drawing, the user 
an a
tivate the sele
tion operation and movethe table.
Figure 2.8: A user pointing at and sele
ting a desk in the virtual environment. The usermakes the sele
tion by pressing the thumb to the right side of the middle �nger as shownin the drawing.Bend-sensing gloves have the 
apability of being used as analog sliders sin
e these glovesreport 
ontinuous measurements of the joint angles in the hand. However, used in isolation,when using Flex and Pin
h input. However, hand gesture and posture re
ognition is not perfe
t, and ifthe hardware is working properly, the pin
hing me
hanism will provide 100 per
ent a

ura
y.



16it 
an be diÆ
ult to determine when the user wants to a
tually use one of the �ngers as aslider widget. Using Flex and Pin
h input, a seamless transition between the dis
rete eventsfrom the 
loth 
onta
ts and the 
ontinuous updating from the bend sensors 
an be madewhi
h provides a me
hanism for a
tivating and dea
tivating the sliders when needed. Forexample, we 
an 
y
le through menu items with a �nger6. A button press 
reates the menuand as the button is held, users 
an 
y
le through the menu items by 
exing or extendinga �nger. If users do not wish to sele
t an item, they need to release the button when their�nger is fully extended or fully 
exed. We are 
urrently exploring how many menu itemsa user 
an easily invoke using this te
hnique. Using the same 
on�guration we also 
an
hange an obje
t's s
aling, translational, and rotational parameters.Finally, an important bene�t of using the pin
h 
omponent of Flex and Pin
h is thatit gives appli
ation developers a method to test out di�erent hand postures and gestures.In many 
ases, when developers want to test a new hand posture or gesture, they have toretrain their gesture re
ognition algorithms [43℄ whi
h 
an be time 
onsuming. The pin
h
omponent of Flex and Pin
h input allows them to qui
kly move 
loth 
onta
ts from onepart of the hand to another without having to 
hange any software 
omponents or restart theappli
ation. This allows appli
ation developers to qui
kly test the feeling and ergonomi
sof 
ertain hand postures and gestures. Also, with the ability to move the 
loth 
onta
tsanywhere on the hand, we 
an 
reate whole-hand interfa
es that 
ould not be implementedwhen using either a bend-sensing glove or the Pin
h Glove separately.
6In this 
ase, one 
loth 
onta
t is pla
ed on the thumb while the se
ond is pla
ed on the left side of thefore�nger between the proximal interphalangeal and meta
arpophalangeal joints (see Figure B.1 for ades
ription and the lo
ation of these joints).



Chapter 3Spee
h InputOver the past several years, spee
h re
ognition te
hnology has advan
ed to the point wherespee
h input has be
ome a viable intera
tion mode in 
omputer interfa
es. This modehas important uses in 
ommand and 
ontrol, telephony, di
tation, and other appli
ations.Spee
h interfa
es are not only powerful in desktop appli
ations, but they also show a greatdeal of promise in virtual environment appli
ations sin
e spee
h 
an be used to repla
etraditional desktop input devi
es1 su
h as the keyboard and mouse buttons. Althoughthere has been some previous work using spee
h input in virtual environments appli
ations[13, 47, 87, 148℄, it a relatively new intera
tion style with respe
t to VEs. As a result,there are a number of problems that arise when using spee
h re
ognition systems in virtualenvironments. This 
hapter identi�es some of these problems, presents solutions for solvingthem, and dis
usses their pros and 
ons.3.1 Types of Spee
h Input SystemsThere are two basi
 types of spee
h re
ognition systems; the speaker-dependent and thespeaker-independent system [122℄. A speaker-dependent system requires the user to trainon a set of words so that the re
ognizer adapts to that parti
ular voi
e. The advantagesof a speaker-dependent system are that the more the user trains the system, the better there
ognition a

ura
y (to a point), and other voi
es in the physi
al surroundings usually donot get re
ognized. However, the disadvantages of a speaker-dependent system are thatit 
an be very time 
onsuming to train to a satis�able a

ura
y and, as a result of thetraining requirement, the ability for a user to qui
kly start using the system is limited.1These traditional devi
es are not typi
ally found in immersive virtual environments.17



18In 
ontrast, a speaker-independent system requires no training for a parti
ular user whi
hpresents an advantage in that anyone 
an start using the system at any time. However,sin
e a speaker-independent system is not trained to a user's parti
ular voi
e, any noisefrom the surrounding environment is treated as a possible spee
h utteran
e, whi
h 
an
ause undesirable e�e
ts.Within speaker-independent and -dependent spee
h re
ognition systems, there are twoprin
ipal re
ognition modes that exist. The �rst is 
alled isolated word re
ognition andthe se
ond is 
ontinuous word spotting [122℄. With isolated word re
ognition the usermust distin
tly pause between word utteran
es. This approa
h is easier to implement butis not the way humans naturally speak. The 
ontinuous word spotting mode is a mu
hmore natural way for users to issue spee
h 
ommands sin
e no distin
t pauses are required.However, it is mu
h more diÆ
ult to implement sin
e the re
ognition engine must be ableto dete
t separate words, without arti�
ial pauses to separate them.3.2 Pra
ti
al Issues with Spee
h InputThe ultimate goal with spee
h input is to let users speak to the 
omputer in the sameway that they speak to human beings. Even with the most a

urate spee
h re
ognitionsystems this goal is extremely diÆ
ult to a
hieve. Current spee
h re
ognition engines, su
has the BBN Hark system or Dragon System's NaturallySpeakingTM have the ability toprovide re
ognition a

ura
y levels in ex
ess of 95 per
ent when used in 
ontrolled settings.However, there still are a number of environmental issues that 
ome into play when dealingwith spee
h input that are both dire
tly and indire
tly related to the spee
h re
ognitionitself.Spee
h Dire
tion. One of the most important issues is how to let the 
omputer knowthat the user is speaking to it versus speaking to someone else either in the physi
al envi-ronment or the virtual environment. One possible method is to use a push-to-talk interfa
ewhere users must somehow signal the 
omputer they are going to speak to it (push-to-talkinterfa
es are dis
ussed in the next se
tion).Mi
rophone Pla
ement. The mi
rophone 
an be pla
ed on the user via headset orlavalier or somewhere in the physi
al environment. Pla
ing the mi
rophone on the userhas the advantage that its 
lose to the user's mouth whi
h allows for a 
learer input signalto the re
ognition engine and allows the user to speak at a normal or even soft volume.



19However, users have to wear the devi
e and this adds to the list of input devi
es they arealready wearing in a non-vision-based virtual environment. The alternative to wearing themi
rophone is to pla
e it somewhere in the physi
al environment. This approa
h gets themi
rophone o� the user's body but presents another set of problems. With the mi
rophonein the physi
al environment, users will either have to speak at a volume higher than theywant or the mi
rophone will have to be very sensitive. Unfortunately, a sensitive mi
rophoneis mu
h more sus
eptible to ba
kground noise.External Noise. External noise represents a major obsta
le in using spee
h input sin
eit 
an distort the input signal and 
ause the re
ognition engine to re
ognize utteran
esthat it was not supposed to and fail to re
ognize those that it should. This noise 
an
ome from a variety of sour
es su
h as talking in the physi
al environment and noise fromrunning ma
hines. In the 
ase of virtual environments, magneti
 tra
king devi
es emit alow frequen
y signal whi
h mi
rophones 
an pi
k up. In these situations, this low frequen
ysignal will send a 
ontinuous stream of noise to the re
ognition engine 
ausing problems.Re
ognition Laten
y. Spee
h re
ognition laten
y represents the time between the inpututteran
e and output of the re
ognition engine. Re
ognition laten
y 
an severely hamperthe use of the system espe
ially when intera
tive virtual environments are 
on
erned. Inmany 
ases, re
ognition laten
y is proportional to the size of the input vo
abulary sin
e there
ognition engine has more possibilities to 
onsider.3.3 Spee
h Input SolutionsWhen dealing with solutions to these spee
h input issues, trade-o�s must be made betweena natural, humanisti
 style of spee
h and a more 
omputerized style of intera
tion. Thekey, of 
ourse, is to �nd a 
ommon ground between the two so that spee
h input 
an bea natural method of intera
tion and work robustly and a

urately in the presen
e of theseproblems.Spee
h Dire
tion Solutions. As stated in the previous se
tion, a push-to-talk interfa
eis an obvious solution to solving the spee
h dire
tion problem, but the interfa
e's implemen-tation is not so obvious. There are many possible approa
hes to implementing a push-to-talkinterfa
e. For example, we 
an use a foot pedal whi
h users depress every time they wantto speak to the 
omputer. The problem with this approa
h is that, �rst, it in
reases the
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ognitive load sin
e users have to remember to push down the foot pedal every time theywant to speak, and, se
ond, a foot pedal will not work in all virtual environments2. Toget around the problems with foot pedals in 
ertain types of virtual environments, we 
ansimply have users press a button worn on their person. However this does not solve thein
reased 
ognitive load issue.Another approa
h to implementing the push-to-talk interfa
e is to have the user's gazetra
ked with either vision tra
king or, more 
rudely, with a worn tra
king devi
e (a Polhemustra
ker for example) so that an \a
tive" region 
an be spe
i�ed. Whenever users are lookingat this a
tive region, they 
an issue spee
h 
ommands to the 
omputer. While the gaze-dire
ted approa
h will be transparent to the user in some situations, this solution also has anumber of faults. For example, it may fail in 
ollaborative settings when the user wishes tospeak to someone else other than the 
omputer. As in natural 
ollaborative intera
tion, theuser may turn to look at the 
ollaborator before speaking or may forget the \a
tive" zoneis there and speak to the 
ollaborator while still gazing into the zone. In this 
ase, the usermust, on
e again, in
rease his/her 
ognitive load by remembering to always turn towardsthe 
ollaborator when speaking to that individual. Another problem with the gaze-dire
tedapproa
h is that it also 
an fail in virtual environments whi
h use large and/or panorami
display devi
es. With these devi
es, the \a
tive" zone must be large enough so users 
anlook at all the parts of the display and still issue spee
h 
ommands.A fourth approa
h to implementing a push-to-talk interfa
e is to let users tell the 
om-puter when to listen. With this type of interfa
e, the user has start and stop keywordswhi
h tells the spee
h re
ognition engine to pay attention to the user's utteran
e's or not.Due to the nature of the implementation, it avoids many of the problems the previous ap-proa
hes had due to virtual environment issues. However, it still adds to the 
ognitive loadsin
e users must remember to tell the 
omputer whether or not to listen to their spee
h. Inaddition, false positive re
ognition 
an o

ur.3The best approa
h to implementing a push-to-talk interfa
e is to embed the \push"part of push-to-talk into an existing intera
tion te
hnique so that it is transparent to theuser. With this approa
h we take advantage of the fa
t that the user is already using someme
hanism to trigger intera
tions in the virtual environment. We piggyba
k the \push"part of push-to-talk onto these me
hanisms without in
reasing the user's 
ognitive load.2The foot pedal fails in 
ases su
h as the Cave where a display surfa
e exists on the 
oor and with head-mounted displays where the user 
annot see the physi
al environment. Foot pedals would be appropriatefor VEs that use workben
h style displays.3For example, the re
ognizer thinks the user said \Computer Start Listening" when he/she really didn't.



21This approa
h has been used in systems su
h as Qui
kSet [27℄ where spee
h re
ognitiona
tivates whenever the user tou
hes a stylus to the s
reen but has not been used in virtualenvironments. In another example, if users want to instantiate an obje
t and pla
e it inthe VE, they 
an point to the pla
e they want the obje
t to go and, in the a
t of pointing,(triggered by a gesture or a button press for example) a
tivate the spee
h re
ognition. Whenthey stop pointing spee
h re
ognition moves into non-a
tive mode again. This approa
hworks well (it is used in Room Designer, des
ribed in 
hapter 7), gets 
lose to the naturalisti
style of intera
tion des
ribed in the beginning of se
tion 3.2, and does not possess thedrawba
ks found with previous approa
hes.Mi
rophone Pla
ement Solutions. In a perfe
t, noise-free environment having the mi-
rophone mounted somewhere so that the user does not have to wear an extra devi
e is thebest solution. However, noise-free environments are rare, so the alternative is to have themi
rophone as 
lose to the user's mouth as possible. Headsets perform this fun
tion wellbut then users have to wear an additional wired devi
e. This approa
h is even more un
om-fortable with virtual environment appli
ations sin
e users are already wearing something ontheir head su
h as a HMD or shutter glasses. A better approa
h is to use a wireless lavaliersin
e the mi
rophone 
an still be pla
ed 
lose to the mouth, with no additional wires.External Noise Solutions. The two basi
 approa
hes to solving the external noise prob-lem are to either redu
e external noise in the physi
al environment or to not let the re
og-nition engine know that external noise exists. Redu
ing external noise in the environmentis easier said than done sin
e there may be noisy ma
hines or people that 
annot be moved.The se
ond approa
h is somewhat more pra
ti
al sin
e mi
rophone and spee
h re
ognitionparameters 
an be altered to help blo
k out the noise. For example, many spee
h re
ogni-tion systems4 have sensitivity adjustments whi
h determine how mu
h of the input signalthe re
ognition engine will pi
k up. With this adjustment, the system 
an be tweaked sothat it does not pi
k up external noise, but the user will have to speak in a mu
h highervolume than normal. One 
an also use a unidire
tional mi
rophone or �ltering algorithmsto help blo
k external noise.Re
ognition Laten
y Solutions. The laten
y in a spee
h re
ognition system is oftena dire
t re
e
tion of vo
abulary size. The larger the vo
abulary, the longer it takes there
ognizer to re
ognize utteran
es. The most obvious way of redu
ing re
ognition laten
y4This work uses the BBN Hark spee
h re
ognizer whi
h has sensitivity adjustment 
apability.



22trimming down the vo
abulary, may not always be possible. Another laten
y redu
tionapproa
h is to in
rease the re
ognition engine's de
oder speed5 so that it does not gothrough as many possibilities. Laten
y will be redu
ed with this parameter 
hange butsin
e fewer spee
h input 
hoi
es are 
onsidered, a

ura
y will de�nitely diminish. Finally,an alternative method is not to redu
e it, but to mask it in some way. If the user is givensomething to do or see during the latent period, this may minimize the e�e
ts of the lagalthough this hypothesis has not been tested and is an area for future work.

5De
oder speed is another parameter whi
h 
an be 
hanged in the BBN Hark system.



Chapter 4Combining Whole-Hand andSpee
h InputWe have seen in the previous two 
hapters that while both whole-hand and spee
h input
an be powerful intera
tion styles in virtual environment appli
ations there are numerousproblems with them. We have also analyzed some of these problems and presented solu-tions. Although whole-hand and spee
h input show promise as individual intera
tion styles,their 
ombination into multimodal interfa
es shows even greater potential sin
e it is this
ombination on whi
h human-to-human 
ommuni
ation is based; a 
ommuni
ation mediumthat has been ingrained in the human's physi
al and mental makeup sin
e birth. Therefore,in this 
hapter, we dis
uss some aspe
ts of multimodal intera
tion, des
ribe previous workin the area, and dis
uss the advantages that multimodal interfa
es 
an provide the user anddeveloper.4.1 Multimodal Intera
tionMultimodal intera
tion 
an be de�ned as the 
ombination of multiple input modalities toprovide the user with a ri
her set of intera
tions 
ompared to traditional unimodal interfa
es.The 
ombination of input modalities 
an be divided into six basi
 types: 
omplementarity,redundan
y, equivalen
e, spe
ialization, 
on
urren
y, and transfer [89℄. In this se
tion, webrie
y de�ne ea
h.Complementarity. Two or more input modalities 
omplement ea
h other when they
ombine to issue a single 
ommand. For example, to instantiate a virtual obje
t, a usermakes a pointing gesture and then speaks. Spee
h and gesture 
omplement ea
h other sin
e23



24the gesture provides the information on where to pla
e the obje
t and the spee
h 
ommandprovides the information on what type of obje
t to pla
e.Redundan
y. Two or more input modalities are redundant when they simultaneouslysend information to the appli
ation. By having ea
h modality issue the same 
ommand,redundant information 
an help resolve re
ognition errors and reinfor
e what operation thesystem needs to perform [106℄. For example, a user issues a spee
h 
ommand to 
reate avisualization tool while also making a hand gesture whi
h signi�es the 
reation of that tool.By providing more than one input stream, the system has a better 
han
e of re
ognizingthe user's intended a
tion.Equivalen
e. Two or more input modalities are equivalent when the user has a 
hoi
eof whi
h modality to use. For example, the user 
an 
reate a virtual obje
t by eitherissuing a voi
e 
ommand or pi
king the obje
t from a virtual palette. The two modalitiespresent equivalent intera
tions in that the end result is the same. The user 
an 
hoosewhi
h modality to use based on preferen
e (they simply like spee
h input over the virtualpalette) or on frustration (the spee
h re
ognition is not a

urate enough, thus they moveto the palette).Spe
ialization. A parti
ular modality is spe
ialized when it is always used for a spe
i�
task be
ause it is more appropriate and/or natural for that task. For example, a userwants to 
reate and pla
e an obje
t in a virtual environment. For this parti
ular task, itmakes sense to have a \pointing" gesture determine the obje
t's lo
ation sin
e the numberof possible voi
e 
ommands for pla
ing the obje
t is too large and a voi
e 
ommand 
annota
hieve the spe
i�
ity of the obje
t pla
ement task.Con
urren
y. Two or more input modalities are 
on
urrent when they issue di�erent
ommands that overlap in time. For example, a user is navigating by gesture through avirtual environment and while doing so uses voi
e 
ommands to ask questions about obje
tsin the environment. Con
urren
y enables the user to issue 
ommands in parallel; re
e
tingsu
h real world tasks as talking on the phone while making dinner.Transfer. Two input modalities transfer information when one re
eives information fromanother and uses this information to 
omplete a given task. One of the best examples oftransfer in multimodal intera
tion is the push-to-talk interfa
e des
ribed in Chapter 3: the



25spee
h modality re
eives information from a hand gesture telling it that spee
h should bea
tivated.Although all six multimodal 
ombination types are important to building a ri
her setof intera
tions, this work fo
uses only on four of them: 
omplementarity, 
on
urren
y,spe
ialization, and transfer.4.2 Previous WorkDi�erent types of input mode 
ombinations have been used in multimodal intera
tion.Zeleznik uses a stylus and pu
k on a Wa
om Tablet to intera
t with a 
on
eptual 3D mod-eling appli
ation [154℄. Cohen uses pen-based gestures and voi
e 
ommands in Qui
kSet,a system for setup and 
ontrol of distributed intera
tive simulations [27℄. Waibel and Vouse a series of input modes that in
lude spee
h, pen-based gestures, eye tra
king, lip read-ing, handwriting re
ognition, and fa
e re
ognition for appli
ations su
h as text editing and
alendar management [144℄. The 
ommon thread between all of these systems is that theuser's hands use 2D input to intera
t with the appli
ation.In the 
ontext of whole-hand and spee
h input, the use of a multimodal interfa
e thatintegrates the two modalities 
an be tra
ed ba
k to Bolt's "Put That There" system [13℄developed in 1980. This system used pointing hand postures and voi
e 
ommands to 
re-ate, manipulate, and edit simple 2D primitives su
h as squares and 
ir
les using a largerear-proje
ted s
reen. Bolt extended his earlier work in 1992 with a multimodal interfa
ethat used hand gestures along with spee
h for manipulating 3D obje
ts [14℄. Weimer andGanapathy developed another system that in
orporated spee
h and hand gestures to 
reateB-spline based 3D models [148℄. However, their system was menu driven and did not takeadvantage of whole hand input. Other multimodal work that uses both hand gestures andspee
h 
an be found in [4, 10, 69℄.An important aspe
t of multimodal intera
tion is the integration of the di�erent inputmodes, for whi
h a number of di�erent integration strategies have been developed. Johnstondeveloped a uni�
ation-based integration s
heme [63℄ based on resear
h 
ondu
ted by Oviatt[105, 107℄ into people's integration patterns when using more than one mode of input. Thiss
heme uses typed feature stru
tures [23℄ to represent the semanti
 
ontributions of thedi�erent modes, whi
h allows for the individual modalities to 
ompensate for ea
h other'serrors.Expert systems have also been used to integrate multiple modes of input as shown in



26Billinghurst's work [10℄. In his system, a set of if-then produ
tion rules, whi
h en
odedomain knowledge, are used to integrate spee
h and hand gesture. These rules map highlevel semanti
 information from the inputs to generate a somewhat intelligent response.Another approa
h to input integration is to use frames [143℄. In this 
ase, frames 
onsistof slots that hold information from a single input mode. The 
ommand interpreter takesthese frames and determines the appropriate a
tion to take. An advantage of this approa
his its 
exibility for in
orporating more than two modes of input. Note that other strategiessu
h as agent-based approa
hes [26℄ and guided propagation networks [90℄ have also beendeveloped for integrating multiple modes of input.4.3 Advantages of Combining Whole-hand and Spee
h Inputinto Multimodal Interfa
esMultimodal intera
tion provides many bene�ts over traditional unimodal metaphors su
has WIMP (Windows, I
ons, Menus, Point and Cli
k) interfa
es [140℄. By 
ombining whole-hand and spee
h input, human 
omputer intera
tion is augmented in a number of ways 1.First, users 
an intera
t more naturally sin
e, human-to-human intera
tion often o

urs with
ombinations of spee
h and hand movement. Se
ond, an appli
ation 
an a
hieve a betterunderstanding of the user's intended a
tion by providing it with multiple input streamsbe
ause spee
h and whole-hand input 
annot provide perfe
t re
ognition a

ura
y.Combining whole-hand and spee
h input also has advantages of simplifying the interfa
enot only from the user's perspe
tive but also from the developer's perspe
tive. From theuser's perspe
tive, the interfa
e 
an be simpler sin
e one modality does not have to a

ountfor all intera
tions. For example, if user have to intera
t solely with spee
h or whole-handinput, they have to remember either a 
ompli
ated spee
h vo
abulary or a 
ompli
atedgesture vo
abulary. However, if we 
ombine the modes in a 
omplementary fashion, the setof intera
tions remains the same as either single modality, yet their respe
tive vo
abulariesare simpli�ed, easing 
ognitive load. By 
ombining these two modalities we 
an also redu
ere
ognition times, in
reasing intera
tion speed sin
e ea
h individual re
ognition system hasless work to do and takes less time in making de
isions.From the developer's perspe
tive, the interfa
e is somewhat simpler to implement interms of algorithmi
 
omplexity. In order to provide a robust interfa
e with either spee
hor whole-hand input (espe
ially hand gestures) in isolation, the developer would have to1Chapters 6 and 7 will present more advantages for 
ombining whole-hand and spee
h input in the 
ontextof the two appli
ations developed in this work.



27implement rather 
omplex re
ognition routines that would require many optimizations toprovide fast intera
tion. Combining these two modalities splits the work allowing for asimpler implementation of ea
h modal 
omponent. One 
ould argue that the integration ofthe two modalities 
an
els out any of the gains made by having them both in the interfa
e.This argument may be true when a multimodal 
ombination style su
h as redundan
y isused. However, as we will see in the next 
hapter, when a 
omplementary multimodal
ombination style is used, the integration of the two modalities is not that 
ompli
ated.



Chapter 5Hardware and SoftwareFrameworksIn this 
hapter, we present the two hardware 
on�gurations used in this work, one for arear-proje
ted display table and one for a surround s
reen environment. We also des
ribethe software framework used in building a s
ienti�
 visualization appli
ation (Chapter 6)and a room layout/interior design appli
ation (Chapter 7).5.1 Hardware Con�gurationsThe hardware 
on�gurations supported investigation of multimodal interfa
es in two typesof virtual environments: a semi-immersive table environment and a fully-immersive sur-round s
reen environment.5.1.1 Rear-Proje
ted Display Table Con�gurationThe �rst hardware 
on�guration (used in the s
ienti�
 visualization appli
ation) has manyparts as shown in Figure 5.1. The 
on�guration uses a SGI O
tane graphi
s workstation asits primary 
omputer. The O
tane drives a Bar
o Baron Table (see Figure 5.2), a four footby �ve foot rear proje
tion display devi
e. The table has two StereoGraphi
s CrystalEyesemitters pla
ed on either side of it. These emitters (not shown in the �gure) transmit aninfrared signal to a pair of shutter glasses the user wears to a
hieve a stereos
opi
 view.An As
ension Flo
k of BirdsTM unit with an extended range transmitter is 
onne
ted tothe O
tane through a serial interfa
e. The 
o
k has three tra
kers, one that is atta
hed to28
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Barco Baron Table

SGI Octane

Sparc UltraII

Speech
Recognition 

Host

Video
Output TCP/IP

CrystalEyes
Stereo Glasses

Tracker #1 - head tracker

Tracker #2 - left hand

Tracker #3 - right hand

Glove for left hand

Glove for right hand

Microphone

Figure 5.1: The various 
omponents that make up the rear-proje
ted display table 
on�g-uration.the CrystalEyes for head tra
ked stereo viewing, and the other two are atta
hed to glove-based input devi
es for position and orientation measurements. The user 
an wear a pairof Fakespa
e Pin
hTM Gloves whi
h dete
t ele
tri
al 
onta
t at ea
h of the �nger tips. Asan alternative to the Pin
h Gloves, a Nissho Ele
troni
s SuperGloveTM 
an be worn on theleft hand, whi
h 
ontains a total of ten bend sensors, and on the right hand, the user 
anwear a Virtual Te
hnologies CyberGloveTM whi
h has a total of 18 bend sensors.
Figure 5.2: A Bar
o Baron rear-proje
ted display devi
e.A se
ond workstation, a Sun Mi
rosystems Spar
 UltraII, is used as the spee
h re
ogni-tion server. We use the Hark Spee
h Re
ognition system, a 
ommer
ially available produ
tfrom BBN Corporation. This Sun workstation is physi
ally lo
ated in 
lose proximity to



30the Bar
o Baron, and as a result, the mi
rophone is 
onne
ted to this workstation. This
on�guration is advantageous sin
e no audio signals are sent from the O
tane to the UltraIIthough a network 
onne
tion. The only data sent a
ross the network are spee
h tokensfrom the re
ognizer. The other advantage of this 
on�guration is the spee
h re
ognizer hasits own CPU instead of having to share the O
tane's CPU whi
h is used for graphi
s andpro
essing input devi
e re
ords.5.1.2 Surround S
reen Con�guration
  TAN Cube

Speaker Speaker

PC Audio

Server

IBM SP2

Supercomputer

Video outputs for the
3 walls and floor

Speech Recognition
Sun Sparc 4 TCP/IP

Microphone

CrystalEyes
Stereo Glasses

        Host

TCP/IP

Tracker #1 - head tracker

Tracker #2 - left hand

Tracker #3 - right hand 

Glove for right hand

Glove for left handFigure 5.3: The various 
omponents that make up the surround s
reen hardware 
on�gu-ration.The se
ond hardware 
on�guration (used in the Room Designer appli
ation) also has anumber of 
omponents as shown in Figure 5.3. This 
on�guration uses two nodes of an IBMSP2 as its primary 
omputer. The SP2 drives a TAN VR-CUBE1 (see Figure 5.4), a four-sided (three walls and a 
oor) surround s
reen display system. The VR-CUBE has a totalof six StereoGraphi
s CrystalEyes emmitters pla
ed on the top and bottom of ea
h wallwhi
h allows for stereo viewing. A Polhemus FastTrakTM with the Long Ranger transmitter1A TAN VR-CUBE is analogous to a Cave [31℄.



31is 
onne
ted to the SP2 through a serial interfa
e and mounted on a wood stru
ture whi
hsits above the VR-CUBE. The FastTrak devi
e has four transmitters, one atta
hed to theCrystalEyes shutter glasses, one atta
hed to the right index �nger, one atta
hed to the leftindex �nger, and one whi
h 
an be used for a variety of things su
h as a wand, 3D stylus,or pla
ed on another part of the body. The user wears a pair of Fakespa
e Pin
h Glovesbut the CyberGlove and SuperGlove dis
ussed in the previous hardware 
on�guration 
anbe used if bend-angle measurements are required.
Figure 5.4: A 
on
eptual model of the TAN VR-CUBE display devi
e.A se
ond workstation, a Sun Mi
rosystems Spar
 4, is used as the spee
h re
ognitionserver and it also uses the BBN Hark spee
h re
ognition engine. Finally, a PC sends audiooutput to two speakers and a subwoofer that surround the VR-CUBE. Both 
omputers
ommuni
ate with the SP2 via TCP/IP using a 
lient/server model.5.2 Software Ar
hite
tureThe software ar
hite
ture for our multimodal interfa
e framework is based on an interfa
elibrary 
alled Jot [46, 80℄. Jot a
ts as a lower level infrastru
ture by supplying devi
edrivers, math routines, network 
ommuni
ation, stereos
opi
 
apabilities, and an OpenGLabstra
tion through a series of 
lasses written in C++. The interfa
e framework 
onsists of anumber of low level 
omponents and an integration 
omponent (see Figure 5.5). Ea
h of thelow level 
omponents perform either posture, gesture or spee
h re
ognition and send tokensto the integration 
omponent whi
h uses this data to issue 
ommands in the appli
ation.
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Tracker Data

Speech Token
Recognizer
and Parser

Posture
Recognizer

CyberGlove
Posture and
Gesture
Recognizer

Sends Posture Tokens

Posture
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Gesture
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Organizer
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Sends Speech Tokens
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Useful
Info
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Useful
Info

Application

Integration Component

Manager Manager

Commands
Pinch Glove
Interactors Sends Pinch Tokens

Figure 5.5: The 
omponents that make up our multimodal interfa
e framework. Arrowindi
ate dire
tion of data 
ow.5.2.1 Pin
h Glove Finite State AutomataOne of the basi
 building blo
ks in the Jot interfa
e library is the 
on
ept of the �nite statema
hine (FSM). Jot provides the developer with a base FSM 
lass whi
h is used to generateappli
ation spe
i�
 �nite state ma
hine obje
ts whi
h allow for transitions from one eventto another. These transitions are represented as the ar
s in the FSM, and, when an ar
 istraversed, a 
allba
k is provided whi
h the developer 
an use to send information to theintegration 
omponent, initialize state variables, retrieve information from other parts ofappli
ation, and exe
ute 
omponents or sub
omponents of an intera
tion te
hnique.With respe
t to our multimodal interfa
e framework, these derived FSM's are used todetermine when \button down", \button up", and \button motion" events are generatedfrom the Pin
h Gloves2. These events are given logi
al mappings to various intera
tiontasks or subtasks based on the appli
ation. As an example 
onsider the FSM shown inFigure 5.6 whi
h is used for the navigation te
hnique found in the s
ienti�
 visualizationappli
ation des
ribed in Chapter 6.2\Button motion" events are a
tually generated from the atta
hed tra
king devi
es. These devi
es arein a 
onstant state of motion, thus they are always generating events.
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Start

EVENT KEY

One_Hand Two_Hands

RTMU

RTMD

LTMD RTMD

LTMD

RTMU

LMOV or RMOV

LTMU

LTMU

Left Thumb-Middle down     = LTMD
Left Thumb-Middle up          = LTMU
Right Thumb-Middle down   = RTMD 
Right Thumb-Middle up        = RTMU

Right Hand Motion                = RMOV

LMOV or RMOV

Left Hand Motion                  = LMOV

Figure 5.6: An example �nite state ma
hine 
reated within our multimodal interfa
e frame-work. The ar
s are event transitions whi
h send the intera
tion te
hnique into a parti
ularstate. In this 
ase, there are three states and a total of 10 event transitions.This te
hnique allows the user to navigate through the virtual environment with one orboth hands based on whether the user's thumb and middle �nger in ea
h hand is tou
hing.See Chapter 6 for more details on this te
hnique.5.2.2 SuperGlove Posture Re
ognizerThe main fun
tion of the SuperGlove posture re
ognizing 
omponent is to pro
ess theraw data re
ords from the SuperGlove input devi
e and �nd re
ognizable postures whi
hare de�ned in a template �le3. The re
ognizer then sends a token 
orresponding to there
ognized posture to the integration 
omponent. The re
ognition method used is a sumof squares statisti
 (i.e. similarity statisti
) to �nd the 
urrent data re
ord that is mostsimilar to a given templated data re
ord. Postures are re
ognized in three stages. First asimilarity statisti
 for ea
h possible posture is found using the following formula:ssi = nXj=1(x
j � xtji)2 (5.1)where ssi equals the ith similarity statisti
, x
j equals the jth bend angle of the 
urrentposture re
ord, xtji equals the jth bend angle of the ith templated posture re
ord, and n3A templated data re
ord is 
reated in a 
alibration �le before using the appli
ation. The user makes agiven posture n times (usually about 5) and an average of ea
h data value is taken to get one re
ord.



34represents the number of bend angles measured, in this 
ase ten. On
e a similarity statisti
is found for ea
h posture4 in the posture set, the se
ond stage is to �nd the minimum valuewhi
h is represented as Y = min(ss1; ss2; :::ssi) (5.2)P = 8<: Token : Y < �Null : Y >= � (5.3)where Y equals the minimum similarity statisti
 value. The 
orresponding posture tokenP is then found from Y only if it is less then a threshold value � otherwise no posture isre
ognized. On
e a value for P has been determined, the third stage is to insert P intoa queue whi
h holds the last n posture tokens. The number of elements in the queue isbased on informal measurements of the a

ura
y of the SuperGlove. In this 
ase, we founda twenty element queue to be satisfa
tory for the appli
ations we are 
urrently developing,but this number 
ould 
hange for other appli
ations. The queue is used to help alleviatefalse positives during re
ognition, and if the majority of the elements in the queue are agiven posture token, then that token is sent to the integration 
omponent.5.2.3 CyberGlove Posture and Gesture Re
ognizerThe CyberGlove posture and gesture re
ognizer has similar fun
tionality to the SuperGloveposture re
ognizer ex
ept for additional gesture re
ognition fun
tionality and small modi�-
ations to the posture re
ognition algorithm.Posture re
ognition in this re
ognizer follows equations 5.1 thru 5.3 in the previoussubse
tion but instead of using ten bend angles for the similarity statisti
, it uses sixteen.Although the CyberGlove we use has eighteen bend sensors, posture re
ognition ex
ludesthe last two bend sensors whi
h measures wrist pit
h and yaw. Ex
lusion of wrist pit
hand yaw in the re
ognition of postures gives the user more freedom in making them. These
ond modi�
ation to the algorithm is in the number of elements in the posture tokenqueue. Based on our informal tests, the CyberGlove is more a

urate than the SuperGloveand, as a result, needs a smaller queue. The number of elements in the token queue has4By �nding a similarity statisti
 for ea
h posture in the posture set, we 
an sort these values and use an-best re
ognition approa
h. The n-best approa
h would pass a list of posture tokens to the integration
omponent with ea
h token having an asso
iated probability. These probabilities would aid in thedetermination of the overall task the user wanted to perform.



35been redu
ed to ten for this re
ognizer whi
h makes posture to 
ommand response timesomewhat faster.Due to the CyberGlove's improved performan
e over the SuperGlove, we have alsoin
luded a simple gesture re
ognizing element to this 
omponent. The gesture re
ognizerlooks for interesting patterns in the glove's angle measurements over time whi
h would bediÆ
ult with the SuperGlove be
ause it has less bend sensors. For example, we have a wrist
i
k gesture whi
h 
an be used to delete obje
ts in the virtual environment or 
hange thestates of the appli
ation. The wrist 
i
k gesture is re
ognized if a 
hange in the wrist yawangle data has 
hanged rapidly. Be
ause both posture and gesture re
ognition o

ur in thesame 
omponent, there 
ould be a 
on
i
t with mistaking postures as part of a re
ognizablegesture. The posture token element queue helps to resolve this 
on
i
t by making sure thata random posture token, whi
h may be a part of a gesture, is not sent to the integration
omponent. As more gestures are added to the framework, we may need to modify thenumber of elements in the posture token queue spe
i�
ally to handle posture and gesture
on
i
ts.5.2.4 Left and Right Hand Tra
ker Data ManagersThe purpose of these two 
omponents is to organize the position and orientation data fromthe magneti
 tra
kers so that answers to queries made by the integration 
omponent are sentba
k as fast as possible. Both managers have a 
ommon stru
ture but do 
ontain di�erentfun
tionality. In a similar manner to the posture re
ognizers des
ribed in se
tions 5.2.2 and5.2.3, the tra
ker data managers hold a queue of the last n position and orientation re
ordswhi
h provides them with a history of the motion of the hands5. Both managers use thisinformation to 
ommuni
ate with the integration 
omponent.Communi
ation between the tra
ker data managers and the integration 
omponent takespla
e in two forms. The �rst form of 
ommuni
ation allows the integration 
omponent toquery the data managers for information that is useful to determine what a
tion to takegiven what it already knows. Examples of the type of information requested are the 
urrentroll angle of the hand and whether one hand is 
loser to the display surfa
e than the other.The se
ond form of 
ommuni
ation lets the tra
ker data managers send useful informationto the integration 
omponent. The managers look for patterns in the motion history of thehand by analyzing the position and orientation data.5Currently we use store the last twenty position and orientation re
ords, but this is subje
t to 
hangebased on the amount of motion history we need.



36The left and right tra
ker data managers are distinguishable by the types of informationpro
essing they do. A 
ommon a
tion in virtual environment appli
ations is pointing toor grabbing obje
ts and manipulating them. Therefore, one of the tra
ker data managersis designed to provide information about what obje
t has been sele
ted for manipulation.This information is obtained by 
asting rays from the tra
ker's position into the s
ene and
he
king if any obje
ts have been interse
ted. On
e an obje
t has been sele
ted, 
onstrainedor un
onstrained relative movement information 
an be obtained from the manager as well.The majority of the other tra
ker data manager's time is spent determining hand orientationwhi
h is used in 
onjun
tion with posture re
ognition. By knowing in what orientation thehand is, a small number of additional postures 
an be added to the posture set. For example,a �st posture 
an be turned into 3 distin
t postures when the hand's orientation is at 0, 90and 180 degrees about the z axis. Currently the left hand tra
ker data manager handlesobje
t sele
tion and manipulation information while the right hand tra
ker data managerhandles orientation information, but this 
on�guration 
an be 
hanged to a

ommodateuser 
omfort.5.2.5 Spee
h Token Re
ognizer and ParserThe spee
h token re
ognizer and parser 
omponent has two essential parts. The �rst partis the spee
h re
ognition engine itself whi
h runs on either a Sun Spar
 UltraII when usingthe rear-proje
ted display 
on�guration or a Sun Spar
 4 when using the surround s
reen
on�guration. These workstations a
t as a servers in their respe
tive 
on�gurations andthe spee
h itself is re
ognized using the BBN Hark Spee
h Re
ognizer. The re
ognizer isa speaker independent system based on a phoneti
 di
tionary. Re
ognizable words andphrases are pla
ed in a grammar �le that is loaded into the re
ognizer upon start up. There
ognizer has both 
ontinuous word/phrase spotting and isolated word re
ognition modes.We use 
ontinuous phrase spotting in both the s
ienti�
 visualization appli
ation and in theRoom Designer appli
ation. An advantage of the Hark system is that it allows importantre
ognition parameters to be 
hanged through a parameter �le su
h as spee
h dete
tionsensitivity, reje
tion sensitivity, and speed of the re
ognizer (see Figure 5.7 for an exampleparameter �le).On
e the Hark system re
ognizes a word, phrase or a non-re
ognizable entity, the serversends a string a
ross the network to the appli
ation. At this point, the se
ond part of thespee
h token re
ognizer and parser takes the string, parses it and sends a one word tokento the integration 
omponent. Note that one of the important goals of our proje
t is to



37allow the user to speak to the 
omputer with as mu
h 
exibility as possible. As a result, wewant the user to have many di�erent possibilities for issuing a voi
e 
ommand. This goalmakes the parsing tedious sin
e there are usually many possible 
ombinations of words andphrases that 
an make up a single 
ommand.5.2.6 Integration ComponentThe integration 
omponent 
ombines the output from the lower level 
omponents into theframework6. Whenever a spee
h 
ommand, gesture, or posture is sent to the integration
omponent it interprets the available data and sends an appropriate 
ommand by 
allba
kto the appli
ation. The integration 
omponent stores the 
urrent and previous posture,gesture, and spee
h tokens so it always has a 
opy of the last token re
eived from ea
h
omponent whi
h is important for determining when one series of posture tokens beginsand another series ends. This 
omponent also has an individual fun
tion that gets 
alledwhen a parti
ular re
ognizer sends a token. This separation provides a 
leaner interfa
e.The integration 
omponent is only one instantiated obje
t and ea
h of the re
ognizer
omponents has a pointer to it. When a re
ognizer sends a token to the integration 
ompo-nent, the spe
i�
 fun
tion for that token 
lass gets 
alled. This fun
tion then invokes thea
tion that the appli
ation has mapped to this token. The 
allba
k a
tion 
an also 
he
kthe state of the appli
ation and look at other tokens re
eived from other 
omponents toeither further re�ne or to reje
t the a
tion.An important part of our framework was to allow the user to issue the same 
ommandin many di�erent ways using di�erent modes. For example, we want the user to be able to
reate an obje
t with a voi
e 
ommand, a hand posture, or a hand gesture and use any ofthese me
hanisms at any time. The user may prefer a 
ertain method of intera
ting withthe appli
ation, but if that method fails, the user should be able to qui
kly and easily jumpto another method for that parti
ular 
ommand. In order to fa
ilitate this type of interfa
e,the integration 
omponent prints out what operation it thinks the user wants to perform. Italso prints out messages when it does not understand what the user is trying to do. Thesemessages provide the user with feedba
k whi
h enables them to try the intera
tion again orpro
eed to another mode of input.6The integration 
omponent 
urrently supports 
omplementary and equivalent styles of multimodal in-tera
tion. In
orporating redundan
y into this 
omponent is an area for future work.



38######################################################## Parameter file for the s
ientifi
 visualization appli
ation# Author: Joseph LaViola######################################################## Grammar file and voi
e modelgrammar file: /map/gfx0/users/jjl/jot/jjl/grammars/vwt.bgfvoi
e model: /map/gfx0/users/jjl/jot/jjl/grammars/vwt.vmd# Params needed for doing a so
ket 
onne
tionAudio input 
hannel: so
ketAudio so
ket port number: 0Produ
e sidetone when listening [no℄: no# SILENCE TIMEOUT - set this to 0 so that the Re
ognizer will wait# indefinitely# for you to speak.Maximum allowable initial silen
e (se
) [60.0℄: 0# DECODER SPEED - between -10.0 and 10.0, default is 0.0# negative numbers make the de
oder go slower, but 
onsider more# possibilities; positive numbers make it go faster, but 
onsider# fewer possibilities.de
oder speed [0.0℄: 6.0# REJECTION SENSITIVITY - 
ontrols the ratio of false a

eptan
e and false# reje
tion. The value ranges from 0 (no reje
tion) to 100 (maximum# sensitivity). Default value is set by "h
ompile -r <sensitivity>".# If the 
urrent grammar has not been built for reje
tion,# this parameter's value will automati
ally be set to -1; setting this# parameter in this 
ase will 
ause the parameter setting 
ommand to fail.Reje
tion sensitivity: 50# INTERFACE VERBOSITY - send HARK_SPEECH_START and HARK_SPEECH_END if yesOutput spee
h a
tivity [no℄: yes# HEARTBEAT INTERVAL - between 0 and 10000 se
onds (default is 0, no heartbeat)Heartbeat interval (se
) [0℄: 0# ENABLE SPEECH DETECTOR - set yes (default) to sear
h for spee
hUse spee
h dete
t [yes℄: yes# SPEECH DETECT SENSITIVITY - value 0 (insensitive) to 100 (very sensitive)# default is 50. (useful range is 25-75)Spee
h dete
t sensitivity [50℄: 45Figure 5.7: An example Hark parameter �le.



Chapter 6Appli
ation I - MultimodalS
ienti�
 VisualizationThe �rst prototype appli
ation developed using the framework, des
ribed in the previous
hapter, was a multimodal s
ienti�
 visualization tool (MSVT) for exploring 
ow abouta dataset (see Figure 6.1) that was based on the Virtual Windtunnel proje
t by Bryson[20, 21℄. MSVT uses the rear-proje
ted display hardware 
on�guration and 
ombines spee
hinput with pin
hing postures and gestures. The idea behind MSVT was not only to build anatural and intuitive interfa
e for a s
ienti�
 visualization appli
ation, but also to exploremultimodal input 
ombination types, spe
i�
ally 
omplementarity, 
on
urren
y, spe
ializa-tion, and transfer. Another important goal for this prototype was to determine how farwe are from attaining a human-to-
omputer spee
h dialog that is equivalent to human-to-human 
ommuni
ation using o�-the-shelf te
hnology.6.1 Appli
ation Fun
tionality and Intera
tionMSVT gives users the ability to 
reate, modify, drop, pi
k up, and delete a small set ofvisualization tools (streamlines, rakes, and 
olorplanes) for exploring the 
ow �eld abouta given dataset. They also have the ability to 
hange their viewpoint in the virtual envi-ronment, manipulate the dataset, make pi
tures of visualizations, and re
ord and playba
kanimations. Using the Fakespa
e Pin
h Gloves, only the thumb, index, and middle �ngeron ea
h hand and a set of spee
h 
ommands are required to perform all the intera
tions inthe appli
ation. The spee
h input 
omponent uses a vo
abulary of over 20 voi
e 
ommands39
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Figure 6.1: A user intera
ting with a dataset for visualizing a 
ow �eld around a spa
eshuttle. The user simultaneously manipulates the streamlines with his left hand and theshuttle with his right hand while viewing the data in stereo.shown in the grammar �le in Figure 6.2. The following subse
tions des
ribe the 
ompo-nents of MSVT's interfa
e in more detail in
luding navigation, dataset manipulation, tool
reation and manipulation, and re
ording and playba
k.6.1.1 NavigationUsers navigate through the virtual environment with two possible intera
tions. Based onMultigen's SmartS
ene navigation te
hniques [87, 98℄, users 
an pull themselves throughthe virtual world by pin
hing the thumb and middle �nger on either hand and grabbing apoint in spa
e. Translation is not 
onstrained so movements in x, y, and z 
an be made.When the users invoke the te
hnique with one hand after the other, they 
an virtually walkthrough the VE.Users 
an also pin
h the thumb and middle �nger of ea
h hand simultaneously whi
hresults in the ability to s
ale, rotate, and translate the virtual world in one motion. Thiste
hnique 
an be thought of as three distin
t 
omponents (see Figure 6.3). First, s
al-ing the viewing region by moving the two hand 
loser or farther apart along a �xed line.



41# This file 
ontains a grammar for re
ognizing all 
ommands# used in the MSVT appli
ation.<START> $main;$main: $
reate |$drop |$delete |$a
quire |$remember |$re
all |$start |$stop |$halt |$
omputer |$play |$quit |$pause;$
reate: [CREATE℄ $obje
t [PLEASE℄;$drop: DROP $obje
t [PLEASE℄;$delete: REMOVE $obje
t [PLEASE℄;$a
quire: PICK UP $obje
t [PLEASE℄;$obje
t: RAKE | STREAMLINE | COLOR PLANE;$remember: REMEMBER THIS VIEW;$re
all: SHOW [ME℄ SAVED VIEW;$start: START RECORDING;$stop: STOP;$play: PLAYBACK;$pause: PAUSE;$halt: HALT;$
omputer: COMPUTER;$quit: QUIT APPLICATION PLEASE;Figure 6.2: The grammar �le whi
h holds the spee
h 
ommand des
riptions used in theMSVT appli
ation. Note that words in bra
kets are optional in issuing a given voi
e 
om-mand.Se
ond, rotating the world by making ar
-like motions with ea
h hand in opposite dire
-tions or keeping one hand stationary and make ar
-like motions about the stationary hand.Third, translating about the virtual world by moving both hands simultaneously keepingthe distan
e between the hands 
onstant throughout the operation. By 
ombining thesethree 
omponents users 
an perform s
aling, rotation, and translation in one motion. For



42example, moving to a spe
i�
 lo
ation and fa
ing a 
ertain dire
tion while zooming to a
lose up view of an area of interest in a dataset.
Two-Handed Scaling Two-Handed Rotation Two-Handed TranslationFigure 6.3: The three basi
 
omponents of the two-handed navigation te
hnique. The boxesrepresent the user's hands and the line styles represent possible motions. These 
omponents
an be used in isolation or by 
ombining them so the viewing region 
an be s
aled, rotateand translated in one motion. Note that using one hand at a time also allows for translation.Another method for navigating about the virtual environment is using the hand as apalette. In our 
ase, the right hand a
ts as the palette while the left index �nger is usedto instantiate intera
tions. When users tou
h the left index �nger to the right pinkie,middle �nger, or thumb, the world rotates about the 
enter of the dataset by 90, 180, and-90 degrees respe
tively. This navigation tool 
an be used for qui
kly rotating around thedataset6.1.2 Dataset ManipulationThe task of dataset manipulation, spe
i�
ally rotation and translation, is performed withthe thumb and index �nger on ea
h hand. With the right hand, when users tou
h thethumb and index �nger, they 
an translate and rotate the dataset by simply moving androtating the hand. This manipulation provides six degrees of freedom. To perform rotationor translation of the dataset in isolation, and users tou
h the thumb and index �nger of theleft hand. Either dataset rotation or translation is performed based on the initial angle ofthe user's hand about the z axis. If the hand angle is approximately zero degrees aboutthe z axis, (i.e. the tra
ker atta
hed to the ba
k of the hand is approximately parallel withthe 
oor) dataset rotation is performed otherwise the dataset is only translated. Note thattou
hing the thumb to the index �nger with both hands simultaneously is analogous tothe two-handed navigation te
hnique des
ribed in the previous subse
tion, ex
ept s
aling is



43omitted.6.1.3 Tool Creation and ManipulationMSVT provides three visualization tools; streamlines, rakes (see Figure 6.4), and 
olorplanesfor exploring the 
uid 
ow around the dataset. In order to 
reate a given tool, users simplyextends their arm to the display devi
e and ask for the appropriate tool as shown in Figure6.5. The hand that has the greatest distan
e from the tra
king devi
e's transmitter is thehand the obje
t atta
hes to. For example, to put a 
olorplane in the right hand, simplyextend the right arm and say \COLORPLANE". The 
olorplane is then instantiated andatta
hed to the right hand where it 
an be moved through and around the dataset. Thistype of interfa
e presents a natural way to instantiate tools by using a \show and ask"metaphor where users ask the appli
ation for some obje
t and show where the obje
t is togo.
Figure 6.4: The rake visualization tool whi
h is made is made up of a number of streamlines.The visualization tools 
an be similarly dropped into the environment: users move thetool to where it should be lo
ated while uttering a \DROP obje
t" 
ommand where obje
tis equal to streamline, 
olorplane or rake. Users 
an then manipulate the dataset withthe visualization tool �xed. If users want to pi
k up a �xed obje
t they simply hold outthe appropriate hand and utter the \PICK UP" 
ommand asking for a parti
ular tool.Visualization tools 
an also be deleted from a hand by holding out that hand and askingthe appli
ation to remove that tool with the \REMOVE" 
ommand.On
e a rake or 
olorplane has been 
reated, users 
an 
hange the number of streamlines
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Figure 6.5: The user extends his right hand to the display asking for a streamline.atta
hed to the rake and the size of the 
olorplane. These parameter 
hanges are madeusing a digital input slider, a slider whi
h has no analog 
omponents. It simply 
onsistsof some type of button and the ability to determine the relative positions of itself and theentity that invokes the button press. The Pin
h Gloves 
an make a very e�e
tive digitalinput slider sin
e the 
ondu
tive 
loth pat
hes atta
hed to ea
h �ngertip extend down theba
k of the ea
h �nger as well. Therefore, the user 
an make a 
onne
tion by sliding one�ngertip along the ba
k of another. Using the tra
kers atta
hed to ea
h hand we 
an thendetermine whether the user slides a �nger along the ba
k of another in a dire
tion movingtoward the wrist or away from the wrist. Knowing this dire
tion, we 
an then in
rease orde
rease a parameter value to one of the visualization tools. So, the number of streamlinesatta
hed to a rake 
an be in
reased or de
reased with the left index �nger/right index�nger slider and the size of a 
olorplane 
an be in
reased or de
reased with the left index�nger/right middle �nger slider. These in
reases and de
reases are �xed in the appli
ation.Currently, two streamlines are added or removed from a rake depending on the dire
tionof slider manipulation, and the 
olorplanes are in
reased or de
reased in size by a fa
torof 0.5. Note that these values 
ould be 
hanged dynami
ally based on user preferen
e ifappropriate spee
h 
ommands were in pla
e.A question arises as to how to determine what tool's parameter value to 
hange if thereis one in ea
h hand; a rake in ea
h hand, for example. This issue is resolved by holdingthe hand stationary that has the intended obje
t of interest. With this approa
h, the handthat has moved the least during the 
ourse of the slider manipulation indi
ates whi
h tool



45to modify. So, if a rake is in ea
h hand and to in
rease the number of streamlines atta
hedto the rake in the left hand by four, users 
an hold the left hand �xed and then slide theright index �nger along the ba
k of the left index �nger, away from the wrist. Doing thistwi
e would add four more streamlines to the rake in the left hand.6.1.4 Re
ording and Playba
kHaving the ability to save and reinvestigate 
ertain portions of a visualization session is animportant part of using visualization te
hniques to better understand s
ienti�
 data be
auseit allows s
ientists to go ba
k and reexamine interesting visualizations and show them to
olleagues and 
ollaborators. Therefore, MSVT provides two me
hanisms for saving andretrieving visualizations. The �rst takes snapshots of a given s
ene by simply asking the ap-pli
ation to \REMEMBER THIS VIEW". The view 
an then be retrieved with the \SHOWME SAVED VIEW" 
ommand. The se
ond me
hanism re
ords and plays ba
k intera
tionanimations. When the \START RECORDING" 
ommand is issued, the ba
kground 
olorof the s
reen turns red, as shown in Figure 6.6, indi
ating that the appli
ation is in re
ordingmode. Users then make the animation and say \STOP" to �nish the re
ording. To view theanimation users 
an issue the \PLAYBACK" 
ommand. During playba
k, the ba
kground
olor turns green, shown in Figure 6.7, indi
ating the mode 
hange. These re
ording andplayba
k tools not only bene�t users who want to go ba
k to previous visualizations, butalso in 
ollaborative settings when they needs to show 
olleagues important visualizationsthey have dis
overed.
Figure 6.6: The user is in re
ording mode as indi
ated by the red ba
kground.
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Figure 6.7: The user wat
hing a previously re
orded animation indi
ated by the greenba
kground.In many 
ases, users will have both hands o

upied intera
ting with the dataset but maystill need to issue 
ommands. For example, if spee
h were not available, when manipulatinga tool in one hand and the dataset in the other, users would have to free one hand andmake a gesture or press a button to start a re
ording. MSVT solves the problem by takingadvantage of the 
on
urrent multimodal input 
ombination style of speaking and dire
tmanipulation.6.2 User and Prototype EvaluationThroughout the life of MSVT, a number of people, from a
ademia, industry, and govern-ment, both have tried and observed the appli
ation. In general, users found the appli
ationto be 
ompelling in terms of the intera
tion and the virtual environment. From an intera
-tion perspe
tive, the majority of users found the interfa
e easy to use (with some training)and liked the idea of the \show and ask" metaphor for 
reating and sele
ting visualiza-tion tools. The \show and ask" metaphor is an improvement over other obje
t 
reationand sele
tion te
hniques su
h as aperture-based sele
tion [49℄ and 3D menus be
ause thesete
hniques require users to go to the obje
t of 
hoi
e in order to sele
t it or to navigatethrough many layers of 3D menus to 
reate an obje
t. The \show and ask" metaphor is afaster method of 
reating and sele
ting these visualization tools sin
e users do not have toa
tively sele
t the virtual obje
ts; with \show and ask" they 
ome to the user via simplevoi
e 
ommands and are properly positioned by showing the appli
ation whi
h hand to



47pla
e the obje
t in.Users also found the digital sliders for in
reasing or de
reasing the number streamlinesatta
hed to a rake and in
reasing or de
reasing the size of a 
olorplane to be a simple yete�e
tive way to manipulate these parameters. In addition, the majority of the users foundthe re
ording and playba
k 
apabilities to be an important part of the appli
ation. Fromthe virtual environment perspe
tive, most of the users (espe
ially those will little or noVR experien
e) found the semi-immersive display to be extremely 
ompelling from a visualstandpoint. Users seemed to enjoy the stereo display and often tried to physi
ally tou
hthe virtual obje
ts whi
h is a good indi
ator that the stereo e�e
t is working well.Users provided a number of useful suggestions and 
onstru
tive 
riti
isms for improvingthe appli
ation. A number of users wanted other visualization tools in addition to the onesprovided. Spe
i�
ally, a number of people wanted the appli
ation to provide a form of textoutput that showed exa
t values in the 
ow �eld based on user input. Other tools thatusers thought might make the appli
ation more robust were parti
le tra
es and isosurfa
es.Another important suggestion had to do with s
aling with respe
t to intera
tion withinthe 
ow �eld. Users wanted to s
ale down the movement of the visualization tools so �negrained manipulation 
ould be performed when users were 
lose to the dataset.Another important 
omment was that even though they found the appli
ation to bevisually 
ompelling, they were un
ertain as to whether it would a
tually help them to bebetter s
ientists and to understand the data easier and more eÆ
iently. This questionnot only plagues MSVT but all virtual environment-based s
ienti�
 visualization systems.Unfortunately, the question is diÆ
ult to answer and is a de�nite area for future work and
onsideration.Finally, one of the major problems with MSVT that people 
ommented on had todo with the spee
h re
ognition. One of the goals of MSVT was to see how e�e
tive anatural spee
h interfa
e without any push-to-talk me
hanisms would fun
tion using 
urrentte
hnologi
al 
omponents. In an isolated environment (an environment where only theuser of the system is present), the spee
h re
ognition worked well and there were veryfew problems with false positive re
ognition. However, in a 
ollaborative or demonstrations
enario, the spee
h re
ognition often broke down due to environmental noise, re
ognizingwords it wasn't supposed to 
ausing erroneous operations. In some 
ases, these spee
hre
ognition problems made the appli
ation unusable. The main reason these problemso

urred was that the appli
ation 
ould not distinguish between the user speaking to itand to other people in the environment. As a result, with the 
urrent state of te
hnology,we 
on
luded that we 
ould not have the user e�e
tively intera
t with the appli
ation at



48a level of 
ommuni
ation that mimi
s fa
e-to-fa
e human 
onversation (see Chapter 3).Therefore, an intermediary in the form of a push-to-talk interfa
e is required when usersare in 
ollaborative or demonstration settings.



Chapter 7Appli
ation II - Multimodal RoomLayout and Interior DesignThe se
ond prototype appli
ation developed using the framework des
ribed in Chapter 5is a system, 
alled Room Designer, for populating simple ar
hite
tural spa
es (see Figure7.1) with furniture and other interior de
orations. Room Designer uses the surround s
reenhardware 
on�guration whi
h provides the user with a fully immersive virtual environmentexperien
e. In a similar input model with MSVT, Room Designer 
ombines spee
h inputwith pin
hing postures and gestures. Room Designer is loosely related to systems su
h asThe Con
eptual Design Spa
e, whi
h allows users to inspe
t, inhabit, and perform mod-i�
ations on 
on
eptual building designs [15℄, and the Virtual Ar
hite
tural Design Tool(VADet), where users 
an 
reate both ar
hite
tural and interior stru
tures in the C2 (aCave-like devi
e) [60℄. Room Designer distinguishes itself from these systems in using more
omplex graphi
s primitives and in
orporating spee
h input into a multimodal interfa
e.One of the main goals of Room Designer, besides the investigation of various multimodalinput styles, is to develop a tool to let novi
e users prototype possible furniture layouts andinterior designs in a 
on
eptual manner, and perform these tasks with a one-to-one, life sizes
ale. In addition, as noted in the last 
hapter, using a non-push-to-talk spee
h interfa
e wasnot appropriate in 
ollaborative or demonstration settings. As a result, another importantgoal of this prototype is to evaluate our e�orts to improve the spee
h intera
tion with an\invisible" push-to-talk me
hanism. 49
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Figure 7.1: A simple 
on
eptual model of the �rst 
oor of a house used in the Room Designerappli
ation.7.1 Furniture Database Des
riptionIn order to provide some 
exibility in making room layout and interior design de
isions,we developed a database of 
omplex graphi
s primitives. These primitives, represented aspolygonal meshes, in
lude various types of furniture su
h as 
hairs, tables, desks, lamps,and so on. Interior de
orations su
h as rugs and pi
tures, represented as textured 
ubes,are also in
luded in the database. The majority of these models and textures were foundon free sites using the World Wide Web, and, in total, approximately 40 obje
ts are presentin the furniture database. These obje
ts are presented pi
torially in Figure 7.2.From an implementation perspe
tive, the furniture database is de�ned as a simple hold-ing 
lass. This 
lass holds a number of furniture 
lasses, one for ea
h furniture type, whi
h
ontain n number of furniture primitives. The furniture primitives are stored in dynami
arrays whi
h allows for easy addition of new ones1. Addition of new furniture types tothe database is also straightforward. A developer only has to 
reate a new furniture 
lassand add it to the holding 
lass. The holding 
lass is instantiated as a single obje
t andduring 
onstru
tion, it reads in all of the furniture data before the appli
ation starts whi
h1In the 
ase of pi
tures and rugs, textures are stored in the dynami
 arrays.
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Figure 7.2: An i
oni
 representation of 40 of the primitives present in the furniture database.speeds up retrieval and redu
es display time. A

ess to any parti
ular pie
e of furnitureis made through that furniture type's a

essor method found in the holding 
lass. Thesea

essor methods provide a link dire
tly to the dynami
 array so obje
ts and their initial



52transformations2 
an be retrieved.
Figure 7.3: A living room 
onstru
ted with Room Designer.7.2 Appli
ation Fun
tionality and Intera
tionRoom Designer allows the user to 
on
eptually perform room layouts and interior design inan ar
hite
tural spa
e while present in that spa
e. Some simple room layouts are shown inFigures 7.3, 7.4, and 7.5. Users 
reate, pla
e, modify, and manipulate furniture and interiorde
orations so as to qui
kly try our di�erent designs that would otherwise be 
ostly andtime 
onsuming. Users 
an also navigate through the spa
e by pulling themselves throughthe environment. Using the Fakespa
e Pin
h Gloves, the thumb, index, and middle �ngeron ea
h hand along with the pinkie �nger on the left hand and a set of spee
h 
ommandsare used to perform all the intera
tions in Room Designer. The spee
h input 
omponentuses a vo
abulary of over 15 voi
e 
ommands shown in the grammar �le in Figure 7.6.The following subse
tions des
ribe the 
omponents of Room Designer's interfa
e in moredetail and in
ludes navigation, furniture and interior de
oration 
reation, and furniture andinterior de
oration manipulation.2All obje
ts in the database have an initial transformation matrix whi
h sets the size and positions theobje
t to fa
e the z -axis. Obje
ts are pla
ed in the world relative to the user upon instantiation.
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Figure 7.4: The user in a proposed layout for his bedroom.
Figure 7.5: A simple kit
hen 
reated in Room Designer.7.2.1 NavigationUsers navigate through the ar
hite
tural spa
e with a te
hnique that is similar to one-handednavigation found in MSVT (see Chapter 6) with three ex
eptions. The �rst ex
eption isthat both translation and rotation about the user's position 
an be performed instead of



54# This file 
ontains a grammar for re
ognizing all 
ommands# used in the Room Designer appli
ation.<START> $main;$main: $furniture;$furniture : [GIVE ME A℄ $obje
t [PLEASE℄;$obje
t: CHAIR |DESK |SHELF |LAMP |BED |CURTAIN |WINDOW |SOFA |TABLE |RUG |PICTURE |PHONE |DRAWER |COMPUTER |STEREO |FRIDGE;Figure 7.6: The grammar �le whi
h holds the spee
h 
ommand des
riptions used in theRoom Designer appli
ation. Note that words in bra
kets are optional in issuing a givenvoi
e 
ommand.only translation. The se
ond ex
eption is that translation is 
onstrained so movement onlytakes pla
e in the xz -plane sin
e we want a walk-through style of navigation3. The thirdex
eption is that user movement is not based on the point in spa
e where the hand tra
keris lo
ated when the user �rst starts the intera
tion (a thumb to middle �nger 
onta
t). Usermovement is instead based on a sphere that atta
hes itself to obje
ts using a ray 
ast intothe s
ene from the hand tra
ker. As the hand tra
ker's position and orientation update, aray is 
ast into the s
ene and a sphere atta
hes itself to the ray interse
tion surfa
e point.Users 
an then extend a hand and pull themselves toward the sphere. Only one motionis required no matter what the distan
e between the user and the sphere is be
ause it ismapped onto the distan
e between the user's hand and head. Users 
an rotate about theirposition when they move their hand in a side-to-side manner.As an example, 
onsider a room with a 
hair positioned by one of the walls. If userswant to move to that 
hair, they would simply extend their hand out to the 
hair. When3Rotation is also 
onstrained. Rotations are performed about the y-axis relative to the user's headposition.



55the sphere interse
ts the 
hair, they are noti�ed by the 
reation of a bounding box aroundit (see Figure 7.7). They would then pin
h the thumb and middle �nger together on theright hand (only the right hand is used for navigation) and pull it towards them whi
hwould then translate them to the 
hair. If they wanted to turn around, say to go through adoorway into another room, they would make the same pin
hing posture but move the righthand from right to left until a 180 degree turn was made. Combinations of these forward-ba
kward and side-to-side gestures allow users to rotate and translate simultaneously.. Forexample, an L-shaped gesture would move users forward and then rotate them some numberof degrees. These types of gestures are good, for example, when users want to move to adoor and turn to fa
e the door at the same time.7.2.2 Furniture and Interior De
oration CreationFurniture and the other interior de
orations are instantiated in Room Designer using a\point, speak, and 
y
le" intera
tion metaphor. When users pin
h and hold the left hand'sthumb and middle �nger two important appli
ation states are a
tivated. First, a virtuallaser pointer is 
reated whi
h extends from the left index �nger (the lo
ation of one of thehand tra
kers). Se
ond, by 
reating the laser pointer the spee
h interfa
e a
tivates, thusallowing users to utter voi
e 
ommands4. By a
tivating the spee
h input in this way, wehave 
reated an invisible push-to-talk style of spee
h intera
tion be
ause the user does nothave to do anything extra to initiate the spee
h 
omponent. In other words, the push-to-talkpart of the interfa
e is embedded into the intera
tion te
hnique for 
reating and pla
ingobje
ts in the environment, thus requiring no extra 
ognitive load but still providing a
riti
al pie
e of fun
tionality. In addition, the \point, speak, and 
y
le" metaphor requiresa signi�
antly smaller number of operations for 
reating furniture than traditional desktopmodeling systems. For example, to 
reate and 
orre
tly pla
e a furniture obje
t into avirtual room in a traditional WIMP-based modeling system, users would have to 
li
kon the \File" menu to read in a data des
ription of the obje
t, load the obje
t, and thentranslate and rotate the obje
t to the appropriate position. In these situations, users requireseveral operations in order to a

omplish this task. With Room Designer, users need atmost two operations to 
omplete the same task.Using the virtual laser pointer, users point at a parti
ular lo
ation and ask for a par-ti
ular type of obje
t, for example, pointing to the 
oor and saying \GIVE ME A CHAIR4Analogously, when users release the thumb and middle �nger, the virtual laser pointer goes away andthe spee
h re
ognition dea
tivates by having all utteran
e ignored.



56PLEASE." The 
hair then appears in the requested lo
ation fa
ing the user. The 
hairthat was instantiated may not be of the appropriate type. So, users 
an 
y
le throughthe available 
hairs in the furniture database by moving their left hand a
ross their bodywhile pin
hing the thumb and pinkie. A beep indi
ates when they have rea
hed the endor the beginning of the list, depending on whi
h dire
tion the hand is moving. We usethis approa
h over other te
hniques su
h as simply pi
king from a 3D menu [60℄ or virtualpalette [28℄ be
ause we do not want the user to have to 
ontinuously look from the pla
e ofobje
t sele
tion to the pla
e of obje
t instantiation. With this te
hnique, the user 
an tryout di�erent types of furniture without having to visually and 
ognitively move away fromthe area of interest ea
h time a di�erent pie
e of furniture is 
reated. Note that pi
turesand rugs are 
reated in the same manner.7.2.3 Furniture and Interior De
oration ManipulationAlready pla
ed furniture or interior de
orations 
an be moved about the ar
hite
tural spa
ewith simple dire
t manipulation. Using either the left or right hand, users 
an grab anexisting obje
t by moving a hand to the approximate lo
ation of the obje
t. When thehand-tra
ked sphere, used to provide feedba
k on where the user's hands are in the virtualenvironment is in 
lose proximity to the given obje
t, it's bounding box will highlightindi
ating that the obje
t 
an be pi
ked up (see Figure 7.7). Using a thumb to index �ngerpin
hing posture, users 
an pi
k up the obje
t and transfer it to a di�erent lo
ation. Tomove a bed into another room of a house, they 
ould simply grab and hold onto the bedin the left hand while navigating to the other room with the right hand and then pla
ingthe bed in an appropriate lo
ation. In addition, to make things easier, furniture and theinterior de
orations have built in 
onstraints atta
hed to them. For example, 
hairs, tables,and desks, are 
onstrained so that they only move in the xz -plane or only along the 
oorand pi
tures 
an only move in along a given wall.Users 
an also delete obje
ts in the environment. Our deletion te
hnique is taken fromMine's proprio
eptive work [95℄. To delete an obje
t, users grab and hold the obje
t andthen throw it over their shoulder (see Figure 7.8). The over-the-shoulder deletion te
hniquehas a number of advantages in that it is easy to remember and not easily invoked sounintended deletions do not normally o

ur.
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Figure 7.7: The 
hair's bounding box is highlighted indi
ating the virtual sphere has inter-se
ted it. A user 
an pi
k up the 
hair or move towards it.7.3 User and Prototype EvaluationA number of users have had a 
han
e to try and observe Room Designer in the 
ourse ofthe many demonstrations that have been given at the Brown University Te
hnology Centerfor Advan
ed S
ienti�
 Computing and Visualization5 . On the whole, users have found theappli
ation to be a 
ompelling virtual environment experien
e. They found the navigationte
hnique allows for a mu
h more a
tive role in their movement over other traditionalte
hniques su
h as using pointing gestures to indi
ate dire
tion and speed of movement.They found the ability to point and speak to 
reate and pla
e the furniture simple to useand easy to remember. They found the 
y
ling part of the interfa
e to be somewhat diÆ
ultto use, espe
ially for obje
ts su
h as 
hairs whi
h had more than a handful of di�erent types,mainly due to the fa
t that they would sometimes �nd an obje
t they wanted but, when theyreleased their thumb and pinkie �nger, the next obje
t in the list would appear due to extrahand movement. Also they found it diÆ
ult to know how far they had to move their hand6to have another obje
t appear. These problems are probably due to the implementation ofthe te
hnique and not the te
hnique itself. They present an important area for future work(see Chapter 9).5This 
enter is where the TAN VR-CUBE is lo
ated.6In this 
ase, hapti
s would be a viable solution.
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Figure 7.8: A user deletes a 
hair by throwing it over his shoulder.A few users, mostly from industry, 
ommented that, with further re�nement and ex-tensions su
h as a larger database and more realism and detail, Room Designer 
ould have
ommer
ial utility. It 
ould be used in furniture show rooms so 
ustomers 
ould plan outfurniture arrangements in representations of their own homes. By having the ability to tryout di�erent designs, show room 
ustomers would be 
on�dent in their furniture sele
tionsbe
ause they would see the arrangements as if the furniture was physi
ally in their home.In addition, the Room Designer appli
ation 
ould be a very useful tool in estimating the
osts of putting furniture and interior de
orations into various ar
hite
tural spa
es.Finally, only a few users 
ommented on the spee
h re
ognition whi
h indi
ates thatthe \invisible" push-to-talk worked well. Of the few 
omments that were made, most ofthem were in regards to simple misre
ognitions. In general, our push-to-talk approa
h wasable to solve the external noise problem sin
e the user operating the system 
ould talkfreely to 
ollaborators without having the appli
ation re
ognize utteran
es. Although thepush-to-talk interfa
e worked well while not in
reasing the 
ognitive load of the user, therewere still some problems that o

urred. The push-to-talk interfa
e alleviates problems withexternal noise when the push part of the interfa
e is not in the a
tive state. However,when in the a
tive state, the appli
ation is sus
eptible to the same external noises that anon-push-to-talk interfa
e is. Even through the push-to-talk interfa
e �lters out about 90%of the external noise, the remaining 10% 
an still be problemati
. This 10% represents an



59important area for future work.



Chapter 8Interfa
e Guidelines andIntera
tion Te
hniquesBased on the resear
h des
ribed in the previous 
hapters, we summarize the interfa
e guide-lines and intera
tion te
hniques that have been developed for whole-hand and spee
h inputin VEs.8.1 Interfa
e GuidelinesThis se
tion presents a list of interfa
e guidelines whi
h pertain to whole-hand and spee
hinput in isolation and when used in multimodal interfa
es. Ea
h guideline has 
orrespondingreferen
es ba
k to the previous text showing where they were derived.� Combining topologi
al and geometri
al hand data (i.e. Flex and Pin
h Input) providesa number of advantages to designing and developing virtual environment intera
tionte
hniques whi
h in
lude the ability to qui
kly prototype di�erent hand postures andgestures, providing a simple starting and stopping me
hanism for them, and helpingto simplify posture and gesture re
ognition algorithms (see Se
tion 2.5).� Using the ba
kside of a �nger when wearing Pin
h Gloves allows for the implementa-tion of simple digital sliders whi
h 
an be used for in
reasing or de
reasing parametersby 
onstant fa
tors (see page 45).� With 
urrent spee
h re
ognition te
hnology and work environments a push-to-talkinterfa
e is essential and, in order to minimize 
ognitive load, it is important to embedthe push part of the push-to-talk interfa
e into existing intera
tion te
hniques if at all60



61possible. \Invisible" push-to-talk intera
tion does not in
rease 
ognitive load of theuser and helps to �lter out the majority of external noise (see pages 20-21 and Se
tion7.2.2).� When designing spee
h 
ommands for a VE appli
ation try to provide as many optionsfor issuing a single 
ommand as possible sin
e it gives the user more 
hoi
es in the waythey spontaneously utter 
ommands. In other words, design a 
omplete vo
abularyfor the task at hand (see Se
tion 5.2.5 and pages 42 and 54).� Although redundan
y as a 
ombination style1 in multimodal interfa
es is importantand useful, other 
ombination styles su
h as 
omplementarity, equivalen
e, 
on
ur-ren
y, and spe
ialization should not be overlooked be
ause they provide many advan-tages in VE interfa
e design (see Se
tions 6.1 and 7.2).� Using whole-hand and spee
h input in a 
omplementary fashion simpli�es both userintera
tion and intera
tion te
hnique development be
ause one modality does nothave to a

ount for the whole intera
tion in the former and the implementation 
anbe simpli�ed in the latter (see Se
tions 5.2.6, 6.1.3, and 7.2.2).� As stated in [104℄, providing the user with more than one modality to issue a single
ommand, as the multimodal equivalen
e 
ombination style suggests, gives the userfreedom to 
hose how to intera
t with the appli
ation (see Se
tion 4.1).� When both hands are o

upied with a given intera
tion, spee
h input provides anatural 
on
urrent me
hanism for issuing 
ommands to the appli
ation without havingusers stop what they are doing (see Se
tion 6.1.4).� The \show and ask" intera
tion metaphor, similar to \put that there" [13℄, providesusers with a natural method of instantiating obje
ts in a virtual environment be
ausethey simply have to \ask" for what obje
t they want and \show" the appli
ationwhere to put it in the 
ourse of a simultaneous intera
tion (see se
tions 6.2 and 7.2.2).� For many virtual environment appli
ations, only grabbing, pin
hing, and pointinghand gestures are needed when a spee
h input 
omponent is present in the interfa
e(see Chapters 6 and 7).1Chapter 4 des
ribes the di�erent multimodal 
ombination styles in detail.



628.2 Summary of Intera
tion Te
hniquesThis se
tion presents a summary of the interfa
e te
hniques that were developed or aug-mented in this work. As in the previous se
tion, referen
es ba
k to the text are provided sothe reader 
an go ba
k and get more detail.� Using Flex and Pin
h input, we augmented the image plane obje
t sele
tion te
hniquesby allowing users to start and stop the intera
tion with the primary hand; giving thema 
hoi
e of where to pla
e the 
loth 
onta
ts (see Se
tion 2.5).� When using bend-sensing gloves as analog sliders, Flex and Pin
h input allows usersto stop and start the slider easily and pla
e the 
loth 
onta
ts for doing so where theyare most 
omfortable (see Se
tion 2.5).� The hand palette te
hnique lets users qui
kly navigate around a dataset of interest(see Se
tion 6.1.1) This te
hnique 
ould be extended to other types of intera
tion su
has obje
t 
reation and parameter adjustment.� Depending on hand orientation, we 
an have spe
ify up to three di�erent 
ommandsusing the same hand gesture. For example, using a thumb to index �nger pin
h allowsusers to either translate or rotate an obje
t in the VE based on the orientation of thehand (see Se
tion 6.1.2).� The \show and ask" intera
tion te
hnique allows users to \ask" the 
omputer for aparti
ular obje
t and \show" the 
omputer in what hand it is supposed to go (seeSe
tion 6.1.3).� When using Pin
h Gloves and hand tra
kers, we 
an 
reate digital sliders used inparameter adjustment (see Se
tion 6.1.3).� The \point, speak, and 
y
le" intera
tion te
hnique lets users \point" to where theywant to pla
e an obje
t, \speak" for the type of obje
t, and then \
y
le" through amenu of 
hoi
es by moving a hand a
ross their body (see Se
tion 7.2.2).



Chapter 9Con
lusions and Future WorkIn this thesis, we have investigated the use of whole-hand and spee
h input in virtualenvironments by exploring the issues and methods of using them both in isolation and in
ombination forming multimodal interfa
es. By identifying the problems and resear
h issuesin these areas, a number of solutions and interfa
e guidelines have been established.We developed Flex and Pin
h, an input system based on seamlessly 
ombining geomet-ri
al and topologi
al hand data whi
h has led to the improvement of a number of intera
tionte
hniques in
luding the image plane obje
t sele
tion te
hniques [111℄. We also examined theproblems with using spee
h input te
hnology in VEs, presented solutions to these problems,and analyzed the tradeo�s between them. In addition, we dis
ussed the various multimodal
ombination styles su
h as redundan
y, equivalen
e, and transfer, examined how they 
anbe used in VEs, and presented some of the many advantages of using multimodal interfa
es.A software framework was also developed on top of the Jot interfa
e library [46, 80℄ whi
hprovided a tool for 
reating two appli
ation prototypes, one running on a rear-proje
ted deskdisplay and one running in a TAN VR-CUBE, a Cave-like display devi
e. These prototypes(MSVT and Room Designer) provided a means for testing, evaluating, and re�ning oursolutions, intera
tion te
hniques, and interfa
e guidelines.Although the work presented in this thesis has formulated some solutions to a handfulof interfa
e problems involving whole-hand and spee
h input, there remains a large amountof work that needs to be done in whole-hand input, spee
h re
ognition te
hnology, andmultimodal interfa
es in the 
ontext of virtual environments.A number of problems exist with Flex and Pin
h input that need to be addressed.Spe
i�
ally, the hardware prototype is rather diÆ
ult and time 
onsuming to put on andis rather fragile. As a result, a better design and implementation of the worn devi
e is63



64required. The te
hniques that have been developed using Flex and Pin
h also need to berigorously evaluated.Problems still exist with spee
h re
ognition te
hnology and an important area that needsto be addressed is getting the 
omputer to know when a human is speaking to it and whena human is not. This issue is probably the single most important problem that needs to besolved in order to have truly robust spee
h input. Quantifying what users will tolerate interms of laten
y and a

ura
y is also an interesting area of resear
h be
ause it lets us knowwhere we need to be to make spee
h re
ognition engines good enough for everyday use.As stated previously, redundan
y is an important multimodal 
ombination style yet thefo
us of this work was on the others presented in Chapter 4. As a result, an area thatneeds to be addressed is in
orporating redundan
y in the software framework and in ourappli
ations. Another interesting area of work is to quantitatively determine what types of
ombination styles users prefer and under what 
onditions they prefer them.Finally, sin
e MSVT and Room Designer are only prototypes, a large amount of workremains to make these appli
ations ri
h and robust virtual environment appli
ations. WithMSVT, more visualization tools need to be added along with a push-to-talk me
hanism thatis similar to the one found in Room Designer. Also, user studies need to be 
ondu
ted todetermine whether s
ienti�
 visualization in a virtual environment is a
tually better thanwith other mediums. The pivotal question here is 
an an appli
ation like MSVT a
tuallyhelp s
ientists do better s
ien
e.With Room Designer, a lot of work needs to be done in order to make the appli
ationmore realisti
 in terms of having the ar
hite
tural spa
es and the furniture look better byadding textures, for example. The furniture database also need to be expanded so user'shave more of a variety in what they 
an 
hoose to pla
e in the environment. In
reasing thedatabase size also has impli
ations towards the instantiation of obje
ts. Hand 
y
ling onlyworks well for a handful of obje
ts so new te
hniques will have to be developed to handlelarge quantities of furniture types1. Issues with vo
abulary will also have to be looked atsin
e an experien
ed interior designer may have the vo
abulary to name all the di�erentfurniture types allowing for an in
reased and more 
ompli
ated spee
h 
ommand set. In
ontrast, a novi
e to interior design would not have su
h a ri
h vo
abulary thus requiring adi�erent method for 
reating the many di�erent types of furniture that are possible.1Extensions to the various types of marking menus maybe appropriate for this task.



Appendix AIntrodu
tion to Hand Posture andGesture Re
ogitionThis appendix provides an introdu
tion to the 
on
epts and 
riteria used in des
ribing handpostures and gestures. It a
ts as a starting point for Appendi
es B and C, a 
ulminationof two years of resear
h in whole hand input, whi
h surveys the te
hnology and te
hniquesasso
iated with hand posture and gesture re
ognition. The work surveys a majority ofthe problems and issues relevant to using hand postures and gestures in user interfa
es,
onsolidating existing information in the �eld and organizing it in a 
lear and eÆ
ientmanner. It also gives a 
riti
al review of the information presented so as to point out thegeneral advantages and disadvantages of the various re
ognition te
hniques and systems.Appendix B dis
usses the various aspe
ts of hand posture and gesture re
ognition te
hnologyby dis
ussing a number of 
urrent glove-based input devi
es and aspe
ts of vision-basedre
ognition systems. Appendix C des
ribes the various feature extra
tion and 
lassi�
ationalgorithms used in hand posture and gesture re
ognition, and dis
usses the advantages anddisadvantages of ea
h. Note that unabridged versions of these appendi
es 
an be found in[78, 79℄.Hand posture and gesture re
ognition 
an be 
on
eptually regarded as a pipeline ofpro
essing stages. At the beginning is the physi
al world, the a
tual positions and motionsof the user's hand. Some kind of hardware interfa
e is then used to transdu
e this infor-mation into a form usable by the 
omputer, and features are extra
ted for later pro
essing.There may be multiple feature extra
tion stages, and the hardware itself may perform someelement of feature extra
tion, su
h as reporting joint bend angles. The features are thenpassed to a 
lassi�er whi
h does the a
tual re
ognition itself, determining whi
h posture or65



66gesture the user is a
tually making. Finally, the results of this 
lassi�
ation are used by anappli
ation of some kind. In our 
on
eption, the distin
tion between feature extra
tors and
lassi�ers is that 
lassi�ers ne
essarily produ
e a dis
rete, one-dimensional output (whi
hgesture or posture has been re
ognized, possibly annotated with 
on�den
e information orthe like), while feature extra
tors generally produ
e multidimensional output. Thus, mul-tiple 
lassi�ers in parallel 
ould be used as a feature extra
tor if their output was 
olle
tedtogether and pro
essed by a later stage. As it turns out, however, in a
tual pra
ti
e so farthe division has been sharp, and we are not aware of any algorithm having been used bothas produ
ing the �nal output to the appli
ation and as produ
ing input to a later pro
essingstage.Although hand postures and gestures are often 
onsidered identi
al, there is a distin
tionto be made between them: a gesture in
orporates motion while a posture does not. Forexample, making a �st and holding it in a 
ertain position is 
onsidered a posture. A

ordingto Sturman [133℄, the majority of useful postures have ea
h of the �nger joints either fullyextended or fully 
exed. Therefore, with a simple posture, ea
h �nger is either fully extendedor 
exed but not in between; examples in
lude the �st and pointing. With a 
omplex posture,the �ngers 
an be at positions other than full 
exion or full extension. Complex posturesin
lude various forms of pin
hing, the \okay" sign and many of the postures used in �ngerspelling [99℄.A gesture is a dynami
 movement, su
h as waving good-bye. Certain gestures involvesigni�
antly fewer a
tive degrees of freedom than others and 
an therefore be simpler tore
ognize. We distinguish two types of gestures based on this: simple gestures involve
hanges in no more than six degrees of freedom, while 
omplex gestures 
an involve more
ompli
ated motions. Thus, holding a posture while moving the hand (
hanging only itsposition and orientation) would be 
onsidered a simple gesture, as would moving the index�nger ba
k and forth to be
kon someone 
loser. In 
ontrast, many of the signs in Ameri
anSign Language involve more 
omplex �nger and wrist movements involving more degrees offreedom and would be 
onsidered 
omplex gestures.An important 
riterion in evaluating these kinds of interfa
es is the number of posturesand gestures that a given re
ognition system or algorithmi
 te
hnique 
an re
ognize. Basedon the visually apparent 
lustering of existing systems shown in Figure C.1, we 
onsider 1 to20 postures and gestures as a small set, 20 to 40 as medium-sized, and anything over 40 asa large set. Another important 
riterion is a

ura
y. Unfortunately, a

ura
y is diÆ
ult tode�ne in terms of either 
orre
tly or in
orre
tly re
ognizing a parti
ular posture or gesture.Important 
onsiderations when dealing with a

ura
y issues are false positive re
ognition,



67false negative re
ognition, and repla
ement re
ognition. False positive re
ognition, alsoknown as an insertion error, is when a system re
ognizes a posture or gesture when one isnot present (generally only appli
able to 
ontinuous re
ognition systems). False negativere
ognition, also known as a deletion error, is when a system does not re
ognize a parti
ularposture or gesture when one is present. Repla
ement re
ognition o

urs when a systemre
ognizes a parti
ular posture or gesture as a di�erent one. Sin
e the relative 
onsequen
esasso
iated with these di�erent errors 
an vary with the appli
ation, all three types of errorsshould be reported as part of an a

ura
y metri
. Unfortunately, only Starner [129℄ andBirk and Moeslund [12℄ report that they have done so.



Appendix BHand Posture and GestureRe
ognition Te
hnologyThis appendix dis
usses the requirements for hand posture and gesture re
ognition. Itdes
ribes the two main solutions for 
olle
ting the required data to perform re
ognition, theglove-based solution and the 
amera- or vision-based solution, and looks at the advantagesand disadvantages of ea
h.B.1 Data Colle
tion for Hand Postures and GesturesThe �rst step in using hand posture and gestures in 
omputer appli
ations is gatheringraw data. This raw data is then analyzed by using various re
ognition algorithms (seeAppendix C) to extra
t meaning or 
ontext from the data in order to perform tasks in theappli
ation. Raw data is 
olle
ted in two ways. The �rst is to use input devi
es worn bythe user. This setup usually 
onsists of one or two instrumented gloves that measure thevarious joint angles of the hand and a six degree of freedom (6 DOF) tra
king devi
e thatgathers hand position and orientation data. The se
ond way to 
olle
t raw hand data isto use a 
omputer-vision-based approa
h by whi
h one or more 
ameras 
olle
t images ofthe user's hands. The 
ameras grab an arbitrary number of images per se
ond and sendthem to image pro
essing routines to perform posture and gesture re
ognition as well as3D triangulation to �nd the hands' position in spa
e. In addition, the 
ombination of theprevious two methods in a hybrid approa
h 
an be used to 
olle
t raw data with the hopeof a
hieving a more a

urate level of re
ognition by using the two data streams to redu
eea
h other's error. Very little work has been done on hybrid tra
king for hand posture68



69and gesture re
ognition, but this type of tra
king has been su

essful in augmented realitysystems like Auer [6℄ and State [130℄, and 
ould well be applied to hand posture and gesturere
ognition.B.2 Data Colle
tion Using Tra
kers and Instrumented GlovesRaw data 
olle
tion using instrumented gloves and tra
kers requires users to physi
allyatta
h 
omputer input devi
es to their hands. The instrumented gloves report data valuesfor the movement of the �ngers. The tra
kers are atta
hed to the ba
k of the hand or theupper wrist, depending on the type of glove worn, and give ba
k data on the position andorientation of the hand as a whole in 3D spa
e.B.2.1 Tra
king Devi
esA number of di�erent tra
king te
hnologies are available to tra
k hand position and orien-tation. This survey tou
hes on the most 
ommon; for a detailed dis
ussion see Youngblut's[153℄ review of virtual environment interfa
e te
hnology, En
arna�
~ao's [40℄ survey on inputte
hnology or Mulder's [97℄ survey on human movement te
hnology. These three paperspresent a very thorough analysis of over 25 di�erent tra
king devi
es on the market today.Three non-vision-based methods for tra
king hand position and orientation are mag-neti
, a
ousti
, and inertial tra
king. With magneti
 tra
king, a transmitting devi
e emits alow-frequen
y magneti
 �eld from whi
h a small sensor, the re
eiver, determines its positionand orientation relative to a magneti
 sour
e. The advantages of these types of systems arethat they have good range, anywhere from �fteen to thirty feet away, are generally a

urateto within 0.1 in
hes in position and 0.1 degrees in orientation, and are moderately pri
ed[5, 112℄. Their main disadvantage is that any ferromagneti
 or 
ondu
tive obje
ts presentin the room with the transmitter will distort the magneti
 �eld redu
ing the a

ura
y. Thedistortion 
an be handled with �ltering algorithms, but doing so introdu
es a more 
om-plex 
omputational 
omponent whi
h might in
rease laten
y. The two most 
ommonly usedmagneti
 tra
kers today are from Polhemus and As
ension Te
hnology Corporation.A
ousti
 tra
king systems or ultrasoni
 tra
king uses high-frequen
y sound emitted froma sour
e 
omponent that is pla
ed on the hand or area to be tra
ked. Mi
rophones pla
edin the environment re
eive ultrasoni
 pings from the sour
e 
omponents to determine theirlo
ation and orientation [131℄. In most 
ases, the mi
rophones are pla
ed in a triangulararray and this region determines the area of tra
ked spa
e. The advantages of a
ousti
tra
king systems are that they are relatively inexpensive and lightweight. However, these



70devi
es have a short range and their a

ura
y su�ers if a
ousti
ally re
e
tive surfa
es arepresent in the room. Another disadvantage of a
ousti
 tra
king is that external noises su
has jingling keys or a ringing phone 
an 
ause interferen
e in the tra
king signal and thussigni�
antly redu
e a

ura
y. Logite
h's a
ousti
 tra
king systems seem to be the most
ommonly used; however, some newer 
ompanies like Freepoint 3D have entered this �eld[40℄. A
ousti
 tra
king has also been in
orporated into some glove-based devi
es su
h as theMattel Power Glove [131℄ and VPL's Z-Glove [155℄, dis
ussed in further detail in Se
tionB.2.2.Finally, inertial tra
king systems use a variety of inertial measurement devi
es su
h asgyros
opes, servo-a

elerometers, and even mi
roma
hined quartz tuning forks that senseangular velo
ity using the Coriolis prin
iple [40℄. The advantages of an inertial tra
kingsystem is speed, a

ura
y and range, but the major problems with these systems are thatthey usually only tra
k three degrees of freedom (either position or orientation data) andthey su�er from gyros
opi
 drift. The most 
ommonly used inertial tra
king systems areInterSense's IS-300 and IS-600. The IS-300 measures only orientation data but uses gravito-meter and 
ompass measurements to prevent a

umulation of gyros
opi
 drift and employsa motion predi
tion me
hanism that predi
ts motion up to 50 millise
onds in the future.The IS-600 tra
ks both position and orientation using a hybrid approa
h with the inertial
omponent tra
king orientation data and an ultrasoni
 
omponent tra
king position data[62℄.A 
ommon problem with these tra
king devi
es is that they do not have perfe
t a

ura
y.A promising way of a
hieving greater a

ura
y is to use predi
tion/
orre
tion te
hniquesto �lter the position and orientation data. One of the most widely used �ltering te
hniquesis the Kalman �lter, a re
ursive mathemati
al pro
edure that uses the predi
tor/
orre
torme
hanism for least-squares estimation for linear systems. Wel
h and Bishop [147℄ andMaybe
k [93℄ both provide detailed dis
ussions and mathemati
al derivations of the Kalman�lter for the interested reader. Kalman �ltering 
an be applied to tra
king devi
es, visiontra
king [9℄, and hybrid tra
king systems as well [146℄.B.2.2 Instrumented GlovesInstrumented gloves measure �nger movement through various kinds of sensor te
hnology1.These sensors are embedded in a glove or pla
ed on it, usually on the ba
k of the hand.1The ex
eption to this de�nition is the Fakespa
e Pin
h Glove and the proximity sensors on the DigitalData Entry Glove. Instead of measuring �nger movement, they dete
t ele
tri
al 
onta
t made when the�ngertips tou
h.



71Glove-based input devi
es 
an be broadly divided into those gloves that are available in themarketpla
e today and those that are not, either be
ause their respe
tive 
ompanies havegone out of business or be
ause they were never developed 
ommer
ially. Both Sturman[133℄ and Kadous [65℄ dis
uss both 
ategories of gloves, but their surveys are now out of date.En
arna�
~ao [40℄ and Youngblut's [153℄ dis
ussions of glove input devi
es deal spe
i�
allywith those 
urrently available from 
ommer
ial vendors. The present survey gives both ahistori
al perspe
tive on these devi
es by des
ribing those gloves that are no longer availableand a pra
ti
al guide to those gloves that are on the market today.Histori
al Perspe
tives One of the �rst instrumented gloves des
ribed in the literaturewas the `Sayre Glove' developed by Thomas Defanti and Daniel Sandin in a 1977 proje
t forthe National Endowment of the Arts [34℄. This glove used light-based sensors with 
exibletubes with a light sour
e at one end and a photo
ell at the other. As the �ngers werebent, the amount of light that hit the photo
ells varied thus providing a measure of �nger
exion. The glove 
ould measure the meta
arpophalangeal joints of the four �ngers andthumb along with the proximal interphalangeal joints of the index and middle �ngers, for atotal of 7 DOF (Figure B.1 shows a diagram of the joints of the hand). It was designed formultidimensional 
ontrol of sliders and other 2D widgets and did not have the sophisti
ationor a

ura
y needed for hand posture or gesture re
ognition.
DIP – Distal Interphalangeal Joints

1 DOF each

PIP – Proximal Interphalangeal Joints
1 DOF each

MCP – Metacarpophalangeal Joints
2 DOF each

Phalanges

Proximal

Middle

Distal







Radius

Metacarpals

Carpals

Ulna

1

2

3

4

5

Metacarpocarpal Joints
1 DOF each on digits 4 & 5

Thumb IP Joint
1 DOF

Thumb MP joint
1 DOF

Trapeziometacarpal Joint
3 DOFFigure B.1: The 17 joints in the hand and the asso
iated 23 degrees of freedom (fromSturman [133℄).The Digital Data Entry Glove, designed by Gary Grimes at Bell Telephone Laboratoriesin 1981, was invented spe
i�
ally for performing manual data entry using the Single-Hand



72Manual Alphabet [54℄. It used tou
h or proximity sensors, \knu
kle-bend sensors", tiltsensors, and inertial sensors to repla
e a traditional keyboard. The tou
h or proximitysensors determined whether the user's thumb was tou
hing another part of the hand or�ngers. They were made of silver-�lled 
ondu
tive rubber pads that sent an ele
tri
alsignal when they made 
onta
t. The four knu
kle-bend sensors measured the 
exion ofthe joints in the thumb, index �nger, and pinkie �nger. The two tilt sensors measuredthe tilt of the hand in the horizontal plane, and the two inertial sensors measured thetwisting of the forearm and the 
exing of the wrist. The drawba
k of this glove was thatit was developed for a spe
i�
 task and the re
ognition of hand signs was done stri
tly inhardware. Therefore, it was not generi
 enough to perform robust hand posture or gesturere
ognition in any appli
ation other than entry of ASCII 
hara
ters.The DataGlove and Z-Glove, developed by VPL Resear
h, were �rst presented at the Hu-man Fa
tors in Computing Systems and Graphi
s Interfa
e 
onferen
e in 1987 [155℄. Bothgloves were designed to be general-purpose interfa
e devi
es for appli
ations that requireddire
t obje
t manipulation with the hand, �nger spelling, evaluation of hand impairment,and the like. Both gloves 
ame equipped with �ve to �fteen sensors (usually ten) thatmeasured the 
exion of both the meta
arpophalangeal joints and proximal interphalangealjoints of the four �ngers and thumb for a total of 10 DOF. In some 
ases abdu
tion sensorswere used to measure angles between adja
ent �ngers. Both gloves used opti
al goniometersensor te
hnology patented by Zimmerman in 1985. These sensors were made up of 
exibletubes with a re
e
tive interior wall, a light sour
e at one end and a photosensitive dete
torat the other that dete
ted both dire
t light rays and re
e
ted light rays. Depending onthe bending of the tubes, the dete
tor would 
hange its ele
tri
al resistan
e as a fun
tionof light intensity [156℄. The gloves also provided ta
tile feedba
k by putting piezo
erami
benders underneath ea
h �nger whi
h produ
ed a tingling or numbing sensation. The maindi�eren
e between the DataGlove and the Z-Glove was the position and orientation me
ha-nisms used with ea
h. A traditional magneti
 tra
king system was used with the DataGlove,while the Z-Glove had an embedded ultrasoni
 tra
king system that pla
ed two ultrasoni
transdu
ers on opposite sides of the meta
arpals to measure the roll and yaw of the hand.Generally the Z-Glove was mu
h more limited in appli
ation and as a result was less 
ostly.The DataGlove and Z-Glove were designed as general-purpose interfa
e devi
es. How-ever, their la
k of a

ura
y limited their utility: formal testing revealed the a

ura
y of thesensors as no better than �ve to ten degrees of joint rotation [152℄. The gloves 
ould havebeen used for simple posture re
ognition and obje
t manipulation, but they were generallynot a

urate enough for 
omplex posture or gesture re
ognition.



73The Dexterous HandMaster (DHM), �rst developed in 1987 was an exoskeleton that �tover the hand. Initially it was used as a master 
ontroller for the Utah/MIT DexterousHand, a four-digit robot hand [88℄. A se
ond version of the devi
e later developed andmarketed by Mar
us [133℄ used a total of 20 Hall-E�e
t sensors as potentiometers thatmeasured the 
exion of all three joints in ea
h �nger, abdu
tion/addu
tion between ea
h�nger, and four degrees of freedom for the thumb. These sensors were sampled at 200 Hzwith eight bit a

ura
y. It was very a

urate2, with a 92 to 98 per
ent 
orrelation between�nger position and DHM readout [85℄, thus it 
ould have been used for 
omplex postureand gesture re
ognition, but it took some time to take on and o� and was not suited forrapid movements be
ause of its instability when worn.The Power Glove was developed in 1989 by Mattel as an input devi
e for Nintendogames and, when suitably reverse-engineered for a 
omputer's serial port [39℄, be
ame a low-
ost alternative for resear
hers in virtual reality and hand posture and gesture re
ognition[65, 109℄. The glove used resistive ink sensors that measured the overall 
exion of thethumb, index, middle, and ring �ngers for a total of four DOF. It also used ultrasoni
tra
king to tra
k the hand's x, y, and z position and roll orientation of the wrist relativeto a 
ompanion unit atta
hed to the display. Be
ause the �nger sensors used two bits ofpre
ision, the Power Glove was not very a

urate and useful only for a small set of simplehand postures and gestures; its big advantage was its extremely low 
ost.Finally, the Spa
e Glove, developed by W Industries in 1991, was unique in that theuser pla
ed his �ngers and thumb through plasti
 rings that sat between the proximalinterphalangeals and the meta
arpophalangeal joints. The glove used sensors with twelve bitanalog-to-digital 
onverters that measured the 
exion of the meta
arpophalangeal joints andthe interphalangeal joint of the thumb for a total of six DOF [131℄. A

ording to Sturman'spersonal experien
e [133℄, the Spa
e Glove was fairly responsive but un
omfortable to weardue to the in
exibility of the plasti
 rings around the �ngers. The glove worked only withW Industries produ
ts and, as a result, little if any work has been done with it.Current Glove-Based Input Devi
es One of the least expensive gloves on the markettoday is the 5DT Data Glove (see Figure B.2) developed by Fifth Dimension Te
hnologies.This glove uses �ve �ber opti
 sensors to measure the overall 
exion of ea
h of the four�ngers and the thumb; a

ording to the spe
i�
ations [45℄, these sensors 
an be sampled at200 Hz with eight bits of pre
ision. In addition, the glove uses two tilt sensors to measurethe pit
h and roll of the hand. The devi
e is 
urrently pri
ed at $495 for a right-handed2The devi
e was designed mainly for 
lini
al analysis of hand impairment and robot 
ontrol.



74glove and $535 for a left-handed glove. Sin
e this glove senses only the average 
exion ofthe four �ngers and the thumb, it is not suited for 
omplex gesture or posture re
ognition.However, it does perform well enough for simple postures, su
h as pointing or making a �st,and is the supported devi
e for General Reality Company's GloveGRASP software toolkitfor hand posture re
ognition [52℄.
Figure B.2: The 5DT Data Glove developed by Fifth Dimension Te
hnologies. The glovemeasures seven DOF (from Fifth Dimension Te
hnologies [45℄).
Figure B.3: Nissho Ele
troni
's SuperGlove input devi
e worn by the author. This glovehas a minimum of 10 bend sensors and a maximum of 16.The SuperGlove (see Figure B.3), developed by Nissho Ele
troni
s, has a minimum of 10and a maximum of 16 bend sensors that use a spe
ial resistive ink applied to 
exible boardssewn into the glove [103℄. With its minimal and standard 
on�guration, the SuperGlove



75measures 
exion of both the meta
arpophalangeal and proximal interphalangeal joints forall four �ngers and the thumb. The glove 
omes in two di�erent sizes and is available forboth the left and right hand. A unique feature of this devi
e is its embedded 
alibrationpro
edure: three buttons on the 
ontrol unit 
an 
olle
t data for three distin
t postures toallow hardware 
alibration. The standard version of the SuperGlove is 
urrently pri
ed ataround $5000. A wireless option is also available whi
h in
reases the pri
e to over $20,000;there are 
urrently no distributors that sell the devi
e in the United States.From the �rst author's personal experien
e, the SuperGlove is adequate for simple pos-ture re
ognition. The glove's hardware-based 
alibration me
hanism is important and doesnot have to be used often, but it does not remove the need for software 
alibration. The gloveis fairly a

urate but not suited for 
omplex gesture re
ognition. Unfortunately, no formalstudies have been performed on the a

ura
y of the SuperGlove and it is not 
ommonlydis
ussed in the literature.
Figure B.4: Fakespa
e's Pin
h Glove input devi
es worn by the author. The gloves haveele
tri
al 
onta
t points that allow users to make \pin
h" postures that 
an be then mappedto a variety of tasks.Pin
h Gloves (see Figure B.4) take a di�erent approa
h to posture re
ognition [42℄.These gloves, originally 
alled Chord Gloves, were prototyped by Mapes at the Universityof Central Florida [87℄; the te
hnology was bought by Fakespa
e In
. and now the gloves aresold 
ommer
ially under the Pin
h Glove name. Instead of using bend sensor te
hnology tore
ord joint angles, Pin
h Gloves have ele
tri
al 
onta
ts (similar to the Digital Data Entry



76Glove's proximity sensors) on the inside of the tips of the four �ngers and the thumb. Users
an make a variety of postures by 
ompleting a 
ondu
tive path when two or more of theele
tri
al 
onta
ts meet. A

ording to En
arna�
~ao [40℄, over 1000 postures are theoreti
allypossible. Usually two gloves are worn to maximize the number of postures available; theyare sold in pairs and are pri
ed at $2000/pair.The Pin
h Glove system is ex
ellent for restri
ted posture re
ognition be
ause no elabo-rate posture re
ognition te
hniques are required (see Appendix C). The ele
tri
al 
onta
tson the gloves make it easy to map postures to a variety of tasks. Sin
e the gloves have amount for a spatial tra
king devi
e su
h as a Polhemus, simple gestures 
an also be re
og-nized. The drawba
ks of these gloves arise from the fa
t that they do not use bend sensorte
hnology. It is very diÆ
ult to provide a virtual representation of the user's hands, andsu
h a representation is often 
onsidered important in virtual environments, although Multi-gen's SmartS
ene has gotten around this by using simple 3D 
ursors like spheres insteadof a virtual hand [98℄. Another drawba
k of Pin
h Gloves is that the types of postures arelimited sin
e ele
tri
al 
onta
ts must be tou
hing before a posture 
an be re
ognized. If theuser makes a posture in whi
h none of the ele
tri
al 
onta
ts 
reate a 
ondu
tive path, theposture goes unre
ognized. This type of problem does not o

ur with a bend-sensor-basedglove.The �nal glove-based input devi
e dis
ussed here is Virtual Te
hnologies' CyberGlove(see Figure B.6), originally developed by Kramer in his work on The \Talking Glove" [71℄.Using his patented strain gauge bend sensor te
hnology [70℄, he started Virtual Te
hnolo-gies and now sells the glove 
ommer
ially. The CyberGlove 
an be equipped with either 18or 22 bend sensors. With 18 sensors, the CyberGlove measures the 
exion of the proximalinterphalangeal and the meta
arpophalangeal joints of the four �ngers and the thumb, theabdu
tion/addu
tion angles between the �ngers, radial and palmer abdu
tion, wrist roll,and wrist pit
h [142℄ (Figure B.5 illustrates the various motions the hand 
an make). Theadditional four sensors in the 22 sensor model measure the 
exion of the distal interpha-langeal joints in the four �ngers. With a six DOF tra
ker and the 22 sensor model, 28degrees of freedom of the hand 
an be realized.An interesting feature of the CyberGlove's interfa
e unit is that it digitizes the voltageoutput of ea
h sensor and then modi�es the value using a linear 
alibration fun
tion. Thisfun
tion uses gain and o�set values to represent the slope and y-inter
ept of the linearequation. This equation allows software 
alibration of the glove and thus makes it morerobust for a variety of hand sizes.The author's personal experien
e and an evaluation by Kessler et al. [67℄ suggest the
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Figure B.5: The various motions that the hand and �ngers 
an make using its 23 degreesof freedom (from Sturman [133℄).CyberGlove is a

urate to within one degree of 
exion. It works well for both simple and
omplex posture and gesture re
ognition (Wexelblat [149℄ and Fels [44℄ verify this 
laim).The only negative in regard to the CyberGlove is its pri
e; the 18-sensor model is availablefor $9800 and the 22-sensor model for $14,500. But even though the glove is expensive, it is
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Figure B.6: Virtual Te
hnologies' CyberGlove, worn by the author, whi
h 
an be equippedwith 18 or 22 bend sensors.the best available glove-based te
hnology for a

urate and robust hand posture and gesturere
ognition.B.3 Vision-Based Te
hnologyOne of the main diÆ
ulties in using glove-based input devi
es to 
olle
t raw posture andgesture re
ognition data is the fa
t the gloves must be worn by the user and atta
hed to the
omputer. In many 
ases, users do not want to wear tra
king devi
es and 
omputer-boundgloves sin
e they 
an restri
t freedom of movement and take 
onsiderably longer to set upthan traditional intera
tion methods. As a result, there has been quite a bit of resear
hinto using 
omputer vision to tra
k human movement and extra
t raw data for posture andgesture re
ognition.A vision-based solution to 
olle
ting data for hand posture and gesture re
ognition re-quires four equally important 
onsiderations. The �rst is the type, pla
ement, and numberof the vision devi
e or devi
es used. Although almost all of the resear
h in vision-basedposture and gesture re
ognition has been 
ondu
ted using video 
ameras, other devi
es su
has the Motion Pro
essor [138℄ and stru
tured light [119℄ 
ould potentially be used3. TheMotion Pro
essor illuminates the tra
ked obje
t with infrared light sour
es and simulta-neously dete
ts these lights with an area image sensor while stru
tured light uses a video
amera and proje
tor to tra
k obje
ts. Pla
ing the 
amera is 
riti
al be
ause the visibility3Both of these methods 
an extra
t depth information without the using multiple 
ameras.



79of the hand or hands being tra
ked must be maximized for robust re
ognition. Visibilityis important be
ause of the many o

lusion problems present in vision-based tra
king (seese
tion B.4). The number of 
ameras used for tra
king is another important issue. In gen-eral, one 
amera is used to 
olle
t re
ognition data, and it has been shown by Starner [128℄and Martin [91℄ that one is e�e
tive and a

urate in re
ognizing hand posture and gestures.When depth or stereo information is required for tra
king hand movement, usually two ormore 
ameras are needed. Although using more than one 
amera adds 
ompli
ations dueto the algorithmi
 
omplexity of dealing with more than one image stream, they do providemore visibility and are 
riti
al in virtual environment appli
ations whi
h usually requiredepth information. Kuno [74℄ and Utsumi [139℄ use multiple vision devi
es e�e
tively in the
ontext of 3D obje
t manipulation and 3D s
ene 
reation, respe
tively. Also, Rehag andKanade [120℄ have shown that 27 DOF of the hand 
an be re
overed by using two 
ameras.The se
ond 
onsideration in a vision-based solution for hand posture and gesture re
og-nition is to make the hands more visible to the 
amera for simpler extra
tion of hand data.One of the �rst ways of doing this was to pla
e LEDs (light emitting diodes) on variouspoints on the hand [131℄. These LEDs let the 
amera qui
kly pi
k up feature points on thehand to aid re
ognition. A more 
ommon method in the literature is to simply use 
oloredgloves. Starner [129℄, Davis [33℄, and Kuno [74℄ have all shown that using solid 
oloredgloves allows faster hand silhouette extra
tion than simply wearing no gloves at all, butusing su
h gloves makes it diÆ
ult to re
ognize �nger movement and bending. In orderto a
hieve fast silhouette extra
tion and tra
k �nger joint movement, Dorner developed a
omplex en
oding s
heme using sets of 
olored rings around the �nger joints instead of solid
olored gloves [36℄.Even though 
olored gloves are wireless and simple to wear, the ideal situation for vision-based hand tra
king is to tra
k the hand with no gloves at all. Tra
king a gloveless handpresents some interesting diÆ
ulties, among them skin 
olor and ba
kground environmentissues. In many 
ases, a solid 
olored s
reen is pla
ed behind the user so that the natural
olor of the hands 
an be found and features extra
ted. One of the best vision systemsfor tra
king the naked hand was Krueger's VIDEODESK system [73℄, although it required
omplex image-pro
essing hardware. He was able to tra
k hand silhouettes in order to
reate simple 2D and 3D shapes. Utsumi also tra
ked the naked hand in his 3D s
ene
reation system [139℄.The third 
onsideration when using a vision-based solution for hand gesture and posturere
ognition is the extra
tion of features from the stream or streams of raw image data; thefourth 
onsideration is how to apply re
ognition algorithms to these extra
ted features.



80Both these 
onsiderations are dis
ussed in Appendix C .B.4 Advantages and Disadvantages of Glove- and Vision-Based Data Colle
tion SystemsWe 
an now examine the advantages and disadvantages of glove-based and vision-basedte
hnology for hand posture and gesture re
ognition. Kadous [65℄ and Sturman [133℄ havealso dis
ussed these issues to varying extents.Hardware CostEven though glove-based te
hnology has 
ome down in pri
e (under $500 for the 5DTGlove), the 
ost of robust and 
omplex posture and gesture re
ognition is going to be highif a glove-based solution is used. The 
ost of a tra
king devi
e and a robust glove is in thethousands of dollars. On the other hand, a vision-based solution is relatively inexpensive,espe
ially sin
e modern-day workstations are often equipped with 
ameras.User ComfortWith a glove-based solution, the user must wear a tra
king devi
e and glove that are 
on-ne
ted to a 
omputer. Putting these devi
es on takes time, 
an be quite 
umbersome, and
an limit one's range of motion. With a vision-based solution, the user may have to weara glove, but the glove will be extremely lightweight, easy to put on, and not 
onne
ted tothe 
omputer. Appli
ations in whi
h no gloves are used, give the user 
omplete freedom ofmotion and provides a 
leaner way to intera
t and perform posture and gesture re
ognition.Computing PowerDepending on the algorithms used, both glove-based and vision-based solutions 
an requiresigni�
ant 
omputing power. However, in general, the vision-based approa
h takes more
omputing power due to the image pro
essing ne
essary. Glove-based solutions have a slightadvantage over vision-based solutions in that the data the gloves send to the 
omputer 
aneasily be transformed into re
ords that are suitable for re
ognition. However, with faster
omputers, 
omputational power should not be an issue.



81Hand SizeHuman hands vary in shape and size. This is a signi�
ant problem with glove-based solu-tions: some users 
annot wear these input devi
es be
ause their hands are too big or toosmall. This problem is not an issue with vision-based solutions.Hand AnatomyGlove-based input devi
es may not always �t well enough to prevent their position sensorsfrom moving relative to the joints the sensors are trying to measure. This problem redu
esre
ognition a

ura
y after extended periods of use and for
es users to re
alibrate the devi
eswhi
h 
an be a nuisan
e. This problem also is not an issue with vision-based solutions.CalibrationCalibration is important in both vision- and glove-based solutions but, due to the anatomyof the hand, it is more 
riti
al with glove-based solutions. In general, a 
alibration pro
edureor step is required for every user and, in some 
ases, every time a user wants to run thesystem. In some vision-based solutions, however, a general 
alibration step 
an be used fora wide variety of users.PortabilityIn many appli
ations, espe
ially gesture to spee
h systems, freedom from being tied down toa workstation is important. With glove-based solutions, this freedom is generally availableas long as hand tra
king is not involved, sin
e these input devi
es 
an be plugged right intoa laptop 
omputer. Vision-based solutions were originally quite diÆ
ult to use in a mobileenvironment due to 
amera pla
ement issues and 
omputing power requirements. However,with the advent of wearable 
omputing [86℄ and powerful laptops with built-in 
ameras,mobile vision-based solutions are be
oming more pra
ti
al.NoiseIn glove-based solutions where hand tra
king is required, some type of noise is bound to beasso
iated with the data (it 
an 
ome from a variety of sour
es depending on the tra
kingte
hnology used). Filtering algorithms are therefore ne
essary to redu
e noise and jitter.In some 
ases this 
an get 
omputationally expensive when predi
tive te
hniques su
h as



82Kalman �ltering [147℄ are used. With a vision-based solution, noise 
an also be problemati
but it does not seem to be as severe as with glove-based solutions.Ease of ImplementationIn general, a vision-based solution requires more 
omplex algorithms for feature extra
tionand, as a result, implementation is more diÆ
ult. With glove-based solutions, featureextra
tion is somewhat simpler be
ause the raw data is easier to work with.Resolution and SensitivityWith the ex
eption of one study [67℄ whi
h only examined the CyberGlove, the only mea-sures available for 
omparing the sensitivity of glove- and vision-based solutions are bitsof pre
ision for glove-based devi
es and pixel resolution for vision-based solutions. Unfor-tunately, there is no dire
t way to 
ompare these two measures. A possible metri
 wouldbe to examine the smallest 
hange in the real world that 
an be dete
ted by a devi
e; forinstan
e, how small a �nger movement 
an be dete
ted. Until su
h a measure gains a

ep-tan
e, 
omparing the resolution of vision- and glove-based systems will remain diÆ
ult.O

lusionO

lusion represents a major problem in vision-based solutions sin
e, in many 
ases, the
amera will not be able to pi
k up information about parts of the hand that are o

ludedby other parts. For example, it is diÆ
ult to extra
t information from all of the �ngerswhen the hand is oriented in 
ertain ways. Multiple 
ameras 
an often alleviate some of theo

lusion but this in
reases algorithmi
 
omplexity. O

lusion is the biggest disadvantagefor using vision-based solutions; for glove-based solutions it's a nonissue.A

ura
yIn both vision- and glove-based solutions for hand posture and gesture re
ognition, a

ura
yis one of the most 
riti
al 
omponents to providing robust re
ognition. Both these solutionsprovide the potential for high levels of a

ura
y depending on the te
hnology and re
ognitionalgorithms used. A

ura
y also depends on the 
omplexity and quantity of the posturesand gestures to be re
ognized. Obviously, the quantity of possible postures and gesturesand their 
omplexity greatly a�e
t a

ura
y no matter what raw data 
olle
tion system isused.



Appendix CHand Posture and GestureRe
ognition Te
hniquesOn
e the raw data has been 
olle
ted from a vision- or glove-based data 
olle
tion system,it must be analyzed to determine if any postures or gestures 
an be re
ognized. In thisappendix, various algorithmi
 te
hniques for re
ognizing hand postures and gestures aredis
ussed.The pro
ess of re
ognition 
an be generally divided into two stages: extra
tion of fea-tures from the raw data, and 
lassifying the input based on those features. We then dividethe 
lassi�
ation algorithms into three 
ategories: template mat
hing, statisti
s, and mis
el-laneous te
hniques. The te
hniques will be dis
ussed through a general introdu
tion to thete
hnique, a look at the 
urrent literature, and an analysis of advantages and disadvantages(see Tables C.2 and C.3 and Figure C.1 for a summary of both the feature extra
tion and
lassi�
ation algorithms dis
ussed in Appendix C).C.1 Feature Extra
tion Te
hniquesIn the �rst phase of hand posture and gesture re
ognition, low-level information from theraw data is analyzed to produ
e higher-level semanti
 information whi
h is then sent to a
lassi�
ation algorithm. In general, feature extra
tion 
an be as simple as extra
ting bendsensor values from a data glove or something more 
ompli
ated su
h as 
reating usefulfeature ve
tors from images. This se
tion 
ontains �ve of the most 
ommon te
hniquesused in hand posture and gesture re
ognition.83



84ABBREVIATION TECHNIQUESFE Simple Feature Extra
tionASM A
tive Shape ModelsPCA Prin
ipal Component AnalysisLFM Linear Fingertip ModelsSTVA Spatial Temporal Ve
tor AnalysisCTM Classi
al Template Mat
hingIBL Instan
e-based LearningLA Linguisti
 Approa
hABM Appearan
e-based MotionHMM Hidden Markov ModelsNN Neural NetworksCA Causal AnalysisTable C.1: The abbreviations for the feature extra
tion and 
lassi�
ation algorithms dis-
ussed in Appendix C. They are referred to in Tables C.2 and C.3 and Figure C.1.Vision Glove Training Previous WorkFeature Extra
tionSFE No Yes Minimal ModerateASM Yes No None MinimalPCA Yes Yes Moderate ModerateLFM Yes No Minimal MinimalSTVA Yes No Minimal MinimalClassi�
ation|Template Mat
hingCTM Yes Yes Minimal ExtensiveIBL Yes Yes Extensive ModerateLA Yes Yes Minimal MinimalABM Yes No Minimal MinimalClassi�
ation|Statisti
sHMM Yes Yes Extensive ExtensiveClassi�
ation|Mis
ellaneousNN Yes Yes Extensive ExtensiveCA Yes No Minimal MinimalTable C.2: A summary of the feature extra
tion and 
lassi�
ation algorithms found inAppendix C. The table shows information about whether a te
hnique has been used in aglove- or vision-based solution, the extent of the training required, and how mu
h work hasbeen done using the te
hnique. The key to the abbreviations is found in Table C.1.



85SFE ASM PCA LFM STVACTM SCP-98%(G), SSG-96%(G) { MCP-99%(V) SCP-90%(V) {IBL LCP-80%(G) { { { SCG-94%(V)LA SSP-50%(G) { { { {ABM { { Applied to Body Motion { {HMM MCP-90%(V), SCG-96%(G) { { { {NN MCP-98%(G), SCG-96%(G) { { { {CA { { { { {Table C.3: A 
orrelation between the di�erent feature extra
tion te
hniques and the 
las-si�
ation algorithms. Ea
h applied entry has either one or two 
odes asso
iated with it.Ea
h 
onsists of 3 letters, a number, and then another letter. The �rst letter states whatthe posture or gesture set size is, the se
ond letter says whether the set was simple or
omplex, and the third letter says whether we are dealing with postures or gestures. Thenumber shows the highest reported a

ura
y number for that parti
ular 
on�guration andthe last letter in parentheses states whether the 
on�guration was done using a glove- orvision-based solution. The key to the abbreviations is found in Table C.1.C.1.1 Simple Feature Extra
tion and AnalysisOverview. Simple feature extra
tion derives simple mathemati
al quantities from the rawdata. In its most simplisti
 form, the data from the bend sensors in a glove-based devi
eand the position and orientation data from a six DOF tra
ker are the features extra
tedfrom the physi
al world. In other 
ases, a simple mathemati
al transformation is appliedto the raw data. These types of transformations in
lude distan
e metri
s, velo
ity anda

eleration information, energy measurements, and angle information.Details and Examples. One of the �rst gestural interfa
es to use a feature-based systemwas Rubine's 2D single-stroke gesture re
ognizer [121℄. Rubine extra
ted su
h features asthe 
osine and sine of the initial angle of the gesture, the distan
e between the �rst andlast point, the maximum speed of the gesture, and the length and angle of the boundingbox diagonal. From these features, the system used a linear 
lassi�er1 
ombined withtemplate mat
hing (for reje
ting ambiguous gestures and outliers) to re
ognize gesturesthat represented numbers and letters of the alphabet, among others. The system re
ognizedthese gestures with over 97% a

ura
y.This type of feature-based approa
h has also been applied to re
ognizing hand posturesand gestures. However, it is slightly more 
omplex due to the in
rease in dimensions from1A linear 
lassi�er is equivalent to the fun
tion implemented by a simple neural network with lineara
tivation fun
tions (see Se
tion C.2.3.1).
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Figure C.1: A graph showing posture and gesture set sizes and a

ura
ies for di�erentfeature extra
tion-
lassi�
ation 
ombinations. The key to the abbreviations is found inTable C.1.two to three and the in
rease in the amount of raw data produ
ed by the input devi
es.Sturman [133℄ was the �rst person to extend the ideas behind Rubine's work into threedimensions and to make possible 
ontinual analysis and re
ognition (instead of requiringa starting and ending point in the gesture). Sturman used expli
it formulations for ea
hgesture that do not require training by individual users; however, manual programmerintervention was ne
essary to add new gestures. Both position data for a tra
ker and 
ex-sensor data were kept for feature extra
tion. The features used were similar to Rubine'sbut also in
luded su
h inherently 3D features as 
ross produ
t and bounding volume.Using the work by Rubine and Sturman, Wexelblat developed a robust hand gestureand posture analyzer useful in a variety of appli
ations [149℄. Wexelblat's system uses ahierar
hi
al stru
ture that moves raw data from two CyberGloves and a set of tra
kersthrough a series of layers, ea
h layer analyzing the data to provide higher level semanti
meaning [150℄. The �rst layer above the input devi
es uses entities 
alled segmenters towat
h the raw data. The segmenters look for signi�
ant 
hanges2 over time in the raw data2In this 
ase, signi�
ant 
hanges are 
hanges in bend angle, position and orientation data. Ea
h segmenterhas an asso
iated minimum, maximum, and epsilon value whi
h is used to determine what \signi�
ant"is.



87values. On
e a signi�
ant 
hange is found, the segmenter sends a data re
ord 
onsisting ofinformation that represents the data 
hange to the next layer in the analyzer.The next layer in Wexelblat's analyzer has a set of proto-feature dete
tors that extra
t(from the data re
ords of one or more segmenters) information su
h as the extension of a�nger or 
urvature in the palm. This information is sent to the higher-level feature dete
tors,whi
h use the information from one or more proto-feature dete
tors to derive more globalfeatures like a �st, 
at hand posture or a waving gesture. The path analysis module thentakes data from all the feature dete
tors and puts the information into a frame to hold the
ompleted des
ription of the gesture. Finally, the frames are sent to an integration modulethat handles the intera
tion and performs temporal integration over them.Analysis. Simple feature extra
tion and analysis is a robust way to re
ognize hand pos-tures and gestures. It 
an be used not only to re
ognize simple hand postures and gesturesbut 
omplex ones as well. Its main drawba
k is that it 
an be
ome 
omputationally ex-pensive when a large number of features are being 
olle
ted, whi
h slows down systemresponse time. This slowdown is extremely signi�
ant in virtual environment appli
ations,but should diminish with the advent of faster ma
hines. Finally, note that Wexelblat'sfeature extra
tion and analysis method 
ould be used in vision-based solutions by alteringhow the features are extra
ted.� Strengths{ Handles postures and gestures equally well{ Uses layered ar
hite
ture to analyze postures and gestures� Weaknesses{ Can be 
omputationally expensive depending on how many features are extra
ted{ Similar postures or gestures 
an have similar features whi
h makes it diÆ
ult todistinguish between themC.1.2 A
tive Shape ModelsOverview. A
tive shape models, or \smart snakes" as they are sometimes 
alled, are ate
hnique for lo
ating a feature within a still image [30℄. The features extra
ted, in this
ase, are the edges of the hand (see Figure C.2).
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Figure C.2: The user's hand is being tra
ked with an a
tive shape model (Taken from Heap[57℄).Details and Examples. The te
hnique pla
es a 
ontour on the image that is roughly theshape of the feature to be tra
ked. The 
ontour is then manipulated by moving it iterativelytoward nearby edges that deform the 
ontour to �t the feature. Heap and Samaria extendthis te
hnique to extra
t features for re
ognizing hand postures and gestures using 
omputervision [58℄. In their system, they apply an a
tive shape model to ea
h frame and use theposition of the feature in that frame as an initial approximation for the next frame. Theyalso use a point distribution model3 [29℄ to �nd a suitable model for the tra
ked obje
twhi
h aids in approximating the position of it in the next frame.Analysis. Heap and Samaria's system runs in real time (25 frames per se
ond) and isappli
able only to vision-based solutions. The main disadvantages with this te
hnique arethat it has not been used as input to any 
lassi�
ation algorithms (see Se
tion C.2) and that
urrently it 
an tra
k only the open hand, whi
h would severely limit the number of handpostures and gestures that 
an be re
ognized. Also, there is very little empiri
al eviden
ein the literature to support its validity. Open areas of resear
h using a
tive shape modelsin
lude extending them to the 3D domain (i.e. using multiple 
ameras) so that the numberof possible postures and gestures 
an be in
reased and determining how well they work withvarious 
lassi�
ation algorithms.� Strengths{ Allows real time re
ognition3The Point Distribution model (PDM) is a shape des
ription te
hnique that 
an be used to �nd similarshapes in other images.



89{ Can handle both hand postures and gestures� Weaknesses{ Tra
ks only the open hand{ Un
lear whether 3D information 
an be extra
tedC.1.3 Prin
ipal Component AnalysisOverview. Prin
ipal 
omponent analysis (PCA) is a statisti
al te
hnique for redu
ing thedimensionality of a data set in whi
h there are many interrelated variables, while retainingas mu
h of the variation in the data set as possible [64℄. The data set is redu
ed bytransforming the old data to a new set of variables (prin
ipal 
omponents) that are orderedso that the �rst few variables 
ontain most of the variation present in the original variables.The original data set is transformed by 
omputing the eigenve
tors and eigenvalues ofthe data set's 
ovarian
e matrix. The eigenve
tor with the highest eigenvalue holds thehighest varian
e, the eigenve
tor with the se
ond highest eigenvalue holds the se
ond highestvarian
e, and so on. If the data points 
orresponding to hand postures and gesture areorganized into 
lusters, the the use of PCA assumes these 
lusters are distributed alongthe highest varian
e and, as a result, later 
lassi�
ations based on the extra
ted featureswill have greater dis
rimination power than other axes (see Figure C.3). PCA allows forextra
tion of features su
h as the mean and standard deviation of the prin
ipal 
omponentsor 
lusters of pixel values whi
h represent posture or gesture 
lasses.Details and Examples. PCA was �rst applied in the 
omputer vision 
ommunity tofa
e re
ognition by Sirovi
h and Kirby [126℄ and later extended by Turk and Pentland[136℄. Birk et al. and Martin independently developed the �rst two systems using PCA tore
ognize hand postures and gestures in a vision-based system [11, 91℄. Birk's system wasable to re
ognize 25 postures from the International Hand Alphabet, while Martin's systemwas used to intera
t in a virtual workspa
e.Birk's system �rst performs PCA on sets of training images to generate a Bayes 
lassi�er[37℄ that is then used to 
lassify postures in real time. Ea
h set of training images 
an be
onsidered a multivariate data set: ea
h image 
onsists of N pixels and represents a point inN -dimensional spa
e. In order for PCA to work su

essfully, there must be little varian
ein at least one dire
tion and whatever varian
e exists should not be meaningful. Birk'sre
ognition system works well but there is little indi
ation that PCA 
ompresses the dataset signi�
antly beyond a naive approa
h.
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Figure C.3: The dots represent points in the data set while the solid line represents theaxis of greatest varian
e (�rst prin
ipal 
omponent). The dashed lines represent potential
lassi�
ation divisions.Another important issue when dealing with image data is that it is highly sensitive toposition, orientation, and s
aling of the hand in the image. PCA 
annot transform twoidenti
al postures with di�erent hand sizes and positions to the same point. Birk thusnormalizes ea
h image to 
enter the hand, rotate it so that its major axis is verti
al, ands
ale it to �t the gesture image.The Bayes 
lassi�er, whi
h is 
reated o� line using a te
hnique similar to Turk andPentland's [136℄ eigenfa
es, is a transformation matrix 
ontaining the results of the PCAperformed on all the images in the training set. After the transformation matrix has been
al
ulated, the number of prin
ipal 
omponents is redu
ed by dis
arding the least importantones. The 
ommon approa
h is simply to keep the prin
ipal 
omponents with the n highesteigenvalues. However, Birk has shown that this is not e�e
tive when only a small numberof prin
ipal 
omponents are to be kept [12℄. Other information su
h as the number ofposture 
lasses, their mean, and their varian
e in the redu
ed data set 
an be used to
hoose the prin
ipal 
omponents. The Bayes 
lassi�er is then used to re
ognize posturesfrom the redu
ed set of prin
ipal 
omponents. Sin
e the data is assumed to have a normaldistribution, the dis
riminant fun
tion used in the 
lassi�er is redu
ed to a multivariatenormal distribution whi
h 
an be further redu
ed to a Mahalanobis distan
e metri
 seeSe
tion C.2.1.1). Therefore, the 
lassi�er used in this te
hnique is simply a form of 
lassi
al



91template mat
hing4. Note that su
h parameters as image resolution and number of trainingimages are also important 
omponents of PCA in a vision-based solution and 
an be modi�edto improve re
ognition results [11℄.Analysis. Although prin
ipal 
omponent analysis 
an be used in a glove-based solution[135℄, it has been used primarily in the 
omputer vision 
ommunity. It is a

urate for spe
i�
posture sets su
h as the International Hand Alphabet [11℄ but requires training by morethan one person to provide robust results. More resear
h still needs to be done to measurethe validity of this te
hnique and to determine whether more 
omplex hand gestures 
anbe re
ognized a

urately.� Strengths{ Can re
ognize on the order of 25 to 35 postures [11, 135℄{ Shows high levels of a

ura
y (greater than 95%) when used with templatemat
hing� Weaknesses{ Requires training by more than one person for a

urate results and user inde-penden
e [11℄{ Requires normalization to keep images 
onsistentC.1.4 Linear Fingertip ModelsOverview. The linear �ngertip model assumes that most �nger movements are linearand 
omprise very little rotational movement. This assumption allows for a simpli�ed handmodel that uses only the �ngertips as input data and permits a model that represents ea
h�ngertip traje
tory through spa
e as a simple ve
tor. In general, the features extra
tedfrom linear �ngertip models are both magnitude and dire
tion of ea
h �ngertip.Details and Examples. Davis and Shah use this approa
h in a vision-based solutionthat puts a glove with brightly 
olored �ngertips on the user's hand [33℄. The te
hnique�rst extra
ts �ngertip positions using histogram segmentation [53℄ based on the knowledgethat the pixel intensity of the �ngertips is known to be signi�
antly di�erent than the4For a mathemati
al des
ription of how a Bayes 
lassi�er 
an be redu
ed to a set of Mahalanobis distan
emeasurements see Birk and Moeslund [12℄.



92remaining regions. With this a priori knowledge, a histogram is 
reated with the �ngertipregions 
orresponding to the rightmost peak. A threshold is established (after smoothingthe histogram) by �nding the valley between the last two peaks. Any pixel greater than thisthreshold belongs to a �ngertip and pixels whi
h are less than the threshold get dis
arded.This segmentation 
reates a binary image where the only features are the �ngertip regions.Note that ea
h �ngertip region is represented as a 
entroid point for ease of 
al
ulation.On
e the �ngertips regions are dete
ted in ea
h image, their traje
tories are 
al
ulatedusing motion 
orresponden
e [118℄ whi
h maps points in one image to points in the nextimage su
h that no two points are mapped onto the same point (see Rangarajan and Shah[118℄ for the mathemati
s behind motion 
orresponden
e). The postures themselves aremodeled from a small training set by storing a motion 
ode, the gesture name, and dire
-tion and magnitude ve
tors for ea
h of the �ngertips. The postures are then re
ognizedusing 
lassi
al template mat
hing (see Se
tion C.2.1.1) by 
he
king if all the dire
tion andmagnitude ve
tors mat
h (within some threshold) a gesture re
ord in the training set.Analysis. System testing showed good re
ognition a

ura
y (greater than 90%), but thesystem did not run in real time and the posture and gesture set should be expanded todetermine if the te
hnique is robust.� Strengths{ Simple approa
h{ Con
erned only with starting and ending points of �ngertips{ Has good re
ognition a

ura
y� Weaknesses{ System did not run in real time5{ Re
ognizes only a small set of postures{ Does not take 
urvilinear �ngertip motion into a

ountC.1.5 Spatio-Temporal Ve
tor AnalysisOverview. Spatio-temporal ve
tor analysis is used to tra
k the boundaries of the movinghand in a vision-based system [115℄. This te
hnique makes it possible to extra
t features5With today's 
omputer performan
e, this system should run in real time.



93su
h as rotation invariants and normalized moments from a hand gesture whi
h then 
anbe used for hand gesture interpretation and re
ognition.Details and Examples. Spatio-temporal ve
tors are 
omputed in three steps. First,the images are pro
essed to �nd the lo
ation of moving edges; se
ond, an initial 
ow �elddes
ribing the velo
ities at moving edge points is 
omputed; �nally, the 
ow �eld is re�nedand smoothed using a varian
e 
onstraint. The lo
ation of moving edges is 
al
ulated basedon the assumption that the moving hand is the fastest moving obje
t in the stati
 s
ene.The video image is modeled using a three-dimensional signal spe
ifying an xy point andtime. Partial derivatives with a varying x and y are 
omputed from this signal using Sobeloperators (a 
ommonly used te
hnique in image pro
essing). The Sobel operators yieldgradient images in whi
h the image value is a measure of pixel intensity. These imagesare then 
ombined with their 
orresponding time-derivative images to yield new images inwhi
h the pixel intensity is a measure of moving-edge intensity. The edges are extra
tedfrom these derived images by eliminating edge points whose neighbors parallel to the edgedire
tion do not have a maximum magnitude.After the moving edges have been found, the ve
tor 
ow �eld of moving edges is 
om-puted. Edge velo
ities are 
al
ulated by �rst 
hoosing dominant edge points at whi
h to
al
ulate velo
ities. Then edge point 
orresponden
es from di�erent edge images are foundby a 
orrelation pro
ess 
alled absolute di�eren
e 
orrelation [1℄. After the 
orrelation pro-
ess is 
omplete, the best set of ve
tors, those whi
h minimize a varian
e fun
tion [115℄,from the endpoint 
andidates is found. This set is 
al
ulated with a varian
e 
onstraintthat represents the normalized velo
ity 
hange a
ross the image's ve
tor �eld6. The bestset of ve
tors is then used as input to a indu
tive learning algorithm (see Se
tion C.2.1.2on instan
e-based learning) to re
ognize the prede�ned hand gestures.Analysis. Spatio-temporal ve
tor analysis has shown to be an a

urate te
hnique forvision-based solutions when 
ombined with indu
tive learning. Quek and Zhao's [114℄ sys-tem a
hieves up to 94% a

ura
y on a small sized gesture set. However, the te
hnique ismathemati
ally 
omplex and requires a signi�
ant amount of 
omputation in order to tra
kthe hands and extra
t features.� Strengths{ Provides unobtrusive re
ognition6For details on the mathemati
s behind this te
hnique see Quek [115℄.



94{ Can re
ognize a small-sized set of hand postures and gestures a

urately� Weaknesses{ Requires signi�
ant 
omputation to tra
k the hands{ Complex mathemati
al implementationC.2 Hand Posture and Gesture Classi�ersOn
e the features are 
olle
ted, the se
ond phase of hand posture and gesture re
ognitionis to �nd the best 
lassi�
ation for these features. This 
ategory 
ontains a number of
lassi�
ation te
hniques, whi
h we group into methods using template mat
hing, statisti
almethods, and mis
ellaneous methods.C.2.1 Template Mat
hingOne of the most 
ommon approa
hes to re
ognizing hand postures and gestures is templatemat
hing in its various forms. In general, a template-based approa
h 
reates data re
ordsfor ea
h posture and gesture in the set and uses them to 
lassify new postures and gestures.C.2.1.1 Classi
al Template Mat
hingOverview. Classi
al template mat
hing is one of the simplest methods for re
ognizinghand postures and has been dis
ussed frequently, with thorough 
ontributions by Sturman[133℄ and Watson [145℄. Templates 
an be used in both glove-based and vision-based so-lutions; the templates are sequen
es of sensor values (gloves) and a stati
 or small set ofimages (
omputer vision). Here we dis
uss only glove-based template mat
hing although itis used in vision-based solutions as well. In general, template mat
hing determines whethera given data re
ord 
an be 
lassi�ed as a member of a set of stored data re
ords.Details and Examples. Re
ognizing hand postures using template mat
hing has twoparts. The �rst is to 
reate the templates by 
olle
ting data values for ea
h posture in theposture set. Generally, ea
h posture is performed a number of times and the average ofthe raw data for ea
h sensor is taken and stored as the template. The se
ond part is to
ompare the 
urrent sensor readings with the given set of templates to �nd the posturetemplate most 
losely mat
hing the 
urrent data re
ord.



95An example of the template mat
hing 
omparison is the use of a Boolean fun
tion on theresults of the expli
it 
omparison between ea
h sensor value in the 
urrent data re
ord andthe 
orresponding value in the posture templates. The 
omparisons are often made withina range of values, whi
h helps to improve re
ognition a

ura
y with noisy glove devi
es. Aproblem with 
omparisons of angle measurements within a range of values, however, is thatwhile in theory, these ranges usually go from zero to a power of two based on the bits ofpre
ision in ea
h bend sensor, the a
tual angle measurements from the bend sensors do notfollow their theoreti
al ranges and ea
h bend sensor often has a di�erent range. A way toremedy this problem is to normalize the bend sensor's measurements using the maximumand minimum value for ea
h bend sensor. Normalization makes all the angle measurementszero for full extension and one for full 
exion, thus making 
omparisons with ranges easierto implement. The drawba
k of normalizing bend angles is that maximum and minimumvalues 
an 
hange during glove use; however dynami
 
al
ulation and updating of maximumand minimum values has been shown to 
ombat this problem [133℄.Another example of template mat
hing 
omparisons is the use of distan
e measurementsbetween the 
urrent data re
ord and ea
h of the data re
ords in the posture set re
ognizingthe posture with the lowest distan
e measurement. The distan
e measurement must bebelow some threshold value to avoid false positive re
ognition. Three distan
e measurementsused for hand posture template mat
hing are the sum of the absolute di�eren
es [155℄, theEu
lidean distan
e (i.e. sum of the squares) [102℄, and the Mahalanobis distan
e7 [12, 33℄.The main advantage of 
omputing a distan
e measurement is that 
omparison ranges neednot be used. The main disadvantage is that a measurement must be made for ea
h posturetemplate.Analysis. Template mat
hing is the simplest of the hand posture and gesture re
ognitionte
hniques, and for a small set of postures, it is appropriate and 
an be quite a

urate. Butthe te
hnique does have limitations. First, template mat
hing is mu
h more diÆ
ult forhand gestures. However, Darrell and Pentland have re
ognized hand gestures in a vision-based solution using sets of view models or templates that are mat
hed with gesture patternsusing dynami
 time warping [35℄8. The se
ond limitation is the small number of possible7The Mahalanobis distan
e 
onstru
ts an ellipsoid in multidimensional spa
e where variations in thedire
tions of the shorter axes have more weight. It takes into 
onsideration the varian
e and 
orrelationof the variables (through a 
ovarian
e matrix) in measuring the distan
e between points. Note that ifthe 
ovarian
e matrix is independent of the variables the Mahalanobis distan
e redu
es to a Eu
lideandistan
e metri
.8In this 
ase, two gestures were re
ognized [35℄.



96postures that 
an be re
ognized. If the appli
ation requires a medium or large posture set,then template mat
hing will not work sin
e the posture templates will overlap [145℄.� Strengths{ Simplest te
hnique to implement{ A

urate (for small set of postures){ Requires only a small amount of 
alibration� Weaknesses{ Not suited for hand gestures{ Does not work well for medium and large posture sets due to overlapping tem-plates [145℄C.2.1.2 Instan
e-Based LearningOverview. Instan
e-based learning 
an be 
onsidered an elaborate form of templatemat
hing that has a training 
omponent whi
h 
ontinuously 
reate new templates thusallowing the user's input to impli
itly in
uen
e the re
ognizer. It stems from work done inma
hine learning with the main di�eren
e between instan
e-based learning and other learn-ing algorithms su
h as neural networks (see Se
tion C.2.3.1) and hidden Markov models(see Se
tion C.2.2.1) is the way in whi
h the training data is used. With supervised neuralnetworks, for example, the training data is passed through the network and the weights atvarious nodes are updated to �t the training set. With instan
e-based learning, the trainingdata is simply used as a database in whi
h to 
lassify other \instan
es". An instan
e, ingeneral, is a ve
tor of features of the entity to be 
lassi�ed. For example, in posture andgesture re
ognition, a feature ve
tor might be the position and orientation of the hand andthe bend values for ea
h of the �ngers.Details and Examples. Instan
e-based learning methods in
lude te
hniques that rep-resent instan
es as points in Eu
lidean spa
e, su
h as the K-Nearest Neighbor algorithm,and te
hniques in whi
h instan
es have a more symboli
 representation, su
h as 
ase-basedreasoning [96℄. In the K-Nearest Neighbor algorithm, an instan
e is a feature ve
tor of sizen with points in n-dimensional spa
e. The training phase of the algorithm involves storinga set of representative instan
es in a list of training examples. For ea
h new re
ord, theEu
lidean distan
e is 
omputed from ea
h instan
e in the training example list, and the K
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losest instan
es to the new input are returned. The new input is then 
lassi�ed and addedas a new instan
e to the training example list so that the algorithm 
an 
ontinually trainon the run-time instan
es. In the 
ase of hand posture re
ognition, the training set wouldbe divided into a number of 
ategories based on the types of re
ognizable postures. As anew posture instan
e is entered, its K nearest neighbors are found and the most 
ommonposture of the ones 
orresponding to those neighbors is taken as the 
ategory in whi
h theinstan
e should be pla
ed (thus re
ognizing the instan
e as a parti
ular posture).Another type of instan
e-based learning is 
ase-based reasoning, in whi
h instan
es havemore elaborate des
riptions. A typi
al instan
e in a 
ase-based reasoning system might be ades
ription of a me
hani
al part. Sin
e the instan
e des
riptions are more elaborate, simpleapproa
hes to determining instan
e similarity, su
h as the Eu
lidean distan
e measure, arenot appli
able. Other methods for determining similarity between instan
es must be used,su
h as those found in knowledge-based te
hniques su
h as �rst order logi
9.Rule-based indu
tion [113℄ is a form of learning whi
h falls within but has not histori-
ally been asso
iated with 
ase-based reasoning. With feature ve
tors as input, rule-basedindu
tion 
reates a rule base using disjun
tive normal form (DNF) formulae whi
h 
an rep-resent a parti
ular hand posture or gesture with one formula. Ea
h 
onjun
tion within aDNF formula is 
onsidered a single rule. Given a rule base of DNF formulae from a trainingset, a new posture or gesture instan
e is pla
ed into one of three 
ategories:1. The new observation may satisfy one and only one formula in whi
h 
ase it is 
lassi�edby that formula2. The new observation satis�es more than one formula whi
h means it may belong toany of the satis�able 
lasses3. The new observation satis�es no DNF formulaQuek's [113℄ algorithm employs two mat
hing strategies: exa
t mat
h and 
exible mat
h.With exa
t mat
h, only if the �rst 
ategory holds will there be a mat
h. With 
exiblemat
h, if 
ategory two holds, the 
onjun
tion is examined for ea
h mat
hing DNF. A 
ountis kept of the number of training instan
es of that 
lass whi
h mat
hes the rule. The 
lasswith the highest similar training examples is taken as the mat
hing 
lass (see Quek [113℄for details on this algorithm). Note that Quek tested both exa
t and 
exible mat
hing ona set of 15 hand gestures. Exa
t mat
hing resulted in approximately 90% a

ura
y while9See Mit
hell [96℄ for more detail on 
ase-based reasoning, the K-Nearest Neighbor algorithm, and otherinstan
e-based learning algorithms.
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exible mat
hing yielded a 94% a

ura
y result whi
h indi
ates that the 
exible approa
hseems to be more robust.Instan
e-based learning te
hniques have the advantage of simpli
ity, but they have anumber of disadvantages as well. One major disadvantage is the 
ost of 
lassifying newinstan
es. All of the 
omputation must be redone whenever a new instan
e is 
lassi�ed,whi
h means there will be response time issues when dealing with a large amount of trainingexamples. Another disadvantage of these methods is that not all of the training examplesmay �t in main memory, and thus will also in
rease response time. Note that Aha hasdeveloped two instan
e-based learning algorithms that alleviate some of these problems [2℄.The �rst one saves spa
e by dis
arding instan
es that have already been 
orre
tly 
lassi�ed,and the se
ond makes assumptions about the data to weed out irrelevant instan
es.Aside from Quek's work, there has been little work done on instan
e-based learning inre
ognizing hand postures and gestures. One of the few systems reported in the literaturewas developed by Kadous [65℄, whi
h re
ognized 95 dis
rete hand postures for performingsign language re
ognition using the three instan
e-based learning algorithms des
ribed byAha [2℄. An interesting feature of this system was its 
apability of a
hieving approximately80% a

ura
y with the use of a Power Glove as the raw data 
olle
tion unit.Analysis. Instan
e-based learning shows promise as a way to re
ognize hand postures.However, response time may be an important fa
tor when issuing posture 
ommands dueto the amount of 
omputation required when ea
h instan
e is generated, espe
ially wheninstan
es are generated at 30 or more per se
ond (based on the speed of the input devi
esused).� Strengths{ Ex
ept for 
ase-based reasoning, instan
e-based learning te
hniques are relativelysimple to implement{ Can re
ognize a large set of hand postures with moderately high a

ura
y{ Can re
ognize a small set of hand gestures with high a

ura
y{ Provides 
ontinuous training� Weaknesses{ Requires a large amount of primary memory as training set in
reases under thenaive approa
h



99{ Response time issues may arise due to a large amount of 
omputation at instan
e
lassi�
ation time{ Only a little reported in the literature on using instan
e-based learning withhand postures and gesturesC.2.1.3 The Linguisti
 Approa
hOverview. The linguisti
 approa
h uses a formal grammar to represent the hand postureand gesture set.Details and Examples. Hand [56℄ used this approa
h to re
ognize a small set of posturesunder the 
onstraint that postures have �ngers either fully 
exed or fully extended in anumber of 
on�gurations. Hand postures were mapped to the grammar, whi
h was spe
i�edby a series of tokens and produ
tion rules. The system used a Power Glove and an ultrasoni
tra
ker to re
ord raw data. Re
ognition a

ura
y was poor, ranging from about 15 to 75per
ent depending on the posture to be re
ognized. Hand [56℄ 
laims the poor re
ognitionrate may be due to the ina

ura
y of the Power Glove; however, Kadous's work [65℄ witha Power Glove for instan
e-based learning (see Se
tion C.2.1.2) a
hieved a mu
h higherre
ognition rate using a larger posture set.Analysis. The linguisti
 approa
h does not appear to be a

urate or robust enough tohandle most hand posture and gesture re
ognition tasks.� Strengths{ Simple approa
h{ Can be used in either a vision- or glove-based solution� Weaknesses{ Poor re
ognition results{ Limited to only simple hand postures{ Little work reported in the literature using this te
hnique to re
ognize handpostures and gestures



100C.2.1.4 Appearan
e-Based Motion AnalysisOverview. Appearan
e-based motion analysis exploits the observation that humans 
anre
ognize a
tions from extremely low resolution images and with little or no informationabout the three-dimensional stru
ture of the s
ene.Details and Examples. Using this observation, Davis [33℄ developed an appearan
e-based re
ognition strategy for human motion using a hypothesize and test paradigm [55℄.This strategy re
ognizes motion patterns from a video stream by �rst 
reating a �lter 
alleda binary motion region (BMR), whi
h des
ribes the spatial distribution of motion energy fora given a
tion. In other words, the �lter highlights regions in an image in whi
h any form ofmotion has been present sin
e the beginning of the a
tion. The BMR a
ts as an index intoa database of binary motion regions 
olle
ted from training sessions. If the 
urrent BMR is
lose to any of the stored BMRs, then the 
urrent BMR is tested against a motion modelof an a
tion.On
e a set of possible a
tions has been found by the 
urrent BMR, the unknown move-ment is 
lassi�ed as one of the prede�ned a
tions. Davis developed two approa
hes torepresent a
tions for 
lassi�
ation. The �rst approa
h 
reates spe
i�
 region-based motionparameterizations by using prin
ipal 
omponent analysis (see Se
tion C.1.3) to redu
e mo-tion time tra
es of parti
ular regions of the image to a single 
oeÆ
ient ve
tor. Templatemat
hing is then performed using this 
oeÆ
ient ve
tor and the training data. The se
ondapproa
h transforms a
tion sequen
es into a single motion history image where the pixelintensity indi
ates the re
en
y of motion at a given lo
ation. Features from the single im-age are extra
ted and mat
hed (using the Mahalanobis distan
e metri
 [41℄) against knownmovement10.The system was tested for a small set of motions (sitting, arm waving, and 
rou
hing)with good results (90%) for those subje
ts in
luded in the training phase. Subje
ts whowere not in
luded in the training phase performed signi�
antly lower (76%) whi
h Davis
laims is representative of not enough training data.Analysis. Although it did not spe
i�
ally re
ognize hand gestures, appearan
e-based mo-tion analysis 
ould be used to re
ognize very simple ones, but the te
hnique will not workwith gestures and postures that have 
ompli
ated �nger movement. More resear
h is neededto determine if a more 
omplex set of motions 
an be re
ognized with the existing te
hnique,10Note that a detailed des
ription of the re
ognition te
hnique des
ribed in this and the previous paragraph
an be found in Davis [33℄.



101sin
e most hand gestures are more 
ompli
ated than the set of test motions used in Davis'sevaluation.� Strengths{ Provides unobtrusive re
ognition{ A

urate re
ognition with a small set of motions for the trained user� Weaknesses{ Has not been used for re
ognizing hand posture and gestures{ Very diÆ
ult to dete
t small details in �nger movementC.2.2 Statisti
al MethodsA 
ommon te
hnique that has been popular with the pattern and spee
h re
ognition 
om-munities is the use of probabilisti
 or statisti
al models. One te
hnique that is prevalent inthe hand posture and gesture re
ognition literature is hidden Markov models.C.2.2.1 Hidden Markov ModelsOverview. In des
ribing hidden Markov models it is 
onvenient �rst to 
onsider Markov
hains. Markov 
hains are simply �nite-state automata in whi
h ea
h state transition ar
has an asso
iated probability value; the probability values of the ar
s leaving a single statesum to one. Markov 
hains impose the restri
tion on the �nite-state automaton that astate 
an have only one transition ar
 with a given output; a restri
tion that makes Markov
hains deterministi
. A hidden Markov model (HMM) 
an be 
onsidered a generalizationof a Markov 
hain without this Markov-
hain restri
tion [25℄. Sin
e HMMs 
an have morethan one ar
 with the same output symbol, they are nondeterministi
, and it is impossibleto dire
tly determine the state sequen
e for a set of inputs simply by looking at the output(hen
e the \hidden" in \hidden Markov model"). For a more detailed des
ription seeRabiner and Juang [116℄, Rabiner [117℄, Huang et al. [61℄, or Charniak [25℄.Details and Examples. A HMM is de�ned as a set of states of whi
h one state is theinitial state, a set of output symbols, and a set of state transitions. Ea
h state transition isrepresented by the state from whi
h the transition starts, the state to whi
h the transitionmoves, the output symbol generated, and the probability that the transition is taken [25℄.In the 
ontext of hand gesture re
ognition, ea
h state 
ould represent a set of possible



102hand positions. The state transitions represent the probability that a 
ertain hand positiontransitions into another; the 
orresponding output symbol represents a spe
i�
 posture anda sequen
e of output symbols represent a hand gesture. One then uses a group of HMMs,one for ea
h gesture, and runs a sequen
e of input data through ea
h HMM. The input data,derived from pixels in a vision-based solution or from bend sensor values in a glove-basedsolution, 
an be represented in many di�erent ways, the most 
ommon by feature ve
tors[129℄. The HMM with the highest forward probability (des
ribed later in this se
tion)determines the users' most likely gesture. An HMM 
an also be used for hand posturere
ognition; see Liang and Ouhyoung [82℄ for details.A number of important issues arise in dealing with HMMs. As with neural networks,training HMMs is very important for in
reasing re
ognition a

ura
y of the model. A
ommon approa
h is to adjust the HMM's transition probabilities in order to optimize itfor a training data set. If the training data is an a

urate representation of a parti
ulargesture, for example, then the HMM should be able to re
ognize that gesture given new data.The Baum-Wel
h algorithm [25, 116, 117℄ uses the given training sequen
e to reestimatethe probabilities of the state transitions in the HMM.One of the 
omponents of the Baum-Wel
h algorithm is forward probability. Forwardprobability, or alpha probability as it is sometimes 
alled, is the probability of an HMMgiven an output sequen
e and is 
al
ulated by in
rementally 
omputing the probabilities forthe output on a symbol-by-symbol basis [116℄. The algorithm goes through ea
h timestept and examines ea
h state j in the HMM. For ea
h state j, it 
omputes a summation ofthe probability of produ
ing the 
urrent output symbol at t and moving to j given thatthe algorithm was in state k, multiplied by the probability of produ
ing the output up tot and ending up in k. Note that the summation is over all k. Performing this 
al
ulationiteratively for ea
h output symbol yields the probability that the HMM would generate thewhole output sequen
e. The forward probability is used to �nd a HMM with the highestprobability of mat
hing an output sequen
e. For example, if a hand gesture set 
ontains10 gestures, ea
h one having its own HMM, the HMM with the highest forward probabilitys
ore would determine whi
h gesture to re
ognize. See Charniak [25℄ for a more detaileddes
ription of forward probability.As stated previously, one of the drawba
ks of HMMs is that one 
annot dire
tly deter-mine the state sequen
e for a set of output symbols sin
e a state 
an have more than onear
 with the same output. Nevertheless, this information 
an be approximated by �ndingthe most likely states in the HMM. A 
ommon te
hnique for �nding the best state sequen
e



103for a given output, the Viterbi algorithm [116℄, uses 
al
ulations similar to forward proba-bility ex
ept the maximum is taken instead of taking a summation over all k. The Viterbialgorithm is useful be
ause it is a fast method for evaluating HMMs. For more detail onthe Viterbi algorithm see Charniak [25℄.Hidden Markov models were �rst used in the re
ognition 
ommunity for re
ognizinghandwriting [141℄ and spee
h [61℄, and more re
ently a signi�
ant amount of resear
h hasbeen done on applying HMMs to hand posture and gesture re
ognition. Starner used HMMsin a vision-based solution to re
ognize a forty word subset of Ameri
an Sign Language [129℄.Instead of using a di�erent model for ea
h sign in the re
ognition set, Starner found theminimum and maximum number of states required for an individual HMM and then, usingskip transitions (whi
h give low weights to state transitions that are not needed) developeda general HMM topology for all models used in the system. With ample training of theHMMs (between 20 and 80 training samples for ea
h sign) the system was able to a
hievea

ura
ies of over 90 per
ent.S
hlenzig also used a single HMM to re
ognize hand gestures in a vision-based solution[125℄. The state of the HMM represents the gestures and the observation symbols representthe 
urrent stati
 hand posture. This HMM had three possible states and nine possible ob-servation symbols so the number of re
ognizable gestures was limited. The system employsa re
ursive �lter for updating estimates of the gesture being re
ognized based on the 
urrentposture information. This re
ursive estimator allows re
ognition of 
ombined gestures andrequires only one HMM.
1 2 3 4

A 4 State Bakis Hidden Markov Model

Figure C.4: A four state Bakis HMM.Lee and Xu were able to re
ognize a set of 14 gestures in the 
ontext of robot teleoper-ation [81℄. The system uses a CyberGlove and implements a Bakis hidden Markov modelthat restri
ts state transitions so that a given state 
an have a transition only to itself or



104one of the next two states; for example, if the HMM has four states, state two 
ould havea transition ar
 only to itself, state three, or state four (see Figure C.4). This type ofmodel assumes that the re
ognizable gestures have no 
y
li
al properties. The system alsoperformed iterative model updates as ea
h gesture is re
ognized. Re
ognition a

ura
y ofover 90 per
ent was a
hieved.Nam and Wohn [100℄ and Liang and Ouhyoung [82℄ have also explored the use of HMMsin hand posture and gesture re
ognition. Nam and Wohn use a glove-based solution witha VPL DataGlove and Polhemus tra
ker and redu
e the dimensional 
omplexity of thetra
king devi
e from 6D (three position axes and three orientation axes) to 2D by usingplane �tting. The 2D information is then sent to the HMM. After training ea
h of the 10HMMs, one for ea
h gesture, with approximately 200 training samples per gesture, a

ura
yof over 96 per
ent was attained. Liang and Ouhyoung use HMMs to re
ognize 50 signs inTaiwanese Sign Language. The system uses a n-best approa
h to outputting re
ognitionresults. Unfortunately, no re
ognition a

ura
ies were reported.Analysis. Hidden Markov models provide a good way to perform hand posture and ges-ture re
ognition, and 
an be used in both vision-based and glove-based solutions. Theliterature has shown that high a

ura
y 
an be a
hieved and the number of possible handgestures or postures in a posture or gesture set 
an be quite large. Like neural networks,HMMs must be trained and the 
orre
t number of states for ea
h posture or gesture mustbe determined to maximize performan
e. If the number and types of hand posture and ges-tures are known beforehand, HMMs are a good 
hoi
e for re
ognition. If the hand posturesand gestures are determined as the system is developed, the development pro
ess 
an bemore time-
onsuming due to retraining. If one HMM is used for all gestures, as in Starner'swork, then the single HMMmust be retrained. If ea
h gesture has an asso
iated HMM, thenonly the new gesture's HMM will have to be trained. Although HMMs require extensivetraining, and their hidden nature makes it diÆ
ult to understand what is o

urring withinthem, they still may be the te
hnique of 
hoi
e sin
e they are well 
overed in the literatureand the a

ura
ies reported are usually above 90 per
ent.� Strengths{ Can be used in either a vision- or glove-based solution{ Can re
ognize medium posture or gesture sets{ With adequate training, high a

ura
y 
an be a
hieved



105{ Well dis
ussed in the literature� Weaknesses{ Training 
an be time 
onsuming and does not guarantee good results{ As with multi-level neural networks, the hidden nature of HMMsmakes it diÆ
ultto observe their internal behaviorC.2.3 Mis
ellaneous Classi�
ation AlgorithmsTwo 
lassi�
ation te
hniques that are neither template-based nor statisti
ally-based areneural networks and 
ausal analysis.C.2.3.1 Neural NetworksOverview. A neural network is an information pro
essing system loosely based on theoperation of neurons in the brain. While the neuron a
ts as the fundamental fun
tionalunit of the brain, the neural network uses the node as its fundamental unit; the nodesare 
onne
ted by links, and the links have an asso
iated weight that 
an a
t as a storageme
hanism [123℄. For a more 
omprehensive des
ription, see Russell and Norvig [123℄, Kroseand van der Smagt [72℄ or Anderson [3℄.Details and Examples. With a neural network, ea
h node is 
onsidered a single 
ompu-tational unit 
ontaining two 
omponents. The �rst 
omponent is the input fun
tion whi
h
omputes the weighted sum of its input values; the se
ond is the a
tivation fun
tion, whi
htransforms the weighted sum into a �nal output value. Many di�erent a
tivation fun
tions
an be used; the step, sign, and sigmoid fun
tions being quite 
ommon [123℄ sin
e they areall relatively simple to use. For example, using the step fun
tion, if the weighted sum isabove a 
ertain threshold, the fun
tion outputs a one indi
ating the node has \�red" other-wise it outputs a zero indi
ating the node has not �red. The other two a
tivation fun
tionsa
t in a similar manner. Note that if a linear a
tivation fun
tion is used, the neural networkredu
es to a simple linear 
lassi�er [37℄.Neural networks generally have two basi
 stru
tures or topologies, a feed-forward stru
-ture and a re
urrent stru
ture. A feed-forward network 
an be 
onsidered a dire
ted a
y
li
graph, while a re
urrent network has an arbitrary topology. The re
urrent network has theadvantage over a feed-forward network in that it 
an model systems with state transitions.



106However, re
urrent networks require more 
omplex mathemati
al des
riptions and 
an ex-hibit 
haoti
 behavior. In both network topologies, there is no restri
tion on the number oflayers in the network. These multilayered networks provide more representation power atthe 
ost of more 
omplex training. The nodes in between the input and output nodes of themultilayered network have no 
ommuni
ation with the outside world and 
annot be dire
tlyobserved from the input or output behavior of the network. If the number of hidden nodesis large, it is possible to represent any 
ontinuous fun
tion of the inputs [123℄.Training is an important issue in neural networks and 
an be 
lassi�ed in two di�erentways. First, supervised learning trains the network by providing mat
hing input and outputpatterns; this trains the network in advan
e and as a result the network does not learn whileit is running. The se
ond learning me
hanism is unsupervised learning or self-organizationwhi
h trains the network to respond to 
lusters of patterns within the input. There is notraining in advan
e and the system must develop its own representation of the input, sin
eno mat
hing output is provided [72℄. Note that supervised and unsupervised learning donot have to be mutually ex
lusive: depending on the network, a 
ombination of the twolearning strategies 
an be employed. Neural network training is one of most important areasof resear
h in neural network te
hnology, but the many di�erent algorithms for supervisedand unsupervised learning strategies are beyond the s
ope of this survey; for a thoroughdis
ussion see Mehrotra, Mohan, and Ranka [94℄.Neural networks have been used prin
ipally in the arti�
ial intelligen
e 
ommunity tobuild 
ertain types of autonomous agents and re
ognize patterns. One of the �rst systemsto use neural networks in hand posture and gesture re
ognition was developed by Murakami[99℄. Hand postures were re
ognized with a three-layered neural network that 
ontained 13input nodes, 100 hidden nodes, and 42 output nodes, one for ea
h posture to be re
ognized.The network used ba
k propagation, a learning me
hanism that minimizes the error betweentarget output and the output produ
ed by the network [123℄, and a
hieved 77% a

ura
ywith an initial training set. A

ura
y in
reased to 98% for parti
ipants in the originaltraining set when the number of training patterns was in
reased from 42 to 206. Handgesture re
ognition was done with a re
urrent three-layered network with 16 input units,150 hidden units, and 10 output units, one for ea
h of the 10 possible gestures re
ognized.Re
urren
y in the network allowed for pro
essing of time variant data. Re
ognition a

ura
ywas initially 80%, but 96% re
ognition rates were a
hieved with a �ltering me
hanism forthe raw data11.11See Murakami for details on this me
hanism [99℄.



107Fels did extensive work with neural networks with his Glove-TalkII system [43℄ in whi
hthree ba
k propagation neural networks are used to translate hand gestures into spee
h.The hand gesture re
ognition pro
ess was broken up into three networks in order to in-
rease speed and redu
e training time. The �rst network, the vowel/
onsonant network,determined if the user wanted to produ
e a vowel or a 
onsonant. This network employeda feed-forward topology with 12 input nodes, 10 hidden nodes and one output node. These
ond network was used to generate 
onsonant sounds. It also employed a feed-forwardtopology but used 12 input nodes, 15 hidden nodes, and nine output nodes. The third net-work used to generate vowel sounds, had a feed-forward stru
ture and employed two inputnodes, 11 hidden nodes, and eight output nodes. The 
onsonant and vowel networks usednormalized radial basis a
tivation fun
tions [19℄ for the hidden inputs that solved problemsarising from similar-sounding 
onsonants and vowels (see Fels [44℄). With these networks, awell-trained user (100 hours of training, in
luding training the networks) was able to makeintelligible spee
h that sounded somewhat natural.Another system using neural networks developed by Banarse [7℄ was vision-based andre
ognized hand postures using a neo
ognitron network, a neural network based on thespatial re
ognition system of the visual 
ortex of the brain (for a detailed des
ription of theneo
ognitron see Fukushima [51℄). However, the system was limited and re
ognized onlya handful of postures. More extensive resear
h is needed to determine the validity of theneo
ognitron network as a hand posture and gesture re
ognition te
hnique.Analysis. Neural networks are a useful method for re
ognizing hand postures and ges-tures, yield in
reased a

ura
y 
onditioned upon network training, and work for both glove-based and vision-based solutions. However, they have distin
t disadvantages. First, di�erent
on�gurations of a given network 
an give very di�erent results, and it is diÆ
ult to de-termine whi
h 
on�guration is best without implementing them: Fels [44℄ reports that heimplemented many di�erent network 
on�gurations before �nding ones that provided goodresults. Another disadvantage is the 
onsiderable time involved in training the network.Finally, the whole network must be retrained in order to in
orporate a new posture or ges-ture. If the posture or gesture set is known beforehand this is not an issue, but if posturesand gestures are likely to 
hange dynami
ally as the system develops, a neural network isprobably not appropriate.� Strengths{ Can be used in either a vision- or glove-based solution



108{ Can re
ognize medium posture or gesture sets{ With adequate training, high a

ura
y 
an be a
hieved� Weaknesses{ Network training 
an be very time 
onsuming and does not guarantee goodresults{ Requires retraining of the entire network if hand postures or gestures are addedor removedC.2.3.2 Causal AnalysisOverview. Causal analysis is a vision-based re
ognition te
hnique that stems from workin s
ene analysis [18℄. The te
hnique attempts to extra
t information from a video streamby using high-level knowledge about a
tions in the s
ene and how they relate to one anotherand the physi
al environment. Examples of 
ausal data (e.g. the underlying physi
s of thes
ene) in
lude rigidity, mass, fri
tion, balan
e, and work against gravity. Brand uses thisinformation in his system, BUSTER, that understands and outputs information about thestru
ture and stability of blo
k towers [18℄; In Brand [17℄ a more detailed des
ription ofBUSTER and other s
ene analysis systems is given.Details and Examples. Brand and Essa have applied 
ausal analysis to vision-basedgesture re
ognition [16℄. By using knowledge about body kinemati
s and dynami
s, featuresre
overed from the video stream 
an be used to identify gestures based on human motorplans. The system 
aptures information on shoulder, elbow and wrist joint positions inthe image plane. From these positions, the system extra
ts a feature set that in
ludeswrist a

eleration and de
eleration, work done against gravity, size of gesture, area betweenarms, angle between forearms, nearness to body, and verti
ality. Gesture �lters normalizeand 
ombine the features and use 
ausal knowledge of how humans intera
t with obje
ts inthe physi
al world to re
ognize gestures su
h as opening, lifting, patting, pushing, stopping,and 
lut
hing.Analysis. Causal analysis in gesture re
ognition is an interesting 
on
ept, but Brand andEssa's dis
ussion of their implementation is 
ursory [16℄ and, as a result, it is un
lear howa

urate their system is. This system also has the disadvantage of not using data fromthe �ngers. More resear
h needs to be 
ondu
ted in order to determine if this te
hnique isrobust enough to be used in any nontrivial appli
ations.



109� Strengths{ Uses information about how humans intera
t with the physi
al world to helpidentify gestures� Weaknesses{ Uses only a limited set of gestures{ Does not use hand orientation and position data or �nger data{ Does not run in real time{ Implementation is un
lear[16℄



Appendix DFlex and Pin
h Input Ele
troni
sD.1 Flex and Pin
h ComponentsThe Flex and Pin
h input system is made up of two parts; the pin
hing 
omponent and theele
troni
s unit. Condu
tive 
loth and standard wires were used to 
onstru
t the pin
hing
omponent while Table D.1 shows the parts that were used in 
onstru
ting the ele
troni
sunit.D.2 Design and Implementation of Ele
troni
sWe use the Mi
ro
hip PIC pro
essor [110℄ as the primary means of interfa
ing the tou
hsensors with the rest of the system. The low 
ost and simple programming of these 
hipsmade them suitable for the task. The 16C63 [127℄ provided a UART for serial 
ommuni
a-tions with the workstation and enough I/O pins to allow the tou
h sensors to be monitoredPART USAGEPIC16C63 8 bit mi
ro
ontrollerwith built in UARTprimary interfa
e 
hip16x 20K ohm resistors pull up resistors16x 2K ohm resistors prote
tion resistors16x 1000pF 
apa
itors prote
tion 
apa
itorsLT1081 RS232 driver/re
eiver
onverts 5 volt PICoutput to RS232 levelsTable D.1: The listed parts that make up the Flex and Pin
h ele
troni
s unit.110



111without extra glue logi
. The output pins of the mi
ro-
ontroller were prote
ted from ele
-trostati
 dis
harge with a resistor 
apa
itor network. Additionally, an RS232 driver 
hipwas needed to step the �ve volt output of the PIC to RS232 line levels.All 163 possible non-redundant 
onta
t possibilities between pairs of wires are reportedby separate key
odes. The mi
ro
ode driver reports separate key
odes for wire 
onne
tionswhile the driver on the workstation infers 
onta
ts between more than two wires. Forexample, if 
onta
ts one, two, and three are tou
hing, the mi
ro
ontroller reports that oneand two are tou
hing by issuing one key
ode, one and three are tou
hing by issuing anotherkey
ode, and that two and three are also tou
hing by issuing a third key
ode. The driversoftware determines that there are a
tually three wires that are all tou
hing. This lowersthe amount of memory needed on the mi
ro
ontroller, and makes the software simpler andfaster.D.3 Ele
troni
s Pseudo
odeThis pseudo
ode represents the 
ode for the PIC pro
essor on the ele
troni
s box. Ea
hshort possibility has a byte allo
ated to it to represent the status (short or unshort) and atimer to determine whether the short has lasted long enough to transmit. This implemen-tation 
uts down on noise and boun
ing problems.Algorithm 11. initializeMemory()2. for ea
h pin3. do set a voltage on pin;4. for ea
h (otherpin > pin)5. do 
he
k for voltage on otherpin;6. if (pin status 
hanged)7. in
rement key
ode timer;8. if (timer expired)9. set key
ode status;10. transmit status 
hange;
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